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Abstract 

Enterprise Collaboration Systems (ECS) have become substantial for computer-mediated communica-

tion and collaboration among employees in organisations. As ECS combine features from social media 

and traditional groupware, a growing number of organisations implement ECS to facilitate collabora-

tion among employees. Consequently, ECS form the core of the digital workplace. Thus, the activity 

logs of ECS are particularly valuable since they provide a unique opportunity for observing and analys-

ing collaboration in the digital workplace. 

Evidence from academia and practice demonstrates that there is no standardised approach for the 

analysis of ECS logs and that practitioners struggle with various barriers. Because current ECS analytics 

tools only provide basic features, academics and practitioners cannot leverage the full potential of the 

activity logs. As ECS activity logs are a valuable source for understanding collaboration in the digital 

workplace, new methods and metrics for their analysis are required. This dissertation develops Social 

Collaboration Analytics (SCA) as a method for measuring and analysing collaboration activities in ECS. 

To address the existing limitations in academia and practice and to contribute a method and struc-

tures for applying SCA in practice, this dissertation aims to answer two main research questions: 

1. What are the current practices for measuring collaboration activities in Enterprise Collabo-

ration Systems? 

2. How can Social Collaboration Analytics be implemented in practice? 

By answering the research questions, this dissertation seeks to (1) establish a broad thematic under-

standing of the research field of SCA and (2) to develop SCA as a structured method for analysing ac-

tivity logs of ECS. As part of the first research question, this dissertation documents the status quo of 

SCA in the academic literature and practice. By answering the second research question, this disserta-

tion contributes the SCA framework (SCAF), which guides the practical application of SCA. SCAF is the 

main contribution of this dissertation. The framework was developed based on findings from an analy-

sis of 86 SCA studies, results from 6 focus groups and results from a survey among 27 ECS user com-

panies. The phases of SCAF were derived from a comparison of established process models for data 

mining and business intelligence. The eight phases of the framework contain detailed descriptions, 

working steps, and guiding questions, which provide a step by step guide for the application of SCA in 

practice. Thus, academics and practitioners can benefit from using the framework. 

The constant evaluation of the research outcomes in focus groups ensures both rigour and relevance. 

This dissertation employs a qualitative-dominant mixed-methods approach. As part of the university-

industry collaboration initiative IndustryConnect, this research has access to more than 30 leading ECS 

user companies. Being built on a key case study and a series of advanced focus groups with represent-

atives of user companies, this dissertation can draw from unique insights from practice as well as rich 

data with a longitudinal perspective. 
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Zusammenfassung 

Enterprise Collaboration Systems (ECS) haben sich als zentrale Werkzeuge zur computergestützten 

Kommunikation und Kollaboration zwischen Mitarbeitenden in Unternehmen entwickelt. ECS vereinen 

Funktionalitäten aus social media und Groupware. Daher führen mehr und mehr Unternehmen ECS 

ein, um die Zusammenarbeit am digitalen Arbeitsplatz zu unterstützen. Dementsprechend bilden ECS 

den Kern des digitalen Arbeitsplatzes. Dies verleiht den Logs dieser Systeme einen besonderen Wert, 

da sich einzigartige Möglichkeiten bieten, um Kollaboration zwischen Mitarbeitern am digitalen Ar-

beitsplatz zu beobachten und zu analysieren. 

Der aktuelle Stand der Forschung zeigt auf, dass es sowohl in der Forschung aus auch in der Praxis kei-

ne einheitliche Herangehensweise an die Analyse von ECS Logfiles gibt. Aufgrund des eingeschränkten 

Funktionsumfangs von ECS Analytics Software können Wissenschaftler und Praktiker das volle Poten-

zial der Logs nicht ausschöpfen. Da die Logfiles von ECS zur Untersuchung von Kollaboration am digita-

len Arbeitsplatz von großem Wert sind, müssen neue Methoden und Kennzahlen für deren Analyse 

entwickelt werden. Um die bestehenden Limitationen zu adressieren, beantwortet diese Dissertation 

die folgenden Forschungsfragen: 

1. Welches sind die aktuellen Herangehensweisen an die Messung von Kollaboration in Enterpri-

se Collaboration Systems? 

2. Wie kann Social Collaboration Analytics in der Praxis angewendet werden? 

Diese Dissertation entwickelt SCA als Methode für die Messung und Analyse von Kollaboration in ECS. 

Durch die Beantwortung der Forschungsfragen, baut die Dissertation ein allgemeines, breites Ver-

ständnis dieses neuen Forschungsfeldes auf und entwickelt eine Herangehensweise für die Anwen-

dung von SCA. Als Teil der ersten Forschungsfrage stellt die Dissertation den Status Quo von SCA in 

Forschung und Praxis fest. Im Zuge der Beantwortung der zweiten Forschungsfrage wird das Social Col-

laboration Analytics Framework (SCAF) entwickelt. Das Framework ist der Hauptbeitrag dieser Disser-

tation und wurde auf Basis einer Analyse von 86 SCA Studien, den Ergebnissen aus 6 Fokusgruppen 

und den Ergebnissen einer Befragung von 27 ECS Anwenderunternehmen entwickelt. Die Phasen von 

SCAF wurden aus einer Analyse von bestehenden Prozessmodellen für data mining und business intel-

ligence abgeleitet. Die acht Phasen des Frameworks beinhalten detaillierte Beschreibungen, Arbeits-

schritte und Leitfragen, die eine Schritt für Schritt Anwendung für die Anwendung von SCA bieten. 

Diese Dissertation verfolgt einen qualitativ-dominanten mixed-methods Ansatz. Als Teil der For-

schungsinitiative IndustryConnect besteht Zugang zu mehr als 30 führenden ECS-

Anwenderunternehmen. Die Durchführung von aufeinander aufbauenden Fokusgruppen ermöglicht 

die Sammlung einzigartiger Daten über einen längeren Zeitraum hinweg. Basierend auf einer Tiefen-

fallstudie und ECS Logs eines Unternehmens, zeigt die Dissertation auf, wie das SCA Framework in der 

Praxis angewendet werden kann. 
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1 Establishing the Research Questions 

This chapter sets the scene for research into data analytics in Enterprise Collaboration Systems (Social 

Collaboration Analytics). The following sections outline the terminology and the motivation from a 

practical and academic perspective. Following this, the chapter introduces the research objectives and 

research questions. This chapter is concluded with an outline of the structure and contributions of this 

research. 

1.1 Terminology1 

The following describes the terms used throughout this work. Social Collaboration Analytics (SCA) is 

the “approach for analysing and displaying collaboration activity of users in socially-enabled collabora-

tion systems” (Schwade & Schubert, 2017, p. 402). The aim of SCA is to examine and better under-

stand how collaboration software is used to support collaboration in organisations. Chapter 2.1 con-

tains a detailed introduction to SCA. 

Figure 1.1 provides an overview of the terminology used in this work. Following Leonardi et al. (2013), 

one of the main criteria for distinguishing socially-enabled software is the level of access. Platforms 

are either publicly accessible to everyone or access is restricted to authorised users only (i.e., employ-

ees).  

 

Figure 1.1: Terminology (Schwade & Schubert, 2017, p. 402) 

Social Media are public platforms. Due to the variety of different Social Media applications, authors 

struggle to agree on a common definition. However, there are some common characteristics. Social 

Media are usually open to the public and central companies such as Facebook or Twitter own and pro-

vide these platforms. In Social Media, the public voluntarily communicates and exchanges ideas. The 

 

1 Parts of this section have been published in: Schwade, F., & Schubert, P. (2017). Social Collaboration Analytics 
for Enterprise Collaboration Systems: Providing Business Intelligence on Collaboration Activities. In Hawaii In-
ternational Conference on System Sciences 2017 (HICSS) (pp. 401–410). Hilton Waikoloa Village, Hawaii, USA. 
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content on the platforms is user-generated and the platform providers usually do not contribute con-

tent. Thus, Social Media are platforms for interaction, information exchange, and communication for 

the public (Boyd & Ellison, 2007; Kaplan & Haenlein, 2010). 

The term Social Software describes a software category providing features known from Social Media 

such as user profiles, tags, likes, and social content such as blogs, forums, and wikis. An important fea-

ture of Social Software is the activity stream, which aggregates content based on the follower rela-

tions between users and content. Social Software can be publicly accessible or accessible only to em-

ployees of an organisation. Thus, Social Software encompasses Social Media, Enterprise Social Soft-

ware, and Enterprise Social Networks. 

This work's focus is in the area of Enterprise Social Software (ESS), which is used exclusively in the en-

terprise context. Thus, ESS is only accessible to authorised users. ESS provides the same functionality 

as Social Software. 

Enterprise Collaboration Systems (ECS) combine traditional groupware features (e.g., e-mail and 

shared calendars) and features from ESS. ECS support the eight areas of collaboration as described in 

the 8C Model for Enterprise Information Management (Williams, 2010), focussing on the inner core of 

the framework (communication, cooperation, combination, and coordination). Thus, ECS are a means 

for computer-mediated collaboration in companies. Organisations implement ECS either as an applica-

tion portfolio consisting of multiple different applications or as integrated systems providing different 

modules under a consistent user interface (Williams & Schubert, 2018). 

Finally, Enterprise Social Networks (ESN) refer to the structures that form when users of an ECS create 

links between their profiles by adding other users to their network. 

This research focuses on integrated enterprise collaboration systems. ECS have become substantial for 

computer-mediated communication and collaboration among employees in the digital workplace in 

organisations. In most companies, they even form the core of the digital workplace. Consequently, ECS 

usage logs are particularly valuable because they provide a unique opportunity to observe and analyse 

collaboration in the digital workplace. Before describing the architecture of IBM Connections, one of 

the leading ECS solutions, a sound understanding of the basic terminology is required as some of the 

terms are often misused and misunderstood. The terminology listed in Table 1.1 is informed by the 

framework for the Identification of Requirements for Enterprise Social Software (IRESS) (Glitsch & 

Schubert, 2017) and the Social Document Ontology (SocDOnt) (Williams & Mosen, 2020). 
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Table 1.1: Definition of general terms 

Term Definition 

Module Provides a selection of specific (collaborative) features 

Content type Each module is connected with a specific content type. 
The content type defines the nature of social docu-
ments (see Table 1.3)  

Component In earlier versions, IBM Connections used the term 
“component” for referring to the individual modules. In 
this dissertation, the term component refers to the 
components of social documents (see Table 1.3) 

Application Since version 6.0, IBM Connections uses the term “ap-
plication” instead of “component” for referring to the 
individual modules. As the term “application” usually 
refers to standalone software, it is not used in this dis-
sertation. 

Space A space is the place where data resides. Spaces can ei-
ther be personal (e.g. private file library) or shared 
workspaces. 

Shared workspace Shared workspaces provide a group of users with indi-
vidually selected modules of an integrated ECS. In 
shared workspaces, users can work together on pro-
jects or tasks. This dissertation uses the term shared 
workspace as an abstract term for a virtual work envi-
ronment. 

Community IBM Connections uses the term “community” instead 
of “shared workspace”. In this dissertation, the term 
“community” refers to the instantiation of a shared 
workspace in IBM Connections. 

 

Figure 1.2 provides an overview of the architecture of IBM Connections, an integrated collaboration 

system developed by IBM. In December 2018, HCL and IBM agreed upon the acquisition of IBM soft-

ware products by HCL, including IBM Connections. The transfer of intellectual property and the soft-

ware was completed at the end of 2019 (HCL Technologies, 2018). As the software that was analysed 

as part of this dissertation project was still technically a version of IBM Connections, the software 

product is referred to as IBM Connections throughout this work. 

 

Figure 1.2: Architecture of ECS based on IBM Connections 
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As shown in Figure 1.2, integrated ECS consist of different modules and each module is connected 

with a specific content type. Table 1.2 contains a description of the most common modules and the 

associated content types in integrated ECS. Communities and profiles are not modules as they do not 

provide functionalities. Instead, communities and profiles are spaces that are locations for storing con-

tent. Spaces can occur at different levels. User workspaces (profiles) describe the personal workspace 

of individual users (Williams & Mosen, 2020). Additionally, a user profile describes a user, including a 

name, a photo or a location. Users can tag profiles, which allows the identification of expertise (Ber-

ger, Klier, Klier, & Richter, 2014; Harden, 2012). Shared workspaces can be public or only allow re-

stricted access for a defined group of users (communities) (Williams & Mosen, 2020). 

Table 1.2: Overview and description of the modules of integrated ECS 

Module Description 

Homepage/ 
Activity 
stream 

The homepage aggregates news and activities. Users can follow each other, and they can fol-
low updates to content. The homepage dynamically aggregates an individual activity stream 
(Ellison & Boyd, 2013; Guy, Ronen, & Raviv, 2011). 

Tasks The tasks module facilitates collaborative task management. This module contains features 
known from task management, such as creating to-do lists and assigning users and deadlines 
to tasks. Thus, tasks provide coordination features for teams (Bellotti, Ducheneaut, Howard, 
& Smith, 2003; Nagel & Schwade, 2020). 

Blogs Blog posts contain text on a specific topic. Such posts can also include rich content such as 
pictures, links and file attachments. Additionally, other users can comment on blog posts. 
Blogs are characterised by the chronological order of posts (Chai & Kim, 2010). 

Bookmarks Most of the ECS allow users to create collections of bookmarks and share them with com-
munities or other users (Millen, Feinberg, & Kerr, 2006). In ECS, bookmarks are usually refer-
ences to external resources. 

Files File sharing modules are essential for ECS. These modules allow users to share files with oth-
er users or workspaces and jointly author documents (Shami, Muller, & Millen, 2011). 

Forums In a forum, users can discuss questions or specific issues. Forums provide sophisticated fea-
tures for nested answers and discussions. In ECS, forums are a popular module for specific 
discussions (Piller, Schubert, Koch, & Möslein, 2005). 

Wikis Wikis are collections of web pages. Wiki pages can have hierarchies and cross-links. These 
hierarchies facilitate organising and referencing information. Users can edit pages while the 
system keeps a complete history of the changes. The history allows for reconstructing 
changes and restoring previous versions of a wiki page. Wikis are commonly used to collabo-
ratively work on texts and build knowledge repositories (Wagner, 2004). 

Analytics Finally, some ECS also contain analytics modules. These modules record all user actions in 
the form of event logs. However, as demonstrated throughout the following chapters, the 
capabilities of these analytics features are limited.  

 

As most of these modules are linked to specific content types, a more detailed understanding of the 

content in ECS is required. Hausmann and Williams observed that most of the content in these mod-

ules are so-called Social Business Documents. Social Business Documents (SBD) are defined as “a class 

of digital business document” (Hausmann & Williams, 2016, p. 46). SBDs are “collaboratively devel-

oped and shared; a network of interactions and activities is built up and surrounds the core content of 
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the document” (Hausmann & Williams, 2016, p. 47). Recently, Williams and Mosen noted that the 

work by Hausmann and Williams lacks “a wider conceptual view to define the structure of multiple 

types of social documents” (Williams & Mosen, 2020, p. 4). The authors extend and refine the defini-

tions for social documents, as described in Table 1.3. The terms content type and social document 

component will be of relevance in the context of SCA, as shown in chapter 2. 

Table 1.3: Terminology from the Social Document Ontology (Williams & Mosen, 2020) 

Term Definition 

Social document Social documents include digital artefacts such as blog 
posts, wiki pages, forum topics, files, likes, tags and 
comments. 

Content type Most modules are connected with a distinct content 
type. Previous research identified the content types 
files, forums, microblogs, wikis, tasks and blogs. 

Content item Single piece of social content, e.g. a blog post or 
comment. Items cannot be separated from social 
document without the loss of meaning. 

Social document component In addition to the intellectual entity, a social docu-
ment can have additional content items, which are 
described as social document components. Compo-
nents cannot exist on their own but must be associat-
ed with precisely one content item. 

 

In most cases, a social document is more than the initial intellectual entity. Multiple content items can 

be attached to a social document as social document components. The concept of compound social 

documents will be of relevance in section 2.6, which presents the development of the dimensions for 

SCA. 

1.2 The Research Problem: Evidence from Academia and Practice 

There is evidence from academia and practice supporting the rationale of this research. Recent litera-

ture reviews identify data analytics in ECS as a core research issue. A literature review identified six re-

search streams within Enterprise Collaboration Systems (Viol & Hess, 2016). These research streams 

are tightly coupled with SCA, as outlined in the following: 

1. Implementation: Research in this stream focuses on strategies for introducing ECS as well as 

success factors and challenges for such projects. 

2. Motivation to adopt and use: This research stream aims to investigate how employees can be 

motivated to use the system and identify the progress of the adoption. 

3. Usage and behaviour: Viol and Hess (2016) emphasise that this stream is critical in the area of 

ECS. Research in this stream analyses how employees appropriate and use an ECS for their 

work routines. 
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4. Impact on the organisation: Another topic of interest in ECS research is the impact of ECS on 

an organisation. This research stream includes aspects such as the influence on organisational 

structures and performance.  

5. Success measurement: This research stream seeks to define and measure the success and 

benefits of an ECS. According to Viol and Hess (2016), this stream is especially essential for 

practitioners who have to provide quantitative measures for justifying investments and re-

ports on the success of the platform.  

6. Data and data analytics: Research in this stream investigates the structure of ECS data. This 

understanding is crucial for the analysis and for providing usage metrics. 

Other literature reviews support this classification. Stei et al. (2016) identify user behaviour and suc-

cess measurement as core themes in ECS research and Wehner et al. (2017) identify usage and user 

behaviour as two of the most prominent research streams in the context of ECS. The three literature 

reviews have in common that the authors identify research streams related to usage and success 

measurement. Viol and Hess (2016) emphasise that especially data analytics is gaining increasing at-

tention in academia and practice. Other studies have shown that managers lack information on sys-

tem usage for tracking the progress of an ECS project (Diehl, Kuettner, & Schubert, 2013) and that 

there is a need for measuring system usage for managing the success of ECS (Behrendt, Richter, & 

Trier, 2014; Richter, Heidemann, Klier, & Behrendt, 2013a). Overall, these studies highlight the need 

for metrics on ECS use, which emphasises the relevance of Social Collaboration Analytics as a method 

for measuring collaboration activities in ECS. Chapter 4.1 provides an extensive review of the academic 

literature on measuring ECS use.  

The literature review in chapter 4.1 identified that there is no common framework for guiding the ap-

plication of SCA. Additionally, authors use inconsistent terminology for describing their data and re-

sults. The literature review also identified a shortcoming in classifications and structures. There are 

only vague mentions of different data types in ECS without descriptions and only one imprecise classi-

fication of different types of data (c.f. chapter 2.3.2.1). Throughout this research, the participating ECS 

user companies expressed high dissatisfaction with the current possibilities of SCA in practice. Based 

on empirical research through a survey on the status quo of SCA in practice (c.f. chapter 4.2) and sev-

eral focus groups (c.f. Table 3.7), it could be identified that practitioners struggle to apply SCA as there 

are no guidelines, methods and the current features of analytics tools are too simple for gaining mean-

ingful insights into ECS use. Considering that recent literature reviews highlight data analytics in ECS as 

a core research field, these are significant shortcomings in both academia and practice. 

The evidence from academic literature and practice strengthens the need for structures that advance 

the theoretical understanding of SCA and for developing a framework that guides the application of 

SCA. As there is currently a limited understanding of SCA in both academia and practice, this research 

establishes a broad thematic understanding of SCA by contributing the required structures and proce-

dures. This yields a level of knowledge required for advancing the theoretical understanding and for 

applying SCA in practice. Although establishing a broad thematic understanding is favourable for 

emerging topics, some authors argue not to neglect depth (Alavi & Leidner, 2001; Todres & Galvin, 

2005). Each of the contributions of this dissertation (c.f. Table 1.7) resembles an in-depth study in it-
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self. Moreover, depth is achieved by applying and evaluating the SCA Framework in a selected key 

case. 

1.3 Research Objectives 

Organisations are uncertain about how to measure the use of their ECS. As previously outlined, evi-

dence from academia and practice supports a research objective aimed at developing an encompass-

ing approach to SCA. Therefore, this research aims (1) to establish how organisations currently conduct 

SCA and (2) to develop an approach to SCA in ECS. The five dedicated research objectives addressing 

these aims are both empirical and theoretical: 

Table 1.4: Research aims and research objectives 

Aim 1: Status quo of Social Collaboration Analytics and current limitations 

RO1: Identify the status quo of Social Collaboration Analytics 

RO2: Identify requirements and preconditions for Social Collaboration Analytics 

RO3: Identify barriers to Social Collaboration Analytics 

Aim 2: Develop a framework for Social Collaboration Analytics 

RO4: Develop a method for the structured development of analyses and reports 

RO5: Evaluate the Social Collaboration Analytics framework in practice 

1.4 Research Questions 

The research problem and the state of current research are represented in the research aims and ob-

jectives. For addressing these objectives, two main research questions were defined. Both research 

questions can be answered by addressing more specialised research questions. The two research 

questions are: 

1. What are the current practices for measuring collaboration activities in Enterprise Collabora-

tion Systems? 

2. How can Social Collaboration Analytics be implemented in practice? 

Research Question 1 aims to identify and document the status quo of Social Collaboration Analytics in 

the academic literature and practice. Therefore, in the first step, the academic literature is analysed 

(RQ 1a). Based on the findings from RQ 1a, RQ 1b and RQ 1c, RQ 1d investigates the current use of SCA 

in practice. Table 1.5 summarises how the sub-questions contribute to the main research question. 
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Table 1.5: Sub-Questions (RQ 1) and their contributions 

RQ 1: What are the current practices for measuring collaboration activities in ECS? 

Sub-Questions Contribution to the Main Research Question 

a. What is the status quo of Social Collaboration Ana-
lytics in academic literature? 

Identifies key themes for the main application areas of 
SCA and for structuring the academic literature 

b. Which analytics tools do organisations currently 
use and which features do these tools provide? 

Identifies how practitioners currently measure ECS use 

c. What are the barriers that organisations are facing 
when conducting Social Collaboration Analytics? 

Identifies potential barriers impeding the application 
of SCA in practice 

d. What kind of information do organisations gain 
with the help of Social Collaboration Analytics? 

Identifies which information practitioners currently 
gain from existing analytics tools 

 

Research Question 2 develops a framework for conducting Social Collaboration Analytics. The first 

step is to investigate and classify different types of data in ECS (RQ 2a, RQ 2b). Following this, RQ 2c 

develops dimensions for SCA. The dimensions guide researchers and practitioners in developing ques-

tions for SCA and the corresponding data queries. Finally, the results from the previous questions are 

consolidated in the SCA Framework. Based on a case study, the application and implications of SCA in 

practice are demonstrated and evaluated. Table 1.6 summarises how the sub-questions contribute to 

the main research question. 

Table 1.6: Sub-Questions (RQ 2) and their contributions 

RQ 2: How can Social Collaboration Analytics be implemented in practice? 

Sub-Questions Contribution to the Main Research Question 

a. Which types of data are available in Enterprise Collabo-
ration Systems? 

Identifies and structures the available data for 
SCA 

b. How can the data be accessed, prepared and analysed? Identifies how the available data must be pro-
cessed before analysis 

c. What are the dimensions of Social Collaboration Analyt-
ics? 

Identifies the dimensions of SCA for developing 
suitable questions 

d. Who are the stakeholders for Social Collaboration Ana-
lytics and which information do they require? 

Identifies which parties within an organisation 
are relevant for SCA 

1.5 Outline of the Research Design 

This research follows the pragmatist paradigm. The research adopts a qualitative dominant mixed-

methods approach (Johnson, Onwuegbuzie, & Turner, 2007), emphasising the use of case study re-

search with one key case and the use of focus groups. Qualitative dominant mixed-methods ap-

proaches are typical and often called for in Information Systems research (Darke, Shanks, & Broad-

bent, 1998; Miles & Huberman, 1994; Walsham, 1995).  
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Three main methods are used to collect data, allowing a data source triangulation (Denzin, 2009). 

(1) Methods for data collection and analysis for theoretical data focus on the investigation of theoreti-

cal constructs and frameworks. The data sources are the academic literature. Empirical data from the 

(2) key case study (Thomas, 2011; Walsham, 1995) and (3) focus groups (Morgan, 2018) provide evi-

dence of current practices and needs for SCA. The investigation of the status quo of SCA in practice 

documents current SCA approaches.  

Throughout this research, the research findings were constantly discussed and evaluated in six con-

secutive focus groups resulting in three main implications for this research. The comparison between 

theory and practice identifies similarities and research gaps. Additionally, the focus groups allow es-

tablishing the practical relevance and the practical implications of the research outcomes. Finally, the 

findings are constantly evaluated with practitioners. 

For most of the parts, this research follows an iterative Design Science Research approach. Chapter 3 

discusses the research paradigm, the research design and the data collection in detail. 

1.6 Context: IndustryConnect 

IndustryConnect is a university-industry (Schubert & Bjørn-Andersen, 2012) research project. The initi-

ative was founded and is guided by a group of University researchers (Williams & Schubert, 2017). At 

the time of writing this dissertation, 30 early-adopter companies engaged in a mutual exchange of 

ideas and solutions regarding ECS. The practitioners in IndustryConnect are collaboration professionals 

with different educational backgrounds such as information technology, information and knowledge 

management, internal communications or business development. 

The participating companies serve as study subjects and thus provide the required empirical data and 

log data from their ECS. One company signalled a particular interest in SCA and volunteered as the key 

case company for this dissertation. A constant evaluation of the developed artefacts in workshops 

with the representatives ensures their practical relevance and implications. By conducting the re-

search activities in the context of IndustryConnect, this dissertation addresses the calls for establishing 

the use and value of developed artefacts in practice (Nunamaker, Briggs, Derrick, & Schwabe, 2015; 

Österle & Otto, 2010). IndustryConnect is an ideal environment for observing a selected topic over a 

longitudinal timeframe and developing research outcomes with high practical relevance and rigour. 

When IndustryConnect was founded in 2015, all participants were early adopters of IBM Connections, 

one of the largest and most highly integrated ECS. Because at the time of writing this dissertation, IBM 

Connections was also the market leader (Drakos, Mann, & Gotta, 2014), it was chosen as the ECS to be 

investigated in detail.  

1.7 Contributions 

The previous sections have stated that research in the area of SCA is fragmented. By effectively tying 

the fragments together, and extending upon them, this research contributes new knowledge to theory 
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and practice. It identifies what is known about SCA from a theoretical perspective and advances the 

theoretical understanding. Moreover, this research enhances the understanding of current practices 

for SCA and identifies gaps between theory and practice. This dissertation contributes a framework for 

conducting SCA in practice and the structures for enhancing the theoretical understanding. 

The proposed Social Collaboration Analytics Framework (c.f. section 5.3) is a new framework that 

builds on previous studies and existing data mining process models by addressing requirements from 

practice identified through empirical research. This framework provides the methods and tools for or-

ganising the SCA process. 

This research also contributes structures, which enhance the theoretical understanding and the prac-

tical application of SCA. Table 1.7 summarises the main contributions of this work. 

Table 1.7: Main contributions of this research 

Core contributions Applied methods & data sources Contributes to 

Data sources for SCA Literature review 
System analysis 

RQ 2a, RQ 2b  

(Chapter 2.3) 

Collaborative Action Typology (COAT) Literature review 
System analysis 

RQ 2c 

(Chapter 2.5) 

Dimensions for SCA 

(DiSCoAn) 

Focus group 
Literature review 
System analysis 

RQ 2c  

(Chapter 2.6) 

SCA key themes Literature review 

Survey 

RQ 1a  

(Chapter 4.1) 

Barriers to SCA Literature review 
Survey 

RQ 1c  

(Chapter 4.1.12) 

SCA stakeholders Literature review 
Focus group 

RQ 2d 

(Chapter 4) 

ECS User Typology Literature review (Chapter 5) 

SCA Framework 
(SCAF) 

Focus group 
Literature review 
Case study 

RQ 2 

(Chapter 5) 

 

The data sources for SCA categorise the different types of data in ECS. The classification contains de-

tailed descriptions of the types of data and provides examples for how to access and make use of the 

available data for SCA. COAT provides a level of aggregation and interpretation of actions in collabora-

tion systems. The dimensions for SCA add an additional layer of structure to ECS data. They describe 

the facets of user actions in collaboration systems and thus provide an analytical lens. The dimensions 

guide researchers and practitioners in developing questions that can be posed toward ECS data. The 

key themes for SCA are the result of a structured literature review and thus provide a frame for the 

academic literature. The key themes classify and describe the main application areas of SCA. Through-
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out this research, the key themes have proven to be the main element of structure for both theory 

and practice. The barriers to SCA categorise and describe various reasons that can limit or prevent the 

application of SCA. The classification of stakeholders outlines the organisational roles which are of rel-

evance for SCA in practice. 

SCAF is the central contribution of this research and ties the other research contributions together. 

Based on a review of existing data mining process models, SCAF aims to guide academics and practi-

tioners in conducting SCA. Because of the constant evaluation with practitioners, SCAF is an artefact 

that not only extends current approaches. It is designed to be transferable into practice and to alter 

current IS practices, as called for by Nunamaker et al. (2015). Finally, in chapter 6, this research con-

tributes a case study and demonstrates the practical application and evaluation of SCAF. 

This dissertation aims to establish both broad and in-depth knowledge (Alavi & Leidner, 2001; Todres 

& Galvin, 2005). In the beginning of the research endeavour, little was known about issues and signifi-

cant phenomena in SCA. This research thus focuses on exploring and contributing broad knowledge 

for making sense of the relevant phenomena. In addition, selected aspects which are represented by 

the contributions listed in Table 1.7, are investigated in detail. With the outlined contributions, this 

dissertation extends upon previous work in terms of breadth and depth. 

1.8 Structure of this Thesis 

Figure 1.3 depicts the structure of this thesis and the relationships between the contributions. The 

overall structure of the dissertation takes the form of seven chapters. 

In chapter 2, the foundations of Social Collaboration Analytics are established. First, a definition for 

SCA is provided and SCA is discussed in the context of related research disciplines. The main contribu-

tions of chapter 2 are the data sources for SCA, the collaborative action typology and the dimensions 

for SCA. The data sources for SCA were identified based on a literature review and an in-depth exami-

nation of the data of an ECS (IBM Connections). Based on the findings from the investigation of the da-

ta sources and two focus groups with practitioners, the dimensions for SCA were developed and eval-

uated. The dimensions for SCA aim to guide practitioners in formulating questions and data queries for 

SCA. One dimension incorporates the collaborative action typology, which aggregates and groups the 

different user actions in ECS.  

In chapter 3, the research design is described in detail. The chapter discusses the research paradigm, 

as well as the methodology and chosen methods. Chapter 3 also contains a discussion of DSR and an 

overview of how DSR is applied in this research. Finally, an overview of the research phases and the 

detailed research steps is provided. 
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Figure 1.3: The structure of this thesis and the relationships between the contributions throughout the 

chapters 

The aim of chapter 4 is to identify the status quo of SCA in the academic literature and practice. The 

status quo of SCA in the academic literature was established based on a structured literature review. 

The main outcome of the literature review are the key themes for SCA and the barriers to SCA. By 

means of a survey among practitioners from 27 ECS user companies, the status quo of SCA in practice 

was established. The chapter is concluded with a comparison of the findings from the literature and 

the survey. 

Finally, the outcomes from the previous chapters are consolidated in chapter 5. The main contribution 

of this dissertation is the SCA Framework, which guides the application of SCA in practice. The frame-

work was developed based on the previous research outcomes such as the data sources for SCA, the 

dimensions for SCA, the SCA key themes and the barriers to SCA. Additionally, the development of the 

SCA Framework was influenced by a discussion and comparison of existing data mining process mod-

els. The ECS user typology, which classifies different types of users in collaboration systems, is another 

theoretical outcome of chapter 5.  

Based on an analysis of ECS log data, which was provided by the case company, the SCA framework is 

evaluated and the application of the individual phases and working steps is demonstrated in chapter 

6. The purpose of the final chapter (chapter 7) is to summarise and reflect on the findings and outline 

areas for future research. 
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2 Social Collaboration Analytics 

This chapter provides the foundations for SCA. The following section defines the term SCA, and section 

2.2 discusses SCA in the context of related research disciplines. Section 2.3 identifies and characterises 

the data sources available for SCA, and finally, section 2.6 describes the development of the dimen-

sions for SCA. 

2.1 Defining Social Collaboration Analytics 

Recent publications label the analysis of user interactions in ECS as business intelligence 2.0 (Behrendt 

& Richter, 2015) or as social business intelligence (Dinter & Lorenz, 2012). However, a closer analysis 

of established definitions of these terms shows that social business intelligence and business intelli-

gence 2.0 also encompass enterprise integration, mobile and ubiquitous access and technical aspects 

such as in-memory analytics and BI-as-a-service (H. Chen, Chiang, & Storey, 2010; Nelson, 2010). Nel-

son (2010) also argues that business intelligence 2.0 is more than just event-based collaboration anal-

ysis. Business intelligence 2.0 also includes data from other sources, such as ERP systems and content 

management systems. Other authors use terms such as Enterprise Social Network Analysis (Cao, Gao, 

Li, & Friedman, 2013) or Enterprise Social Media Analysis (M. Smith, Hansen, & Gleave, 2009). The 

most recent publications argue that ESN analytics is a subfield of Enterprise Social Media Analytics 

(Riemer, Lee, Kjaer, & Haeffner, 2018; Stieglitz, Mirbabaie, Ross, & Neuberger, 2018). All these terms 

emphasise the notion of Social Media and Social Network Analysis (SNA). Most studies neglect the 

view on collaboration activities. Consequently, these studies typically use approaches from traditional 

SNA (Wasserman & Faust, 1995) with a focus on analysing network structures. Other recent publica-

tions use the term web analytics and data analytics (Hacker, Bodendorf, & Lorenz, 2016). 

All these approaches are related, but they do not emphasise the analysis of collaboration activities. 

Thus, the definition of Social Collaboration Analytics as an “approach for analysing and displaying col-

laboration activity of users in socially-enabled collaboration systems” (Schwade & Schubert, 2017, p. 

402), distinguishes SCA from existing approaches. SCA makes use of existing fields and approaches 

such as data science, web analytics and SNA. However, as the analysis of collaboration activities is a 

new phenomenon of interest, new data sources, methods and metrics are required. Social Collabora-

tion Analytics is related to data analytics, data science, business intelligence, web analytics and SNA. 

The following sections briefly introduce the related fields.  

2.2 Social Collaboration Analytics in the Context of Related Disciplines 

Academics and practitioners frequently use different terms such as data science, data mining, data 

analytics, data analysis, business intelligence, and business analytics synonymously. The following sec-

tions provide an overview of the terminology. 
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Data mining is most frequently defined as “applying data analysis and discovery algorithms” (Fayyad & 

Smyth, 1997, p. 40) to a particular set of data. Data mining aims to apply statistical methods to find 

unknown patterns and references, which can lead to valuable information (M.-S. Chen, Han, & Yu, 

1996; Fayyad, Piatetsky-Shapiro, Smyth, & Uthurusamy, 1996; Fayyad & Smyth, 1997). While this is the 

common understanding of data mining, the term data mining itself is misleading. The literature sug-

gests that data mining is about generating knowledge from existing data instead of generating and col-

lecting the data, as the term mining suggests. However, the term data mining is established and most 

commonly used in the academic literature. 

Authors often use the two terms data analysis and data analytics interchangeably. However, the 

terms bear different meanings. Data analytics is overarching and encompasses data analysis. Data 

analysis refers to the analysis of single data chunks. Data analytics describes the application, methods 

and tools for data analysis (Cooper, 2012). Consequently, data analytics builds on data analysis.  

Data science is defined as “the application of quantitative and qualitative methods to solve relevant 

problems and predict outcomes” (Waller & Fawcett, 2013, p. 78) or as “a set of fundamental principles 

that support and guide the principled extraction of information and knowledge from data.” (Provost & 

Fawcett, 2013, p. 52). These definitions are similar to the definitions of data mining. However, Waller 

and Fawcett (2013) extend their definition by adding that the specific domain knowledge and the data 

analysis cannot be separated. Similarly, Provost and Fawcett (2013) argue that data science is more 

comprehensive than data mining. A data scientist looks at business problems from a data perspective. 

The term data science appears more frequently in the context of big data and agile analytics ap-

proaches (Agarwal & Dhar, 2014; Larson & Chang, 2016). Larson and Chang define data science as the 

“next generation of data analysis fields such as statistics and data mining” (Larson & Chang, 2016, p. 

8). The term data science has not yet established in the academic literature. Instead, the literature 

mostly refers to data mining.  

Based on a review of the different definitions of business analytics, Holsapple et al. (2014) define busi-

ness analytics as “evidence-based problem recognition and solving that happen within the context of 

business situations.” (2014, p. 134). This understanding of business analytics reveals several similari-

ties with business intelligence. However, the definition by Holsapple et al. (2014) also demonstrates 

that business analytics is not exclusively data-driven in terms of data science. Business analytics can al-

so draw from other methods and other kinds of data. 

As with most of the other terms in this context, there is no commonly accepted definition of business 

intelligence. In a tutorial for the Communications of the Association for Information Systems, Watson 

defines business intelligence as “a broad category of applications, technologies, and processes for 

gathering, storing, accessing and analysing data to help business users make better decisions.” (Wat-

son, 2009, p. 491). This broad definition includes not only data analytics but also collecting and storing 

data and developing business intelligence applications. Dashboards and scorecards typically aggregate 

reports and analyses to support decision-making (Negash, 2004; Watson, 2009; Watson & Wixom, 

2007). Business intelligence aims to explain and understand past events for improving future perfor-
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mance. Thus, business intelligence advances Decision Support Systems as a research discipline (Gorry 

& Scott Morton, 1971; Sprague & Carlson, 1982), which base future decisions on data from the past.  

2.3 Data Sources for Social Collaboration Analytics 

This chapter aims at establishing an understanding of the available types of data and data sources for 

SCA in ECS.  

2.3.1 Types of Data in Information Systems 

The IS literature contains several well-established conceptualisations and definitions for types of data 

in business software. Previous research has identified transaction data and master data as the com-

mon data types (Cleven & Wortmann, 2010; Marakas & O’Brien, 2012; Scheer, 1994; Yusuf, Gun-

asekaran, & Abthorpe, 2004). Authors characterise transaction data as event data (Scheer, 1994) gen-

erated by business operations (Marakas & O’Brien, 2012). In contrast to this, master data is referred 

to as fine-granular domain data (Cleven & Wortmann, 2010), describing a reference environment and 

thus adding meaning to transaction data (Scheer, 1994). Whereas transaction data is unalterable and 

describes business events from the past, master data is continually added and updated to provide an 

up-to-date description of entities. A distinct perspective within master data is the organisational per-

spective which describes the organisational structure (Scheer, 1994). All of this data can either be 

stored in databases or as files in file systems (Marakas & O’Brien, 2012). While Marakas and O’Brien 

(2012) mention that business software can also store multimedia data such as texts, graphics or vide-

os, it becomes evident that this kind of data is absent in most of the data classifications. One reason 

for this is that most of the authors in the IS literature focus on transaction-oriented systems such as 

ERP or CRM systems. The focus of these systems is to process business activities. In contrast to this, 

discussions on data in studies on knowledge management or content management emphasise content 

as the standard type of data in these systems (Gibbs & Tsichritzis, 1983; Lindvall, Rus, & Suman Sinha, 

2003; Maier, 2007; McKeever, 2003; Sprague, 1995). It becomes evident that these systems do not 

emphasise transaction data. Instead, the studies in this domain focus on different types of content da-

ta such as text documents or multimedia content (Lindvall et al., 2003; Maier, 2007). Thus, the focus of 

content management systems is on the management of business content. 

2.3.2 Types of Data in Enterprise Collaboration Systems 

There is no common understanding of ECS data. Studies that analyse ECS data mention different types 

of data without providing precise definitions or descriptions. The following sections provide an over-

view of the terminology used in these studies. An in-depth investigation of the data stored by IBM 

Connection provides a classification of ECS data and concludes this section. 
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2.3.2.1 Identification of Types of Data in the Academic Literature 

Some authors observe that ECS store so-called digital records or digital traces (Behrendt, Richter, & 

Riemer, 2014; Hacker, Bodendorf, et al., 2016; Kane, 2015; Leonardi et al., 2013; Riemer & Scifleet, 

2012). There are several definitions for digital traces, such as “digitally stored, event-based, chronolog-

ical records of activities of actors, which result in direct or indirect actor relations or content in differ-

ent data formats” (Behrendt, Richter, & Riemer, 2014, p. 4). Digital traces are considered as event-

based data recording different kinds of activity (Hedman, Srinivasan, & Lindgren, 2013; Howison, Wig-

gins, & Crowston, 2011). 

According to Behrendt et al. (2014), digital traces describe the actor (who?), the type of activity 

(how?), the time (when?), the place (where?), the type of exchanged information (what?), and the 

target of an activity (to whom?). Alternatively, scholars use the term usage data (Riemer, Lee, 

Haeffner, & Kjaer, 2018). Riemer et al. (2018) refer to usage data as metadata about activities. Thus, 

digital traces seem to match with the concept of transaction data used in the IS literature. 

There is agreement that digital traces are a by-product of user actions and systems do not produce 

logs for research purposes (Behrendt, Richter, & Trier, 2014; Bøving & Simonsen, 2004; Hedman et al., 

2013). As the collection of ECS log files is non-reactive, the users do not need to spend time for exper-

iments, and they are not influenced by an observing researcher (Janetzko, 2008). Because of this, ECS 

log files are an excellent data source for observing collaboration in the digital workplace. 

Additionally, some authors discuss content-based data. Few studies refer to this type of data as con-

tent, content data (Kane, 2015; Riemer, Lee, Haeffner, et al., 2018; van Osch, Steinfield, & Balogh, 

2015; van Osch, Steinfield, & Zhao, 2016) or communication data (Behrendt, Richter, & Trier, 2014; 

Recker & Lekse, 2016; Riemer & Scifleet, 2012; Stieglitz, Riemer, & Meske, 2014). Communication data 

contains the content of private messages and microblogs posted on a platform. However, some au-

thors use both terms interchangeably. Riemer et al. (2018) postulate that content is user-generated 

data containing the posts on a platform. As content data and communication data describe the con-

tent in an ECS (e.g. texts and images), this matches with the concept of content data in document 

management systems. 

There are relatively few studies mentioning ECS data describing the organisational structure (e.g. geo-

graphical location or position in the hierarchy). However, some authors argue to include such data in 

analyses, although most ECS do not directly store them (Recker & Lekse, 2016; Riemer & Scifleet, 

2012; Stieglitz et al., 2014; van Osch & Steinfield, 2013). This indicates that organisational data is not a 

central data source for SCA. Organisational data can be used to filter and group according to geo-

graphical regions or business units. 

Although there are inconsistencies in the use of terminology, it becomes evident that ECS store differ-

ent types of data. The literature indicates a separation between data describing events in the form of 

logs and user-generated content. As opposed to traditional business software, there are no studies 

suggesting definitions or classifications for ECS data. 
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Following a discussion by Chen et al. (2010) on the evolution of business intelligence and business ana-

lytics, Behrendt et al. (2014) propose a framework containing four data dimensions for ECS: (1) activi-

ties, (2) content, (3) relations and (4) experiences. Table 2.1 contains a summary of the data dimen-

sions. 

Table 2.1: Overview of the data dimensions by Behrendt et al. (2014) 

Data dimension Data collected by Exemplary data Methods for analysis 

Activities  
(usage data) 

Cookies 

Log files 

Web beacons 

Packet sniffing 

Databases 

New blog posts 

New group subscriptions 

Friendship requests 

Pageviews 

Number of users 

Web Analytics 

Content  
(user-generated) 

Not specified Status updates 

Blog posts 

Comments 

Tasks 

Events 

Text Mining 

Content analysis 

Genre analysis 

Sentiment analysis 

Relations  
(structural data) 

Database Connections between 
users and content 

Social Network Analysis 

Experiences  
(reported data) 

Interviews 

Questionnaires 

Not specified Not specified 

 

Only a few studies (e.g. Hacker, Bodendorf, & Lorenz, 2017) refer to the dimensions for describing the 

data used in analytics studies. The previous section has shown that there are no established defini-

tions for types of data in ECS. However, authors tend to distinguish between event-based data and 

content-based data. An in-depth system analysis of IBM Connections complements this review of data 

types in the literature. 

2.3.2.2 Identification of Types of Data from a System Analysis of IBM Connections 

As there is only limited documentation of the data and databases of IBM Connections, a database re-

verse engineering approach (Hainaut, 1991) is required for investigating the data stored by IBM Con-

nections. The process consists of two steps. The first step extracts the data structures from the data 

definition language (DDL). The objective of the second step is to retrieve a conceptual schema defining 

the semantics of the data. Entity-Relationship (ER) Models (P. P.-S. Chen, 1976) visualise this infor-

mation. These ER models describe the relations between the tables and attributes within a table and 

therefore provide an overview of the structure of the databases. 

Additionally, pre-defined collaboration scenarios (Schubert & Glitsch, 2015) serve as test scenarios. 

Collaboration scenarios are “a composition of activities that are carried out by one or more people 

(actors) to achieve a common task (collaboratively)” (Glitsch & Schubert, 2017, p. 867) and describe 
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how users can use collaboration software. Exemplary collaboration scenarios were used to execute ac-

tions in the system in a structured and documented way. After executing the scenarios, the records in 

the database of IBM Connections were analysed. The native audit feature of the database facilitated 

tracking changes to the database tables by allowing to identify the modified database tables and the 

inserted data (Waraporn, 2010). In order to prevent external interferences, the collaboration scenari-

os were executed in a restricted community. After the execution of each scenario, the modifications 

made to the database were analysed. The knowledge about triggered events as part of a specific col-

laboration scenario helped to interpret the recorded events. 

This process established an understanding of how the databases of IBM Connections work and which 

tables are essential for SCA. Consequently, the database reverse engineering approach contributed to: 

1. An overall understanding and conceptualisation of the types of data in ECS and their structure 

(see chapter 2.3.3) 

2. Understanding and interpretation of the different types of events in ECS (see chapter 2.6) 

The following section synthesises the findings from the previous sections and provides a categorisa-

tion of ECS data.  

2.3.3 Synthesis of Data Sources: Organisational Data, Transactional Data, Content Data 

As there is no established terminology, the classification of ECS data makes use of existing terms 

whenever possible. The classification resulted in three data categories: (1) organisational data, (2) 

transactional data and (3) content data. Table 2.2 provides an overview of the available types of data. 

Table 2.2: Overview of types of data in ECS 

Type of Data Description Stored in 

Organisational data Describes the organisational 
structure and contains additional 
information about users 

User directories such as LDAP or Ac-
tive Directory 

Relational databases 

Transactional data Describes user actions in the form 
of events. Allows deducting rela-
tions as secondary data. 

Event databases or log files such as 
web server logs. 

Content data Contains the actual user-
generated content. 

Content databases 
File system 

2.3.3.1 Organisational Data 

User directories such as an LDAP or an Active Directory store the structure of the organisation and its 

units and provide features for assigning roles to users (Kern, 2002). ECS can access this data. As out-

lined in section 2.3.2.1, several studies already make use of organisational data. Thus, organisational 

data is one type of data for SCA. In ECS, this data usually represents user profiles. Figure 2.1 contains 

an excerpt of the organisational data stored by IBM Connections. 
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Figure 2.1: Organisational data about users 

The UUID identifies users across all modules of IBM Connections. Additionally, the user profile in-

cludes the name and the e-mail address. The SOURCE_ID contains information about the user in the 

LDAP, which is used for authentication. This SOURCE_ID is useful for joining the organisational data 

from IBM Connections with the LDAP data to retrieve advanced information such as the department 

or the location of a user. Section 2.3.5.2 demonstrates the mapping of organisational data with other 

data. The fields JOB_DESCRIPTION describes the job title of a user, and the LOCATION contains the 

physical location of the user (e.g. the office). Organisational data is not a primary data source for SCA. 

Organisational data can be used for filtering or grouping transactional data according to organisational 

units. 

2.3.3.2 Transactional Data 

Transactional data is event-based data and describes all user actions. It is either stored in databases or 

log files. The event log records these events chronologically. Figure 2.2 provides an excerpt of an event 

log stored in a relational database in IBM Connections. 

IBM Connections stores the event log in a relational database, which is organised in a star schema. 

Star schemas consist of a core fact table storing fine-granular data (F_EVENTS). The surrounding di-

mension tables describe the records from the fact table and provide additional meaning (Moody, 

2000). 

Each event record has a unique ID, describes the actor (USER_UUID), the object the actor interacted 

with (ITEM_UUID), the content type of this object (CONTENT_TYPE_ID) and the action initiated by the 

user (EVENT_OP_ID). Chapter 2.4 investigates the different actions in more detail. Additionally, the 

event record provides information on where the action was initiated (COMMUNITY_ID). The 

timestamp marks the date of the record (EVENT_TS). The record from the F_EVENTS table depicted in 

Figure 2.2 reads as follows: 

Organisational data about users

UUID 3d689884-ef31-469d-ab8b-
9a564d36a127

GIVEN_NAME Florian

SURNAME Schwade

MAIL fschwade@uni-koblenz.de

SOURCE_ID uid=fschwade,cn=users,o=ldap

JOB_DESCRIPTION Research Assistant

LAST_UPDATE 2018-10-08 12:30:00

LOCATION Office A 116
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User with ID 26 initiated the event type 3 on an item with ID 106 and the content type 7 in the 

community with ID 1337 at 10:47 a.m. on the 1st of August 2017. 

 

Figure 2.2: Example of an event record in a relational database (excerpt) 

This record alone does not provide human-readable information. Joining the fact table and the dimen-

sion tables enriches the information stored in the fact table. Figure 2.2 illustrates the relationship be-

tween the F_EVENTS table (fact table) and the surrounding dimension tables. After joining the event 

table with the surrounding dimension tables, the example above reads as follows:  

Florian Schwade created the blog post ‘Hello World!’ in ‘Testcommunity’ at 10:47 a.m. on the 

1st of August 2017. 

For SCA, the table columns EVENT_OP_ID and EVENT_NAME are essential as these columns describe 

the type of user activity. The EVENT_NAME is composed of the columns SOURCE_ID, 

CONTENT_TYPE_ID and EVENT_OP_ID. In the example above, the composite event name results in 

blogs.post.created.  

An additional source for transactional data is the log file of the web server. The records in the log file 

allow the extraction of query strings, the device type and the operating system used to access a web-

site. The example below depicts a record from the IBM Connections web server:  

141.26.XX.XX - - [02/Nov/2018:09:42:33 +0100] "GET 

/search/atomfba/mysearch?scope=&query=Florian%20Schwade&personalization

=%7B%22type%22%3A%22personalContentBoost%22%2C%22value%22%3A%22on

%22%7D&page=1&pageSize=10&promoteStatusUpdates=1&format=light 

HTTP/1.1" 200 36665 

The example demonstrates how the web server logs a search query. The hyphen indicates that certain 

information is not available in the log file. Table 2.3 contains an explanation of the record. 

ID USER_
UUID

ITEM_
UUID

SOURCE_
ID

CONTENT_
TYPE_ID

EVENT_
OP_ID

COMMUNITY
_ID

EVENT_TS EVENT_
NAME

10004 3d689884-
ef31-469d-
ab8b-
9a564d36a
127

072adbbd-715c-4fd9-
ba7a-b6de53283a47 2 7 3 1337 2017-08-

01 
10:47:16

blogs.post
.created

ID Name

3d689884-ef31-
469d-ab8b-
9a564d36a127

Florian 
Schwade

ID Name

072adbbd-715c-
4fd9-ba7a-
b6de53283a47

Hello World!

ID Name

7 Blog post

ID Name

3 CREATE

ID Name

1337 Testcommunity

Table: F_USERS

Table: F_ITEMS

Table: D_CONTENT_TYPE

Table: D_EVENT_OP Table: D_COMMUNITY

Table: F_EVENTS

ID Name

2 Blog

Table: D_SOURCE
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Table 2.3: Explanation of the IBM Connections web server log file 

Field Explanation 

141.26.XX.XX The IP address of the client. 

- Identity (“identd”) of the client according to RFC 
1413. This identity can easily be tampered with. 
Thus, it is not widely used. 

- If a page is password protected, the login username 
would be displayed here.  

[02/Nov/2018:09:42:33 +0100] Timestamp and time zone of the request 

"GET 
/search/atomfba/mysearch?scope=&query=Florian%2
0Schwade&personalization=%7B%22type%22%3A%22
personalCon-
tentBoost%22%2C%22value%22%3A%22on%22%7D&
page=1&pageSize=10&promoteStatusUpdates=1&for
mat=light HTTP/1.1" 

The HTTP request of the client. The method (in this 
case: GET) is shown together with the requested file 
or query. In this example, the user performed a 
search query for the term “Florian Schwade”. The 
other variables represent configuration parameters 
of the IBM Connections search engine 

200 HTTP status code (200 = OK) 

36665 The size of the requested page/file in bytes. 

 

2.3.3.3 Web Mining and Web Analytics in the Context of Social Collaboration Analytics 

Web Analytics and Web Mining are related to Social Collaboration Analytics. Hausmann et al. define 

Web Analytics as “the whole process from data gathering to recommendations for website redesign” 

(Hausmann, Williams, & Schubert, 2012, p. 8). Web Analytics incorporates concepts from Web Con-

tent Mining, Web Structure Mining and Web Usage Mining. Whereas Web Analytics examines user ac-

tivity intending to improve a website, SCA focuses on the interactions between many users. Conse-

quently, SCA requires new methods and data sources. 

As shown above, the information in the webserver log file of IBM Connections is limited. One of the 

most significant limitations is the absence of user information, as the webserver log file does not in-

clude a user ID. This prevents mapping or joining the webserver log with other data. Additionally, the 

information contained in the HTTP request lacks a level of detail. As shown in the example above, the 

HTTP request allows identifying search queries. In summary, the web server log file is not suitable for 

SCA because it cannot be mapped with data from other sources.  

Behrendt et al. (2014) postulate that cookies are a source for collecting usage data. As HTTP is a state-

less protocol, web servers transmit cookies to browsers. In future requests by the client, the infor-

mation from these cookies is transmitted in the HTTP header if the cookie is valid. This allows web 

servers to identify users across multiple HTTP requests and store session information and settings 

(Englehardt et al., 2015; Park & Sandhu, 2000). Due to their nature, cookies are used to authenticate 

and identify or track users across multiple sessions. This shows that cookies do not contain transac-
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tional data. Usually, cookies only contain a pseudonymised user ID and do not provide detailed infor-

mation about the user. In summary, cookies do not provide valuable data for SCA as the transactional 

data of ECS use their internal user ids for identifying and tracking users. 

Another common technique in web analytics is the use of tracking scripts. A script is included in the 

header or footer of a website, which tracks users. It sends the information to a (third-party) tracking 

server (Wambach & Bräunlich, 2016) to analyse how users navigate a website. However, in the con-

text of SCA, tracking is insufficient as well, as this only shows interactions between a single user and a 

single web page. For SCA, this is not sufficient because SCA aims at analysing interactions between 

multiple users and how they collaborate on emerging social documents. In conclusion, the most fre-

quently used techniques in Web Analytics do not provide valuable information for SCA because the fo-

cus of Web Analytics and SCA are different in several regards. For example, Web Analytics aims to ana-

lyse interactions between single users and single web pages and SCA aims to analyse interactions be-

tween multiple users and multiple documents. Additionally, as demonstrated in the previous section, 

typical webserver log files do not contain enough data for SCA. 

2.3.3.4 Content Data 

Content data contains user-generated content (e.g. blog posts, wiki pages, status updates, etc.). IBM 

Connections stores content data either in relational databases or the file system. Usually, the data-

bases store metadata and textual content. The file system stores media content, such as files and im-

ages. Figure 2.3 depicts how IBM Connections stores content data. Due to the readability of the figure, 

the grey columns (UUID and ITEM_UUID) are used instead of arrows indicate the foreign keys used for 

joining the tables. 

The way in which IBM Connections stores content data is similar to the structure of compound Social 

Documents. The core element of an SD is represented in a dedicated table. This table includes infor-

mation on the user who created the core element (USER_UUID), the title of the SD and the content it-

self or a referrer to the location where the content is stored. The PUBTIME documents the time of the 

original publication of the SD, whereas the UPDATETIME documents the time of the last update. Addi-

tionally, the table stores information on the user who modified the document (LASTEDITEDBY). The 

content components follow the same table structure. The ITEM_UUID associates every content com-

ponent with an SD core element. 

IBM Connections stores the data of specific modules (wikis, tasks, forums) in a hierarchical database 

structure. The following sections describe an example from the tasks module. For simplicity, the UUIDs 

are replaced with IDs, which are more comprehensible for understanding the relations in Figure 2.4. 
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Figure 2.3: Generic structure of content data (excerpt) 

 

Figure 2.4: Excerpt from a hierarchical database structure for tasks in IBM Connections (excerpt) 

IBM Connections organises tasks on multiple levels: activities, sections, tasks and comments or at-

tachments. Thus, in the database, different types of nodes exist. The following screenshot depicts 

what the example from Figure 2.4 looks like for users in the system. 

UUID USER_UUID TITLE TEXT PUBTIME UPDATETIME LASTEDITED
BY

COMMUNITY
_UUID

acc07328-2d7b-
4ac4-a498-
dbaab3b828d7

3d689884-ef31-
469d-ab8b-
9a564d36a127

Research 
Design

[…] 2017-04-04 
17:30:00

2018-01-046
19:52:00

3d689884-ef31-
469d-ab8b-
9a564d36a127

c964b638-d2a1-
4972-90f8-
bf4dd5ad9402

COMMUNITY_UUID COMMUNITY_NAME

c964b638-d2a1-4972-90f8-
bf4dd5ad9402

PhD Thesis

SD core element

SD community association

TAG_ID TAG_NAME ITEM_UUID USER_UUID

133d9ac7-12fa-428d-a837-
e7fe88a3c3d1

Interviews acc07328-2d7b-4ac4-a498-
dbaab3b828d7

3d689884-ef31-469d-ab8b-
9a564d36a127

COMMENT_ID COMMENT ITEM_UUID USER_UUID

d6d65d9c-f0b3-4f17-b7f4-
5eeef213c8a3

I should look into the
literature again.

acc07328-2d7b-4ac4-a498-
dbaab3b828d7

3d689884-ef31-469d-ab8b-
9a564d36a127

RECOMMENDATION
_ID

ITEM_UUID USER_UUID

1587b978-f0ff-4b95-98b0-
60f500899e1b

acc07328-2d7b-4ac4-a498-
dbaab3b828d7

3d689884-ef31-469d-ab8b-
9a564d36a127

VERSION_ID ITEM_UUID USER_UUID

09f9e0ae-efa6-40c8-
8202-0079747d42b1

acc07328-2d7b-4ac4-
a498-dbaab3b828d7

3d689884-ef31-469d-
ab8b-9a564d36a127

Content component: Version

Content component: Tag

Content component: Comment

Content component: Recommendation

NODE_
UUID

ACTIVITY_
UUID

PARENT_
UUID

NODE_
TYPE

HASCHILDREN NAME CREATED_BY CREATED

1 1 NULL 1 TRUE Writing
Chapters

26 2018-08-31
19:00:00

2 1 1 2 TRUE Introduction 26 2018-08-31
19:01:00

3 1 1 2 FALSE Research
Design

26 2018-08-31
19:01:00

4 1 1 3 FALSE Ideas for 
chapter 
structure

26 2018-08-31
19:43:00

5 1 2 4 FALSE Motivation 
and problem 
statement

26 2018-08-31
19:43:30

6 1 2 4 TRUE Terminology 26 2018-08-31
19:44:00

ID Type

1 Activity

2 Section

3 Entry

4 Task

5 Comment
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Figure 2.5: Screenshot of an "Activity" in IBM Connections 

The activity provides the highest ordering structure. An activity can consist of sections, tasks and text 

entries. Sections provide another layer for ordering tasks within an activity. Sections can contain tasks 

and text entries. Tasks can have subordinated comments. The screenshot above depicts the activity 

“Writing chapters” in IBM Connections. This activity contains the two sections “Introduction” and “Re-

search Design” and a text entry named “Ideas for chapter structure”. The content database represents 

these three elements as child nodes for the activity node “Writing chapters”. The section “Introduc-

tion” contains the two tasks “Motivation and problem statement” and “Terminology”. Consequently, 

in the database, the two task nodes are children of the section node. Finally, the comment is a child 

node of the task. For each node, the database contains the ID of the parent node and a Boolean field 

HASCHILDREN, which indicates the existence of child nodes. 

2.3.4 Accessing ECS Data 

As ECS usually store transactional data and content data in relational databases, database queries 

such as SQL queries allow retrieving the data. This facilitates joining multiple tables and data sources 

and processing the query results. An alternative way is exporting the data in the comma separated 

value file format. Analytics and statistics software can process these files. 

Previous studies describe several approaches for accessing data from databases and web-based in-

formation systems via application programming interfaces (API). An API facilitates the exchange of da-

ta between applications. Accessing data via an API reduces the required effort for maintaining the da-

ta collection (Imielinski, Virmani, & Abdulghani, 1996, 1999; Ong et al., 2015). In recent years, many 

organisations decided to host their applications in vendor operated clouds as Software as a Service 

(SaaS). Systems provided as Software as a Service (SaaS) often use shared databases and thus do not 

provide direct access to the application database (Ferretti, Colajanni, & Marchetti, 2014; Jansen, 
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2011). If one customer in a vendor operated cloud has direct database access, there would be the risk 

that this customer could access other customers' data. In such multi-tenant environments, the appli-

cation manages data-level access, and only the administrator (service operator) has direct database 

access. Consequently, if an organisation has its ECS in a vendor operated cloud, accessing the database 

via custom database queries is impossible. In IBM Connections, the APIs allow accessing most of the 

content data. However, the retrievable transactional data from the API is incomplete. In the case of 

IBM Connections, it is impossible to retrieve read events via the API (IBM, 2018). Thus, this work fol-

lows the approach of accessing data directly from the system database. 

2.3.5 Integrating Data Sources 

As already indicated in the previous sections, the different types of data are stored in different data 

sources. Organisational data is stored in external directory services, and transactional data is stored in 

specific event databases or log files. ECS store their content data in specific content databases.  

2.3.5.1 Mapping Transactional Data and Content Data 

For some areas of SCA, it is necessary to join content data and transactional data. Thus, it is essential 

to find unique identifiers across all data sources. This is challenging for multiple reasons. First, IBM 

Connections stores content data and transactional data in different databases. Technically, it is possi-

ble to join tables across different databases. However, database server links are required (Batini, 

1992), which most database administrators do not permit due to security and performance reasons. 

The second challenge is finding keys, which are consistent across multiple databases. The following 

figure exemplifies the mapping of transactional data and content data. 

 

Figure 2.6: Mapping content data and transactional data (excerpt) 

ID USER_UUID ITEM_UUID CONTENT_
TYPE_ID

EVENT_
OP_ID

COMMUNITY_ID EVENT_TS

10004 3d689884-ef31-
469d-ab8b-
9a564d36a127

acc07328-2d7b-
4ac4-a498-
dbaab3b828d7

7 3 1337 2017-08-01 
10:47:16

Transactional data table: F_EVENTS

Content data table

UUID USER_UUID TITLE TEXT PUBTIME UPDATE
TIME

LAST
EDITEDBY

COMMUNITY_
UUID

acc07328-2d7b-
4ac4-a498-
dbaab3b828d7

3d689884-ef31-
469d-ab8b-
9a564d36a127

Research 
Design

[…] 2017-04-
04 
17:30:00

2018-01-
046
19:52:00

3d689884-ef31-
469d-ab8b-
9a564d36a127

c964b638-d2a1-4972-
90f8-bf4dd5ad9402
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In most modules and their tables in the database, users and content items are stored with Universally 

Unique Identifiers (UUID). In these cases, content data and transactional data can be matched by using 

the UUIDs as keys. The timestamp might provide an additional orientation for matching data because 

in some cases, there might be no other attribute that can be used to create a relation between con-

tent data and transactional data. In such cases, a relation could be inferred when the same group of 

users work on content in a certain period because the timestamps logged in content and transactional 

data would be identical and indicating a relationship.  

2.3.5.2 Mapping organisational data with transactional data or content data 

Mapping organisational data with transactional data or content data adds a new dimension to SCA. 

Organisational data allows aggregating results for organisational units. The most efficient way for 

mapping content data or transactional data with organisational data is by referring to the UUID of us-

ers. 

 

Figure 2.7: Mapping transactional data with organisational data 

Figure 2.7 exemplifies the mapping of transactional data and organisational data. Joining transactional 

data from IBM Connections with organisational data from an LDAP is possible based on the columns 

USER_UUID and UUID. The LDAP can be joined with the organisational data based on the uid field 

from the LDAP in the SOURCE_ID column. In the example above, it would be possible to aggregate all 

events for all employees with the job title “research assistant” at the “Institute for IS Research”. Or-

ganisational data can serve as an additional filter for transactional and content data. 

2.3.6 Summary: Data Sources for Social Collaboration Analytics 

Based on an in-depth analysis of UniConnect, a specific instance of an ECS, and the terminology from 

the IS literature, the three types of data in ECS can be categorised as (1) organisational data, (2) trans-

actional data and (3) content data. 

ID USER_UUID ITEM_
UUID

CONTENT_
TYPE_ID

EVENT_OP
_ID

COMMUNITY_
ID

EVENT_TS

10004 3d689884-ef31-469d-
ab8b-9a564d36a127 106 7 3 1337 2017-08-01 10:47:16

UUID GIVEN_
NAME

SURNAME MAIL SOURCE_ID JOB_
DESCRIPTION

LOCATION

3d689884-
ef31-469d-
ab8b-
9a564d36a127

Florian Schwade fschwade@uni-
koblenz.de

uid=fschwa
de,cn=users
,o=ldap

Research 
Assistant

Office A 
116

uid=fschwade,OU=InstituteISResearch,countryCode=de,title=ResearchAssistant

Transactional data: F_EVENTS

Organisational data: EMPLOYEES

LDAP (excerpt)
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Except for modules that support version control, it is impossible to construct event logs from content 

data as updates overwrite the original content item. It can be summarised that transactional data de-

scribes what happens in a system and content data describes what is in a system. Organisational data 

describes how an organisation is structured. Thus, all these types of data serve as data sources for 

SCA. The following paragraphs provide summaries of the different types of data and their purpose for 

SCA: 

1. Transactional data describes user actions in an ECS and allows usage analyses, which can de-

scribe how and how frequently an ECS is used. Chapters 2.2 and 7.4.3 elaborate on possible 

application areas for SCA. Transactional data is either stored in databases or text files. This fa-

cilitates an automated processing of the data. 

2. Content data contains the actual content of an ECS and thus allows content analyses by apply-

ing text mining, sentiment analysis or genre analysis (Behrendt, Richter, & Trier, 2014; Debor-

toli, Müller, Junglas, & vom Brocke, 2016). Similar to transactional data, content data is most 

commonly stored in databases. 

3. Organisational data describes the organisational structure. Organisational data is stored in ex-

ternal directory services and ECS user profiles. Organisational data is relevant for analyses 

considering a user's position in the organisational hierarchy or a business unit. 

As all three types of data describe different aspects in the context of an ECS, in some cases, joining the 

different data types might be required for holistic analyses.  

2.4 Events in Enterprise Collaboration Systems 

Based on the terminology used in IBM Connections and the literature review in section 2.3, Table 2.4 

defines the relevant terms in the context of transactional data and events. 

Table 2.4: Terms and definitions in the context of transactional data 

Term Definition 

Event/ Record A complete record stored in transactional data 

Atomic action The atomic actions on the file system or database 
level are CREATE, READ, UPDATE and DELETE (CRUD) 

Action Describes what a user has done in the system (e.g. 
created a new blog post or followed another user). 
IBM Connections records 58 different actions (see 
Appendix A.2)  

Action type Provides a level of aggregation for and interpretation 
of actions. The collaborative action typology defined 
in section 2.5 provides the collaborative action types. 

Composite event name In IBM Connections, the composite event name con-
sists of the content type, the content component and 
the action involved in an event. An example of a 
composite event name is blogs.post.created. 
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While the previous sections established a conceptual understanding of transactional data, this section 

provides detailed insights into the events logged by IBM Connections. An in-depth understanding of 

the event log of IBM Connections is required for conceptualising and developing meaningful analyses. 

In IBM Connections, 58 actions and 254 composite events exist. 

Figure 2.8 depicts how IBM Connections composes the event name by referring to the dimensions for 

SCA (c.f. section 2.6). 

 

Figure 2.8: Construction of the composite event name in IBM Connections 

In most cases, the composite event name in IBM Connections represents three dimensions: The mod-

ule in which the event occurred (in this example: Blog.), the content component of an SD which was af-

fected by the event (in this example: Blog post) and the action (in this example: Create). In summary, 

the excerpt from the event log above shows that a user created a new post in a blog. The resulting 

composite event name is blogs.post.created. However, as discussed throughout the remainder of this 

chapter, the association between the composite event name and the action is not always problem-

free. The following sections explore and discuss the composite event names and actions of IBM Con-

nections in detail. 

The composite event name describes a single user action. All actions result in one of the four atomic 

actions as defined in CRUD. The analysis of the event log in IBM Connections identified three main 

challenges with ECS data: (1) multiple events may be triggered simultaneously, (2) some information is 

missing in the event log and (3) a level of interpretation and aggregation of actions is missing in IBM 

Connections. 

ID USER_
UUID

ITEM_
UUID

SOURCE_ID CONTENT_
TYPE_ID

EVENT_
OP_ID

COMMUNITY_
ID

EVENT_TS

10004 3d689884-
ef31-469d-
ab8b-
9a564d36a1
27

072adbbd-
715c-4fd9-
ba7a-
b6de53283a4
7

2 7 3 1337 2017-08-01 
10:47:16

Content type
Content 

component
Action

blogs.post.created

ID Name

2 Blog

Table: D_SOURCE

ID Name

7 Blog post

Table: D_CONTENT_TYPE

ID Name

3 CREATE

Table: D_EVENT_OP
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2.4.1 Challenge 1: Multiple Events May Be Triggered Simultaneously 

In some cases, one user action in the frontend triggers multiple different events at the same time. 

These events are either associated with the user who initiated the original event or with a system us-

er. The association with the user is problematic because this user only initiated the first event deliber-

ately. This occurs especially in two scenarios. First, when a user creates a new community, an event 

with the composite event name community.created is triggered and logged. This event is followed by 

multiple different events with composite event names such as forum.created, files.library.created, fo-

rum.followed, blog.created and many more. These events represent operations performed by the sys-

tem after the user creates a new community. Most of these events are associated with the user who 

created the community. Creating an SD with tags shows a similar behaviour in the IBM Connections 

event log. Tagging a wiki page triggers two events with the composite event names wiki.page.created 

and wiki.page.created.tagged simultaneously. The second example of this challenge is the modifica-

tion of existing content. For example, when a user tags a wiki page, an event with the composite event 

name wiki.page.tag.added is logged. At the same time, another event with the composite event name 

wiki.page.updated is logged. Both events are valid and describe what happened in the system: The us-

er added a tag to a wiki page. This resembles a modification of the wiki page. However, both events 

are associated with the same user. This is problematic because it is impossible to distinguish between 

a wiki.page.updated event that describes that a user edited the content of the wiki page and an up-

date event that follows another event. According to the log, the user would have added a tag to the 

wiki page and edited the content of the wiki page. Additionally, this example identified another incon-

sistency with the event names. The composite event wiki.page.tag.added consists of four elements in-

stead of three. A suitable alternative name for this event would be wiki.page.tagged. This example 

confirms that an in-depth understanding of the analysed log file is required and that such challenges 

and how they are addressed for an analysis need to be documented. Additionally, a way to treat these 

events appropriately needs to be identified. 

2.4.2 Challenge 2: Some Information is Missing in the Event Log 

Chapter 2.3.3.2 demonstrated that some information is missing in the IBM Connections event log. This 

is the case for searches. Currently, SCA in IBM Connections cannot identify searches or search terms, 

as IBM Connections does not log the required information. The analysis of the IBM Connections log file 

also identified that some other actions, such as the recommendation of forum topics cannot be found 

in the event log. However, this information can be reconstructed from the content data. Still, this limi-

tation needs to be considered when conceptualising and conducting SCA. 

2.4.3 Challenge 3: A Level of Interpretation and Aggregation of Actions is Missing 

Based on the analysis of the IBM Connections log file, inconsistencies between the action and the 

composite event name were identified. For events with the actions READ and VISIT, the composite 

event name is non-existent (NULL). Consequently, composite event names such as blogs.post.read do 
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not exist. However, ways of treating this challenge exist. In cases where the event name is NULL, the 

column for the event type can be checked. If required, a script can compose the missing event name.  

The analysis of the event log showed more inconsistencies. For example, the composite event name 

files.file.share.created is associated with the ADD action. This event describes that a user shared a file 

with another user. Moreover, the composite event names forum.topic.reply.created and fo-

rum.topic.attachment.uploaded are associated with the CREATE action. In terms of a Social Document, 

the new reply should be treated as an ADD action (following the IBM Connections terminology) be-

cause a new component (the reply) is added to an SD (the forum topic). The same applies to the up-

load of an attachment to a forum topic. The examples discussed above demonstrate that the associa-

tion between the composite event names and the actions is often imprecise or even wrong. Addition-

ally, the examples demonstrate that the actions are not suitable for interpreting an event. Thus, a lev-

el of interpretation and aggregation of actions is missing in IBM Connections. The findings related to 

this challenge strengthen the need for a new event typology. 

This section described the structure and the logged events in the event log of IBM Connections. The 

identified challenges with the event log show important considerations for the conceptualisation, de-

velopment and interpretation of analyses. 

2.5 The Collaborative Action Typology (COAT) 

As identified in the previous sections, a new typology for categorising actions in ECS is required. (1) As 

outlined in section 2.4.3, the association between composite event names and actions in IBM Connec-

tions contains inconsistencies. (2) IBM Connections logs 58 actions, and there is no level which aggre-

gates actions. The 58 actions are too detailed to be used as a layer of aggregation or interpretation. 

Finally, (3) IBM coined the current terminology of the composite event names and actions. To address 

these limitations, this chapter aims to aggregate and categorise events and provide a technology-

agnostic typology of collaborative actions. As discussed in the final chapter of this dissertation, such a 

technology-agnostic typology of collaborative actions can also provide the foundation for a general 

ontology that can describe events in collaboration systems. 

Only few studies suggest classifications for collaborative actions, for example, the cup matrix by Rich-

ter et al. (2012) and the create, read, update and delete classification, which is discussed in the follow-

ing. The collaborative usage patterns matrix (CUP matrix) proposed by Richter et al. (2012) is the only 

classifications of user actions specifically developed for collaboration systems. The CUP matrix con-

tains the seven collaborative actions: (1) search, (2) edit, (3) rate, (4) label, (5) clarify, (6) share and (7) 

notify. Interestingly, the classification does not contain activities for consuming content and network-

ing between users. As outlined in chapter 1, Enterprise Collaboration Systems facilitate the formation 

of Enterprise Social Networks between employees. The consumption of content should also be an es-

sential component of such action classifications because ECS are often used as knowledge repositories 

for employees to find specific information. Additionally, inconsistencies in the definitions of the col-
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laborative action types can be observed, especially with the action types share and notify. Richter et 

al. define the action notify as “notify others about relevant content, which already exists” (Richter et 

al., 2012, p. 8). In contrast, the action share is defined as “provide content in order to make it available 

to others” (Richter et al., 2012, p. 8). Especially the definition for the category share can be problemat-

ic because it is unclear whether the definition describes only uploading new content and making it 

available to others or if it also considers granting access rights to existing content to other users, which 

then might be overlapping with the action category notify. Besides these inconsistencies, it needs to 

be considered that the CUP matrix was published in 2012, and as outlined in chapter 1, ECS have 

emerged and significantly evolved, which lead to new features being added to the systems. Because of 

the discussed limitations and the evolution of ECS, an updated classification of user actions in ECS is 

required. 

Another way for classifying user actions is based on the create, read, update and delete (CRUD) opera-

tions (Moody, 1998). CRUD defines the atomic actions on the level of a file system or database. Millen 

et al. (2006) follow a similar approach and classify user actions into the categories create, view, edit 

and delete, which are similar to CRUD. While each of the 58 actions in IBM Connections can be 

mapped to one of the atomic actions, CRUD is not suitable for aggregating and interpreting collabora-

tive actions. It has a technical focus and does not allow interpreting collaboration activities. Addition-

ally, the distinctions between these four action types is not detailed enough for SCA.  

The concept of compound Social Documents (Hausmann & Williams, 2016; Williams & Mosen, 2020) 

provides a lens for categorising collaborative actions. Table 2.5 presents the collaborative action ty-

pology (COAT), which addresses the outlined limitations by drawing from the concept of compound 

Social Documents. COAT provides a layer of aggregation to actions in collaboration systems and allows 

to interpret user actions. As COAT is an essential element of the dimensions for SCA (see section 2.6), 

COAT is one of the core contributions of this dissertation.  

COAT was developed based on the classifications described in the previous paragraphs and a thorough 

investigation and interpretations of the actions recorded in IBM Connections. The term collaborative 

actions is derived from the CUP matrix by Richter et al. (2012). The concept of SDs provides the frame 

for the classification of the actions create, modify, and consume because first, the core component of 

a social document needs to be created before it can be modified by editing it or adding other compo-

nents such as comments or likes. The CUP matrix influenced the action types discuss and alert. Finally, 

the actions network and tasking represent essential features of ECS. Especially tasking has not been 

widely investigated in the context of ECS (Nagel & Schwade, 2020). The following sections present the 

collaborative action typology and discuss how COAT addresses the limitations of the existing classifica-

tions. 
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Table 2.5: Collaborative Action Typology (COAT) 

Action type Description 

Create Creation of a new core element of an SD 

Modify (change/add) Modify existing content 

Discuss Discussing content or topics 

Alert Notify about existing content 

Consume Consume content 

Network Network relations with other users 

Tasking Working with tasks 

Delete Delete SDs or their components 

 

Appendix A.3 demonstrates the mapping of the IBM Connections events with these action types. 

The action type (1) create describes user actions resulting in the creation of a new core element of an 

SD. This includes, for example, creating a new wiki page, posting a new blog post, uploading a new file 

or posting a new status update (microblog). 

The collaborative action (2) modify describes user actions that modify existing content. The two char-

acteristics modify (add) and modify (change) are distinguished. Change actions alter the core element 

of an SD or one of the components. Examples for this are editing blog posts, wiki pages or forum re-

plies. Add actions add new components to an SD by commenting, rating or tagging. Similar to modify 

(add) actions, (3) discussing content adds additional components to an SD by posting comments or 

marking questions as solved. As shown in the event mapping in Appendix A.3, discuss events represent 

a subset of modify events. 

The beginning of this section outlined the need for distinguishing between sharing and notifying. For 

addressing this need, the collaborative action (4) alert describes actions for notifying other users 

about existing content.  

Furthermore, the CUP-matrix by Richter et al. (2012) does not consider consuming actions. Thus, the 

action type (5) consume describes activities for consuming content such as reading posts or download-

ing files.  

(6) Networking actions result in relations with other users by following or adding them to a list of con-

tacts. The subscriptions to content and other users are the foundation for the individual activity 

stream. Thus, the actions network and consume are closely related. 

(7) Tasking is a special characteristic of groupware and ECS. Current studies often neglect this aspect. 

Thus, task management represents a separate action in the typology. 

Finally, the (8) delete action refers to deleting existing Social Documents or their components. 
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In conclusion, the action types create, consume, and modify (add/change) follow the core phases of 

the information life cycle whereas alert, network, discuss and tasking represent key collaboration fea-

tures in ECS. The information life cycle, the CRUD operations, the CUP matrix and the concept of com-

pound SD inform the collaborative actions typology. 

The main challenge for analyses in ECS is the preceding assignment of event types to the defined con-

cepts. For example, IBM Connections treats “adding a network contact” as a CREATE action in the 

event log. Such inaccuracy and ambiguity must be addressed when conceptualising analyses.  

This can be achieved by setting up mapping tables between the terminology used by the collaboration 

software and the terminology used in COAT. Appendix A.3 contains this mapping for IBM Connections. 

COAT serves as a first step in the direction of an ontology for collaborative actions. 

2.6 Dimensions for Social Collaboration Analytics (DiSCoAn)2  

The previous sections outlined the characteristics of ECS data and the events in IBM Connections. As 

shown in Figure 2.2, event records consist of multiple dimensions. Consequently, there is a variety of 

different combinations possible. A literature review, a focus group (Appendix A.4) and a primary sur-

vey with ECS user companies identified three main challenges for SCA: 

1. Understanding the log files and tables in the database of the collaboration software 

2. Knowing what can be analysed and what information can be gained 

3. Programming the queries 

Section 2.3.3 addressed the first challenge. Addressing the remaining challenges requires a structured 

representation of the dimensions of ECS logs. The following sections contain the development and 

evaluation of the dimensions for SCA. The dimensions guide researchers and practitioners in develop-

ing questions for SCA. Additionally, the dimensions support the development of data queries. 

2.6.1 Identifying and Developing Dimensions for Social Collaboration Analytics 

The dimensions for SCA add structure to the field of SCA, conceptualise the main dimensions of ECS 

logs and consequently guide the formulation of questions and data queries. As shown throughout the 

following sections, the dimensions are required because there are no appropriate structures or the ex-

isting ones lack theoretical foundations. The dimensions for SCA were developed and evaluated in a 

multi-stage Design Science Research approach, as shown in Figure 2.9. Details about DSR, according to 

Vaishnavi and Küchler (2004), are provided in chapter 3. A typical characteristic of the DSR approach is 

the development and evaluation cycle, as shown in the figure below. A literature review, the analysis 

of the architecture of an ECS and the analysis of ECS data provided the foundations for developing the 

 

2 Parts of this section have been published in: Schwade, F., & Schubert, P. (2017). Social Collaboration Analytics 
for Enterprise Collaboration Systems: Providing Business Intelligence on Collaboration Activities. In Hawaii In-
ternational Conference on System Sciences 2017 (HICSS). Hilton Waikoloa Village, Hawaii, USA. 
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dimensions for SCA. A preliminary version was evaluated in an interactive focus group with 12 collabo-

ration professionals from 9 different ECS user companies. The feedback from the focus group helped 

to refine the preliminary version of the SCA dimensions. A subsequent focus group with 13 partici-

pants from 11 companies evaluated the final version of the dimensions. In parallel to the refinement 

of the dimensions, based on the results from the first focus group, prototypes for analyses were de-

veloped and evaluated in a second focus group. Appendix A.4 and Appendix A.5 contain the complete 

documentation of the aforementioned focus groups. The key findings from these focus groups are 

outlined in the following sections. 

 

Figure 2.9: Multi-stage DSR approach for developing DiSCoAn 

2.6.2 Phase 1: Developing Preliminary Dimensions for Social Collaboration Analytics  

As previously outlined, Behrendt et al. (2014) propose a conceptualisation of digital traces along the 

dimensions who, how, when, where, what and to whom. These dimensions do not have a theoretical 

foundation. They were solely derived from the main components of log files of ECS. Although the di-

mensions suggested by Behrendt et al. (2014) are a suitable foundation for the dimensions for SCA, 

they need to be refined and additional theoretical foundations are required for a sound classification 

of dimensions. In the following, it is discussed how the theoretical foundations for the dimensions for 

SCA were derived from the field of workspace awareness.  

The research field workspace awareness provided the foundation for developing the preliminary ver-

sion of the dimensions for Social Collaboration Analytics (DiSCoAn). Gutwin and Greenberg coined the 

term workspace awareness (Gutwin & Greenberg, 1997). Since then, workspace awareness has 

emerged as a central research stream within CSCW. Workspace awareness is based on the under-

standing of awareness as informedness about something. The authors argue that informedness in-

cludes knowledge about dynamic environments. Such knowledge is collected and maintained through 

(perceptual) information. In a later publication, Gutwin and Greenberg define workspace awareness as 

“up-to-the-minute knowledge a person holds about another’s interaction with the workspace” (Gut-

win & Greenberg, 2002, p. 417).  
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Table 2.6: Comparison of the definitions for workspace awareness and Social Collaboration Analytics 

Definition for workspace awareness Definition for Social Collaboration analytics 

“up-to-the-minute knowledge a person holds about 
another’s interaction with the workspace” 

(Gutwin & Greenberg, 2002, p. 417) 

“approach for analysing and displaying collaboration 
activity of users in socially-enabled collaboration sys-
tems” (Schwade & Schubert, 2017, p. 402) 

 

Comparing the two definitions shows that both definitions emphasise knowledge about what users 

did in a shared workspace. Workspace awareness and SCA share similar objectives and describe simi-

lar conditions for people working together. This makes workspace awareness suitable for informing 

the development of the dimensions for SCA. Research on workspace awareness contains several clas-

sifications for characterising elements of awareness and workspace usage (Dourish & Bellotti, 1992; 

Sohlenkamp & Chwelos, 1994). Gutwin and Greenberg (2002) point out that the classifications mainly 

consist of “elements that answer who, what, where, when and how questions.” (Gutwin & Greenberg, 

2002, p. 420). Based on a review of existing classifications and elements, Gutwin and Greenberg 

(2002) propose new elements for workspace awareness. As transactional data refers to user actions 

that occurred in the past, the classification for characterising workspace awareness related to the past 

provides the foundation for developing DiSCoAn. Table 2.7 summarises the categories for workspace 

awareness as summarised by Gutwin and Greenberg (2002). 

Table 2.7: Elements of workspace awareness relating to the past (Gutwin & Greenberg, 2002) mapped 

with dimensions for SCA 

Category (Dimension) Specific questions SCA questions 

Who? Who was here, and when? Who initiated the event? 

Where? Where has a person been? Where did the event occur? 

What? What has a person been doing? What kind of event happened? 

When? When did that event happen? When did that event happen? 

How? How did that operation happen? 

How did this artefact come to be in 
this state? 

- 

 

Table 2.7 shows that the specific questions for the dimensions by Gutwin and Greenberg (2002) rather 

focus on people instead of actions. In SCA, the user is just one dimension of an ECS event record. The 

dimensions and questions outlined by Gutwin and Greenberg can indeed inform the development of 

dimensions for SCA. However, for considering all dimensions of ECS event records, the five categories 

by Gutwin and Greenberg (2002) need to be rephrased. The column “SCA question” in Table 2.5 shows 

how the categories can be shaped as dimensions for SCA by shifting the focus from the user to the dif-

ferent dimensions of the event record. In summary, Table 2.5 also shows how the elements of work-

space awareness by Gutwin and Greenberg were adapted to suit in the context of SCA. The adaption 
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of the elements to the context of SCA served as the foundation for developing a preliminary version of 

the dimensions for SCA as depicted in Figure 2.10. 

 

Figure 2.10: Preliminary dimensions for Social Collaboration Analytics 

The four dimensions aim to guide researchers and practitioners in developing questions that can be 

posed toward the available ECS data. Thus, the four dimensions represent the main elements of an 

event. The dimension who seeks to answer the question “Who initiated the event?” and thus refers to 

the originators of events. These can be, for example, the whole platform, several communities, indi-

vidual members or business units. The dimension where answers the question “Where did the event 

occur?” and contains the modules of an ECS as described in section 1.1. The dimension what describes 

the type of event and answers the question “What kind of event happened?”. Finally, the dimension 

when describes the time at which an event happened.  

The four dimensions are theoretically grounded in the concepts of workspace awareness. The dimen-

sions aim to guide researchers and practitioners in finding questions for SCA. 

2.6.3 Phase 2: Evaluating the Dimensions for Social Collaboration Analytics 

In an interactive focus group session, 12 participants from 9 different organisations evaluated the di-

mensions for SCA. In an activity, the participants were asked to use the preliminary dimensions for de-

veloping questions for measuring ECS use. Accordingly, the objectives of this focus group were to: 

1. Evaluate the preliminary SCA dimensions 

2. Identify questions for measuring ECS use 

Appendix A.4 contains a complete documentation of the focus group, including a list of the partici-

pants. 

This section focuses on the first objective. The focus group consisted of two parts. In the first part, the 

required theoretical foundations, terminology and the current state of SCA were presented to the par-

ticipants to ensure all participants had the same level of knowledge on the subject. In the second part, 



 Social Collaboration Analytics 

 37 

the preliminary version of the SCA dimensions was introduced to the participants. This was followed 

by an exercise during which the participants were asked to formulate questions for measuring the use 

of the ECS in their company by using the dimensions for SCA. Each participant developed at least two 

questions. Each question was written down on cards and collected on a pinboard visible to all partici-

pants. As the participants submitted their cards to the pinboard, the moderators grouped the cards in-

to categories that represented the feasibility of the implementation as prototypes at the time of the 

workshop. Following the collection, the participants discussed the exercise itself as well as the pro-

posed dimensions for SCA. The moderators suggested that particular questions should be discussed in 

a follow-up focus group. 

The overall discussion of the interactive part confirmed that the provided dimensions supported the 

participants in developing their questions. Before introducing the SCA dimensions, the participants 

stated that it was challenging to identify questions for measuring ECS usage. The participants men-

tioned that the dimensions for SCA provide valuable assistance in finding such questions. However, 

the participants suggested to extend and revise the dimensions because they experienced some diffi-

culties during the exercise. The participants expressed a need for a sharper distinction between the 

dimensions who and where. The dimension who merged different aspects. Whereas the element 

“Member” describes who initiated an event, the remaining elements describe the level of the platform 

(platform-wide, selected communities) or the physical location (business unit, country).  

In summary, the focus group confirmed the practical relevance and applicability of the dimensions. 

The participants outlined necessary refinements for improving the structure of the dimensions. Addi-

tionally, the focus group resulted in a set of questions that the participants would like to pose toward 

their ECS data.  

After the focus group, the collected questions were categorised according to their topic. This categori-

sation provided a fist indication of the aspects of ECS use that are of interest to the participants. Table 

2.8 provides an overview of the resulting question categories. 

Table 2.8: Question categories 

Topic Number of questions 

Unique visitors/contributors (within a community) 4 

Connectedness of users 3 

(Social) interactions with content 2 

Analysis of To-do items 2 

Creation of new content 1 

Types of communities 1 

Content followers 1 
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The categorisation demonstrates a high interest in identifying unique visitors or contributors within a 

community. In addition, there seems to be a high interest in analysing the connectedness of users. 

As a follow-up activity to the initial focus group, the participants were asked to vote for the most in-

teresting questions in a mini-survey. Each participant placed exactly two votes. Twelve collaboration 

professionals participated in this mini-survey. The questions that received the highest numbers of 

votes were: 

• How many unique users visited a specified community? (6 votes) 

• How many unique users contributed to a specified community? (6 votes) 

These two questions were implemented as prototypes and evaluated during a second focus group.  

 

Figure 2.11: Prototype for the evaluation of the dimensions for SCA 

Appendix A.5 contains the documentation of the focus group. Figure 2.11 depicts one of the proto-

types that was developed for the evaluation of the dimensions for SCA. The prototype seeks to answer 

the two questions listed above, which refer to unique visitors and contributors in communities. This 

analysis also identified the five communities with the highest number of contributing members. The 

dimensions for SCA guided the development of the prototype as follows: 

• Who: Communities and their members 

• Where: All modules 

• What: All activities grouped into consuming and contributing activities 

• When: Last 365 days 

The analysis shows the number of community members, the number of unique users who visited the 

community and the number of unique contributors in a community. The evaluation in the workshop 

confirmed that the prototype answers the questions. The participants discussed how these questions 

were developed from the SCA dimensions. The demonstrated results also helped the participants to 

discuss how the selected communities are used. For two communities, it can be observed that the 
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number of visitors to the community is higher than the number of community members. This hap-

pened because these two communities are open to all members on the platform. Even such a basic 

analysis provided valuable information to the collaboration professionals. The successful evaluation in 

this second focus group confirmed that the dimensions for SCA provide valuable guidance in develop-

ing meaningful analyses. 

2.6.4 Phase 3: Refining the Dimensions for Social Collaboration Analytics (DiSCoAn) 

The previous section outlined some limitations with the preliminary version of the SCA dimensions. 

This section describes the refinement of the dimensions and presents the final version of the dimen-

sions for Social Collaboration Analytics. 

As discussed in section 2.6.3, the participants perceived the dimensions as useful. This indicates that 

the elements for workspace awareness by Gutwin and Greenberg (2002) can be adapted to the con-

text of SCA. However, the participants identified limitations and inconsistencies in the dimensions. The 

labels of the dimensions seemed to be too generic and a refinement of the dimensions was necessary. 

The revisions to the dimensions were made based on the evaluation and existing research findings on 

ECS. Figure 2.12 depicts the revised and final version of the dimensions for SCA (DiSCoAn).  

 

Figure 2.12: Dimensions for Social Collaboration Analytics (DiSCoAn) 

Alongside the SCA framework, DiSCoAn is the main contribution of this dissertation. Overall, in com-

parison with the preliminary version, the refined dimensions contain several changes. The original di-

mension who was split into the dimensions level of analysis and further filters. Splitting the dimensions 

addresses the inconsistency in the preliminary dimension, as this dimension merged different aspects. 

A re-evaluation of the original dimensions showed that the dimension what did not distinguish be-

tween user actions and content. Consequently, the dimension what was split into the dimensions con-

tent component and action type. Following the concept of compound social documents, a new dimen-
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sion content type was added. Introducing the new dimensions addresses the inconsistencies and am-

biguity in the dimension what. The following sections outline how research findings in the area of ECS 

shaped the development of DiSCoAn. The inclusion of these research findings led to the conclusion 

that the previous labels were not suitable for a precise definition of dimensions. Consequently, each 

dimension received a new label. The additional guiding questions are still aligned with the questions, 

as shown in Table 2.7. 

The first dimension describes the level of analysis. The level of analysis determines the scope of the 

analysis (Where?). This can either be the entire platform, a specific (or multiple) community or a spe-

cific user. The scheme only includes users, as this is a possible level of analysis. The level of analysis 

corresponds to the dimension where from workspace awareness. A further important decision is the 

content type to be included in the analysis (Which type of content?). This dimension allows specifying 

one or more content types. The content type refers to the modules of integrated ECS, which were dis-

cussed in and derived from section 1.1. In combination with the dimension content component, it in-

corporates the idea of compound SDs. Additionally, the content components need to be specified (fol-

lowing the specified content type). Depending on the content type, it is possible to specify one or 

more different content elements, which can be the intellectual entity or additional components. To-

gether with the dimension action type, the dimensions content type and content component extend 

the dimension what from workspace awareness. 

The following dimension contains the action type (Which type of action?). This step is particularly im-

portant and needs careful consideration. This dimension describes the type(s) of action considered for 

the analysis. This dimension is based on the collaborative actions typology and the development of the 

action types is discussed extensively in section 2.5. The time is an additional dimension as each event 

is marked with a timestamp. The dimension is based on the dimension what as defined by Gutwin and 

Greenberg (2002). 

The last dimension suggests applying further filters. Queries can be limited to a specific business unit 

or a region depending on the available data in the social profiles of the users. Depending on the re-

quired information, the query must join data from the three available data sources. The filtering is 

usually done based on organisational data (section 2.3.3.1). 

In a concluding focus group, 13 collaboration professionals from 11 organisations positively evaluated 

DiSCoAn in the focus group discussion. In the focus group, it was presented how the dimensions were 

changed based on the feedback collected from the previous focus group. The participants stated that 

their concerns were addressed and that the dimensions provide valuable guidelines for phrasing ques-

tions about the use of an ECS. Appendix A.6 contains the complete documentation of the focus group. 

In later research, the Social Document Ontology (SocDOnt) was published that confirms the structure 

chosen for DiSCoAn. The ontology (Williams & Mosen, 2020) describes the generic structure of social 

documents in ECS and distinguishes between core content components and additional content com-

ponents. Another commonality with DiSCoAn is that in the ontology (work) spaces define the place 

where data resides, which is equivalent to the level of analysis in the dimensions for SCA. Most of the 
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main elements of SocDOnt are in line with DiSCoAn. Regarding the spaces, Williams and Mosen (2020) 

distinguish between organisational platform spaces (entire space within an enterprise collaboration 

platform), group workspaces (restricted access for a defined group of users) and user workspaces (per-

sonal workspace of individuals), which emphasises the relation between the different types of spaces 

and the levels of analysis (platform, community, user) in the dimension model. Additionally, SocDOnt 

defines containers which are high-level concepts for grouping items that are created and stored by the 

same application. Containers are similar to the content type in DiSCoAn. Moreover, SocDOnt defines 

social document components which occur in the form of simple components (tags and likes) or com-

ponents with intellectual content (e.g. comments, posts). Social document components are in line 

with the dimension content component. In the framework for Identification of Requirements for ESS, 

actions are the key layer for connecting the ECS features with collaboration scenarios and use cases 

(Glitsch & Schubert, 2017). 
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3 Research Design 

In this chapter, the research design and the methods for data collection are presented and discussed. 

As this dissertation follows the pragmatist paradigm, a design science research (DSR) approach was 

chosen. Through the evaluation and communication of the research as part of DSR, the research out-

comes are disseminated to practitioners. Nunamaker et al. (2015, p. 11) observe that such DSR re-

search is often limited to “work up an idea, build a quick prototype, test it in a lab”. The authors call to 

“shepherd an information systems (IS) solution through the last research mile” (Nunamaker et al., 

2015, p. 1). The last research mile refers to transferring and applying research outcomes in practice. By 

utilising focus groups and a key case study involving practitioners, as outlined in section 3.3, this dis-

sertation takes the research contributions through the “last research mile”. The evaluation and trian-

gulation of the research findings are facilitated by adopting a mixed-methods research design. 

As pragmatist research is more flexible regarding the methodology, there is some criticism. Lincoln 

(2010) criticises pragmatists for not elaborating on their ontology and epistemology. Such criticism 

emphasises the importance to define the ontology and epistemology of research proactively. The on-

tology in this dissertation is critical realism. In critical realism, the social word is an open system of 

emergent entities. Critical realists focus on understanding social reality and its entities instead of 

merely describing them. It is assumed that there are non-observable structures and social interactions 

that cause visible structures and interactions. The social world can only be understood when the non-

observable interactions and structures are understood and interpreted. The critical realist ontology 

can frequently be found in the social sciences and qualitative research. Critical realists aim to inquire 

on artefacts, social structures and what affects human interactions (Bhaskar, 2010; Saunders, Lewis, & 

Thornhill, 2015; Vincent & O’Mahoney, 2018). 

The epistemological stance of this research is defined throughout the following sections. As Goldkuhl 

(2012) repeatedly argues that in some aspects, pragmatism and interpretivism may be similar and that 

studies can incorporate elements from both paradigms, the predominant research paradigms in IS re-

search are briefly distinguished in section 3.1 and a detailed view on pragmatism is provided. Section 

3.2 elaborates on the DSR approach. The remaining sections contain descriptions of the chosen meth-

ods for data collection. 

3.1 Predominant Research Paradigms in Information Systems Research 

Orlikowski and Baroudi (1991) differentiate between the epistemologies positivism, interpretivism and 

critical approaches. This is one of the most well-known distinctions in the IS literature (Goldkuhl, 

2008). In the early 2000s, Goles and Hirschheim (2000) introduced another research paradigm, prag-

matism, to IS research. Over the years, other scholars such as Baskerville and Myers (2004) have 

acknowledged its importance. The following sections contain discussions of positivism, interpretivism, 

and pragmatism for enabling a sharper distinction from pragmatism. 
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3.1.1 Positivism 

Orlikowski and Baroudi identify positivism as the dominant paradigm in IS research (Orlikowski & Ba-

roudi, 1991). The outcomes of positivist research are typically generalisations. In positivism, the de-

velopment and testing of hypotheses is a common part of the research strategy. Positivist researchers 

develop these hypotheses based on an existing theory. The results of hypotheses testing then lead to 

building a new theory. In general, positivists strive to create quantifiable observations from statistical 

analyses (Lincoln & Guba, 1985; Orlikowski & Baroudi, 1991; Saunders et al., 2015). As positivism does 

not influence this research in any way, it is not further discussed. 

3.1.2 Interpretivism 

Interpretivism received increasing attention in IS research (Orlikowski & Baroudi, 1991). Interpretivists 

emphasise understanding phenomena and the meanings that social actors assign to them as all actors 

are assumed to develop their subjective meanings. Consequently, interpretivists postulate that under-

standing phenomena and social constructs is impossible without considering the social actors. Accord-

ing to Burrell and Morgan (1985), interpretivist researchers view the world as emerging and constantly 

changing. 

In contrast to positivism, interpretivism does not strive for generalisation. Instead, the intent is to un-

derstand the deeper structures of selected phenomena. Thus, researchers have a subjective view. In-

terpretivism is appropriate for situations that are complex, unique and changing. A generalisation is 

not crucial in interpretivism (Burrell & Morgan, 1985; Goles & Hirschheim, 2000; Orlikowski & Baroudi, 

1991; Saunders et al., 2015; Walsham, 2006). Although this dissertation does not draw from interpre-

tivism as a paradigm, interpretivism influences this dissertation. The similarities between interpre-

tivism and pragmatism are discussed in section 3.1.4. 

3.1.3 Pragmatism 

Pragmatism has a longer history in the Social Sciences than in IS research. Morgan (2014) observes 

that the discussions about paradigms in Social Sciences since the 1990s have neglected pragmatism. 

Pragmatism is rooted in the concepts of experience and inquiry by Dewey (1938). Dewey bases experi-

ence on two intertwined questions: “What are the sources of our beliefs?” and “What are the mean-

ings of our actions?”. Actions result in the origins of beliefs, and the results of actions are reflected in 

beliefs. Ultimately, this means that experiences create meaning. An inquiry is a specific kind of experi-

ence. Problematic beliefs are carefully examined and resolved through action (Morgan, 2014). Mean-

ing and knowledge have a pivotal role in pragmatism 

Goldkuhl (2012) identifies different forms of knowledge in pragmatism. Knowledge in pragmatism can 

comprise explanations (positivism), understanding (interpretivism) and prescriptions (guidelines), as 

well as normative (exhibiting value), and prospective (possibilities) knowledge. In pragmatism, the 

knowledge character is not as limited as in positivism and interpretivism. Individuals should be free to 
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define the issues for inquiry and the means to investigate them (Dewey, 1938). Accordingly, Morgan 

views pragmatism as a “radical departure from philosophical arguments about the nature of reality 

and the possibility of truth” (Morgan, 2014, p. 1039). 

Originally, Lovejoy (1908) described 13 types of pragmatisms. In the context of IS research, functional, 

referential and methodological pragmatism have established (Goldkuhl, 2008, 2012). As shown in Ta-

ble 3.1, they differ in the relations between knowledge and actions. 

Table 3.1: Types of pragmatism and their relations between knowledge and action (Goldkuhl, 2008) 

Type of pragmatism Relation between action and knowledge 

Functional pragmatism Knowledge for action 

Referential pragmatism Knowledge about action 

Methodological pragmatism Knowledge through action 

 

In functional pragmatism, knowledge should be useful for action. This relation emphasises the im-

portance of models, frameworks and methods, which provide prescriptive knowledge. In functional 

pragmatism, Hevner et al. (2004) witness a growing interest in design science, as design science re-

search develops the knowledge required for the design of artefacts. Functional pragmatism thus con-

tributes knowledge for action.  

Referential pragmatism describes the world in action-oriented ways of utilising theory. Knowledge 

should consider all aspects related to actions, such as their context (e.g. actors and conditions) and 

their results. The relation between knowledge and action is knowledge about action.  

Methodological pragmatism develops knowledge-based on actions, experiences and reflections on ac-

tions. In addition to collecting empirical data, intervention with the setting for applying and testing 

methods is essential. Knowledge is created through action (Goldkuhl, 2008, 2012). 

Pragmatism allows choosing the most suitable methods, which can answer a particular research ques-

tion and acknowledges both quantitative and qualitative research methods (Feilzer, 2010; Johnson et 

al., 2007). Thus, pragmatism supports using a mixed-methods approach (Feilzer, 2010; Goldkuhl, 2012) 

explicitly.  

3.1.4 Pragmatism and Interpretivism in Qualitative IS Research 

Goldkuhl (2012) provides an ideal-typical distinction between pragmatism and interpretivism in quali-

tative IS research. Table 3.2 summarises the main criteria for this distinction. Goldkuhl (2012) assigns 

the interpretivist approach with a constructivist ontology following Orlikowski and Baroudi (1991) and 

Walsham (1995). Regarding pragmatism, Goldkuhl (2012) argues that it is hard to find a suitable on-

tology. Goldkuhl (2012) observes a realistic stance towards reality. Due to the orientation of clear 

meaning, the ontology is comparable with symbolic realism (Goldkuhl, 2012). The challenge of defin-
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ing an explicit ontology for pragmatism might be a reason why mixed-methods pragmatists often do 

not discuss their ontology. 

Table 3.2: Ideal-typical differentiation of pragmatism and interpretivism (Goldkuhl, 2012, p. 142) 

 Pragmatism Interpretivism 

Ontology Symbolic realism Constructivism 

Empirical focus Actions and changes Beliefs 

Type of knowledge Constructive knowledge Understanding 

Role of knowledge Useful for action Interesting 

Type of investigation Inquiry Field study 

Data generation Data through assessment and in-
tervention 

Data through interpretation 

Role of the researcher Engaged in change Engaged in understanding 

 

The empirical focus of pragmatism is on actions and changes, whereas the empirical focus of interpre-

tivism is on beliefs. In interpretivism, the key character of knowledge is understanding, whereas in 

pragmatism, knowledge is constructive. In interpretivism, the role of knowledge is to be interesting 

(Goldkuhl, 2012). In interpretivism, the primary type of investigation is the field study, and interpreta-

tions generate data. As previously outlined, the type of investigation in pragmatism is the inquiry. 

Thus, assessment and intervention generate data. Additionally, the data enables intervention 

(Goldkuhl, 2012).  

In summary, pragmatism aims at creating knowledge, which enables actions and change. In contrast to 

this, interpretivism aims at understanding the relevant aspects of reality. The role of the researcher in 

both paradigms also reflects this. As this dissertation is pragmatic, it seeks to contribute knowledge, 

which is useful for action in practice. As indicated in section 3.1.2, this dissertation also includes inter-

pretive elements because some aspects surrounding the problem domain need to be interpreted and 

understood. 

3.2 Design Science Research 

This dissertation follows a DSR approach. The work includes the development and evaluation of arte-

facts such as frameworks, models and IT artefacts. Over the years, extensive academic discourse on 

DSR in IS research has evolved. This discussion covers various aspects such as (1) different approaches 

to DSR (Hevner et al., 2004; Peffers, Tuunanen, Rothenberger, & Chatterjee, 2007; Vaishnavi & Küch-

ler, 2004), the (2) adoption of DSR in IS research and the (3) acceptance of DSR in the leading publica-

tion outlets (Baskerville, Lyytinen, Sambamurthy, & Straub, 2010; Gregor & Hevner, 2013; Iivari, 2007; 

Österle et al., 2010). Although different authors emphasise different phases and steps in DSR, it can be 

summarised that DSR “involves the creation of new knowledge through design of novel or innovative 
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artefacts” (Vaishnavi & Küchler, 2004, p. 1). The commonly identified phases of DSR are the (1) identi-

fication of a problem, (2) the development of an artefact, which aims to solve the previously identified 

problem and, its (3) subsequent evaluation and the communication of the research outcomes. 

In their “Memorandum on design-oriented information systems research”, Österle et al. (2010) outline 

the key strengths of DSR. The authors observe that traditionally, European IS researchers work to-

gether with practitioners and aim to develop research outcomes that are relevant and beneficial for 

practitioners and businesses. The risk of such design-oriented research is that it may often lack scien-

tific documentation of the development (rigour) in favour of a functional outcome (relevance). Be-

cause of the lack of rigour, design-oriented research was likely to be rejected by the leading American 

IS journals that favoured behaviourist research. Due to this situation, Österle et al. (2010) perceived 

the risk that European IS research was in danger of shifting from a design-oriented to a descriptive dis-

cipline. In the memorandum, the authors emphasise the importance of design science research, a new 

approach which emerged in the late 2000s. Österle et al. (2010) outlined that the guidelines and prin-

ciples of DSR could help the European IS community to achieve rigorous research outcomes and the 

American IS community to achieve relevant research outcomes. In response to this memorandum, 

Baskerville et al. (2010) outlined that the American IS community and leading journals conducted and 

published more research following the guidelines of DSR. As DSR supports researchers in creating rig-

orous and relevant research outcomes, a DSR approach is adopted in this dissertation.  

As previously outlined, there is no unified approach to DSR, and different authors emphasise different 

phases of DSR. Vaishnavy and Küchler (2004) propose a Design Science Research Process Model 

(DSRM) consisting of the phases (1) Awareness of Problem, (2) Suggestion, (3) Development, (4) Eval-

uation and (5) Conclusion. Peffers et al. (2007) propose a similar DSRM with subtle differences com-

prising the phases (1) Identify Problem & Motivate, (2) Define Objectives of a Solution, (3) Design & 

Development, (4) Demonstration, (5) Evaluation and (6) Communication. Whereas Vaishnavy and 

Küchler (2004) define one phase related to the research problem, Peffers et al. (2007) dedicate two 

phases to the research problem: Identify Problem and Motivate and Define Objectives of a solution. 

Moreover, Peffers et al. (2007) merge the phases Suggestion & Development into one phase (Design & 

Development). The evaluation phase consists of the two phases Demonstration and Development. In 

summary, Vaishnavi and Küchler (2004) emphasise the suggestion (design) of the artefact and its de-

velopment, whereas Peffers et al. (2007) emphasise the definition of the motivation and objectives 

and the demonstration and evaluation of the developed artefact. As outlined, the different DSR pro-

cesses only vary in detail. As part of this dissertation, the Design Science Research Process Model, as 

described by Vaishnavi and Küchler (2004) is adopted because of its stronger emphasis on developing 

artefacts. The process model is shown in Figure 3.1 and described in the following. 
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Figure 3.1: Design Science Research Process Model (Vaishnavi & Küchler, 2004, p. 11) 

3.2.1 Awareness of Problem 

In the first phase of DSR, the research objective or more specifically, the problem that should be 

solved, needs to be defined. The awareness of a research problem can originate from practice or re-

search. In the awareness of problem phase, the research problem, the motivation and the value in 

solving the identified problem are defined in the form of a (research) proposal (Vaishnavi & Küchler, 

2004). 

3.2.2 Suggestion 

After identifying the research problem, a solution for solving the problem based on existing or novel 

elements is proposed. In contrast to the other phases of the DSR process, the suggestion phase is the 

most creative phase because a novel research contribution needs to be envisioned. The typical out-

comes of the suggestion phase are called tentative designs because they are considered a preliminary 

vision for solving the identified research problem (Vaishnavi & Küchler, 2004). 

3.2.3 Development 

In the third phase, the artefacts are designed and developed. The DSR literature outlines multiple dif-

ferent types of artefacts as viable outcomes for DSR in IS. These artefacts comprise constructs (con-

ceptual vocabulary), models (propositions expressing relationships between constructs), frameworks 

(guides to serve as support), architectures (high-level structures of systems), design principles (princi-

ples and concepts for designs), as well as methods and instantiations (implementations) (Peffers et al., 

2007; Vaishnavi & Küchler, 2004). Essential characteristics of an artefact are its research contribution 

(Peffers et al., 2007) and its novelty (Vaishnavi & Küchler, 2004). A DSR contribution should advance 

knowledge. 
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3.2.4 Evaluation 

Using different methods, the researcher evaluates how well the artefact supports solving the identi-

fied problem. Differences from the expectations need to be carefully documented and explained 

(Vaishnavi & Küchler, 2004). Peffers et al. (2007) argue that depending on the objectives, various 

methods can be applied for evaluation, including quantifiable measures of performance, surveys, 

feedbacks or simulations. Hevner et al. (2004) propose similar methods for evaluation, emphasising 

that artefacts can also be tested using observational methods (e.g. case studies), testing (black box 

and white box) and descriptive methods (scenarios for demonstrating the utility of the artefact). The 

results from the evaluation can be used to refine the artefact. There is a constant cycle between the 

development and evaluation cycle. The evaluation aims at improving the artefact and addresses the 

proof of value and the proof of use. 

In this dissertation project, the evaluation of research outcomes also incorporates some aspects that 

Peffers et al. (2007) refer to as demonstration. In the process model by Peffers et al. (2007), the 

demonstration phase has an important role. The artefact is used experimentally in a case study or as a 

proof of concept for demonstration. The objective of the demonstration is to show how the artefact 

can solve the addressed problem in its current state. According to Nunamaker et al. (2015), the “last 

research mile” consists of the three stages (1) proof-of-concept research, (2) proof-of-value-research 

and (3) proof-of-use research. The demonstration mainly addresses the proof-of-concept stage by 

demonstrating the functional feasibility of an artefact.  

3.2.5 Conclusion 

The final phase consists of the consolidation and the communication of the research outcomes. The 

objective is to advance the current knowledge (Vaishnavi & Küchler, 2004). In the DSR literature, au-

thors consistently acknowledge the importance of communicating the research results (Hevner et al., 

2004; Peffers et al., 2007; Vaishnavi & Küchler, 2004). The problem, its importance, the artefact and its 

evaluation can either be published in scholarly publications for addressing scholars or in professional 

publications for addressing practitioners (Peffers et al., 2007). 

3.2.6 Design Science Research and Pragmatism 

The analysis of some of the most prominent publications on DSR identified that many pragmatists 

adopt DSR approaches. Whereas Goldkuhl (2012) states that pragmatism has influenced IS research, 

and DSR in particular, rather implicitly, Vaishnavi and Küchler (2004) clearly state that design science 

researchers are pragmatists. Vaishnavi and Küchler (2004) ground this claim with multiple references 

between the characteristics of DSR and pragmatism. DSR is sometimes labelled as “improvement re-

search” (Vaishnavi & Küchler, 2004, p. 10) and intends to change situations by providing novel arte-

facts. These characteristics are in line with pragmatism because pragmatism aims to develop 

knowledge for enabling change. It is also clearly stated that knowledge contributions can be models, 
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frameworks or other artefacts (Goldkuhl, 2008, 2012; Morgan, 2014). Additionally, Hevner repeatedly 

outlines the association between pragmatism and DSR (Hevner, 2007; Hevner et al., 2004). The find-

ings demonstrate that DSR is a suitable choice for pragmatist researchers.  

3.2.7 Application of Design Science Research in this Dissertation 

As listed in the introduction in section 1.7, several artefacts in the form of models, frameworks or ty-

pologies are developed as part of this dissertation. The DSR process model by Vaishnavi and Küchler 

(2004) provides guidelines for the development and evaluation of artefacts. Especially through follow-

ing the recommendations of the development and evaluation cycle, rigorous artefacts can be contrib-

uted, which makes DSR an ideal approach for this dissertation. DSR guides the development and eval-

uation of artefacts in this dissertation at multiple points. As depicted in Figure 3.3, the overall design 

and structure of this work are guided and inspired by DSR. As part of chapters 1 and 2, the (research) 

proposal and an according solution are developed. The development of the main outcome, the Social 

Collaboration Analytics Framework, is described in chapter 5 and its evaluation is covered in chapter 6. 

Finally, the findings of this dissertation are summarised in the conclusion in chapter 7. Besides guiding 

the overall structure of this work, DSR also guides the development of other research outcomes such 

as the dimensions for SCA and the ECS user typology. In section 2.6, it was already demonstrated how 

DSR guided the development of the dimensions for SCA and how refinements were identified based 

on the evaluation with practitioners. Additionally, DSR provides valuable guidance for developing and 

evaluating the ECS User Typology as part of section 5.5. In summary, DSR is particularly valuable for 

this dissertation because several artefacts are developed and DSR provides the guidelines for contrib-

uting rigorous and relevant outcomes. 

3.3 Methodology and Methods 

A mixed-methods approach (Creswell & Clark, 2011) ensures the validity and quality of the collected 

data (Seale, 1999). Following a review of the predominant definitions of mixed-methods research, 

Johnson et al. (2007) define mixed-methods research as a “type of research in which a researcher or 

team of researchers combines elements of qualitative and quantitative research approaches (e.g. use 

of qualitative and quantitative viewpoints, data collection, analysis, inference techniques) for the 

broad purposes of breadth and depth of understanding” (Johnson et al., 2007, p. 123). In summary, 

mixed-methods research combines qualitative and quantitative elements. Johnson et al. (2007) identi-

fy different types of mixed-methods approaches: (1) qualitative dominant, (2) equal status and (3) 

quantitative dominant mixed-methods approaches. These types characterise whether qualitative or 

quantitative methods are dominating the research design. This dissertation follows a qualitative domi-

nant mixed-methods approach, as outlined in the following. 

Mixed-methods approaches allow researchers to provide a stronger inference than with a single 

method. The literature claims that researchers can be more confident about their results (Jick, 1979; 

Johnson et al., 2007; Venkatesh, Brown, & Bala, 2013; Venkatesh, Brown, & Sullivan, 2016). Addition-
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ally, mixed-methods approaches can result in more divergent or complementary views on the phe-

nomenon of interest. Consequently, mixed-methods research stimulates innovative ways of collecting 

richer data leading to the synthesis of theories and uncovering contradictions in findings. In conclu-

sion, mixed-methods research has the potential to combine the strengths of both qualitative and 

quantitative approaches. Regarding the main mixed-methods designs as outlined by Creswell and 

Clarke (2011), this dissertation adopts the embedded design. As the chosen approach is qualitative-

dominant, quantitative data is used to support qualitative data, which is the main data in this disserta-

tion. The main qualitative data is collected through the case study and focus groups. Supplemental 

quantitative data is collected to enhance and extend the qualitative data, for example, in a survey and 

the analysis of ECS log data, as described in chapter 6. Although, the primary objective of embedded 

mixed methods designs is not to compare and contrast qualitative and quantitative data, collecting da-

ta using different methods allows triangulation to a certain degree, as discussed in section 3.5. 

3.3.1 Data Collection 

The data for this research is collected by using different data collection methods. Table 3.3 provides an 

overview of the methods for data collection. 

Table 3.3: Methods for data collection 

Method Purpose 

Literature Review The literature review aims to inform this research in various aspects (e.g. analytics 
in collaborative workspaces, social network analysis, status quo). The literature 
review follows well-established guidance (Torraco, 2005; vom Brocke et al., 2009, 
2015; Webster & Watson, 2002).  

System analysis An important method in this research is the investigation of systems. Selected ECS 
are analysed regarding their analytics functionalities, how data is stored and the 
implementation of custom analyses and reports. 

System measurements In order to evaluate the developed reports and analyses, these analyses are im-
plemented and tested in the ECS of real-world user companies based on real data 
sets. 

(In-depth) interviews Because this research is practice-oriented, interviews following Kvale and Brink-
mann (2008) are an essential method for this research. Interviews gather data on 
the current application of SCA and limitations. 

Case study research Case study research is the key element in this research. Following the proposed 
typology for case study research by Thomas (2011), the research will consist of 
one selected explorative (purpose) key case (object), which was selected based on 
the interests in the case and the circumstances surrounding this particular case 
(Thomas, 2011). The case is descriptive (approach) because it is the intention to 
identify and describe how the organisation currently implements SCA. 

Focus groups Focus groups are used to work with experts on particular topics of interest for this 
thesis, according to (Kitzinger, 1995; Morgan, 1997). 

Survey In this work, a survey documents the status quo of SCA in practice among partici-
pants from different organisations. 
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This dissertation follows the recommendations by Miles and Huberman (Miles & Huberman, 1994; 

Miles, Huberman, & Saldaña, 2014) for qualitative research. Miles and Huberman describe data analy-

sis as a process that consists of four steps: (1) data collection, (2) data condensation, (3) data display 

and (4) drawing/ verifying conclusions. The following sections elaborate on the data collection. 

As shown in Table 3.3, this dissertation makes use of a variety of methods. Table 3.4 summarises the 

empirical data collection activities throughout this research. 

Table 3.4: Data collection activities throughout this research 

# Data collection activity Objectives Number of partici-
pants (represented 
user-companies) 

Contributes to 

1 Focus group Evaluation and discussion of 
DiSCoAn 

12 (9) RQ 2c  
Chapter 2.6 

2 Mini survey Ranking examples collected 
in previous focus group 

12 RQ 2c  
Chapter 2.6 

3 Focus group Evaluation and discussion of 
SCA prototypes 

12 (11) RQ 2c 
Chapter 2.6.3 
Chapter 5.7.6 

4 Focus group Presentation of final SCA 
dimensions and discussion 
on barriers for SCA 

13 (11) RQ 2c 
Chapter 2.6.4 

5 Semi-structured inter-
views 

Establishing the case study 
for the case company 

4 (1) Case study 

6 Focus group Social Collaboration Analyt-
ics in the case company 

4 (1) Case study 
RQ 1b, RQ 1d 

7 Survey Identification of the status 
quo of SCA in practice 

24 (24) RQ 1b, RQ 1c, RQ 
1d 

8 Focus group Follow-up: Social Collabora-
tion Analytics in the case 
company (practical implica-
tions of SCA) 

2 (1) RQ 1 b, RQ 1c, RQ 
1d, RQ 2d 
Chapter 5.4 

9 Focus group Identification and discussion 
of stakeholders for SCA 

13 (10) RQ 2d 
Chapter 5.3 

 

Due to their specific characteristics in research, the following sections elaborate on case studies and 

focus groups. 
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3.3.2 Case Studies and Case Study Design 

Case study research is versatile. It can be used by researchers regardless of their epistemological 

stance. Case study research can draw from both qualitative and quantitative methods. Cavaye (1996) 

observes that most authors only present one particular variation of case study research without ac-

knowledging other forms. According to Cavaye (1996), Yin (2014) presents his positivist approach to 

case study research as desirable for all research types. Walsham (1995) acknowledges that most of 

Yin's views on case study research are accepted in other epistemologies. A review of some publica-

tions covering case study research identified that most authors refer at least partially to Yin for defin-

ing case study research (Cavaye, 1996; Eisenhardt, 1989; Walsham, 1995). Authors agree that a case 

study studies a phenomenon in its natural context and that a case study makes use of primarily quali-

tative methods (specifically interviews) for data collection. Case studies can also be informed by quan-

titative methods. Other authors, such as Thomas (2011) strongly disagree with Yin, especially regard-

ing the selection of a case. As Yin (2014) provides one of the most comprehensive definitions of case 

study research and many authors refer to Yin, the following paragraph contains a short introduction to 

case study research, despite his positivist stance. The view by Thomas (2011) on the selection of case 

studies complements the introduction. 

According to Yin (2014), the definition of a case study consists of two parts: (1) the scope of a case 

study and the (2) features of a case study. Consequently, Yin (2014) defines the case study research 

method as “an empirical inquiry that investigates a contemporary phenomenon (the case) in depth 

and within its real-world-context, especially when the boundaries between phenomenon and context 

may not be clearly evident.” (Yin, 2014, p. 16). Case study research establishes an understanding of a 

real-world case that is likely to depend on contextual conditions and information. Accordingly, Yin 

(2014) defines the features of a case study as: “A case study inquiry copes with the technically distinc-

tive situation in which there will be many more variables than data points, and as one result relies on 

multiple sources of evidence, with data needing to converge in a triangulating fashion and as another 

result benefits from the prior development of theoretical propositions to guide data collection and 

analysis” (Yin, 2014, p. 17) . In contrast to this, Thomas defines case studies as “analyses of persons, 

events, decisions, periods, projects, policies, institutions, or other systems that are studied holistically 

by one or more methods” (Thomas, 2011, p. 513). Yin (2014) argues that case study research is a holis-

tic method covering design, data collection and data analysis. Authors agree that a case study is a form 

of inquiry that enables an in-depth investigation of the phenomena of interest (Flyvbjerg, 2006; 

Thomas, 2011; Walsham, 1995; Yin, 2014). The literature suggests a variety of data sources for case 

studies. Yin (2014) notes that case studies can draw from documents, archival records, interviews, di-

rect observations, participant observation and other physical artefacts. In this dissertation, the prima-

ry data source for the case study are semi-structured interviews, documents such as project presenta-

tions, documentations and log files of ECS. 

Following Thomas (2011), the case study design of this dissertation consists of one selected explora-

tive (purpose) key case (object), which was selected based on the interests in the case and the circum-
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stances surrounding this particular case (Thomas, 2011). This case is descriptive (approach) because it 

intends to identify and describe how organisations currently implement SCA and use their ECS and 

how the developed SCA concepts can be implemented in practice. Consequently, the case company 

for this dissertation was chosen based on the advanced adoption of their ECS and their interest in So-

cial Collaboration Analytics. In the following, the case company is referred to as the case company. 

The eXperience case study method (Schubert & Wölfle, 2007; Wölfle, Schubert, & Quade, 2007) guides 

the case study structure. The base case aims to establish and document the context of the ECS project. 

Consequently, the main sections of the base case are motivations and aim for the implementation of 

the ECS, expected benefits, project and change management and the adoption of the ECS after the 

rollout. The unique feature of the eXperience case studies are the four views that provide the frame 

for describing the case. 

Table 3.5: Four views for the description of case studies (Schubert & Wölfle, 2007, p. 7) 

View Description 

Business View Involved business partners and their roles, business concept, contracts, strategic and op-
erative targets  

Process View Detailed business processes, process links among the involved parties, assessment of 
process quality 

Application View Overview of business information systems, distribution of functions, place of data stor-
age, integration layers 

Technical View Involved system components, networks, data transfer 

 

The data for the base cases was collected from a semi-structured interview which lasted approximate-

ly three hours. Appendix A.14 contains the interview guideline. Additionally, documents provided by 

the case company served as data sources for the case. 

Case study research was chosen as the main element for this dissertation for establishing an in-depth 

understanding of the phenomenon of interest and for generating rich insights (Flyvbjerg, 2006; Wal-

sham, 1995; Yin, 2014). 

3.3.3 Selection & Introduction of the Case Company 

This section briefly introduces the case company and argues why this company was chosen as the case 

company for this research.  

The case company introduced the ECS IBM Connections in 2016 to support collaboration and commu-

nication among employees. Moreover, the case company actively participates in IndustryConnect (c.f. 

chapter 1.6). Throughout the IndustryConnect workshops, the representatives of the case company 

signalled a strong interest in SCA. Thus, the company volunteered to participate as a study subject for 

this research. The case company was selected for the key case for multiple reasons that were guided 

by the characteristics of key cases, as outlined by Thomas (2011). The case company already had prior 
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experiences with SCA and volunteered to be the study-subject in the key case. It was also agreed to 

provide the required empirical and log data for the case study. Another important criterion was that 

the ECS of the case company is based on IBM Connections, for which the prototypes demonstrated in 

the previous chapters were developed. The circumstances surrounding the case company, including 

the interest in the topic and the technical foundations, were essential criteria for selecting the case 

company. 

The research activities, such as the survey on the status quo of SCA (see chapter 4.2), identified that 

the case company already invested some efforts in the field of SCA. This makes the case company a 

unique study subject for deepening the understanding of the application of SCA in practice. After 

completing the base case study, which establishes an ex-ante and ex-post view on the implementation 

of IBM Connections, the case company participated in a series of in-depth focus groups on SCA (see 

Table 3.7). Section 6.1 provides further detail on the motivations for implementing IBM Connections.  

3.3.4 Focus Groups 

The focus group is defined as a method that “collects data through group interaction on a topic de-

termined by the researcher” (Morgan, 1996a, p. 130). (1) Focus groups are a method for data collec-

tion, with (2) the interaction in a group discussion being the data source. (3) In moderating the discus-

sion, the researcher has a unique role in comparison to structured interviews. Following Morgan, fo-

cus groups are a unique research method because of using “participants’ discussions to produce data 

that would be less accessible without that interaction.” (Morgan, 2018, p. 5). Consequently, the extent 

to which the researcher should be involved in the interactions in focus groups is a much-discussed as-

pect of focus groups (Morgan, 1996a). Recent arguments support the opinion that the researcher's in-

terventions should be rare (Caillaud & Flick, 2017).  

Focus groups can be used as stand-alone methods and in combination with other research methods. 

Morgan highlights the frequent use of focus groups in combinations with surveys. In combination with 

other methods, a focus group can either be used as exploratory methods for developing hypotheses or 

as follow-up methods to further interpret data (Kitzinger, 1995; Morgan, 1996a).  

Recent publications agree that the focus group is an established method with a variety of potential us-

ages. Focus groups are specially used to explore emerging research topics and gain a deeper under-

standing of participants’ interpretations of previous research results (Barbour & Morgan, 2017; Mor-

gan, 1996a, 1997). In contrast to other methods such as individual interviews, focus groups generate 

less detailed insights. Focus groups generate more comprehensive data and are thus favourable for 

collecting a greater range of different perspectives and learning about consensus and diversity (Mor-

gan, 2018). Caillaud and Flick (2017) propose five steps for conducting a focus group: 

1. Stimulation: In the first step, the general context of the research project is presented to 

the participants. This step provides background information to the participants. 
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2. Presentation of input: Before participants can engage in an activity or discussion, the 

presentation of input is required. This input is the foundation for the following activities 

and discussions. 

3. Focus group interaction: Before starting the focus group discussion, focus groups can per-

form a group activity. Possible examples for this activity are brainstorming or ranking ex-

ercises.  

4. Group discussion: Together with the previous step, the group discussion is the main ele-

ment of a focus group. Questions, which are provided by the researcher, can stimulate the 

group discussion. It is the researchers’ task to keep the discussion focused on the guiding 

questions. 

5. Summary of results: The final phase summarises the results. 

These five steps guide the design of the focus groups in this research. Each focus group starts with a 

stimulus and a presentation of an input on which the following focus group interaction and group dis-

cussion are based. Each focus group is then concluded with a summary of results.  

As with all other qualitative methods, the collection of focus group data needs to be systematic, se-

quential and verifiable (Krueger & Casey, 2014). Handling focus group data is particularly challenging 

because focus groups generate large amounts of data. Consequently, the aim of data analysis should 

be to reduce the data accordingly (Rabiee, 2004). In general, Morgan states that analysing focus group 

data does not differ from analysing other qualitative data, although the data in focus groups is pro-

duced through group interactions. Morgan (2018) suggests using content analysis and thematic analy-

sis for focus group data.  

The foundation for the analysis of the focus group data were complete audio recordings and field 

notes that were written during the focus group. After each focus group, the field notes were pro-

cessed and extended to extensive write-ups, as suggested by Miles and Huberman (1994). The audio 

recordings were also processed, and excerpts and summarising transcripts were created. It was decid-

ed to write summarising transcripts instead of verbatim transcripts because for the analysis of the fo-

cus groups, the topics and themes raised by the participants were more important than the ways how 

the participants expressed their thoughts. Based on the transcripts and the written-up field notes, 

each focus group was documented in a uniform structure following Chambers' suggestions (2002). The 

structure of the documentation is outlined in the following table. 

Table 3.6: Structure of the focus group documentation 

Element Description 

Aims and objectives of the focus 
group 

Why was the focus group conducted and which aims and objectives were 
addressed? 

Context How does the focus group fit in the context of the dissertation? 

Participants Who are the participants and how many participated in the focus group? 

Outline & Schedule What was covered in the focus group? How was the focus group struc-
tured? 

Description of the interactive part How was the interactive focus group part or discussion conducted? 
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The findings from the field notes and summarising transcripts were interpreted and included in a sep-

arate “data analysis” section in the focus group documentation. The complete focus group documen-

tation is included in the appendices, as listed in Table 3.7. 

3.3.5 Focus Groups in this Research 

Besides the researcher's level of involvement in focus groups, a frequently discussed aspect is the size 

and selection of the sample. Discussions seem to agree that the ideal size for a focus group is between 

six to ten participants (Kitzinger, 1995; Morgan, 1996a). Additionally, the participants should be ex-

perts on the topic of the focus group. The focus groups conducted in this research go beyond what 

Morgan (2018) entitles as basic focus groups and match the characteristics of what Morgan defines as 

advanced focus groups. The focus groups all build on each other and the outcomes shape the design 

of the following focus groups. Such an emergent design is a characteristic of an advanced focus group. 

Repeated focus groups enable capturing the development of a topic over time. Additionally, instead of 

just relying on group discussions, the focus groups in this research use group activities and exercises. 

According to Morgan (2018), emergent designs, repeated groups and using activities and exercises are 

characteristics of advanced focus groups.  

The focus groups participants were chosen because they are members in IndustryConnect and collab-

oration experts who are responsible for managing the ECS in their company. Consequently, they are 

suitable participants for discussing the status quo and needs for reporting on ECS use. As shown in the 

table below, the focus groups participants remain stable (around 12 participants) in the follow-up fo-

cus groups. The purpose of the focus groups is to evaluate the research outcomes and initiate a dia-

logue with practitioners to capture their views, opinions, and requirements for reporting on ECS use. 

Because the focus groups follow-up on each other, it is possible to observe these phenomena over 

time. Participation in these focus groups was possible on invitation only to control that all participants 

meet the outlined criteria. As previously outlined, this dissertation follows a mixed-methods approach 

to achieve reliable triangulation. Thus, in this dissertation, focus groups seek to provide insights into 

selected topics and support the evaluation and triangulation of results. In total, six focus groups have 

been conducted throughout this work. The table below provides an overview of the focus groups, 

their objectives, and the chapters that use the focus groups. 
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Table 3.7: Focus groups in this dissertation 

# Objectives Number of participants 
(represented user-

companies) 

Contributes to Documentation 

1 Evaluation and discussion of 
DiSCoAn 

12 (9) RQ 2c  
Chapter 2.6 

Appendix A.4 

2 Evaluation and discussion of 
SCA prototypes 

12 (11) RQ 2c 

Chapter 2.6.3 
Chapter 6.5 

Appendix A.5 

3 Presentation of final DiSCoAn 
and discussion on barriers to 
SCA 

13 (11) RQ 2c 

Chapter 2.6.4 

Appendix A.6 

4 Social Collaboration Analytics 
in the case company 

4 (1) Case study 
RQ 1b, RQ 1d 

Appendix A.7 

5 Follow-up: Social Collaboration 
Analytics in the case company 

2 (1) RQ 1 b, RQ 1c, RQ 1d, 
RQ 2d 

Chapter 5 

Appendix A.8 

6 Identification and discussion of 
stakeholders for SCA 

13 (10) RQ 2d 
Chapter 5 

Appendix A.9 

3.4 Phases and Research Steps 

The thesis consists of five phases with distinct research steps, methods and outcomes. In the follow-

ing, it is shown how DSR guided the overall structure and design of this dissertation. This is followed 

by an in-depth explanation of the research steps, methods and outcomes. Figure 3.2 shows how the 

DSR phases are aligned with the research phases, chapters and research objectives.  

 

Figure 3.2: Overview of the research design 

In the awareness of problem phase, the research is prepared by defining the research objectives and 

questions as already described in chapter 1. In Figure 3.2, it can be seen that the identification of the 

status quo of SCA (RO 1), as later described in chapter 2 and 4, spans both the awareness of problem 

phase and the suggestion phase. The identification of requirements (RO 2) and barriers (RO 3) are part 
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of the suggestion phase because the foundations for developing the SCA Framework are also identi-

fied as part of chapters 2 and 4. The development (RO 4) and evaluation (RO 5) of the SCA Framework 

are part of the corresponding DSR phases development and evaluation. The final part of the evalua-

tion of the framework in chapter 6 and chapter 7 contributes to the conclusion and communication of 

the core findings. In the following, more details about the research phases, steps and outcomes is pro-

vided. 

The research starts with a preparation phase. This phase's outcomes are the problem statement, the 

research objectives, and the research questions, as described in section 1.4. 

The second phase investigates the status quo of analytics in ECS. The essential research steps are to 

identify the status quo of SCA in the academic literature and practice. The key methods in this step are 

a literature review, expert interviews (case study) and a system analysis of IBM Connections. The in-

tended outcomes of the second phase are the description of a status quo of SCA in ECS and the classi-

fication of key themes and metrics for SCA. 

 

Figure 3.3: Research design including the research steps 

The third phase of this research deals with identifying the requirements and barriers to SCA. The criti-
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The fourth phase contains the core theoretical contributions of this work. The intended outcomes of 

this phase are the dimensions for SCA, which add structure to SCA. SCAF incorporates these dimen-

sions and thus assists researchers and practitioners in conducting SCA.  

The final phase consolidates the findings from the previous phases and contributes to practice. Based 

on the key case, this phase demonstrates the practical application of SCAF. The ECS user typology from 

the previous phase serves as an example for the analysis. 

The DSR phases are interrelated and often iterative. Consequently, it is impossible to match most DSR 

phases with the phases presented above as most DSR activities occur continuously throughout this 

dissertation. Especially the preparation phase and the status quo phase match with the problem 

awareness phase. The DSR phases design and development, demonstration and evaluation are tightly 

coupled and are especially relevant in the implementing SCA phase. In all focus groups, the artefacts 

(e.g. frameworks, classifications, SCA prototypes) were evaluated with experts. The constant evalua-

tion of the artefacts ensures quality and practical relevance. The consolidation phase represents the 

conclusion and communication phase, where the results are consolidated and published for communi-

cation.  

3.5 Research Confidence 

A unique state-of-the-art research design addresses the research questions. This research design is 

appropriate for understanding SCA in theory and practice and contributing new knowledge to academ-

ia and practice. The research design draws from unique data sources. The stable focus groups are ideal 

for a longitudinal study of SCA in practice. This fits the focus on establishing a broad domain 

knowledge. This not only allows ensuring the practical relevance of this research. As the theoretical 

understanding of SCA evolves over time, the focus groups enrich these findings with knowledge from 

practice. The selection of a key case for in-depth analysis allows applying and exploring the possibili-

ties of SCA in practice. 

The main element of this approach is the case study, including the measurement of system usage. 

Bøving and Simonsen (2004) argue that log data from systems is ideal for indicating system usage. In a 

recent article in the Journal of Information Technology, de Reuver et al. (2018) call for large-scale and 

data-driven methods for understanding the role and usage of digital platforms. Additionally, there is a 

frequent call for mixed-methods approaches combining especially case study research, interviews and 

the analysis of data from collaboration systems (Behrendt, Richter, & Trier, 2014; Bøving & Simonsen, 

2004; de Reuver et al., 2018). Consequently, the approach and methods chosen in this work address 

the calls from recent IS publications and thus allow a holistic view on ECS usage in the case company. 

This dissertation follows the recommendations by Shenton (2004) for achieving trustworthiness in 

qualitative research. Shenton (2004) postulates that credibility, transferability, dependability, and con-

firmability contribute to establishing trustworthiness in qualitative research. According to Shenton 

(2004), credibility deals with the question “How congruent are the findings with reality?”. The table 
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below provides a summary of selected propositions and an explanation of how this thesis addresses 

the propositions. 

Table 3.8: Selected provisions for credibility as proposed by Shenton (2004) 

Propositions for credibility Manifestation in the dissertation 

Adoption of well-established re-
search methods 

As shown in the previous sections of this chapter, the research methods 
have been carefully chosen with clearly defined applications and objec-
tives. Case study research is the key element of the research design. Previ-
ous sections demonstrated that case study research is established and rec-
ommended for achieving the objectives of this dissertation. 

Triangulation Denzin identifies three types of triangulation: (1) data triangulation, (2) 
methodological triangulation and (3) investigator triangulation (Denzin, 
2009). This dissertation uses especially data triangulation and methodolog-
ical triangulation (Denzin, 2009). Data is collected from multiple respond-
ents and at multiple points in time. Further, the mixed-methods approach 
leads to a methodological triangulation. The dissertation applies triangula-
tion to address weaknesses or biases of single methods. 

Thick description of the phe-
nomenon under scrutiny 

Detailed descriptions provide an important contribution to achieving cred-
ibility. The case study provides a rich description of the case companies 
and the phenomena of interest. Additionally, the results of interviews and 
focus groups are rigorously documented resulting in a thick description of 
phenomena and data. The handling of focus group data was already de-
scribed in section 3.3.5. 

 

Important criteria for credible research are transferability and dependability. Transferability describes 

the extent to which the findings of a study can be applied to other situations and contexts. Dependa-

bility describes that the repetition of work in the same context, with the same methods and partici-

pants, would result in similar findings. Although demonstrating transferability and dependability in 

qualitative research is challenging because research outcomes are developed in specific contexts, find-

ings may still be transferable to other contexts. For supporting the transferability and dependability of 

research findings, Shenton (2004) suggests rigorous documentation of the research design and out-

comes. This suggestion is followed in this dissertation. The research design was described in detail in 

chapter 3. Moreover, the principles of DSR support the rigorous documentation of the research and its 

outcomes, which again confirms the strength and suitability of DSR for this dissertation. 

Finally, an essential aspect of confirmability is the extent to which researchers admit their predisposi-

tions. Shenton (2004) argues that once again, a detailed description of the methodology allows read-

ers to assess the extent to which data and the emerging constructs may be accepted. For addressing 

confirmability, the ontology and epistemology as well as the research design were clearly outlined in 

the previous chapters. 
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4 Identifying the Status Quo of Social Collaboration Analytics 

In this chapter, the status quo of Social Collaboration Analytics in academia and practice is document-

ed to identify theoretical foundations for developing the Social Collaboration Analytics Framework. 

Another aspect of this chapter is to identify how practitioners apply SCA and to examine their re-

quirements for Social Collaboration Analytics. By outlining existing approaches and limitations in liter-

ature and practice, this chapter also highlights the importance of developing the SCA Framework. This 

chapter addresses research objective 1 (identification of the status quo of SCA), research objective 2 

(identification of requirements for SCA) and research objective 3 (identification of barriers to SCA). 

The identification of the status quo of SCA consists of two parts. First, the status quo of SCA in the ac-

ademic literature is defined based on a structured literature review. The second part of this chapter 

contains a discussion of the findings from a survey, which aims to document the current application of 

SCA in practice. 

4.1 A Literature Review on the Status Quo of Social Collaboration Analytics3 

The three objectives of the literature review are to: 

1. Identify the status quo of SCA in the academic literature 

2. Identify areas for the application of SCA 

3. Identify metrics for SCA 

The main objective of the structured literature review is to identify and document existing methods 

and application areas for SCA. As part of the literature review, the metrics which are used in the iden-

tified studies are collected. The structured literature review contributes to RQ 1a (What is the status 

quo of SCA in the academic literature?). 

4.1.1 Design of the Literature Review 

Various academic sources guided the design of the literature review (Torraco, 2005; vom Brocke et al., 

2009, 2015; Webster & Watson, 2002). The design of the literature review comprised five sequential 

and intertwined steps, as depicted in Figure 4.1. 

 

3 Parts of this section have been published in: Schwade, F., & Schubert, P. (2018). Social Collaboration Analytics 
for Enterprise Social Software: A Literature Review. In Multikonferenz Wirtschaftsinformatik (MKWI) (pp. 
205–216). Lüneburg, Germany. 
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Figure 4.1: Design of the literature review 

The outlined objectives guide the definition of the review scope. Following the objectives, the litera-

ture review focuses on publications describing the measurement of ECS usage. During the phase con-

ceptualisation of the topic, a concept matrix as proposed by Webster and Watson (2002) was devel-

oped. This matrix contains concepts and sub-themes that are relevant for the literature review, such 

as a preliminary classification of measurements (e.g. applied methods and metrics, themes such as us-

er analysis, workspace analysis, or network analysis). The outcome of the next step was a set of key-

words for the search. Table 4.1 documents the search strategy for the keyword search. 

Table 4.1: Overview of the search strategy 

Keywords 
(technology) 

ECS, Enterprise Collaboration System, Enterprise Social Network, ESN, {social, enter-
prise} collaboration, {collaboration, collaborative shared} workspace, enterprise 2.0, so-
cial software. Enterprise Social Software, Corporate Social Media, Corporate Social 
Software, groupware, cooperative system, BSCW, Groove, Notes, SharePoint, Connec-
tions 

Keywords (analyt-
ics) 

Metrics, measuring, measurement, measure, KPI, analytics, analysis, data, user {behav-
iour, interaction}, usage, usage analysis, activity, log, log file, database 

Databases Google Scholar, IEEE Explore, SpringerLink, ACM Digital Library, AIS eLibrary 

Journals EJIS, Information & Management, ISJ, Information Systems Management, ISR, IJeC, IJIM, 
JIS, JIT, MISQ, BISE, Journal of AIS, Journal of MIS, JSIS, Measuring Business Excellence, 
Computer Networks, Journal of Computer-Mediated Communication 

Authors Nunamaker, Briggs, Grudin, Muller, Behrendt, Hacker/Viol, Richter 

Date of publication No restriction 

 

Each search term consists of two parts. The first part refers to the technology and the second part re-

fers to analytics. The combination of technology and analytics keywords ensures a comprehensive 

keyword search. The next step was the identification of relevant databases and publication outlets (c.f. 

Table 4.1). For emerging topics, some scholars suggest including conference proceedings into the 

search (vom Brocke et al., 2015; Webster & Watson, 2002). 

The literature search and the literature analysis were designed as iterative steps. Authors distinguish 

between database searches and snowballing searches (Jalali & Wohlin, 2012; vom Brocke et al., 2009, 

2015; Webster & Watson, 2002; Wohlin, 2014). Jalali and Wohlin (2012) note that a database search 
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and a snowballing search may retrieve different publications. Two main limitations of snowballing 

searches are a high risk of author bias and missing relevant papers (Jalali & Wohlin, 2012). As the ob-

jective is to establish an unbiased overview of the literature, the literature review follows a keyword 

search approach. 

The literature analysis consisted of three phases per publication. (1) A publication was added to the 

concept matrix if the title, abstract or keywords indicated a potential relevance. (2) The main criterion 

for classifying a publication as relevant for the literature review was that the abstract points out that 

the publication addresses metrics, measurements or analysis of ECS. (3) In the final phase, the publica-

tion was reviewed in detail according to the concept matrix. The final selection only contains publica-

tions, which describe the application of SCA or related concepts. A snowball search starting with the 

most relevant publications and an analysis of publication records of key authors in the field concluded 

the search process. The iterative design of the phases allowed a constant refinement of the search 

terms. 

4.1.2 Overview of Publications 

The following sections present an overview of the retrieved literature and introduce the identified key 

themes. In total, 221 publications were retrieved, of which 86 were included for a detailed analysis. 

The table below shows the number of publications per key theme. Adding up the individual counts 

does not result in 86 because, in some cases, publications were assigned to multiple key themes. Out 

of the 86 publications, 63 publications actually analysed data of an ECS. The remaining 23 publications 

theorise about measurements or metrics and do not conduct analyses. 

 

Figure 4.2: Overview of the number of publications in each key theme (n=86) 
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As an unexpected outcome, the literature review also identified several barriers to SCA. In total, 26 

publications mentioned barriers to SCA. Sections 4.1.3 to 4.1.9 contain a description of the identified 

key themes for SCA. The barriers are discussed in section 4.1.12. 

4.1.3 Measuring System Usage 

Forty of the identified publications describe the general measurement of system usage. Table 4.2 pro-

vides an overview of the measurement concepts identified in this theme. 

Table 4.2: Overview of the key theme "Measuring system usage" 

Measuring System usage 

Analytics concept References 

General usage measures (Behrendt, Richter, & Trier, 2014; Bîzoi, Suduc, Gorghiu, & Gorghiu, 2009; 
Friedman, Burns, & Cao, 2014; Garcia-Perez & Ayres, 2015; Herzog, Richter, & 
Steinhüser, 2015; Herzog, Richter, Steinhüser, Hoppe, & Koch, 2013; Langen, 
2015; Margaria & Karusseit, 2003; Shami et al., 2011; Simon & Blondel, 2010; 
Steinhueser, Herzog, Richter, & Hoppe, 2015) 

Action-specific measures (Appelt, 2001; Bøving & Simonsen, 2004; Daradoumis, Xhafa, & Marquès, 
2003; Hacker, Bodendorf, et al., 2016; Jeners, Lobunets, & Prinz, 2013; Millen 
et al., 2006; Muller, Freyne, Dugan, Millen, & Thom-Santelli, 2009; Richter, 
Heidemann, Klier, & Behrendt, 2013b) 

Participation inequality (Matthews et al., 2013; Reinig & Mejias, 2014; Warshaw, Whittaker, Mat-
thews, & Smith, 2016) 

Measure contribution to ob-
jects 

(Benhiba, Janati-Idrissi, & Souissi, 2013; Brzozowski, Sandholm, & Hogg, 2009; 
Lau et al., 2014) 

Quality of collaboration (Kahrimanis, Chounta, & Avouris, 2010; Otjacques, Noirhomme, Gobert, & 
Feltz, 2006a) 

Dynamics of ideas and inno-
vations generation 

(Lau et al., 2014; Malsbender, Recker, Kohlborn, Beverungen, & Tanwer, 2013) 

Measure usage over time (Bøving & Simonsen, 2004; Brzozowski et al., 2009; Chounta & Avouris, 2012; 
Friedman et al., 2014; Garcia-Perez & Ayres, 2015; Hacker, Bodendorf, et al., 
2016; Jeners & Prinz, 2014a; Millen et al., 2006; Muller et al., 2009; Richter et 
al., 2013b) 

 

A large proportion of studies primarily applies general usage measures or action-specific usage 

measures (Behrendt, Richter, & Trier, 2014; Bîzoi et al., 2009; Friedman et al., 2014; Garcia-Perez & 

Ayres, 2015; Herzog et al., 2015, 2013; Langen, 2015; Luo, Guo, & Chen, 2011; Margaria & Karusseit, 

2003; Shami et al., 2011; Simon & Blondel, 2010; Steinhueser et al., 2015). General usage measures 

provide a high-level overview of system usage. For example, Shami et al. (2011) provide usage statis-

tics for ECS based on counting the number of events. Similarly, Behrendt et al. (2014) analyse the us-

age of communication features by counting the number of events for specific features. Herzog et al. 

(2013) present an overview of methods and metrics (e.g. the number of blog posts and unique visi-

tors) for measuring the success of ECS. Following a similar idea, Steinhueser et al. (2015) propose 
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measuring ECS use by considering usage statistics, the degree of crosslinking, the number of hyper-

links, direct messages or comments. In contrast to general usage measures, action-specific measures 

contain some degree of aggregation and provide better indications for how employees use an ECS 

(Appelt, 2001; Bøving & Simonsen, 2004; Daradoumis et al., 2003; Hacker, Bodendorf, et al., 2016; Mil-

len et al., 2006; Muller et al., 2009; Richter et al., 2013b). Appelt (2001) classifies user actions into 

three groups (1) creation of information, (2) modification of information and (3) reading of infor-

mation. For each of the identified groups, the authors suggest counting the number of user actions. 

Additionally, Jeners et al. (2013) suggest investigating the most frequently occurring activities such as 

reading, creating and changing content on a platform. In contrast, Muller et al. (2009) differentiate be-

tween producing and consuming content. Based on use cases, Richter et al. (2013b) identify seven col-

laborative actions (search, edit, rate, label, clarify, notify, share). For each of these collaborative ac-

tions, the authors suggest metrics. In summary, action-specific measures categorise user actions ac-

cording to their type. Section 4.1.11 contains a more detailed view of metrics for measuring ECS use. 

A more specific aspect of measuring system usage is the investigation of the dynamics of ideas and in-

novations generation (Lau et al., 2014; Malsbender et al., 2013). The primary objective is to examine 

innovation-centric content flows. Another theme among the measurement of system usage is the 

measurement of participation inequality for identifying the proportion of participating users (Mat-

thews et al., 2013; Warshaw et al., 2016). A possible measure for participation inequality is the Gini 

coefficient, a statistical inequality metric (Reinig & Mejias, 2014). This concept is closely related to 

measuring contribution to objects which aims to understand how users contribute to collaboration 

and networking in ECS (Benhiba et al., 2013; Brzozowski et al., 2009; Lau et al., 2014). 

The most specific measurements identified in the literature review analyse the quality of collabora-

tion. The analysis of the quality of collaboration can provide insights into how users collaborate. Addi-

tionally, cooperation metrics evaluate the quality of collaboration sessions (Kahrimanis et al., 2010; 

Otjacques et al., 2006a). Only few authors consider the measurement of ECS usage over time (e.g. 

measurements at multiple points in time) (Bøving & Simonsen, 2004; Brzozowski et al., 2009; Chounta 

& Avouris, 2012; Friedman et al., 2014; Garcia-Perez & Ayres, 2015; Hacker, Bodendorf, et al., 2016; 

Jeners & Prinz, 2014a; Millen et al., 2006; Muller et al., 2009; Richter et al., 2013b).  

4.1.4 Identification of Usage Patterns 

Eight publications discuss the concept of usage patterns. The literature review identifies several dif-

ferent approaches to the identification of usage patterns. Whereas Millen et al. (2007) associate usage 

patterns with clickstreams in the context of search patterns, Ferron et al. (2011) focus on patterns re-

lated to communication and networking. Muller et al. (2012) refer to usage patterns as the intensity 

and frequency of module use in different communities. In contrast to this, Bøving and Simonsen (2004) 

propose a more sequence-oriented understanding of usage patterns. The authors interpret usage pat-

terns as a sequence of (inter)actions. Chaves and Córdoba (2014) and Naderipour (2009) follow a 

more sophisticated approach by conducting a “pattern analysis” based on process mining which re-
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quires a process-based understanding of usage patterns. Fan et al. (2017) investigate collaboration 

patterns using a pattern mining algorithm. 

Table 4.3: Overview of the key theme "Identification of usage patterns" 

Identification of usage patterns 

Analytics concept References 

Search patterns (Millen et al., 2007) 

Patterns in file sharing (Shami et al., 2011) 

Communication patterns (Ferron et al., 2011) 

Interaction patterns (Muller et al., 2012) 

Sequence analysis (Bøving & Simonsen, 2004) 

(Social) Process Mining (Chaves & Córdoba, 2014; Drodt & Reuther, 2019; Shaokun Fan et al., 2017; 
Naderipour, 2011) 

 

Drodt and Reuther (2019) use the term Social Process Mining (SPM), which describes the application 

of process mining algorithms in ECS. SPM has the potential to make collaboration sequences more vis-

ible by revealing collaboration scenarios as defined by Schubert and Glitsch (2016). 

4.1.5 Identification of Types of Users 

Twelve publications describe the identification and measurement of different types of users in ECS. 

Studies in this area typically discuss characteristics of different user types or user roles.  

Table 4.4: Overview of the key theme "Identification of types of users" 

Identification of types of users 

Analytics concept References 

Normal users, frequent users (Appelt, 2001; Jeners et al., 2013) 

Lurker (Muller, 2012; Muller, Millen, Shami, & Feinberg, 2010; Muller, Shami, Mil-
len, & Feinberg, 2010) 

Value adding users (Berger et al., 2014) 

Psychometrics (Hacker, Piazza, & Kelley, 2016) 

Dimensions of user behaviour (Hacker, Bernsmann, & Riemer, 2017) 

Knowledge worker roles (Hacker, Bodendorf, et al., 2017) 

User roles (Cetto, Klier, Richter, & Zolitschka, 2018; Mark, Guy, Kremer-Davidson, & 
Jacovi, 2014) 

 

The literature describes two types of approaches. Authors distinguish user types based on the intensi-

ty of system usage or based on the nature of system usage. Early approaches distinguish user activities 
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based on platform access (Appelt, 2001) or the frequency of activities (Jeners et al., 2013) (intensity of 

usage), which allows distinguishing between normal and frequent users. Such studies consider users as 

active when they access the collaboration system on average at least on two days per week (Appelt, 

2001). Lurkers frequently are the primary subjects of interest in ECS studies. The literature typically 

defines lurkers as “a community member who has made zero visible contributions to the community” 

(Muller, 2012, p. 3). Complementary to lurkers, the user types contributors and uploaders are defined. 

Contributors typically create metadata and comment on existing content. Uploaders create new con-

tent and engage in contributing and consuming activities (Muller, 2012; Muller, Millen, et al., 2010; 

Muller, Shami, et al., 2010). Analyses of value-adding users are closely related in purpose and meth-

odology (Berger et al., 2014; Mark et al., 2014).  

In recent publications, authors suggest identifying user types based on the nature of system usage. 

Based on a literature review on knowledge worker roles, Hacker et al. (2017) propose a knowledge 

worker role typology for ECS. The authors identify different knowledge worker roles such as Helper, 

Sharer or Seeker. A combination of distinct knowledge actions characterises each role. An alternative 

approach suggested by Hacker et al. (2017) investigates dimensions of user behaviour (e.g. social dis-

persion, engagement, focus, information sharing, discussing). Following a related approach, Cetto et 

al. (2018) propose a methodology for identifying types of users based on a content analysis of mes-

sages. 

4.1.6 Workspace Analyses 

Eight publications pay particular attention to analysing specific workspaces (Chounta & Avouris, 2012; 

Schwade & Schubert, 2017). The following table provides an overview of this key theme. 

Table 4.5: Overview of the key theme "Workspace analyses" 

Workspace analyses 

Analytics concept References 

Workspace activity (Chounta & Avouris, 2012; Jeners & Prinz, 2014a; Schwade & Schubert, 2017) 

Workspace health (Matthews et al., 2013; Xu, Chen, Matthews, Muller, & Badenes, 2013) 

Workspace success (Damianos & Holtzblatt, 2010) 

Workspace comparison (Xu et al., 2013) 

Diversity in workspaces (Muller et al., 2012) 

Identification of types of 
workspaces 

(Jeners & Prinz, 2014a; Riemer, Lee, Haeffner, et al., 2018) 

 

Jeners and Prinz (2014a) introduce metrics for measuring productivity (average items created per 

member), activity (average events per member) and cooperativity (average edits per member) of 

workspaces. Authors consistently argue that workspace managers require meaningful reports for as-
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sessing the status and health of their community. Topics of interest to academics are the assessment 

of health and activity of workspaces (Matthews et al., 2013; Xu et al., 2013), measurement of work-

space success (Damianos & Holtzblatt, 2010), and the comparison of key characteristics of different 

workspaces (Xu et al., 2013). Participation metrics include the overall activity of the platform, such as 

the number of posts, views and the types of contributions on the platform. People metrics reflect 

membership-changes, top contributors and the geographical location of users. Content metrics display 

popular topics and the value of single posts. These metrics can also be used to assess diversity in work-

spaces (Muller et al., 2012).  

While several studies discuss the existence of different types of workspaces (Jeners & Prinz, 2014a; 

Muller et al., 2012), only one study covers the automated classification of different types of communi-

ties (Riemer, Lee, Haeffner, et al., 2018). Riemer et al. (2018) use the three characteristics (1) evenness 

of user participation, (2) reciprocity of discussions and (3) network density to distinguish between 

three types of communities. The authors identify the four workspace types broadcast streams (charac-

terised by one-way communication), information forums (characterised by even participation but little 

interaction), communities of practice (interaction between members among the core group of users) 

and project teams (characterised by their small size and high interaction).  

4.1.7 Identification of Expertise 

Six publications deal with the identification and location of expertise in ECS. The following table pro-

vides an overview of the identified studies. 

Table 4.6: Overview of the key theme "identification of expertise" 

Identification of expertise 

Analytics concept References 

Location of expertise (Nasirifard & Peristeras, 2009; Nasirifard, Peristeras, Hayes, & Decker, 2009) 

Location of expertise in a so-
cial context 

(Ehrlich, Lin, & Griffiths-Fisher, 2007; Perer, Guy, Uziel, Ronen, & Jacovi, 2011) 

Expertise ranking (John & Seligmann, 2006) 

Expert influence analysis (Liu, Wang, Zheng, Ning, & Zhang, 2013) 

 

Nasirifard and Peristeras (2009) demonstrate a two-phase approach for the identification of expertise. 

First, the extraction of key phrases assigns documents with topics. Authors are then assigned to the 

topics of the documents created by them. The second phase is the analysis of log files. Nasirifard and 

Peristeras (2009) assume that if a user creates or revises a document, there is higher expertise on a 

topic compared to other users who just read these documents. Therefore, Nasirifard and Peristeras 

distinguish between the levels of expertise expert in and familiar with (Nasirifard & Peristeras, 2009; 

Nasirifard et al., 2009). Ehrlich et al. (2007) provide two approaches for expert location, considering 

(1) the social context and (2) a ranked relevance list. By enhancing existing approaches for the identifi-
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cation of expertise with candidate activity (the activity of a user in a domain) and topic correlation (ra-

tio of reposts and replies), Liu et al. (2013) describe how to analyse the influence of selected experts 

on the rest of the network. 

John and Seligmann (2006) discuss the potential of collaborative tagging and propose a mechanism for 

ranking expertise based on tags called ExpertRank. Based on the number of created bookmarks and 

the tags of these bookmarks, an “expertise rank” for this topic is assigned to the authors.  

4.1.8 Network Analyses 

With 24 publications, the analysis of networks in ECS appears to be one of the most popular key 

themes. Several publications propose measures and characteristics for networks. Table 4.7 summaris-

es the different approaches. 

Table 4.7: Overview of the key theme "Network analyses" 

Network analyses 

Analytics concept References 

Analysis of document-centric 
networks 

(Nasirifard et al., 2009) 

Behaviour/networking anal-
ysis 

(Lin et al., 2012) 

Connectedness of users (Benhiba et al., 2013; Hacker, Bodendorf, et al., 2016; Mark et al., 2014; Stein-
hueser et al., 2015; Wu, DiMicco, & Millen, 2010) 

Characterise networks (Behrendt, Klier, Klier, & Richter, 2015; Behrendt & Richter, 2015; M. Smith, 
Shneiderman, et al., 2009; M. Smith, Hansen, et al., 2009) 

Structural characteristics of 
networks 

(Berger et al., 2014) 

Deduction of informal net-
works 

(Behrendt, Richter, & Riemer, 2014) 

Analysis of readership net-
works 

(Brzozowski, 2009) 

 

In an early study, Smith et al. (2009) provide a typology for analysing networks in ECS. Studies in this 

key theme typically use the established SNA metrics such as betweenness centrality, closeness central-

ity, or eigenvector centrality. Other authors use these metrics to characterise different types of net-

works (Behrendt et al., 2015; Behrendt & Richter, 2015; Berger et al., 2014; M. Smith, Shneiderman, et 

al., 2009). Smith et al. (2009) argue that the analysis of networks can reveal data about social interac-

tions that were previously invisible. Such information also facilitates the identification of valuable con-

tent and contributors. In contrast to this, Behrendt et al. (2015) focus on communication networks. 

They analyse how fast new information travels across a network and how participants' actions affect 

the exchange of information.  
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Lin et al. (2012) aim to provide insights into how people interact with each other in their professional 

life. For the analysis of the network graph, the authors apply behaviour analysis and content analysis. 

A specialised aspect regarding the analysis of networks is the analysis of readership networks. 

Brzozowski (2009) visualise networks based on reading and commenting actions. By analysing these 

graphs, Brzozowski (2009) can conclude how the interaction with content influences behaviour on 

creating new content. 

The literature has also shown an increasing interest in investigating the connectedness of users 

(Benhiba et al., 2013; Hacker, Bodendorf, et al., 2016; Mark et al., 2014; Steinhueser et al., 2015; Wu 

et al., 2010). Wu et al. (2010) analyse the closeness of relationships between employees based on in-

teractions in ECS. Steinhueser et al. (2015) and Hacker et al. (2016) suggest analysing the connected-

ness of users as an indicator of networking behaviour. 

While the before mentioned studies focus on analysing user-centric networks, Nasirifard et al. (2009) 

suggest analysing document-centric networks. The authors argue that document-centric networks, 

which are constructed based on activities on documents, provide better insights on actual collabora-

tion behaviour than user-centric networks. 

4.1.9 Organisational and Cultural Impacts 

Fifteen publications describe the measurement of organisational and cultural impacts of ECS. The fol-

lowing table provides an overview of the identified studies. 

Table 4.8: Overview of the key theme "Organisational and cultural impacts" 

Network analyses 

Analytics concept References 

Effects of geographic disper-
sion 

(Recker & Lekse, 2016; Warshaw et al., 2016) 

Boundary spanning (Kim & Kane, 2015; van Osch & Steinfield, 2013; van Osch, Steinfield, & Zhao, 
2015) 

Visualise organisational 
change 

(Windhager, Zenk, & Federico, 2011) 

Communication across coun-
tries 

(Friedman et al., 2014) 

Social Capital (Riemer, Finke, & Hovorka, 2015) 

Impact of hierarchies (Behrendt et al., 2015; Friedman et al., 2014; Riemer, Finke, et al., 2015; 
Stieglitz et al., 2014) 

Impact of social aspects  (Cao et al., 2013; Kremer-Davidson, Ronen, Leiba, Kaplan, & Barnea, 2016) 

A frequently addressed issue is the impact of hierarchies on ECS use (Behrendt et al., 2015; Friedman 

et al., 2014; Riemer, Finke, et al., 2015; Stieglitz et al., 2014). Such studies investigate how a user’s po-

sition in the organisation influences activities in the ECS. Behrendt et al. (2015) examine the impact of 

formal organisational hierarchy on users’ network positions in ECS. In a similar study, Stieglitz et al. 
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(2014) examine the impact of hierarchy on networking behaviour. With the influence of a user’s posi-

tion in the hierarchy (formal influence) and the influence of contributions (informal influence) on the 

response rate/time of questions, Riemer et al. (2015) explore a similar aspect. The three studies have 

in common that authors work with two datasets. One dataset contains the log of the ECS, and the sec-

ond dataset contains information on an employee's position in the organisation's hierarchy. Based on 

SNA metrics, Friedman et al. (2014) identify countries that actively use an ECS for cross-country col-

laboration. 

The literature on organisational impacts shows interest in the effects of geographical dispersion on 

user activity in ECS. Warshaw et al. (2016) display them by determining the spatial distance between 

users, the time zone differences and the isolation of actors. These measures are then related to user 

activity. Similarly, Recker and Lekse (2016) investigate whether the geographical distance between us-

ers influences the intensity of communication and knowledge sharing. In close relation to geographical 

dispersion, recent years have shown an increasing interest in measuring and identifying intra-

organisational boundary-spanning activities in ECS (Kim & Kane, 2015; van Osch & Steinfield, 2013; van 

Osch, Steinfield, & Zhao, 2015), the investigation of Social Capital (Riemer, Finke, et al., 2015) and the 

analysis of influence on further social aspects on user action in ESS (Cao et al., 2013; Kremer-Davidson 

et al., 2016).  

4.1.10 Summary of the Key Themes for Social Collaboration Analytics 

The literature review aimed to identify and classify studies in the field of SCA. The literature review 

identified the seven key themes: (1) measuring system usage, (2) identification of usage patterns, (3) 

identification of types of users, (4) workspace analyses, (5) identification of expertise, (6) network 

analysis and (7) organisational impacts.  

Only 8 publications conduct analyses on the level of workspaces (workspace analyses). This is surpris-

ing because shared workspaces provide users with an environment to collaborate. Even in ESN and 

ECS, which provide collaboration features on the platform level, most collaboration happens within 

shared workspaces or communities (Muller et al., 2012; Schubert, Mosen, & Schwade, 2020). Analyses 

on the platform level help to assess the use of the whole platform but they do not contribute to un-

derstanding specific situations of collaboration. This makes shared workspaces and communities valu-

able for analysing collaboration. Jeners et al. (2014b) and Riemer et al. (2018) observe that there are 

different types of workspaces which are characterised by different collaboration patterns. The im-

portant role of shared workspaces makes it surprising that only a few studies are analysing specific 

workspaces. Because of this, the identification and analysis of different types of shared workspaces 

and communities is an interesting field of research. 

With 24 publications, the key theme network analyses was identified as one of the most popular 

themes in SCA. Most publications investigated people-centric networks. Nasirifard and Peristeras 

(2009) propose an approach for constructing document-centric networks. In document-centric net-
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works, users are connected based on the documents they interacted with. Such an approach empha-

sises that in ECS, users work together on documents and that relations between users are built 

through collaboration. A closer analysis of the publications in this key theme identified that almost all 

the publications analyse network based on structural relations between users, which are created by 

adding other users to a network or by following them. So-called “interaction dyads” (Kane, Alavi, Labi-

anca, & Borgatti, 2014, p. 19), which are constructed based on mutual interactions of users, are ne-

glected in the identified publications. Riemer et al. (Riemer, Finke, et al., 2015) try to explore interac-

tion dyads under the umbrella term social capital. For exploring relations between users based on in-

teractions, the approaches identified in the key theme identification of usage patterns are promising, 

especially the sequence-oriented approaches based on process mining (Chaves & Córdoba, 2014; 

Drodt & Reuther, 2019). One area of interest within process mining in traditional business processes 

are working together metrics, which compute how often individuals work together on the same pro-

cesses (van der Aalst & Song, 2004). Transferring such an approach to ECS seems promising because 

working together metrics would allow assessing relations between users based on how often they 

work together on documents or in communities. Approaches, which are based on process mining, can 

potentially reveal unknown collaboration patterns. 

Research in the area of identification of types of users is fragmented. There are different approaches 

for identifying user types. Most discussions focus on the role of lurkers in collaboration systems (Mul-

ler, Millen, et al., 2010). There is still no common and well-established typology or definition of users 

in collaboration systems. Most user typologies are self-selected by the authors without a theoretical 

foundation (Muller, Shami, et al., 2010), or typologies are proposed based on literature. However, 

they are not applied to data sets (Hacker, Bodendorf, et al., 2017). The publications in this key theme 

inform the ECS user typology, which is developed in section 5.5. 

The key themes contribute to research by adding structure to the area of SCA. Moreover, the key 

themes describe what is currently possible to analyse and which metrics and algorithms can be used. 

As the key themes are mostly a structural contribution of this dissertation, they inform several parts of 

this dissertation. The key themes provide the structure for the survey on the status quo of SCA, as de-

scribed in section 4.2. As the literature review only provided a theoretical view of the key themes for 

SCA, the practical relevance and implications were not yet evaluated. The SCA key themes are ideal for 

communicating the possibilities of SCA to practitioners. Therefore, the key themes are an essential 

part of the business understanding phase of the SCA framework (see section 5.4.1). As most of the 

identified studies also describe how specific analyses can be implemented, the SCA key themes are also 

relevant in the conceptualisation phase of the SCA framework (see section 5.4.3). 

Overall, the literature in the field of SCA appears to be fragmented. Most authors were only assigned 

with one key theme, demonstrating that authors mostly focus on specific areas within SCA. Moreover, 

there are only a few cross-references between the identified publications. The fragmentation of re-

search prevents building a knowledge base and advancing the existing knowledge of SCA, as only few 

studies are based on previous work. Additionally, the literature review did not identify a seminal pub-
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lication in the area of SCA. Seminal papers are pivotal and influence other scholarly publications in 

their area (vom Brocke et al., 2015). The only papers that attempt to provide an overview were pub-

lished by Behrendt et al. (2014) and Hacker et al. (2016). Both works are limited in several ways. Beh-

rendt et al. (2014) provided a classification of data dimensions in Enterprise Social Software (see Table 

2.1 in section 2.3.2). As argued throughout section 2.3, the data dimensions have limitations. First, the 

term data dimension is misused. In the context of data, the term dimension refers to components of a 

data model, such as the dimension tables of a star schema (Moody, 2000), as outlined in section 2.3.3. 

Terms such as data source or type of data are more appropriate. Second, an analysis of data from an 

integrated ECS showed that the classification by Behrendt et al. (2014) is imprecise. Structural data, 

which describe relations between users, are no distinct type of data. Structural data should be treated 

as secondary data, which can be derived from specific interactions. The biggest shortcoming is that the 

authors do not provide details on the sources that store such data, how such data is structured and 

how it can be retrieved. More details on the data, as provided in section 2.3.3, would be valuable to 

stimulate and guide research in the area of SCA. In their work, Hacker et al. (2016) propose a frame-

work for ESN analytics. The framework uses the phases of the CRISP-DM, a standard data mining 

framework. The authors do not evaluate the suitability of CRISP-DM in the context of data analytics in 

ESN and do not demonstrate how to apply their framework in practice. Similar to the data dimensions 

by Behrendt et al. (2014), the framework lacks practical applicability because the descriptions and in-

structions of the individual phases are too generic and lack a level of detail that impedes the applica-

tion in practice. Due to the limitations in the two publications, there is currently no publication in the 

field of SCA, which provides comprehensive guidance for the application of SCA in practice. This disser-

tation aims to address this gap. The SCA framework aims to guide the application of SCA in practice. 

For providing comprehensive guidance, the SCA framework consolidates all findings of this disserta-

tion (see section 5.4). 

Another interesting observation from the literature review is that only one study explicitly addresses 

the importance of finding the right visualisation for presenting the results (Windhager et al., 2011). 

This is an interesting finding because even the common data mining process models such as CRISP-DM 

describe that data visualisation is essential for effective communication of the results. In most studies, 

the results are presented as texts or tables. Due to this observation, the SCA framework will incorpo-

rate steps that specifically deal with finding useful visualisations for the results to make researchers 

and practitioners aware of the importance of data visualisation. 

By identifying and describing the key themes in sections 4.1.3 to 4.1.9, an overview of the current ap-

plication areas of SCA was provided. The following sections contain more detailed discussions on the 

examined systems, data sources used for analysis and the study designs chosen by the authors. The 

individual sections contain a more critical view of the literature and the implications for this disserta-

tion. 
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4.1.10.1 Examined Types of (Social) Software 

Following the terminology described in chapter 1.1, the 63 publications that conduct analyses were 

reviewed to identify the type of software that was investigated. Figure 4.3 summarises the results. 

 

Figure 4.3: Number of publications by examined type of (social) software (n=63) 

Twenty-two publications investigated Enterprise Social Networks. 11 of these studies analysed user ac-

tions in Yammer. The functionalities of ESN are limited to networking and microblogging. This explains 

that studies on ESN account for most studies in network analyses. 19 publications conducted analyses 

in integrated ECS. In 8 of these publications, data from IBM Connections was analysed. 11 publications 

focused on ESS portfolio applications and 11 publications analysed groupware such as BSCW. The sys-

tem category ESN has the highest number of studies, followed by ECS. In contrast to ECS, the other 

system categories are limited in their functionalities and available content types. ESN are limited to 

networking and microblogging, ESS are often specific applications (e.g. a single blog application or a 

single wiki application) and groupware is often limited to file sharing and calendars. Although ECS of-

fer a wide range of features and content types, analytics studies in ECS do not combine or aggregate 

the content types. Instead, the system use is analysed for each content type separately. 

Several studies do not contain precise descriptions of the investigated systems. For example, Chounta 

and Avouris (2012) do not name or describe the analysed system at all. This also applies to the studies 

by Ferron et al. (2011), Langen (2015) and others. Smith et al. (2009) introduce the investigated plat-

form as an ESN without detailed descriptions. Other authors introduce the investigated platforms as 

in-house developments without detailed descriptions about the underlying technology or data (Kim & 

Kane, 2015). Based on the literature review, it could be identified that many studies would benefit 

from a clear and precise description of the investigated system. An understanding of the investigated 

system is essential for conducting SCA and for interpreting the results. To assist researchers and prac-

titioners in establishing this understanding, the SCA framework must contain steps for establishing an 

understanding of the system and its characteristics. 
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4.1.10.2 Data Sources Used for Analysis 

The literature was also analysed regarding the types of data used for analysis. This section contains a 

discussion on the data sources used in the identified studies. 

 

Figure 4.4: Number of publications by data sources used for analysis (n=63) 

Out of the 63 studies that conducted measurements, 31 studies are based on transactional data for 

their analysis. As almost half of the identified studies used transactional data, this demonstrates that 

transactional data is currently the primary source for SCA. This is not surprising because, in section 

2.3.3.2, it was already discussed that transactional data capture details about every user action. Con-

sequently, transactional data is an ideal data source for SCA.  

In 14 studies, content data is the primary data source. At first, this seems surprising because, as de-

scribed in the key themes, none of the studies analysed content or the structure of content. Out of 

these 14 studies based on content data, 11 studies are based on a data set from Microsoft Yammer. In 

contrast to most other collaboration systems, Yammer does not record user actions in the form of 

transactional data. The software only allows exporting a list of all messages in the system (Mi-

crosoft.com, 2019). Consequently, the authors had to (manually) extract user actions from the availa-

ble content data. This demonstrates that it is possible to derive user actions from content data but 

none of the studies describes a detailed approach for deriving user actions from content data. This is a 

limitation for these studies because the approach cannot be replicated in other studies. 

Additionally, in 5 studies, transactional data and content data are combined. For example, Nasirifard 

et al. (2009; 2009) extract the main topics from documents and analyse which users interact with 

these documents. Based on the extracted topics and interactions, the authors derive expertise. Fan et 

al. (2012; 2017) present an approach based on process mining in a task management system. The au-

thors enrich transactional data with content data to identify collaboration patterns for specific types of 

tasks. The 5 studies demonstrate that transactional data can be enriched with content data to enable 

more specific analyses. A possible explanation for the low number of studies that combine the two da-
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ta sources is that it is often difficult to join transactional data and content data, as discussed in section 

2.3.5. 

The most surprising observation regarding the used data sources was that 13 studies do not contain 

any information on the data sources or the characteristics of the used data. For example, Xu et al. 

(2013), who demonstrate metrics for assessing communities, present their metrics and only mention 

the term “community data”. The authors do not describe from which sources they retrieve the data, 

how it is structured and which information is part of “community data”. Similarly, Behrend and Richter 

(2015) and Simon and Blondel (2010) present metrics on platform use but do not describe the under-

lying data. 

As already discussed in section 2.3.2, there is no established terminology for data sources in the area 

of SCA. There is a variety of terms for data sources. The analysis regarding the used data sources iden-

tified another limitation with existing studies. Even the studies that mention the data source often do 

not go beyond a brief description of the used data. In most studies, the authors do not provide details 

on the structure of their data or the columns or attributes that are part of the log file. The studies by 

Nasirifard et al. (2009; 2009) are a positive example of describing data because the authors describe 

the analysed log file and its attributes and provide excerpts, including explanations and interpretations 

of their data. Such descriptions are valuable for understanding the analysis and especially for inter-

preting the results. Another limitation in existing studies is that most studies do not contain any in-

formation on how the data was processed before the analyses. Only Nasirifard et al. (2009; 2009) de-

scribed which data preparation steps were applied before the analyses.  

The SCA framework draws from the outlined findings and limitations and addresses the importance of 

understanding and describing the data in the two distinct phases (data understanding and data prepa-

ration). The two phases contain guidelines that assist researchers and practitioners in examining and 

understanding available data. Additionally, the guidelines emphasise the importance of describing da-

ta and how it was prepared and pre-processed. 

4.1.10.3 Methods and Study Designs 

Most studies rely only on quantitative data from system log files. Only a few authors discuss the chal-

lenges and opportunities of using multiple methods in SCA studies. These authors suggest combining 

data from qualitative methods (such as survey or interviews) and quantitative data from system log 

files for understanding ECS use (and the benefits that result from ECS use) (Behrendt et al., 2015; Her-

zog et al., 2015, 2013; Holtzblatt, Drury, Weiss, Damianos, & Cuomo, 2013; Malsbender et al., 2013; 

Richter et al., 2013b; Stocker & Müller, 2016). Behrendt et al. conclude that “combining different ana-

lytical perspectives enables a better account and explanation of the underlying phenomena” (Beh-

rendt, Richter, & Trier, 2014, p. 570) and that “a mixed-methods approach is not only applicable to the 

evaluation of an ESN for research, but it also creates additional value for organizational decision-

makers” (Behrendt, Richter, & Trier, 2014, p. 573). This observation is essential for this dissertation in 
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multiple ways. First, it confirms that the mixed-methods design chosen for this dissertation is appro-

priate for investigating phenomena in the context of ECS. Second, the observation demonstrates that 

other qualitative methods are useful for judging and interpreting the results of measurements. Conse-

quently, the SCA framework will include phases in which the analytics results are constantly communi-

cated and evaluated in interviews or focus groups for achieving precise interpretations. 

4.1.11 Metrics for Measuring Enterprise Collaboration System Usage 

Another outcome of the literature review is the identification of metrics for measuring ECS usage. The 

literature review resulted in 69 metrics. After reviewing the metrics, four categories were identified: 

(1) user-related metrics, (2) content-related metrics, (3) action-related metrics and (4) network-

related metrics. The SCA key themes and DiSCoAn guided the classification of the metrics. The SCA key 

themes provide the distinction between the dimensions users, general system use and networking ac-

tivities. DiSCoAn inspired the distinction between analysing the content and user actions. 

User-related Metrics 

The metrics in this category focus on users. Metrics related to users, for example, count the number of 

users on a platform (Bøving & Simonsen, 2004; Hacker, Bodendorf, et al., 2016; Langen, 2015), the 

number of unique visitors (Benhiba et al., 2013; Herzog et al., 2015, 2013) or the number of authors on 

a platform (Hacker, Bodendorf, et al., 2017; Herzog et al., 2013; Recker & Lekse, 2016). Appendix A.10 

provides an overview of the metrics in this category. Metrics from this section allow assessing how of-

ten a platform is accessed and how many users access the platform. The number of authors allows dis-

tinguishing between users that create content and users that consume content. In summary, the met-

rics in this category are limited to simple counts. 

Content-related Metrics 

Content-related metrics provide information on the content in ECS. The metrics in this category thus 

align with the dimensions content type and content component of DiSCoAn. Appendix A.11 contains an 

overview of the identified metrics related to content. For example, metrics in this category count the 

number of different types of documents on a platform. Additionally, the metrics allow identifying the 

most frequently read documents. The literature review did not identify metrics related to the analysis 

of content. In summary, the metrics in this category are limited to simple counts. 

Action-related Metrics 

The category action-related metrics is aligned with the dimension actions of DiSCoAn. Metrics related 

to actions count specific user actions in an ECS. Appendix A.12 contains a list of metrics related to user 

actions identified in the literature review. Whereas user-related metrics count the number of users, 

metrics related to actions count the number of user actions. Additionally, the literature describes met-

rics, which calculate indices for measuring activity, cooperativity and productivity in workspaces. Only 

a few authors discuss such “complex metrics”. Most metrics in this category are limited to simple 
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counts. While metrics from the previous categories described what exists on a platform, action related 

metrics describe what happened on a platform. 

Network-related Metrics 

The metrics identified in this category relate to networks and describe different kinds of characteristics 

of networks. Appendix A.13 provides an overview of these metrics. The metrics in this category origi-

nate from Social Network Analysis. This category illustrates that most studies in the academic litera-

ture focus on the analysis of networks and their structures. 

4.1.11.1 Discussion of Metrics in the Literature 

An analysis of the metrics showed that most metrics are simple counts, such as the number of differ-

ent user actions, users and documents. Network-related metrics originate from Social Network Analy-

sis and focus mainly on networking activities and network characteristics. While networking is an es-

sential aspect of ECS, focussing primarily on SNA does not provide enough insights into collaboration. 

User-related metrics can reveal how many users regularly use a system. Content-related metrics can 

provide an overview of the type of content on a platform. Additionally, action metrics can provide an 

abstract overview of how employees use an ECS (e.g. the number of creating, reading and editing ac-

tivities).  

As repeatedly stated throughout the previous sections, most metrics are limited to simple counts. On-

ly Jeners and Prinz (2014a) and Otjacques et al. (2006a) propose indices. The metrics used in current 

studies only provide a high-level overview and might not provide enough information for collaboration 

professionals. As most metrics are based on existing concepts from Web Analytics and Social Network 

Analytics, there are no novel or innovative metrics. More complex metrics, such as compound metrics 

or indices, as proposed by Jeners and Prinz (2014a), can potentially provide deeper insights into col-

laboration in ECS. Chapter 6 demonstrates how a user typology can be used to analyse collaboration 

activities in an ECS. 

4.1.12 Barriers to Social Collaboration Analytics4 

Twenty-six papers mentioned several reasons, which might hinder or even prevent the application of 

SCA. The barriers were reviewed and grouped into the categories (1) resources, (2) methods, (3) data, 

(4) governance & compliance and (5) technical barriers. In an earlier study, Herzog et al. (2014) cate-

gorised barriers to the success measurement of ESS. This categorisation provided the frame for cate-

gorising the SCA barriers. The following sections introduce and discuss the barriers to SCA.  

 

4 Parts of this section have been published in: Schwade, F. and P. Schubert. (2018). “A Survey on the Status Quo 
of Social Collaboration Analytics in Practice.” In: European Conference on Information Systems. Portsmouth, 
United Kingdom. 
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4.1.12.1 Resources 

The category resources describes barriers related to resources. Resources include time, money and ef-

fort. According to Herzog et al. (2013), practitioners often must report on system usage for justifying 

financial investments. Practitioners shy away from measurements, as the required investments can 

mitigate the benefits of the measurements. In some cases, it is necessary to manually collect data for 

the measurements, which increases the costs (Otjacques et al., 2006a). Authors commonly argue that 

software log file analysis is a complex and labour intensive task (Chounta & Avouris, 2012; Jayathilake, 

2011; Xhafa, Caballé, Daradoumis, & Zhou, 2004), which requires time, effort and expertise. As there 

are often several manual steps necessary, log file analysis can be error-prone (Jayathilake, 2011). Con-

sequently, such analyses can often not be conducted because of insufficient staff resources (Herzog et 

al., 2013; Xhafa et al., 2004).  

The barriers mentioned in the literature show that SCA is a cost and time-intensive task that requires 

allocating personnel and budget to SCA.  

4.1.12.2 Methods 

The second category describes methodological barriers. Incorrect or missing targets for measurements 

can result in unprecise and unfocused measurements (Herzog et al., 2013). Additionally, the data min-

ing of collaborative activity is different from mining email activity (John & Seligmann, 2006). Herzog et 

al. (2013) note that practitioners sometimes do not consider current approaches as useful. As a closely 

related barrier, Meske et al. (2014) observe a lack of overview of methods.  

A common challenge is the conceptualisation and development of metrics. Meaningful analyses re-

quire carefully designed metrics, which provide new information on system usage. Authors commonly 

argue that there is a lack of meaningful metrics (Herzog et al., 2015; Meske et al., 2014; Otjacques et 

al., 2006a; Steinhueser et al., 2015). The interpretation of these metrics is another related issue (Mes-

ke et al., 2014; Otjacques et al., 2006a; Windhager et al., 2011). Besides, log file analysis requires 

methodological expertise (Bøving & Simonsen, 2004; Jayathilake, 2011; Otjacques et al., 2006a; 

Windhager et al., 2011) because data of ECS is multi-dimensional and complex (Behrendt, Richter, & 

Trier, 2014). 

The barriers identified in this category demonstrate that there are several methodological challenges. 

The identified barriers provide a possible explanation for the limitations of current studies discussed in 

section 4.1.10, especially the absence of the descriptions of the conducted activities. A common SCA 

framework can address most of the barriers. Additionally, the barriers in this category emphasise the 

relevance of conceptualising and interpreting metrics. 

4.1.12.3 Data 

The literature review also identified barriers concerning the underlying data of an analysis. A common 

problem that academics and practitioners face is that datasets can be noisy (Nasirifard & Peristeras, 
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2009; M. Smith, Hansen, et al., 2009; Tzagarakis, Karacapilidis, Christodoulou, Yang-Turner, & Lau, 

2014). Noisy records often lack essential information such as the userID, objectID or event names. An-

other form of noise in event logs is redundant data (M. Smith, Hansen, et al., 2009). Both barriers 

make careful data understanding and data preparation necessary. Sometimes measurements cannot 

be compared with other data due to a lack of comparative data (Herzog et al., 2013). The currentness 

of data is another relevant issue (Ehrlich et al., 2007). Some systems purge their event logs after a cer-

tain period or in some cases, the most recent data might not be available yet. When analysing data, 

analysts have to consider that lurking data in log files is often sparse, as some systems do not log con-

suming activities (Ehrlich et al., 2007). Moreover, some systems do not allow uniquely identifying 

anonymous or guest users (Appelt, 2001). A possible explanation for some of these limitations is that 

the logs are not produced for analysis (Bøving & Simonsen, 2004). Additionally, there is an increasing 

amount of multiple types of data from heterogeneous sources, which adds another layer of complexity 

to analyses (Tzagarakis et al., 2014), especially when considering multiple different systems. 

The barriers in this category emphasise the importance of a detailed understanding of the analysed 

data. Based on the data understanding, the data must be carefully prepared to address the limitations. 

4.1.12.4 Governance and Compliance 

Especially in European countries, regulations introduced by the works council prevent the analysis of 

system log files. These regulations aim to prevent misuse of personal information and restrain organi-

sations from assessing individuals' performance (Steinhueser et al., 2015). Labour laws are equivalent 

in many other countries (Lin et al., 2012). Organisations increasingly use ECS to communicate with ex-

ternal partners. However, in some cases, policies forbid to analyse activities of users by these external 

parties (Friedman et al., 2014). Several authors argue that privacy laws and privacy policies affect or 

even prevent SCA due to a possible violation of the users privacy (Cao et al., 2013; Herzog et al., 2013; 

John & Seligmann, 2006; Lin et al., 2012; Muller, 2012; Riemer, Stieglitz, et al., 2015; Steinhueser et al., 

2015). Consequently, these authors agree that privacy laws are one of the biggest obstacles for con-

ducting SCA. Prevention of access to content data is another issue in this context (Riemer, Finke, et al., 

2015), limiting the scope of analysis. 

The barriers in this category demonstrate that even in ideal conditions, laws and regulations can affect 

the application of SCA. 

4.1.12.5 Technical (System Issues) 

While the previously introduced barriers were mostly non-technical, there are several technical barri-

ers. In some systems, data can only be accessed via APIs. However, some APIs often provide limited 

data access (Friedman et al., 2014). Some ECS do not provide activity logs (Shami et al., 2011) or the 

system does not allow to access log files (Xhafa et al., 2004). Some authors state that several systems 

only allow accessing public data for analyses, which prevents analysing activities in private groups (Cao 
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et al., 2013; Friedman et al., 2014; Muller et al., 2012). Another technical challenge is that system log 

files are sometimes not complete because some systems purge data after a certain period. However, 

probably the biggest challenge for SCA is that even if systems allow full access and analysis of data, 

ECS usually only provide very rudimentary standard functionality for the analysis of log files (Benhiba 

et al., 2013; Herzog et al., 2014; Schwade & Schubert, 2017; Steinhueser et al., 2015). Specific pro-

gramming skills are required to implement desired analyses. 

4.1.12.6 Discussion on Barriers to SCA 

In 26 studies, the authors described reasons that can hinder or even prevent the application of SCA in 

practice. These barriers were classified into the categories (1) resources, (2) methods, (3) data, (4) 

governance and compliance, and (5) technical. A limited discourse on barriers to SCA can be observed 

as only 26 of the identified 86 studies discuss barriers. The barrier categories identify, consolidate and 

aggregate the potential barriers to SCA. Researchers and practitioners can use the barrier categories 

to identify barriers that can have an impact on their analyses. Future discourse in the literature should 

address how to overcome the identified barriers. The SCA framework makes use of the SCA barriers in 

two phases, to make researchers and practitioners aware of potential issues that may arise when con-

ducting SCA.  

An encompassing SCA framework can help to mitigate specifically the barriers in the categories re-

sources, methods and data. By providing guidelines for conducting SCA, the SCA framework provides 

an overview of appropriate methods and how to apply them. Moreover, the SCA framework guides in 

understanding and preparing the data by providing specific and actionable steps. In summary, the cat-

egorisation of the barriers is an essential contribution to the SCA framework. Based on the categorisa-

tion, the SCA framework assists in identifying potential barriers. 

4.2 A Survey on the Status Quo of Social Collaboration Analytics in Practice5 

The status quo of SCA in academia could be established through a literature review. As this disserta-

tion aims to develop a framework for SCA that is intended to be applicable in practice, the status quo 

in practice and collaboration professionals’ requirements for SCA need to be identified as well. For 

providing a consistent view on the status quo in SCA in academia and practice, a survey was chosen 

that was developed based on the findings of the literature review, as shown throughout the following 

sections.  

The objectives of the survey are to: 

1. Identify the software tools, which companies use for SCA 

2. Identify the current use of SCA in user companies 

 

5 Parts of this section have been published in: Schwade, F. and P. Schubert. (2018). “A Survey on the Status Quo 
of Social Collaboration Analytics in Practice.” In: European Conference on Information Systems. Portsmouth, 
United Kingdom. 
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3. Identify the barriers to SCA in practice 

Consequently, the following research questions are addressed: 

• RQ1 b: What kind of information do organisations gain with the help of SCA? 

• RQ1 c: Which analytics tools do organisations currently use and which features do they pro-

vide? 

• RQ1 d: What are the barriers that organisations are facing when conducting SCA? 

4.2.1 Survey Design 

The survey design followed the recommendations by Czaja and Blair (2005), who outline four phases 

for conducting a survey. Figure 4.1 depicts the phases of the survey design. 

 

Figure 4.5: Phases of the survey based on (Czaja & Blair, 2005) 

The survey was implemented as an online self-completion questionnaire (Brace, 2008) based on the 

open-source software LimeSurvey. Choosing a self-completion questionnaire is appropriate in this dis-

sertation because it can be completed remotely by the participants without the need for an interview-

er. After the survey was tested and refined with a group of researchers, it was published in the online 

community of IndustryConnect. The community members were notified and invited to participate in 

the survey. More details about the participants are provided in the next section. 

The analysis and discussion of the findings are part of sections 4.2.4 and 4.2.5. 

4.2.2 Survey Participants & Context 

The survey was published in the online community of IndustryConnect. As introduced in section 1.6, 

IndustryConnect is a university-industry research project. At the time of writing this dissertation, 30 

user companies, which are early-adopters of the leading ECS IBM Connections of different sizes and 

industries, participated in IndustryConnect. In the bi-annual IndustryConnect workshops, which are 

moderated by university researchers, topics and challenges from practice are addressed with scientific 

methods. IndustryConnect workshops cover topics such as Benefits Realisation Management, Social 
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Document Management and Social Collaboration Analytics. The findings from the IndustryConnect 

workshops are documented in an online community on the academic collaboration platform UniCon-

nect. This online community is also used for discussions among the participants and for coordinating 

bilateral research activities such as interviews or surveys. The survey was published in the online 

community of IndustryConnect. Each user company was asked to have one participant, who is respon-

sible for analytics, to complete the survey. In total, 27 surveys were completed and included in the 

analysis. Because from each user company, one employee participated in the survey, the survey doc-

uments the status quo of SCA in 27 different user companies. 

The research setting in IndustryConnect provides ideal conditions for incorporating findings from pre-

vious research activities into the survey and triangulating the survey findings with findings from other 

research activities. As described in section 4.2.3, the survey includes findings from the previous focus 

groups in which analytics tools were discussed. Appendix A.14 contains a detailed overview of the sur-

vey participants. 

4.2.3 Developing the Questionnaire 

For achieving the outlined aims and objectives, the survey was implemented as a self-completion 

online questionnaire (Brace, 2008) based on LimeSurvey (limesurvey.org, 2018). A self-completion 

online questionnaire was chosen because this allows the participants to participate in the survey re-

motely. 

 

Figure 4.6: Development of the questionnaire 

As shown in Figure 4.6, the SCA key themes and the barrier categories provided the structure for the 

questionnaire. The common structure among the key themes and the survey facilitates comparing the 
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status quo in the literature and practice. Figure 4.6 depicts how the previous findings influenced the 

development of the survey and outlines the structure of the online questionnaire.  

The structure of the survey was first transferred into a concept table, describing all the sections, ques-

tions, question types, description texts, answer options, conditions and relationships between the 

questions and the references to the literature. Table 4.9 contains an excerpt from this concept table, 

and Appendix A.15 contains the complete document. The questionnaire consisted of 44 questions. 

Due to dependencies between questions and given answers, not all participants had to answer each 

question. For example, if a participant stated that SCA is not conducted initially, the participant was 

redirected to the section on barriers to SCA. 

In alignment with the survey objectives, the questionnaire consisted of three parts. The first part col-

lects (1) background information on the participants. Per agreement among the members of Industry-

Connect, the survey participants provided their names and organisations in the questionnaire, which 

allows data triangulation between surveys, focus groups and case studies. Additionally, the first part of 

the questionnaire asked the participants to list the software currently available for SCA. This question 

was informed by two previous focus groups (Appendix A.4 and Appendix A.5) in which different ECS 

analytics tools were discussed. The first part was concluded by a question which asked the participants 

whether they derived any actions from the information gained from SCA. The first part of the ques-

tionnaire addresses the first survey objective. In case participants stated that they do not conduct SCA, 

the questionnaire redirected the participants to the final section. 

The second part of the survey asked the participants about the (2) current use of analytics in user 

companies and addressed the second survey objective. The structure of this part drew specifically 

from the SCA key themes. Consequently, this part of the survey consisted of seven sections, as depict-

ed in Figure 4.6. Each section represented one key theme. Following the recommendations in the lit-

erature (Brace, 2008; Czaja & Blair, 2005), the individual sections are displayed on separate pages in 

the online questionnaire. The questionnaire presents short pages without the need for scrolling. Each 

section started with a brief introduction of the corresponding key theme and presented the concepts 

categorised within the key theme in the form of a closed question. Each question asks the participants 

on the current use of each measurement concept in their organisation. The following table shows an 

excerpt from the concept sheet of the survey and demonstrates the wording of questions, descrip-

tions and answers. Appendix A.15 contains the complete conceptualisation of the questionnaire. 

As shown in Table 4.9, a description of the key theme enriched the introduction of each section. Fol-

lowing this introduction, the questionnaire presented the measurement concepts, including short de-

scriptions and examples. In this part of the questionnaire, the answer options were chosen to allow 

the participants to distinguish between satisfactory and non-satisfactory measurements. The third an-

swer option allowed the participants to express that they do not conduct specific analyses. Open 

questions, which allowed the participants to add comments, concluded each section. 
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Table 4.9: Excerpt from the questionnaire concept table 

Measurement Description Possible answers Reference (excerpt) 

Action-specific 
usage measures 

Action specific usage-measure 
provide an abstract view on 
system usage by classifying 
user actions. 

Yes, is measured. 

Yes, is measured, but the 
output is not satisfactory. 

No, is not measured. 

(Appelt, 2001) 

 

The third part of the questionnaire focussed on identifying the practical relevance of (3) barriers to So-

cial Collaboration Analytics (survey objective 3). The barriers to SCA identified in the literature review 

provided the structure for this part of the questionnaire. In contrast to the second part of the survey, 

this part was structured differently. The individual barriers and the answer options is not a barrier, 

hinders SCA and prevents SCA were presented in the form of a matrix. The different barrier categories 

were separated by sub-headings within the matrix, containing a brief description for each barrier cat-

egory. An open question allowed the participants to add individual comments. The survey results are 

discussed in the following sections. 

4.2.4 Survey Results: Available Tools and Current Use of Social Collaboration Analytics 

The first question in the questionnaire asked the participants about the available tools for SCA. The 

participants could choose multiple answer options. Table 4.10 presents an overview of the results for 

this question. Combining the answer option “No analyses” with the other options allowed the partici-

pants to express that analytics software is available but not used. The selection of “No analyses” im-

mediately redirected the participants to the final section of the questionnaire. 

Table 4.10: Results for the question "Which tools for analytics in your ECS are available in your organi-

sation?" (n=27) 

IBM Con-
nections 
Metrics 

Kudos 
Analy-
tics 

Cognos  Connec-
tions 
Experts 

Custom 
analyses 

Web An-
alytic 
tools 

Analysis of 
exported 
data in Ex-
cel/SPSS 

Sub-
jective 
evalu-
ation 

Oracle 
APEX 

No 
Anal-
yses 

14 2 5 3 1 6 3 8 1 8 

 

The results from the table demonstrate that most participants use the IBM Connections metrics appli-

cation. This application is the default module for analytics in IBM Connections. 14 organisations stated 

that this application is available for analytics. The remaining 13 organisations do not have access to 

this analytics module. Eight organisations stated that they evaluate platform usage subjectively with-

out using any kind of software. Subjective evaluation means that participants manually look at the use 

of the platform and communities and assess their usage based on their perception. Three out of these 

8 organisations evaluate the usage of their ECS without the assistance of any analytics software. Eight 
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organisations do not conduct SCA at all. When asked about the reason for not conducting SCA, 3 of the 

organisations stated that they plan to implement SCA in the future. The other five organisations stated 

that currently, there is no need for SCA in their organisation. 

The results for this first question also show that only 3 participants analyse ECS data in external appli-

cations and that only 3 participants develop custom analyses. The numbers show that only these par-

ticipants conduct SCA beyond the current capabilities of standard ECS analytics software. Additionally, 

few organisations use specific ECS analytics tools such as Kudos Analytics (2 organisations), Cognos for 

IBM Connections (5 organisations) and Connections Experts (3 organisations). In previous focus groups 

(section 2.6.3 and appendix A.5), the participants have already expressed increasing dissatisfaction 

with these analytics tools, resulting in low adoption. The findings from the first question are important 

for the interpretation of the results from the following sections of the survey because the analytics 

tools provide different functionalities. The IBM Connections metrics application and Kudos analytics 

provide only rudimentary metrics. Compared to this, Connections Expert and Cognos provide more 

advanced features, but Cognos requires a high configuration effort. Moreover, Cognos is error-prone. 

Web Analytics tools allow tracking how long users interact with single pages and which search terms 

are used. 

4.2.4.1 Survey Results: Measuring System Usage 

This section of the questionnaire represents the key theme measuring system usage. As discussed in 

sections 4.1.3 and 4.1.11, the analytical concepts and metrics in this theme are on a high-level and 

provide a general perspective on ECS usage. Most metrics used in studies associated with this key 

theme originate from existing metrics in web analytics. Exemplary metrics are the number of users or 

the number of documents on the platform. This section consisted of six closed questions and an addi-

tional open question for further comments. Table 4.11 summarises the results for the section. 

The results show that most of the participants (63%; 12) use general usage measures and that some 

participants (21%; 4) are not satisfied with these general usage measures. In contrast, only a few par-

ticipants use action-specific measures. As discussed in sections 2.5 and 4.1.3, the challenge with ac-

tion-specific usage measures is that they require a meaningful abstraction level as described in COAT. 

Out of the currently available SCA tools, only Connections Expert and IBM Cognos for Connections 

support defining such a layer of aggregation. Defining this layer is challenging because it (1) requires 

finding a suitable action typology (e.g. COAT) and the implementation in ConnectionsExpert and 

Cognos requires a high level of expertise. The participants who stated that they apply action-specific 

measures either have ConnectionsExpert or Cognos available. Out of the participants who apply ac-

tion-specific measures, 3 participants investigate participation inequality. Calculating inequality 

measures requires well-defined action-specific measures. The numbers in the table above indicate 

that the support for such analyses in current analytics tools is limited. The results for the measurement 

of platform usage over time show that out of the 16 participants who use general-usage measures for 
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analysing the use of their ECS, 14 participants analyse the platform usage over time. For 7 of the par-

ticipants, the output of the analysis is not satisfactory.  

Table 4.11: Results for the section “measuring system usage” (n=19) 

Question Yes, is meas-
ured. 

Yes, is measured 
but the output is 
not satisfactory 

No, is not 
measured. 

N 

General usage measures 63% (12) 21% (4) 16% (3) 19 

Action-specific measures 10% (2) 16% (3) 74% (14) 19 

Participation inequality 40% (2) 20% (1) 40% (2) 5 

Quality of collaboration 6% (1) 6% (1) 88 (14) 16 

Dynamics of ideas and innovations gen-
eration 

0 20% (1) 80% (4) 5 

Measurement of platform usage over 
time 

37% (7) 37% (7) 26% (5) 19 

 

The results for this section of the survey demonstrate that most participants apply rather simple usage 

measures. Only a few participants use action-specific metrics. The results can be explained by the lim-

ited capabilities of the standard analytics tools. Only the more advanced analytics tools (Connection-

sExpert and Cognos) allow defining action-specific metrics, which requires expertise and is error-

prone. The results for this section of the survey also show a certain level of dissatisfaction with the 

outputs of analyses. 

4.2.4.2 Survey Results: Identification of Usage Patterns 

The analysis of usage patterns allows identifying patterns. Such analyses can show how employees use 

an ECS. The questionnaire generalised three types of usage patterns, which are represented by three 

closed questions. Table 4.12 summarises the results.  

Table 4.12: Results for the section "Usage patterns" (n=19) 

Question Yes, is meas-
ured. 

Yes, is measured 
but the output is 
not satisfactory 

No, is not 
measured. 

N 

Social Process Mining 0 0 100% (19) 19 

Identification of communication patterns 0  5% (1) 95% (18) 19 

Identification of search patterns 0 11% (2) 89% (17) 19 

 

It is apparent from Table 4.12 that only very few participants apply usage pattern analyses. As dis-

cussed in section 4.1.4, Social Process Mining is the most advanced form of pattern analysis in ECS. 

None of the participants stated that they apply SPM. 2 participants stated that they analyse search 



Florian Schwade 

88  

patterns. As discussed in section 2.3.3.3, the analysis of search queries is only possible by analysing the 

webserver log of IBM Connections, which requires web analytics tools such as Piwik. The participants 

who analyse search patterns stated that Piwik or ConnectionsExpert is available in their company. 

Piwik can analyse searches by analysing the webserver log and by tracking browser requests, as dis-

cussed in section 2.3.3.3. ConnectionsExpert can conduct analyses based on the search index of IBM 

Connections. Due to the limited information in the data sources, both tools can only provide basic in-

formation on searches, explaining that the participants perceive the outputs as non-satisfactory. 

The identification of usage patterns potentially provides valuable results for practitioners. The ap-

proaches described in this key theme are complex and require expertise and specific analytics tools. 

This is a possible explanation for why only a few practitioners analyse usage patterns.  

4.2.4.3 Survey Results: Identification of Types of Users 

This section of the survey represents the key theme identification of types of users. The frequency and 

type of ECS use allow characterising different types of users. The questionnaire condensed the existing 

concepts from the literature to identifying types of users based on the intensity of usage (e.g. power 

users and lurker) and identifying types of users based on nature of usage (e.g. knowledge worker roles 

such as helper, sharer or seeker). This section contains two closed questions and an additional open 

question for further comments. Table 4.13 contains an overview of the results. 

Table 4.13: Results for the section "Identification of types of users" (n=19) 

Question Yes, is meas-
ured. 

Yes, is measured 
but the output is 
not satisfactory 

No, is not 
measured. 

N 

Types of users based on intensity of usage 5% (1) 11% (2) 84% (16) 19 

Types of users based on nature of usage 0 0 100% (19) 19 

 

Only 3 of the participating organisations analyse types of users in their ECS, which is a surprising result 

because none of the available ECS analytics tools provides the opportunity to analyse different types 

of users. A closer inspection of the answer identified that the two participants who expressed dissatis-

faction with the results process ECS data in an external business intelligence tool (Tableau). The other 

participant stated that custom metrics are developed.  

As in the previous sections, the results that only very few participants analyse different types of users 

can be explained by the lack of capabilities of the available ECS analytics tools because only partici-

pants who process the data in external tools and develop their own custom metrics analyse user 

types. 
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4.2.4.4 Survey Results: Workspace Analyses 

Workspace analyses allow investigating ECS usage in a set of selected communities. This section of the 

survey contained three closed questions and an additional open question for further comments. Table 

4.14 contains an overview of the results for questions in this section. 

Table 4.14: Results for the section "Workspace analysis" (n=19) 

Question Yes, is meas-
ured. 

Yes, is measured 
but the output is 
not satisfactory 

No, is not 
measured. 

N 

Workspace activity 21% (4) 26% (5) 53% (10) 19 

Workspace health 5% (1) 16% (3) 79% (15) 19 

Workspace comparison 22% (2) 0 78% (7) 9 

 

The results show that more participants stated to use workspace analyses compared to the previous 

two key themes. Nine participants stated that they analyse workspace activity of selected workspaces. 

For analysing workspace activity, the standard ECS analytics tools allow using the general usage 

measures on the workspace level. 5 (26%) of the participants expressed dissatisfaction with the out-

puts, which indicates that general usage measures might not provide enough insights on collaboration 

at the community level. 

As demonstrated in section 4.1.6, the analysis of community health requires selecting and composing 

different metrics. This requires effort and the outcome of health analysis are often hard to interpret. 

As discussed in the previous sections, only some tools allow to define custom metrics and compare 

multiple metrics with each other. Because of this, only few participants compare communities and an-

alyse workspace health. 

4.2.4.5 Survey Results: Identification of Expertise 

ECS are frequently implemented to support access to expert knowledge. ECS do not support the loca-

tion of expert users based on their interactions with content. The analysed literature contains differ-

ent approaches to infer expertise from interactions with content. Table 4.15 summarises the results 

for the questions of this section. 



Florian Schwade 

90  

Table 4.15: Results for the section "Identification of expertise" (n=19) 

Question Yes, is meas-
ured. 

Yes, is measured 
but the output is 
not satisfactory 

No, is not 
measured. 

N 

Identification of expertise 0 0 100% (19) 19 

Ranking of expertise 0 0 100% (19) 19 

Influence of experts 0 0 100% (19) 19 

 

The results show that none of the participating organisations applies analyses for the identification of 

expertise in ECS. An explanation for this is that none of the current analytics tools supports such anal-

yses. Moreover, as described in section 4.1.7, the approaches for identifying the expertise of users are 

complex to implement, which explains why none of the participants implemented custom analyses for 

identifying expertise. 

4.2.4.6 Survey Results: Network Analyses 

The application of network analyses allows to analyse the connectedness of employees and to identify 

other dynamics on the collaboration platform. The section consists of four closed questions and an 

additional open question for additional comments. The following table summarises the results for this 

section of the questionnaire. 

Table 4.16: Results for the section "Network analyses" (n=19) 

Question Yes, is meas-
ured. 

Yes, is measured 
but the output is 
not satisfactory 

No, is not 
measured. 

N 

Connectedness of users 10% (2) 16% (3) 74% (14) 19 

Analysis of document-centric networks 0 0 100% (19) 19 

Analysis of networks over time 0 20% (1) 80% (4) 5 

Analysis of informal networks 0 0 100% (5) 5 

 

Five participants stated that they analyse the connectedness of users. This is an interesting finding be-

cause none of the existing ECS analytics tools support Social Network Analysis. A closer inspection of 

the answers shows that one participant conducts analyses in external BI/SNA tools. In the open ques-

tion another participant stated that their organisation defined a custom SNA-index for analysing the 

connectedness of users. The other participants stated that they subjectively analyse platform usage, 

which indicates that they observe users' connectedness manually, for example, by counting the num-

ber of network contacts of selected users. 
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As in most of the other sections, the results for this section can be explained by the limited capabilities 

of ECS analytics software. Even though many SNA tools are available on the market, their use requires 

a certain level of expertise, which explains why only 2 participants conduct SNA in external tools. 

4.2.4.7 Survey Results: Organisational and Cultural Impacts 

In the literature review, it was identified that some publications discuss the measurement of organisa-

tional or cultural aspects of collaboration, such as measuring the effects of geographical dispersion or 

collaboration across boundaries or levels in a hierarchy. The corresponding section in the survey con-

sists of three closed questions and an additional open question for further comments. The table below 

presents the results for this section of the survey. 

Table 4.17: Results for the section "Organisational and cultural impacts" (n=19) 

Question Yes, is meas-
ured. 

Yes, is measured 
but the output is 
not satisfactory 

No, is not 
measured. 

N 

Effects of geographical dispersion 0 0 100% (19) 19 

Boundary spanning 0 0 100% (19) 19 

Impacts of hierarchy 0 0 100% (19) 19 

 

The results of this section in the questionnaire demonstrate that none of the participating organisa-

tions applies Social Collaboration Analytics to investigate organisational and cultural impacts. This is 

not surprising because such analyses require organisational data (e.g. location of employees or level in 

the organisational hierarchy). As outlined in section 2.3.5, joining organisational data with transac-

tional data or content data is not always problem-free and not supported by the available ECS analyt-

ics tools. 

4.2.5 Survey Results: Barriers to Social Collaboration Analytics 

This section reports on the results of the section on the barriers to SCA. The results outline the possi-

ble reasons why practitioners do not adopt many of the analyses mentioned in the literature.  

4.2.5.1 Survey Results: Resources 

The section for the barrier category resources contained 6 closed questions. Table 4.18 summarises 

the results. Overall, the results for this category show that resources and capacities, both personnel 

and financial, are a potential barrier to SCA. For both barriers, only 5 (18%) participants stated that 

this is no barrier in their organisation. The high share of answers for “hinders SCA” and “prevents SCA” 

demonstrate that allocating dedicated resources for conducting SCA is challenging for many organisa-

tions. They either do not have the financial or human resources available for conducting SCA. Partici-
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pant #19 commented that “the project team did not have much time to conduct more than the stand-

ard analyses”, which shows that analytics does not seem to have a high priority in ECS projects. 

Table 4.18: Results for the section “Resources and responsibilities” (n=27) 

Barrier Is not a barrier Hinders SCA Prevents SCA N 

Negative cost-value ratio 25% (7) 59% (16) 14% (4) 27 

Capacity: Personnel  18% (5) 48% (13) 33% (9) 27 

Capacity: Financial 18% (5) 59% (16) 22% (6) 27 

High effort for data collection 33% (9) 59% (16) 7% (2) 27 

High effort for data preparation 25% (7) 66% (18) 7% (2) 27 

High effort for data analysis 25% (7) 62% (17) 11% (3) 27 

 

Moreover, most of the participants perceive a negative cost-value ratio, which means that the partici-

pants think that the costs required for SCA exceed the expected benefits of SCA. This can be another 

reason why some organisations shy away from conducting SCA. For the barriers describing the high ef-

fort for data collection, data preparation and data analysis, only a few participants stated that these 

barriers prevent them from conducting SCA. This result is not surprising because the standard ECS ana-

lytics tools do these steps automatically. These steps are only required for the definition of custom 

metrics. The high share of “hinders SCA” answers for the three barriers indicates that participants are 

willing to define custom metrics but shy away due to the high effort and stick with the standard met-

rics. 

The results in this section show a high share in “hinders SCA” answers. This indicates that allocating 

dedicated resources to SCA can be challenging for organisations. They cannot afford to spend re-

sources to go beyond what is currently possible with the current analytics tools. 

4.2.5.2 Survey Results: Methods 

Table 4.19 presents an overview of the results for the barriers related to methods. Only two partici-

pants stated that the development of new metrics is a barrier that prevents them from conducting 

SCA. As already discussed, the standard analytics tools provide several metrics, which means that de-

veloping new metrics for SCA is not required. Most of the available analytics tools for IBM Connections 

enable users to define custom queries and metrics (especially Cognos, Kudos Analytics and Connec-

tionsExpert). Defining custom queries requires high effort and expertise. This is expressed by the high 

share of “hinders SCA” answers which demonstrate that the participants do not develop new metrics, 

but this does not prevent SCA because the standard analytics tools provide several metrics. The results 

related to meaningful metrics and interpretation of metrics are similar. The results show that the par-

ticipants perceive the current metrics as helpful. The high share of “hinders SCA” answers expresses a 

certain dissatisfaction with the meaningfulness and interpretability of the available metrics. The re-
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sults related to the interpretation of metrics indicate that some participants seem to struggle with in-

terpreting the available metrics. Participant #27 commented that “the basic metrics of IBM Connec-

tions have insufficient explanations”. The results demonstrate that selecting meaningful metrics and 

interpreting metrics are essential for SCA.  

Table 4.19: Results for the section “Methods” (n=27) 

Barrier Is not a barrier Hinders SCA Prevents SCA N 

Missing targets for measurements 29% (8) 48% (13) 22% (6) 27 

Development of metrics 33% (9) 59% (16) 7% (2) 27 

Meaningful metrics 22% (6) 66% (18) 11% (3) 27 

Interpretation of metrics 33% (9) 55% (15) 11% (3) 27 

Current approaches are not helpful 37% (10) 40% (11) 22% (6) 27 

Lack of overview on methods 18% (5) 62% (17) 18% (5) 27 

 

Additionally, the results identify challenges related to methods for SCA in practice. The results express 

uncertainty due to a lack of overview of methods. Selecting targets for measurements also seems to 

be a challenge for practitioners. An encompassing SCA framework can help mitigate most of the barri-

ers in this section, especially for defining targets, selecting metrics and methods. Section 4.2.7 con-

tains a discussion on how the findings from this section of the survey influence the development of 

the SCA framework. 

4.2.5.3 Survey Results: Data 

The literature review identified several barriers related to data. The objective in this section the survey 

was to identify which of these theoretical barriers are challenging when applying SCA in practice. This 

section of the survey contained 7 closed questions. Table 4.20 summarises the results. 

Overall, the results show that data barriers prevent only a few participants from conducting SCA. The 

high share of “is not a barrier” answers demonstrates that data barriers seem to be less critical in 

practice. This is not surprising because when using the standard analytics tools, users do not have to 

deal with raw data as these tools present metrics and visualisations. Especially the barriers dataset is 

noisy, data set contains redundant data and data from multiple sources show a high share of “hinders 

SCA” answers. The answer results for these three barriers show that there are some issues with the 

available data. For handling noise and redundant data, data preparation would be necessary, but the 

standard analytics tools do not provide such capabilities. Low data quality does not prevent the appli-

cation of SCA, but it does potentially influence the outcomes of analyses. Participant #12 commented 

that “ECS data and metadata about users are incomplete”, which led to the computation of erroneous 

metrics.  
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Table 4.20: Results for the section “Data” (n=26) 

Barrier Is not a barrier Hinders SCA Prevents SCA N 

Dataset is noisy 34% (9) 65% (17) 0 26 

Dataset contains redundant data 26% (7) 73% (19) 0 26 

Undocumented logs 19% (5) 57% (15) 23% (6) 26 

Lack of comparative data 30% (8) 57% (15) 11% (3) 26 

Currentness of data 61% (16) 30% (8) 7% (2) 26 

Incomplete data 26% (7) 65% (17) 7% (2) 26 

Data from multiple sources 19% (5) 69% (18) 11% (3) 26 

 

For SCA, high data quality is essential. A robust data understanding and knowledge about data prepa-

ration is required. Section 4.2.7 elaborates on how the findings from this section of the survey influ-

enced the development of the SCA framework. 

4.2.5.4 Survey Results: Governance and Compliance 

Barriers related to governance and compliance seem to be problematic in practice. Especially privacy 

regulations and regulations by the works council are perceived as barriers by the participants. 

The participating organisations are either German or Swiss. The strong position of the works council is 

a unique situation in Germany. In Germany and Europe, privacy laws are stronger compared to, for 

example, in the USA. 

Table 4.21: Results for the section “Governance and compliance” (n=27) 

Barrier Is not a barrier Hinders SCA Prevents SCA N 

Regulations by works council 22% (6) 55% (15) 22% (6) 27 

Privacy regulations 22% (6) 62% (17) 14% (4) 27 

Company policy: external users must 
be excluded from analyses 

59% (16) 25% (7) 14% (4) 27 

Company policy: content data must 
not be analysed 

59% (16) 29% (8) 11% (3) 27 

 

One IndustryConnect member has subsidiaries in Germany and Switzerland. The works council in 

Germany is blocking the implementation of SCA, which means that the subsidiary in Switzerland can-

not implement SCA. Three of the respondents are based in Switzerland, and for them, the works coun-

cil is no barrier to SCA. Some of the participants have reported that the “barrier of the works council” 

can be successfully addressed by actively involving them in the implementation project and the con-

ceptualisation of new measurements. 
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Compared to the works council and privacy regulations, company policies are less critical barriers. As 

ECS allow onboarding users from third parties such as project partners, some company policies do not 

permit to include such users in analyses. 

4.2.5.5 Survey Results: Technical 

Overall, the results for technical barriers show that such barriers seem to be less challenging in prac-

tice. The results highlight that for most practitioners accessing ECS log data and content data is not a 

barrier. When using standard analytics tools, access to data should not be a challenge because users 

only need to enter credentials for data access and the tools handle accessing the data. Among the 

three participants who stated that missing access to ECS data prevents SCA, one organisation runs its 

ECS in a vendor-operated cloud. As discussed in section 2.3.4, for cloud operated ECS, data has to be 

retrieved via APIs. In the case of IBM Connections, the APIs do not provide all the necessary data for 

SCA. Out of the 5 participants who stated that APIs provide limited data access, one organisation has 

their ECS in a vendor-operated cloud. Two other organisations use external tools for conducting anal-

yses. The numbers demonstrate that APIs seem to be an issue for ECS in the cloud and for retrieving 

data for analyses in external tools. 

Table 4.22: Results for the section “Technical” (n=27) 

Barrier Is not a barrier Hinders SCA Prevents SCA N 

System does not allow access to log 
file 

62% (17) 25% (7) 11% (3) 27 

System does not allow access to 
content data 

62% (17) 25% (7) 11% (3) 27 

API provide limited data access 44% (12) 37% (10) 18% (5) 27 

Limited analytics standard features 22% (6) 51% (14) 25% (7) 27 

Lack of skills for developing queries 33% (9) 59% (16) 7% (2) 27 

 

Throughout the previous sections, it was discussed that most of the results can be explained by limited 

analytics standard features. Only 6 (22%) of the participants stated that limited analytics features are 

not a barrier for them. This means that for most participants, the limited analytics features are indeed 

a barrier. The results for this barrier confirm the observation that the limited analytics capabilities of 

current tools result in dissatisfaction among practitioners.  

Although only 2 participants state that lack of skills for developing queries is no barrier for them, the 

responses for this barrier allow three conclusions. (1) It is not necessary to develop custom queries. 

The previous sections already demonstrated dissatisfaction among the practitioners with the current 

analytics tools and that developing custom queries would provide value. (2) Most of the participants 

have the required skills for developing custom queries. (3) In combination with the previous barrier, 
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the results demonstrate that participants wish to develop custom metrics and queries, but the availa-

ble development skills are possibly limited.  

4.2.6 Discussion of the Survey Results: A Comparison between Academia and Practice 

This section contains a discussion of the survey results, emphasising comparing the findings from the 

academic literature with the findings from the survey. Herzog et al. (2013, p. 5) postulate that “Nearly 

every Social Software platform provides analysis tools with which it is possible to track the activity of 

users in the form of traffic, page views and number of users, logins, or blog posts. Furthermore, this 

method meets the need for quantifiable success metrics of an IT manager”. Whereas the authors 

claim that the metrics provided by ECS are satisfactory for practitioners, the survey results with the 

leading ECS user-companies show a different result. Throughout the sections of the survey, a high 

share of the participants expressed dissatisfaction with the outputs of the analyses. More differences 

between literature and practice are observable regarding the tools which are used for analytics. The 

survey results confirmed that ECS analytics tools only have limited capabilities. The results from the 

survey also demonstrate that most practitioners use standard ECS analytics tools. Only 3 participants 

conduct analyses in external software, and only 1 participant stated their organisation developed cus-

tom analyses. 

A comparison of the findings from the section related to the key themes aims to identify more differ-

ences between the application of SCA in the analysed literature and practice. As outlined in sections 

4.1.3 and 4.1.11, the literature suggests various general usage measures (e. g. the number of users or 

documents on the platform) and some action-specific measures (e. g. the number of create or edit ac-

tions on the platform). Most survey participants (80%) make use of general usage measures and only 

few apply action-specific usage measures. The results from the analysed literature and practice are 

similar. This is not surprising because, as covered in section 2.5, there are only few concepts for ac-

tion-specific measure and most of them have several limitations. A gap between theory and practice 

can be observed related to the key theme identification of usage patterns. Some studies demonstrate 

approaches based on pattern analysis (Chaves & Córdoba, 2014; Naderipour, 2011) and based on pro-

cess mining (Drodt & Reuther, 2019). Comparable approaches are not applied in practice. One expla-

nation for this is that the current analytics tools are limited and do not provide features for such ap-

proaches. Another explanation is that process mining is difficult and practitioners who manage ECS 

might not have the time and expertise to conduct process mining.  

There are only some studies that describe different approaches for identifying types of users in collab-

oration systems. The survey identified that only very few practitioners analyse user types in their ECS. 

The results for the theme identification of expertise and organisational and cultural impacts are simi-

lar. There are only very few approaches described in the literature. None of these approaches is ap-

plied by the participants. This is not surprising because the approaches described in the literature are 

highly theoretical and complex to implement. Especially the measurements described in the theme 

organisational impacts are challenging to implement because they require manually mapping organi-
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sational data with transactional data. Interesting observations can be made regarding workspace 

analyses. There are only 8 studies analysing collaboration at the level of workspaces. The survey iden-

tified that almost half of the participants conduct workspace analyses. This demonstrates the im-

portance of workspaces for collaboration. Section 5.1 contains a more detailed discussion on the role 

of communities and community managers in the context of SCA. The approaches for measuring com-

munity health are limited in both literature and practice. The key theme network analyses was one of 

the key themes with the highest number of associated studies. Most of the studies described made 

use of established SNA tools such as Gephi. The survey identified that only very few practitioners apply 

SNA with specific tools. 

The identified studies describe a variety of approaches of which only very few are applied in practice. 

One reason for this is that the standard ECS tools have limited analytics capabilities, and as outlined in 

the resources section of the survey, practitioners might not have the time or expertise to use special-

ised tools. It can also be observed that some of the SCA key themes such as identification of usage pat-

terns, identification of expertise or network analyses are highly theoretical, which makes such anal-

yses less accessible and comprehensible to practitioners. Some of the concepts described in the litera-

ture might be of primarily academic interest. To verify the conclusions regarding the gaps between the 

academic literature and practice, another focus group (see section 5.2) investigates the practical im-

plications and relevance of the SCA key themes. The survey identified that most of the barriers men-

tioned in the literature are relevant in practice. Consequently, practitioners need to be provided with 

guidance on how to address these barriers. 

Table 4.23. Results for the question “Are actions taken based on the results of analyses?” (n=19) 

 Yes, actions are regularly 
taken. 

Yes, actions are 
taken selectively. 

No actions were taken, yet. N 

Taking action 
based on analyses 

6% (1) 47% (9) 47% (9) 19 

 

The participants were also asked whether they initiated actions, such as user training, advertisements 

for the ECS etc., based on the analytics results (Table 4.23). Only one participant stated that their or-

ganisation regularly initiates actions based on the measurements. Nine participants act unregularly, 

and 9 participants did not initiate any actions based on the analytics results. The results for this ques-

tion are in line with the previous observation that practitioners express a high dissatisfaction with the 

available metrics. Because the metrics do not satisfy the needs of practitioners, only few initiate ac-

tions based on the measurement results. 

To make the work in the field of SCA impactful to practice, scholars must establish a continuous trans-

fer between research and practice. With the mixed-methods design and the research focus with the 

IndustryConnect community, this dissertation demonstrates how research can enable a transfer be-

tween research and practice. Another important task for scholars is to develop reproducible ap-
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proaches and reusable software artefacts. The transfer between science and practice will also be con-

sidered in the SCA framework. 

4.2.7 Summary of the Status Quo of SCA and Research Contributions 

The literature review identified seven key themes for SCA: (1) measuring system usage, (2) identifica-

tion of usage patterns, (3) identification of types of users, (4) analysis of communities, (5) identification 

of expertise, (6) network analysis and (7) organisational impacts. These key themes provide a theoreti-

cal frame and structure to the field of research. The previous sections demonstrated the use of the 

key themes for developing a questionnaire.  

Both the literature review and survey identified an emphasis on high-level usage statistics. While the 

literature covers more advanced analyses in the remaining key themes, practitioners do not widely 

adopt such analyses. Several reasons have been outlined for this: (1) a lack of standard analytics fea-

tures, (2) a lack of awareness concerning the possibilities of SCA and that the (3) concepts found in the 

literature might be of primarily academic interest. The survey also confirmed a variety of barriers re-

lated to (1) resources and responsibilities, (2) methods, (3) governance and compliance, (4) technical 

and (5) data, which can prevent the application of SCA in practice. The survey results show that finan-

cial and human resources, expertise, governance and compliance are the most severe barriers.  

Table 4.24 contains a summary of the main findings from the literature review that have direct impli-

cations for the remainder of this research. Table 4.25 summarises the main findings from the survey 

and outlines the implications of the findings for this research. Whereas the previous table stated that 

the categorisation of barriers raises the awareness of barriers, the following table demonstrates the 

implications of the core findings related to barriers to this research. 
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Table 4.24: Main findings and implications from the literature review 

Main findings from the litera-
ture review 

Implications for this research 

Structure: Key themes for SCA The classification of the key themes adds structure to the academic litera-
ture. The key themes summarise possible application areas for SCA. Addi-
tionally, the key themes can guide the implementation of algorithms and 
metrics. Consequently, the key themes are an essential contribution to the 
SCA framework because they describe application areas for SCA and how to 
implement specific algorithms and metrics. 

Structure: Barriers to SCA Several studies described potential barriers that can restrict the application 
of SCA. The literature review identified, consolidated, and categorised the 
barriers. The categorisation assists researchers and practitioners in identify-
ing potential barriers that hinder SCA. This makes the categorisation of barri-
ers an essential part of the SCA framework. 

User types: There are no well-
defined and theoretically 
grounded definitions for user 
types in ECS 

The key theme identification of user types contains several approaches for 
characterising different types of users in collaboration systems. Still, there is 
no distinct and theoretically grounded user typology. The literature identified 
in this key theme serves as a starting point for developing the ECS user typol-
ogy in chapter 6. 

Terminology: There is no 
common terminology used in 
the literature 

The literature review confirmed the observations from previous chapters 
that there is no common terminology in the field of SCA. For establishing a 
common understanding of the terms, the SCA framework should use the in-
troduced terminology consistently. 

Methods: There is no com-
mon approach or framework 
for SCA described in the liter-
ature 

The findings from the literature review demonstrate that there is no common 
framework for SCA. This emphasises the importance of developing the SCA 
framework. 

Methods: Systems are often 
not precisely described 

The literature review identified that existing studies contain weak descrip-
tions of the investigated system. A sound understanding of the investigated 
system and its features and purpose are essential for interpreting the analyt-
ics results. This indicates that the SCA framework should help to establish an 
understanding of the investigated system. 

Methods: Many studies do 
not contain any information 
on the data sources and the 
steps for data preparation 

The literature review identified that many studies do not contain precise de-
scriptions of the used data sources. As data is essential for SCA, there should 
be clear descriptions. Because of this, the SCA framework must include a 
phase that is dedicated to examining and describing the available data 
sources. 

Methods: Mixed-methods ap-
proaches are appropriate in 
the context of ECS research 

In some studies, it was demonstrated that a mixed-methods approach is use-
ful for understanding the use of ECS. Although ECS data is the main source 
for SCA, the SCA framework should suggest enriching the data through other 
methods such as user interviews, especially for evaluating and interpreting 
the results.  

Methods: Most of the used 
metrics are derived from Web 
Analytics and Social Network 
Analysis 

The literature review and the categorisation of current metrics for measuring 
ECS use demonstrated that most metrics originate from web analytics or 
SNA. Only a few studies describe novel and innovative approaches for meas-
uring ECS use. Chapter 6 demonstrates how the ECS user typology can be 
used to assess ECS use. 

Methods: Most studies ne-
glect the importance of data 
visualisation 

Only Windhager et al. (2011) highlight the importance of finding a data visu-
alisation. To stimulate thinking about data visualisation, the SCA framework 
should contain a step that deals with data visualisation. 
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Table 4.25: Main findings and implications from the survey 

Main findings from 
the survey 

Implications for this research 

Barrier: Methods The survey confirmed that practitioners have no overview of possible methods for 
SCA. This once again confirms the importance of developing the SCA framework. An-
other barrier is the lack of clear objectives for analyses. These findings emphasise 
that the definition of objectives and selecting appropriate targets and metrics must 
be an important step in the SCA framework. Consequently, the SCA framework guides 
in answering the questions: 

• What are the goals for the analysis? 

• Which metrics are appropriate? 

Barrier: Data Data is essential for conducting SCA. The lack of documentation of ECS data hinders 
the application of SCA in practice. As there are data from multiple sources, it is im-
portant to select the appropriate data sources. Moreover, the survey indicated that 
the quality of the available data can be an issue. The observations emphasise that the 
SCA framework must establish a clear understanding of the data. Consequently, the 
SCA framework should guide practitioners in answering the following questions: 

• Which data is required for the analysis? 

• How is the quality of the available data? 

• How does the data need to pre pre-processed? 

Barrier: Resources The survey identified the category resources as critical. Because of this, resources will 
be embedded as an important element in the first phase of the SCA framework by 
addressing the questions: 

• Which resources are required? 

• Which resources are available? 

• Who is responsible? 

By providing guidelines on how to conduct SCA, the SCA framework can potentially 
reduce the required resources. 

Metrics: Practitioners 
require actionable 
metrics 

The survey identified that for the currently available metrics, practitioners express a 
high level of dissatisfaction. The survey results also demonstrate that the current 
metrics are not actionable. New metrics and analyses, which generate rich insights 
and enable practitioners to stimulate change are required. 
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5 Development of the Social Collaboration Analytics Framework (SCAF) 

The previous chapters have demonstrated the need for developing the Social Collaboration Analytics 

Framework (SCAF). The requirements for the framework were identified based on the analysis of the 

existing literature and in empirical research with practitioners. The following table contains a summary 

of the requirements for developing SCAF and how they were identified. 

Table 5.1: Summary of the requirements for developing SCAF 

Requirement Implications for SCAF Source 

Guide the 
application 
of SCA in 
practice 

SCAF should be applicable in practice. Consequently, the framework should 
provide detailed instructions for each phase. 

Literature re-
view (section 
4.1)  

Survey  
(section 4.2) 

Focus groups 
(Appendix A.4, 
A.7, A.8) 

Use of con-
sistent ter-
minology 

In previous studies, inconsistent terminology was used. SCAF should use 
consistent terminology, which was established in the previous chapters. 

Literature re-
view (section 
4.1)  

Description 
of the ana-
lysed system 

The literature review identified that existing studies contain weak descrip-
tions of the investigated system. A sound understanding of the investigated 
system and its features and purpose is essential for interpreting the analyt-
ics results. This SCA framework should help to establish an understanding 
of the investigated system and its context. 

Literature re-
view (section 
4.1)  

Description 
of the source 
data and the 
data prepa-
ration 

Data is essential for conducting SCA. The lack of documentation of ECS data 
hinders the application of SCA in practice. As there are data from multiple 
sources, it is important to select the appropriate data sources. Moreover, 
the survey indicated that the quality of the available data can be an issue. 
Consequently, the SCA framework must establish a clear understanding of 
the data. Particularly the following aspects are considered: 

• Which data is required for the analysis? 

• How is the quality of the available data? 

• How does the data need to pre pre-processed? 

Literature re-
view (section 
4.1)  

Survey  
(section 4.2) 

Focus groups 
(A.5, A.7, A.8) 

Definition of 
clear objec-
tives for SCA 

The survey confirmed that practitioners have no overview of possible 
methods for SCA, which confirms the importance of developing the SCA 
framework. Another barrier is the lack of clear objectives for analyses. 
These findings emphasise that the definition of objectives and the selection 
of appropriate targets and metrics must be an important step in the SCA 
framework. Consequently, the SCA Framework emphasises the following 
aspects when defining objectives: 

• What are the goals for the analysis? 

• Which metrics are appropriate? 

Literature re-
view (section 
4.1)  

Survey  
(section 4.2) 

Focus groups 
(A.4, A.5, A.6, 
A.8, A.9) 

Generating 
actionable 
insights 

In the survey and several focus groups, the practitioners stated that they 
require actionable insights based on which possible actions and measures 
can be identified. Consequently, the SCA Framework explicitly considers in-
terpreting the results and deriving potential actions. 

Survey  
(section 4.2) 

Focus groups 
(A.6, A.8, A.9) 
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This chapter describes the development of the components of the framework. The description starts 

with an analysis of SCA stakeholders (section 5.1), which is followed by the investigation of the practi-

cal implications of the SCA key themes in a focus group with participants from the case company (sec-

tion 5.2) and the analysis of existing data mining process models (section 5.3). The central part of this 

chapter is the description of the phases of SCAF (section 5.4). The development of a user typology for 

ECS concludes this chapter (section 5.5) and prepares the transition to the evaluation of SCAF in the 

following chapter. 

5.1 Stakeholders for Social Collaboration Analytics 

The survey findings in chapter 4.2 show that it is essential to define precise goals for conducting SCA. 

In case there are no precise goals, the analyses may not reveal relevant or actionable insights. Accord-

ing to the survey results, with 19 of the 24 represented user companies, the majority struggles to de-

fine clear goals for their analyses, demonstrating that assistance for defining objectives is required. 

Moreover, discussions in previous focus groups (A.5) provided evidence that participants with differ-

ent organisational roles have different perspectives and expectations regarding SCA. Collaboration 

professionals from the internal communications department are interested in emerging network 

structures in the ECS. In contrast, collaboration professionals from the IT department are more inter-

ested in the general usage intensity of the ECS. This observation indicates that in the context of SCA, 

different roles with different information needs exist. As discussed in section 5.1.1, stakeholders for 

SCA were not investigated in previous studies. Thus, potential stakeholders for SCA were investigated 

and a stakeholder classification that provides an overview of stakeholders and their information needs 

for SCA was developed.  

Figure 5.1 shows the process for the development of the stakeholder classification. A review of the 

definitions in the literature provided the foundation for developing the SCA stakeholder classification. 

The aggregated stakeholders from the literature were refined into the stakeholder classification based 

on an analysis of the role descriptions of the IndustryConnect participants. To comply with the evalua-

tion requirements of DSR, the practical relevance of the stakeholder classification was evaluated and 

discussed in an interactive focus group with members of IndustryConnect. As introduced in chapter 

3.3, Morgan (1996a) defines focus groups as a method to collect data through group interaction on a 

specific topic. In this dissertation project, focus groups are primarily used to evaluate research out-

comes with practitioners to ensure the practical relevance of the research outcomes. The focus group 

results are discussed in section 5.1.2 and contributed to identifying the stakeholders' information 

needs. Appendix A.9 contains the complete documentation of the focus group. 
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Figure 5.1: Process for developing the stakeholder classification 

5.1.1 Stakeholders of Enterprise Collaboration Systems Projects in the Academic Literature 

In the first step of the development, the SCA studies from the structured literature review (chapter 

4.1) were analysed regarding discussions of stakeholders, target audience or recipients for analyses 

which can provide a foundation for the stakeholder classification. Although some of the analysed pub-

lications (18; 21%) mention specific stakeholders in the context of SCA, none of the publications con-

tains an in-depth discussion. Most studies only mention single stakeholders without further discussing 

them. Only Back (2016) notes that multiple different stakeholders with different information require-

ments may exist in the context of an ECS project, but no details are provided. This comment by Back 

(2016) confirms that there are different stakeholders in the context of an ECS and that there is cur-

rently no holistic overview of these stakeholders and their information needs. Table 5.2 aggregates 

and summarises the stakeholders and their definitions which were identified based on the literature 

analysis. Many of the descriptions of the stakeholders in the literature were short and imprecise (most 

studies did not contain descriptions or definitions at all). The following section provides a brief over-

view of the identified stakeholders. 

Six publications mention that the user base of an ECS can be a possible target audience for SCA. Man-

agers from different organisational levels are the most frequently mentioned stakeholders in the liter-

ature (11 publications). Some authors note that managers can also be responsible for investment deci-

sions in the context of the ECS (Back, 2016; Behrendt & Richter, 2015) and thus have a particular in-

terest in receiving reports on the ECS use for justifying their decisions. Platform owners (5 mentions) 

are also referred to as enterprise 2.0 platform managers. They are responsible for the overall man-

agement of the ECS. Workspace managers (4 mentions) are responsible for managing and organising 

individual workspaces. The primary concern of workspace managers is to keep their workspaces or-

ganised and “healthy” (Matthews et al., 2013; Xu et al., 2013). Project managers (2 mentions) use 

workspaces on the platform for managing and organising their projects. Consequently, project man-

agers are often workspace managers, as well. Only Windhager et al. (2011) mention that consultants 

are possible stakeholders for SCA. Consultants are external business partners who are temporarily in-

volved in the ECS project (Windhager et al., 2011). 

Although the descriptions of the stakeholders in the literature were mostly imprecise, the findings 

from the review of the SCA studies confirmed that in the context of SCA, different stakeholders might 

have different information requirements. In the following step, the stakeholders from the literature 

were refined and enriched based on findings from practice. 

Analyse SCA studies 
regarding discussions 

of stakeholders

Refine the stakeholder 
classification based on 
role descriptions from 

IndustryConnect 
participants

Discuss the practical 
relevance of the 

identified stakeholders 
and their information 
needs in a focus group
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Table 5.2: ECS stakeholders aggregated from the literature  

Stakeholder Description Reference 

Users Users of an ECS (Back, 2016; Herzog et al., 2015, 2013; Perer et al., 2011; 
Prinz & Zaman, 2005; M. Smith, Hansen, et al., 2009) 

Management  Managers from different 
levels. Can also be respon-
sible for ECS investment 
decisions. 

(Back, 2016; Behrendt et al., 2015; Benhiba et al., 2013; 
Friedman et al., 2014; Herzog et al., 2015, 2013; Jeners & 
Prinz, 2014a; Kim & Kane, 2015; Schwade & Schubert, 2017; 
M. Smith, Hansen, et al., 2009; Windhager et al., 2011) 

Enterprise 2.0 
platform manag-
er/ platform 
owner 

Responsible for managing 
the ECS project 

(Back, 2016; Hacker, Bodendorf, et al., 2016; Herzog et al., 
2015, 2013; Schwade & Schubert, 2017) 

Workspace man-
ager 

Responsible for managing 
an ECS workspace 

(Back, 2016; Hacker, Bodendorf, et al., 2016; Matthews et 
al., 2013; Xu et al., 2013) 

Project manager Managers or leaders of 
specific projects that use 
the ECS to manage the 
group (resources) 

(Back, 2016; van Osch, Steinfield, & Balogh, 2015) 

Consultants External business partners 
and consultants that ad-
vise on the introduc-
tion/adoption of the ECS 

(Windhager et al., 2011) 

5.1.2 Revising the Stakeholder Classification for Social Collaboration Analytics 

As shown above, the mentions and descriptions of the stakeholders were vague and they were identi-

fied from fragmented sources. Thus, the aggregation of stakeholders from the literature does not pro-

vide a holistic overview of the stakeholders because it might be imprecise or even missing some 

stakeholders. Consequently, in the second step, the aggregated stakeholders were compared with the 

descriptions of the organisational roles of the IndustryConnect participants. The roles are listed in ap-

pendices A.4 to A.9 and in A.16. As at the time of writing this dissertation, more than 30 ECS user 

companies with multiple collaboration professionals from different organisational units participated in 

IndustryConnect. The role descriptions provided an ideal data source for a comparison with the results 

from the literature. 

Based on the comparison, it could be concluded that the preliminary stakeholder classification is in-

complete and imprecise in several regards. The three high-level terms, (1) management, (2) enterprise 

2.0 manager and (3) consultants, were further specified with the help of additional terms because 

their definitions encompassed too many different aspects. For example, in the literature, management 

stakeholders were defined as “Managers from different levels“, which implies that the term manage-

ment encompasses different management levels. The role descriptions of the IndustryConnect partici-

pants showed that sharper distinctions between different stakeholders are required. The definitions 
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for all stakeholders were refined and extended. Table 5.3 contains the revised SCA stakeholder classi-

fication.  

Table 5.3: Revised stakeholder classification for SCA 

Stakeholder Description 

Top management Executives from the C-level or the board of directors of an organisation 

Middle management Middle management and leaders such as the head of a department 

Collaboration team / Platform 
manager (business) 

The (group of) collaboration professionals who are directly involved in and 
responsible for the implementation and adoption of the ECS. They are also 
responsible for user training. This stakeholder group has a business per-
spective on the platform. 

Platform manager (IT) This group contains employees from the IT department of an organisation 
and has an IT perspective on the platform. 

Workspace manager / Project 
manager 

Users who (usually create and) “own” a workspace and are responsible for 
managing it. This group can include the managers and leaders of projects 
who use the ECS for organising their project. 

Internal & external consultants Internal and external consultants who are involved in the ECS project 

All users of a workspace All users who are members of a workspace 

 

In the revised classification, the term “management” was divided into top management and middle 

management. The top management includes C-level executives and members of the board of directors. 

The middle management contains managing personnel and leading personnel such as the head of a 

department. A distinction between top management and middle management is commonly suggested 

in business intelligence literature. C-level executives require specific and precise information, often in 

the form of executive summaries. Additionally, C-level executives might require information that low-

er management levels are not allowed to access. The middle management often receives reports 

which are broader and contain more detailed information than executive summaries (Cash, McKen-

ney, & McFarlan, 1990; Rockart, 1979). For addressing their specific requirements, the revised SCA 

stakeholder classification distinguishes between top managers and middle managers. 

Several publications mention enterprise 2.0 platform managers (responsible for managing the ECS) as 

stakeholders for SCA. While the analysis of the role descriptions of the IndustryConnect participants 

confirmed the relevance of such business-oriented platform owners, the comparison also showed that 

the revised stakeholder classification should contain another more IT-focussed counterpart. Conse-

quently, the revised classification distinguishes between the stakeholders collaboration team/ plat-

form manager (business) and platform manager (IT). The business-oriented platform managers man-

age the ECS project and are responsible for implementing and adopting the ECS. The platform manag-

ers with an IT perspective are usually employees from the IT department. The IT department does not 

require detailed information on how employees use an ECS. They require information about the load 

and performance of the system for allocating hardware resources and planning maintenance slots. 
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In the previous section, it was outlined that project managers (leaders of a project) are also workspace 

managers when they use a workspace on the collaboration platform for their project. As project man-

agers are only relevant in the context of SCA when they use the collaboration system, project manag-

ers and workspace managers were merged in the revised stakeholder classification.  

Finally, external consultants were mentioned in the literature. The descriptions of the IndustryConnect 

participants' roles demonstrate that internal consultants are relevant in the context of SCA as well. 

The neglection of company-internal consultants is frequently criticised in the literature on business in-

telligence and organisational development. Internal consultants are professionals who are employed 

full-time by a company and work exclusively within this company. Internal consultants work project-

based, and they are usually individual contributors who do not work in regular teams or departments 

(Lacey, 1995).  

The analysis of the descriptions of the organisational roles of the IndustryConnect participants has 

confirmed the existence of different stakeholders from a practical perspective and helped to refine the 

SCA stakeholder classification. The SCA stakeholder classification (Table 5.3) is grounded in the aca-

demic literature and refined by the IndustryConnect participants' role descriptions. The descriptions 

indicate that each group may have different information needs, which are examined in the following. 

In order to comply with the evaluation requirements of DSR, the stakeholder classification was used in 

an interactive focus group with 12 participants from 10 different companies for identifying the rele-

vance of the individual stakeholders in practice. The complete documentation of the focus group is 

available in Appendix A.9. The practical relevance of the stakeholder group was examined from two 

perspectives. The participants were asked (1) which stakeholders require metrics on ECS use from 

them and (2) which stakeholders the participants would like to support by providing metrics. The two 

questions aimed to distinguish between the perspectives that the participants are asked for metrics 

(pull perspective) and that they want to report metrics to others (push perspective). The questions 

were presented to the participants with the help of the electronic group support system “PollEvery-

where” during one of the IndustryConnect workshops. The inputs of the participants were shown in 

real-time to stimulate a discussion. For both questions, the participants could choose values from a list 

ranging from none to multiple stakeholders. The following paragraphs contain a description of the re-

sults from the focus group, followed by a discussion of the results in section 5.1.3.  

Focus Group Question 1: Which Stakeholders ask for metrics on ECS Use? 

Figure 5.2 shows that workspace managers (12 selections) and the middle management (10 selec-

tions) ask for metrics on ECS use in almost all participating companies. Several participants stated that 

the top management (8 selections) and the collaboration team (7 selections) ask for metrics as well. 

The platform managers (IT) and consultants only ask for metrics in 2 user companies. No participant 

stated that none of the stakeholders asks for metrics, which underlines the existing need for SCA. 
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Figure 5.2 Responses for the question "Which stakeholders ask for metrics on ECS use?" 

The results clearly show that most of the focus group participants need to report metrics on ECS use 

to multiple different stakeholders. The results also show that workspace managers and middle man-

agement seem to be the most relevant stakeholders for SCA. As workspace managers were the most 

frequently selected stakeholders, the discussion in the focus group focussed on their role and re-

quirements. According to the participants, it is the primary concern of workspace managers to keep 

their workspaces active and organised. Workspace managers need to be informed about the activities 

in their workspace. The discussion showed that the current capabilities for managing workspaces in 

IBM Connections are too limited. The participants also discussed that the collaboration teams in the 

companies have similar information requirements. The collaboration teams are primarily responsible 

for increasing the adoption of the ECS and they need information about how (intensively) the ECS is 

used. Such information would help the collaboration teams track the platform's adoption, refine exist-

ing materials for user training, and initiate new company-internal marketing campaigns for the ECS. 

The participants also discussed that middle and top management have different information require-

ments than the previously discussed stakeholders. The management stakeholders are less interested 

in how employees use the platform; their focus is on return on investment of the platform, and they 

want to be informed about the progress of the projects that are electronically supported by the ECS.  

Focus Group Question 2: Which Stakeholders Do You Want to Support With Metrics? 

Figure 5.3 shows the results of the second question. The objective of the second question was to iden-

tify the stakeholders that the participants want to support with metrics. The results show that the par-

ticipants want to support especially workspace managers (11 selections), top managers (9 selections), 

middle managers (9 selections) and the collaboration team (8 selections). Only one participant stated 

that he does not want to support any of the stakeholders with metrics. The numbers show that the 

request for metrics by the stakeholders (pull) and the desire of the survey participants to provide 

them with metrics (push) are very similar. The results show that the participants want to address the 

demand for metrics on ECS use. 
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Figure 5.3: Responses for the question "Which stakeholders do you want to support with metrics?" 

In the following discussion, the participants exchanged their ideas about why the first four stakehold-

ers (workspace manager, top and middle management and collaboration team) are the top target 

group of metrics. Workspace managers and collaboration team were said to be essential stakeholders 

for SCA because they are the first contact point for the end users. When employees have difficulties in 

using the platform, they ask the collaboration team for help. The participants stated that more de-

tailed information on system usage would help the collaboration team better support the users and 

demonstrate how users can benefit from using the ECS. For similar reasons, two participants stated 

that they want to provide metrics on ECS use to the users (even though they do not ask for metrics). 

The discussion on the management stakeholders was relatively short and unanimously showed that 

the participants want to report metrics to them to stimulate (positive) investment decisions regarding 

the ECS. 

5.1.3 Discussion of the Implications of the Stakeholder Classification 

Figure 5.2 and Figure 5.3 show that workspace managers, top managers, middle managers and the 

collaboration team are the most frequently selected stakeholders in both questions. Whilst the re-

sponses confirm the practical importance of the stakeholders, the responses also show that the parti-

cipants want to provide the requested metrics to the stakeholders. From the responses, it also be-

comes clear that collaboration professionals often have to report metrics on ECS use to multiple dif-

ferent stakeholders. In the discussions, the participants stated that the stakeholders require metrics 

for different purposes. This means that collaboration professionals cannot present one report on ECS 

use to all stakeholders. They need to provide reports that are tailored to the specific information 

needs of the different stakeholders.  

Workspace managers and the collaboration team are interested in finding out what happens in an ECS 

and how employees use the ECS. The primary concern of these stakeholders is to be informed about 
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the current use and adoption of the platform. The collaboration teams want to provide the end users 

with examples of how they can use the ECS and demonstrate how users can benefit from using the 

ECS. The management stakeholders are more interested in metrics for justifying investments and mak-

ing strategic decisions regarding the ECS. The results also showed that consultants seem to be less im-

portant in the context of SCA. A possible reason for this is that consultants are not part of the core col-

laboration team and only work in the project temporarily. A possible reason for the low mentions of 

the IT department is that metrics provided by SCA are not relevant to the IT department. IT depart-

ments usually have their own (technical) management and monitoring software in place. 

None of the participants suggested any additional stakeholders to be added to the list. The evaluation 

was successful and showed that the stakeholder classification provides a useful and relevant list of 

stakeholders and their information requirements in the context of SCA. The descriptions of the groups 

already indicated that the individual groups might have different information needs, which were iden-

tified during the focus group. In the focus group, it also became apparent that collaboration profes-

sionals have to report metrics on ECS use to multiple different stakeholders. This is challenging for 

them because they cannot present the same report to all stakeholders due to the individual infor-

mation needs. The specific information needs of stakeholders make it essential to define clear objec-

tives and define the stakeholders for analyses to be able to address the information needs of their 

role. 

As none of the analysed SCA studies contained a comparable classification, the stakeholder classifica-

tion addresses a gap in existing SCA studies by consolidating stakeholders mentioned in various SCA 

studies and by enriching them with findings from a discussion in a focus group with experts in the do-

main. The resulting stakeholder classification can be used to identify and define the target audience 

for SCA to address specific concerns and requirements of the identified audience. Thus, the stakehold-

er classification is an additional essential component of SCAF. 

5.2 Practical Relevance and Implications of the Key Themes for Social Collaboration Analytics 

The seven key themes for SCA were the primary outcome of the literature review in chapter 4.1. The 

key themes for SCA are (1) measuring system usage, (2) identification of usage patterns, 

(3) identification of types of users, (4) workspace analyses, (5) identification of expertise, (6) network 

analyses and (7) organisational and cultural impacts. They describe possible application areas for SCA. 

In section 4.2.7, the key themes were highlighted as one of the main structural contributions of this 

work.  

In this section, the evaluation of the practical applicability and implications of the SCA key themes in a 

focus group with two collaboration professionals from the case company is described. The main aim of 

the focus group was to identify which information can be gained from applying the analyses that are 

described by the key themes and which potential actions or measures could be derived based on the 

information (practical implications). As the key themes should also provide value and structure to 
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practitioners, understanding their practical applicability and implications is essential. Two participants 

from the case company were selected for the focus group because of their unique roles in their col-

laboration team. One participant was head of internal communications and thus responsible for the 

overall management of the ECS. The other participant was a collaboration expert with an educational 

background in data analytics. As the two experts combine a managerial and thus, decision-making 

viewpoint and an analytical viewpoint, they were ideal participants for this focus group. Since both 

participants are part of the collaboration team at the case company, the following sections explore the 

perspective of the collaboration team in detail. At the case company, the collaboration team is re-

sponsible for the ECS and training and supporting users. 

The key themes provided the structure for the focus group, which was organised in seven parts (one 

for each key theme). There were three objectives for each part: 

1. To identify the status quo and limitations of current analyses related to the key themes at the 

case company 

2. To identify plans for implementing additional analyses in the future 

3. To identify practical implications of the key themes 

All parts of the focus group followed the same structure. As mentioned above, the third objective was 

the primary objective of the focus group. In order to stimulate the thought process and discussion, the 

participants were first provided with some inputs and asked to discuss several aspects: First, the key 

theme and its theoretical background were presented to the participants. This was followed by 

demonstrating exemplary analyses and visualisations for the key theme. Based on the visualisations, 

the participants were asked to reflect on the following questions: 

• Are there any and, if yes, which analyses for the respective key theme are already performed 

in the case company? 

• What are the current limitations that the case company is facing regarding the implementa-

tion of such analyses? 

• Are there plans for implementing additional analyses in the area of the current key theme in 

the future? 

• Which information could be gained from the exemplary analyses shown at the start and 

which potential actions or measures could be derived based on this information? 

Based on the guiding questions, the current implementation, plans for additional implementation in 

the future and the practical implications could be identified for each key theme. Table 5.4 summarises 

the main findings from the focus group. The most interesting observations from the focus group are 

presented in the following sections. The findings are synthesised and discussed in section 5.2.8. Ap-

pendix A.8 contains the complete documentation of the focus group, including a complete description 

of the results. 
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Table 5.4: Summary of the findings from the focus group 

Key Theme Status quo  Plans Practical implications 

System usage • Number of users 

• Monthly comparisons 

• Algorithms are un-
known 

• Current metrics are not 
reliable 

• Number of commu-
nities 

• Identify orphaned 
communities 

• Analyses per busi-
ness unit 

• Analyses can only provide a rough 
overview of system usage 

• There are indices for the effects of 
advertising campaigns and user 
training on the intensity of system 
usage observable 

Identification 

of usage pat-

terns 

• Not implemented 

• Very complex topic 

• No plans for imple-
mentation.  

• The participants sig-
nal personal interest 
in such analyses 

• Identify successful use cases and 
collaboration scenarios 

• Support the collaboration team 
with information for improving user 
training 

• Comparative analyses between sim-
ilar communities 

Identification 

of types of us-

ers 

• Not implemented 

• The works council is a 
barrier 

• No plans for imple-
mentation 

• The participants sig-
nal personal interest 
in such analyses 

• Analyses can enable more targeted 
user training 

• Motivate employees 

• Improve the allocation of resources 
(e.g. for training) 

Workspace 

analyses 

• Not implemented 

• Limitation: Careful clas-
sification of communi-
ties is required. 

• The participants sig-
nal high interest 

• There are plans to 
implement work-
space analyses in 
the future 

• Can enhance the understanding of 
platform usage 

• Can enhance the understanding of 
collaboration in specific contexts 

• Support community managers 

Identification 

of expertise 

• IBM Connections exper-
tise locator is installed 

• The works council is a 
barrier 

• Evaluation of the 
expertise locator 

• No plans for imple-
mentation 

• High impact on succession planning 

• High impact on risk management 

• Support organisational develop-
ment 

Network 

analyses 

• Not implemented 

• The works council is a 
barrier 

• No plans for imple-
mentation 

• The participants sig-
nal personal interest 
in such analyses 

• Understand the connectedness of 
employees 

• High impact on change manage-
ment and organisational develop-
ment 

Organisational 

and cultural 

impacts 

• Not implemented • No plans for imple-
mentation 

• The participants sig-
nal personal interest 
in such analyses 

• Difficult to imagine for the partici-
pants 

• Reveal the extent of inter-
organisational collaboration 

• Identify the impact of hierarchies 
on ECS usage 

5.2.1 Results for the key theme “measuring system usage” 

In the first section of the focus group (measuring system usage), the participants stated that they cur-

rently collect only basic metrics such as the number of users and the number of events on the plat-

form. Additionally, the number of new users who have completed the onboarding assistant is tracked. 

The onboarding assistant is an extension to the ECS, which provides a short introduction of the plat-

form and guides users through several tasks such as editing their profile and connecting with other us-
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ers. Based on a monthly comparison of the collected metrics, the collaboration team can assess the 

growth of the number of users on the platform. 

An external business partner is responsible for collecting the metrics. The collaboration team does not 

have any information about the analysed data, the data preparation or the used algorithms. In the 

past, the collaboration team observed inconsistencies with the collected metrics. The inconsistencies 

could be traced back to imprecise data classifications. In the focus group, the participants argued that 

such inconsistencies limit the trustworthiness of the collected metrics. 

The focus group participants mentioned that there are plans for implementing additional analyses in 

the future. Currently, there is no overview of communities on the platform. It is planned to provide an 

overview of the communities and to identify the states of communities (open, closed, moderated, de-

leted). Another concern of the collaboration team is to identify orphaned communities. The partici-

pants define orphaned communities as communities that have no owner or only one member. It can 

then be evaluated for such communities whether they can be deleted or a new owner has to be as-

signed. Additionally, the data would allow the collaboration team to aggregate analyses for the differ-

ent business areas of the case company. There are plans to analyse how platform usage changes in dif-

ferent business areas over time. The collaboration team wants to identify and combine all available 

data sources for SCA to enable more advanced analyses. Moreover, the collaboration team also plans 

to address the previously mentioned issues related to data quality by establishing a process for data 

preparation. 

Finally, based on the provided examples and visualisations, the participants discussed possible practi-

cal implications of the presented analyses. It was mentioned that the metrics which are currently col-

lected indicate that user training and advertising campaigns seem to affect system usage because af-

terwards, an increase in system usage is observable. The participants criticised that the current met-

rics can only provide an abstract overview of the platform usage. For gaining more detailed infor-

mation, more (advanced) analyses need to be implemented. The participants highlighted that select-

ing and interpreting metrics is an essential and challenging part of SCA. 

For this part of the focus group, it can be concluded that some basic analyses are already performed in 

the case company. The participants strongly argued that metrics and analyses the first key theme, 

which are mostly based on counting users and events, can only provide a general overview of ECS use. 

Since most previous SCA studies, as discussed in the literature review in section 4.1, focus on applying 

general usage measures, this remark by the experts strengthens the critique on previous SCA studies. 

In section 4.2.7, it was criticised that methods and metrics from the first key theme do not generate 

valuable insights for practitioners and that more advanced methods and metrics are required. 

5.2.2 Results for the key theme “identification of usage patterns” 

The participants stated that they do not conduct any analyses in the area of usage patterns. The iden-

tification of usage patterns requires the application of process mining algorithms. Due to the complex-
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ity of process mining, the collaboration team has not conducted such analyses. There are no plans to 

conduct such sequence-oriented analyses in the future. Still, based on the provided examples and vis-

ualisations, the participants discussed that identifying usage patterns can provide valuable information 

to the collaboration team, especially for demonstrating and communicating how the employees can 

use the ECS. 

The primary task of the collaboration team is to support and consult users and community managers. 

Usage patterns could help the collaboration team to demonstrate how they can use the platform or 

how they can improve the usage of their communities. Knowing how the employees use the collabora-

tion platform could also help improving user training because successful or problematic usage pat-

terns could be specifically addressed. According to the participants, comparing usage patterns from 

similar communities could help to demonstrate why some communities or projects are more success-

ful than others. 

The observations from this part of the focus group are in line with the findings from the survey (chap-

ter 4.2), which show that most participating companies do not apply sequence-oriented analyses. In 

the focus group, the reasons for this could be explored, which are the complexity and required exper-

tise for conducting process mining. However, based on the presented examples, the participants came 

up with several ideas on how sequence-oriented analyses can assist them. This confirms the im-

portance and practical relevance of the second key theme. 

5.2.3 Results for the key theme “identification of types of users“ 

The collaboration team currently does not conduct analyses related to the identification of types of 

users because the available analytics tools do not support analysing user types. The participants dis-

cussed that the works council might be a potential barrier because user-based analyses might reveal 

an individual user's information or rate their performance. Because the participants perceive the 

works council as a significant barrier, it is not planned to implement analyses in this area. 

Based on the provided examples, the participants discussed the potential practical implications. Ana-

lysing and identifying different types of users could help to identify which types of users are on the 

platform and how they are characterised. Such information could provide additional insights into user 

behaviour. The participants highlighted that training could be refined and tailored to specific groups of 

users based on user classifications. Another idea of the participants was to conduct complementary in-

terviews with expert users to identify role models which could motivate other users to use the collab-

oration platform more actively. 

The findings from this part are also in line with the findings from the survey on the status quo of SCA. 

The survey results showed that most companies do not apply analyses for identifying user types. The 

focus group participants argued that this is because the current analytics tools do not provide the re-

quired features. Since the participants mentioned several practical implications of this key theme for 

their decision-making, this key theme's practical relevance could be confirmed. 
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5.2.4 Results for the key theme “workspace analyses” 

The participants stated that they currently do not conduct specific analyses of workspaces. As men-

tioned in the results section of the first key theme, it is planned to implement workspace analyses in 

the future.  

Currently, the collaboration team does not have an overview of the communities on the platform, and 

there is no classification of community types. The participants argued that identifying, classifying and 

analysing different types of communities can provide deeper insights into how the ECS is used. Addi-

tionally, such analyses could help to identify and understand different contexts in which users collabo-

rate. The participants argued that workspace analyses could also provide additional information to the 

collaboration team for consulting and helping workspace managers. More advanced analyses could be 

used to alert community managers when certain pre-defined (in)activity threshold are exceeded. 

This is the first part of the focus group, in which the participants introduce practical implications of the 

key theme from the viewpoint of a different SCA stakeholder, the workspace managers. As the partici-

pants mention some implications, the findings from workspace analyses would have for the collabora-

tion team and workspace managers, the practical relevance of this key theme could be confirmed alt-

hough the case company does not apply related analyses. 

5.2.5 Results for the key theme “identification of expertise” 

The participants mentioned that the software Expertise Locator was recently implemented. Based on 

interactions with content, the software assigns expertise labels to users. As the software analyses the 

actions of individual users and rates individual users by assigning expertise to them, the implementa-

tion had to be discussed and negotiated with the works council. It is planned to evaluate the remain-

ing features of the software in the future. 

As the collaboration team is already experienced with identifying expertise, the participants outlined 

several practical implications, especially in the area of organisational development. The software al-

lows identifying hidden experts. Hidden experts are knowledgeable about specific topics, but their ex-

pertise is unknown to others. Moreover, the participants reported that identifying expertise could as-

sist the succession planning of leading personnel or experts. Another area in which such analyses al-

ready have a high impact is organisational development, for example, by spotting talents or connect-

ing experts on the same topic. 

As the participants mentioned many practical implications of this key theme, its practical relevance 

could be confirmed. The fact that the case company conducts analyses in the area of this key theme is 

surprising because in the survey (chapter 4.2.4.5), the collaboration expert stated that no analyses re-

garding the identification of expertise are conducted. This means that the case company implemented 

the Expertise Locator between completing the survey and this focus group. This observation further 

confirms the importance and practical relevance of identifying expertise of users in ECS. 
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5.2.6 Results for the key theme “network analyses” 

At the time of writing this dissertation, the collaboration team did not conduct network analyses on 

the platform because they cannot afford to invest the required efforts. The participants noted that the 

works council is likely to prohibit network analyses. 

Based on the provided examples and network visualisations, the participants argued that network 

analyses would be very valuable in different areas. One of the main objectives of the ECS implementa-

tion was to improve the connectedness of the employees. Conducting network analyses would make it 

more transparent on how connected employees are on the platform and how these connections 

evolve. The collaboration team is also interested in identifying the different network structures on the 

platform. Another interest is to identify isolated silos, which are not connected to the rest of the net-

work. Finally, the participants outlined that observing the development of network structures over 

time can document and support the development of the organisation. 

In the literature review (chapter 4.1.8), it was already identified that many studies apply methods and 

metrics of Social Network Analysis to ECS data. In the discussion section of the literature review (sec-

tion 4.2.7), it was argued that they are potentially not relevant to practitioners because of their high 

theoretical nature. The discussions in this part of the focus group showed that according to the practi-

tioners, network analyses can have many practical implications and thus are relevant in practice. 

5.2.7 Results for the key theme “organisational and cultural impacts” 

The participants stated that the collaboration team does not investigate the impacts of the ECS on the 

organisation. Even with the provided examples, the participants found the results of such analyses 

hard to grasp. The participants discussed that they could imagine identifying how intensively different 

business areas work together. It could also be interesting to identify to what extent a user's position in 

the organisational hierarchy influences the use of the system. The participants noted that such 

knowledge could help to understand and monitor the organisational change, which was initiated by 

the implementation of the collaboration platform. 

The findings in this part of the focus group indicate that the presented methods and analyses might be 

too theoretical for practitioners. Although the participants mentioned some ideas for practical impli-

cations of this key theme, the practical relevance of the theme remains unclear because the partici-

pants had difficulties in understanding the key theme fully. 

5.2.8 Discussion of the Focus Group Results 

The objective of the focus group was to identify possible practical implications of the SCA key themes. 

Throughout the focus group, the participants were able to name and discuss practical implications for 

all key themes. They only struggled with the key theme organisational and cultural impacts because it 

was hard to imagine how the demonstrated analyses could be applied in practice.  
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For the remaining key themes, it could be observed that the provided inputs stimulated the practi-

tioners to think about the possibilities and practical implications of SCA. The participants seem to be 

most interested in using the results from SCA for (1) communicating and demonstrating how the ECS 

can be used, (2) for refining training materials and advertising campaigns and, (3) for supporting stra-

tegic areas (change management, succession planning, resource allocation). In some parts of the focus 

group (identification of expertise, identification of usage patterns and network analyses), the partici-

pants stated that they currently cannot invest the required efforts to apply such analyses. This con-

firms some results from the previous survey, indicating that some analyses might be of mere academic 

interest.  

One focus group participant (the collaboration expert) also previously participated in the survey. The 

focus group allowed to investigate the status quo of SCA at the case company in more detail. The par-

ticipants were provided with additional guiding questions and they had more time to discuss and re-

flect on potential implications for practice than in the survey. Moreover, many of the barriers to SCA 

from the survey, especially the works council and a lack of resources, were also repeatedly mentioned 

in the focus group. This also strengthens the practical relevance of these particular barriers. 

The participants highlighted multiple times that data preparation is a challenging and essential aspect 

of SCA, demonstrating that the SCA framework should address data preparation in detail to support 

practitioners. Thus, the findings from this focus group influence the development of SCAF. Throughout 

the focus group, the practitioners highlighted that understanding the data and the data preparation is 

essential to establish trust in the analytics results. Consequently, SCAF should also emphasise the im-

portance of documenting these steps to enable others to comprehend and reconstruct the analysis. 

Moreover, SCAF should not only be used as a guideline. SCAF should also be a means to communicate 

and explain the SCA process to make the recipients of analyses and reports aware of the complex pro-

cess and the main challenges. 

Besides the key findings on the application of SCA, which are listed in Table 5.4, the focus group gen-

erated a variety of other insights. Throughout the focus group, the key themes proved to be an ideal 

means for communicating the possible application areas of SCA to the practitioners, which confirmed 

the practical applicability of the key themes. Second, based on the presentation of the key themes, a 

discussion on possible actions or measures that can be derived from analytics results could be stimu-

lated. None of the studies identified in the structured literature review in section 4.1 covered deriving 

actions or measures from analytics results. Thus, this focus group makes a first contribution toward 

identifying actions or measures from SCA results.  

Based on the findings from the focus groups, it can be concluded that the SCA key themes are a valua-

ble structural element for communicating the possibilities of SCA to practitioners. Consequently, the 

key themes will be an essential component of SCAF, especially for communicating the application are-

as of SCA and for defining objectives. 
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5.3 Analysis of Data Mining Process Models 

In the previous sections and chapters, the overall evidence and requirements for developing the SCA 

were collected. For constructing the SCA Framework and for forming its phases, additional evidence is 

required. Some of the activities for SCA discussed in the focus group in section 5.2 and the survey in 

section 4.2 are common activities in data mining or data science. They have already been described in 

several data mining process models and frameworks (Mariscal, Marbán, & Fernández, 2010). In this 

section, existing data mining process models are analysed and compared to identify these recommen-

dations and to provide another theoretical foundation for the structure of SCAF. Additionally, the 

comparison aims to identify established terminology to make SCAF coherent with previous work. 

Section 5.3.1 provides an overview of the data mining process models, which were identified in a liter-

ature review. Following this, section 5.3.2 describes the comparison of the identified data mining pro-

cess models. Finally, the findings from the comparison of the data mining process models are summa-

rised and the implications of the findings for the SCA Framework are discussed in section 5.3.3. 

5.3.1 Overview of Data Mining Process Models 

This section contains an overview of the most commonly used frameworks and process models for da-

ta mining. The process models were identified by conducting a literature search with keywords such as 

data mining/science framework, data mining/science process, data mining/science approach and data 

mining/science model. Seventeen frameworks and process models for data mining were identified. 

Based on the literature review, two surveys of data mining process models and methodologies (Kur-

gan & Musilek, 2006; Mariscal et al., 2010) were retrieved. Other core articles in the field by Azevedo 

and Santos (2008) and Jackson (2002) contain earlier overviews and comparisons of selected data min-

ing process models. Comparing the data mining process models in this chapter extends and updates 

these previous studies by adding more details and additional (and newer) process models to the com-

parison.  

Based on the literature review, the following 17 data mining process models were identified and in-

cluded in the comparison: 

1. CRISP-DM (Chapman et al., 2000) 

2. ASUM-DM (Angée, Lozano-Argel, Montoya-Munera, Ospina-Arango, & Tabares-Betancur, 

2018) 

3. SEMMA (SAS Institute, 2005) 

4. SPSS 5A’s (Marbán, Mariscal, & Segovia, 2009) 

5. Knowledge Discovery in Databases (Fayyad, Piatetsky-Shapiro, Smyth, et al., 1996) 

6. Data Science Edge (Grady, 2016) 

7. Business Intelligence Lifecycle (Larson & Chang, 2016) 

8. Fast Analytics (Larson & Chang, 2016) 

9. The Data Mining Process (Kantardzic, 2011) 

10. Team Data Science Process (Microsoft, 2017) 

11. Human-centred Approach (Brachman & Anand, 1996) 

12. Cabena et al. (Cabena, Hadjnian, Stadler, Verhees, & Zanasi, 1997) 
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13. Two Crows (Edelstein, 1999) 

14. Anand and Büchner (Anand & Büchner, 1998) 

15. Cios et al. (Cios, Teresinska, Konieczna, Potocka, & Sharma, 2000) 

16. Data Mining for Industrial Engineering (DMIE) (Solarte, 2002) 

17. Refined Data Mining Process (Mariscal et al., 2010) 

 

In their survey, Mariscal et al. (2010) analyse the relationships between several data mining process 

models to identify families (categories) of data mining process models. The authors categorise the da-

ta mining process models into three categories: 

(1) CRISP-DM related approaches evolved from the CRISP-DM  

(2) KDD related approaches evolved from the KDD process model  

(3) Other approaches developed independently from CRISP-DM or KDD.  

Table 5.5 shows a classification of the 17 data mining process models into the three categories sug-

gested by Mariscal et al. (2010). Thus, the table also updates the original classification. 

Table 5.5: Classification of data mining process models according to Mariscal et al. (2010) 

KDD (1996) related approaches CRISP-DM (2000) related ap-
proaches 

Other approaches 

Human-centred approach (1996) Cios et al. (2000) 5 A’s (2009) 

Cabena et al. (1997) DMIE (2002) The Data Mining Process (2011) 

Anand & Büchner (1998) Marbán et al. (2007) Business Intelligence Lifecycle (2016) 

Two Crows (1999) Data Science Edge (2016) Fast Analytics/ Data Science Lifecycle 
(2016) 

SEMMA (2005) ASUM-DM (2018) Team Data Science Process (2017) 

 

Mariscal et al. (2010) highlight that CRISP-DM and KDD (Knowledge Discovery in Databases) are the 

most important data mining process models. Although the first paper on KDD was published in 1996, it 

is acknowledged to be developed in 1993 (do Nascimento & de Oliveira, 2012; Mariscal et al., 2010). 

KDD is referred to as the first data mining process model and thus is the oldest of the 17 data mining 

process models included in the comparison. An important characteristic of this first process model is 

that it is structured in phases representing distinct working steps. The basic phases of KDD are the se-

lection of data, pre-processing, transformation, data mining and interpretation/evaluation of the find-

ings. Thus, KDD seeks to describe the whole process from data extraction to the generation of insights 

(Fayyad, Piatetsky-Shapiro, & Smyth, 1996). Figure 5.4 contains a more detailed breakdown of the 

phases of KDD. As shown in the table above, five process models originated from KDD. They are essen-

tially derivations of KDD with only minor modifications. All later data mining process models have in 

common that they are structured in phases as well. Mariscal et al. (2010) observe that at the end of 

the 1990s, the KDD process and the models that originated from KDD had lost their importance. The 

reason for this is that in 2000 CRISP-DM was published by Chapman et al. (2000). A cross-industry con-
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sortium consisting of the three companies NCR, SPSS and DaimlerChrysler, was formed to address the 

conceived inconsistencies in existing data mining process models. The consortium aimed to develop 

CRISP-DM as a standard data mining process model that is freely available. The development of CRISP-

DM was inspired by SEMMA, SPSS 5A’s and the Two Crows model, which all originated from KDD. 

Thus, KDD had a significant impact on the development of CRISP-DM. Over the years, CRISP-DM be-

came the de-facto standard for data mining projects (Azevedo & Santos, 2008; Kurgan & Musilek, 

2006; Mariscal et al., 2010). Since then, CRISP-DM has become the most influential process model for 

data mining and has been adapted to many specific contexts. 

The classification of the process models in Table 5.5 and the history of data mining process models 

presented in the section above allows drawing several conclusions on the current state of data mining 

process models. (1) KDD and CRISP-DM are the only data mining process models of significant rele-

vance because (2) they have not been significantly revised in later adaptations. (3) Most of the new 

models adapted KDD or CRISP-DM to specific contexts. Finally, (4) the development of data mining 

process models has almost ceased since the publication of CRISP-DM. Since 2011, some process mod-

els for business intelligence and data science were developed independently from CRISP-DM and KDD, 

but they could not establish in academia or practice.  

These findings have several implications for the development of SCAF. All the process models which 

originate from KDD or CRISP-DM are direct evolutions with minor refinements. None of the analysed 

process models was developed based on the synthesis of multiple data mining process models, which 

would be a suitable explanation for the small development steps. As outlined in the following compar-

ison of the process models, the phases of data mining process models are very similar and only vary in 

some details. SCAF should not be a mere adaptation of KDD or CRISP-DM to the context of SCA. In-

stead, SCAF should be developed as an independent framework that is inspired by a wide variety of 

data mining process models. This allows combining as much of the established data mining approach-

es, innovative aspects of the process models and specifics of the SCA domain as possible. Because of 

this, the individual differences in the data mining process models are especially important for the de-

velopment of SCAF. Thus, detailed analysis and comparison of the models are required, as discussed in 

the following section. 

5.3.2 Comparison of Data Mining Process Models 

The following chapter presents the results from the comparison of the data mining process models. 

Figure 5.4, Figure 5.5 and Figure 5.6 provide an overview and comparison of the phases suggested in 

the data mining process models. As CRISP-DM is the central model in the evolution of data mining 

process models, its structure is used as a frame to compare the phases across the models. The col-

umns of the figures map the phases of the different process models with the phases of CRISP-DM. As 

shown throughout the comparison, mapping the phases is sometimes difficult as some models use dif-

ferent terminology and the order of the phases varies. Additionally, some phases are only included in 

specific data mining process models. The number of phases in the process models varies between 4 
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and 17. Most of the data mining process models contain only abstract and generic descriptions of the 

phases. Often the phases are even only named and not described at all. The missing detail makes it 

hard to understand the models and to apply them in practice. CRISP-DM is the only model which con-

tains detailed working steps and outcomes for its phases. The detailed descriptions of the phases are a 

likely reason why CRISP-DM is considered the de-facto standard for data mining because they make 

the model actually applicable for a potential user. To ensure the applicability of SCAF, the framework 

must contain detailed descriptions which guide the user through the application. 

Figure 5.4, Figure 5.5 Figure 5.6 show the phases of the data mining process models next to each oth-

er. 

 

Figure 5.4: Overview of data mining process models (part 1) 

Framework/Process CRISP-DM ASUM-DM KDD Data Science Edge SEMMA BI-Lifecycle 5A's
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Figure 5.5: Overview of data mining process models (part 2) 

 

Figure 5.6: Overview of data mining process models (part 3) 

Figure 5.4, Figure 5.5 Figure 5.6 show that the phases of the data mining process models are very simi-
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(ASUM-DM, SEMMA, 5A’s, Cabena et al., DMIE). This observation illustrates the varying level of detail 

in the process models. In the following sections, the differences and similarities are compared along 

with the phases of CRISP-DM. 

The first phase in CRISP-DM is the Business Understanding phase and it is essential for successful data 

mining projects. In this phase, the objectives of a data mining project and an understanding of the 

context are established. Other process models contain similar phases but use different terms for their 

phases, such as learning the application domain (KDD), state the problem (The Data Mining Process), 

scope (Fast Analytics) or define business problem (Two Crows). Whereas most models are rather ge-

neric in this phase (c.f. the previously mentioned examples), the process model by Anand and Büchner 

(1998) is more detailed because it distinguishes between the phases establishing the domain 

knowledge, identifying available resources and stating the problem. Anand and Büchner not only focus 

on understanding the problem domain but also on establishing a domain knowledge, identifying avail-

able resources (personnel and finance), and defining clear targets. 11 of the 17 analysed data mining 

process models contain a phase comparable to the business understanding of CRISP-DM. As most data 

mining process models contain a phase in which objectives are defined, it can be concluded that defin-

ing objectives for analyses is essential. This observation is in line with the empirical research findings 

from previous chapters. For example, in the context of the survey of the status quo of SCA in practice 

in chapter 4.2 and the stakeholder classification in section 5.1, it was discussed that defining clear tar-

gets for SCA is essential to achieve meaningful analyses. Consequently, SCAF needs to contain a phase 

that aims to identify clear targets and understand the problem domain. During the evaluation of the 

dimensions for SCA in chapter 2.6, the practitioners argued that formulating precise, answerable ques-

tions can be more helpful than defining general objectives. The existing data mining process models 

lack phases or steps, such as defining precise questions or stakeholders. Consequently, the equivalent 

phase in SCAF should extend the approaches and recommendations in existing data mining process 

models by focussing on understanding the business context of an ECS and identifying precise ques-

tions.  

The second phase in CRISP-DM is called Data Understanding. This phase aims to identify the available 

data and how the data can be accessed. The primary outcome of this phase is the documentation of 

the available data and its characteristics. Seven of the compared data mining process models contain a 

dedicated phase equivalent to the data understanding phase in CRISP-DM. While the number of pro-

cess models that have a dedicated data understanding phase seems to be small, it could be observed 

that in some of the process models, the step for establishing a data understanding is combined with 

the phase, in which the data is prepared for the analysis. The BI-Lifecycle, the process model by 

Cabena et al. and DMIE, are the only models that do not contain an activity for establishing a data un-

derstanding. The analysed models use varying terminology such as collect the data (Data Science Edge, 

The Data Mining Process), explore (SEMMA), data acquisition and understanding (Team Data Science 

Process), data prospecting (Anand & Büchner) and understanding the data (Cios et al.). In all these 

phases, the available data is identified, collected, and an understanding of the data is established. For 
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SCA, a phase equivalent to the data understanding in CRISP-DM is required. The research findings in 

chapter 2.3 demonstrated the need for a data understanding in SCA. As demonstrated and discussed 

in chapter 2.3, there are different data sources for SCA, such as transactional data (log with user activ-

ity), content data (user-generated content) and organisational data (describes organisational struc-

ture). Each of these data sources has distinct characteristics, which need to be understood. Based on 

an in-depth analysis of the transactional data of Connections, three challenges could be identified: 

(1) Multiple events may be triggered simultaneously, (2) some information is missing in the log and 

(3) missing level of interpretation and aggregation of events. It is important to identify and understand 

such challenges in order to be able to handle them. A data understanding is required due to the varie-

ty of the three data sources and the identified challenges.  

The third phase of CRISP-DM is the Data Preparation phase. The overall objective of this phase is to 

transfer the available data into an analysable format by applying filters for excluding irrelevant data, 

removing noisy or erroneous records or by harmonizing the data. Eleven of the 17 identified data min-

ing process models contain a comparable phase. In the data mining process models, different termi-

nology such as data cleaning and pre-processing (KDD), modify (SEMMA), pre-processing (The Data 

Mining Process) or prepare data (Two Crows) is used to refer to the same activity. The 11 data mining 

process models highlight the importance of preparing the data before the analysis. Additionally, the 

three challenges for data sources of SCA, make a data preparation step in the SCA process necessary. 

For example, duplicate events need to be filtered, or events which were triggered by system users 

need to be excluded from the analysis. Consequently, SCAF needs to contain a data preparation phase. 

In CRISP-DM, the Modelling phase refers to creating a data model. Significant differences across the 

models can be observed and are discussed in the following. These differences are caused by two dif-

ferent understandings of the term data model. In the analysed data mining process models, the most 

common understanding of the term data model refers to a (1) statistical model. A statistical model in-

cludes statistical assumptions and parameters that describe the mathematical relationships between 

variables in the model. Statistical models can, for example, be used for identifying rules in a domain or 

for describing causal relationships. Depending on the type of statistical model, they can also be used 

as a foundation for predictive analytics (McCullagh, 2002). In some of the data mining process models, 

the term data model is interpreted from another perspective. In computer science, a data model is 

used to describe the data of an application domain. Especially in Information Systems, data models are 

used to describe the structure of data of applications. The data model shows the data attributes and 

visualises the relationships between the data objects (Banerjee et al., 1987). Due to these two under-

standings of the term data model, two different streams in the modelling phase can be observed 

across the data mining process models. Some models are aligned with CRISP-DM and (1) focus on 

building a statistical data model. The mention of specific statistical modelling techniques such as deci-

sion trees and neural networks makes clear that these models emphasise a statistical data model (e.g. 

SEMMA, Team Data Science Process, Two Crows, Cios et al. (2000), DMIE and Human-centred ap-

proach). Instead of developing a statistical data model, other data mining process models suggest 
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(2) deciding on analytics function or selecting data mining algorithms (e.g. KDD, Anand & Büchner). In 

these data mining process models, the data model describes the attributes and structure of the avail-

able data. The data model is necessary, based on which the analytics functions and algorithms for the 

analysis are selected. For SCAF, building a data model which describes the attributes, structure and re-

lationships of the data is required. As described in section 2.3, ECS data often consists of fact tables 

surrounded by related dimension tables and additional data from different sources can be included in 

an analysis. The selection of algorithms and metrics is also required in SCAF. Thus, SCAF needs to in-

clude data modelling as well as selecting metrics and algorithms. As the understanding of data model-

ling in the domain is most frequently associated with building a statistical model, SCAF will not contain 

a dedicated modelling phase in order to avoid confusion. The two activities will be part of other phas-

es, which are introduced in section 5.4. 

In the evaluation phase of CRISP-DM, the quality of the data model is tested and evaluated. Remarka-

bly, only 7 of the identified data mining process models contain an evaluation phase, which means 

that in most of the data mining process models, it is not assessed whether the data model or the se-

lected algorithms can address the identified problems. Different terms are used in these 7 data mining 

process models, such as test (Business Intelligence Lifecycle) or validate (Fast Analytics). The only pro-

cess models with a complete development and evaluation cycle are the Business Intelligence Lifecycle 

and the Fast Analytics process model. The respective phases testing and validate describe the evalua-

tion and refinement of the data model and algorithms. Although most of the data mining process 

models do not describe a dedicated evaluation, SCAF should contain an evaluation phase. The experi-

ences from the focus groups as described in chapter 2.6.3 showed that it is essential to demonstrate 

and evaluate prototypes with the target audience to ensure that the prototypes address the identified 

objectives. 

The final phase of CRISP-DM is the deployment phase in which the data model is deployed in the pro-

duction environment. Across the analysed data mining process models, the use of different terminolo-

gy can be observed. The term deployment is used in data mining process models that use a statistical 

model (e. g. ASUM-DM, Team Data Science Process and Fast Analytics). Models describing the applica-

tion of algorithms use terms such as data mining (KDD), analyse (Data Science Edge) or pattern discov-

ery (Anand & Büchner). All of the analysed data mining process models contain a phase for the de-

ployment of the model or the application of algorithms for data analysis, which is not surprising be-

cause these steps produce the overall results of the data mining process. Naturally, SCAF must also 

contain a phase that describes the analysis of the data. 

A final interesting observation from the comparison of the data mining process models is that only 6 

of the analysed models contain a phase for deriving knowledge from the analysis. The other models do 

not include the interpretation of the results. Out of the 6 models with such a phase, only 3 models 

contain a business understanding phase and a phase for interpreting the results. This shows that in 

most models, it is not assessed whether the final results actually address the identified problem. The 

majority of the models is not iterative, and they do not suggest a phase in which the results are trans-
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ferred back into the (business) context of the project. Besides, none of the data mining process mod-

els except CRISP-DM and KDD suggests involving domain experts or practitioners in the process. The 

empirical research findings, especially from section 2.6.3 (evaluation of SCA prototypes) and section 

5.1 (SCA stakeholder classification), demonstrate that the involvement and constant communication 

of the results to practitioners is relevant for generating useful insights. Consequently, these limitations 

(solving the identified problem, iterative framework design and involving domain experts) should also 

be addressed by SCAF. 

5.3.3 Discussion of the Implications of the Analysis of Data Mining Process Models 

Most of the identified data mining process models were developed by (commercial) organisations and 

targeted at specific software products such as SPSS. Consequently, it is not surprising that the models 

do not (fully) address the needs of the research community. Cios et al. (2000) previously criticised this 

issue and developed a data mining process model specifically for the needs of the academic research 

community. Unfortunately, the process model by Cios et al. (2000) is also limited because it is mostly 

based on CRISP-DM and thus focuses on developing statistical data models and does not include the 

essential part of conducting analyses for answering questions. 

It could be shown that there is no complete and consistent data mining process model, which incorpo-

rates all required steps from establishing precise objectives to the final delivery of knowledge. 

Throughout the previous sections, inconsistent use of terminology across the process models was 

identified, which is surprising. As most of the models are based on KDD or CRISP-DM, it could be ex-

pected that the following models also adapt their terminology. Instead, most authors introduced their 

own terminology. As KDD and CRISP-DM are most influential for developing data mining process mod-

els, the terminology of SCAF will be aligned with these two models. 

CRISP-DM provides detailed descriptions for the three phases of business understanding, data under-

standing and data preparation. The descriptions for the remaining phases are imprecise and it is hard 

to apply them in practice. Most of the analysed models do not describe an evaluation phase that 

would ensure that the proposed solution actually addresses the identified business problem. This vio-

lates the basic principle of Design Science Research, which postulates that achieving rigorous results 

requires an evaluation and a refinement (Winter, 2008).  

Based on their survey results, Mariscal et al. (2010) developed their own Refined Data Mining Process. 

As shown in Figure 5.6, this framework only accumulates phases from other data mining process mod-

els. Consequently, the framework falls short of the additional requirements described above and does 

not provide new value to the academic research community. 

The next section of this chapter contains a discussion of the implications of the findings for the SCA 

Framework. Based on the comparison of the data mining process models, it could be identified that no 

framework can be used as-is in the context of SCA without substantial additions or modifications. Sev-

eral reasons for this were outlined. (1) There is no consistent and complete model, (2) most models do 



Florian Schwade 

126  

not focus on identifying precise questions which should be addressed and (3) most of the models only 

contain brief descriptions of their phases which makes it hard to apply these models. The SCA Frame-

work is designed to be applicable in practice and to address the outlined limitations in existing data 

mining process models. As shown in the next section, SCAF does not only contain descriptions for the 

individual phases. The phases contain detailed working steps and guiding questions. For each of the 

steps, desired outcomes (often artefacts) are suggested. It is hard to assess whether or not a phase 

has been completed in the existing data mining process models. The suggested outcomes and the 

guiding questions seek to guide the user through a phase in SCAF. 

Based on the comparison of the data mining process models, it could be shown that none of the mod-

els is comprehensive enough to fulfil the requirements for SCA, as shown in Table 5.1. Comparing the 

data mining process models helped to refine and sharpen some of the requirements for SCAF as fol-

lows. SCAF especially emphasises gaining an understanding of a particular domain, identifying precise 

analytics objectives in the form of questions, and developing an analytics solution that answers the 

questions. As discussed throughout section 5.3, the need for the following phases in SCAF was derived 

from analysing the data mining process models: business understanding, data understanding, data 

preparation, evaluation, analysis and knowledge discovery. Additionally, the empirical findings from 

research with practitioners confirmed the need for phases that contain a conceptualisation (brain-

storming ideas) and a prototyping phase (develop a prototype that should be evaluated). The follow-

ing table contains a brief overview of the phases of SCAF and which research activities provided their 

evidence. The details of the phases, including the working steps, guiding questions, and intended out-

comes, are discussed in the following section. 
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Table 5.6: Overview of the phases of SCAF 

Phase Description Evidence 

1. Business  
understanding 

Establish domain 
knowledge and ob-
jectives (questions) 

Comparison of data mining process models (section 5.3). 

Stakeholder classification (section 5.1) 

Survey on status quo of SCA (section 4.2) 

Focus groups:  

Evaluation of dimensions for SCA (section 2.6, appendix A.5) 

SCA at the case company (Appendix A.7) 

Identification and discussion of stakeholders for SCA (section 
5.1.2, Appendix A.9) 

2. Data  
understanding 

Identify and under-
stand available data 

Comparison of data mining process models (section 5.3). 

Investigation of data sources for SCA (chapter 2.3) 

Focus group: 

Presentation of final DiSCoAn and discussion barriers to SCA (Ap-
pendix A.6) 

Identification of practical implications of SCA at the case company 
(Appendix A.8) 

3. Conceptualisa-
tion 

Select metrics, algo-
rithms and propose a 
design 

Comparison of data mining process models (section 5.3). 

Focus group:  

Evaluation of SCA prototypes (Appendix A.5) 

4. Data prepara-
tion 

Collect and prepare 
required data for 
analysis 

Comparison of data mining process models (section 5.3). 

Investigation of data sources for SCA (chapter 2.3) 
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5.4 The Social Collaboration Analytics Framework (SCAF) 

Figure 5.7 shows how the preparatory work from the previous chapters was incorporated into the SCA 

Framework. The following sections summarise the results and empirical findings from the previous 

chapters and discuss how they are related to the SCA Framework. 

 

Figure 5.7: Foundations for developing SCAF 

Chapters 1 and 2 established a common terminology for Social Collaboration Analytics (SCA). The data 

sources for SCA (section 2.3) classify and describe data generated and stored in information systems 

that can be used for SCA. The three primary data sources for SCA are transactional data (contains user 

actions in the form of an event log), content data (contains the user-generated content and the struc-

ture of the content) and organisational data (describes the organisation and its users). The data 

sources for SCA are an essential component of SCAF, especially in the data understanding phase, be-

cause they provide a common terminology for describing and selecting the source data for SCA. The 

second contribution of chapter 2 are the dimensions for Social Collaboration Analytics (chapter 2.6), 

which guide the development of questions and data queries. The dimensions are an essential compo-

nent of the framework in the business understanding phase (supporting the development of ques-

tions) and the conceptualisation phase (design the data queries).  

Chapter 4 introduced the essential theoretical building blocks for the SCA Framework: The key themes 

for SCA (section 4.1) are structural elements that describe possible application areas for SCA. The re-

sults from the focus group in which the practical implications of the key themes were evaluated (sec-

tion 5.2, appendix A.8) have clearly shown that the key themes can be used to communicate the pos-

sibilities of SCA and stimulate further thoughts. Consequently, the key themes are essential compo-

nents in the business understanding phase in SCAF (supporting the definition of objectives) and in the 

conceptualisation phase (can provide theoretical foundation and guidance for the implementation of 

analyses). The categorisation of the barriers to SCA provides a structure for identifying potential barri-

ers that can hinder the application of SCA in practice. The barriers are helpful in the business under-

standing phase because they raise the awareness of factors that can hinder or prevent the application 

of SCA. 
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In combination, the literature review (4.1) and the survey (4.2) give a comprehensive overview of the 

status quo of SCA in the academic literature and practice. Based on the literature review, it was identi-

fied that there is no common approach or framework used in previous SCA studies. The survey results 

have shown that it is essential to define precise goals for an analysis and to describe the data prepara-

tion as transparent as possible. Additionally, the survey participants stated that they struggle to apply 

SCA because no overview contains instructions for conducting SCA. Table 4.24 and Table 4.25 contain 

the complete list of findings that were extracted from the literature review and the survey.  

Chapter 5 provides a stakeholder classification and a comparison of data mining process models. The 

stakeholder classification is a valuable component in the business understanding phase of SCAF be-

cause it helps define the target audience for SCA. As discussed in section 5.3, the comparison of the 

data mining process models provided the theoretical foundation and terminology for the structure of 

the phases of SCAF. The framework incorporates established approaches and recommendations, spe-

cifically for the data understanding and data preparation. 

All the findings mentioned above are incorporated into the Social Collaboration Analytics Framework. 

The Social Collaboration Analytics Framework (SCAF) is meant to address the outlined limitations and 

to provide a comprehensive approach to SCA. It aims to guide researchers and practitioners in con-

ducting Social Collaboration Analytics. Figure 5.8 shows the phases of the SCA Framework, which are 

described in detail in the following. The presentation of the phases follows a uniform pattern. The de-

scriptions of each phase start with a review of similar phases from existing data mining process mod-

els. This is followed by introducing the phase, including a description of the detailed steps and their 

outcomes. Additionally, a set of guiding questions that assists in completing the phase is provided. 

Each section is concluded with references to existing data mining process models. 
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Figure 5.8: Social Collaboration Analytics Framework (SCAF) 
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5.4.1 Business Understanding 

The business understanding phase aims to establish domain knowledge and identify objectives and 

questions for the SCA process. The term business understanding was chosen in alignment with CRISP-

DM because it accurately describes what the first phase is about: understanding the business context 

of the application of SCA and identify business-relevant objectives. The business understanding phase 

is inspired by the previous research outcomes and the data mining process models listed in Table 5.7. 

Eleven of the 17 analysed data mining process models start with a comparable phase. SCAF follows 

these suggestions and also starts with a business understanding phase. The empirical research findings 

of this dissertation demonstrate the need for developing precise objectives. The survey on the status 

quo of SCA provided the primary evidence (section 4.2). The survey results showed that the definition 

of clear objectives is necessary for gaining actionable insights from SCA. However, the results also 

showed that defining precise objectives is challenging for practitioners. In a focus group with 12 partic-

ipants from IndustryConnect (section 2.6, Appendix A.4), the practitioners argued that formulating an-

swerable questions is more helpful than just defining goals for the analyses. It is easier to provide a 

precise answer to a question than to a more general objective. Thus, SCAF emphasises understanding 

the problem domain as well as defining precise questions. Figure 5.9 depicts the four steps of the 

business understanding phase and their outcomes. The steps are described in the following. 

 

Figure 5.9: Steps and outcomes in the business understanding phase 

The first step is to (1) establish domain knowledge. In the context of SCA, an understanding of the ECS 

project is necessary for interpreting and making use of the results in the later phases. Background 

knowledge on the ECS can encompass aspects such as the implementation date of the ECS (and thus 

its maturity), how many employees are targeted with the ECS and intended use cases. Such infor-

mation is particularly valuable for interpreting analytics results. It is also essential to establish a com-

mon terminology for effective communication without misunderstandings and to identify the available 

resources in terms of time, money and personnel for the analytics tasks. This can help to address bar-

riers that may arise in later steps. If required, the information can be used to develop a project plan at 

the end of this phase. The terminology introduced in chapters 1 and 2 can provide valuable inputs for 

this step. 
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The second step aims to (2) identify the objectives and questions for SCA. The definition of precise 

goals and targets in the form of answerable questions is essential for conducting meaningful SCA. As 

demonstrated throughout the previous chapters, the dimensions for Social Collaboration Analytics 

(DiSCoAn) provide valuable guidance for developing such questions. The seven key themes for SCA can 

be used to communicate the possibilities for SCA and to provide inspiration for potential questions. 

The questions should be developed together with the practitioners in interactive formats such as in-

terviews, workshops or focus groups. It is recommended to include some creative elements into the 

activity in order to stimulate the thought process. Additionally, the stakeholders that receive the ana-

lytics report need to be defined because different stakeholders might have different requirements and 

expectations. The SCA stakeholder classification helps to identify the target audience for SCA. The def-

inition of questions can be supported by the domain knowledge from the previous step. 

The third step is to (3) identify barriers, which can constrain the analytics project. Barriers can conflict 

with the identified objectives. The classification of SCA barriers provides an overview of possible barri-

ers that can arise and raises awareness for potential problem areas. 

Depending on the size and scope of the SCA project, a dedicated (4) planning step might be required. 

The objective of this step is to define tasks and responsibilities in the form of a project plan. For some 

SCA projects, it might not be required to define a formal project plan. Thus, this step can be viewed as 

optional. 

None of the identified data mining process models considers defining stakeholders and barriers. This is 

surprising because based on the survey in section 4.2 and the previous focus groups (section 2.6.4, 

appendix A.6), it was identified that defining stakeholders is essential. As there is a lot of empirical ev-

idence underlining the importance of defining stakeholders, it would be expected that existing data 

mining process models consider this aspect. Moreover, Data Science Edge and CRISP-DM are the only 

models that vaguely consider restrictions imposed by governance and policy. As the discussion on the 

survey on the status quo of SCA in chapter 4.2 demonstrated, various barriers can impact and hinder 

the application of SCA in practice. Such barriers are often company-specific. The findings from the pre-

vious chapters demonstrate that defining stakeholders and possible barriers are necessary to identify 

and address company-specific situations. For addressing these aspects, SCAF contains dedicated steps 

in the business understanding phase, which were not part of other data mining process models. 

The following guiding questions provide orientation and guidance for working through the first phase 

of SCAF: 

• What are the distinctive characteristics of the problem domain? 

• What are the objectives of the analyses, and which questions should be answered? 

• Which stakeholders are addressed? 

• Which barriers can potentially restrict SCA? 

• What are the roles and responsibilities during the analytics project? 
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Suitable methods for collecting the required information are interviews, workshops or focus groups 

with relevant stakeholders. The following research outcomes contribute valuable inputs to the busi-

ness understanding phase and should be used for establishing the business understanding: 

• DiSCoAn: Guides the development of new questions 

• SCA stakeholder classification: Provide a classification of the relevant stakeholders for SCA 

• SCA barriers: Provide a list of barriers that can constrain SCA 

• SCA key themes: Demonstrate possible application areas for SCA 
 
The business understanding phase draws from the following data mining process models: 
 

Table 5.7: References for the “business understanding” phase 

Data mining process model Phase 

CRISP-DM Business understanding 

Data Science Edge Plan stage 

Business Intelligence Life Cycle Discovery 

Fast Analytics Scope 

The Data Mining Process Statement of the problem 

Team Data Science Process Business understanding 

Two Crows Define business problem 

Anand & Büchner Domain knowledge elicitation 

Cios et al. Understanding the problem domain 

DMIE Analyse the organisation 

KDD Learning the application domain 

5.4.2 Data Understanding 

The second phase of the framework is called data understanding. The term data understanding was 

adapted from CRISP-DM because it accurately describes this phase's objective, which is to establish an 

understanding of the available data. Several research activities provided evidence for including a data 

understanding phase. The investigation of the data sources in section 2.3 showed that ECS data can be 

diverse. Several challenges, such as multiple events triggered simultaneously or missing information in 

the log file, can be problematic. Seven of the 17 analysed data mining process models contain a data 

understanding phase which provides additional evidence for the importance of the data understand-

ing phase. The overall objectives of this phase are to identify and to understand the available data 

sources. The phase is placed after the business understanding phase because the previously collected 

information might already include identifying and understanding possible data sources. The figure be-

low shows the three steps and their outcomes. 
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Figure 5.10: Steps and outcomes in the data understanding phase 

The first step is to (1) identify available data sources. The outcome of this step is a list of all available 

data sources. Relevant stakeholders in the domain, such as the IT department or application owners, 

can help identify available data sources because they have the expertise for the systems they are re-

sponsible for. The classification of the data sources from chapter 2.3.3 provides an overview of the da-

ta sources for SCA. The three most common data sources for SCA are transactional data (event log 

stored in databases or log files), content data (user-generated content stored in relational databases 

or the file system) and organisational data (stored in directories such as an LDAP). 

The second step aims to (2) explore and describe the data. The outcome of this step is a full documen-

tation of the structure, attributes, primary keys and size of the dataset. It is also essential to identify 

how the data sources can be accessed. Usually, software vendors provide documentation for the 

event logs. If there is no documentation available (as in the case of IBM Connections), the data under-

standing needs to be established through an investigation (reverse-engineering) of the database 

schema and data types. For transactional data, which is stored in a relational database, an ER diagram 

can be generated from the database schema. An ER diagram depicts the database schema, but it does 

not provide information on the meaning of particular events. For establishing a detailed understand-

ing of events, a click analysis based on test scenarios can be conducted. After executing the scenarios 

in the system, the new records in the event log can be analysed and interpreted. 

An essential part of exploring and describing the data is to assess the quality of the data. There can be 

several quality issues. Low-quality data can be considered a severe impediment to certain kinds of 

analyses, and in most cases, low-quality data hinders the identification of interesting patterns. Conse-

quently, potential quality issues with the data must be identified in the data understanding phase. 

Zhang et al. (2003) classify data issues as follows: 

• Data is incomplete: The data set is lacking attributes or values 

• Data is noisy: The data set contains errors or outliers 

• Data is inconsistent: The dataset contains inconsistent codes, values or names 

Outliers are records that are significantly different from the other records. Fortunately, such outliers 

typically do not exist in ECS data. In the context of SCA, an “outlier” would be a user who behaves in a 

significantly different way from other users. Consequently, identifying and analysing outliers is of high 

interest in SCA. Some visual data exploration tools and most database management software support 

the detection of incomplete, noisy or inconsistent records. In the context of ECS and more specifically, 
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transactional data, such issues can be best detected by analysing the distribution of the events on dif-

ferent levels. First, counting the events based on the composite event name provides an overview of 

the events that occur in the system. An even better overview is provided by aggregating the event 

counts based on their action type. The collaborative action typology (COAT), as described in section 

2.5, can be used to group events accordingly. Such an overview can help to identify whether all action 

types are logged. In case there is an action type without any events, there may be issues with the log-

ging mechanism. Another common challenge for SCA is that some ECS purge event records from the 

log after a certain time. In some cases, the logging mechanisms can also temporarily fail. For detecting 

such cases, it is useful to generate a list of all dates, including the number of events that occurred on a 

particular date. Based on such a list, the first date and the last date of the event log can be identified. 

The first date in the list can indicate if the log is regularly purged. In case there are several days in a 

row missing in the event log, this might indicate that either the platform was offline or the logging 

mechanism did not work. For the interpretation of the analyses, the causes for missing days in the logs 

should be identified. The data preparation phase (section 5.4.4) contains suggestions on how incom-

plete, noisy and inconsistent data can be handled. 

The last step in the data understanding phase is to (3) investigate technical barriers. There might be 

some technical constraints that can affect the analytics project. For example, data might not be acces-

sible in real-time, response times for queries might be slow, or data can only be retrieved using specif-

ic interfaces. In some cases, the system might only be available for data queries at specific times. The 

documentation should contain these constraints as well because they need to be considered for the 

implementation of queries in the later phases of the framework. 

The following questions can guide the data understanding phase: 

• Which data is available? 

• Where and how is the data stored? 

• How can the data be accessed? 

• What are the characteristics of the available data? 

• Which technical barriers can constrain the analytics project? 
 
As outlined above, suitable methods for supporting the data understanding phase are system analysis, 

database reverse engineering and analysing technical documentation. The data sources for SCA pro-

vide descriptions and characteristics of the data available for SCA. Some of the SCA barriers also indi-

cate which technical barriers or barriers related to data can occur in SCA. The data understanding 

phase draws on the following data mining process models: 
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Table 5.8: References for the “data understanding” phase 

Data mining process model Phase 

CRISP-DM Data understanding 

Team data science Process Data acquisition and understanding 

The data mining Process Collect the data 

Two Crows Explore data 

Anand & Büchner Data prospecting 

Cios et al. Understanding of the data 

Human-centred Approach Data discovery 

5.4.3 Conceptualisation 

The conceptualisation phase is a new phase introduced by SCAF. The conceptualisation phase aims to 

identify suitable metrics, algorithms, and visualisations to provide answers to the previously identified 

questions. The conceptualisation phase was added to SCAF because the findings from the focus groups 

(section 2.6.3, appendix A.6; section 5.2; appendix A.8) identified that thinking about how to address 

the identified questions and providing concepts or mockups also helps to refine the understanding of 

the problem. The phase follows the data understanding because it is essential to know which data is 

available before analyses can be conceptualised. Although none of the other data mining process 

models contains a dedicated conceptualisation phase, the phase incorporates recommendations from 

the data mining process models listed in Table 5.9. Figure 5.11 summarises the steps and their out-

comes. 

 

Figure 5.11: Steps and outcomes in the conceptualisation phase 

The first step in this phase is to (1) choose the required metrics and algorithms for the data analysis. 

This includes all kinds of metrics and algorithms for data analysis, such as statistical methods or algo-

rithms, which are developed specifically for the context of the analytics project. The list of SCA metrics 

(Appendix A.10 to A.12) can provide inputs for this step. Additionally, the key themes for SCA and the 

dimensions for SCA can help to conceptualise data queries and analyses. 
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Subsequently, the following step is to (2) identify the required data. The required data for the analysis 

can be identified and collected based on the objectives and the selected metrics and algorithms. Addi-

tionally, the queries for extracting the data can be prepared and conceptualised.  

The final step in this phase is to (3) design the analysis. The outcomes of this step are suitable forms 

for visualising data. In some cases, the objective of the analytics project might be the development of 

a new analytics application or a dashboard. Drawings or mock-ups can aid in finding a suitable visuali-

sation. 

The overall objective of this phase is to conceptualise the analysis so that all participants can get an 

impression of what the results can look like. The following questions can guide the conceptualisation 

phase: 

• Which metrics are suitable for answering the identified questions? 

• Which algorithms and methods are required? 

• Which data is required for providing the answers? 

• What are the suitable visualisations? 
 
This phase builds on the results from the previous phases. The business understanding and the data 

understanding are required for choosing appropriate metrics, algorithms and visualisations. The previ-

ous chapters of this thesis provide valuable inputs for the conceptualisation phase: 

• SCA key themes: Provide theoretical concepts and descriptions for analyses 

• SCA metrics: Provide a list of metrics  

• Data sources for SCA: Help identifying required data 

• DiScoAn: Guides in developing data queries 
 
Even if the conceptualisation phase is not directly included in any of the existing models, this phase 
draws on related concepts in the following data mining process models: 
 

Table 5.9: References for the “conceptualisation” phase 

Data mining process model Phase 

ASUM-DM Design 

Business intelligence Lifecycle Design 

Fast Analytics Model/Design/Development 

KDD Choosing the function of data mining & Choosing the 
data mining algorithm 

5.4.4 Data Preparation 

The objective of the data preparation phase is to bring the data into an analysable format. The termi-

nology from CRISP-DM was adapted because the term data preparation accurately describes the activ-

ity performed in this phase. Comparing the data mining process models confirmed that preparing the 

data before the analysis is an essential step. Eleven of the 17 identified data mining process models 
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contain a data preparation phase. The data preparation phase is inspired by the data mining process 

models listed in Table 5.10. The data preparation is required for addressing possible issues with the 

source data as described in the previous section. In the SCA framework, the data preparation follows 

the conceptualisation in which the required data is identified. The order of the phases ensures that 

the data preparation can be tailored to the concepts from the conceptualisation phase. Figure 5.12 

depicts the steps of the data preparation phase. 

 

Figure 5.12: Steps and outcomes in the data preparation phase 

The data preparation phase starts with the (1) data collection. The primary concern in this first step is 

to collect the required data and to avoid collecting unnecessary data. The intention is to have a specif-

ic dataset that is smaller than the original dataset to improve the performance of the analyses (Zhang 

et al., 2003). Consequently, only the required tables and attributes which are required for the analysis 

should be collected. Depending on the choices made in the previous phase, the data must be extract-

ed from the data sources in formats such as Comma Separated Value (CSV). For some algorithms or 

applications such as dashboards, accessing data at the runtime of the analysis is possible. 

Depending on the data structure, there may be a need to (2) build a data model (integrate or join the 

data) if multiple data sources need to be joined. In SCAF, a data model describes the relationships and 

hierarchies between the data sources. For several applications, the data can also be joined at runtime, 

for example, when data can be extracted from relational databases using SQL queries. Building a data 

model is especially relevant when business intelligence applications such as Microsoft Power BI or sta-

tistics software such as SPSS are used. The different data sources and data tables can be joined, and 

the data model can be built based on the relationships that were identified in the previous phases. 

The final step is to (3) pre-process and prepare the data for the final analysis. This preparation step in-

cludes all activities for bringing the data into an analysable form, and it includes format conversion, 

handling missing values or removing noisy or erroneous records. Typical activities in this step are to 

remove events triggered by system users. In the event log, system users typically have low IDs or no 

IDs (null). Such anomalies in the data are easy to address because they can be handled based on the 

user ID. Dealing with missing values and noisy records is more challenging than filtering system-

generated events because system-generated events can usually be filtered based on specific IDs. In 

the following, some suggestions for handling missing values and noisy records are provided. For han-
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dling missing values, there are two basic strategies. The first strategy is (1) ignoring missing values. 

This means that records with missing values are discarded from the data set (García, Luengo, & Herre-

ra, 2015). Whilst this strategy might be applicable in some cases, it is not recommended in the context 

of SCA because discarding records with missing values is likely to result in loss of data, which can po-

tentially be restored by following other strategies. For example, in IBM Connections, the column 

EVENT_NAME in the event log is always NULL for events with the type consume. Such missing values 

can be addressed by (2) substituting the missing values. The common suggestions for substituting 

missing values are to insert the most common attributes or an average value for numerical values 

(García et al., 2015). Both alternatives are not suitable in the context of SCA. Instead, it is required to 

use the domain knowledge gained from the business understanding and the data understanding phas-

es to find ways to handle missing values. Missing values must be addressed because they are very like-

ly to lead to problems with most algorithms and applications. The examples demonstrate that it is al-

most impossible to provide generalised rules for handling missing values in the context of SCA. Each 

case needs to be investigated and handled individually based on the domain knowledge and the data 

understanding from the previous phases. The challenge with handling missing values is to identify and 

define rules for handling missing values. The second challenging issue with ECS data is noise in the 

event log. There are two types of noise. (1) Class or label noise describes that data sets have incorrect 

labels (García et al., 2015), e.g. the columns of a table in the database might have wrong names. The 

second type of noise is (2) attribute noise (García et al., 2015). Attribute noise refers to corruptions in 

the values of one or more attributes. This can include wrong, unknown or imprecise values. It needs to 

be decided whether noisy data is filtered, discarded or replaced. As with handling missing values, it is 

recommended to handle each case of noise individually. Again, the challenge is to identify and define 

rules for handling noisy data.  

All activities within the data preparation phase should be carefully documented to make the data 

preparation as transparent as possible. Some software tools automatically document the data prepa-

ration process. If such software is not used, the process needs to be documented manually. Full doc-

umentation of the data preparation phase is essential to identify possible errors during the data prep-

aration and to enable others to reconstruct the data preparation. 

The overall outcomes of this phase are the data preparation report and the final data set for the anal-

ysis.  

The following questions can guide this phase: 

• What are the requirements for the data? 

• Is building a data model required, and what does the data model look like? 

• How does the data need to be pre-processed? 
 
The data preparation phase draws on the following data mining process models and phases: 
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Table 5.10: References for the “data preparation” phase 

Data mining process model Phase 

KDD Pre-processing & data cleaning 

Cabena et al. Pre-process & transform 

CRISP-DM Data preparation 

The Data Mining Process Pre-process the data 

SEMMA Modify 

Data Science Edge Curate 

Fast Analytics Model/Design/Development 

Team Data Science Process Data acquisition and understanding 

Two Crows Prepare data for modelling 

Cios et al. Preparation of the data 

Human-centred Approach Data cleaning 

5.4.5 Prototyping 

The prototyping phase is not explicitly mentioned in other data mining process models. In most of the 

focus groups which were conducted in preparation for this dissertation, prototypes were presented to 

the practitioners (for examples, see chapter 2.6.3, appendix A.5, chapter 5.2, appendix A.8). The group 

discussions showed that demonstrating and evaluating prototypes is beneficial before conducting the 

final analysis because the prototypes could be refined to provide more specific answers to the identi-

fied questions. The prototypes also helped the participants to reflect on SCA and to stimulate further 

ideas. The prototyping phase is inspired by the data mining process models listed in Table 5.11. Figure 

5.13 depicts the step and its outcome. 

 

Figure 5.13: Steps and outcomes in the prototyping phase 

The prototyping phase aims at developing a technical implementation (prototype) for the concept 

from the previous phases. The prototypes can result in specific algorithms, small applications or even 

(interactive) dashboards. The prototyping phase draws on the following phases from data mining pro-

cess models: 

Technical 
implementation of 

the concept

•Working prototype
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Table 5.11: References for the “prototyping” phase 

Data mining process model Phase 

ASUM-DM Configure & Build 

Data Science Edge Curate 

SEMMA Model 

CRISP-DM Modelling 

Business intelligence Lifecycle Development 

Fast Analytics Model/Design/Development 

Team data science Process Modelling 

5.4.6 Evaluation 

Following the concept of the development and evaluation cycle from Design Science Research, the 

next phase in SCAF contains the evaluation of the prototype. Seven of the identified data mining pro-

cess models contain an equivalent to an evaluation phase. Most existing data mining process models 

only evaluate the quality of the data model. The Two Crows model and the model by Cios et al. (2000) 

are the only models in which the potential knowledge gain from the analyses is evaluated. Conse-

quently, the evaluation phase is particularly influenced by these two models. Additionally, the evi-

dence for the importance of this phase was collected in two focus groups. In one of the first focus 

groups (section 2.6.3, appendix A.5), early prototypes were discussed and evaluated with practition-

ers. The inputs provided by the participants helped to refine the prototypes. Consequently, the devel-

oped prototypes should be evaluated with practitioners from the domain or even the identified stake-

holders. Table 5.17 shows the steps of the evaluation phase and their outcomes. 

 

Figure 5.14: Steps and outcomes in the evaluation phase 

The objective of the evaluation phase is to evaluate the results and the quality of the prototype. The 

main concern is to identify if the prototype can provide answers to the identified questions. In the 

evaluation phase, data models are assessed for improving the data model. In the last step, the findings 

are consolidated in an evaluation report. The report contains a detailed list of the required changes. 

Assess the 
data model

•Revised 
configuration

Evaluate 
prototype

Identify 
changes

•Evaluation 
report

•List of required 
changes
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After completing the evaluation phase, SCAF suggests iterating back to the prototyping phase for im-

plementing the identified modifications. 

The following questions can guide the evaluation phase: 

• Does the prototype work as expected? 

• Does the prototype provide the required information? 

• Is the prototype suitable for productive use? 
 
These questions and the evaluation can be addressed in bi-lateral interviews, workshops, focus groups 

or by observing users during the use of the prototype. The evaluation phase draws on the following 

data mining process models, as shown in Table 5.12: 

 
Table 5.12: References for the “evaluation” phase 

Data mining process model Phase 

CRISP-DM Evaluation 

Fast Analytics Validate 

The Data Mining Process Estimate the model 

Business Intelligence Lifecycle Test 

Two Crows Evaluation of discovered knowledge 

Cios et al. Evaluation of discovered knowledge 

SEMMA Assess 

5.4.7 Analysis 

In the analysis phase, the final data analysis is conducted using the revised prototype. The first step in 

this phase is the (1) data analysis which provides the data analysis results. The second step, (2) data 

visualisation, is tightly coupled with the data analysis and results in the visualisation of data. The out-

comes of this phase are the analytics results and the data visualisation. A suitable visualisation facili-

tates the interpretation of the results. None of the existing data mining process models explicitly con-

siders the data visualisation. 

 

Figure 5.15: Steps and outcomes in the analysis phase 

Data Analysis

•Data analysis 
results

Data 
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•Visualisation of 
results
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The analysis is derived from the following data mining process models: 

Table 5.13: References for the “analysis” phase 

Data mining process model Phase 

ASUM-DM Deploy 

Data science Edge Analyse 

Fast Analytics Deployment 

SEMMA Assess 

KDD Data mining 

CRISP-DM Deployment 

Business intelligence Lifecycle Deploy 

The data mining Process Estimate the model 

Team data science Process Deployment 

Cabena et al. Mine 

Two Crows Build model 

Team data science Process Estimate the model 

Anand and Büchner Pattern discovery 

Cios et al. Build the model 

DMIE Develop data model 

Human-Centred Approach Model development 

5.4.8 Knowledge Discovery 

The final phase of SCAF is called knowledge discovery. The KDD process model inspires the terminolo-

gy because it is one of the few models that focuses on deriving knowledge from analyses. In this 

phase, the analytics results are interpreted, and answers to the identified questions are provided. A 

comparable phase is only considered in 7 data mining process models. The survey on the status quo of 

SCA and the focus group for the identification of the practical implications of the key themes provided 

evidence for this phase. The survey results (section 4.2) showed that interpreting the results is im-

portant but also challenging. Similar comments were made by the focus group participants on the 

practical implications of SCA (section 5.2, appendix A.8). The participants stated that just collecting 

numbers is not enough. The numbers need to be interpreted so that actions can be derived from the 

analytics results. The following figure depicts the steps of the final phase of SCAF. 
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Figure 5.16: Steps and outcomes for the knowledge discovery phase 

Knowledge discovery is the last phase in SCAF. This phase is essential for answering the questions 

which were identified in the business understanding phase. In the first step, the analytics results must 

be interpreted. The interpretation allows providing answers to the identified questions and objectives. 

These answers should be provided in written form. The written data analytics report is one of the two 

primary outcomes. Based on the analytics report, the stakeholders can identify actions (for example, 

improve user training, initiate advertising campaigns). The interpretation of the results and the identi-

fication of possible actions can be addressed and discussed in workshops or focus groups with the rel-

evant stakeholders. 

As SCA should be a continuous process, the findings from an iteration of SCAF should be used for the 

next iteration of SCAF. Based on the findings, the identified questions can be refined, and a continuous 

cycle for monitoring the identified questions can be established. 

The following questions can guide this phase: 

• What are the practical implications of the analyses? 

• Which information can be gained from the report? 

• Which actions can be taken based on the reports? 
 
The knowledge discovery phase draws from the following data mining process models: 

Table 5.14: References for the “knowledge discovery” phase 

Data mining process model Phase 

Data science Edge Act 

KDD Interpretation/ Evaluation & using discovered 
knowledge 

Business Intelligence Lifecycle Value delivery 

The data mining Process Interpret model and draw conclusions 

Anand and Büchner Knowledge post processing 

Cios et al. Using the discovered knowledge 
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Write final 
report

Identify 
actions

Take 
actions

• Data analytics report 
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5.5 Developing a User Typology for Enterprise Collaboration Systems 

Chapter 6 describes a first evaluation of SCAF in collaboration with the case company. In the evalua-

tion, SCAF is applied to gain insights into the participation of users on the ECS of the case company by 

identifying and analysing user types (section 6.1 describes how the objective was identified in detail). 

Although one of the key themes for SCA is called “identification of types of users”, one of the conclu-

sions of the discussion of the literature in section 4.2.7 was that the analysed SCA studies do not con-

tain a holistic user typology with precise definitions for user types. This section aims to develop an ECS 

user typology that addresses this gap by providing a classification and descriptions of typical user 

types in ECS. 

The ECS user typology proposes a lens for measuring users' engagement level in ECS by defining dis-

tinct user types along the dimensions amount of use and type of use, which facilitates the definition 

implementation of data queries for SCA. The dimensions which provide the theoretical frame for de-

fining the user types are discussed in section 5.5.2. Following this, the user typology is described in 

section 5.5.3. The following sections give an overview of the research approach for the development 

of the ECS user typology. Figure 5.17 depicts the process. Although not explicitly depicted in the fig-

ure, the development of the ECS user typology is influenced by DSR as well. The development of the 

typology is described in the following and the evaluation of the typology is covered in chapter 6 when 

using the typology to analyse the use of the ECS at the case company.  

 

Figure 5.17: Process for developing the ECS User Typology 

In the first step, the literature from the key theme “identification of types of users” (for a list of refer-

ences, see chapter 4.1.5) was analysed to identify definitions for user types in the context of collabo-

ration systems. Among the 11 papers of this key theme, an influential paper entitled “We are all lurk-

ers: consuming behaviors among authors and readers in an enterprise file-sharing service” proposes a 

frequently-cited user typology for file-sharing systems (Muller, Shami, et al., 2010). As this was the on-

ly publication containing a user typology, a specific keyword search with keywords such as “online us-

er typology”, “user typology”, or “media user typology” was conducted in the second step. The objec-

tive of the keyword search was to identify papers that propose typologies in a more general context, 

which could provide a theoretical foundation for the development of the ECS user typology. 

Based on the keyword search, the article entitled “Towards a unified Media-User Typology: A meta-

analysis and review of the research literature on media-user typologies” by Brandtzæg (2010) was 
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identified as the most influential publication in the domain of user typologies. The unified media usage 

typology is frequently cited and influenced the development of many other user typologies.  

As the publication by Brandtzæg (2010) contains an extensive review of media-user typologies, and 

the keyword search did not retrieve other useful studies, a snowballing literature search following the 

recommendations by Wohlin (2014) was conducted in the third step. The snowballing search con-

tained multiple iterations. In the first iteration, a backward search and a forward search were con-

ducted starting with the publications by Muller et al. (2010) and Brandtzæg (2010) because they con-

tain influential user typologies in the areas of collaboration systems and general media use. Based on 

the backward search, the foundations of these two user typologies were identified. The forward 

search was conducted for identifying how these two typologies influenced later user typologies.  

In the second iteration, a backward and forward search based on the resulting papers from the first it-

eration was conducted. A third forward and backward search iteration based on the results from the 

second iteration did not lead to any new publications. One reason for this is that the forward search 

on the paper by Brandtzæg (2010) led to a central article in the field of user typologies by Blank and 

Groselj (2014). They reviewed 10 online user typologies and initiated a discussion on dimensions for 

characterising online media usage. Accordingly, the backward search for this article resulted in an ex-

tensive list of papers that develop and discuss user typologies.  

In summary, two research streams could be identified based on the snowballing search. Based on the 

paper by Brandtzæg (2010), relevant papers on online media user typologies were identified. The 

backward and forward search for the paper by Muller et al. (2010) resulted in publications that discuss 

definitions, characteristics and the role of so-called “lurkers”. In total, 48 academic publications were 

reviewed, and 160 definitions for user types were extracted from these papers.  

In the last step, a card sorting approach was applied for grouping similar definitions of user types. The 

card sorting process and the resulting ECS user typology are described in section 5.5.3. 

Section 5.5.1 discusses the user typologies by Muller et al. (2010) and Brandtzæg (2010), which signifi-

cantly influenced the development of the ECS user typology. The article by Blank and Groselj (2014) 

sparked a discussion on dimensions for defining user types. This discussion is synthesised in section 

5.5.2 because it provides the theoretical building block for defining the user types in the ECS user ty-

pology. 

5.5.1 Literature Review on User Typologies 

As outlined in the previous section, the unified Media-User Typology (MUT) by Brandtzæg (2010) and 

the proposed user roles in file-sharing by Muller et al. (2010) describe two central user typologies. 

These two publications stand out from the other identified studies because they are the only studies 

containing definitions of user types along specific dimensions or criteria. As the two typologies contain 

suitable foundations for developing the ECS user typology, they are discussed in the following sec-

tions.  
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The MUT was developed for the context of general media usage and contains eight types of users 

which are defined based on four dimensions for media platform usage. Non-users are users who do 

not use media services at all. Sporadics use a media platform occasionally. Media use of sporadics is 

characterised by a low frequency of use and a low variety of use. According to the MUT, a medium 

frequency of use and a low variety of use characterise media usage of lurkers. Lurkers are unique be-

cause they do not produce content. Section 5.5.3.3 discusses lurkers and their characteristics in more 

detail. Entertainment users or socialisers primarily connect with other users or consume content for 

entertainment. In contrast, debaters participate in discussions and instrumental users use a media 

platform as a tool for a specific purpose. Whereas the previous user types mostly use selected fea-

tures of online media, advanced users are the most active and use a variety of different features. Thus, 

advanced users are the only users with a high variety of use in the MUT. Brandtzæg (2010) depicts the 

MUT in the form of a pyramid, as shown in the figure below. 

 

Figure 5.18: Media User Typology (Brandtzæg, 2010, p. 954) 

This pyramid has some limitations for classifying user types. The pyramid indicates that lurkers are less 

active than the user types above them. As shown in the discussions throughout the following sections, 

lurkers can be more active than other user types by using a platform more frequently than others. Be-

cause they are consuming content, their activity only remains hidden to the other users. Thus, the first 

limitation in the MUT is that it lacks flexibility and suggests a fixed hierarchy regarding the frequency 

of use which is not ideal. Moreover, the classification of user types in the MUT is inconsistent. The fre-

quency of media use is the primary characteristic for describing non-users and sporadic users, whereas 

entertainment and instrumental users are characterised by their usual activities. The variety of use 

primarily characterises advanced users. Blank and Groselj (2014) criticise the inconsistencies of the 

MUT because the definitions of different user types are based on different dimensions. In a unified 

user typology, the definition of user types should focus on the same dimensions because aspects such 

as entertaining and socialising are not appropriate in a business context. The definitions of the user 

types indicate that the MUT is not suitable for application in the context of ECS. Still, the MUT pro-

vides valuable inspirations and foundations for the development of the ECS user typology. First, the 
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MUT confirms that there are different types of users on online platforms. Second, the MUT is one of 

the most influential typologies because it was the first typology that defines user types based on di-

mensions. However, the use of the definitions is sometimes imprecise. Thus, the main implication of 

the MUT for the development of the ECS user typology is that there should be distinct user types that 

are defined along specific and consistent dimensions. Section 5.5.2 contains a detailed discussion on 

suitable usage dimensions based on the MUT and the critique by Blank and Groselj (2014). 

Muller et al. (2010) propose a user typology for file sharing applications. The typology includes the 

roles lurkers, contributors and uploaders. As the authors developed these roles for a file-sharing appli-

cation, they can provide a suitable foundation for the ECS user typology. Lurkers primarily access re-

sources and “never deliberately add information to the database, but they do engage in traditionally 

‘non-public’ actions” (Muller, Shami, et al., 2010, p. 3). Contributors do not upload new files. However, 

they engage in activities such as “commenting, sharing to specific other users, adding files to named 

collections of files, and adding tags to files” (Muller, Shami, et al., 2010, p. 3). Uploaders “create files in 

the service through upload operations” (Muller, Shami, et al., 2010, p. 3). The user typology by Muller 

et al. (2010) indicates that there are different levels of participation in collaboration systems (reading, 

contributing, and creating). As file-sharing is just one of many aspects in ECS, it needs to be investigat-

ed whether the roles proposed by the authors need to be revised or even extended. Another limita-

tion with the user typology is that Muller et al. (2010) declare their user roles as “self-selected” (2010, 

p. 3). There is no indication of any theoretical foundation for their suggested user types. Consequent-

ly, the user types suggested by Muller et al. (2010) could provide a suitable foundation for the ECS us-

er typology but the need to be enriched with theoretical foundations. 

In summary, the MUT and the user types by Muller et al. (2010) make valuable contributions to the 

development of the ECS user typology. Based on a review of the typologies, it could be identified that 

the ECS user typology should contain distinct user types, which are defined along meaningful dimen-

sions describing the aspects of ECS use. Limitations, such as inconsistent use of dimensions and the 

lack of theoretical foundations, need to be addressed by the ECS user typology. 

For concluding the review of the identified literature, the following paragraph contains a wrap-up of 

other interesting findings. Although the literature review did not identify other studies containing user 

typologies, several studies propose definitions for single user types. Based on an analysis of these def-

initions, it could be observed that the literature does not offer conclusive definitions for user types, 

which was also stated in a literature review by Malinen (2015). For example, van Osch and Steinfield 

(2013, p. 6) define active users as users with “one viewing activity in the previous 30 days”. Riemer et 

al. (2015) use the same definition for inactive users. Such an inconsistent use of terms and definitions 

prevents establishing a shared understanding of user types. Moreover, additional limitations could be 

observed regarding the definition of the usage dimensions. Some of the characteristics described in 

the dimension types of use in different studies are confusing because most authors are unprecise 

about the types of use of specific user types (Engler & Alpar, 2018). A unified user typology requires 

precise definitions (Malinen, 2015). Most studies identified in the literature review investigate user 
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behaviour in social media or online media in general. Muller et al. (2010) provide the only classifica-

tion of users in the context of ECS. The results from studies in the area of online and social media can-

not be fully transferred to the business setting of ECS (Bezzubtseva & Ignatov, 2012) because the fea-

tures and purposes of collaboration platforms are different. The outlined limitations strengthen the 

need for a new user typology and provide indicators for aspects that need to be considered for the 

development of the ECS user typology. The definitions for user types should be precise and the char-

acteristics of the individual dimensions should be clearly defined and described. 

As the literature indicates the importance of well-defined usage dimensions in typologies, section 

5.5.2 presents a new classification that addresses limitations in existing user typologies and provides 

precise definitions for the dimensions for ECS use. Finally, section 5.5.3 introduces the ECS user typol-

ogy, including rich definitions for the different user types along the identified dimensions for ECS use. 

5.5.2 Dimensions for Enterprise Collaboration Systems Use 

Blank and Groselj (2014) postulate that “before engaging with the data, the nature of […] use has to 

be theorized along meaningful dimensions” (Blank & Groselj, 2014, p. 423). The authors observe that 

only a few studies specifically discuss dimensions of media use. This dissertation follows the recom-

mendation by Blank and Groselj (2014) and suggests an ECS user typology based on theoretically 

grounded usage dimensions. Usage dimensions are essential for user typologies because they describe 

certain aspects of system usage, such as what users are doing and how often they are doing some-

thing. Thus, usage dimensions are essential for defining user types. The publications identified in the 

snowballing literature search were analysed to identify dimensions for online media use. Based on the 

analysis of the publications, the criticism by Blank and Groselj (2014) could be confirmed as only 11 

out of the 48 analysed papers discuss usage dimensions. The identified dimensions and their defini-

tions were reviewed and aggregated in the dimensions for ECS use and are shown in Table 5.15. 

The dimension types of use describes the types of activities in which users engage on a platform 

(Brandtzæg, 2010; Eynon & Malmberg, 2011; Horrigan, 2007). As most platforms offer a wide range of 

different purposes for use, Blank and Groselj (2014) suggest defining the types of use on a conceptual 

level for facilitating the interpretation. As described in chapter 2.5, COAT provides the necessary ab-

straction layer for user actions in collaboration systems and is used for the dimension types of use. 

The action types which are used to define this dimension are create, delete, discuss, modify, network, 

alert, tasking and consume. 

The second dimension, which was identified in the literature review, is called amount of use. Some au-

thors refer to the dimension as intensity of use (Eynon & Malmberg, 2011), frequency of use 

(Brandtzæg, 2010) or usage rate (Shih & Venkatesh, 2004). The identified studies suggest different in-

terpretations of this dimension. According to Shih and Venkatesh (2004), this dimension describes the 

time users spend using a product or platform. Blank and Groselj (2014) argue that the amount of use 
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should describe the frequency of use. The ECS user typology is aligned with the argument by Blank and 

Groselj (2014). Consequently, the dimension amount of use describes how often users use a platform. 

Table 5.15: Dimensions for ECS use 

Dimension Definition References 

Types of use Activities in which users 
engage on a platform 

(Blank & Groselj, 2014; Eynon & Malmberg, 2011; Horrigan, 
2007) 

Amount of use How often users use a 
platform 

(Blank & Groselj, 2014; Brandtzæg, 2010; Brandtzaeg & Heim, 
2011; Eynon & Malmberg, 2011; Holmes, 2011; Horrigan, 
2007; José Manuel Ortega Egea, 2007; Livingstone & Helsper, 
2007; Selwyn, Gorard, & Furlong, 2005; Shih & Venkatesh, 
2004) 

Variety of use Variety of different activi-
ties in which users engage 
on a platform 

(Blank & Groselj, 2014; Brandtzæg, 2010; Brandtzaeg & Heim, 
2011; Livingstone & Helsper, 2007; Selwyn et al., 2005) 

Choice of con-
tent type 

Type of content with 
which users engage on a 
platform 

(Brandtzæg, 2010; Brandtzaeg & Heim, 2011) 

Choice of plat-
form 

The platform that users 
use 

(Brandtzæg, 2010; Brandtzaeg & Heim, 2011) 

 

The dimension variety of use describes the variety of different activities in which users engage on a 

platform. Earlier literature also refers to this dimension as the breadth of use (Livingstone & Helsper, 

2007). The variety of use is usually measured by counting the different activities of specific user types 

(Blank & Groselj, 2014). Brandtzæg suggests using a scale ranging from none to high for representing 

the variety of use (Brandtzæg, 2010). 

As most organisations use a portfolio of different Enterprise Social Software applications (Williams & 

Schubert, 2018), the dimension choice of platform describes that users might prefer specific collabora-

tion platforms. 

Because the outlined dimensions are based on a literature review and were refined for the specific 

context of ECS, they can be considered as meaningful dimensions for describing ECS use. Following the 

call by Blank and Groselj (2014), the ECS user typology is defined based on these dimensions. The di-

mensions types of use and amount of use are the most relevant dimensions for defining user types be-

cause they allow distinguishing users based on their actual actions and their frequency of use. As men-

tioned above, the dimension types of use consists of the items create, delete, discuss, modify, net-

work, alert, tasking and consume. For the dimension frequency of use, distinct thresholds which are 

introduced in the following are defined. As both dimensions have a fixed set of items, the definitions 

for the user types can be displayed in the form of morphological boxes which are introduced in the fol-

lowing section. 
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5.5.3 Enterprise Collaboration Systems User Typology 

From the analysed studies, 160 definitions for various user types were extracted. Based on a review of 

these definitions, it could be concluded that many typologies describe user types such as Social Net-

workers (“invest very little in content edits, and invest primarily in their own user page” (Welser et al., 

2011, p. 126)), trolls (“provoke other members” (Golder & Donath, 2004, p. 18)) or netizens (“incorpo-

rated the Internet in their daily life” (Howard, Rainie, & Jones, 2001, p. 393)). Such definitions describe 

user types which are not suitable in the business context of Enterprise Collaboration Systems. Conse-

quently, such definitions were eliminated, which reduced the number of applicable definitions to 54. 

Appendix A.17 contains a complete list of these definitions. An iterative card sorting approach 

(Nuseibeh & Easterbrook, 2000; Rugg & McGeorge, 1997) was applied to categorise similar user type 

definitions into groups. Thus, each group represents a distinct user type in an ECS. Appendix A.17 

Shows the final results after the card sorting process. As each group contains multiple definitions, the 

definitions from the ECS user types could be developed based on a variety of definitions. After the 

card sorting process, 5 groups remained. Thus, the ECS user typology defines 5 user types. The three 

user types (1) creator, (2) contributor and (3) lurker were chosen for the ECS user typology suggested 

in this thesis. These are mostly coherent with the user typology proposed by Muller et al. (2010). The 

definitions from the literature suggested the existence of two additional types of users: (4) inactive 

user and (5) non-user. 

The following sections introduce the ECS user typology and the definitions of the user types. The En-

terprise Collaboration Systems User Type Model consolidates the main findings and summarises the 

relationships between the dimension types of use and the user types (see section 5.5.4). 

5.5.3.1 Creator 

The literature suggests that there is a type of user characterised by actively creating or posting new 

content in a shared workspace (c.f. Table 5.16 for definitions and references). In the analysed litera-

ture, terms such as creators (Bezzubtseva & Ignatov, 2012), publishers (Brunker et al., 2014), posters 

(Rafaeli, Ravid, & Soroka, 2004), or uploaders (Muller, Millen, et al., 2010) are used as names for this 

type of user. Following the results from the card sorting process, this user type was named creator.  

 

Figure 5.19: Definition for the user type "Creator" 
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A creator creates or uploads new and original content in a workspace. Referring to the concept of 

compound Social Documents, actions of creators result in a new core element of a Social Document. 

As shown in the morphological box in Figure 5.19, the type of use “create” (new content) distinguishes 

creators from other types (see black fields in Figure 5.19). Creators can also engage in all the other col-

laborative actions, as indicated by the grey fields. Users are considered creators once they create at 

least ten new content items in the last 12 months (amount of use). As argued throughout the remain-

ing sections, the thresholds for the dimension amount of use are suggestions based on the academic 

literature and should be adapted to the specific context of a study or collaboration platform. 

Table 5.16: Definitions for the user type "creator" from the literature (excerpt) 

Definitions Reference 

Creators: Idea generators, energic creators and socio-phatic creators (Bezzubtseva & Ignatov, 2012) 

Publisher: A publisher is a user who carries out an action resulting in an 
original publication of content or interaction to a medium 

(Brunker et al., 2014) 

Poster: Members who post and actively create content in an ESN com-
munity 

(Giermindl, Strich, & Fiedler, 2016) 

Poster: Post content to the community (Rafaeli et al., 2004) 

Uploader: Create files in the service (Muller, Millen, et al., 2010; Mul-
ler, Shami, et al., 2010) 

5.5.3.2 Contributor 

The analysis of the literature and the card sorting process identified the second type of user who 

makes contributions to existing content by liking, tagging, editing or commenting content (c.f. Table 

5.17 for definitions and references). The analysed literature contains seven different definitions for 

this type of user. Scholars use different terms such as annotator (Brunker et al., 2014), participating 

users (van Osch & Steinfield, 2013), debators (Bezzubtseva & Ignatov, 2012) or commentators (Choi et 

al., 2015). Based on the findings from the card sorting process, this user type was named contributor. 

Contributors actively engage with existing content, for example, by editing, commenting, tagging or 

recommending content. Contributors do not create or upload new content. Referring to compound 

Social Documents, the actions of contributors result in new components which are added to a Social 

Document. Figure 5.20 summarises the main characteristics of contributors. 

 

Figure 5.20: Definition for the user type "Contributor" 
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The primary type of use of contributors is the collaborative action modify. Contributors can also con-

sume content and engage in all other collaborative actions, except for the actions create and delete, 

which are specific for creators. Contributors made at least ten contributions and less than ten crea-

tions in the last 12 months (amount of use). The threshold allows consumers to create new content on 

rare occasions. 

Table 5.17: Definitions for the user type "contributor" from the literature (excerpt) 

Definition Reference 

Annotator: An annotator is a user who uses a tool to annotate or add 
meaning through publication to an existing or original publication. For 
instance, a user provides a “Thumbs Up” to a stream item for the pur-
pose to notify another user they like or enjoyed their content. 

(Brunker et al., 2014) 

Participating users: Active engagement in the form of commenting, like 
rating or editing in previous 30 days 

(van Osch & Steinfield, 2013) 

Debators: Those who comment and evaluate actively (Bezzubtseva & Ignatov, 2012) 

Commentators: They participate in conversations by actively comment-
ing to other messages. 

(Choi et al., 2015) 

5.5.3.3 Consumer (called Lurker in Social Media) 

The academic literature frequently discusses lurkers or inactive users. The literature review identified 

27 definitions for lurkers/consumers (c.f. Table 5.18). As a result of the card sorting process, these def-

initions were grouped under the user type consumer (commonly called lurker in previous literature). 

Few authors use other terms such as inactive users (Tagarelli & Interdonato, 2013) or readers 

(Pluempavarn et al., 2011). Consumers or lurkers are defined as users who only consume content and 

do not actively contribute to a workspace (Nonnecke & Preece, 1999; Preece, Nonnecke, & Andrews, 

2004). Some authors state that lurkers take information from an online community without further 

developing the community (Engler & Alpar, 2018). Although most authors use the term lurker, this 

type of user was named consumer in the ECS user typology because the word lurker is not appropriate 

for a business environment. Also, the term lurking often has a negative connotation. Lurkers are de-

scribed as communicationally incompetent (Mason, 1999) or free-riders (Kollock & Smith, 1996). Over 

the years, the view on lurkers has shifted to a more positive view (Cranefield, Yoong, & Huff, 2015) 

and authors started to acknowledge that lurkers are also valuable for online communities.  

Consuming content helps users of an ECS in gaining knowledge and applying the knowledge in their 

daily work (Engler & Alpar, 2018; Giermindl et al., 2016). These spillover effects (Giermindl et al., 

2016), in combination with the persistent nature of lurking (Rafaeli et al., 2004), make “lurking” desir-

able and expected in collaboration systems for extending the reach of content created by creators and 

contributors (Ridings, Gefen, & Arinze, 2006). The negative connotation of free-riding is not appropri-

ate in the business context of ECS as users have to invest effort for searching, finding and reading con-

tent (Engler & Alpar, 2018). Figure 5.20 summarises the main characteristics of consumers.  
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Figure 5.21: Definition for the user type "Consumer" 

Consumers extract knowledge for their daily work routines from collaboration systems. They do not 

contribute information or knowledge to a workspace. Additionally, consumers can use a collaboration 

system for self-organisation and building a network. The primary defining type of use for a consumer 

is the collaborative action consume. Consumers can also engage in the collaborative actions network, 

alert and tasking because these actions do not result in the creation of new knowledge. The amount of 

use of lurkers is a much-discussed aspect in the literature. While most authors argue that lurkers (con-

sumers) only consume content, few authors suggest that lurkers can also occasionally create content 

(Cranefield et al., 2015; Sun, Rau, & Ma, 2014). Authors mention imprecise thresholds (e.g. “recently”, 

“once in a long time”) and there is a disagreement about the level and frequency of contributions 

(Golder & Donath, 2004; Nonnecke & Preece, 2000). Gong et al. (2015) propose using a “lurking 

threshold”, which can be adapted to the context as lurking and consuming behaviour is dependent on 

the individual context (Cranefield et al., 2015; Gong et al., 2015; Nonnecke & Preece, 2000). Consider-

ing this discussion, the dimension amount of use allows consumers to create and contribute content 

occasionally. This dissertation suggests a threshold of ten for the dimension. Depending on the con-

text of the analysis, this threshold can be modified. 
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Table 5.18: Definition for the user type "Consumer" 

Definition Reference 

Lurker: Members who never post (Ridings et al., 2006) 

Lurker: Members who posted once in the last three months (Nonnecke & Preece, 2000) 

Lurker: Members who do not post more than one message in a 6 week period (Han, Hou, Kim, & Gus-
tafson, 2014) 

Lurker: A user is a lurker who actively consumes media yet does not carry out 
the behaviour of publisher or annotator during a particular session. They are 
an active user for the purpose of reading rather than contribution 

(Brunker et al., 2014) 

Lurker: A lurker is an invisible participant, someone who may read and access 
community content but who does not visibly contribute to the shared online 
spaces of an online community 

(Cranefield et al., 2015) 

Inactive users: inactive users are here intended as ‘zero contributors’ i.e. users 
who have never posted or provided a comment/favourite-mark 

(Tagarelli & Interdonato, 
2013) 

Periphery users: Read regularly, but post rarely (Bulgurcu, Van Osch, & 
Kane, 2018) 

5.5.3.4 Inactive User 

Inactive users are often confused with lurkers (as shown in Table 5.18) because they do not actively 

contribute to a workspace. The review of the definitions in the literature showed that lurkers and inac-

tive users are different. Whereas consumers/lurkers still use a system, inactive users do not use the 

system any more. The analysis of the academic literature identified three definitions for inactive users 

(c.f. Table 5.19). 

 

Figure 5.22: Definition for the user type "Inactive user" 

An inactive user is a user who used the platform in the past but has not used the platform in the last 

12 months. As ECS use is voluntary in many organisations (Kügler, Smolnik, & Kane, 2015), employees 

might not return to an ECS after using it once (Giermindl, Strich, & Fiedler, 2017).  
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Table 5.19: Definition for the user type "Inactive user" 

Definition Reference 

Inactive: An inactive user is a marker for a user who registered and not 
provided any kind of interaction thereafter, or a user who has not pro-
vided interactions via tools or sessions for an extended period of time, 
such as a month 

(Brunker et al., 2014) 

Inactive: Those who do not use the service or quit the service (Lee, Kim, & Lee, 2016) 

Inactive: Those who do absolutely nothing (Bezzubtseva & Ignatov, 2012) 

5.5.3.5 Non-user 

Non-users need to be distinguished from inactive users as inactive users have used the ECS before. 

Non-users have never used an ECS. The analysis of the literature identified five definitions for non-

users (c.f. Table 5.20). 

 

Figure 5.23: Definition for the user type "Non-user" 

Non-users are defined as everyone who has an account but who has never used the ECS. When ECS 

use is voluntary in an organisation, employees can opt to not use it. Additionally, there might be other 

reasons such as lack of access (e.g. for blue-collar workers), lack of motivation or a general rejection of 

collaboration systems (Giermindl et al., 2017). 

Table 5.20: Definition for the user type "Non-user" 

Definition Reference 

Non-users: Not using the platform (Han et al., 2014) 

Non-users: lack access to, or ability or interest in using media (Brandtzæg, 2010) 

Non-users: Not used in the past 12 months (Selwyn et al., 2005) 

Non-users: It is important to emphasize the high share of non internet 
users 

(José Manuel Ortega Egea, 2007) 

Non-users: Don’t use ICT (Heim & Brandtzæg, 2007) 
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5.5.3.6 Employee without an Account 

Employees without an account must be distinguished from non-users. These users cannot use an ECS 

because they do not have an account for the system. This is frequently the case for blue-collar workers 

in factories who do not have access to a computer in their work environment (Giermindl et al., 2017). 

5.5.4 Enterprise Collaboration Systems User Type Model 

ECS data only allows identifying creators, contributors and consumers as the other user types do not 

use the system and thus do not leave traces in the log. The Enterprise Collaboration Systems User 

Type Model shows the relations between the atomic events, the action types from COAT and the user 

types specifically for Connections. 

 

Figure 5.24: Enterprise Collaboration Systems User Type Model 

In IBM Connections, there are 254 composite events which are very fine-granular. Identifying user 

types requires a higher level of aggregation. COAT aggregates the events into eight action types which 

provide a level of aggregation and interpretation for the events. The ECS user type model maps the 

collaborative action types with the user types. In Figure 5.24, the lines represent the primary action 

types of user types, whereas the dotted lines represent optional actions of the users. 

The three user types add another level of interpretation and allow assessing the level of participation 

of users in collaboration platforms. The ECS User Type Model is technology agnostic and can be ap-

plied to other collaboration systems. Only the mapping between the atomic events and the collabora-

tive action types needs to be adjusted for specific ECS.  

In the following chapter, the application of the ECS user typology as a lens for analysing collaboration 

and participation in the ECS of the case company is demonstrated as part of the evaluation of the So-

cial Collaboration Analytics Framework. 
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6 Evaluation of the Social Collaboration Analytics Framework 

With this chapter, the dissertation enters the evaluation cycle of the DSR process. This chapter de-

scribes the evaluation of the Social Collaboration Analytics Framework (SCAF) with the help of the key 

case study. As described in section 3.3, the case company is one of the members of the university-

industry research initiative IndustryConnect. At the time of writing this dissertation, more than 30 ECS 

user companies engaged in a mutual exchange of ideas on ECS topics such as document management, 

benefits realisation management and Social Collaboration Analytics (Williams & Schubert, 2017). After 

one of the physical bi-annual IndustryConnect workshops, the case company signalled particular inter-

est in Social Collaboration Analytics and volunteered for the key case study of this dissertation project. 

Many reasons made selecting the case company for the key case an ideal decision. As already out-

lined, the case company already had prior experiences with SCA and even volunteered for bi-lateral 

research on SCA. Additionally, the ECS of the case company is also based on IBM Connections, for 

which the prototypes demonstrated in the previous chapters were developed. These are essential 

preconditions for a key case because a high interest and motivation by the case company were 

demonstrated, minimising the risk of the case company losing the motivation throughout the case 

study. As the case company uses Connections and has some experiences in SCA and agreed to provide 

the required technical foundations, the interests and circumstances, two essential criteria highlighted 

by Thomas (2011) for a key case, were ideal. 

Through the key case study, which is described in this chapter, in-depth insights into the application of 

SCA in practice were gained. Representatives from the case company participated in the survey of the 

status quo of SCA (section 4.2) and an initial focus group on SCA (Appendix A.7). These two research 

activities provided the background for another focus group in which the status quo of SCA, plans for 

future implementations and potential practical uses and implications of SCA at the case company were 

investigated (Appendix A.8). The focus group as a method for data collection was already described in 

detail in section 3.3. However, as focus groups are essential in the business understanding phase, the 

next section contains a summary of the method and its design. 

This chapter will show how SCAF was successfully applied to analyse ECS data in the case company. It 

is also demonstrated how the components of SCAF such as the key themes for SCA, the data sources 

for SCA, the dimensions for SCA and the stakeholder classification can be used to support the applica-

tion of SCA in practice. The ECS user typology was also tested and used as a lens for analysing partici-

pation in the ECS. Thus, as part of the evaluation of SCAF, the practical applicability of the core re-

search outcomes is demonstrated. By evaluating and applying SCAF in the key case, the call by 

Nunamaker et al. (2015, p. 1) to “shepherd the IS research solution through the last research mile, 

that is, through successful transition to the workplace” is addressed. 

Some sections contain comparisons of the results with data from UniConnect, a collaboration platform 

for academic institutions. The background of this comparison platform is introduced in the next sec-
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tion as part of the business understanding phase. The comparisons are made for demonstrating the 

possibilities of SCA based on a data set that covers multiple years and for showing which conclusions 

can be drawn from a cross-case comparison. 

6.1 Business Understanding 

The overall objective of the business understanding phase is to establish domain knowledge and to 

identify objectives and questions for SCA. Figure 6.1 shows a summary of the business understanding 

phase, including the work steps, the most important outcomes and guiding questions. In this section, 

the application of the steps (1) establish domain knowledge, (2) identify objectives and questions and 

(3) identify barriers is demonstrated. 

 

Figure 6.1: Summary of the “business understanding” phase 

The business understanding was established through a semi-structured interview and two focus 

groups with the collaboration team of the case company. The collaboration team is responsible for 

managing the ECS and for supporting the end users of the platform. Most members of the collabora-

tion team are employed in the internal communications department or the IT department. The collab-

oration team's typical tasks are to conduct user training (and to prepare the required material), sup-

port the employees with the use of the ECS, and stimulate the use and adoption of the ECS through 

communication and advertisement campaigns. The IT department assists the collaboration team in 

the technical operation of the ECS, including maintenance and updates. As the members of the collab-

oration team were responsible for the ECS from the beginning of the project, they are ideal study par-

ticipants for establishing the business understanding. They are knowledgeable about the use of the 

ECS and the motivation for its introduction. Thus, the collaboration team can provide the relevant con-

textual knowledge for SCA, making them suitable participants for identifying objectives and questions. 

Table 6.1 gives an overview of the participants and outcomes of the methods through which the busi-

ness understanding was established. Descriptions are provided in the following. 

Business understanding ➢ What are the characteristics 
of the problem domain?

➢ What should be analysed?
➢ Which barriers can 

potentially restrict SCA?

Establish domain knowledge & objectives

Level of 

Analysis

Content 

Type

Content

Component
Action type Time

Further 

Filters

Platform Activities Entry Alert Timestamp Business Unit

Community Blogs Post Consume Region

User Bookmarks Comment Create
Time 

constraints

Files Like Delete Custom

Forums Tag Discuss Country

Profiles Version Modify

Wikis Attachment Network

Tasking

Where?
Which type of 

content?

Which content 

component?

Which type of 

action?
When? Which filters?

Establish 
domain 

knowledge

Identify 
objectives 

& questions

Identify 
barriers

Plan 
analytics

Business 
context
Business 
context

Objectives & 
questions

Objectives & 
questions

BarriersBarriers Project planProject plan
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Table 6.1: Methods used for establishing the business understanding 

 Duration and partici-
pants 

Outcome Reference and 
detailed docu-
mentation 

Semi-structured inter-
view for establishing 
the eXperience base 
case 

3 hours 

4 participants from the 
collaboration team 

Motivation and background of the in-
troduction of the ECS according to the 
eXperience case study methodology 

Appendix A.14 

Focus group 1:  
Status quo of SCA at 
the key case company 

30 minutes 

4 participants from the 
collaboration team 

Basic discussion on SCA 

Agreement on terminology 

Appendix A.7 

Focus group 2:  
Practical implications 
of the key themes 

6 hours 

2 participants from the 
collaboration team 

Detailed insights into the current appli-
cation of SCA at the company, limita-
tions and plans for future implementa-
tion 

Section 5.2 

Appendix A.8 

 

The semi-structured interview was the first in-depth research activity dedicated to SCA with the case 

company. The interview guideline (Appendix A.14) followed the eXperience case study methodology 

(Schubert & Wölfle, 2007; Wölfle et al., 2007). Consequently, the interview focused on identifying and 

documenting the impetus for the ECS project, the expected benefits, and adoption of the ECS after the 

rollout. The interview lasted for approximately 3 hours. The information gained from the interview 

was written up in the form of a case study, which is provided in the first step (establish domain 

knowledge) of the business understanding phase. 

This interview was followed by two focus groups with participants from the collaboration team. Mor-

gan (1996b) defines a focus group as a method for data collection, with the interaction in a group dis-

cussion being the primary source of data. Thus, a focus group is not just a selection of study subjects. 

It is a research method. The focus groups were prepared according to the recommendations by Mor-

gan (1996b) and Caillaud and Flick (2017), who propose a structure for conducting focus groups. Each 

focus group started with presenting a stimulus that provided the foundation for the subsequent group 

interaction or group discussions. The focus groups were concluded by summarising the main results. 

After the focus group, the discussions and interactions were analysed and documented in the form of 

written reports. Appendices A.7 and A.8 contain the complete reports of the two focus groups used 

for establishing the business understanding. 

The first focus group was conducted immediately after the interview and involved the same partici-

pants. The objectives were to collect basic information on the status quo of SCA at the case company 

and to establish a shared vocabulary for communication throughout the SCA process. Approximately 

one and a half years later, a follow-up focus group which lasted for about 6 hours, was conducted to 

define objectives for the application of SCA and to collect additional contextual information. For this 

focus group, two participants from the collaboration team were selected. One participant was the 

head of internal communications and the other participant was a collaboration expert with an educa-



 Evaluation of the Social Collaboration Analytics Framework 

 161 

tional background in data analytics. They were ideal participants for the focus group because they 

combined a managerial and an analytical viewpoint. The seven key themes for SCA (as described in 

4.1) provided the structure for the focus group. Additionally, the following questions guided the group 

discussion: 

• Are there any and, if yes, which analyses for the respective key theme are already performed 

in the case company? 

• What are the current limitations that the case company is facing regarding the implementa-

tion of such analyses? 

• Are there plans for implementing additional analyses in the area of the current key theme in 

the future? 

• Which information could be gained from the exemplary analyses shown at the start and 

which potential actions or measures could be derived based on this information? 

Based on the responses to these guiding questions, objectives for applying SCA on ECS data from the 

case company were defined. In the following, it is described how the interview and the focus groups 

contributed to establishing the domain knowledge (step 1), identifying objectives and questions (step 

2) and identifying potential barriers (step 3). 

Step 1: Establish domain knowledge 

As explained above, the domain knowledge was established based on a semi-structured interview. In 

the following, the essence of the resulting eXperience case study is summarised. The summary in-

cludes background information about the case company, the starting position and impetus for the ECS 

project, the use of the ECS and experiences the collaboration team made throughout the project. The 

ECS of the case company is also referred to as CaseCompanyConnect (ccConect). 

The Company 

The case company is a large industrial company with over 160,000 employees in more than 70 coun-

tries worldwide. Its primary line of business is steel production. Additionally, the case company pro-

duces components for the automotive industry and it is also specialised in manufacturing large-scale 

plants for industrial companies. In these business areas, the case company is among the market lead-

ers. 

Starting Position and Impetus for the Project 

The implementation of ccConnect was part of a company-wide project which aimed to harmonise and 

modernise the IT infrastructure by replacing legacy systems. As part of this harmonisation project, in-

formation silos which were caused by several unintegrated systems should be reduced. 

CcConnect, which is based on IBM Connections, was introduced for replacing the existing intranet so-

lution. Many employees perceived the existing intranet as old fashioned and demanded a modern in-

tranet with “social features”. Thus, the main motivations for introducing ccConnect were to meet the 

demand of employees and to provide a central platform for company-wide communication and 

knowledge exchange among employees from all organisational units. Although there were no defined 
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expected benefits, the collaboration team hoped that the introduction of the ECS would lead to im-

provements in the areas of knowledge management, communication, collaboration and connected-

ness among employees. In the early phases of the project, the collaboration noticed that Connections 

does not provide sufficient features for measuring system usage. Consequently, they had only rudi-

mentary tools for assessing the use of the platform and for tracing improvements in the areas men-

tioned above. This situation was unsatisfactory for the collaboration team and was one of the motiva-

tions for participating in research on SCA. 

The Use of ccConect 

CcConnect was rolled out and made available to all employees in March 2016. It was decided that em-

ployees have access to all features. Employees can fill their social profiles and use all modules of ccCo-

nect such as tasks, files, forums, blogs and wikis. All employees are allowed and encouraged to create 

communities. For stimulating the use of ccConect, they are also allowed to create communities for 

non-work-related matters.  

Typical use cases for ccConnect are, for example, (1) enterprise communication, (2) knowledge man-

agement, (3) project organisation and (4) team organisation. The collaboration team mentioned that 

typical collaboration scenarios between employees are documenting, sharing and retrieving infor-

mation, and sharing and editing files. Over time, different types of communities emerged. There are 

communities in which one member communicates to many others. In such communities, there are few 

reactions or replies from other members. There are also many communities in which many members 

exchange information. The collaboration team observed that ccConnect is mainly used to support 

work in projects and document and communicate information. 

CcConnect is not the only collaboration software available to the employees. The case company oper-

ates a collaboration software portfolio. Besides Connections, employees have access to Microsoft Out-

look for sending emails, Microsoft SharePoint for document management, Microsoft Lync for instant 

messaging and Cisco WebEx for virtual meetings. Consequently, analyses of ccConnect encompass on-

ly one segment of the digital workplace of the case company. As some of these tools have overlapping 

features, employees are sometimes not sure which platform to use. For example, some employees use 

ccConnect for uploading and sharing files and others use Microsoft SharePoint.  

CcConnect was installed on-premises at the headquarters because the case company wants full access 

and control over their servers and data, making running the ECS in the cloud not an option. 

Experiences 

The collaboration team is satisfied with the adoption of ccConnect because they perceived that the 

platform is used by most of the 50,000 employees who potentially have access to the system. At the 

time of writing this dissertation, the case company did not conduct any benefits measurements or ad-

vanced usage analyses due to the limited analytics features of Connections. 
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Summary of Key Learnings for the Business Context 

The case company is a large company with employees distributed worldwide. Before implementing 

ccConnect, there was no central platform that enabled employees from different organisational units 

and locations to communicate and collaborate. The ECS was introduced as a central platform for 

communication and knowledge exchange. The observed use cases indicate that ccConnect is mainly 

used to organise projects and communicate information. In general, the collaboration team is satisfied 

with the use and adoption of the ECS. During the early stages of the implementation project, the col-

laboration team noticed that the analytics features of Connections are not sufficient for assessing the 

use and adoption of ccConnect. By applying SCA, the collaboration team wants to gain deeper insights 

into the use of ccConnect. 

Step 2: Identify objectives and questions 

In the second focus group (appendix A.8) with two participants (head of internal communication and 

collaboration expert), the objectives for analysing the data from ccConnect were defined. The partici-

pants repeatedly stated that the available metrics do not provide enough information for assessing 

the usage of the ECS. They voiced that they require more sophisticated metrics. During the discussion 

of the SCA key themes, especially the ECS user typology, they raised the participants' interest because 

they valued it as a means for analysing how employees participate and collaborate on ccConnect.  

It was agreed that based on the identification of user types, the objectives are to measure the general 

system usage and to measure interaction and participation on the platform. As the participants also 

stated that they want to analyse the use of communities in more detail, the analysis of communities 

was identified as another objective. Based on these rather general objectives, together with the two 

participants, the following questions were defined for the SCA project: 

• Which proportion of the employees uses ccConnect? 

• Which user types can be identified on ccConnect and what can the distribution of the user 

types tell about the degree of participation on the platform? 

• How are communities used and are there specific community types that can be identified? 

The management and the collaboration team were selected as stakeholders because the collaboration 

team requires the SCA figures for improving their user training and advertising campaigns. The leader 

of the collaboration team (head of internal communications) requires the SCA figures to report the use 

of the ECS to the company's management. 

Step 3: Identify barriers 

As part of the second focus group, possible barriers that could impede the SCA project were discussed. 

The two participants only mentioned that the works council could be a potential barrier for specific 

analyses. After discussing the previously defined objectives, it was concluded that the works council is 

not a barrier in the context of this SCA project because there are no analyses planned which identify 

an individual or rate his or her performance. Even accessing ECS data was viewed as problem-free and 
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the case company agreed to provide access to the data of ccConnect. Details about the data are pro-

vided in the next phase.  

The following table answers some of the guiding questions for the business understanding phase. 

Table 6.2: Answers to the guiding questions of the business understanding phase 

Guiding questions Answers 

What are the special char-
acteristics of the problem 
domain? 

The platform of the case company supports information exchange and commu-
nication as well as collaboration between employees 

Use cases are: Internal communication, knowledge management, project man-
agement and managing organisational units 

There are more than 50,000 employees with potential access to ccConnect 

What should be analysed? User types for analysing the participation of employees in collaboration on the 
platform. The following questions were defined: 

• Which proportion of the employees uses ccConnect? 

• Which user types can be identified on ccConnect and what can the distribu-
tion of the user types tell about the degree of participation on the platform? 

• How are workspaces used and are there specific workspace types that can 
be identified? 

Which stakeholders are 
addressed? 

Collaboration team and management 

 

Some of the SCA figures of ccConnect will be compared with data from another collaboration plat-

form, UniConnect, to see how similar (or maybe different) they are. UniConnect is a collaboration plat-

form hosted for academic institutions at the University of Koblenz-Landau (Schubert & Williams, 

2016). Like the ECS in the case company, the platform is based on IBM Connections. Academic institu-

tions use the platform for the digital support of research and teaching. Lecturers can share their 

course materials in communities and make course announcements. Research teams can work in joint 

project spaces. At the time of data collection, the platform had been in operation for more than 8 

years and had more than 3,500 registered users. The majority of users on UniConnect are students 

and teaching staff but there are also representatives from more than 50 companies who are engaged 

in joint research University-Industry projects (Williams & Schubert, 2017). 

6.2 Data Understanding 

The overall objective of the data understanding phase is to identify and understand the data which is 

available for SCA. Figure 6.1 shows a summary of the business understanding phase, including the 

work steps, the most important outcomes and guiding questions. In this section, the application of the 

steps (1) identify available data sources, (2) explore and describe the data and (3) investigate technical 

barriers is demonstrated. 
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Figure 6.2: Summary of the “data understanding” phase 

Step 1: Identify available data sources 

As mentioned at the end of the business understanding phase, the collaboration team agreed to grant 

access to the data of ccConnect. As no member of the IT team participated in the previous two focus 

groups, details about the data access were discussed with the head of IT strategy of the case company 

in informal phone calls and via email. The first phone call involved the collaboration expert and the 

head of IT strategy. The objective was to identify which data from ccConnect is required to answer the 

identified questions. It was discussed that for using the ECS user typology as a lens for analysing partic-

ipation on ccConnect, transactional data (event log) is required because the classification of the user 

types is based on user actions. The analysis of the use of communities is also event-based and requires 

transactional data. In a follow-up call, options for accessing the data were discussed with the head of 

IT strategy. Accessing the live data of ccConnect was not possible due to security and performance 

reasons because analyses on the live system could impact the system's performance. It was agreed 

that the case company makes an export of the transactional data of ccConnect in the comma-

separated value (CSV) format available for the analysis. The CSV export contained the main event ta-

ble and the relevant dimension tables, which are explained in step 2 (explore & describe the data). The 

files were transferred via a secure file sharing system of the case company.  

Table columns that contain the names of users, workspaces or the title of content were removed from 

the CSV files for preserving anonymity and data privacy. For the analyses, users can still be distin-

guished by their unique user IDs. Transferring the CSV files to the researcher resulted in several ad-

vantages for the SCA process. First, for preparing and analysing the data, no additional on-site visits at 

the case company were required. It was possible to work with the data independently without the 

need to coordinate activities with the collaboration team and the data could be accessed at any time. 

Appointing other on-site visits for accessing the data would have resulted in organisational and admin-

istrative overhead. The second advantage of providing the CSV export was the high flexibility for using 

the data. The data could either be imported into a data warehouse or used in business intelligence 

software such as Microsoft Power BI or other data analytics software such as Microsoft Excel or SPSS. 

Thus, by providing an excerpt from the transactional data as CSV files, the collaboration team ensured 

high flexibility of the SCA process and eliminated unnecessary administrative efforts and dependen-

cies. 
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BarriersBarriers
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In summary, an excerpt of the transactional data of ccConnect was available for the analysis. The ex-

emplary data set contained all the user activities that occurred between November 2017 and Novem-

ber 2018. Details about the structure and characteristics of the data are provided in the following step 

of the data understanding phase. 

Step 2: Explore and describe data 

At first, the structure of the available data was examined. The CSV exports included the database ta-

bles listed in the following table. 

Table 6.3: Overview of the provided tables 

Table Description 

F_TRX_EVENTS Contains user actions in the form of events 

D_SOURCE Specifies in which module the event occurred (SCA di-
mension: content type) 

D_CONTENT_TYPE Specifies which content component was affected by 
the event (SCA dimension: content component) 

D_EVENT_OP Specifies the action of the event (SCA dimension: ac-
tion type) 

D_COMMUNITY Specifies details about the community in which the 
event occurred (names were removed from the data) 

PROF_CONNECTIONS This table is part of the organisational data and de-
scribes the network relations between employees 
(e. g. when employees add other persons to their net-
work).  

 

Figure 6.3 shows the structure of the provided transactional data. As shown in the figure, the data is 

structured in a star scheme. The central fact table contains the events and is surrounded by multiple 

dimension tables, which add additional meaning to the fact table by resolving the IDs in the fact table 

to human-readable descriptions. 

Only the tables which provide information on the users (F_USERS), the content (F_ITEMS), and the 

column which contains the name of communities in the D_COMMUNITY table were not provided for 

preserving anonymity and data privacy. Users and communities can still be distinguished based on 

their unique IDs. 

The event table contains user actions in the form of events. Each event record has a unique ID, de-

scribes the actor (USER_UUID), the object the actor interacted with or created (ITEM_UUID), the con-

tent type of this object (CONTENT_TYPE_ID) and the action initiated by the user (EVENT_OP_ID). Addi-

tionally, the event record shows in which community (COMMUNITY_ID) the event occurred. The 

timestamp marks the date of the record (EVENT_TS). The column EVENT_NAME contains the name of 

the event and thus provides information about the event on a fine-granular level. It is derived from 
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the columns SOURCE_ID (SCA dimension: content type), CONTENT_TYPE_ID (SCA dimension: content 

component), EVENT_OP_ID (SCA dimension: action), as shown in Figure 6.4.  

 

Figure 6.3: Structure of the provided data 

As discussed in chapter 2.4.3, the classification provided by the EVENT_OP_ID in Connections is often 

incomplete and imprecise. Thus, the composite event name is used for the analyses because it pro-

vides information on the most fine-granular level. The Collaborative Action Typology (COAT), as de-

scribed in chapter 2.5, is used for aggregating events. The implementation of this aggregation is de-

scribed in the next phase (conceptualisation). 

 

Figure 6.4: Construction of the composite event name in Connections 

After investigating the data structure, the detailed characteristics and events of the provided data 

were examined. For the period between November 2017 and November 2018, the event table con-

tains more than 2.7 million events by more than 35,000 users. The events occurred in 3,177 communi-
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ties. For UniConnect, the data of the same period contains 815,238 events by 1,219 users in 670 com-

munities. Table 6.4 contains a comparison of the two data sets. 

Table 6.4: Background of the two data sets used in the evaluation 

 Case company UniConnect 

Software platform IBM Connections IBM Connections 

Time range of the data 12.11.2017-12.11.2018 12.11.2017-12.11.2018 

Type of data used for analysis Transactional data Transactional data 

Number of registered users The exact number is unknown. 
50,000 employees are the target 
group 

3,500 

Number of events in the log 2,772,328 815,238 

Number of users in the log 35,074 1,219 

Number of communities 3,177 670 

 

For gaining a better overview and understanding of the available data, the number of events across all 

modules was analysed. The number of events for Uni Connect differs in Table 6.4 and Table 6.5 be-

cause, in earlier versions of UniConnect, an additional “files library” module which provided extended 

file management features was available. After a software upgrade of UniConnect, the features provid-

ed by the “files library” were available in the regular files module. In November 2016, the files library 

was turned into read-only mode, so users could not upload new files into the library, and the migra-

tion of files into the regular files module was initiated. The migration lasted until the end of 2018 and 

the module was finally disabled in January 2019. Between November 2017 and November 2018, the 

files library was available read-only and was not used for productive use anymore. The events from 

the files library on UniConnect were excluded from the analyses because there was no comparative 

data available on ccConnect. This explains the difference in the total amount of events for UniConnect 

in the two tables. 

As shown in Table 6.5, on ccConnect, 86% of the events occurred in the files module. An additional 

analysis of the distribution of the event types and the atomic events revealed a likely reason for this 

unequal distribution. It was discovered that ccConnect did not log events with the event type 

(EVENT_OP) read or visit. Such events are usually triggered when users access content such as wiki 

pages, blog posts and forum posts. However, these events are not recorded on ccConnect. The reason 

for this remains unknown and could not be identified with the help of the IT department of the case 

company and an external Connections solution provider. 
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Table 6.5: Distribution of the events across the modules on both platforms 

 
ccConnect # of 

events 
UniConnect # of 
events without “read” 

UniConnect # of 
events 

UniConnect # of 
events (filtered) 

Blogs 25,815 (0.93%) 2,412 (1.29%) 39,889 (5.01%) 39,468 (2.13%) 

Bookmarks 12,577 (0.45%) 397 (0.21%) 150,379 (18.87%) 3,207 (6.17%) 

Communities 144,228 (5.20%) 13,094 (6.98%) 120,852 (15.17%) 120,327 (18.81%) 

Files 2,386,075 (86.07%) 145,113 (77.73%) 269,835 (33.86%) 267,583 (41.84%) 

Forums 20,778 (0.75%) 4,411 (2.35%) 41,397 (5.20%) 39,044 (6.10%) 

Homepage 303 (0.01%) 52 (0.03%) 71,103 (8.92%) 70,727 (11.06%) 

Ideationblog 5,799 (0.21%) 263 (0.14%) 1,218 (0.15%) 1,200 (0.19%) 

Profiles 82,852 (2.99%) 3,668 (1.96%) 17,435 (2.19%) 16,898 (2.64%) 

Tasks 13,298 (0.48%) 8,086 (4.13%) 15,095 (1.89%) 13,625 (2.13%) 

Wikis 80,603 (2.91%) 10,056 (5.36%) 69,652 (8.74%) 67,472 (10.55%) 

Total 2,772,328 187,552 796,855 639,551 

 

A close analysis showed that read and visit events are only logged in the bookmarks module. The low 

share of events in the bookmarks module indicates a very low use of the module as no further anoma-

lies in the event log could be identified. The number of events in the files module is extraordinary high 

because the files module logs a different event type (EVENT_OP) when users open or download files, 

which is called download instead of read. Thus, accessing the content in the files module is logged be-

cause Connections treats opening a wiki page (event type: read) and downloading a file (event type: 

download) as different types of events. The file module is the only module (besides the bookmark 

module), in which accessing content is consistently logged. Due to this surprising observation, the data 

was carefully investigated for other anomalies. Fortunately, no other anomalies in the transactional 

data of ccConnect could be found. The impacts of the missing read events are discussed in the next 

step (investigate technical barriers).  

Additionally, the distribution of the events across the modules of UniConnect was analysed with read 

events being filtered. The read events were only filtered for a comparison with the data from 

ccConnect. The analyses described in the following contain the complete event log of UniConnect. As 

shown in the third column in Table 6.5, the event distribution with filtered read events is somewhat 

similar to ccConnect. With more than 77%, most of the events occurred in the files module and the 

share of events in the other modules only varies by few percents, which indicates that there are no 

other issues with the logging mechanism on ccConnect. 

Another suspicious observation could be made regarding the unfiltered events on UniConnect. With 

more than 18%, the share of events in the bookmarks module is unexpectedly high. Consequently, a 

detailed analysis of the events on UniConnect, specifically in the bookmarks module, was conducted. 

After the events from the bookmarks module were sorted by their timestamp, it could be seen that 
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the majority of the 150,000 events occurred on the same day, with several thousand events being 

triggered at the same second. Based on the USER_IDs, it could be identified that regular users initiated 

these events. The incident could be traced back to a group of students who tried to abuse the gamifi-

cation software (ISW Kudos) which is installed on UniConnect. Based on the user actions, Kudos re-

wards users with points, assigns rewards and displays the most active users in a platform-wide ranking 

table. The students wanted to appear on the top of the ranking table and abused the “import” feature 

of the bookmarks module. The bookmarks module allows importing bookmarks from CSV files. The 

students created such a CSV file, including ten-thousands of generated bookmark entries. On import-

ing the file, for each entry, a bookmark was created. Subsequently, the students were rewarded with 

the points in Kudos. As a similar behaviour could be identified in the files module, these students' user 

IDs were excluded from the analysis because they would heavily skew analyses. Details about this fil-

ter are provided in the data preparation phase. The last column in Table 6.5 shows the distribution of 

the events after excluding the users who abused the platform. 

In the previous sections, the importance of the data understanding phase was underlined. Although 

both analysed systems are based on the same version of IBM Connections, there are different data 

quality issues in the data sets. The data understanding phase helped to discover that the logging 

mechanism of ccConnect is erroneous because read events are not logged. Different issues with the 

event data could be identified for UniConnect. A group of students generated massive amounts of 

events by abusing features of UniConnect. The identified issues need to be addressed, which is de-

scribed in the data preparation phase. 

In combination, the data understanding phase and the data preparation phase are important for 

providing full transparency on the issues with the source data (data understanding) and how these is-

sues are addressed (data preparation). In one of the focus groups, which was described in the business 

understanding phase, the collaboration expert noted that their business partner is responsible for 

gathering usage metrics. He also mentioned that the collaboration team does not fully trust the col-

lected metrics because the partner did not conduct an investigation or preparation of the analysed da-

ta. The results above confirm that the collaboration team was right to be cautious about the results 

because there are indeed issues that need to be addressed. 

Step 3: Investigate technical barriers 

In the final step of the data understanding phase, the technical barriers are summarised. Technical 

barriers encompass all factors related to the analysed ECS or available data, which can impede the ap-

plication of SCA. 

Two technical barriers for the SCA project could be identified based on the data understanding phase. 

As it was not possible to provide access to the live data of ccConnect, the collaboration team provided 

an export of the data. This means that the analyses are conducted on a static time frame ranging from 

November 2017 to November 2018. The resulting barrier is that access to ECS data in real-time is not 

possible. 
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The second barrier is also related to the available data. As shown in the previous paragraphs, the 

event log of ccConnect does not contain read events. This means that the event log is incomplete be-

cause it does not document read activities.  

Both barriers, “incomplete data” and “access to data in real-time is impossible”, are also part of the 

barrier classification which resulted from the literature review in section 4.1. This confirms that the 

classification of barriers to SCA contains individual barriers which can be relevant in practice. Thus, the 

barrier classification should be used for identifying barriers that could impede the application of SCA. 

Table 6.6 contains the answers to some of the guiding questions of the current phase. 

Table 6.6: Answers to the guiding questions of the data understanding phase 

Guiding questions Answers 

Which data is available? The case company provided an exemplary data set of the transactional data 
from ccConnect in the CSV format. The provided data contains an excerpt from 
the events table ranging from November 2017 to November 2018 and includes 
the relevant dimension tables which enrich the information from the event ta-
ble. 

How can the data be ac-
cessed? 

Because the data was provided in the CSV format, there is high flexibility in ac-
cessing and querying the data. The CSV files can either be imported into a data-
base, which allows to query the data using SQL statements or the data can be 
imported into software such as SPSS and Microsoft Power BI. 

Which technical barriers 
can constrain the analytics 
project? 

Two technical barriers were identified: 

• The event log of ccConnect is incomplete because it does not contain 
events of the type “read”. 

• Access to data of ccConnect in real-time is not possible 

6.3 Conceptualisation 

The overall objective of the conceptualisation phase is to select metrics, algorithms and to propose a 

design and visualisations for the planned analyses. Figure 6.5 shows a summary of the conceptualisa-

tion phase, including the work steps, the most important outcomes and guiding questions. In this sec-

tion, the application of the steps (1) choose metrics & algorithms, (2) identify required data and 

(3) design is demonstrated. 

 

Figure 6.5: Summary of the “conceptualisation” phase 
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First, the software for implementing the analyses needed to be defined. As the collaboration team of 

the case company did not make any prescriptions and the source data was available in the CSV format, 

multiple options were available. One option was to import the CSV files into a relational database 

management system and access and query the data using SQL queries and a scripting language such as 

PHP. Another option was to import the CSV files into the business intelligence software Microsoft 

Power BI.  

Power BI is a business intelligence and data analytics software by Microsoft. The software facilitates 

the creation of interactive dashboards and data visualisations. Power BI offers a wide range of differ-

ent forms of data visualisation. Additionally, dependencies between multiple data visualisations can 

be defined for enabling drill-downs. Power BI offers high flexibility because data visualisations can eas-

ily be modified and changed, which could be valuable if the evaluation phase indicates that the select-

ed visualisation is inappropriate. The Data Analytics Expressions (DAX) engine makes it possible to 

program custom algorithms for computing metrics. Because of its rich features and flexibility in visual-

ising data, Gartner has confirmed that Microsoft Power BI has been the leading software for business 

intelligence in 2019 (Richardson, Sallam, Schlegel, Kronz, & Sun, 2020). For these reasons, it was de-

cided that Power BI is used for analysing and visualising the data in the SCA process. 

Step 1: Choose metrics & algorithms 

In the business understanding phase, it was defined that the main objective for the application of SCA 

is to analyse the degree of participation and collaboration on ccConnect based on the ECS User Typol-

ogy. The ECS User Typology provides a suitable lens for such an analysis because it defines the three 

user types creator, contributor and consumer, which are each characterised by a different degree of 

participation. To be able to identify these user types based on the transactional data of ccConnect, the 

mappings between the atomic events, the collaborative action types in COAT and the user types 

(Figure 6.7) need to be implemented. With the help of the dimensions for SCA, the required elements 

for the analysis could be defined. In the following, it is demonstrated how the dimensions for SCA 

(Figure 6.6) and the mappings defined in the ECS User Model (Figure 6.7) guided the conceptualisation 

of the algorithms and metrics. 

 

Figure 6.6: Example of how the dimensions for SCA guided the conceptualisation phase 
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It was decided to analyse the distribution of user types on two levels: the platform level and the com-

munity level. Additionally, the distribution of the user types for the modules (content types) blog, file, 

forum, and wiki should be analysed. As the ECS User Typology is based on the collaborative actions de-

fined in COAT, all action types as described by the dimensions for SCA are required for the analysis. 

The timestamp also needs to be used for the analysis because it allows for aggregating data for specif-

ic periods. Additional filters cannot be specified because there is no data available for identifying 

countries or business units. 

After conceptualising the analysis using the dimensions for SCA, the mapping between the events, ac-

tion types and users, as defined in the ECS User Type Model, needed to be conceptualised and imple-

mented, as described in the following. 

 

Figure 6.7: Enterprise Collaboration Systems User Type Model 

First, the mapping between the 254 events in Connections and the 8 action types needed to be de-

fined. The tables in appendix A.3 show how the individual events are mapped to the action types. 

Based on this mapping, the 8 action types can be used to identify the 3 user types. Finally, the event 

thresholds for distinguishing the user types needed to be defined. Based on the recommendations 

from the literature (section 5.5), the thresholds were defined as follows: 

➢ Platform level: 10 events 

➢ Content type level: 5 events 

➢ Community level: 3 events 

Users are defined as creators when they have initiated at least 10 create events on the platform level. 

On the content type (modules) level, users are defined as creators when they have initiated at least 5 

create events, and on the community level, 3 events are required. With a lower level of analysis, the 

event threshold also lowers because the scope and context of the analysis become more specific. The 

analysis on the platform level is the broadest and most unspecific because all actions of a user across 

Creator Contributor Consumer

ModifyDiscussDelete Network Alert Tasking Consume

3 user
types

8
action
types

blog.entry.created
files.file.created

…

forum.topic.reply.
created

…

forum.tag.added
blog.entry.updated

…

profiles.colleague.
added

…

files.file.share.
created

…

blog.entry.created
files.file.created

…

files.file.
downloaded

…

254 
events

Create

files.file.deleted
…



Florian Schwade 

174  

all communities are considered for the calculation, which potentially includes some “noisy” activities 

in test communities or training communities. Due to the broad scope, the unspecific context and po-

tential noise activities, the event threshold on the platform level is the highest. In contrast, the analy-

sis of the user types on the community level has a very specific scope and context. Due to the specific 

scope and context of the analysis, the event threshold on the community level is the lowest.  

Based on the mappings between the Connections events and the action types from COAT, an algo-

rithm can be implemented which determines whether a user is a creator, contributor or consumer. 

The following figure shows the DAX query in Microsoft Power BI for identifying contributors. 

 

Figure 6.8: DAX query for identifying contributors 

The DAX query counts the number of user ids which initiated events of the action types modify and 

discuss. To be classified as a contributor, the thresholds mentioned above at the level of analysis must 

be met. Additionally, contributors must not have initiated more create or delete events than specified 

by the threshold. Otherwise, they would be classified as creators. As shown in the figure above, the 

thresholds are implemented as variables (“[Event_Threshold Value]”), so the thresholds can be indi-

vidually defined using an input field without needing to change the actual query. 

Step 2: Identify required data 

As already shown throughout the previous sections, identifying types of users requires transactional 

data because the mappings described in the ECS User Type Model are based on the atomic events. 

Consequently, organisational data and content data are not required. 

Step 3: Design 

For data visualisation, pie charts and tables were selected because they can provide a quick overview 

of the distributions of user types and the actual numbers of users. An overview of the dashboard is 

provided in the prototyping phase. 

The following table provides the answers to some of the guiding questions of the conceptualisation 

phase. 
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Table 6.7: Answers to the guiding questions of the conceptualisation phase 

Guiding questions Answers 

Which algorithms and methods are 
required? 

The algorithm should compute the amount and share of consumers, 
contributors and creators on the platform. The script is implemented 
based on the mappings described in the ECS user typology. Additional 
analyses are: 

• Number of events every month 

• Number of users who used the platform every month 

• Number of used communities every month 

• Number of events aggregated for weekdays 

The analyses are implemented in Microsoft Power BI 

Which data is required for providing 
the answers? 

The analysis requires transactional data 

What are the suitable visualisations? Pie charts and tables 

6.4 Data Preparation 

The objective of the data preparation phase is to bring the data into an analysable format by building a 

data model and addressing the data quality issues which were identified in the data understanding 

phase. In the following, the application of the steps (1) data collection, (2) build data model and 

(3) pre-process and prepare data is demonstrated. Figure 6.9 shows a summary of these steps and 

their main outcomes, as well as the guiding questions. 

 

Figure 6.9: Summary of the “data preparation” phase 
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A dedicated data collection activity was not necessary because the case company made the required 

data available in the CSV format. The available CSV files only needed to be imported in Microsoft Pow-

er BI. As the data was provided in individual CSV files, the relations between the event table (fact ta-

ble) and the dimension tables were not preserved. Thus, the relationships between the tables needed 

to be redefined in Microsoft Power BI based on the respective IDs in the event table and the dimen-

sion tables, as shown in the data model in Figure 6.10.  
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Figure 6.10: The data model in Microsoft Power BI 

In the data model, it can be seen that a new table, D_Calendar, was added. This calendar table pro-

vides additional information about dates and allows, for example, to aggregate results for workdays, 

weekends and enables other time-referenced analyses. Details about the calendar table and how it 

was created are provided in the next step. 

Step 3: Pre-process & prepare 

This step describes how the data was prepared to address the data quality issues identified in the pre-

vious sections. Additionally, the implementation of the calendar table is described. 

Missing read events in the event log 

The missing read events in the event log were the main data quality issue identified in the data under-

standing phase. Unfortunately, it was impossible to reconstruct these missing events. Even if the web-

server log of ccConnect had been available, it would be impossible to reconstruct the events because 

the webserver log does not contain user IDs and does not contain information about the accessed 

content. Because of this, entries in the webserver log cannot be matched with the event log. There 

were also no other data sources that could be used to conclude on read events. Consequently, this da-

ta quality issue cannot be addressed, and the data needs to be analysed with this limitation.  

Noisy records: Events triggered by system users 

In the data understanding phase, it was also identified that the event log contains noisy records in the 

form of events which are triggered simultaneously and events which are triggered by system users. It 

was decided that such noisy records need to be filtered from the dataset because they can potentially 
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falsify the analyses. Compared to deleting the events from the dataset, filtering them has the ad-

vantage that filtered events can be included in future analysis, for example, when the primary interest 

is to analyse actions that are triggered by the system. Thus, it was decided to filter noisy records in-

stead of deleting them. The following list shows all IDs which represent system users in IBM Connec-

tions: 

• 0;1;2;3;4;10000;10021;10060;10110;11601 

Noisy records: Events which are exclusively triggered automatically 

One of the three general challenges with ECS data (section 2.4) was that multiple events might be trig-

gered simultaneously. In some cases, one user action in the frontend triggers multiple different events 

at the same time. These events are either associated with the user who initiated the first event or with 

a system user. The association with the user is problematic because the user only initiated the first 

event deliberately. An example scenario is the modification of existing content. When a user tags a 

wiki page, an event with the composite event name wiki.page.tag.added is logged. At the same time, 

another event with the composite event name wiki.page.updated is logged. Both events are correct 

and describe what happened in the system: The user added a tag to a wiki page which is a modifica-

tion to the wiki page. Both events are associated with the same user. This association is problematic 

because it is impossible to distinguish between a wiki.page.updated event that describes that a user 

edited the content of the wiki page and an update event that follows a tag event. This challenge could 

only be addressed by using pattern mining approaches to identify events that always occur together 

and bundle these events. For example, the sequence of the two events wiki.page.updated and 

wiki.page.tag.added could be bundled into wiki.page.tagged. However, such pattern mining ap-

proaches are complex and out of the scope of this dissertation project. 

The following table contains a list of filtered events because they are exclusively triggered automati-

cally by the system. As shown in the table, most issues with automatically triggered events were iden-

tified for tagging and untagging. This indicates that the Connections log would benefit from refining 

how such events are logged. 
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Table 6.8: Overview of filtered events 

Filtered event Reason 

Communities.widget.added This event is triggered when users add a new module to a community. It 
always immediately follows the creation of a new blog, forum or wiki in 
a community. The event can be filtered because it is always triggered as 
a follow-up event and it only shows that a new graphical element 
(widget) was added to a community  

Deletion of tags 

Blog.entry.deleted.untagged 

Blog.deleted.untagged 

Ideationblog.deleted.untagged 

Ideationblog.idea.deleted.untagged 

Activity.template.deleted.untagged 

Activity.todo.deleted.untagged 

Activity.entry.tag.deleted 

When content such as blog entries, ideas or to-dos are deleted, connec-
tions logs multiple events. One event shows that the user deleted con-
tent (e. g. blog.entry.deleted). Another follow-up event is logged that 
shows that as part of deleting content, associated tags were also re-
moved. Although these events describe a clean-up task by the system, 
they are associated with the ID of the user who deleted the content. 
Consequently, such events are also filtered but might be of interest in 
future analyses. 

Creation of tags 

Blog.entry.updated.tagged 

Files.file.tag.added 

Files.file.recommend.created 

Forum.tag.added 

Forum.topic.tag.added 

Forum.updated.tagged 

Wiki.library.tag.added 

Wiki.library.updated.tagged 

Wiki.page.tagged 

Activity.entry.tag.created 

A similar observation can be made for adding tags to content. When a 
user tags content, such as a wiki page, two events are logged: 
wiki.page.updated, and wiki.page.tagged. The first event describes that 
the wiki page was changed and the second event shows that a tag was 
added to a wiki page.  

The simultaneous logging of two events for one user action is particu-
larly problematic for implementing the user typology because the algo-
rithm shown above would count two events. However, the user only in-
itiated one action. This means that a user would reach the defined 
thresholds faster. Thus, for the user typology, the listed tag events need 
to be excluded. The modification action can be identified based on the 
update event. 

 

Creating the calendar table 

A calendar table was added to the data model because it allows enriching the timestamp in the event 

log with additional information. The calendar table has one record per each date in the event log. The 

columns in the calendar table give additional descriptive information about the date, such as the 

month, quarter or weekday. The advantage of having a calendar table in the data model is that it only 

needs to be created once and can then be continually used as the information in this table is static and 

does not change. For analytics, this is beneficial because the values can be looked up in the table, 

which improves the performance of analyses compared to computing these values at the runtime of 

an algorithm. A calendar table allows to easily aggregate results for attributes such as weekdays, 

months or quarters without the need for using specific algorithms or functions. In summary, the cal-

endar table facilitates time-based analyses. Table 6.9 contains an overview and explanation of the at-

tributes stored in the calendar table. 
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Table 6.9: Overview of the calendar table 

Name Description Example 

Date The date, which is also the primary 
key of the calendar table. 

18.06.2018 

MonthNum Numerical representation of the 
month 

6 

StartofMonth The date on which the month 
starts 

01.06.2018 

MonthName Name of the month June 

MonthNameShort Short name of the month Jun 

Quarter The quarter to which the date be-
longs to 

Q2 

StartofQuarter The date on which the quarter 
starts 

01.04.2018 

Year Year of the date 2018 

WeekofYear The calendar week 25 

DayName Name of the weekday Monday 

DayofWeek Numerical representation of the 
weekday 

1 

WeekendWeekday Distinguishes between weekday 
and weekend 

Weekday 

StartofWeek The date on which the calendar 
week starts 

18.06.2018 

 

The following table answers the main guiding question of the data preparation phase. 

Table 6.10: Answer to the guiding question of the data preparation phase 

Guiding question Answer 

How does the data need to be 
pre-processed? 

The following modifications were made to the data: 

• It is not possible to reconstruct missing read events 

• Events which were triggered automatically were filtered 

• Events which were triggered by system users were filtered 

• An additional calendar table was created 

6.5 Prototyping & Evaluation 

This section describes the application of the phases prototyping and evaluation. By the design of SCAF, 

these two phases are iterative. A technical implementation (prototype) for the concept from the pre-

vious phases is developed in the prototyping phase. SCAF suggests evaluating this prototype to ensure 
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that it can provide answers to the questions which were defined in the business understanding phase. 

Figure 6.11 shows the steps, guiding questions and outcomes of the two phases. 

 

Figure 6.11: Overview of the “prototyping” phase and the “evaluation” phase 

As discussed in the conceptualisation phase, the overall objective was to develop a dashboard in Mi-

crosoft Power BI. As the ECS User Typology has a central role in the dashboard, there were two proto-

typing and evaluation cycles (see Figure 6.12). In the first cycle, the ECS User Typology was imple-

mented in Power BI and evaluated. After the successful evaluation, the complete dashboard was de-

veloped and evaluated in the second cycle. Section 6.5.1 contains details on the implementation and 

evaluation of the ECS User Typology. The development and evaluation of the final dashboard are de-

scribed in section 6.5.2. 

 

Figure 6.12: The two prototyping and evaluation cycles 

6.5.1 Cycle 1: Prototyping & Evaluation of the ECS User Typology 

To identify and measure the number of creators, contributors and consumers on ccConnect, the ECS 

User Typology was implemented according to the ECS User Type Model as described in the conceptu-

alisation phase. First, the mappings between the atomic composite events and the collaborative action 

types (COAT) were defined. This was achieved by creating separate mapping tables in which each 

event is mapped to its corresponding action type. These tables are included in Appendix A.3. Following 
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this, the required DAX queries for identifying the user types (creator, contributor and consumer) and 

the data visualisations were added to the dashboard. The pie charts and tables in the dashboard in 

Figure 6.13 show the distribution of user types on the platform level and for the modules blogs, wikis, 

forums and files. These four modules were chosen because they are among the most frequently used 

modules on ccConnect and UniConnect. Additionally, blogs, wikis, forums and files are the most col-

laborative content types, making them particularly interesting for analysing participation through the 

lens of the ECS user typology. 

 

Figure 6.13: User types on the platform level and in the modules on UniConnect 

The implementation of the ECS User Typology was evaluated based on UniConnect data ranging from 

March 2017 to June 2018. The dataset was selected because some data mining process models sug-

gest evaluating a prototype with data that is different from the final application domain. This is done 

to prevent a potential bias when interpreting the final results after evaluating and refining the proto-

type. All elements of the prototype, including the event mappings, DAX queries, results and visualisa-

tions, were evaluated as described below. 

The ECS user typology and the analytics results were published and presented at a peer-reviewed aca-

demic conference (Schwade & Schubert, 2019). The reviews and discussions at the conference provid-

ed positive feedback and confirmed that the ECS user typology is a valuable lens for gaining insights in-
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to participation and collaboration in ECS. In the discussion at the conference, it was mentioned that 

pie charts and tables might not be the ideal form for visualising the results because it may be hard for 

a reader to compare the size of the pie slices across different visualisations. It was recommended to 

replace them with bar charts because they facilitate comparing the size of objects through the length 

of bars, which is more intuitive for the reader. As this is also commonly suggested in the literature 

(Few, 2013), the visualisations were changed accordingly after the evaluation. In the following, it is 

demonstrated how the results from the dashboard in Figure 6.13 can be interpreted. 

The platform level results show that 77% of the users are consumers, 4% of the users are contributors, 

and 19% of the users on UniConnect are creators. These observations are interesting as the literature 

consistently refers to the 90-9-1 rule according to which 90% of users “lurk”, 9% of the users interact 

with existing content, and only 1% of the users create new content in an online community (Nielsen, 

2006). Although most users are consumers, the results from UniConnect show that this rule might not 

apply to ECS. Moreover, different distributions of the user types indicate a different degree of collabo-

ration and participation in the individual modules. 

With 77%, wikis have a comparably low share of consumers, and with 9%, they have the highest share 

of contributors (closely followed by forums with almost 9% of contributors). The numbers show that 

wikis are more collaborative than other content types. Creators create new pages, and contributors 

enrich these pages by editing, commenting, or recommending them, resulting in a higher degree of 

collaboration compared to the other modules. 

In the files module, an almost identical share of consumers (77%) can be observed. The figures also re-

veal that the files module on UniConnect has the highest share of creators (22%) and the lowest share 

of contributors (2%). This shows that files are less collaborative than other content types. A possible 

explanation for the results is that files are (collaboratively) created in local applications or on network 

drives. Only the final version of a file is uploaded and shared on UniConnect. As the file is usually al-

ready final, there is only limited contribution necessary. 

The results for the blogs module show that content in blogs is created by a few users (5%) and con-

sumed by the majority (89%). As blogs have a very high share of consumers and a low share of crea-

tors and contributors (6%), it can be concluded that they are used as a medium for communicating in-

formation to a broad audience. In forums, the distribution of user types is almost equal. This is surpris-

ing because it would be expected to see much more contributors who engage in discussions. On Uni-

Connect, the students can use the forums for asking questions about the course content. The numbers 

show that few students ask questions, and the high share of consumers indicates that the majority 

consumes the posts which are posted in discussions. 

The short discussion of the figures shows that the application of the ECS User Typology helped to iden-

tify a varying degree of collaboration in the modules on UniConnect. Also, conclusions on how the 

modules are used could be drawn. In combination with the feedback provided at the conference, the 
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ECS User Typology was successfully evaluated after some event mappings were refined and the data 

visualisation was changed. 

6.5.2 Cycle 2: Prototyping & Evaluation of the Microsoft Power BI Dashboard 

For analysing the use of ccConnect and answering the questions identified in the business understand-

ing phase, a dashboard consisting of three pages was developed in Microsoft Power BI. As shown in 

the following, each page focuses on specific aspects. In this section, a description of the dashboard 

and its elements is provided. The numbers and figures are discussed in detail in section 6.6. 

The first page of the dashboard contains metrics which provide an overview of the general platform 

usage (Figure 6.14). The metrics include the number of registered users and the numbers of communi-

ties for each month. The two charts allow assessing the platform growth concerning users and com-

munities. The charts below show the number of communities which were actually used, the number of 

events on the platform and the number of users who have used the platform. In combination, these 

charts allow assessing whether the increasing number of users and communities really lead to a higher 

use of the platform. The two charts on the bottom right aggregate the number of events and the 

number of active users for weekdays to identify on which weekdays ccConnect is used the most. Fig-

ure 6.14 shows the first page of the dashboard. 

 

Figure 6.14: Overview of general platform usage (ccConnect) 

The second page of the dashboard shows the distribution of the user types on the platform level and 

for the modules wikis, blogs, forums and files (Figure 6.15). The application of the ECS user typology 
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on the platform and the individual modules is not problem-free because the read events are missing in 

the event log of ccConnect. As shown in the ECS User Type Model in Figure 6.7, read events are 

mapped with the action type consume, which is essential for identifying consumers. As events of the 

action type consume - except for file download events - are missing in the event log, it is impossible to 

identify and count all consumers. Consequently, it was decided that on the platform and content type 

level, only the ratio between creators and contributors is analysed. Naturally, this limited application 

of the ECS User Typology means that the resulting insights are less detailed than previously discussed. 

Still, some interesting conclusions can be drawn from analysing the ratio between creators and con-

tributors. The charts and numbers are discussed in the analysis and knowledge discovery phases. 

 

Figure 6.15: Distribution of User Types (ccConnect) 

Finally, the third page of the dashboard is dedicated to community analytics (Figure 6.16). In the table 

on the left side, the ratio of consumers, contributors and creators is calculated for each community. It 

was decided that at the community level, consumers can be included in the analysis for multiple rea-

sons. (1) As experiences from previous studies have shown, the files module is by far the most fre-

quently used module, and in communities, there are only very few users who do not use the files 

module. (2) Additionally, in the interview, which was summarised in the business understanding 

phase, the members of the collaboration team stated that in most blog posts and wiki pages images 

are embedded. This means when a user accesses such a post or page that contains an embedded im-

age, the files.file.downloaded event is logged. (3) Consequently, a user in a community likely triggers 

at least one files.file.downloaded event, which makes it possible to identify and count consumers 
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within a community. As the module in which a consume event occurs and the degree or frequency of 

consuming are not relevant for the ECS User Typology, even one download event is sufficient to de-

termine the existence of consumers in a community. A test with data on UniConnect has shown that 

filtering read events does not significantly change the distribution of user types on the community 

level, which confirms that the file download event is sufficient for identifying consumers in communi-

ties. After an extensive analysis of selected communities, it was concluded that on the community lev-

el, the results from the ECS User Typology are plausible. Consequently, the analysis of the distribution 

of user types enables more detailed insights into collaboration on the community level. 

Besides the distribution of the user types, the table in the dashboard also contains general community 

activity metrics such as the number of members, events and events per user. The analyst can sort and 

filter the table to identify communities that show particularly interesting characteristics. The charts on 

the right side provide additional information about the use of a community, such as the monthly 

number of events, the distribution of action types and a list of events that occurred in the selected 

community. The charts on the right side dynamically display their information for the community 

which is selected in the table. Thus, they can be used to gain more insights into what happened in the 

selected community. 

 

Figure 6.16: Community Analytics Dashboard (ccConnect) 

Due to company-internal reasons, the collaboration team was not available for evaluating the dash-

board. Consequently, a “self-evaluation” had to be conducted. As part of the self-evaluation, it was as-

sessed whether the three pages of the dashboard could provide answers to the three questions which 

were identified in the business understanding phase: 
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• Which proportion of the employees uses ccConnect? 

• Which user types can be identified on ccConnect and what can the distribution of the user 

types tell about the degree of participation on the platform? 

• How are workspaces used and are there specific workspace types that can be identified? 

Because of the guidance by the SCA Framework, the dashboard was specifically designed to answer 

the questions. The first page of the dashboard provides the required information for answering the 

first question because it contains general information on the use of ccConnect. The second page of the 

dashboard can answer the second question because it provides information on the ratio between con-

tributors and creators. Unfortunately, consumers cannot be analysed on this level of analysis due to 

the limitations with the available data. Finally, the third page of the dashboard allows analysing the 

use of communities in detail. Thus, the third question can also be answered.  

After the evaluation, the same dashboard was built for UniConnect to provide comparative data. The 

following table provides short answers to the guiding questions of the evaluation phase. The analysis 

of the numbers and figures and their interpretation are discussed in the next section. 

Table 6.11: Answers to the guiding questions of the evaluation phase 

Guiding questions Answers 

Which modifications 
needed to be made to the 
prototype? 

• Some modifications to the event mapping in COAT needed to be made be-
cause there were some inconsistencies 

• The visualisations of the first prototype were changed from pie charts to 
stacked bar charts because bar charts allow an easier comparison of the size 
of elements across different bars 

Does the prototype work 
as expected? 

The ECS User Typology was successfully evaluated at a peer-reviewed academic 
conference. The dashboard also works as expected but had to be evaluated in a 
“self-evaluation”. After a preliminary analysis of the dashboard, it could be con-
cluded that the results appear to be plausible and that they can provide answers 
to the identified questions. 

Does the prototype pro-
vide the required infor-
mation? 

The evaluation of the SCA dashboard for ccConnect had do be conducted in a 
“self-evaluation”. It could be concluded that the dashboard contains the re-
quired information for providing answers to the initially defined questions. 

6.6 Analysis & Knowledge Discovery 

In the following, the application of the phases analysis and knowledge discovery is described. Although 

the phases were executed separately, they are described in one section because the figures, the de-

scription and interpretation of the results should be combined in the written report. Figure 6.17 shows 

a summary of the two phases, including their outcomes and work steps. 



 Evaluation of the Social Collaboration Analytics Framework 

 187 

 

Figure 6.17: Summary of the “analysis” and the “knowledge discovery” phases 

First, the results for the general use on the platform level of ccConnect are discussed (first page of the 

dashboard). This is followed by an investigation of the use of the content types blogs, files, forums and 

wikis (second page of the dashboard). Finally, the use of ccConnect is analysed on the community level 

(third page of the dashboard). Selected figures are compared with results from UniConnect. The final 

section discusses how the collaboration team can benefit from the analytics results. 

6.6.1 Platform Level 

The two charts shown in Figure 6.18 provide an overview of the growth of ccConnect. As there was no 

data about the user profiles available, the data for the upper chart was taken from the 

PROF_CONNECTIONS table, which describes the network contacts (accepted “add a user to my net-

work” requests) between users. For each accepted network request, the PROF_CONNECTIONS table 

also contains the date on which the sender profile was created. Thus, from this table, the creation 

date of user accounts can be identified. Using this table also means that the users who are counted in 

the chart have at least one network contact. The “threshold” of having at least one network contact is 

suitable because it prevents counting user profiles which exist only on paper and have never been 

used. The chart shows that in November 2017, there were 26,225 registered users on ccConnect. By 

November 2018, the number of registered users has grown to 30,448, which is a growth of approxi-

mately 16% in one year. In the data understanding phase, it was mentioned that the log contains 

events from 35,074 users. An analysis of the events from the “missing” 4,626 users has shown that 

these profiles have never been used after their creation.  

Significant growth can also be observed for the number of communities on ccConnect. In November 

2017, there were 4,145 communities on ccConnect. By November 2018, this number has increased to 

5,246, which equals to a growth of 26% in one year. In summary, the two charts indicate a strong 
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growth of ccConnect as both the number of users and the number of communities on ccConnect have 

significantly increased between November 2017 and November 2018.  

 

Figure 6.18: Platform growth (ccConnect) 

However, the charts do not provide information on the actual intensity of platform use because users 

and communities can become inactive after their creation. Figure 6.19 shows the number of events 

and unique users who actually used ccConnect. In the chart below, active users are users with at least 

one event in addition to the login. 

 

Figure 6.19: Number of events and active users (ccConnect) 

As shown in Figure 6.19, the number of events and active users on ccConnect also increased. It has to 

be noted that the data point in November 2018 is lower because the data set ends on 12.11.2018, and 

thus, the month is not entirely captured in the log.  
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The charts show some peaks in activity and active users. For example, in March 2018, July 2018 and 

October 2018, the number of events and active users is significantly higher compared to the two or 

three previous months. As these months are either the end or the start of quarters, this could indicate 

that ccConnect is used to prepare and publish quarterly company reports. Although there are some 

months, in which the number of events and active users is lower than usual (e. g. February 2018, May 

2018, September 2018), the numbers are generally increasing over the year. This demonstrates that 

the number of employees who actually use ccConnect has grown. 

It would be interesting to analyse these two charts for a more extended period because in the same 

charts for UniConnect (ranging from March 2017 to December 2019), seasonal patterns in platform 

usage can be observed. 

 

Figure 6.20: Number of monthly events (March 2017 – December 2019 on UniConnect) 

The number of events on UniConnect sharply increased in March and October each year and remained 

at a comparably high level for about 3 to 4 months after which a substantial decline can be observed. 

This is not surprising because UniConnect is an academic collaboration platform which is mostly used 

for organising lectures which are usually bound to the cycles of the summer semester and the winter 

semester. Based on the chart in Figure 6.20, the cycles of the summer semester and the winter semes-

ter can be identified because March and October mark the start of the semesters. As demonstrated, a 

longitudinal analysis of such an activity chart can reveal seasonal patterns in platform use. 

It would be possible that the peaks in activity on ccConnect in March, July and October are also part of 

a seasonal pattern. The months with fewer events and active users, specifically August and Septem-

ber, are typical for summer holidays which might be another indicator for a seasonal activity pattern 

on ccConnect. As shown with the example from UniConnect, analysing the platform use over multiple 

years could help to verify such a conclusion. 

Before concluding the results on the general usage of ccConnect, some comparisons with data from 

UniConnect are made. Based on the previous example, it could already be identified that there may be 

seasonal usage patterns which depend on the specific context of the collaboration platform. Other in-
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teresting observations can be made when analysing how many users access the two platforms on the 

different days of the week (Figure 6.21). For ccConnect, the numbers remain stable between Monday 

and Thursday. A small decline can be observed on Friday. Approximately 2,000 employees used 

ccConnect on Saturdays or Sundays. This shows that ccConnect is used significantly less on the week-

ends. A possible explanation is that employees do not have to work on the weekends and thus there is 

no need for them to access ccConnect. 

On UniConnect, the differences in platform use on weekdays and weekends looks different. Between 

Monday and Friday, the number of users who used UniConnect remains stable. The decline in users 

who use the system on weekends is significantly lower than on ccConnect. A possible explanation is 

that especially students access UniConnect on the weekend for downloading their course material and 

for completing their assignments. 

 

Figure 6.21: Platform use of ccConnect and UniConnect during the week and on weekends 

This assumption is supported by previous studies, which have shown that weekends are essential 

study-times for students (N. Smith & Taylor, 1999). Students prefer working and learning for their 

courses at the weekends (Rau & Durand, 2000). 

In summary, it can be concluded that the usage of ccConnect strongly increased between November 

2017 and November 2018. Not only the number of registered users increased but also the number of 

active users and the number of events on ccConnect. The increasing numbers are a very positive sign 

for the adoption of ccConnect. As written in the business understanding phase, the collaboration team 

mentioned that their target is to have approximately 50,000 employees with an account on 

ccConnect. As shown in Figure 6.18, by November 2018, with 30,488 employees, already 61% of the 

target group registered and also used ccConnect. This is a surprisingly high number because the use of 

ccConnect is voluntary at the case company. Although the platform can still be considered to be in its 

early stages, two and a half years after the rollout (March 2016), the numbers show a strong increase 

in the use and wide adoption among employees within the case company. 



 Evaluation of the Social Collaboration Analytics Framework 

 191 

Consequently, the first question which was identified in the business understanding phase, can be an-

swered as follows: 

Question 1: Which proportion of the employees uses ccConnect? 

At the time of writing this dissertation, the target group of ccConnect was approximately 50,000 em-

ployees. By the end of November 2018, there were 30,488 registered users who also actually used 

ccConnect. This means that almost 61% of the targeted employees used ccConnect. Additionally, the 

other numbers confirm that the use and adoption of ccConnect have increased between November 

2017 and November 2018.  

While the analysis and interpretation in this section have shown that the use of ccConnect increased, 

the following sections explore the use of ccConnect in the individual content types and communities 

to identify how ccConnect is used. 

6.6.2 Content Type 

As discussed throughout the previous phases of the SCA Framework, the data of ccConnect is limited 

because it does not contain read events, which makes it impossible to identify and count consumers. 

Consequently, only the ratio between creators and contributors in each module can be analysed. Fig-

ure 6.22 shows the numbers of contributors and creators on the platform level (event threshold = 10) 

and for the content types wikis, blogs, forums and files (event threshold = 5). 

 

Figure 6.22: Contributors and Creators in the modules (ccConnect) 

Considering that there are more than 30,500 registered employees on ccConnect, the number of users 

that were identified as creators or consumers is very low. Out of the 30,500 registered employees, on-

ly a few created or contributed to the content in the four modules (wikis: 495, blogs 461, forums 347, 

files 995 users). Even on the platform level, only 1,446 users were identified either as contributors or 
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creators. It can be expected that there are approximately 30,000 consumers on the platform level and 

in the four modules, which makes the number of creators and contributors vanishingly low. The con-

tent on ccConnect is created by a small number of users and consumed by the majority. The numbers 

in Figure 6.22 clearly show that only very few employees participate in collaboration on ccConnect. 

However, considering the steady growth of ccConnect on the platform level, it can be expected that 

the numbers of creators and contributors are likely to increase over time. This assumption is support-

ed by observing how the distribution of the user types evolved between November 2017 and Novem-

ber 2018. For example, Figure 6.23 shows the distribution of the user types at the end of January 

2018. 

 

Figure 6.23: Contributors and Creators in the modules (ccConnect 31.01.2018) 

The chart shows that the number of users who created or contributed content on ccConnect was sig-

nificantly lower on 31.01.2018. On the platform level, the sum of the contributors and creators tripled 

between 31.01.2018 (450 users) and 12.11.2018 (1,446), which demonstrates that significantly more 

users started to participate in collaboration on ccConnect. The numbers also show that the share of 

creators increased between January and November 2018. Further analyses at multiple points in time 

confirmed that over time, the numbers gradually increased. It would be interesting to observe how 

the numbers of creators and contributors evolve after November 2018, especially in light of the grow-

ing adoption of ccConnect. 

For concluding the discussion on the content type level, comparative data from UniConnect is provid-

ed. The chart in Figure 6.24 shows the ratio of contributors and creators on the platform level and for 

the modules wikis, blogs, forums and files between November 2017 and November 2018 on UniCon-

nect. 
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Figure 6.24: Contributors and Creators in the modules (UniConnect) 

Comparing the distribution of the user types on ccConnect and UniConnect reveals similarities and dif-

ferences between the two platforms. On UniConnect, the share of contributors in wikis is lower than 

on ccConnect, indicating a higher degree of collaboration in wikis on ccConnect. On ccConnect, pro-

jects might be collaboratively documented and on UniConnect, wikis might preferably be used to doc-

ument administrative information, which would explain the lower share of contributors. In the forums 

module, the ratio between contributors and creators is almost equal on both platforms, which indi-

cates a similar behaviour of users in forums. It seems that users prefer to engage in existing forum dis-

cussions instead of starting new discussion threads. In files, the distribution of the user types on 

ccConnect and UniConnect is similar, with the majority being creators. Thus, the previous conclusion 

that files are usually not collaboratively edited in a collaboration system can be confirmed. The short 

comparison of the distribution of user types on the two platforms showed that having comparative 

data is valuable for providing a better understanding of the results. 

A more detailed comparison of the two platforms would require the analysis of sequences of activities, 

use cases and collaboration scenarios for revealing what users did in the systems, which is beyond the 

scope of the evaluation of SCAF. More details on sequence-oriented analyses are provided in the out-

look at the end of this dissertation. 

Regarding the use of ccConnect, the second question defined in the business understanding phase can 

be answered as follows. 

Question 2: Which user types can be identified on ccConnect and what can the distribution of the user 

types tell about the degree of participation on the platform? 

With the ECS User Typology, the user types creator and contributor could be identified. The distribu-

tion of the user types shows that there are only a few users who actually engage in collaboration on 

the ccConnect. The development of the distribution of the user types over time shows that the degree 
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of collaboration and participation gradually increased, which might indicate growth in the adoption of 

the platform, which should be observed in a longitudinal study. 

Although the numbers of creators and contributors are very low, considering the 30,500 active ac-

counts on ccConnect, they still show that there is collaboration to a certain degree in particular con-

texts. In order to identify these contexts, the analysis is continued on the community level. 

6.6.3 Community Level 

By conducting analyses on the community level, this section seeks to answer the third question on the 

use of communities on ccConnect. As shown in the data understanding phase, on ccConnect, there 

were 3,177 communities that had at least one event between November 2017 and November 2018. 

Over time, some of these communities have been deleted. As the objective in this section is to analyse 

communities with a higher degree of collaboration, communities with less than 100 events and delet-

ed communities were excluded from the analysis. After filtering these communities, 1,084 communi-

ties remained for the analysis. 

For each community, the following metrics were calculated: number of users, number of events, 

events per user, as well as the distribution of consumers, contributors and creators. These characteris-

tics were chosen because an analysis of two studies on community types by Jeners and Prinz (2014b) 

and Riemer et al. (2018) showed that these are common metrics for investigating the use of communi-

ties. The following describes an exploratory analysis of 16 selected communities from ccConnect with 

different sizes, activity levels and distribution of user types. Communities with different characteristics 

were chosen to gain a broader overview of the use of communities on ccConnect. Table 6.13 summa-

rises the randomly selected communities and their characteristics. 

The following exploratory analysis aims to identify whether the characteristics allow concluding on the 

use or type of a community. It is not the objective to provide a holistic classification of community 

types. Instead, similarities and differences in the use of communities on ccConnect are investigated. 

Based on the structured literature review from chapter 4.1, two publications were identified that pro-

pose definitions for different workspace types. These definitions can guide the investigation of the use 

of communities on ccConnect. Before engaging with the data of ccConnect, a quick overview of com-

munity types that were identified and defined in previous studies is provided. 

Project-related workspaces are used in cross-organisational projects and have a small to medium size. 

In these workspaces, the majority of members participates in collaboration. Task-related workspaces 

are typically small and can be considered as a sub-type of project-related workspaces (Jeners & Prinz, 

2014b). Riemer et al. (2018) identify similar characteristics for project-related workspaces. The authors 

observe that in project teams, almost all members evenly participate in joint work. Thus, it can be 

concluded that project communities are typically small and that most members participate in collabo-

ration, which results in a high activity of such workspaces. 
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Organisational workspaces are used to support cooperation within specific departments (e. g. Human 

Resources). Thus, they typically have many members (Jeners & Prinz, 2014b). With broadcast streams, 

The classification by Riemer et al. (2018) also contains a community type for supporting collaboration 

and communication in organisational units. According to the authors, such communities typically have 

a medium to large size and participation is usually uneven. In summary, communities used in organisa-

tional units are typically large and there is a medium to high level of participation. 

The remaining workspace types in the classification by Riemer et al. (2018) are dedicated to sharing in-

formation on specific topics. In information forums, members post information they consider as rele-

vant to other users and in a community of practice, members congregate around a particular topic. 

Such communities can have a medium to large size and the degree of participation can vary. 

The identified community types and their characteristics provide orientation for the following analysis 

of the use of communities on ccConnect. In the following, an alternative and more explorative view on 

the use of communities on ccConnect is provided based on the ECS User Typology and the metrics 

shown in Table 6.13.  

Table 6.12: Workspace types according to Jeners and Prinz (2014b) 

 Purpose Number of mem-
bers 

Division of labour 

Project-related work-
spaces 

(Jeners & Prinz, 2014b) 

Serve the organisation of 
cross-organisational projects 

10-70 project 
members 

70-80% of members are re-
sponsible for almost 100% of 
events 

Organisational work-
spaces 

(Jeners & Prinz, 2014b) 

Support cooperation within 
a specific department 

Hundreds of users 70-80% of members are re-
sponsible for almost 100% of 
events 

Task-related workspaces 

(Jeners & Prinz, 2014b) 

Support the completion of a 
specified task such as devel-
oping a research paper or 
proposal 

Small groups of a 
few users 

More even distribution of la-
bour 

Broadcast streams 

(Riemer, Lee, Kjaer, et 
al., 2018) 

Typical uses are corporate 
communications or business 
divisions pushing infor-
mation to users 

Average: 80 Uneven 

Information forums 

(Riemer, Lee, Kjaer, et 
al., 2018) 

People post information 
they deem interesting for 
other users 

Average: 59 Uneven 

Community of Practice 

(Riemer, Lee, Kjaer, et 
al., 2018) 

Loosely connected members 
congregate around a par-
ticular topic 

Average: 125 Even 

Project Team 

(Riemer, Lee, Kjaer, et 
al., 2018) 

All group members are ac-
tively involved in performing 
joint work 

Average: 10 Even 
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The size of the 1,084 analysed communities ranged from 11 to 10,862 members. Following the obser-

vations from the two workspace typologies, the communities were divided based on their size (num-

ber of members). As the transactional data does not contain information on the actual number of 

members of a community, the terms members or users refer to active members, i. e. members or us-

ers who accessed or used a community. The communities are referenced by their unique IDs, as their 

names were not available. 

Table 6.13: Results for randomly selected communities (excerpt) 

ID Users Events Event/user Consumer Contributor Creator 

121597 11 3753 341.18 0% (0) 45.45% (5) 54.55% (6) 

10141 10,862 94766 8.72 99.58% (10816) 0.30% (33) 0.12% (13) 

672506 1,797 11338 6.31 99.05% (1780) 0.72% (13) 0.22% (4) 

689788 411 2483 6.04 66.42% (273) 28.71% (118) 4.87% (20) 

113192 55 12035 218.82 49,09% (27) 29.09% (16) 21.82% (12) 

83782 1,483 18632 12.56 97.57% (1447) 1.82% (27) 0.61% (9) 

725311 26 338 13 26.92% (7) 61.54% (16) 11.54% (3) 

574820 66 9109 138.02 50% (33) 25.76% (17) 24.24% (16) 

766216 19 769 40.47 31.58% (6) 10.53% (2) 57.89% (11) 

15477 12 1134 94.5 33.33% (4) 0 66.67% (8) 

735399 1,227 113664 92.64 99.27% (1218) 0.24% (3) 0.49% (6) 

885722 21 1267 60.33 42.86% (9) 19.05% (4) 38.10% (8) 

206501 36 1821 50.83 33.33% (12) 2.78% (1) 63.89% (23) 

14478 36 1580 43.89 58.33 (21) 0 41.67% (15) 

504977 1,032 160050 155.09 99.42% (1026) 0.19% (2) 0.39% (4) 

18319 1,470 105457 71.73 97.35% (1431) 2.11% (31) 0.54% (6) 

 

First, very large communities with more than 1,500 users were analysed. It could be observed that the 

share of consumers in such large communities is usually above 99%, which means that there are just 

very few members who contribute. As shown in Table 6.13, community 10141 has 10,862 members 

and is by far the largest community on ccConnect. The second-largest community has 7,650 users, and 

the third-largest community has 2,421 users (the two communities are not included in the table). 

Community 10141 is also the oldest and was created in September 2015, approximately six months 

before the official roll-out of ccConnect in 2016. The size of the community and the early creation date 

indicate that this community might be an onboarding community where new users can find initial in-

formation on the use of ccConnect. With 99.58% (10,816), the majority of users are consumers. Con-

sequently, there are only very few contributors and creators in this community (46). For communities 

735399 and 672506, similar observations can be made. Both communities have more than 1,000 users 

and the share of consumers is above 99%. Especially in communities 10141 and 672506, a comparably 
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low number of events per member (between 6 and 9) can be observed. In contrast, community 

735399 has a comparably high number of events per member (~90) and stands out from these three 

communities. Referring to the definitions shown in Table 6.12, the number of users and the distribu-

tion of user types in these three communities indicate that these communities could be Information 

Communities. Information Communities are communities that are used to provide a broad audience 

with information. An example of an Information Community is an onboarding community in which es-

sential information about the ECS and “how-tos” are provided to new users. Information Communities 

are similar to what Riemer et al. (2018) defined as a broadcast stream, but they are not limited to the 

context of an organisational department. On ccConnect, Information Communities are large communi-

ties (> 1,000 members) with an extraordinarily high share of consumers (>= 99%) and a comparably 

low activity level (usually < 10 events per member). These characteristics indicate that only a core 

group of members creates content in Information Communities, and the majority of users consumes 

the content. 

In the second step, small communities with less than 70 users were analysed because they stand out 

from all other communities due to their high share of creators. For example, in community 15477, the 

share of creators is 66%. The remaining 34% of the members are consumers. Additionally, a high level 

of activity of above 50 events per members can be observed in such small communities. Similar char-

acteristics can be observed for communities 766216, 206501, and 14478. The high share of creators 

and the high activity level indicate a high degree of collaboration. Following the observations from the 

community classifications in Table 6.12, these communities are considered as project communities be-

cause they are comparably small and show a high share of creators, which is at least above 33% but 

usually around 60%. In such communities, employees collaborate more intensively than in all other 

communities on ccConnect. 

In the final step, the remaining communities, which are significantly larger than project communities 

and often smaller than information communities, were analysed. This group of communities differs 

from information communities mainly based on a higher share of contributors and creators and a sig-

nificantly higher number of events per user. Because of their size, distribution of user types (98% con-

sumers, 1% contributors and 1% creators) and activity level, which is much higher than in information 

communities (in most cases higher than 70 events per member), these communities were classified as 

communities for organisational units or locations. Their characteristics are similar to what Jeners and 

Prinz (2014b) define as organisational workspaces and what Riemer et al. (2018) define as broadcast 

streams because they are comparably large and show a higher level of activity. Examples for this type 

of community are communities 18319 (1470 users) and 83782 (1483 users). Such communities might 

be used to support collaboration and communication for organisational units, which explains their 

large size and the uneven level of participation. 

It has to be noted that these “classification” was built based on manual analysis and exploration of the 

use of 16 communities on ccConnect. Thus, these 16 communities might not be representative for the 

overall use of ccConnect. Additionally, there are some overlaps between the discussed characteristics. 
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As initially stated, it was not the objective to provide a solid definition and classification of community 

types. The previous sections instead demonstrated how the application of the selected metrics on the 

community level could be used to analyse and interpret the use of communities. After analysing the 

16 communities, the identified criteria for the community types were applied as filters to all 1,084 

communities for attempting a preliminary classification. The objective of this step was to gain a gen-

eral overview of how many communities are project communities, communities for organisational 

units or information communities. After applying the criteria as filters, it could be observed that 660 

communities (61%) were not classified because the criteria were not gapless and also not free of over-

laps. Despite this, some common characteristics could be identified for these communities. Most of 

these communities show a share of consumers between 50-75%. The share of contributors in these 

communities is usually above 20%, which is higher than for most other communities in the data set. 

The size of these communities varies between 60 and 1000. For the investigation of the use of com-

munities on ccConnect, these communities were labelled as topic communities because their charac-

teristics are close to what Riemer et al. (2018) define as a community of practice. In communities of 

practice, users congregate around a particular topic. The characteristics which for such communities 

indicate that users gather around a particular topic because many users contribute content, but the 

majority of users are consumers. This indicates that the communities are mostly used to distribute in-

formation. In contrast to information communities, there is a much higher level of participation. Topic 

communities are distinguished from information communities because they are usually smaller and 

much more interactive. 

The discussed classification of the communities is not problem-free, but applying the ECS User Typolo-

gy on the community level allowed to gain a first glimpse into the use of communities of ccConnect. In 

summary, the data set consisting of 1,084 communities indicates the existence of four different types 

of communities: (1) information communities, (2) project and team communities, (3) communities for 

organisational units or locations, and (4) topic communities. The following table summarises the dis-

tribution of the community types on ccConnect. 

Table 6.14: Types of communities on the platform of the case company (n = 1084 communities) 

Information communities Project communities Organisational units Topic communities 

11 (1%) 194 (18%) 219 (20%) 660 (61%) 

 

Question 3 can be answered as follows: How are communities used and are there specific community 

types that can be identified? 

With 61%, most communities were classified as topic communities. 20% of the communities were 

classified as organisational units, 18% were classified as project communities and 1% was classified as 

information communities. These numbers allow for drawing some general conclusions on the use of 

ccConnect. The low share of contributors and creators on the platform level can be explained because 
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project communities, which have the highest level of activity, are usually quite small and only account 

for 18% of all communities on ccConnect. Thus, the analysis confirmed that at the time of analysis, on-

ly few users on ccConnect engaged in collaboration. The high share of topic communities and commu-

nities for organisational units supports previous observations that ccConnect is primarily used for con-

suming information because these community types are characterised by a high share of consumers. 

Consequently, it can be concluded that the results which were discussed on the platform, content type 

and community level are coherent. The findings are in line with what the collaboration team stated in 

the business understanding phase: There are many communities in which one member communicates 

to many others and there are significantly fewer communities in which many members exchange in-

formation. 

The objective of the previous sections was to demonstrate the potentials of SCA by using the ECS user 

typology as a lens for analysing the use of communities. The findings are mostly coherent with the 

classifications suggested by Jeners and Prinz (2014b) and Riemer et al. (2018), which demonstrates 

that the results discussed in the sections above can be plausible despite some inconsistencies in the 

classification. As it was not the objective to provide a holistic classification of communities, the pre-

sented approach must be refined in future research. More details are provided in the final chapter of 

this dissertation. 

6.6.4 Summary of Findings and Potential Future Actions 

By answering the guiding questions of the final phase of SCAF, this section also summarises the main 

findings from the analysis of ccConnect. 

Guiding Question 1: Which information can be gained from the reports? 

In the previous sections, the use of ccConnect was assessed at the level of the platform, for the indi-

vidual content types and the community level. The analyses at the platform level have shown that the 

use of ccConnect increased between November 2017 and November 2018 as more employees regis-

tered and an increasing number of activities and active users could be measured. By November 2018, 

about 30,500 employees were registered and used the platform. The collaboration team stated that at 

the time of writing this dissertation, 50,000 employees had potential access to ccConnect. Two and a 

half years after the rollout, 61% of these employees used ccConnect. As the use of ccConnect is volun-

tary at the case company, the numbers on the platform level demonstrate a growing adoption and the 

success of ccConnect. 

The degree of participation on ccConnect was examined by applying the ECS User Typology to the con-

tent types blogs, files, forums and wikis. The numbers have shown that although there are approxi-

mately 30,500 registered employees, only about 1,500 employees create content or contribute to ex-

isting content. Further analyses showed that the number of creators and contributors gradually in-

creased between November 2017 and November 2018. It would be interesting to monitor how the 

numbers evolve in the following months and years. 
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The richest insights could be generated by applying the ECS User Typology on the community level. 

Based on the ECS user typology, the use and collaborativity of communities on ccConnect was ex-

plored. Although no conclusive community typology could be established, strong indicators for the ex-

istence of project communities, information communities, communities for organisational units and 

topic communities were found. Most of the identified communities were topic communities which are 

characterised by a high share of consumers. Only 18% of the communities were identified as project 

communities. As project communities are typically highly collaborative but have few members, the 

conclusion that collaboration only occurred in specific contexts could be confirmed. The high amount 

of topic communities and the low amount of project communities is also coherent with the high share 

of consumers on the platform level. It can also be summarised that the numbers and findings from the 

different levels of analysis are coherent. 

As previously discussed in chapter 5.2, the collaboration team only had limited insights into the use of 

ccConnect. The only available metric was the number of registered users on the platform. The num-

bers and figures discussed in the previous section provide previously unavailable insights. The num-

bers on the platform level showed how the use and adoption of ccConnect increased over time. The 

analyses for the content types showed a low degree of collaboration on the platform, and the analyses 

on the community level provided insights into the use of communities on ccConnect. These insights 

should enable the collaboration team to take further potential actions, which are discussed in the fol-

lowing. 

Guiding Question 2: Which actions can potentially be taken based on the analytics results?  

The insights from the analytics report enable the collaboration team to take potential actions and 

measures. The numbers on the platform level demonstrate an increasing adoption. The collaboration 

team can use these numbers to report on the success and growing adoption of ccConnect. If addition-

al organisational data is available, the collaboration team could even identify regions that show a par-

ticularly low adoption. These regions could then be specifically targeted in advertising campaigns for 

stimulating the use of ccConnect. The analysis of the content types showed a rather low degree of col-

laboration. The collaboration team should continue to motivate and stimulate employees to use 

ccConnect not only to consume information but also to collaborate. The insights gained from the anal-

ysis on the community level can help achieve this because highly active communities of different types 

can be examined in more depth to identify examples of successful collaboration. These examples pro-

cesses can be demonstrated in user trainings for providing additional guidance and inspiration on how 

to use ccConnect. Overall, the numbers show that the work of the collaboration team is paying off and 

that they should continue their work. 

6.7 Concluding Remarks on the Evaluation of the Social Collaboration Analytics Framework 

Finally, the overall experiences from the evaluation of SCAF are discussed. As demonstrated through-

out the previous sections, all phases of the framework were successfully applied and the suggested 
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outcomes of the framework were achieved. In the business understanding phase, detailed questions 

that the collaboration team would like to have answered could be identified. The applied methods in 

the business understanding phase helped the collaboration team to focus their thoughts and contrib-

uted to identifying and understanding the (business) context of ccConnect. With the structured ap-

proach in the data understanding phase, the quality of the available data could be assessed. The im-

portance of establishing a sound understanding was underlined by the finding that there are different 

data quality issues for ccConnect and UniConnect, although both systems are based on Connections. 

Moreover, the findings from the data understanding are essential inputs for the data preparation 

phase. Subsequently, the conceptualisation phase was important for demonstrating and documenting 

how the required metrics and algorithms work on a conceptual level. The data preparation phase 

demonstrated how the identified data quality issues were addressed and how the data was pre-

processed. As argued in this phase, it is essential to document the data preparation for increasing 

transparency. In the prototyping and evaluation phases, it was shown how through multiple iterations 

of evaluation and refinement, a solution was developed to address the identified questions. The expe-

riences described in this phase demonstrate the importance of creating a prototype and evaluating it 

before applying the solution in the final production environment. In the final two phases, it was shown 

that results not only need to be visualised and described, they also need to be discussed and inter-

preted for deriving potential actions from them. The contextual knowledge from the business under-

standing phase provided useful inputs for interpreting the results. 

In summary, the application of SCAF together with participants from the case company has demon-

strated and confirmed that the framework guides and structures the SCA process. By answering the 

proposed guiding questions, each phase could be briefly summarised. During the evaluation of SCAF, it 

could be observed that the framework not only guided the application of SCA it also provided a useful 

structure for documenting and reporting on the SCA process. Based on this report, repeating the anal-

ysis at a later time or applying the same analyses in a different context becomes significantly easier. 

Furthermore, the report also helps to establish trust in the results because every work step was dis-

cussed and described in detail. 

Overall, the Social Collaboration Analytics Framework provides valuable guidance for applying SCA in 

practice. SCAF is particularly valuable for practice because it focuses on identifying precise questions 

and delivering insights for answering these questions. Throughout the evaluation, it was demonstrat-

ed that each step focussed on providing analytics results that can answer the identified questions. This 

chapter has shown that with the academically sound and structured phases, SCAF goes beyond the 

recommendations of existing data mining process models because it contains clear descriptions and 

assists in generating actionable insights. 
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7 Conclusion and Outlook 

The first section (7.1) of this chapter summarises the findings of this work and explicitly addresses the 

research questions. In sections 7.2 and 7.3, the theoretical and practical contributions are discussed. 

Section 7.4 discusses the limitations and opportunities for future research related to Social Collabora-

tion Analytics. Finally, this thesis concludes with a critical reflection in section 7.5. 

7.1 Summary 

The aims of the research described in this thesis were (1) to identify the status quo of Social Collabora-

tion Analytics in practice and (2) to develop a method for its practical application. For addressing these 

aims, two main research questions with multiple sub-questions were defined.  

7.1.1 RQ 1: What are the Current Practices for Measuring Collaboration Activities in Enterprise 

Collaboration Systems? 

The objective of RQ1 was to identify current practices and the status quo of SCA. The four sub-

questions and their contributions to RQ 1 are addressed in the following. 

RQ 1a: What is the status quo of Social Collaboration Analytics in the academic literature? 

The status quo of SCA in the academic literature was identified through a structured literature review 

(chapter 4.1). The main outcome of the literature review are the seven key themes for Social Collabo-

ration Analytics. The key themes categorise measurement concepts and describe possible application 

areas of SCA, which are (1) measuring general system usage, (2) identification of usage patterns, 

(3) identification of types of users, (4) analysis of workspaces, (5) identification of expertise, 

(6) network analysis and (7) analysis of organisational and cultural aspects. The SCA key themes pro-

vided the structure for the survey on the status quo of SCA (section 4.2) and an in-depth focus group 

with participants from the case company (section 5.2). 

Although there are many studies in which data from collaboration systems was analysed, the litera-

ture review showed that there is no common framework or approach for Social Collaboration Analyt-

ics. It could be observed that most SCA studies are inconsistent and lack detail regarding the used data 

sources, the analysed systems and the analytics approach in general. These observations strengthened 

the need for developing a framework that structures and guides the SCA process. 

RQ 1b: Which analytics tools do organisations currently use and which features do these tools pro-

vide? 

The use of ECS analytics tools and their features were documented as part of the survey on the status 

quo of SCA in section 4.2. Through the survey, it could be identified that in most of the responding us-

er companies, the standard analytics features of an ECS are used for assessing system usage. Several 

respondents even stated that they do not use analytics software at all. Instead, they rely on subjective 
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evaluation of the system use by manually counting users and content in the ECS. Only very few re-

spondents stated that they attempted to conduct self-designed analyses in external environments 

such as Oracle APEX or business intelligence software such as Tableau due to required expertise. In 

multiple focus groups, the participating collaboration experts expressed their dissatisfaction with the 

limited features of the available analytics tools (c. f. appendices A.4, A.5 and A.8), demonstrating that 

the available ECS analytics tools do not meet the demands of practitioners. 

In summary, RQ 1b identified that practitioners mostly use the standard ECS analytics tools and that 

these tools provide only limited analytics capabilities. The findings from RQ 1b also show that a few 

ECS user companies attempt to conduct more advanced analyses. However, they seem to struggle for 

multiple reasons. The reasons that hinder or prevent practitioners from conducting SCA or developing 

custom analyses were investigated as part of RQ 1c. 

RQ 1c: What are the barriers that organisations are facing when conducting Social Collaboration An-

alytics? 

The barriers to SCA were identified in two steps. First, based on the literature review in section 4.1, a 

classification of barriers was developed. The classification describes barriers in the areas of 

(1) resources, (2) methods, (3) data, (4) governance & compliance and (5) technical/ system issues 

(chapter 4.1.12).  

Second, in the survey in chapter 4.2, the participants were asked about the barriers preventing them 

from conducting SCA. The survey helped to confirm that barriers from all five categories can impede 

the application of SCA in practice. Most respondents expressed that they require additional guidance 

and a comprehensive overview of possible methods and approaches for SCA, which both were non-

existent at the time of writing this dissertation. The survey results also demonstrated that many or-

ganisations do not define precise targets and objectives for SCA, which makes selecting appropriate 

metrics and algorithms challenging. Moreover, for most responding user companies applying SCA is 

challenging due to data privacy laws and regulations imposed by the works council. The barriers in the 

category resources appear to be the most severe because the majority of participants stated that they 

could not conduct SCA due to a lack of resources (financial and personnel) for SCA. It was also stated 

that accessing and understanding ECS data is challenging because, especially for IBM Connections, 

there was no documentation of the data and event logs available at the time of writing this disserta-

tion. 

RQ 1d: What kind of information do organisations gain with the help of Social Collaboration Analyt-

ics? 

The answer to RQ 1b has already shown that the information which organisations gain by applying SCA 

is limited due to the rudimentary features of ECS analytics tools. In most tools, the available metrics 

are limited to counting the number of events or users. In the survey in chapter 4.2, only 1 out of 19 re-

spondents stated that they regularly take actions based on the analytics results. Nine other respond-

ents stated that they only take actions selectively. The remaining 9 respondents do not use the meas-
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urement results for decision making or taking further actions. A likely explanation for this is that the 

available metrics do not provide sufficient insights into ECS use for enabling practitioners to take ac-

tions or measures based on them.  

This conclusion could be confirmed in a focus group with two participants (head of internal communi-

cations and collaboration expert) from the case company (see section 5.2). Both participants repeat-

edly expressed their dissatisfaction with the analytics capabilities of Connections because the available 

metrics do not provide sufficient insights into the system's use. The participants strongly argued that 

they require more refined metrics that also allow investigating characteristics of collaboration in more 

detail. 

It can be concluded that at the time of writing this dissertation, the information that collaboration 

professionals gain through existing tools for SCA was limited. The research findings show that practi-

tioners express a need for additional and more refined metrics for assessing ECS use. The findings 

support the need for a Social Collaboration Analytics Framework that provides the necessary guide-

lines for applying SCA and can also help generate additional insights into ECS use. The resulting SCA 

findings could then be used for understanding collaboration and deriving actions or measures regard-

ing the management of the ECS. 

7.1.2 RQ 2: How can Social Collaboration Analytics Be Implemented in Practice? 

Whilst the first part of this dissertation (RQ 1) focussed on identifying and understanding the status of 

SCA in academia and practice, the second part of this dissertation focussed on applying SCA in prac-

tice. As part of RQ2, the Social Collaboration Analytics Framework (SCAF) was developed, which aims 

to structure and guide the application of SCA in practice. The four sub-questions of RQ 2 provide es-

sential components of the framework and are addressed in the following. A concluding section sum-

marises how the research outcomes were consolidated in the SCA Framework. 

RQ 2a: Which types of data are available in Enterprise Collaboration Systems? 

The data sources for SCA were identified in chapter 2.3.3 through a system analysis of IBM Connec-

tions. Following the terminology used in the IS literature, the data sources were categorised as 

(1) organisational data, (2) transactional data and (3) content data. Table 7.1 summarises the charac-

teristics of these types of data and how they are typically stored. 
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Table 7.1: Data sources for SCA 

Type of Data Description Stored in 

Organisational data Describes the organisational structure and additional 
information of users of the system 

User directories such as 
LDAP or Active Directory 

Relational databases 

Transactional data Describes user actions in the form of events. Transac-
tional data allows the deduction of user relations as 
secondary data. 

Event databases or log files 
such as web server logs. 

Content data Contains user-generated content and describes the 
structure of social documents. 

Content databases 
File system 

 

In the key case, transactional data was the primary data source for SCA. In the outlook, possible appli-

cation areas for using organisational data and content data are discussed.  

RQ 2b: How can the data be accessed, prepared and analysed? 

As discussed throughout the previous chapters, there are multiple ways of accessing ECS data. The 

early SCA prototypes, which were discussed in focus groups with IndustryConnect participants, were 

developed using PHP scripts and SQL queries (section 2.6.3). Such an approach is only feasible when 

direct access to the databases of an ECS is possible. As discussed in the evaluation of the Social Collab-

oration Analytics Framework (section 6.4), this is not always the case. Another viable approach used 

for analysing the ECS data provided by the case company is to export the data from the ECS in the 

comma-separated value format and import it into analytics software such as Power BI. The data access 

always depends on the context and the technical possibilities. For example, direct access to the data-

bases of UniConnect was possible because the system is hosted by the research group in which this 

research project was carried out. In contrast, accessing the databases of ccConnect (the ECS of the 

case company) was not possible due to performance and security concerns. Instead, an export of the 

required data was provided by the case company. As discussed in section 2.3, accessing ECS data via 

an API might also be an option, especially when the ECS is operated in a cloud and access to the data-

bases is impossible. As argued in the previous chapters, each way of accessing data has its advantages 

and limitations. For example, accessing data using an API might provide real-time data, but in some 

systems, it is not possible to retrieve all available data through the APIs.  

The data preparation was covered in detail in chapter 5.4.4. The primary objective of the data prepa-

ration is to bring data into an analysable format by addressing erroneous or noisy records. This can be 

achieved either by substituting erroneous values or by filtering or deleting such records from the data 

set. The data preparation also largely depends on how the data can be accessed. In case the data is 

accessed directly from the databases via SQL queries, the pre-processing steps need to be implement-

ed in the SQL queries or the PHP scripts. The advantage of using analytics software, such as Microsoft 

Power BI, is that it provides extensive features for data preparation. Some have been demonstrated in 
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the evaluation of the SCA Framework in chapter 6.4. The defined data preparation steps are executed 

automatically whenever the BI software is updated with new data.  

RQ 2c: What are the dimensions for Social Collaboration Analytics? 

The dimensions for SCA (DiSCoAn) are another key contribution of this work. As demonstrated in 

chapter 2.6, one of the main challenges for SCA is to identify meaningful objectives and questions for 

SCA. DiSCoAn provides guidance for developing such questions and for programming the data queries. 

The dimensions for SCA were developed based on the findings from the literature in the area of CSCW 

(section 2.6.2), the analysis of ECS data (section 2.3) and they were successfully applied and evaluated 

in an interactive focus group with collaboration professionals (section 2.6.3). The dimensions and their 

purposes are summarised in Table 7.2. 

In the focus group for the evaluation of the dimensions (chapter 2.6.3), the practitioners were asked 

to use the dimensions for phrasing questions that they would like to pose to their ECS. The evaluation 

confirmed that the dimensions provide a helpful structure to practitioners. In the evaluation of SCAF in 

section 6.3, their value was additionally confirmed by demonstrating how algorithms were conceptual-

ised along the dimensions. It could be shown that the dimensions for SCA provide a valuable and ap-

plicable structure and that they are a core contribution of this thesis. 

Table 7.2: Summary of DiSCoAn 

Dimension Question Description 

Level of Analysis Where? Determines the level and scope of the analysis (e.g. 
platform, workspace, members)  

Content Type Which type of content? Describes the modules or content types for the analy-
sis 

Content Component Which content component? Describes the components of an SD, which can be ana-
lysed 

Action types Which type of action? Describes the collaborative actions in ECS, which can 
be considered for analyses 

Time When? Timestamps allow defining the time frame of an analy-
sis 

Further filters Which filters? Analyses can be filtered for example by business unit 
or region 

 

RQ 2d: Who are the stakeholders for Social Collaboration Analytics and which information do they 

require? 

Based on the literature review from section 4.1 and the focus group with participants from Industry-

Connect in section 5.1.2, the classification of stakeholders for SCA was developed. The classification 

describes the organisational roles in the context of an ECS that can be possible recipients of an SCA 

report. The classification contains the groups top management, (middle) management, platform man-

ager (business), platform manager (IT), community manager, consultants and users of a community. 
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Through an activity as part of the previously mentioned focus group (section 5.1.2), the stakeholders' 

information requirements were identified. For example, community managers need insights into the 

usage of their communities for managing them throughout their lifecycle. Other essential stakeholders 

for SCA are the (middle) management and top management. These stakeholders require metrics, es-

pecially to argue for investments in the continuation of the ECS. The platform managers and the col-

laboration team require insights into ECS use to assess the adoption of the ECS and deriving actions 

for stimulating the use of the system. 

The ECS stakeholder classification is an essential component of the SCA Framework because it helps to 

define objectives for SCA by considering the specific information requirements of the target audience 

of reports. 

Consolidation of findings in RQ 2: The Social Collaboration Analytics Framework 

The main outcome of RQ 2 (How can Social Collaboration Analytics be implemented in practice?) and 

this dissertation is the Social Collaboration Analytics Framework (SCAF). The previously summarised 

research outcomes were incorporated in SCAF, which makes them essential components of the 

framework. The Social Collaboration Analytics Framework aims to guide researchers and practitioners 

in conducting SCA. Following the recommendations of other data mining process models (for an ex-

tensive comparison, see section 5.3), SCAF is structured in seven distinct phases, following specific ob-

jectives. Table 7.3 contains a summary of the phases of SCAF and their objectives. The previous re-

search activities, such as the literature review (section 4.1), the survey (section 4.2), the comparison of 

data mining process models (section 5.3) and focus groups with experts from practice (section 2.6.3 

and section 5.2), provided the data for the development of these phases of the framework.  

Table 7.3: Summary of the phases of SCAF 

Phase Main objective 

Business understanding Establish domain knowledge and objectives 

Data understanding Identify and understand available data 

Conceptualisation Choose metrics, identify required data and develop a preliminary design 

Data preparation Collect and prepare required data for analysis 

Prototyping Technical implementation of the concept 

Evaluation Evaluate and refine the prototype 

Analyse Data analysis and data visualisation 

Using discovered knowledge Interpret results and identify actions 

 

By applying the framework, interpretable and actionable insights on collaboration in ECS can be 

gained. As part of the first phase (business understanding), precise questions that should be answered 

by SCA and an understanding of the problem domain are defined. All subsequent phases make use of 

the findings from the business understanding and focus on developing an analytics solution that is ca-
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pable of providing answers to the identified questions. A unique characteristic of SCAF is that it sug-

gests involving experts from the domain, i. e. collaboration professionals, in various phases for ensur-

ing that their needs can be addressed. Moreover, SCAF follows the DSR principles and incorporates a 

prototyping and evaluation cycle for ensuring that the developed solution provides the desired in-

sights. In the last phase of the framework (knowledge discovery), it is recommended to interpret the 

numbers and figures from the analyses by referring to the contextual understanding which was estab-

lished in the first phase (business understanding).  

In summary, SCAF describes a focussed and coherent analytics approach for delivering relevant, inter-

pretable and actionable insights. As no comparable approach could be identified in analysing existing 

data mining process models, SCAF provides a more comprehensive and coherent approach than pre-

vious process models and frameworks. 

As demonstrated in chapter 5, SCAF was successfully tested and positively evaluated through analys-

ing ECS data. The evaluation of the framework showed that SCAF can be applied in practice and that it 

describes a highly structured approach to SCA, which can lead to detailed insights on ECS use.  

Table 7.4 contains a summary of the previously discussed research outcomes. The theoretical and 

practical contributions of this work are outlined in the following two sections. 

Table 7.4: Summary of the core contributions 

Core contributions Applied methods & data sources Contributes to 

Data sources for SCA Literature review 
System analysis 

RQ 2a, RQ 2b  

(Chapter 2.3) 

Collaborative Action Typology 
(COAT) 

Literature review 
System analysis 

RQ 2c 

(Chapter 2.5) 

Dimensions for SCA 

(DiSCoAn) 

Focus group 
Literature review 
System analysis 

RQ 2c  

(Chapter 2.6) 

SCA key themes Literature review 

Survey  

RQ 1a  

(Chapter 4.1) 

Barriers to SCA Literature review 
Survey 

RQ 1c  

(Chapter 4.1.12) 

SCA stakeholders Literature review 
Focus group 

RQ 2d 

(Chapter 5.1) 

SCA framework 
(SCAF) 

Focus group 
Literature review 
Case study 

RQ 2 

(Chapter 5.4; Evaluation report in 5) 

ECS User Typology Literature review (Chapter 5.5) 
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7.2 Theoretical Contribution 

This research advances the theoretical understanding of Social Collaboration Analytics in multiple 

ways by transferring and advancing existing concepts from other fields to ECS and SCA, as outlined in 

the following. 

The key themes for SCA and the classification of data sources add structure to the field of SCA and ad-

dress the lack of structural classifications and conceptualisations. For the classification of the data 

sources, Behrendt et al. (2014) provided an essential foundation because it contained a first attempt 

to distinguish and describe ECS data. The work by Behrendt et al. (2014) was extended through a liter-

ature review of data sources in Information Systems and an in-depth analysis of the available data in 

Connections, the leading integrated collaboration suite. The classification of data sources for SCA aims 

to provide an overview of the available data for SCA and to describe its characteristics. In the evalua-

tion of SCAF in section 6.2, it was demonstrated that the classification is useful for selecting and de-

scribing data for SCA because it provides an overview of the common data sources, their structure and 

characteristics. 

The second structural contribution is described in the key themes for SCA. The literature review 

helped to identify existing studies (86) that describe the analysis of ECS data. The key themes were 

synthesised from the literature review and describe the purposes SCA has already been applied for. 

The key themes add structured to the field of SCA because such an overview was not provided in prior 

studies. In focus groups (e. g. in section 5.2), the key themes were useful for communicating the pos-

sibilities of SCA to practitioners. Additionally, the key themes guided the structure and design of data 

collection methods in this dissertation, such as a focus group (section 5.2) and the survey on the status 

quo of SCA (section 4.2). Because the key themes informed the structure of the data collection, the 

triangulation and comparison of findings were facilitated, demonstrating that the SCA key themes are 

a valuable structural contribution of this research. 

Besides providing structures, this dissertation also contributes a new analytical lens in the form of the 

dimensions for SCA. One of the key challenges raised in the literature review was that the survey on 

the status quo and the first focus group was that practitioners struggle to find questions about using 

their ECS that they would like to have answered. The dimensions for SCA aim to address this challenge 

by guiding the development of such questions. The dimensions for SCA transfer the elements for 

workspace awareness by Gutwin and Greenberg (1997), an established conceptualisation for describ-

ing how workspaces are used, to the field of SCA. The essential components of the classification were 

enriched with findings from the analysis of the structure and architecture of ECS and their data 

sources. The resulting dimensions for SCA describe the key dimensions of ECS use and provide an ana-

lytical lens on ECS data. In a focus group with collaboration professionals, the participants were asked 

to use the dimensions to phrase questions about the use of their ECS using the dimensions for SCA. 

While the practitioners initially stated that this is a challenging task for them, they commonly agreed 

that the dimensions for SCA provide valuable structure and support for this task. Additionally, in the 
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evaluation of SCAF in chapter 6, it was shown how the dimensions can be used to conceptualise anal-

yses, demonstrating that the dimensions for SCA can be used as an analytical lens for ECS data.  

This dissertation also contains contributions to the field of Computer Supported Cooperative Work. 

The collaborative action typology (COAT) is a fundamental structural contribution to research in col-

laboration systems. It eases the interpretation of events in system logs by aggregating them into seven 

action types. COAT has the potential to be extended into an action ontology that defines and describes 

actions in socially-enabled collaboration systems.  

The main contribution of this dissertation to CSCW is the ECS user typology. The ECS user typology ex-

tends previous user typology by Brandtzæg (2010) and Muller (2010) and makes them applicable to 

Enterprise Collaboration Systems. By distinguishing between the user types creators, contributors and 

consumers, the typology serves as an analytical lens for analysing and understanding different partici-

pation levels in a collaboration system. The user typology builds on established theoretical constructs 

such as previous user typologies, compound Social Documents and well-defined usage dimensions. As 

demonstrated in a publication (Schwade & Schubert, 2019) and throughout the evaluation of the So-

cial Collaboration Analytics Framework (chapter 6), analysing ECS use through the lens of the ECS user 

typology can advance the understanding of collaboration and participation in ECS. The conceptualisa-

tion of the user types (shown in the ECS User Type Model) is technology-agnostic and can be applied 

to other systems than IBM Connections. Only the mappings between the actions in COAT and the 

events of the new system need to be defined for a different ECS. 

To a certain degree, this dissertation also contains a contribution that Ågerfalk (2014) refers to as an 

empirical contribution. According to Ågerfalk (2014, p. 594), an empirical contribution “reveals some-

thing previously undocumented”. Especially through the survey on the status quo of SCA, the consecu-

tive focus groups and the key case, the understanding and current practices for SCA could be docu-

mented. No previous study was found that investigates and documents the status quo of SCA in prac-

tice in such detail based on empirical methods. 

In summary, this dissertation contributes to theory by providing fundamental structures and lenses for 

analysing and understanding collaboration in ECS. In a recent introduction to the Social Information 

Systems mini-track at the 52nd Hawaii International Conference on System Science, Schmidt et al. 

(2019, p. 2642) acknowledged Social Collaboration Analytics as one of the emerging research streams 

contributing “towards fundamentals and future research topics” of social information systems which 

confirms and highlights the importance of SCA for future research.  

7.3 Practical Contribution 

Scholars argue that IS research must also show utility for practice (Corley & Gioia, 2011), making it es-

sential to elaborate on the practical contributions of a research study (Ågerfalk, 2014). As all research 

outcomes were evaluated in focus groups with experts, their practical relevance and applicability 

could be ensured. As shown in Appendix A.1, some preliminary research outcomes have already been 
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disseminated in the form of academic publications. Additionally, the findings of the publications have 

been worked up and disseminated to the IndustryConnect community to make the research outcomes 

accessible to practitioners as well. The dissemination of the research outcomes helped raise aware-

ness of SCA and its possibilities in the IndustryConnect community. A strong interest in SCA could be 

stimulated in the case company, which eventually volunteered to participate as a study subject and 

provided ECS data. 

The core practical contribution of this dissertation is the Social Collaboration Analytics Framework. 

The framework describes the process and methods for conducting SCA. In the key case, the framework 

has already been successfully applied in the real work environment of the collaboration team to ana-

lyse ECS data provided by the case company. It could be demonstrated that the framework is suited to 

guide the application of SCA in practice. A related practical contribution of this dissertation is the eval-

uation report of SCAF in the form of a case study report (chapter 6). By applying SCAF for analysing 

and interpreting ECS data, the case study report not only describes how SCAF was applied. It also pro-

vides novel insights into how the ECS at the case company is used. The dimensions for Social Collabo-

ration Analytics can also be viewed as a practical contribution because they assist practitioners in 

phrasing questions that can be posed to ECS data. By applying the outcomes of this dissertation, col-

laboration practitioners can generate novel insights into ECS use that can potentially stimulate actions 

or lead to changes in established practices. 

7.4 Limitations and Future Research 

The presented research is not free of limitations. The limitations of this research are discussed in the 

next sections. Following this, an outlook on future research directions in the field of SCA is presented. 

7.4.1 Limitations 

The main limitation of this work is that the Social Collaboration Analytics Framework could only be 

evaluated in a single key case. In the evaluation, it could be demonstrated that the framework is appli-

cable in the particular key case and that the application of SCAF helped to generate novel insights into 

the use of the ECS of the case company. Gaining additional confirmation in more cases would help 

strengthen the evaluation results and collect additional feedback for refining the framework. By eval-

uating the framework in case studies with companies from different industries, it would also be possi-

ble to show that SCAF is applicable in multiple contexts. 

The technical focus on IBM Connections can be perceived as another limitation. Although the artefacts 

which were developed throughout the previous chapters (e. g. the data sources for SCA, the dimen-

sions for SCA and the ECS user typology) are technology-agnostic, their implementation for a specific 

ECS could only be demonstrated for IBM Connections. There were multiple reasons for choosing to fo-

cus on IBM Connections. At the time of writing this dissertation, IBM Connections was the market-

leading ECS and within the IndustryConnect community, most participating companies used this ECS. 
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The outlined reason facilitated the dissemination and demonstration of the research outcomes in the 

IndustryConnect community. Still, in future research, it needs to be demonstrated that the developed 

concepts and artefacts can also be applied for other ECS as well. 

In the introduction (chapter 1), it was discussed that this research aims to establish a broad thematic 

understanding of Social Collaboration Analytics. Establishing a broad understanding of SCA was re-

quired because prior to this dissertation the understanding of SCA in academia and practice was lim-

ited. While studies that establish a broad thematic understanding advance the general theoretical and 

practical understanding of a topic, they are often limited because of neglecting the contribution of in-

depth knowledge (Alavi & Leidner, 2001; Todres & Galvin, 2005). As this dissertation focussed on es-

tablishing a broad thematic understanding, it lacks depth in some regards. For example, the analysis of 

workspace types in ECS (chapter 6.6.3) could only be conducted at a higher level and the ECS user ty-

pology also lacks depth in some aspects, as discussed in the next paragraph. In this dissertation, in-

depth knowledge could be generated by applying the SCA Framework and the other research out-

comes, such as the dimensions for SCA in the key case. 

Although the ECS user typology is the first comprehensive user typology explicitly developed for ECS, it 

lacks depth and only defines three rather general user types, namely creator, contributor and con-

sumer. The user typology does not attribute that a person can take different roles in different contexts 

of collaboration and that the role can even change throughout one collaboration context. Consequent-

ly, a collaboration role map describing and defining the roles employees can take in various collabora-

tion contexts is required. 

With the development of the Social Collaboration Analytics Framework, this dissertation provided the 

fundamentals for meaningful analyses of ECS data and opened up many opportunities for future re-

search. Possible directions for future research, which also address some of the outlined limitations, 

are presented in the following sections. 

7.4.2 Future Research: Extending the Key Case and Cross-case Comparison 

There are several opportunities for extending the scope of the application of SCA in the key case. The 

provided data only covered one year, which limited the time frame for analysing the use of the ECS at 

the case company. A potential extension to the key case can be made by considering transactional da-

ta from previous years. Another aspect of extending the key case is to conduct a cross-case compari-

son. It would be interesting to compare the numbers and figures from ccConnect and the ECS of an-

other company from the same industry as the case company. Such a comparison would allow bench-

marking the use of ccConnect and potential industry-specific collaboration patterns could be revealed. 

When extending the key case, the advanced methods, especially process mining, which are described 

in the following section, should also be considered because they can provide deeper insights into how 

employees collaborate. 
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7.4.3 Future Research: Application of Advanced Methods for Social Collaboration Analytics 

In this dissertation, transactional data (event log) was used as the primary data source for SCA. Future 

research should also consider organisational data and content data as essential data sources because 

they allow conducting different types of analyses. Using more data sources opens up the opportunity 

for applying a variety of different methods. Especially the application of algorithms from Process Min-

ing or Text Mining for SCA should be explored. Figure 7.1 provides an overview of how the data 

sources and methods can be utilised in future research. The figure shows the data sources on the left. 

The boxes in the middle represent the methods and the right column describes possible purposes for 

applying these methods. 

 

Figure 7.1: Overview of data sources for SCA and possible application of methods from data science in 

the context of SCA 

Organisational data is an ideal data source for Social Network Analysis (SNA) because it documents the 

network relationships between users and the affiliation of users with organisational units. Based on 

graph theory, Social Network Analysis investigates the social structures between entities (Wasserman 

& Faust, 1995). The application of Social Network Analysis allows structural analyses of networks in 

Enterprise Collaboration Systems. With organisational data, such analyses can be conducted linkage 

based (i.e. who follows whom?). While static analyses depict the state of a network at a defined 

timestamp, dynamic analyses allow the investigation and visualisation of changes in a network over 

time (Adedoyin-Olowe, Gaber, & Stahl, 2013).  

Social Network Analysis can also be applied with transactional data. In this case, the networks are con-

structed based on actual interactions between users and documents (Adedoyin-Olowe et al., 2013) for 
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identifying interaction-based collaboration networks (Brandes, Kenis, Lerner, & van Raaij, 2009). In 

contrast to relationship-based networks, collaboration networks visualise how employees work to-

gether and identify hierarchies and other structures that emerge through collaboration. Applying Pro-

cess Mining algorithms on transactional data is another highly promising research direction for SCA 

because it allows identifying sequences in collaboration. Typically, Process Mining is used for process 

discovery and conformance checking (van der Aalst, 2012). Applying process discovery in an ECS would 

allow identifying collaboration scenarios, which describe “the specific steps of the interaction among 

human actors and/or social documents involved in the joint work” (Schubert & Glitsch, 2016, p. 46). By 

analysing and visualising these sequence of activities, Process Mining can contribute to the identifica-

tion and understanding of patterns in collaboration. Consequently, Process Mining is one of the most 

promising avenues for future research on SCA. 

In future research, the analysis of content data also offers potentials for SCA. For example, Web Struc-

ture Mining allows the visualisation and analysis of the structure of Social Documents. Research on 

visualising and analysing the structure of social documents has already begun (Mosen, Williams, & 

Schubert, 2020). The analysis of the structure of social documents can provide insights into collabora-

tion which cannot be generated through the analysis of transactional data (Mosen et al., 2020). A first 

attempt for deriving metrics from the structure of social documents was made (Schubert et al., 2020). 

With Web Content Mining or more accurately, Text Mining (Debortoli et al., 2016), the actual content 

of Social Documents can be analysed. The application of Text Mining allows the identification of opin-

ions in discussions (Opinion Mining), sentiment analysis and topic detection for identifying recent and 

relevant topics (Aggarwal & Zhai, 2012; Debortoli et al., 2016) in an ECS.  

7.4.4 Future Research: Harmonising ECS Data for Enabling Cross-System Analytics 

As outlined throughout this dissertation, organisations often use a portfolio of different applications 

for collaboration. Consequently, the analysis of only one ECS within this portfolio results in a limited 

scope of analysis and excludes collaboration in other systems in the digital workplace. Future research 

should address the analysis of collaboration activities across multiple ECS. Such an undertaking is chal-

lenging because different ECS store their data in different formats. Additionally, the names and conno-

tations of the stored data differ across the systems. For conducting analyses across multiple systems in 

the digital workplace, data aggregation and harmonisation is necessary. First steps for harmonising the 

heterogeneous data from different ECS have already been made. For addressing this challenge, a pro-

totype for a semantic data lake based on Apache Hadoop was developed (Schwade & Schubert, 2020). 

As shown in Figure 7.2, the data lake ingests and stores data from different source systems. On the 

semantic layer, ontology-based data access is implemented (Calvanese et al., 2017) based on a map-

ping between the ingested source data and the Social Document Ontology (Williams & Mosen, 2020). 

The data from the different systems can be queried uniformly through the Social Document Ontology. 

The advantage of ontology-based data access is that the analyst only needs to be familiar with the on-

tology and not with the heterogeneous data sources (Calvanese et al., 2017). 
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Figure 7.2: Architecture of the semantic data lake (Schwade & Schubert, 2020, p. 6) 

A data lake was chosen for developing the prototype because, in contrast to traditional data ware-

houses, data lakes ingest data from multiple different data sources in their original format. Typically, 

data is stored less structured than in a data warehouse. While a data warehouse enables answering 

questions known beforehand, a data lake aims to enable broader and more explorative analyses 

(O’Leary, 2014; Terrizzano, Schwarz, Roth, & Colino, 2015). In addition, data lakes can process large 

volumes of data and they allow flexible analyses. 

With the prototypic semantic data lake, data from two different systems was already successfully 

harmonised and a paper about the prototype was published at a peer-reviewed academic conference 

(Schwade & Schubert, 2020). Work in this area should be continued because although data can be re-

trieved through uniform queries, it is still impossible to conduct analyses across multiple systems. For 

this, ways for matching the data between the different collaboration systems need to be identified. 

Aggregating and harmonising data from multiple collaboration systems is the foundation for enabling 

cross-system analytics in the digital workplace. 

7.5 Critical Reflection 

This final section contains a critical reflection of the research design, selected methods and findings in 

the light of recent discussions and critiques of the Information Systems discipline. In the following, 

particularly the critiques regarding the engagement with IT artefacts and practice are discussed for 

underlining the unique character of this research. 

Engaging with the IT Artefact 

IS researchers are often superficial by not engaging with the IT artefact, which is supposed to be the 

core subject matter of IS and IT research (Orlikowski & Iacono, 2001). Orlikowski and Iacono (2001) 

observe that in many IS/IT studies, the IT artefact disappears from the researchers' view and is often 

assumed to be unproblematic. Following the classification by Orlikowski and Iacono (2001), in this dis-
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sertation, the IT artefact, the Enterprise Collaboration System, was viewed as a tool for supporting col-

laboration among employees. Consequently, in-depth engagement with the artefact was required for 

understanding its nature, use and data structures. The findings from applying the data understanding 

phase of SCAF in the key case (section 6.2) showed that the IT artefact should not be considered un-

problematic. It could be shown that it is necessary to identify and understand the potential problems 

of an IT artefact. Because of the deep engagement with the ECS, the Social Collaboration Analytics 

Framework could be developed, which can be used to study and theorise about ECS use in future re-

search. This dissertation not only addressed the critique of how IT artefacts are viewed in IS research, 

but it also follows one of the key research directions suggested by Orlikowski and Iacono (2001), which 

is to study and develop methods for investigating the practice and the use of IT artefacts. 

Engaging with Practice and Going the “Last Research Mile” 

Some of the general aspirations of IS research should be to ensure that research is relevant (Benbasat 

& Zmud, 1999) and impactful (Malhotra, Melville, & Watson, 2013). Moreover, IS research should im-

prove the practice of IS (Te’eni, Seidel, & vom Brocke, 2017). Influencing the practice of Information 

Systems can only be achieved through engaging in a dialogue with practitioners. IS research can only 

be relevant and impactful if practitioners “(1) know about the research, (2) understand how it can be 

applied, and (3) trust it” (Te’eni et al., 2017, p. 542). In recent commentaries, it has been argued that 

most IS researchers shy away from engaging in such a mutual dialogue (Nunamaker et al., 2015; Te’eni 

et al., 2017). Consequently, many research outcomes result in desk research solutions with limited 

practical relevance to the key stakeholders (Nunamaker et al., 2015; Te’eni et al., 2017). By evaluating 

and discussing findings with collaboration professionals in a series of advanced focus groups, this re-

search addressed these calls and contributed outcomes that are relevant in practice. As called for by 

Te´eni et al. (2017), the focus group participants were encouraged to and openly shared their thoughts 

and opinions on the research outcomes. Additionally, the call by Nunamaker et al. (2015), to “walk the 

last research mile” by applying the Social Collaboration Analytics Framework in a real workplace envi-

ronment, was followed. It could be demonstrated that engaged scholarship (Schubert, Andersen, & 

Kilian, 2015) can lead to rigorous and relevant research outcomes. Advanced focus groups have not 

been extensively used in IS research for investigating emerging topics and evaluating research out-

comes (Tremblay, Hevner, & Berndt, 2010). By incorporating the advanced focus groups into the 

mixed-methods research design, this dissertation also followed a recent call in the Journal of the Asso-

ciation for Information Systems to experiment with and adopt diverse and innovative research designs 

in IS research (Cecez-Kecmanovic et al., 2020). 
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Appendix 

 

A.1 Communication of the Research 

This appendix contains an overview of the publications of the author. The publications were created in 

collaboration with supervisors and research colleagues. 

Publication Abstract Contributes 

to chapter 

Schwade, F., & Schu-
bert, P. (2017). Social 
Collaboration Analytics 
for Enterprise Collabo-
ration Systems: Provid-
ing Business Intelli-
gence on Collaboration 
Activities. In Hawaii In-
ternational Conference 
on System Sciences 
2017 (HICSS) (pp. 401–
410). Hilton Waikoloa 
Village, Hawaii, USA. 

The success of public Social Media has led to the emergence of En-
terprise Social Software (ESS), a new type of collaboration software 
for organizations that incorporates “social features”. Surveys show 
that many companies are trying to implement ESS but that adoption 
is slower than expected. We believe that in order to understand the 
issues with its implementation we need to first examine and under-
stand the “social” interactions that are taking place in this new kind 
of collaboration software. We propose Social Collaboration Analytics 
(SCA), a specialized form of examination of log files and content data, 
to gain a better understanding of the actual usage of ESS. Our re-
search was guided by the CRISP-DM approach. We first analysed the 
data available in a leading ESS. Together with leading user companies 
of this ESS, we then developed a framework for Social Collaboration 
Analysis, which we present in this paper. 

1.4 

2.3.2 

2.4 

2.6 

Gebel-Sauer, B., 
Schwade, F., Grams, S., 
& Schubert, P. (2017). 
Multimethodische 
Langzeitstudie zur Nut-
zung von Enterprise 
Collaboration Systems. 
In Mensch und Com-
puter (pp. 115–126). 
Regensburg, German. 

Der Artikel beschreibt eine Langzeitstudie über die (ex-ante) Erwar-
tungen an und (ex-post) Erfahrungen mit einem integrierten Enter-
prise Collaboration System (ECS) für die elektronische Unterstützung 
studentischer Gruppenarbeiten über einen Zeitraum von vier Jahren. 
Die Forschungsergebnisse basieren auf Befragungen der User sowie 
auf Datenbankanalysen mittels Social Collaboration Analytics (SCA). 
Die Ergebnisse zeigen, dass die Vorerfahrung der Studierenden be-
züglich Kollaborationssoftware über die Jahre zugenommen hat. Die 
Studierendengruppen geben an, dass sie die funktionalen Module 
Wiki, Dateienablage, Aufgabenverteilung, Blog, Foren und Lesezei-
chen mit absteigender Intensität einsetzen. Die von den Usern einge-
holten Angaben konnten mit Hilfe der Analyse der Aktivitätslogs be-
stätigt werden. Die Studierenden erkennen den Nutzen einer voll in-
tegrierten Unternehmenssoftware und geben an, dass sie diese auch 
in künftigen Projekten einsetzen würden. 

N/A 

Schwade, F., & Schu-
bert, P. (2018). Social 
Collaboration Analytics 
for Enterprise Social 
Software: A Literature 
Review. In Multikon-
ferenz 
Wirtschaftsinformatik 
(MKWI). Lüneburg, 
Germany. 

Over the last years, research on benefits and success measurement 
of Enterprise Social Software (ESS) has gained momentum. Literature 
reviews in this topic area discuss methods for measuring ESS success 
and benefits and demonstrate that Social Collaboration Analytics is 
gaining increasing importance in the context of benefits research for 
ESS. This paper provides an overview of the literature on Social Col-
laboration Analytics for ESS. The selected literature can be catego-
rised in seven key themes: measuring system usage, identification of 
usage patterns, identification of types of users, analysis of groups, 
identification of expertise, network analysis and organisational im-
pacts. The paper concludes with a discussion of the importance of 

4.1 

4.1.12 
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Social Collaboration Analytics for other relevant research streams. 

Schwade, F., & Schu-
bert, P. (2018). A sur-
vey on the status quo 
of Social Collaboration 
Analytics in practice. In 
25th European Confer-
ence on Information 
Systems (ECIS) (pp. 1–
15). Portsmouth, UK. 

This paper aims to identify and document the status quo and the 
perceived barriers of Social Collaboration Analytics in practice. The 
study is part of a publicly funded longitudinal research project on En-
terprise Collaboration Systems (ECS) involving 29 early-adopter user 
companies. Our paper draws on and extends findings from previous 
research. The key themes identified from a structured literature re-
view and the documented findings from previous workshops with 
practitioners were used to develop an online questionnaire. Longitu-
dinal case studies on the same companies helped to inform and in-
terpret the findings. The survey shows that most of the participants 
have implemented some form of Collaboration Analytics, however, 
the outputs are mostly on a high abstraction level and the methods 
quite simplistic. Complex analyses that could help in assessing the 
degree of cooperation, structures or dynamics in the use of ECS are 
not (yet) applied. We identified three important reasons for this situ-
ation: (1) The analytics tools provided by standard collaboration 
software do not provide sufficient functionality, (2) there is a lack of 
awareness and knowledge about more complex forms of analyses 
and (3) some concepts from the academic literature are not per-
ceived as relevant by practitioners. The survey also confirmed that 
there are financial, regulatory, data and HR barriers for Social Collab-
oration Analytics. 

4.2 

Schwade, F., & Schu-
bert, P. (2019). Devel-
oping a User Typology 
for the Analysis of Par-
ticipation in Enterprise 
Collaboration Systems. 
In 52nd Hawaii Inter-
national Conference on 
System Sciences 
(HICSS) (pp. 460–469). 
Wailea, Maui, HI, USA. 

In this paper, we propose a user typology for Enterprise Collaboration 
Systems (ECS). We draw on and extend findings from previous re-
search in the area of CSCW and Social Collaboration Analytics. The 
proposed typology includes: (1) a definition of user types, 
(2) dimensions of ECS use and (3) a classification of action (event) 
types. The typology contains the following user types: creator, con-
tributor, lurker, inactive and non-user. These types are characterized 
by differences in the following dimensions: type of use, frequency of 
use, variety of use, choice of content type and platform preferences. 
The definition of user types along these dimensions facilitates the 
implementation of database queries (scripts) for Social Collaboration 
Analytics (SCA), with the aim of determining the distribution of types 
of users in an Enterprise Collaboration System. We present selected 
results of such SCA for an integrated collaboration platform and dis-
cuss the findings. We successfully demonstrate that our classification 
of user types allows us to draw conclusions on (1) the form and de-
gree of participation of users in the ECS and, derived from that, 
(2) the likely purpose of the examined communities. 

5.2 

Schubert, P., Mosen, J., 
& Schwade, F. (2020). 
Metrics for Analyzing 
Social Documents to 
Understand Joint 
Work. In 53rd Hawaii 
International Confer-
ence on System Science 
(p. 10). Wailea, Maui, 
HI, USA. 

Social Collaboration Analytics (SCA) aims at measuring and interpret-
ing communication and joint work on collaboration platforms and is a 
relatively new topic in the discipline of Information Systems. Previous 
applications of SCA are largely based on transactional data (event 
logs). In this paper, we propose a novel approach for the examination 
of collaboration based on the structure of social documents. Guided 
by the ontology for social business documents (SocDOnt) we develop 
metrics to measure collaboration around documents that provide 
traces of collaborative activity. For the evaluation, we apply these 
metrics to a large-scale collaboration platform. The findings show 
that group workspaces that support the same use case are character-
ized by a similar richness of their social documents (i.e. the number 
of components and contributing authors). We also show typical dif-
ferences in the “collaborativity” of functional modules (containers). 

N/A 
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Nagel, S., & Schwade, 
F. (2020). Analysis of 
Task Management in 
Virtual Academic 
Teams. In 53rd Hawaii 
International Confer-
ence on System Sci-
ence. Wailea, Maui, HI, 
USA. 

Social Collaboration Analytics (SCA) aims at measuring collaboration 
in Enterprise Collaboration Systems (ECS). In this paper, we apply SCA 
to investigate the use of Task Management (TM) features in virtual 
academic teams on a collaboration platform. This paper contributes 
to theory by developing the TM Catalog describing the elements and 
characteristics of TM. Our literature review identified only three stud-
ies analyzing the use of TM features in ECS. These studies base their 
analyses on transactional data (event logs). We propose to analyze 
both the structure and characteristics of tasks, as well as how tasks 
are used. In our paper, we show how SCA can be applied to gain in-
sights on the use of TM features. Based on data from an academic 
collaboration platform, we demonstrate the characteristics of tasks 
and how different types of virtual academic teams make use of TM 
features 

N/A 

Schwade, F., & Schu-
bert, P. (2020). A Se-
mantic Data Lake for 
Harmonizing Data from 
Cross-Platform Digital 
Workspaces using On-
tology-Based Data Ac-
cess. In Americas Con-
ference on Information 
System (p. 10). Salt 
Lake City, USA. 

Most organizations provide a portfolio of multiple applications from 
different vendors (with different data structures) for supporting 
computer-mediated collaboration among their employees. The het-
erogeneous format of the activity logs and the content data is chal-
lenging for the analysis of cross-platform collaboration and for com-
paring results from the different systems. To address these issues, we 
develop and demonstrate a prototype for a semantic data lake. Our 
prototype is based on Hadoop and ingests data from the source sys-
tems in near real-time. Ontology-based data access is implemented 
based on a mapping between an ontology and the ingested data. 
Thus, an analyst only needs to be familiar with the ontology and can 
use identical SPARQL queries to obtain the same information from 
the source systems. We demonstrate the ontology-database mapping 
and show how concepts from Web Science can solve practical prob-
lems in the Information Systems discipline, specifically for the area of 
Business Intelligence. 

7.4.4 

A.2 Actions in IBM Connections 

1: PRECREATE 2: CREATE 3: READ 4: Update 5: DELETE 

6: UNSET 7: MODERATE 8: AUDIT 9: NOTIFY 10: MEMBERSHIP 

11: COMMAND 12: ACKCOM 13: FLAG 14: PENDING 15: APPROVE 

16: REJECT 17: QUARANTINE 18: DISMISS 19: 
INACTIVE_UPDATE 

20: RESTORE 

21: RETURN 22: COMPLETE 23: EMPTY 24: FOLLOW 25: GRADUATE 

26: PURGE 27: RECOMMEND 28: REMOVE 29: UNCOMPLETE 30: UNDELETE 

31: UNFOLLOW 32: 
UNRECOMMEND 

33: UNWATCH 34: VOTE 35: VISIT 

36: WATCH 37: PIN 38: UNPIN 39: UNVOTE 40: UNGRADUATE 

41: DOWNLOAD 42: COPY 43: MOVE 44: REVOKE 45: DECLINE 

47: LOCK 48: UNLOCK 49: TOTAL_COUNT 50: ADD 51: TAG 

52: UNTAG 53: VISIT_DUP 54: PREVIEW 55: CHECKOUT 56: CHECKIN 

57: SUBMIT 58: CANCEL    
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A.3 Mapping of Collaborative Actions with Composite Event Names from IBM Connections 

Collaborative 
Action 

Associated composite event names 

Create blog.created, blog.entry.created, community.bookmark.created, community.created, 
community.feed.created, community.wallpost.created, files.collection.created, 
files.file.created, files.library.created, forum.created, forum.topic.created, idea-
tionblog.created, ideationblog.idea.created, profiles.status.updated, pro-
files.wallpost.created, wiki.page.created, wiki.page.undeleted, activity.entry.tag.created, 
activity.tag.created, community.restored, files.file.undeleted, files.file.version.restored, 
tag.created, wiki.library.created 

Modify (add) activity.created.tagged, activity.entry.created.tagged, blog.comment.created, 
blog.created.tagged, blog.entry.created.tagged, blog.entry.recommended, 
blog.entry.updated.tagged, blog.file.uploaded, community.bookmark.created.tagged, 
community.created.tagged, community.feed.updated.tagged, communi-
ty.wall.comment.added, community.wall.recommendation.added, 
files.file.comment.created, files.file.recommend.created, files.file.tag.added, fo-
rum.created.tagged, forum.locked, forum.tag.added, forum.topic.created.tagged, fo-
rum.topic.locked, forum.topic.pinned, forum.topic.reply.created, forum.topic.tag.added, 
forum.topic.unlocked, forum.topic.unpinned, forum.unlocked, forum.updated.tagged, ide-
ationblog.comment.created, ideationblog.created.tagged, idea-
tionblog.idea.created.tagged, ideationblog.idea.graduated, ideationblog.idea.voted, pro-
files.person.tagged, profiles.wall.comment.added, profiles.wall.recommendation.added, 
wiki.library.tag.added, wiki.library.updated.tagged, wiki.page.comment.added, 
wiki.page.created.tagged, wiki.page.recommendation.added, wiki.page.tag.added, activi-
ty.entry.updated.tagged, activity.template.created.tagged, activi-
ty.template.updated.tagged, activity.todo.created.tagged, activi-
ty.todo.uncompleted.tagged, activity.uncompleted.tagged, activity.updated.tagged, 
blog.comment.approved, communities.widget.added, communi-
ty.bookmark.updated.tagged, community.feed.created.tagged, communi-
ty.updated.tagged, dogear.bookmark.added, dogear.bookmark.added.tagged, do-
gear.bookmark.edited.tagged, files.collection.file.added, files.file.created.tagged, 
files.file.updated.tagged, forum.topic.attachment.uploaded, fo-
rum.topic.reply.attachment.uploaded, forum.topic.updated.tagged, homep-
age.widget.added, ideationblog.file.uploaded, ideationblog.idea.updated.tagged, 
wiki.library.created.tagged, wiki.page.attachment.added, wiki.page.updated.tagged 

Modify 
(change) 

blog.entry.updated, blog.settings.updated, community.bookmark.updated, communi-
ty.feed.updated, community.updated, files.file.comment.updated, files.file.updated, 
files.library.updated, forum.topic.moved, forum.topic.reply.updated, forum.topic.updated, 
forum.updated, ideationblog.idea.updated, ideationblog.settings.updated, 
wiki.library.updated, wiki.page.attachment.updated, wiki.page.comment.updated, 
wiki.page.updated, activity.entry.move.from.activity, activity.entry.move.to.activity, activi-
ty.section.moved, activity.visibility.updated, dogear.bookmark.edited, 
files.collection.updated 

Discuss blog.comment.created, community.wall.comment.added, files.file.comment.created, fo-
rum.topic.reply.created, ideationblog.comment.created, profiles.wall.comment.added, 
wiki.page.comment.added 

Alert files.file.notification.set, files.file.notification.unset, files.file.share.created, 
wiki.library.notification.set, wiki.library.notification.unset, wiki.page.notification.set, 
wiki.page.notification.unset, files.collection.notification.set, 
files.collection.notification.unset 

Consume READ, VISIT, files.file.downloaded, ecm_files.access.file.ecm.file.downloaded 

Network activity.followed, activity.unfollowed, community.follow.created, communi-
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ty.follow.removed, community.invite.created, community.invite.declined, communi-
ty.invite.revoked, community.membership.added, community.membership.added, com-
munity.membership.removed, community.membership.updated, forum.followed, fo-
rum.topic.followed, forum.topic.unfollowed, profiles.colleague.added, pro-
files.colleague.created, profiles.connection.rejected, profiles.person.link.added, pro-
files.person.selftagged, blog.followed, dogear.person.unwatched, dogear.person.watched, 
forum.unfollowed, profiles.person.about.updated, profiles.person.audio.updated, pro-
files.person.followed, profiles.person.photo.updated, profiles.person.unfollowed, pro-
files.updated 

Tasking activity.completed, activity.created, activity.entry.created, activity.entry.duplicated, activi-
ty.entry.undeleted, activity.entry.updated, activity.membership.updated, activi-
ty.priority.set, activity.reply.created, activity.reply.updated, activity.section.created, activi-
ty.section.updated, activity.template.created, activity.template.updated, activi-
ty.todo.completed, activity.todo.created, activity.todo.uncompleted, activi-
ty.todo.undeleted, activity.todo.updated, activity.uncompleted, activity.undeleted, activi-
ty.updated 

Delete activity.deleted, activity.entry.deleted, activity.reply.deleted, activity.section.deleted, ac-
tivity.template.deleted, activity.todo.deleted, blog.comment.deleted, blog.deleted, 
blog.entry.deleted, blog.entry.unrecommended, blog.file.deleted, communi-
ties.widget.removed, community.bookmark.removed, community.feed.removed, commu-
nity.softdeleted, community.wall.comment.removed, communi-
ty.wall.recommendation.removed, community.wallpost.removed, 
files.file.comment.deleted, files.file.deleted, files.file.recommend.deleted, 
files.file.tag.deleted, files.file.version.deleted, files.library.deleted, forum.deleted, fo-
rum.topic.deleted, forum.topic.reply.deleted, forum.topic.tag.removed, homep-
age.widget.removed, ideationblog.comment.deleted, ideationblog.deleted, idea-
tionblog.idea.deleted, ideationblog.idea.ungraduated, ideationblog.idea.unvoted, pro-
files.tag.removed, profiles.wall.comment.removed, pro-
files.wall.recommendation.removed, profiles.wallpost.removed, wiki.library.deleted, 
wiki.page.attachment.deleted, wiki.page.comment.deleted, wiki.page.deleted, 
wiki.page.recommendation.deleted, wiki.page.tag.deleted, wiki.page.version.deleted, ac-
tivity.entry.tag.deleted, activity.entry.updated.untagged, activity.tag.deleted, activi-
ty.template.deleted.untagged, activity.template.updated.untagged, activi-
ty.todo.completed.untagged, activity.todo.deleted.untagged, activi-
ty.todo.updated.tagged, activity.todo.updated.untagged, activity.updated.untagged, 
blog.deleted.untagged, blog.entry.deleted.untagged, blog.entry.updated.untagged, com-
munity.bookmark.removed.untagged, community.bookmark.updated.untagged, commu-
nity.feed.removed.untagged, community.invite.removed, communi-
ty.softdeleted.untagged, community.updated.untagged, dogear.bookmark.deleted, do-
gear.bookmark.deleted.untagged, dogear.bookmark.edited.untagged, 
files.collection.deleted, files.collection.file.removed, forum.deleted.untagged, fo-
rum.tag.removed, forum.topic.attachment.deleted, forum.topic.deleted.untagged, fo-
rum.topic.reply.attachment.deleted, forum.updated.untagged, idea-
tionblog.deleted.untagged, ideationblog.idea.deleted.untagged, idea-
tionblog.idea.updated.untagged, profiles.person.audio.deleted, pro-
files.person.photo.deleted, wiki.library.tag.deleted 

A.4 Focus group 1: Evaluation of the Dimensions for Social Collaboration Analytics 

Date: 04.12.2015 

Time: 14:00 – 15:30 

Aims and objectives of the focus group (Why?) 
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The focus group aims to provide the participants with basic knowledge about Social Collaboration Ana-

lytics. Most importantly, the focus group participants evaluate a preliminary version of the dimensions 

for Social Collaboration Analytics. These dimensions that are relevant for analysing ECS usage. These 

dimensions serve as guidelines to develop questions that can be posed to ECS data for analysing ECS 

usage. The purpose of the interactive part of the focus group is to evaluate these dimensions by invit-

ing the participants to develop questions using the SCA dimensions. Consequently, the objectives of 

this focus group are: 

1. Provide introduction and motivation for SCA in ECS 

2. Evaluation of the preliminary SCA dimensions 

3. Identify questions for measuring ECS use 

Context (How does it fit?) 

This focus group is part of the third workshop of the university-industry collaboration initiative Indus-

tryConnect. At this workshop, the focus group session entitled “Social Collaboration Analytics – Met-

rics for Enterprise Collaboration Systems” was the main topic. As this is the first focus group focussing 

on SCA, it marks the kick-off for a series of focus groups on SCA in IndustryConnect.  

This focus group is the first activity in which empirical data is collected for the PhD thesis. 

Participants (Who and how many?) 

In this focus group, 12 participants from 9 companies from different industries participated. The fol-

lowing table presents the focus group participants. 

No Role Company 

1 Sales Manager Clothing Manufacturer/Retail 02 

2 Head of IT, Security/Infrastructure Clothing Manufacturer/Retail 02 

3 Specialist, Collaboration/Statistics Automotive Parts Manufacturer 02 

4 Project Manager Automotive Parts Manufacturer 02 

5 Senior Manager, IT Automotive Parts Manufacturer 02 

6 Head of IT Construction Engineering Services 01 

7 Project Manager, IT Automotive Parts Manufacturer 01 

8 Project Manager, Collaboration/Knowledge Consumer Electronics Manufacturer 01 

9 Head of IT PublicAdminstration ServicesComp 

10 IT Manager, Collaboration/Knowledge Technical Inspections 

11 Organisational Development Clothing Manufacturer/Retail 01 

12 Specialist, Collaboration Steel Manufacturer 01 

 

The participants have different roles in their organisations. This allows collecting different viewpoints 

on the subjects of the focus groups. 

Outline & schedule (What?) 
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The focus group consisted of two parts. In the first part, the required basics and the current status quo 

of SCA, including a preview to developed analyses and reports were presented. The second part of the 

focus group was the interactive part where participants were provided with a task in order to evaluate 

the preliminary version of the dimensions for SCA. The focus group was structured as follows: 

1. Introduction to Social Collaboration Analytics 

a. Distinguishing ECS and Social Media 

b. State of the art in the context of Social Collaboration Analytics 

i. Introduction to analytics Add-ons for IBM Connections (IBM Cognos and ISW 

Kudos) 

ii. Introduction to the approach of Social Collaboration Analytics 

iii. Database architecture of IBM Connections 

c. Presentation of basic analyses and reports 

d. Presentation of advanced analyses and reports 

2. Interactive part: Evaluation of the preliminary dimensions for SCA 

In the first part, the required theoretical foundations, terminology and the current state of SCA were 

presented to the participants to ensure all participants had the same level of knowledge on the sub-

ject. In the second part, the preliminary version of the SCA dimensions was introduced to the partici-

pants. This was followed by an exercise during which the participants were asked to formulate ques-

tions for measuring the use of the ECS in their company by using the dimensions for SCA. Each partici-

pant developed at least two questions. Each question was written down on a card and collected on a 

pinboard visible to all participants. As the participants submitted their cards to the pinboard, the 

moderators grouped the cards into categories that represented the feasibility of the implementation 

as prototypes at the time of the workshop. Following the collection, the participants discussed the ex-

ercise itself as well as the proposed dimensions for SCA. 

Description of the interactive part (How?) 

As mentioned above the interactive part of this focus group is guided by a preliminary version of the 

Social Collaboration Analytics framework, which is depicted below. 
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The four dimensions aim to guide researchers and practitioners in developing questions that can be 

posed toward the available ECS data. Thus, the four dimensions represent the main elements of an 

event. The dimension who seeks to answer the question “Who initiated the event?” and thus refers to 

the originators of events. These can be for example the whole platform, several communities, individ-

ual members or business units. The dimension where answers the question “Where did the event oc-

cur?” and contains the modules of an ECS as described in section 1.1. The dimension what describes 

the type of event and answers the question “What kind of event happened?”. Finally, the dimension 

when describes the time at which an event happened.  

Each participant had to develop two different questions on ECS usage using the dimensions for SCA. 

The questions were collected on a pinboard as shown in the figure below. The activity was followed by 

a group discussion. 

Data analysis 

During the focus group, the questions that the participants would like to pose to the data of their ECS 

were collected. The result is depicted below. 
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Upon submission of the cards, the questions were assessed for their technical feasibility for imple-

mentation as prototypes and grouped accordingly. The questions that were considered as feasible for 

a possible implementation were grouped in the left column. The middle column contains the ques-

tions where feasibility could neither be confirmed nor denied. The right column contains all the ques-

tions that at the time of the focus group cannot be developed as prototypes. 



Florian Schwade 

248  

Questions that are feasible for a prototype 

After the focus group, the collected questions were categorised according to their topic. This categori-

sation provided a fist indication of the aspects of ECS use that are of interest to the participants. 

Topic Number of questions 

Unique visitors/contributors (within a community) 4 

Connectedness of users 3 

(Social) interactions with content 2 

Analysis of ToDo items 2 

Creation of new content 1 

Types of communities 1 

Content followers 1 

 

From the analysis of the results, it can be seen that many practitioners are interested in the number of 

unique actors, especially contributing users (within specified communities). 

• Unique visitors 

• How many unique contributors are in a specified community? (2x) 

• Which community has the highest amount of unique contributors? 

Another mentioned theme is the connectedness of users. The participants are interested in gaining 

more information about the size and characteristics of networks in their ECS. 

• Connectedness of the employees/company (Size of networks, Interactions) 

• Which profile has the most contacts/followers? 

• How does the size of a users’ network correlate with the number of users who are fol-

lowing the users’ content? 

Another common theme of interest is (social) interactions with content. With the emergence of ECS 

content cannot just be created and read, social interactions like sharing, tagging and commenting can 

occur. 

• Wiki; Quarter; Read/Comment 

• How many members have read/commented a specified Blogpost? 

The analysis of ToDo items is also of interest for practitioners. In the discussion, it turned out that, the 

task management modules are frequently used but the systems do not provide any overview or in-

sights on the completion status of activities or tasks. 

• Which tasks did not have any events in the last n days? 

• Which tasks exceeded the due date by more than n-days? 

Further submitted questions concerned the number of users that create new content, the identifica-

tion of different types of communities and the number of users that are following content to receive 

updates. 
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It can be observed that there is a variety of different aspects covered by the submissions. Participants 

are especially interested in unique access and contributions to content. The participants criticised that 

ECS usually display very general usage statistics such as the number of users and number of logins. 

Such statistics provide limited insight into platform usage.  Additionally, in the discussion, it was point-

ed out that usage statistics are required on the community level, which enables especially community 

managers to improve their community. 

Questions that are not feasible for a prototype 

This section describes the questions that were developed which at the time of the focus group cannot 

be developed as a prototypic report. However, these questions were sorted into categories as well. An 

overview is provided in the following table. 

Topic Count 

Analysis of searches 4 

Average length of visits 2 

Accessing clients 1 

 

What becomes evident from the analysis of the questions that were identified as not feasible is that 

these questions follow the aims of traditional web analytics.  

In this section, most submissions aimed at analysing searches in the system more detailed. 

• Are listings in the search result treated as events? 

• Which is the most frequently used search term? 

• How many searches did not return a result? 

• How often is a specific content retrieved by using the search function? 

In the discussion, the participants stated that it would be of interest to know what employees are 

searching for in their ECS in order to identify the required information that users are looking for on the 

platform.  

Other participants were interested in analysing the average length of visits on pages and the types of 

clients that access their platform. 

Questions where the feasibility could not be determined 

Finally, there were several questions where the feasibility of a prototypic development could not be 

determined. These were also categorised and are discussed in the following. 
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Topic Count 

Unique community interactions (relation to exter-
nal users) 

3 

Analysis of trending topics 3 

Power users 1 

A high percentage of questions in this section also aims at analysing unique interactions in communi-

ties but with a particular focus on comparing the activities of company users with users from third par-

ties. 

• Unique community commenter (Distribution among internal and external users) 

• How many unique visitors are in a specified community? (Distribution among internal and ex-

ternal users) 

• Unique initiators 

Recent versions of ECS allow inviting users from third-party companies to access restricted parts of the 

system. Practitioners are interested in finding out which proportion of activities in an ECS is created by 

these external users. 

The same amount of questions was assigned with the category analysis of trending topics. 

• What’s trending around me? 

• What content should I view based on my activities? 

• Are there theme clusters that can be identified? 

The discussion of these questions focused on the recommendation of content based on user activities. 

Practitioners are interested in identifying topic clusters which make it possible to suggest content to 

users based on their activities. Furthermore, it was concluded that graph analysis can support this. 

The last submission in this category aims at calculating the percentage of power users in a system.  

Discussion and evaluation of the preliminary SCA framework 

The overall discussion of the interactive part identified that the provided dimensions supported the 

participants in developing their questions. Before the introduction of the SCA dimensions, the partici-

pations stated that it was challenging to identify questions for measuring ECS usage. The participants 

mentioned that the dimensions for SCA provide valuable assistance in finding such questions. Howev-

er, the participants suggested to extend and revise the dimensions because they experienced some 

difficulties during the exercise. The participants expressed a need for a sharper distinction between 

the dimensions who and where. The dimension who merged different aspects. Whereas the element 

“Member” describes who initiated an event, the remaining elements describe the level of the platform 

(platform-wide, selected communities) or the physical location (business unit, country).  

The participants noted that the meaning of the developed questions needs to be carefully examined 

and that a comparison between different results might be necessary in order to retrieve useful in-

sights. The participants showed interest in seeing some of the proposed questions developed as pro-

totypic analyses. 
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A.5 Focus group 2: Social Collaboration Analytics (Discussion and evaluation of prototypes) 

Date: 07.04.2016 

Time: 11:00 – 11:30 

Aims and objectives of the focus group (why?) 

This focus group aimed to present and evaluate the prototypes for analyses in ECS, which were devel-

oped based on the results from the first focus group and based on the results from a mini poll. After 

the presentation of the prototypes, the analyses and their possible meaning were discussed and eval-

uated among the focus group participants. Therefore, the main objective of the focus group was 

1. To discuss and evaluate the prototypes 

Context (How does it fit?) 

The focus group is the first follow-up focus group. It builds on the first introductory focus group and 

the results from the mini-poll that was conducted among the participants in between the two focus 

groups. 

Participants (Who and how many?) 

In this focus group, 12 participants from 11 companies from different industries participated. The ta-

ble below provides an overview of the focus group participants. 

No Role Company 

1 Sales Manager Clothing Manufacturer/Retail 02 

2 Sales Manager Clothing Manufacturer/Retail 02 

3 Project Manager, IT Automotive Parts Manufacturer 01 

4 Head of IT Construction Engineering Services 01 

5 Senior Manager, IT Automotive Parts Manufacturer 02 

6 IT Manager, Collaboration/Knowledge Technical Inspections 

7 Head of Knowledge Management Consumer Electronics Manufacturer 02 

8 Project Manager, Collabora-
tion/Knowledge 

Consumer Electronics Manufacturer 01 

9 Head Digital Learning & New Technolo-
gies 

Chemical Products Manufacturer 02 

10 Project Manager, Communication & 
Marketing 

Chemical Products Manufacturer 03 

11 Head of Internal Communications Steel Manufacturer 02 

12 Head of IT PublicAdminstration ServicesComp 

 

Although the participants have different roles in their respective organisations, all of them are respon-

sible for operating and managing the ECS in their company. 
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Outline & schedule (What?) 

Because one of the participating companies is also working on topics related to SCA, a short presenta-

tion session of this participant was scheduled at the beginning of this slot. 

1. Input by participant number 5 

a. Social Collaboration Analytics at Automotive Parts Manufacturer 02 

b. Data sources for Social Collaboration Analytics 

c. Demonstration of examples 

2. Recap and conclusion of the previous focus group 

3. Presentation of the results from the mini-poll 

4. Presentation and discussion of new SCA prototypes 

In order to make the development and the data sources more comprehensible, the prototypes in the 

fourth section of the session were presented in a fixed scheme. The scheme is outlined below: 

1. Definition and meaning of essential terms 

2. Description of considered events 

3. Required SQL statements 

4. Which databases and tables served as a data source? 

5. Presentation of a visualised form of the analysis 

6. Summary of the main results 

7. Interpretation of results 

8. Limitations 

9. Possible further improvements 

According to this scheme, prototypes for the questions which were selected based on the mini-poll 

were presented: 

1. How many unique contributing users are there within a community? 

2. Which community has the highest amount of unique contributors? 

3. How many unique visiting users are there within a community? 

4. How many users read a specified blogpost? 

The presentation concluded with an outlook on the application of Social Network Analysis in the con-

text of SCA for measuring connectedness of employees.  

Data analysis 

The following sections present and discuss the results of the focus group session. As the discussions 

focussed on the findings from the participants’ input and challenges for SCA, the following discussion 

was split into three sections. 

Findings from the general discussion 

The following example was discussed in detail. The prototype aimed to answer the questions: 

• How many unique users visited a specified community? (6 votes) 

• How many unique users contributed to a specified community? (6 votes) 
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The figure depicts one of the prototypes that were developed for the evaluation of the dimensions for 

SCA. The prototype seeks to answer the two questions listed above which refer to unique visitors and 

contributors in communities. This analysis also identified the five communities with the highest num-

ber of contributing members. The dimensions for SCA provided guidance for the development of the 

prototype as follows: 

• Who: Communities and their members 

• Where: All modules 

• What: All activities grouped into consuming and contributing activities 

• When: Last 365 days 

The analysis identified the number of members of a community, the number of unique users who vis-

ited the community and the number of unique contributors in a community. The evaluation in the fo-

cus group confirmed that the prototype answers the questions. The participants discussed how these 

questions were developed from the SCA dimensions. The demonstrated results also helped the partic-

ipants to discuss how the selected communities are used. For two communities it can be observed 

that the number of visitors to the community is higher than the number of community members. This 

happened because these two communities are open to all members on the platform and thus can also 

be visited by non-members. Even such a basic analysis provided valuable information to the collabora-

tion professionals. The successful evaluation in this second focus group confirmed that the dimensions 

for SCA provide valuable guidance in developing meaningful analyses. 
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From the discussions among the participants, it became clear that the presented analyses were per-

ceived as valuable. Especially the numerical analyses are required to justify and prove that the ECS is 

actively used. Furthermore, the participants’ input indicated that the unique user activities and con-

nectedness of employees are two of the most important topics for practitioners. The approach to so-

cial network analysis and network visualisation in ECS, which was presented in the outlook sparked a 

new discussion. Two participants mentioned that such analyses are likely to have a high impact on the 

management as it allows identifying essential individuals, which connect organisational units. Another 

participant added to the discussion that network analysis could help in locating experts and can also 

support finding successors for certain positions. Furthermore, another participant mentioned the pos-

sibility of talent spotting. As another possible addition to SCA, the consideration of sentiment analysis 

especially in comments was suggested. 

The discussion was concluded with two impulses for further research. One participant mentioned that 

SCA could also serve as a feedback mechanism for end-users because work in ECS is heavily based on 

feedback. However, in ECS such feedback mechanisms besides the comment feature are often absent. 

A possible solution, which can be provided by SCA, is an assessment of the quality of content. The sec-

ond concluding remark, which was given by another participant, suggests combining graph analysis 

and numerical analysis to gain even more comprehensive and meaningful analyses. 

Findings from the participants' input 

The presentation of the participant provided a detailed insight into the work of the particular compa-

ny. The core analytic topics that the company is working on are connectedness of users and user activi-

ties. Further, a first approach to classify the different data sources within ECS was presented. There 

are (1) web server logs, which make it possible to count user logins or devices used to access the plat-

form. Second, there is a (2) content database, which stores the content of the platform itself and al-

lows to create numerical statistics such as counting of communities and blog posts. Finally, the (3) 

metrics database contains all user activities within the system. 

Findings from the discussion related to challenges for SCA 

From the participants' input presentation and the discussion of the focus group, several challenges for 

SCA were identified which were discussed in the following. 

A key problem, which practitioners are currently struggling with, is how to define active users and in-

active users. In this context, the classification of user events (e.g. active events, passive events) is a 

further challenge. Concerning the activity analysis of communities, the participants’ presentation and 

the overall discussion of the focus group session identified another challenge. The fluctuation of em-

ployees and thereby community members is a severe challenge for these analyses. For each member 

profile, the status of the profile needs to be checked from a separate database. However, it was 

pointed out that this adds considerable overhead to the analytics scripts. Although this is not satisfac-

tory, participants tend to ignore and therefore not clean this fluctuation. Even if the profile status is 

considered for the analysis, members that leave a specific community during the period of analysis still 
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leave an impact on the analysis result. Concerning the organisation as a whole, a further issue was 

briefly raised in the focus group, which is specially related to Germany. The works council (Betriebsrat) 

needs to be informed and accept the analyses in IT systems. There must be a good reason for such 

analyses, especially if they are conducted on an individual level. 

Finally, in the presentation, a technical restriction was mentioned. In the events table in the METRICS 

database, which contains the event log of IBM Connections, purges records after 365 days. This limits 

analyses into the past to one year. 

Concerning the topics within SCA that were discussed in this focus group, the findings from the previ-

ous focus group and the mini poll could be again confirmed. Practitioners are especially interested in 

analysing unique user interactions and the connectedness of users within an ECS. 

A.6 Focus group 3: Evaluation of the dimensions for SCA and barriers to SCA 

Date: 15.09.2016 

Time: 11:00 – 11:30 

Aims and objectives of the focus group (Why?) 

The main objective of the focus group was to present a revised version of the dimensions for Social 

Collaboration Analytics and to demonstrate the application for developing questions and data queries. 

Based on the provided examples, challenges and barriers for SCA were discussed in this focus group. 

Therefore, the aims of this follow-up focus group were: 

1. Demonstration of the dimensions for Social Collaboration Analytics and its’ application 

2. Discussion of challenges and barriers for Social Collaboration Analytics 

Context (How does it fit?) 

This focus group builds on two previous focus groups. In the 3rd IndustryConnect workshop, a prelimi-

nary version of the dimensions was already evaluated. Based on the provided feedback and further re-

search a revised version is presented in this focus group. In the 4th IndustryConnect workshop, the par-

ticipants discussed challenges for Social Collaboration Analytics. 

Participants (Who and how many?) 

In this focus group, 13 participants from 11 companies from different industries participated. The fol-

lowing table summarises some characteristics of the participants. 
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No Role Company 

1 Spokesperson Finance Industry Association 01 

2 Head Digital Learning & New Technologies Chemical Products Manufacturer 02 

3 Head of Internal Communications Steel Manufacturer 02 

4 Project Manager Automotive Parts Manufacturer 02 

5 Senior Manager, IT Automotive Parts Manufacturer 02 

6 Head of IT Construction Engineering Services 01 

7 Project Manager, Communication & Marketing Chemical Products Manufacturer 03 

8 Project Manager, Collaboration/Knowledge Consumer Electronics Manufacturer 01 

9 Head of IT PublicAdminstration ServicesComp 

10 Manager, Digital Transformation & Change Automotive Parts Manufacturer 05 

11 Service owner (IT) Automotive Parts Manufacturer 05 

12 Specialist, Collaboration Steel Manufacturer 01 

13 Head of Communications/Knowledge Consumer Electronics Manufacturer 02 

 

Outline and schedule (What?) 

The focus group was structured as follows. The first part provided a brief recap of the results from the 

previous focus groups. The second part provides a summary of the updated research findings since the 

last focus group. The focus of this recap was on the barriers to SCA and the final version of the dimen-

sions for SCA. Following this, further analyses, which demonstrated the application of the dimensions 

for SCA, were presented. The focus group session was concluded with an outlook on new ideas and a 

discussion emphasising barriers and challenges for Social Collaboration Analytics. 

1. Recap of the previous focus groups 

2. Updates on Social Collaboration Analytics 

a. Data sources for Social Collaboration Analytics 

b. Barriers to Social Collaboration Analytics 

c. Challenges related to IBM Connections 

d. Challenge: Mapping Content data and Transactional data 

e. Dimensions for Social Collaboration Analytics 

3. Presentation of further analyses 

4. Outlook & Discussion 

Data analysis 

The main objective of the discussion among the participant was to identify further challenges and bar-

riers for the application of SCA in practice. Similarly to the previous focus group, a large part of the 

discussion was dedicated to the works council. 

The participants argued that the anonymity of employees always has to be ensured. In Germany, the 

works council would not accept analyses that allow tracing or comparing platform usage of individuals. 

In order to address this problem the works council needs to be involved already in the early stages of 
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the implementation of ECS. This raises the awareness for and understanding of issues related to ECS, 

including required and necessary analyses. In addition, the advantages of SCA need to be clearly com-

municated and analyses have to be well documented. The participants argued that the dimensions for 

SCA and the conceptualisation of ECS data sources are helpful tools for achieving precise documenta-

tion. However, all the participants agreed that there is a high uncertainty considering laws and policies 

when establishing SCA in an organisation. During the discussion, the participants concluded that it is 

substantial to consider two main aspects when conducting SCA: 

1. Ensure the privacy of individual users in queries 

2. Consideration of national and international laws such as privacy laws 

From the discussion of this focus group it can be concluded that especially in Germany the works 

council can be a significant constraint for Social Collaboration Analytics. 

A.7 Focus group 4: Social Collaboration Analytics at the case company 

Date: 15.09.2016 

Time: 11:00 – 11:30 

Aims and objectives (Why?) 

The objectives of this focus group were to: 

1. Define objectives for further bi-lateral research on Social Collaboration Analytics 

Context (How does it fit?) 

The focus group on Social Collaboration Analytics follows up on the previous visit for the base case. 

Prior to the company visit, the participants have signalled great interest in Social Collaboration Analyt-

ics.  

Participants (Who and how many?) 

Five participants from the collaboration team of the case company participated in this focus group. 

No. Role 

1 Head of internal communication 

2 Collaboration Expert 

3 Manager internal communication 

4 Internal communication 

5 Corporate program manager, IT 

 

Outline and schedule (What?) 

The focus group was structured as follows: 

1. Introduction and foundations for Social Collaboration Analytics 
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2. Compound Social Business Documents 

3. Dimensions for Social Collaboration Analytics 

4. Demonstration of examples 

5. Social Business Document Monitoring 

6. Open discussion 

The first five topics provided the participants with background information on Social Collaboration An-

alytics. In the open discussion, recent concerns and ideas for further research on SCA with the case 

company were discussed among the participants. 

Data analysis 

In the discussion, the participants confirmed that the SCA framework and the conceptualisation of the 

data sources provide useful structures. During the discussion, the participants mentioned the follow-

ing aspects which they would like to analyse on their platform: 

• Which proportion of the communities is used for inter-organisational collaboration? 

• Which topics are discussed on the platform? 

• Which user types can be identified? 

• Which community types can be identified? 

• How connected are employees on the platform? 

It was agreed that the bi-lateral research on Social Collaboration Analytics is continued in further 

workshops. 

A.8 Focus group 5: Social Collaboration Analytics at the case company and identification of practical 

implications of the SCA key themes 

Date: 13.04.2018 

Time: 10:00 – 17:30 

Aims and objectives of the focus group (why?) 

The objectives of this focus group were to: 

1. Collection of information for the base case 

2. To identify the current status of Social Collaboration Analytics at the case company 

3. To identify relevant questions for the organisation that can be addressed by SCA 

4. To identify practical implications of the seven key themes for SCA 

Context (How does it fit?) 

A previous visit to the organisation has been conducted in July 2017. The objective of this visit was to 

gather data for a base case. Additionally, this visit identified a mutual interest in research on SCA. The 

focus group described in this document builds on previous visits. 

Participants (Who and how many?) 

The following table provides an overview of the participants of the focus group. 
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No. Role 

1 Head of Internal Communications 

2 Collaboration expert 

 

Outline and schedule (What?) 

The company visit consisted of two parts. The first part aimed at completing the required information 

for the base case. This part was conducted in the form of a semi-structured interview. The base case is 

required because it provides the context and background for the bilateral research undertaking. The 

remainder focuses on the results from the focus group part.  

The second part of the site visit was dedicated to Social Collaboration Analytics. This part was con-

ducted as a focus group with two experts from the organisation.  

Time Topic 

10:30 – 11:00 Introduction and final agenda 

11:00 – 13:00 Review of the base case 

13:00 – 14:00 Lunch break 

14:00 – 17:00 Social Collaboration Analytics 

Part 1: Review 

Part 2: Focus group 

17:00 – 17:15 Summary  

 

The second part of the focus group covered the following topics:  

1. Compound Social Business Documents 

2. Demonstration of the Content Dashboard 

3. SCA framework & data sources 

4. Key Themes for Social Collaboration Analytics 

5. Demonstration of the application of Social Collaboration Analytics 

6. Benefits measurement 

7. Interactive work 

As this interview also investigates the status quo of SCA at the organisation, this allows a triangulation 

between the results from the survey and the interview. The third objective was to identify the poten-

tials for SCA at the organisation. The overall objective of the bi-lateral research with the company is to 

identify relevant objectives and questions for SCA. Concerning this, the practical implications of the 

seven key themes for SCA were investigated. This focus group enhances the discussion by providing a 

point of view from practitioners. 

Description of the interactive part 

Because the primary objective of the focus group was to establish the practical implications of the key 

themes, they provided the structure for the focus group. Consequently, the focus group consisted of 
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seven sections (one for each key theme). For each section of the focus group, there were three objec-

tives: 

1. To identify the status quo and limitations of the application of the SCA key themes 

2. To identify plans for implementing additional analyses in the future 

3. To identify practical implications of the key themes 

To achieve the objectives, all sections of the focus group followed the same structure. First, the key 

themes and their theoretical backgrounds were presented to the participants. Additionally, exemplary 

analyses and visualisations from all key themes were shown to the participants. Based on the visuali-

sations, the participants were asked to reflect on the following questions in each section of the focus 

group: 

• Which analyses that can be categorised into the current key theme are implemented at the 

case company? 

• What are the current limitations that the case company is facing regarding the implementa-

tion of such analyses? 

• Are there plans for implementing additional analyses in the area of the current key theme in 

the future? 

• Which information can be gained from the demonstrated analyses and which potential ac-

tions or measures could be enabled based on the information? 

The results from the focus group are presented and discussed in the following sections. 

Description of the results 

Measuring System Usage 

In the section for general usage measures, several analyses and exemplary visualisations were pre-

sented to the participants: 

• General usage measures: such as the number of users or the number of Social Documents 

• Action-specific usage measures: such as the number of create, read or edit events 

• Participation inequality 

• Measuring time spent on reading, editing or replying to content 

Status Quo and Limitations 

The participants noted that the implemented analyses at the case company do not go beyond what is 

classified as general usage measures. Currently, the collaboration team counts the number of regis-

tered and logged-in users every month. Additionally, the number of users who completed the 

onboarding assistant of the ECS is counted. This number allows the collaboration team to track how 

many new users signed up for the platform and completed the initial onboarding training. Besides the 

collection of user-related metrics, the collaboration team uses Piwik, a web analytics software, for an-

alysing how much time employees spend on the platform. The primary objective of the installation of 

Piwik was to confirm that the ECS can be analysed using traditional web analytics software. The col-

laboration team currently has no plans for further investigating the capabilities of Piwik in the context 

of the collaboration platform. In the discussion, the participants outlined that an external consulting 
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firm is responsible for collecting and analysing the metrics. The collaboration team of the case compa-

ny does not know any details about the underlying data, the data preparation or the applied algo-

rithms. In the past, the collaboration team observed inconsistencies in the collected metrics, which 

could be traced back to imprecise data classifications. Regarding content-related metrics, the partici-

pants stated that they currently do not collect metrics such as the number of documents on the plat-

form. Currently, the collaboration team does not collect metrics which go beyond the present metrics 

such as counting the number of users and the number of events on the platform. 

Plans 

Currently, the collaboration team does not have an overview of the number or types (open, closed, 

moderated) of communities on their platform. The participants stated that it is planned to collect such 

information in the near future. The collaboration team wants to identify communities without defined 

owners, test communities or communities that have only one member. Such an overview would help 

to identify communities which can possibly be deleted. 

The available data allows distinguishing between employees and external partners. Additionally, it is 

possible to distinguish users by business units. The focus group participants stated that they plan to 

analyse platform usage on the level of organisational departments.  

Moreover, the collaboration team wants to address the issues with the data, the data preparation and 

the algorithms to improve the data quality and the reliability of the metrics. The participants also plan 

to identify all available data sources for SCA and to map them for enabling more advanced analyses. 

Practical Implications 

The participants stated that indicators for the effects of advertising campaigns and user training can 

be observed based on the collected metrics. In the discussion, it was frequently highlighted that met-

rics from the key theme system usage can only provide a high-level overview of system usage. The ac-

tual information gain from such metrics is limited. The participants repeatedly argued that for mean-

ingful SCA it necessary to find the right metrics and to carefully interpret the results. 

Identification of Usage Patterns 

In this section, exemplary analyses and visualisations were presented to the participants: 

• Analysis of search patterns 

• Analysis of communication patterns 

• Analysis of usage patterns (Process Mining)  

Status Quo and Limitations 

Usage patterns such as use cases and collaboration scenarios are currently gaining increasing im-

portance at the organisation, especially for demonstrating possible use cases for the ECS to employ-

ees. In the discussion, the participants argued that usage patterns can only be identified from log data 

by applying process mining algorithms. Due to the high complexity of process mining, such analyses 

were not conducted, yet.  
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Plans 

Due to the high complexity of process mining, there are currently no plans for conducting process min-

ing to identify usage patterns. Still, based on the provided examples, the participants expressed high 

interest in such analyses and sparked a discussion on how such analyses could provide value to their 

collaboration team. 

Practical Implications 

One of the main tasks of the collaboration team at the case company is to consult users and communi-

ty managers. In user trainings and individual consultations, the collaboration team supports users by 

demonstrating how they can use the platform and manage communities. Some community managers 

ask the collaboration team why their communities become inactive over time and eventually fail. Be-

cause the actual collaboration behaviour of employees on the platform is unknown, the collaboration 

team is currently unable to answer such questions. The participants argued that analysing usage pat-

terns can help to identify causes for such problems. Additionally, sequence-oriented analyses could 

help to compare different communities. Comparing usage patterns of multiple communities would al-

low improving and demonstrating use cases and collaboration scenarios in successful communities. 

Identification of Types of Users 

In this section, exemplary analyses and visualisations were presented to the participants: 

• What are the different user types and which characteristics do they have? 

• User roles: Such as helper, sharer or seeker 

• User types: such as lurker, contributors, creators 

Status Quo and Limitations 

The participants stated that there are currently no analyses implemented related to the identification 

of types of users. Regarding limitations, it was argued that the works council might not allow conduct-

ing such analyses because individual users might be identified. The participants also noted that involv-

ing and informing the works council can help to demonstrate the use and value of analyses to the 

works council. 

Plans 

While there are no plans to implement analyses from this key theme, the participants signal a high 

personal interest and argue about possible information gains from identifying types of users. 

Practical Implications 

The participants outlined several practical implications for identifying types of users. First, such anal-

yses allow categorising users in different groups. This segmentation allows identifying expert users 

who act as role models for other users. Additional interviews with known expert users can help to 

identify their motivations and to enrich the findings from the identification of types of users. The re-

sults from such interviews could help to guide and motivate other users to use the platform more ac-
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tively. Additionally, investigating different types of users and their characteristics could provide in-

sights into the participation and contribution of employees on the collaboration platforms. 

The results of such analyse would allow to address smaller groups more accurately and to compare 

the results across business areas and communities. In summary, the collaboration professionals re-

peatedly pointed out that the identification of types of users has implications for practice. The infor-

mation gain from such analyses can also support the allocation of resources for user trainings and ad-

vertising campaigns. 

Workspace Analyses 

In this section, exemplary analyses and visualisations were presented to the participants: 

• Community activity 

• Community health 

• Comparison of communities 

• Identification of types of communities 

Status Quo and Limitations 

Currently, the participants do not conduct workspace analyses. The participants argued that all anal-

yses from this key theme are of high interest to them. Workspace analyses are challenging because 

they require an accurate classification of different types of workspaces. 

Plans 

As already mentioned in the section on measuring system usage, the collaboration team plans to im-

plement workspace analyses. Thus, the participants welcomed the discussion on workspace analyses 

and provided some thoughts on potential information gains for these analyses. 

Practical Implications 

Results workspace analyses provide valuable information to the collaboration team and community 

managers. As mentioned before, the collaboration team currently has no overview of the communities 

on their ECS. Additionally, profiling communities based on their content and activity has the potential 

to increase the understanding of platform usage and to address audiences more accurately. In the 

long-term, predictive analyses could alert community managers if specific threshold values are ex-

ceeded. Based on these warnings, community managers could take actions to prevent their communi-

ty from becoming inactive.  

Identification of Expertise 

In this section, exemplary analyses and visualisations were presented to the participants: 

• Who are the experts for a topic area? 

• Which are the users, which influence the behaviour of other users in discussions on specific 

topics? 

• Ranking of expertise 
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Status Quo and Limitations 

The company recently implemented the software expertise locator. The tool extracts the expertise of 

users based on their profile and system usage. The collaboration professionals noted that the identifi-

cation of expertise could be an analysis on the level of individuals. The participants noted that anony-

mised analyses are easier to negotiate with the works council. 

Plans 

There are no plans to implement new tools or analyses for the identification of expertise. The next 

step is evaluating the usability and the results of the expertise locator software. 

Practical Implications 

As expertise is a complex topic, the collaboration team of the company has not yet extensively 

thought about this topic. Thus, the participants expressed difficulties in thinking about potential in-

formation gain. As previously outlined, the identification of expertise is an analysis on the individual 

user level, which might require anonymisation. The participants argued that even anonymised analyt-

ics might be useful because they can reveal that experts for a topic are (non-) existent. The identifica-

tion and location of expertise can have a significant impact on succession planning, risk management 

and organisational development within an organisation. The participants mentioned that there might 

be other benefits in the area of Human Resources as well. 

Network Analyses 

In this section, exemplary analyses and visualisations were presented to the participants: 

• The connectedness of users (including structural characteristics of networks) 

• The revelation of informal networks 

• Analysis of document-centric networks 

Status Quo and Limitations 

The collaboration team currently does not conduct any network analyses. 

Plans 

The collaboration professionals mentioned that there are currently no plans for implementing net-

work analyses. However, the participants signalled a strong interest in network analyses and shared 

how such analyses might help them for taking actions and for managing their platform. 

Practical Implications 

The works council might only permit anonymised network analyses. The participants emphasise that 

even anonymised networks are of high value. Such networks allow drawing conclusions, especially 

with background knowledge about the organisation. Network analyses are of high interest to the col-

laboration team because one of the objectives for the implementation of the ECS was to improve the 

connectedness of employees. The participants argue that networks based on follow relations and 

networks based on interactions provide different information, which is both valuable for analysing the 
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organisation and driving the organisational development. Thus, such analyses are especially valuable 

for change management, organisational development, and for analysing historical organisational de-

velopment. 

Organisational and Cultural Impacts 

In this section, exemplary analyses and visualisations were presented to the participants: 

• Impact of geographical dispersion on collaboration 

• Boundary Spanning 

• Impact of hierarchies on platform usage 

Status Quo and Limitations 

Currently, the company does not conduct any of the presented analyses. 

Plans 

There are no plans to implement analyses from this key theme. However, this section of the interview 

sparked discussions and thoughts on practical implications among the collaboration professionals. 

Practical Implications 

One of the main goals of the implementation of the ECS at the organisation was to foster international 

and inter-organisational collaboration. The participants desire to show that inter-organisational and 

international collaboration is happening. The organisational hierarchy is another crucial aspect of the 

company. The organisational hierarchy was an essential success factor for the implementation of the 

ECS. Analyses on the impact of hierarchies on platforms can have manifold implications according to 

the practitioners. Such analyses would allow identifying whether system usage of executives has posi-

tive or negative impacts on employees. Finally, the participants argued that there are similarities be-

tween the analysis of organisational and cultural impacts and network analyses. Thus, this key theme 

is also relevant and bears practical implications. 

A.9 Focus group 6: Identification of stakeholders for Social Collaboration Analytics 

Date: 05.10.2018 

Time: 14:00 – 15:30 

Aims and objectives of the focus group (Why?) 

This focus group aimed to merge and present the research findings from the areas of Benefits Realisa-

tion Management and Social Collaboration Analytics. Following this, the objectives of the focus group 

were to identify relevant stakeholder groups for reporting on ECS. Additionally, in a brainstorming ac-

tivity, possible actions that collaboration professionals want to take based on the reports are identi-

fied. Consequently, the objectives of the focus group were to: 

1. Present research findings on Benefits Realisation Management and Social Collaboration Ana-

lytics 
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2. Identify stakeholder groups that require reporting on the ECS usage 

3. Identify stakeholder groups that collaboration professionals want to inform about ECS usage 

4. Identify actions that collaboration professionals want to take based on reports 

Context (How does it fit?) 

This focus group builds on previous IndustryConnect workshops on Benefits Realisation Management 

and Social Collaboration Analytics. 

Participants (Who and how many?) 

In this focus group, 13 participants from 10 different organisations participated. The following table 

presents an overview of the participants. 

No Role Company 

1 Knowledge manager Consumer Electronics Manufacturer 02 

2 Head of infrastructure, corporate IT Automotive Parts Manufacturer 06 

3 Project Manager Energy Production 02 

4 Head of Collaboration Platforms, Corpo-
rate IT 

Air Transportation 01 

5 Specialist Collaboration Automotive Parts Manufacturer 02 

6 Head of Business Engineering Textile Design/Manufacturer 01 

7 Specialist, Collaboration Automotive Parts Manufacturer 02 

8 Head of Internal Communication Steel Manufacturer 02 

9 Internal Consultant Air Transportation 01 

10 Digital Project Manager Chemical Products Manufacturer 02 

11 Project Manager, Communication & Mar-
keting 

Chemical Products Manufacturer 03 

12 Project Leader, IT Chemical Products Manufacturer 02 

13 Specialist, Collaboration/Statistics Automotive Parts Manufacturer 02 

 

Outline and schedule (What?) 

The focus group consisted of two parts. In the first part, a summary of the research findings on Bene-

fits Realisation Management and Social Collaboration Analytics were presented to the participants. 

The interactive part of this focus group addressed the objectives 3-6. Live-Polling presentation soft-

ware was applied to support this interactive session. When submitting answers to the poll, the presen-

tation slides automatically updated to show the results in real-time. This stimulated an immediate dis-

cussion on the results. For identification of stakeholders that require reports on ECS use, the partici-

pants were provided with the ECS Stakeholder classification. As an additional answer option “none” 

was provided to enable participants to express that no reports are required. To achieve a better un-

derstanding of these stakeholder groups and their information needs, the participants were asked two 

different questions: (1) Which stakeholder groups do you want to provide with reports on the ECS? 
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and (2) Which stakeholders require metrics on ECS usage? This allows a distinction between a wish to 

present metrics to others (push) and the demand for reports (pull). 

For avoiding redundancy, the results are omitted from the documentation. Section 5.1 contains a de-

scription of the results from this focus group. 

A.10 User-related Metrics 

Metrics Reference 

Number of visits on the platform (Bîzoi et al., 2009; Garcia-Perez & Ayres, 2015; Herzog 
et al., 2015, 2013; Muller et al., 2012) 

Number of users (Appelt, 2001; Berger et al., 2014; Bøving & Simon-
sen, 2004; Friedman et al., 2014; Hacker, Bodendorf, 
et al., 2016; Jeners et al., 2013; Langen, 2015; Mat-
thews et al., 2013; Millen et al., 2006; Recker & Lekse, 
2016; Richter et al., 2013b; Shami et al., 2011; Simon 
& Blondel, 2010) 

Number of logins on the platform (Herzog et al., 2015; Margaria & Karusseit, 2003, 
2003; Wu et al., 2010) 

Number of unique visitors (Benhiba et al., 2013; Herzog et al., 2015, 2013) 

Number of authors (Benhiba et al., 2013; Brzozowski, 2009; Brzozowski 
et al., 2009; Hacker, Bodendorf, et al., 2017; Herzog 
et al., 2015, 2013; Kremer-Davidson et al., 2016; 
Recker & Lekse, 2016; Richter et al., 2013b) 

Unique users and hits per day (Herzog et al., 2015, 2013) 

Psychometrics (Hacker, Bernsmann, et al., 2017) 

Expert rank (John & Seligmann, 2006) 

Number of active users (Riemer, Lee, Haeffner, et al., 2018) 
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A.11 Content-related Metrics 

Metrics References 

Number of files opened on the platform (Benhiba et al., 2013; Bîzoi et al., 2009) 

Average number of documents/files (Bøving & Simonsen, 2004; Friedman et al., 2014; 
Recker & Lekse, 2016; Shami et al., 2011; Simon & 
Blondel, 2010) 

Total information traffic in MB (Bîzoi et al., 2009) 

Number of posts by type (blog, forum, wiki …) (Behrendt, Richter, & Trier, 2014; Benhiba et al., 
2013; Berger et al., 2014; Brzozowski et al., 2009; 
Chounta & Avouris, 2012; Friedman et al., 2014; 
Hacker, Bodendorf, et al., 2016, 2017; Herzog et al., 
2015, 2013; Jeners et al., 2013; Kremer-Davidson et 
al., 2016; Liu et al., 2013, 2013; Mark et al., 2014; 
Matthews et al., 2013; Muller et al., 2012; War-
shaw et al., 2016; Wu et al., 2010) 

Number of private messages (Behrendt, Richter, & Trier, 2014; Hacker, Boden-
dorf, et al., 2016, 2017; Steinhueser et al., 2015) 

Number of communities (Friedman et al., 2014; Hacker, Bodendorf, et al., 
2016; Herzog et al., 2015, 2013; Matthews et al., 
2013; Richter et al., 2013b; Warshaw et al., 2016) 

Number of messages per day (Herzog et al., 2015, 2013) 

Number of attachments (Hacker, Bodendorf, et al., 2016; Herzog et al., 
2015, 2013; Recker & Lekse, 2016) 

Posts with most reads (Benhiba et al., 2013; Herzog et al., 2015, 2013; 
Matthews et al., 2013) 

Top user groups (Herzog et al., 2015, 2013) 

Number of tags (Brzozowski et al., 2009; Hacker, Bodendorf, et al., 
2017; John & Seligmann, 2006; Millen et al., 2006) 

Community size (Hacker, Bodendorf, et al., 2016; Warshaw et al., 
2016; Xu et al., 2013) 

Number of revisions on wiki pages (Mark et al., 2014; Muller, 2012) 

Number of replies per question (Hacker, Bodendorf, et al., 2017; Riemer, Lee, 
Haeffner, et al., 2018) 

Percentage of (un) answered questions/discussions (Hacker, Bodendorf, et al., 2016; Langen, 2015; 
Richter et al., 2013b; Riemer, Lee, Haeffner, et al., 
2018) 

Length of content (Benhiba et al., 2013; Hacker, Bodendorf, et al., 
2016) 

Wiki pages created per day (Herzog et al., 2015, 2013) 

Average number of documents produced by member (Hacker, Bodendorf, et al., 2016, 2017; Simon & 
Blondel, 2010; M. Smith, Shneiderman, et al., 2009; 
M. Smith, Hansen, et al., 2009; Xu et al., 2013) 

Number of articles posted by team manager of an 
employee in a month/the last month 

(Luo et al., 2011) 

Total number of articles posted by other employees in (Luo et al., 2011) 
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an employees team within the last month, excluding 
team manager 

Number of uploads (Shami et al., 2011) 

Number of comments (Behrendt, Richter, & Trier, 2014; Hacker, Boden-
dorf, et al., 2016, 2017; Herzog et al., 2015, 2013; 
Muller, 2012; Muller et al., 2012; Steinhueser et al., 
2015) 

Number of discussions (Behrendt, Richter, & Trier, 2014; Hacker, Boden-
dorf, et al., 2017; Richter et al., 2013b) 

A.12 Action-related Metrics 

Metrics References 

Average number of readings for a member (Simon & Blondel, 2010) 

Number of articles posted by employee in a month (Luo et al., 2011) 

Number of articles posted by employee in last 
month 

(Luo et al., 2011) 

Number of reads (Appelt, 2001; Benhiba et al., 2013; Daradoumis et al., 
2003; Herzog et al., 2015; Jeners et al., 2013; Muller 
et al., 2009; Muller, Millen, et al., 2010; Muller, 
Shami, et al., 2010; Naderipour, 2011; Shami et al., 
2011; Simon & Blondel, 2010) 

Number of searches (Appelt, 2001; Hacker, Bernsmann, et al., 2017; Hack-
er, Bodendorf, et al., 2017; Millen et al., 2007; Muller, 
Millen, et al., 2010; Muller, Shami, et al., 2010; Rich-
ter et al., 2013b; Shami et al., 2011) 

Number of profile views (Shami et al., 2011) 

Number of events on the platform (Benhiba et al., 2013; Chounta & Avouris, 2012; 
Jeners et al., 2013; Kahrimanis et al., 2010; Mark et 
al., 2014; Matthews et al., 2013; Millen et al., 2006, 
2007; Riemer, Finke, et al., 2015; Riemer, Lee, 
Haeffner, et al., 2018; Shami et al., 2011) 

Number of shares (Hacker, Bodendorf, et al., 2017; Richter et al., 2013b; 
Shami et al., 2011) 

Number of collaboration scenarios (Behrendt, Richter, & Trier, 2014; Steinhueser et al., 
2015) 

Number of edits (Appelt, 2001; Bøving & Simonsen, 2004; Daradoumis 
et al., 2003; Herzog et al., 2015, 2013; Jeners et al., 
2013; Lau et al., 2014; Mark et al., 2014; Muller, Mil-
len, et al., 2010; Muller, Shami, et al., 2010; 
Naderipour, 2011; Richter et al., 2013b) 

Number of praises per posts (Herzog et al., 2015, 2013; Richter et al., 2013b) 

Average time per user per visit (Benhiba et al., 2013; Hacker, Bodendorf, et al., 2017; 
Herzog et al., 2015, 2013; Margaria & Karusseit, 2003; 
Richter et al., 2013b) 

Number of events per content type (Mark et al., 2014) 

Creation of information (Appelt, 2001; Benhiba et al., 2013; Bøving & Simon-
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sen, 2004; Daradoumis et al., 2003; Jeners et al., 
2013; Mark et al., 2014; Muller et al., 2009; Muller, 
Millen, et al., 2010; Muller, Shami, et al., 2010; 
Naderipour, 2011; Warshaw et al., 2016) 

Moving of information (Daradoumis et al., 2003) 

Activity Index (Jeners & Prinz, 2014b; Otjacques, Noirhomme, Go-
bert, & Feltz, 2006b) 

Productivity Index (Jeners & Prinz, 2014a) 

Cooperativity Index (Jeners & Prinz, 2014a) 

Participation-inequality (Jeners & Prinz, 2014a; Matthews et al., 2013; War-
shaw et al., 2016) 

Workspace Responsiveness (Jeners & Prinz, 2014a) 

Passivity (Riemer, Lee, Haeffner, et al., 2018) 

Gini coefficient (participation inequality) (Reinig & Mejias, 2014; Riemer, Lee, Haeffner, et al., 
2018) 

A.13 Network-related Metrics 

Metric Reference 

Number of connections (Behrendt et al., 2015; Benhiba et al., 2013; Ehrlich et 
al., 2007; Mark et al., 2014; Perer et al., 2011; Stein-
hueser et al., 2015; Wu et al., 2010) 

Users with most followers (Benhiba et al., 2013; Ehrlich et al., 2007; Perer et al., 
2011) 

In-degree centrality (Behrendt et al., 2015; Behrendt, Richter, & Trier, 
2014; Berger et al., 2014; Ehrlich et al., 2007; Fried-
man et al., 2014; Perer et al., 2011; Recker & Lekse, 
2016; Riemer, Finke, et al., 2015; M. Smith, Shneider-
man, et al., 2009; M. Smith, Hansen, et al., 2009) 

Closeness centrality (Behrendt, Richter, & Trier, 2014; Berger et al., 2014; 
Ehrlich et al., 2007; Perer et al., 2011; Riemer, Finke, 
et al., 2015) 

Betweenness centrality (Behrendt et al., 2015; Behrendt, Richter, & Trier, 
2014; Berger et al., 2014; Riemer, Finke, et al., 2015; 
M. Smith, Shneiderman, et al., 2009; M. Smith, Han-
sen, et al., 2009) 

Eigenvector centrality (Berger et al., 2014; John & Seligmann, 2006; M. 
Smith, Shneiderman, et al., 2009; M. Smith, Hansen, 
et al., 2009) 

Out-degree (Behrendt et al., 2015; Ehrlich et al., 2007; Friedman 
et al., 2014; Hacker, Bodendorf, et al., 2017; Perer et 
al., 2011; Recker & Lekse, 2016; Riemer, Finke, et al., 
2015; M. Smith, Shneiderman, et al., 2009; M. Smith, 
Hansen, et al., 2009) 

Structural Holes (Behrendt et al., 2015; Lin et al., 2012; Riemer, Finke, 
et al., 2015) 

Neighbours mean degree (M. Smith, Shneiderman, et al., 2009; M. Smith, Han-
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sen, et al., 2009) 

Clustering coefficient (M. Smith, Shneiderman, et al., 2009; M. Smith, Han-
sen, et al., 2009) 

Distance (Friedman et al., 2014, 2014; Recker & Lekse, 2016; 
Warshaw et al., 2016) 

Network diameter (Friedman et al., 2014) 

Graph density (Friedman et al., 2014; Riemer, Lee, Haeffner, et al., 
2018) 

Weak ties (Riemer, Finke, et al., 2015) 

Strong ties (Riemer, Finke, et al., 2015) 

Group closure (Riemer, Finke, et al., 2015) 

Number of followers (Benhiba et al., 2013; Hacker, Bodendorf, et al., 2017; 
Herzog et al., 2015, 2013; Liu et al., 2013; Mark et al., 
2014) 

Number of contact requests (Benhiba et al., 2013; Steinhueser et al., 2015) 

A.14 eXperience Interview Guideline 

Hintergrund 

Unternehmen allgemein 

 Können Sie uns etwas zum Hintergrund Ihres Unternehmens erzählen? 

• Historie/Geschichte 

• Brache 

• Produkte/Dienstleistungen 

• Wettbewerbssituation 

• Zielgruppe/Kunden 

• Umsatz 

• Anzahl Mitarbeiter 

• Konzernstruktur mit Abteilungen 

 Welchen Stellenwert hat Informationstechnologie in Ihrem Unternehmen? 

 Gibt es eine IT-/IS- Strategie und wenn ja, was beinhaltet diese? 

 

System 

 Welche Connections-Version haben Sie derzeit? 

 Wann wurde Connections eingeführt? 

 Wie viele Benutzer sind derzeit in Connections? 

 Welche Abteilungen Benutzen Connections derzeit? 
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Menschliche Aspekte 

 Wie ist Ihre Mitarbeiterstruktur bzw. die Eigenschaften der Mitarbeiter (Altersverteilung 

etc.)? 

 Wie ist die Verbreitung von Team- und Gruppenarbeit? 

Arbeiten die Mitarbeiter überwiegend alleine oder gemeinsam? 

 Arbeiten Sie (als Unternehmen) viel mit externen Partnern zusammen? 

 

Organisations-Aspekte 

 Wie würden Sie die Unternehmenskultur in Ihrem Unternehmen beschreiben? 

 Wie sehen Sie die Einstellung und Werte in Bezug auf die Bedeutung von Kollaboration in 

Ihrem Unternehmen? 

 Welche Erfahrungen hatten Sie bislang mit anderen Einführungsprojekten gemacht? 

Technische Aspekte 

 Welche Technologien und Applikationen setzen sie in Ihrem Unternehmen ein? 

➔ Auch welche vor der Einführung von Connections? 

 

Ex-Ante 

Wie sind Sie auf die Idee gekommen, Connections bzw. allgemein ein Kollaborationstool einzufüh-

ren? 

(Zwang vs. Nutzung einer Chance?) 

Motivation und Ziele 

 Was waren die Auslöser (das konkrete Problem) für das Einführungsprojekt? 

 Welches Ziel hat Ihr Unternehmen mit der Einführung von Connections verfolgt? 

 Wer war der Initiator für die Überlegungen zur Einführung von Connections? 

 

Erwarteter Nutzen 

 Welche (negativen) Auswirkungen hatte das Problem auf die Geschäftsprozesse vor der 

Einführung von Connections? 

 Welche Erwartungen hatten Sie an Connections? 

 Welche Abteilung/ Bereich sollten profitieren? 

 Welche Geschäftsprozesse sollten vor allem betroffen sein? 
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 Wurden Messgrößen definiert, mit denen der Erfolg des Projekts gemessen werden sollten? 

(Wenn ja, welche? Methode?) 

 

Entscheidungsprozess und Investitionsentscheidung 

 Wie wurde das Projekt initiiert bzw. wer hatte die „Idee“? (z.B. IT-Abteilung)  

 Wie wurde der Entscheidungsprozess organisiert? 

 Woher kamen die Informationen für die Entscheidungsgrundlagen (Messe, Handbücher)? 

 Wie wurde das Projekt vorbereitet? Berater, Software, Dienstleister, …? 

 Wie wurde das Projekt ausgeschrieben? Gab es verschiedene Angebote und Präsentationen 

von Anbietern? 

 Wurde eine gezielte Investitionsrechnung durchgeführt? 

 

Vorstellung der Partner 

 Haben Sie einen Implementationspartner für die Einführung von Connections gehabt? 

Wenn ja, wen? 

 Waren weitere Partner bei der Eiführung beteiligt? Z.B. Internetagentur für das Design, Ge-

schäftspartner die direkt mit angebunden wurden? 

 

Connections @ Partner 

Hier wird nach der statischen Momentaufnahme von Connections gefragt und in die vier Sichten auf-

geteilt. 

Funktionsumfang 

 Welche Funktionen von Connections werden in Ihrem Unternehmen genutzt? 

 Für welche Art von Aufgaben nutzen Sie IBM Connections? 

 Was sind die wichtigsten Anwendungsszenarien, die mit Connections bearbeitet werden? 

 Was für Dokumente werden in Connections bearbeitet oder erstellt (z.B. Projektberichte, 

etc.) 

 

Geschäftssicht und Ziele 

 Welche Geschäftsprozesse werden (auch teilweise) mit Hilfe von IBM Connections bearbei-

tet (z.B. Auftragsabwicklung etc.)? 

 Wie hängen die Geschäftsprozesse zusammen und welche Organisationen/ Unternehmen 

sind beteiligt? 
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Prozesssicht/ Kollaborationsszenarien 

 Welches Kollaborationsszenario sehen Sie als „das“ zentrale oder für Sie beispielhafteste 

Szenario an? Was ist das Ziel des Szenarios (z.B. ein Protokoll in Connections schreiben)? 

(so, dass man eins (einen Prozess) mal aufmalen kann) 

 Was geschieht im Groben in diesem Kollaborationsszenario? Wer ist beteiligt? Welche 

Software bzw. Elementes von IBM Connections verwenden Sie zur Unterstützung? Welche 

Dokumente sind wichtig? 

 

Anwendungssicht  

Unterteilt in die Datenhaltung, die Geschäftslogik und die Benutzerschnittstelle, wie ist Ihr 

Connections aufgebaut?  

(um die Grafik zu erstellen kommen einige Inhalte auch aus dem Bereich Funktionsumfang) 

 Wie wird auf Connections zugegriffen (PC, Mobile, Tablet)? 

 Gibt es Schnittstellen zu anderen Systemen? 

 Gibt es mehrere Datenbanken? 

 

Technische Sicht 

 Wie sieht Ihre IT-Infrastruktur aus? Welche Hardwarekomponenten (Router, Server, …) 

werden verwendet? 

 Welche Netzwerke/ Netzwerkzonen nutzen Sie bzw. haben Sie gebildet? (Intranet, DMZ, In-

ternet, Standort 1, Standort 2, …) 

 

Einführungsprojekt und Betrieb 

Hier werden die die dynamischen Aspekte des Projektablaufs und Change Managements behandelt. 

Konzeption, Entstehung und Roll-out der Lösung 

 Wie wurde Connections eingeführt? 

• Wer war beteiligt? 

• Welche Methode wurde verwendet? (Big bang vs. Step by step; top-down vs. bot-

tom-up) 

 Heute sind X Benutzer auf der Plattform. Mit wie vielen Benutzern haben Sie angefangen 

und warum mit denen? 

 Gab es ein Pilotprojekt und/oder eine Testphase? 

 Inwieweit wurde ein Customizing von Connections durchgeführt? 
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Projektmanagement und Change Management 

 Gibt es einen Projektverantwortlichen? Warum er/sie? 

 Wie lange dauerten die Testphase und die Einführung insgesamt? 

 Gab es definierte Projektphasen und Meilensteine? 

 Sind Maßnahmen zum Change Management ergriffen worden? (z.B. Schulungen, Anreize, 

etc.) 

 Gab es besondere Multiplikatoren und Promotoren für Connections? 

 

Laufender Betrieb und Weiterentwicklung 

 Haben Sie seit der Einführung bereits ein Softwareupdate durchgeführt? Wie wird darüber 

entschieden und wie wird es durchgeführt? 

 Wie ist die Erreichbarkeit von Connections (Ausfall) und wie garantieren sie den störungs-

freien Betreib? 

A.15 Concept Sheet of The Questionnaire 

This part of the appendix contains the concept sheet of the questionnaire. The sheet consists of the 

following columns: 

• Question group: A table row highlighted in grey marks the start of a new question group. 

• Question: This column contains the question presented to the participants. 

• Description/ help text: This column contains additional descriptions or help texts presented to 

the participants. 

• Type: This column determines the type of the question. 

• Answer option: This column states the answer options the participants can choose from. 

• Purpose: The purpose provides a short reasoning on why this question was included in the 

questionnaire. Additionally, modifications made to the key themes are described in this col-

umn. 

• Conditions: This column highlights special conditions leading to showing or skipping questions 

or question groups. 

• References: This column contains references to academic literature. Due to the available 

space for presenting the concept sheet, this column is omitted in the following. Refer to chap-

ters 4.1 and 4.1.12 for the references. 
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Question Group Question Description / help text Type Answer Options Purpose Conditions

Background 

Information

For the collection of 

demographic information and 

Your name Text input
For making the participant 

identifyable for follow-up 

In the name of which 

organisation do you 
Selection list A list of the IndustryConnect partners

For associating data records 

with an organisation

Which tools are available 

for conducting analytics 

in IBM Connections in 

your organisation?

Multiple Choice

- IBM Connections Metrics 

application

- Kudos Analytics

- IBM Cognos for IBM 

Connections

- Panagenda Experts

- custom reports/metrics

- Web Analytics Tools (e.g. 

Piwik)

- Analysis of exported data 

in MS Excel, SPSS etc.

- subjective evaluation of 

The participants can choose 

the IBM Connections analytics 

tools which are available in 

their organisation. Multiple 

selections are possible. This 

question asks for the 

available tools. This does not 

necissairliy mean that these 

are used. In this case, the 

participants can additionally 

select "We do not conduct 

analysis of our platform". If 

Analyses are not 

conducted…

Single choice 

from list

- Currenlty no analyses are 

conducted. However, we 

identified a need and aim 

to implement analyses in 

the future.

- The responsibles 

currently do not see a need 

This question aims to make 

clear if a company decides to 

not conduct analyses.

Only displayed if 

"We do not conduct 

analysis of our 

platform" in 

question 3 is 

checked.

Measuring platform 

usage over time

Analyses are conducted at 

multiple occasions to allow 

monitoring the change of 

system usage over time.

Single choice 

from list

- Yes, is measured.

- Yes, is measured but the 

output is not satisfying.

- No, is not measured.

Measurement of system 

usage over time is crucial to 

monitor and identify changes. 

The literature review 

identified that this is 

considered in few studies 

only. Thus, in this question 

Only displayed if 

"We do not conduct 

analysis of our 

platform" in 

question 3 is not 

checked.

Did your organisation 

take action based on the 

results of the analysis? 

(e.g. trainings, additional 

information, better 

documentation)

Single choice 

from list

- No, there were no 

reactions.

- Yes, action is taken 

partially.

- Yes, specific action is 

taken regularly

This question identifies 

whether the results of the 

analysis have any effect on 

actions.

Only displayed if 

"We do not conduct 

analysis of our 

platform" in 

question 3 is not 

checked.

Current analyses: 

General system 

usage

This section is about 

measuring general system 

usage. The analyses in this 

section are abstract and 

provide rather simple 

views on system usage. 

In the following, the 

analyses are introduced. 

This question group 

represents the category 

"general system usage" from 

the literature review. This 

group contains questions 

which are based on the 

measurement concepts 

identified in the literature 

Only displayed if 

"We do not conduct 

analysis of our 

platform" in 

question 3 is not 

checked.

General usage measures

General usage statistics 

provide an overview on 

platform usage on an 

abstract level. This 

includes for example the 

Single choice 

from list

- Yes, is measured.

- Yes, is measured but the 

output is not satisfying.

- No, is not measured.

This question represents the 

"general usage measures" 

from the literature review.

Action-specific measures

Action-specific measures 

group actions according to 

their type such as create, 

edit and read. These can be 

Single choice 

from list

- Yes, is measured.

- Yes, is measured but the 

output is not satisfying.

- No, is not measured.

This question represents the 

"action-specific usage 

measures" from the literature 

review

Participation-Inequality

Participation-inequality is 

the ratio of contributing 

and consuming users.

Single choice 

from list

- Yes, is measured.

- Yes, is measured but the 

output is not satisfying.

- No, is not measured.

This question represents the 

"participation inequality" 

measures from the literature 

review.

Only displayed 

when "action-

specific measures" 

is answered with 

yes.

Assessing quality of 

collaboration

Besides just measuring 

collaboration several 

indices can be applied to 

assess the quality of 

collaboration.

Single choice 

from list

- Yes, is measured.

- Yes, is measured but the 

output is not satisfying.

- No, is not measured.

This question represents the 

"quality of collaboration" 

measures from the literature 

review.

Only displayed 

when "general 

usage measures" or 

"action-specific 

measures" is 

answered with yes.

Development and 

tracking of ideas

ESS are often used to 

foster new ideas and 

innovations. By applying 

specialised analyses, the 

development and 

implementation of ideas 

Single choice 

from list

- Yes, is measured.

- Yes, is measured but the 

output is not satisfying.

- No, is not measured.

This question represents the 

"dynamics of ideas and 

innovation generation" from 

the literature review.

Only displayed 

when "action-

specific measures" 

is answered with 

yes.

Are there any further 

analyses regarding 

general system usage 

which are implemented 

Text input

Participants can provide 

additional analyses which 

were not mentioned in this 

question group.
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Current analyses: 

Community analyses

Analyses can also be 

tailored to the level of 

communities. This allows 

to analyse a subset of 

specified communities. In 

the following different 

concepts are introduced. 

This question group 

represents the category 

"community analyses" from 

the literature review. This 

group contains questions 

which are based on the 

measurement concepts 

Only displayed if 

"We do not conduct 

analysis of our 

platform" in 

question 3 is not 

checked.

Community activity

The activity of a 

community can be 

assessed in several ways 

such as counting the 

events in a community or 

by computing an activity 

Single choice 

from list

- Yes, is measured.

- Yes, is measured but the 

output is not satisfying.

- No, is not measured.

This question represents the 

community activity" measures 

from the literature review.

Community health

Community health is an 

essential part of 

community management. 

The health of a community 

consists of multple factors 

such as creating new 

content, quality of content, 

interactions and response 

Single choice 

from list

- Yes, is measured.

- Yes, is measured but the 

output is not satisfying.

- No, is not measured.

This question represents the 

"community health" measure 

from the literature review.

Community comparison

By refering to metrics such 

as the previously 

introduced activity and 

health metrics, 

Communities can be 

compared. This allows for 

Single choice 

from list

- Yes, is measured.

- Yes, is measured but the 

output is not satisfying.

- No, is not measured.

This question represents the 

"community comparison" 

measure from the literature 

review.

Only displayed 

when one of the 

previous two 

question is 

answered with yes.

Are there any further 

analyses regarding 

community analyses 

which are implemented 

Text input

Participants can provide 

additional analyses which 

were not mentioned in this 

question group.

Current analyses: 

Identification of 

types of users

The identification of types 

of users is about 

characterise users based 

on their platform usage. 

Different approaches exist 

which are introduced in 

the following. In the 

following different 

This question group 

represents the category 

"identification of types of 

users" from the literature 

review. This group contains 

questions which are based on 

the measurement concepts 

identified in the literature 

Only displayed if 

"We do not conduct 

analysis of our 

platform" in 

question 3 is not 

checked.

Identification of types of 

users based on intensity 

of platform usage

Users can be distinguished 

based on intensity of 

platform usage. This allows 

for example to distinguish 

between:

- Normal user

- power user

- inactive user

Single choice 

from list

- Yes, is measured.

- Yes, is measured but the 

output is not satisfying.

- No, is not measured.

This quesetion combines the 

"normal users, frequent 

users", "lurker", "contributors 

and lurkers" measurements 

from the literature as "based 

on intensity".

Identification of types of 

users based on nature of 

platform usage

Users can be distinguished 

based on the nature of 

platform usage. This allows 

to distinguish between:

- Controller: Checks 

content for errors

- Helper: Helps other users 

by answering questions or 

linking relevant content

Single choice 

from list

- Yes, is measured.

- Yes, is measured but the 

output is not satisfying.

- No, is not measured.

This question combines the 

"value adding users", 

"dimensions of user 

behavior", "knowledge 

worker roles" and "user roles" 

measures from the literature 

as "based on nature of usage".

Are there any further 

analyses regarding types 

of users which are 

implemented in your 

Text input

Participants can provide 

additional analyses which 

were not mentioned in this 

question group.
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Current analyses: 

Identification of 

expertise

Enterprise Collaboration 

Systems are often 

introduced with the 

intention to improve 

access to expertise. 

However, these systems 

do not have features for 

distinguishing expertise of 

users. Based on the 

analysis of user activities 

with content, expertise can 

This question group 

represents the category 

"identification of types of 

users" from the literature 

review. This group contains 

questions which are based on 

the measurement concepts 

identified in the literature 

review.

Only displayed if 

"We do not conduct 

analysis of our 

platform" in 

question 3 is not 

checked.

Identification of 

expertise

Based on the content that 

users interact with or that 

users have created, 

Single choice 

from list

- Yes, is measured.

- Yes, is measured but the 

output is not satisfying.

This question represents the 

"location of expertise" from 

the literature review.

Ranking of expertise

Additionally to identifying 

expertise, expertise can 

also be ranked. This allows 

to make distinctions 

between "expert in" or 

"familiar with" which 

Single choice 

from list

- Yes, is measured.

- Yes, is measured but the 

output is not satisfying.

- No, is not measured.

This question represents the 

"Expertise ranking" from the 

literature.

Only displayed 

when 

"identification of 

expertise" is 

answered with yes.

Influence of experts

Based on their expertise, 

experts can influence 

discussions or the 

behaviour of other users.

Single choice 

from list

- Yes, is measured.

- Yes, is measured but the 

output is not satisfying.

- No, is not measured.

This question represents the 

"Expert influence analysis" 

from the literature.

Only displayed 

when 

"identification of 

expertise" is 

answered with yes.

Are there any further 

analyses regarding the 

identification of types of 

users which are 

Text input

Participants can provide 

additional analyses which 

were not mentioned in this 

question group.

Current analyses: 

Identification of 

usage patterns

The identification and 

analysis of usage patterns 

allows to find patterns in 

system usage. These 

patterns allow to draw 

precise conclusions on how 

a system is used. In the 

following different 

This question group 

represents the "identification 

of usage patterns" from the 

literature. This group contains 

questions which are based on 

the measurement concepts 

identified in the literature 

review.

Only displayed if 

"We do not conduct 

analysis of our 

platform" in 

question 3 is not 

checked.

Social Process Mining

With Social Process Mining 

usage patterns (i.e. 

collaboration scenarios) 

Single choice 

from list

- Yes, is measured.

- Yes, is measured but the 

output is not satisfying.

This question represents the 

"process mining" analyses 

from the literature.

Identification of 

communication patterns

Besides investigating 

usage patterns, 

communication patterns 

can also be analysed to 

Single choice 

from list

- Yes, is measured.

- Yes, is measured but the 

output is not satisfying.

- No, is not measured.

This question represents the 

"communication patterns" 

from the literature.

Identification of search 

patterns

The analysis of search 

patterns reveals how users 

retrieve their information 

Single choice 

from list

- Yes, is measured.

- Yes, is measured but the 

output is not satisfying.

This question represents the 

"exploratory search patterns" 

from the literature.

Are there any further 

analyses regarding the 

identification of usage 

patterns which are 

Text input

Participants can provide 

additional analyses which 

were not mentioned in this 

question group.

Current analyses:

Network Analyses

The application of network 

analyses can reval the 

connectedness and further 

dynamics on a 

collaboration platform. In 

the following different 

concepts are introduced. 

This question group 

represents the "network 

analyses" from the literature. 

The group contains questions 

which are based on the 

measurement concepts 

identified in the literature 

Only displayed if 

"We do not conduct 

analysis of our 

platform" in 

question 3 is not 

checked.

Connectedness of users

Enterprise Collaboration 

Systems are often 

introduced with the 

intention to improve the 

Single choice 

from list

- Yes, is measured.

- Yes, is measured but the 

output is not satisfying.

- No, is not measured.

This question represents the 

"connectedness of users" 

from the literature.

Analysis of document-

centric networks

Based on document-centric 

documents the interaction 

of users with documents 

can be analysed. This 

allows to analyse for 

Single choice 

from list

- Yes, is measured.

- Yes, is measured but the 

output is not satisfying.

- No, is not measured.

This question represents the 

"document-centric networks" 

from the literature.

Analysis of networks over 

time

The analysis of networks 

over time allows to reveal 

changes in the network 

structure.

Single choice 

from list

- Yes, is measured.

- Yes, is measured but the 

output is not satisfying.

- No, is not measured.

This question was derived 

from the general "measure 

over time" theme for the 

context of network analysis.

Only displayed if 

one of the previous 

two questions is 

checked with yes.

Analysis of informal 

networks

The analysis of informal 

networks helps to reveal 

for example the 

Single choice 

from list

- Yes, is measured.

- Yes, is measured but the 

output is not satisfying.

This question is derived from 

the "informal networks" 

theme from the literature.

Are there any further 

analyses regarding 

network analyses which 

are implemented in your 

Free Text

Participants can provide 

additional analyses which 

were not mentioned in this 

question group.



 Appendix 

 279 

 

 

Current analyses: 

Organisational and 

Cultural impacts

Enterprise Collaboration 

Systems have the potential 

to change the 

organisational culture. 

Usage can also be 

influenced by 

organisational culture.  

Social Collaboration 

Analytics can help to make 

these impacts measurable. 

Only displayed if 

"We do not conduct 

analysis of our 

platform" in 

question 3 is not 

checked.

Impact of geographical 

dispersion

The objective is to analyse 

whether the geographic 

dispersion between users 

influences the intensity of 

Single choice 

from list

- Yes, is measured.

- Yes, is measured but the 

output is not satisfying.

- No, is not measured.

This question is derived from 

the "geographical dispersion" 

theme from the literature.

Boundary spanning

Boundary spanning is 

described by activities 

which connect multiple 

organisational units. Such 

connections can be 

established by creating 

Single choice 

from list

- Yes, is measured.

- Yes, is measured but the 

output is not satisfying.

- No, is not measured.

This question is derived from 

the "boundary spanning" 

theme from the literature.

Impacts of hierarchy

The position of a user in 

the organisational 

hierarchy may have an 

Single choice 

from list

- Yes, is measured.

- Yes, is measured but the 

output is not satisfying.

This question is derived from 

the "Impacts of hierarchy" 

theme from the literature.

Are there any further 

analyses regarding 

organisational and 

cultural influences which 

Question 

Group Question Description / help text Type Answer Options Purpose Conditions

Resources

A lack of ressources 

can hinder SCA. Please 

rate the following 

barriers for your 

organisation.

Negative cost-value ratio Single choice from list

- Is not a barrier

- Hinders SCA

- Prevents SCA

This question is derived from the "negative 

cost-value ratio " from the barrier from the 

literature.

Capacity: Personnel Single choice from list

- Is not a barrier

- Hinders SCA

- Prevents SCA

This question is derived from the 

"insufficient capacity" barrier from the 

literature review. This barrier was split into 

"Capacity: Personnel" and "Capacity: 

Financial".

Capacity: Financial Single choice from list

- Is not a barrier

- Hinders SCA

- Prevents SCA

This question is derived from the 

"insufficient capacity" barrier from the 

literature review. This barrier was split into 

"Capacity: Personnel" and "Capacity: 

Financial".

High effort for data collection Single choice from list

- Is not a barrier

- Hinders SCA

- Prevents SCA

This question is derived from the "high 

costs for manually collecting data" and 

"software logfile analysis is labour 

intensive" barriers. In accordance with the 

CRISP-DM this barrier was split into High 

effort for data collection, preparation and 

analysis.

High effort for data preparation Single choice from list

- Is not a barrier

- Hinders SCA

- Prevents SCA

This question is derived from the "high 

costs for manually collecting data" and 

"software logfile analysis is labour 

intensive" barriers. In accordance with the 

CRISP-DM this barrier was split into High 

effort for data collection, preparation and 

analysis.

High effort for data analysis Single choice from list

- Is not a barrier

- Hinders SCA

- Prevents SCA

This question is derived from the "high 

costs for manually collecting data" and 

"software logfile analysis is labour 

intensive" barriers. In accordance with the 

CRISP-DM this barrier was split into High 

effort for data collection, preparation and 

analysis.
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Methods

Barriers in this area are 

related to the barriers 

from the previous 

category. Please rate 

the following barriers 

for your organisation.

Missing targets for measurements Single choice from list

- Is not a barrier

- Hinders SCA

- Prevents SCA

This question is derived from the "missing 

targets for measurements" barrier from the 

literature.

Development of metrics Single choice from list

- Is not a barrier

- Hinders SCA

- Prevents SCA

This question is derived from the barriers 

"meaningful metrics" and "interpretation 

of metrics". This question was introduced 

to complement the interpretation of 

metrics.

Meaningful metrics Single choice from list

- Is not a barrier

- Hinders SCA

- Prevents SCA

This question is derived from the 

"significant metrics" barrier from the 

literature.

Interpretation of metrics Single choice from list

- Is not a barrier

- Hinders SCA

- Prevents SCA

This question is derived from the 

"interpretation of metrics" barrier from the 

literature.

Current approaches are not helpful Single choice from list

- Is not a barrier

- Hinders SCA

- Prevents SCA

This question is derived from the "current 

approaches are not helpful" barrier from 

the literature.

Lack of overview on methods Single choice from list

- Is not a barrier

- Hinders SCA

- Prevents SCA

This question is derived from the "lack of 

overview on methods" barrier from the 

literature.

Governance 

and 

Compliance

Barriers in this 

category are related to 

rules and laws. Thus, 

these barriers can 

hinder or prevent SCA. 

Please rate the 

following barriers for 

your organisation.

Regulations by works council Single choice from list

- Is not a barrier

- Hinders SCA

- Prevents SCA

This question represents the "regulations 

by works council" barrier from the 

literature. 

Data privacy regulations Single choice from list

- Is not a barrier

- Hinders SCA

- Prevents SCA

This question represents the "privacy 

laws/policies" barrier from the literature.

Company policy: external users must be excluded 

from analyses Single choice from list

- Is not a barrier

- Hinders SCA

- Prevents SCA

This question represents the "users from 

external parties cannot be analysed" 

barrier from the literature.

Company policy: content data must not be 

analysed Single choice from list

- Is not a barrier

- Hinders SCA

- Prevents SCA

This question is derived from the "no 

access to content data" barrier from the 

literature.

Technical

Technical barriers are 

caused by the system 

that is to be analysed. 

Please rate the 

following barriers for 

your organisation.

System does not allow access to log file Single choice from list

- Is not a barrier

- Hinders SCA

- Prevents SCA

This question represents the "system does 

not allow access to logfiles" barrier from 

the literature.

System does not allow access to content data Single choice from list

- Is not a barrier

- Hinders SCA

- Prevents SCA

This question was derived from the "no 

access to log file" barrier.

API provide limited data access Single choice from list

- Is not a barrier

- Hinders SCA

- Prevents SCA

This question represents the "limited data 

access via API" barrier from the literature.

Limited analytics standard features Single choice from list

- Is not a barrier

- Hinders SCA

- Prevents SCA

This question represents the "Systems 

provide rudimentary standard functionality 

for analysis of logs" barrier from the 

literature.

Lack of skills for developing queries Single choice from list

- Is not a barrier

- Hinders SCA

- Prevents SCA

This question was developed to 

complement the other question in this 

section.
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Data

A solid dataset is 

essential for 

meaningful SCA. 

Please rate the 

following barriers for 

your organisation.

Dataset is noisy Single choice from list

- Is not a barrier

- Hinders SCA

- Prevents SCA

This question represents the "dataset can 

be noisy" barrier from the literature.

Dataset contains redundant data Single choice from list

- Is not a barrier

- Hinders SCA

- Prevents SCA

This question represents the "datasets can 

contain redundant data" barrier from the 

literature.

Undocumented logs Single choice from list

- Is not a barrier

- Hinders SCA

- Prevents SCA

This question was introduced because an 

analysis of ECS has shown that for several 

systems the logs are not documented.

Lack of comparative data Single choice from list

- Is not a barrier

- Hinders SCA

- Prevents SCA

The question represents the "lack of 

comparative data" barrier from the 

literature.

currentness of data Single choice from list

- Is not a barrier

- Hinders SCA

- Prevents SCA

This question represents the "currency of 

data" barrier from the literature.

Incomplete data Single choice from list

- Is not a barrier

- Hinders SCA

- Prevents SCA

This question was introduced because 

some ECS like IBM Connections regularly 

purge their logs.

Data from multiple sources Single choice from list

- Is not a barrier

- Hinders SCA

- Prevents SCA

This question represents the "increasing 

amount of multiple types of data from 

diverse sources" barrier from the 

literature.
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A.16 Survey Participants 

No. Role Organisation 

1 Service owner (IT) Automotive Parts Manufacturer 05 

2 Head of Business Engineering Textile Design/Manufacturer 01 

3 Head Digital Learning & New Technologies Chemical Products Manufacturer 02 

4 Project Manager, Communication & Marketing Chemical Products Manufacturer 03 

5 Project Manager, IT Automotive Parts Manufacturer 01 

6 Specialist, Collaboration Steel Manufacturer 01 

7 Project Manager, IT Clothing Manufacturer/Retail 02 

8 Head of IT Metals Industry Association 01 

9 Head of Communications/Knowledge Consumer Electronics Manufacturer 02 

10 Project Manager, Information Architecture Logistics Services 01 

11 Head of Team Association Committees Finance Industry Association 01 

12 Specialist, Collaboration/Statistics Automotive Parts Manufacturer 02 

13 IT Manager, Collaboration/Knowledge Technical Inspections 

14 Manager, Standards, Processes & Integration Steel Manufacturer 02 

15 Head of IT/Collaboration Platforms Air Transportation 01 

16 Head of IT Construction Engineering Services 01 

17 Project Manager, Intranet Retail Grocery 01 

18 Project Manager, Collaboration/Knowledge Consumer Electronics Manufacturer 01 

19 Senior Manager, HR Logistics Services 02 

20 Project Manager, Intranet Energy Supplier 01 

21 Consultant, Hotel Management Systems Travel Operator 01 

22 Strategic IT Management Employee Networking Automobile Manufacturer 01 

23 Spokesperson/Internal Communication Insurance Industry Association 01 

24 Project Manager, IT Automotive Parts Manufacturer 01 

25 Head of IT Public Administration Services Company 01 

26 Head of IT Publishing Company 01 

27 Product Manager, IT & Collaboration Energy Service Provider 01 

A.17 Definitions for Types of Users in the ECS user typology 

User type 
(ECS) 

Definition Type in literature Reference 

Non-users 

Everyone who 
has an account 
but who has 
never logged in. 

Non-users: Not using the platform (Han et al., 2014) 

Non users: lack access to, or ability or 
interest in using media 

(Brandtzæg, 2010) 

Non-users: Not used in past 12 months (Selwyn et al., 2005) 
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Non-users: It is important to emphasize 
the high share of non internet users 

(José Manuel Ortega Egea, 
2007) 

Non-users: Don’t use ICT (Heim & Brandtzæg, 2007) 

Inactive us-
ers 

An inactive user 
is a user who 
used the plat-
form in the past 
but has not 
used the plat-
form in the last 
12 months 

Inactive: An inactive user is a marker 
for a user who registered and not pro-
vided any kind of interaction thereafter, 
or a user who has not provided interac-
tions via tools or sessions for an ex-
tended period of time, such as a month 

(Brunker et al., 2014) 

Inactive: Those who do not use the ser-
vice or quit the service 

(Lee et al., 2016) 

Inactive: Those who do absolutely noth-
ing 

(Bezzubtseva & Ignatov, 2012) 

Consumer 

Consumers ex-
tract knowledge 
for their daily 
work routines 
from collabora-
tion systems. 
Consumers do 
not contribute 
information or 
knowledge to a 
workspace. Ad-
ditionally con-
sumers can use 
a collaboration 
system for self-
organisation 
and building a 
network. 

Lurker: Member who did not create any 
content (post or comment) in the last 
month 

(Alarifi, Sedera, & Recker, 
2015) 

Lurker: Persistent but silent audience (Rafaeli et al., 2004) 

Lurker: Members who never post (Ridings et al., 2006) 

Lurker: Members who posted once in 
the last three months 

(Nonnecke & Preece, 2000) 

Lurker: members who do not post more 
than one message in a 6 week period 

(Han et al., 2014) 

Lurker: A user is a lurker who actively 
consumes media yet does not carry out 
the behaviour of publisher or annotator 
during a particular session. They are an 
active user for the purpose of reading 
rather than contribution 

(Brunker et al., 2014) 

Lurker: A lurker is an invisible partici-
pant, someone who may read and ac-
cess community content but who does 
not visibly contribute to the shared 
online spaces of an online community 

(Cranefield et al., 2015) 

Lurker: Lurkers, by definition, are not 
contributing content 

(Farzan, DiMicco, & Brown-
holtz, 2010) 

Lurker: This study takes the simple ap-
proach of defining lurking as either no 
posts or some minimal number of posts 
over a period of time 

(Nonnecke & Preece, 2000) 

Lurker: One of the ‘silent majority’ in an 
electronic forum, one who posts occa-
sionally or not at all but is known to 
read the groups postings regularly 

Online jargon dictionary 

Lurker: Regular visits to the community 
but reticence or very seldom posting 

(Rafaeli et al., 2004) 

Low frequent posters: Low frequency 
posters have the same impact on the 
community as lurkers – they are mem-
bers whose role is not as obvious as 

(Ridings et al., 2006) 
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posters. Infrequent posters who posted 
three or less times per month and fre-
quent posters  

Lurker: Did not actively contribute to 
the community 

(Recker & Lekse, 2016) 

Lurker: take information from a shared 
platform without developing the online 
community further by contributing con-
tent 

(Engler & Alpar, 2018) 

Lurker: Members who never post in a 
community but regularly log into a sys-
tem and use an ESN to read, browse, or 
consume content and follow discus-
sions 

(Giermindl et al., 2016) 

Consumers: consume a resource (Muller et al., 2009) 

Lurkers: Consumers only (Muller et al., 2009) 

Lurkers: Lurkers never deliberately add 
information to the database, but they 
do engage in “non-public” actions such 
as downloading files, viewing metadata 
about specific files, viewing lists of files, 
viewing information about other users 
and searching for files 

(Muller, Millen, et al., 2010; 
Muller, Shami, et al., 2010) 

Lurker: Is a community member who 
has made zero visible contributions to 
the community 

(Muller, 2012) 

Lurker: Purposes of ‘time-killing’ and 
consuming entertainment rather than 
social interactions 

(Brandtzæg, 2010) 

Inactive users: did not provide any con-
tributions 

(Riemer, Finke, et al., 2015) 

Inactive users: inactive users are here 
intended as ‘zero contributors’ i.e. users 
who have never posted or provided a 
comment/favourite-mark 

(Tagarelli & Interdonato, 2013) 

Critics: Those who evaluate but don’t 
meddle in discussions 

(Bezzubtseva & Ignatov, 2012) 

Active users: One viewing activity in the 
past 30 days 

(van Osch & Steinfield, 2013) 

Lurker: The participant who reads a 
newsgroup’s conversations, but does 
not participate himself. 

(Golder & Donath, 2004) 

Lurker: lurks if the number of tweets in 
the time interval is not more than a 
lurking threshold 

(Gong et al., 2015) 

Readers: Venturing in reading, brows-
ing, searching, returning 

(Pluempavarn et al., 2011) 

Periphery users: Read regularly but 
post rarely 

(Bulgurcu et al., 2018) 
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Contributors 

Contributors ac-
tively engage 
with existing 
content, for ex-
ample by edit-
ing, comment-
ing, tagging, or 
recommending 
content. How-
ever, a contrib-
utor does not 
create or up-
load new con-
tent. 

Annotator: An annotator is a user who 
uses a tool to annotate or add meaning 
through publication to an existing or 
original publication. For instance, a user 
provides a “Thumbs Up” to a stream 
item for the purpose to notify another 
user they like or enjoyed their content. 

(Brunker et al., 2014) 

Contributor: Contribute content (Farzan et al., 2010) 

Originator: Contribute to or create a re-
source 

(Muller et al., 2009) 

Contributor: Contributors do not up-
load files, but they do create metadata 
about files through actions such as 
commenting, sharing, adding tags to 
files.  

(Muller, Millen, et al., 2010; 
Muller, Shami, et al., 2010) 

Participating users: Active engagement 
in the form of commenting, like rating 
or editing in previous 30 days 

(van Osch & Steinfield, 2013) 

Debators: Those who comment and 
evaluate actively 

(Bezzubtseva & Ignatov, 2012) 

Commentators: They participate in 
conversations by actively commenting 
to other messages. 

(Choi et al., 2015) 

Creators 

A creator cre-
ates or uploads 
new and origi-

nal content in a 
workspace. 

Thus, creators 
add new and 

original 
knowledge and 
information to a 

workspace. 

Creators: Idea generators, energic crea-
tors and socio-phatic creators 

(Bezzubtseva & Ignatov, 2012) 

Poster: Wrote at least two messages 
during the study period 

(Han et al., 2014) 

Publisher: A publisher is a user who car-
ries out an action resulting in an original 
publication of content or interaction to 
a medium. 

(Brunker et al., 2014) 

Poster: Post content to the community (Rafaeli et al., 2004) 

Uploader: Create files in the service (Muller, Millen, et al., 2010; 
Muller, Shami, et al., 2010) 

Contributing users: Active creation of 
content in the previous 30 days 

(van Osch & Steinfield, 2013) 

The angels: Those who fond sharing ad-
vice, information and knowledge 

(Lee et al., 2016) 

Poster: Members who post and actively 
create content in an ESN community 

(Giermindl et al., 2016) 

The virtuosi: Those who try to get used 
to all of the functions of the service and 
use all of them until they master 

(Lee et al., 2016) 

Initiators: Initiate conversations by 
writing many posts. 

(Choi et al., 2015) 

Contributors: Rating, tagging, review-
ing, posting, uploading  

(Pluempavarn et al., 2011) 
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