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Summary

In the new epoch of Anthropocene, global freshwater resources are experiencing extensive degrada-
tion from a multitude of stressors. Consequently, freshwater ecosystems are threatened by a consid-
erable loss of biodiversity as well as substantial decrease in adequate and secured freshwater supply
for human usage, not only on local scales, but also on regional to global scales. Large scale assess-
ments of human and ecological impacts of freshwater degradation enable an integrated freshwater
management as well as complement small scale approaches. Geographic information systems (GIS)
and spatial statistics (SS) have shown considerable potential in ecological and ecotoxicological re-
search to quantify stressor impacts on humans and ecological entitles, and disentangle the relation-
ships between drivers and ecological entities on large scales through an integrated spatial-ecological
approach. However, integration of GIS and SS with ecological and ecotoxicological models are
scarce and hence the large scale spatial picture of the extent and magnitude of freshwater stressors
as well as their human and ecological impacts is still opaque. This Ph.D. thesis contributes novel
GIS and SS tools as well as adapts and advances available spatial models and integrates them with
ecological models to enable large scale human and ecological impacts identification from freshwater
degradation. The main aim was to identify and quantify the effects of stressors, i.e climate change
and trace metals, on the freshwater assemblage structure and trait composition, and human health,
respectively, on large scales, i.e. European and Asian freshwater networks.

The thesis starts with an introduction to the conceptual framework and objectives (chapter 1). It
proceeds with outlining two novel open-source algorithms for quantification of the magnitude and
effects of catchment scale stressors (chapter 2). The algorithms, i.e. jointly called ATRIC, automat-
ically select an accumulation threshold for stream network extraction from digital elevation mod-
els (DEM) by assuring the highest concordance between DEM-derived and traditionally mapped
stream networks. Moreover, they delineate catchments and upstream riparian corridors for given
stream sampling points after snapping them to the DEM-derived stream network. ATRIC showed
similar or better performance than the available comparable algorithms, and is capable of processing
large scale datasets. It enables an integrated and transboundary management of freshwater resources
by quantifying the magnitude of effects of catchment scale stressors. Spatially shifting temporal
points (SSTP), outlined in chapter 3, estimates pooled within-time series (PTS) variograms by
spatializing temporal data points and shifting them. Data were pooled by ensuring consistency of
spatial structure and temporal stationarity within a time series, while pooling sufficient number of
data points and increasing data density for a reliable variogram estimation. SSTP estimated PTS
variograms showed higher precision than the available method. The method enables regional scale
stressors quantification by filling spatial data gaps integrating temporal information in data scarce
regions. In chapter 4, responses of the assumed climate-associated traits from six grouping fea-
tures to 35 bioclimatic indices for five insect orders were compared, their potential for changing
distribution pattern under future climate change was evaluated and the most influential climatic
aspects were identified (chapter 4). Traits of temperature preference grouping feature and the insect
order Ephemeroptera exhibited the strongest response to climate as well as the highest potential
for changing distribution pattern, while seasonal radiation and moisture were the most influential
climatic aspects that may drive a change in insect distribution pattern. The results contribute to
the trait based freshwater monitoring and change prediction. In chapter 5, the concentrations of
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vi SUMMARY

10 trace metals in the drinking water sources were predicted and were compared with guideline
values. In more than 53% of the total area of Pakistan, inhabited by more than 74 million people,
the drinking water was predicted to be at risk from multiple trace metal contamination. The results
inform freshwater management by identifying potential hot spots. The last chapter (6) synthesizes
the results and provides a comprehensive discussion on the four studies and on their relevance for
freshwater resources conservation and management.
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Chapter 1

Introduction
1.1 Freshwater degradation on large scales

The current epoch of Anthropocene has been marked by an extensive degradation of world’s ecosys-
tems by a multitude of natural, and particularly, anthropogenic stressors (Crutzen, 2006). Freshwa-
ter ecosystems are among the most extensively degraded and hence, are threatened by a considerable
loss of biodiversity and a substantial reduction of secured freshwater supply for human consumptions
(Carpenter et al., 2011; Dudgeon et al., 2005; Millennium Ecosystem Assessment (MEA), 2005;
Vörösmarty et al., 2010). The planetary boundary for biodiversity loss has already been exceeded
(Rockström et al., 2009; Steffen et al., 2015); the populations of more than 300 freshwater species
have declined up to 55% during 1970-2000 (UNEP, 2015; WWF, 2015). Moreover, 23% of the
world’s largest streams have experienced a significant decrease in flow and discharge during 1948
– 2004 (Dai et al., 2009). If the current trend prevails, a 15 – 37% loss of freshwater biodiver-
sity and a substantial decrease of discharge in 40% of the world’s largest streams are anticipated by
2050 (Stocker et al., 2013; UNEP, 2015; WWF, 2015). Moreover, two-third of world’s popula-
tion, especially inhabitants of developing countries, are predicted to be in moderate to severe water
stress by 2025 (MEA, 2005; Vörösmarty et al., 2010). Overall, freshwater degradation may entail
unprecedented and irreversible human and ecological impacts in the coming decades.

Degradation of freshwater resources has mainly been triggered by four groups of stressors: (i)
catchment land use, e.g. overexploitation of water resources, (ii) water pollution, e.g. excessive
nutrients and toxicants, (iii) water resources development, e.g. flow modification and river mor-
phological changes, and (iv) biotic factors, e.g. invasive species (Dudgeon et al., 2005; Vörösmarty
et al., 2010). Climate change, which is a large scale environmental stressor and adversely affects
freshwater ecosystems through an increase in the frequency of extreme events such as droughts and
floods as well as by changing temperature regimes and discharge patterns (Dai et al., 2009; Stocker
et al., 2013; Vörösmarty, 2000), superimposes upon these four groups of stressors (Dudgeon et al.,
2005). Different global regions have been evidencing single and joint effects of these stressors on
their freshwater resources, while many stressors exhibited spatial concordance in their magnitude
(Table 1.1) (Vörösmarty et al., 2010). Moreover, there is an increasing risk of exceeding planetary
boundaries for land use and climate change, and the boundary for freshwater use has already been
exceeded in arid and semi-arid regions (Steffen et al., 2015). Consequently, availability of suitable
habitats for freshwater species have been shrinking and many species, which cannot adapt or emi-
grate, have been extinct (Pereira et al., 2010; IUCN, 2015; Walther et al., 2002). Human migrations
have also been evidenced due to freshwater degradation, especially from developing countries with
constrained mitigation capabilities, leading to freshwater stress in receiving areas (McLeman and
Smit, 2006; Reuveny, 2007).

In response to extensive freshwater degradation, and with the aim of preserving existing freshwa-
ter bodies with good qualities and restoring good qualities of degraded waterbodies, several political
frameworks have been developed, e.g. European Water Framework Directive (EC, 2010) and the
Blueprint to Safeguard Europe’s Water Resources (EC, 2013). These frameworks, based on the clas-
sical view that ecological communities are strongly influenced by species interactions within local
habitats, exclusively focus on small scale approaches, e.g. stream reach scales, and rarely account
for large scale degradations (EC, 2013, 2010; Hugueny et al., 2010). Biomonitoring related to
these frameworks directly monitor biological quality elements (BQE), i.e. organism groups such
as fish, benthic invertebrates, macrophytes and diatoms, which reflect freshwater degradation in
general, in stream reaches to identify locally degraded habitats for restoration (EC, 2013, 2010).
However, local and regional species richness often exhibit positive relationships and thus indicate

1



Chapter 1 Avit Kumar Bhowmik

Table 1.1: Degradation of freshwater resources in different regions of the world by a single and
confounding effects of natural and anthropogenic stressors.

Spatial scale Region
Potentially
affected

freshwater
bodies

Major stressors and
stressor groups Source

Global World 68 % Agricultural insecticides Stehle and
Schulz, (2015)

Continental Europe 50 %
Water pollution, water
resources development
and catchment land use

EEA (2012)

42 % Organic chemicals Malaj et al.
(2014)

Asia 67 % Water pollution and
catchment land use UNEP (2008)

Nationwide

United States
of America 53 %

Water pollution and
water resources
development

USEPA (2015)

Australia 55 % Salinity, nutrients and
sediments

Lovett et al.
(2007); NLWRA

(2002)

Germany 80 %
Water pollution, water
resources development
and catchment land use

Dahm et al.
(2013); EEA

(2012)
China 60 % Water pollution MEPA China

(2009)
Note: the assessments are based on different metrics (see the sources)

that local communities are also affected by large scale drivers, such as climate, which in turns entail
alternations in community patterns on large scales (Hugueny et al., 2010). Hence, large scale assess-
ments of stressors effects are important for enabling integrated management of freshwater resources.
Moreover, large scale approaches may complement local scale stream restoration by indicating po-
tentially degraded areas for prioritization (Heino et al., 2013; Hugueny et al., 2010). Large scale
managements, such as catchment based managements, also support a transboundary preservation
and restoration of freshwater resources because streams and lakes often flow across national borders
(EC, 2010).

While the existing frameworks are working with strict deadlines to achieve targeted freshwater
quality in the developed part of the world, developing countries under severe freshwater stress are still
lacking for such initiatives due to resource constraints and sparse information on stressors (EC, 2010;
MEPA China, 2014; UNEP, 2008). For many developing countries, regional scale assessments of
freshwater degradation are unavailable and total human and freshwater species populations at risk are
still unknown. Thus, the implementation of freshwater management frameworks in water-stressed
developing countries inherently depends on the large scale assessments of human and ecological
impacts of freshwater degradation by filling data gaps. Novel methods accounting for data scarcity
are thus required that can also combine large scale secondary databases and used them to predict
freshwater degradation (Hengl, 2009). Moreover, large scale approaches may help to optimize the
usage of limited resources, i.e. resource mobilization and expansion of water quality monitoring to
potentially degraded areas predicted by large scale approaches (Törnqvist et al., 2011).
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1.2 Spatial models for freshwater ecological analyses
Spatial models, ensembles of geographical information systems (GIS)1 and spatiotemporal statistics
(hereafter spatial statistics (SS)2), have become essential tools in freshwater research, especially for
large scale analyses (Fortin and Dale, 2005; Legendre and Legendre, 1998). Non-random distri-
bution of freshwater entities and freshwater ecosystem processes over space and time lead to spatial
and temporal dimensions in freshwater ecological phenomena (Legendre and Fortin, 1989). Spa-
tiotemporal patterns resulting from freshwater ecological processes are often exogenous, i.e. spa-
tiotemporally driven by numerous natural and anthropogenic processes. However, they may also be
endogenous, i.e. causally related to ecological interactions, and inherent biological and physiological
processes (Legendre and Legendre, 1998).

1. Geographical information systems (GIS) — Geographical information systems (GIS) are
computer-coupled systems that enable digital storage, processing and retrieval of georefer-
enced (with coordinate information of locations on the earth surface) data, and visualization of
outputs in a map (Vogiatzakis, 2003). Mapping earthly phenomena has been a major human
activity since the first civilizations. However, the first GIS was developed and implemented
by Canadian Cartographic Association in 1975 for the preparation of a digital cartographic
database of the country (CCA, 2015). The concept of GIS was first formalized by Parent and
Church (1987), who outlined it as a decision making tool using geographic data, i.e. data on
natural landscapes. Later in 1989, GIS were shown to be an efficient decision making tool for
everything happening over space (earth surface), i.e. natural and anthropogenic processes, and
thus were established as systems of rather spatial data than geographic data (Anselin, 1989).
Time as a dimension started receiving equal importance as space and hence, was integrated
with GIS, which transformed the concept of GIS into “spatiotemporal information systems”
(Burrough and Frank, 1995). The rapid evolution of GIS and its extensive application across
disciplines highlighted the role of science behind it and eventually conceived “geographical
information science” as a new field and an integrated part of the available GIS (Goodchild,
1992).
Spatial (angular or projected coordinates) and temporal (time step, interval or series) attributes
are stored in GIS along with the data attributes, e.g. species richness and trace metal concen-
tration, and are explicitly used for data analyses (Chrisman, 2001). The analyses are performed
to answer spatiotemporal location and scale-based questions, e.g. where and when is the
species richness high or low? What is the scale of pollution from trace metals? Maps of dif-
ferent data layers can be overlaid and used to answer questions regarding interactions between
spatiotemporal phenomena, e.g. is species richness low at the location with and time of high
trace metal concentration? Different data layers can also be merged to compute multi-metric
indices, e.g. locations or years with both high trace metal concentration and high deforesta-
tion are at higher ecological risk than the locations with only high trace metal concentration
or high deforestation (Burrough and Frank, 1995).
Integration of GIS with ecological modelling entailed considerable development in ecological
resource inventory and analyses, and exhibited substantial improvement in decision making
for ecological management (Vogiatzakis, 2003). Parallel developments in the fields using spa-
tiotemporal data, i.e. photogrammetry and remote sensing, result in substantial advancement
in GIS including the development of multiple platforms and algorithms that enable process-
ing of large scale ecological datasets (Fortin and Dale, 2005; Legendre and Legendre, 1998).

Large-scale drivers, such as climate and land use, are often spatially autocorrelated2. Moreover,
transport and propagation of pollutants, such as agricultural insecticides and industrial metals, are
spatially related to the terrain characteristics as well as to the physicochemical characteristics of soil
and water and sources of anthropogenic pollution (Huang et al., 2015; Winkel et al., 2008). Spatial
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autocorrelation of these natural and anthropogenic drivers induce spatial patterns in the distribution
of freshwater species and human settlements (Legendre, 1993). Thus, particularly understanding
exogenous patterns in freshwater ecological processes and their causes are the key to disentangle
stressors effects on large scales. Spatial models or the spatially explicit ecological models help to
understand the exogenous spatial patterns by incorporating spatial dimensions (spatial locations)
into ecological models1,2.

2. Spatial statistics (SS) — Spatial statistics (SS) is the field of statistics that involves quantitative
analyses of data with spatial attributes (i.e. coordinates) and modelling of their spatial vari-
ability and uncertainty (Chiles and Delfiner, 2012). The inherent assumption of SS is spatial
autocorrelation, which is derived from Tobler’s first law of geography – “everything is related
to everything else, but near things are more related than distant things” (Tobler, 1970). Natu-
ral and anthropogenic processes on the earth surface at pairs of locations, which are a certain
distance apart tend to be more similar (positive spatial autocorrelation) or dissimilar (nega-
tive spatial autocorrelation) than at randomly associated pairs of locations (Legendre, 1993).
Thus, spatial autocorrelation, typically measured with Moran’s I and Geary’s C, computes
the degree to which a set of spatial observations tend to be clustered together or dispersed
on space (Fortin and Dale, 2005). SS is used for the analyses of patterns and uncertainty
of data exhibiting spatial autocorrelation by including the distance decay in the similarity or
dissimilarity of attribute values.
SS includes: (i) geostatistics, i.e. spatial prediction of continuous and random processes, and
variability at unsampled locations, (ii) areal statistics, i.e. pattern and variability analyses for
areal (non-point), gridded (regularly spaced) and remotely sensed data, and (iii) point pat-
tern statistics, i.e. pattern analyses in randomly and sparsely distributed point data (Gaetan
et al., 2010). Geostatistics have been extensively applied in the variability analyses of spa-
tially continuous natural and anthropogenic processes, e.g. climate and pollution (Christakos,
2000). Spatial variability analysis is typically conducted by “variograms”, where variances
(semivariances) between attribute values of certain point pairs are plotted against their sepa-
ration distances (lags). Patterns of variabilities identified by the models fitted to variograms
are employed through spatial interpolation techniques, e.g. kriging, for spatial prediction
of attribute values at non-sampled locations (Webster and Oliver, 2007). Spatial regression
models, e.g. geographically weighted regression, are applied for spatial prediction with areal
data, such as regional level water pollution (Harris et al., 2010). Biogeography of species and
exposures from toxicants are typically identified by point pattern statistics, which includes
identification of spatial clusters, trends and density (Cressie, 1993).

Spatial dimensions of ecological processes have always been an implicit part of the freshwater
ecological framework (Legendre, 1993). However, models incorporating spatial attributes and au-
tocorrelation have only recently been explicitly integrated in freshwater ecological sampling, exper-
iment and analyses, especially on large scales (Fortin et al., 2012). Ecological datasets are generally
multivariate and location specific (Vogiatzakis, 2003). The complexity of large scale ecological prob-
lems demands combination of large datasets from diverse sources and of different level of details
(resolutions) with ecological datasets (Vogiatzakis, 2003). In fact, analyses of large scale human
and ecological impacts of stressors, i.e. quantification of stressors on catchment and regional scales,
assessment of large scale entity-driver relationships and risk assessments, require answers to several
spatial questions1 in ecological phenomena and understanding of the interactions between ecologi-
cal entities and drivers across spatial scales (Borcard et al., 2004). GIS facilitates the combination of
large datasets of different sources and resolutions with ecological datasets as well as their joint and
efficient processing for disentangling spatial heterogeneity and ecological interactions across spatial
scales (Vogiatzakis, 2003). SS enable quantitative analyses of stressors, entity-driver relationships
and large scale risks within GIS in the context of earth change (Gaetan et al., 2010). Hence, the
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integration of spatial models with ecological models fosters large scale human and ecological impact
assessments from freshwater degradation.

The integration of spatial models with ecological models can be done in two ways (see Figure
1.1 for details): (i) running ecological models separately, and use spatial models for pre-processing,
e.g. coordinate transformation and reprojection, and post processing of the data, e.g. mapping and
overlaying, and (ii) running spatial and ecological models interactively on the same platform so that
they can share databases with common data structures and perform ecological analyses inside GIS
using SS (Vogiatzakis, 2003). The former integration entails problems due to lack of common data
models, structures and interface, whereas the latter entails advantages due to the capability of in-
cluding spatial operators, e.g. distance, and spatial propagation of errors into the model. Multiple
platforms have been developed facilitating the interactive integration of spatial models with ecolog-
ical models for spatially enabled ecological analyses (ESRI, Redlands, 2001; GRASS Development
Team, 2015; R Development Core Team, 2015). These platforms enable co-interfacing of spatial
and ecological models for performing GIS and SS analyses on large ecological datasets for answering
spatial-ecological questions (Figure 1.1).

1.3 Catchment and regional scale stressors quantification
Ecological status and health of freshwater resources, and potential disturbance at biological end-
points, e.g. community of stream invertebrates, are typically monitored at reach-scale and stream
sampling points (SSP) (Biss et al., 2006; Stevens Jr and Olsen, 2004). Stressors occurring on catch-
ment scales, such as climate change and pollution, may exhibit causal relationships with the ecolog-
ical status and communities observed at these outlet stream reaches and SSPs (Dahm et al., 2013;
Lorenz and Feld, 2013; Marzin et al., 2013). Moreover, environmental quality at catchments often
represent the quality of outlet stream reaches (Skøien et al., 2014). Hence, large scale analyses to
complement small scale management often require quantification of the extent and variability of
stressors on catchments and in turns require catchment delineation for stream reaches and SSPs.

GIS, through the development in the field of remote sensing, have made high resolution digital
elevation models (DEM)3 readily available that enables efficient delineation of stream catchments
for stream reaches and SSPs (Abood et al., 2012; Fernández et al., 2012; Holmes and Goebel,
2011; Lagacherie et al., 2010). However, this requires extraction of a stream network from DEMs
by tracing water flow generated by terrain characteristics, that accurately approximates the actual
stream network on earth surface (Ver Hoef et al., 2014). Although stream extraction from DEMs
exhibited considerable advancement over field survey and traditional digitization techniques, and
extraction steps have largely been automated, the most crucial step, i.e. selection of an accumulation
threshold (AT) (see chapter 2 for a more detailed description) that distinguishes between stream
and non-stream cells, is still done arbitrarily (Tarboton et al., 1991). This leads to laborious and
manual (visual) comparison of DEM extracted stream networks with traditionally mapped stream
network. A few automated AT selection algorithms were developed on proprietary software and only
tested for small scale datasets (Heine et al., 2004; Lin et al., 2006). Hence, they are not accessible
and jeopardize large scale stream extractions from DEMs. Furthermore, stressors such as land use,
pollution and flow modification often act at at the upstream reach scale, i.e. upstream riparian
corridors (URC), and affect stream communities at outlet SSPs (Dahm et al., 2013). Therefore,
studies investigating stressor impacts on stream communities often require delineation of the URCs
for given SSPs (Lorenz and Feld, 2013). However, no algorithm has been developed to perform
automated delineation of URCs for given SSPs and sizes to date, and hence they are often manually
drawn (Colson et al., 2008). To conclude, freely accessible and automated algorithms are required
for objective selection of ATs and efficient delineation of URCs for given SSPs.

Regional scale drivers, such as climate, exhibit spatial continuity and hence, regional gridded
surfaces representing their variability and magnitude are essential for identification of stress from
their dynamics as well as to predict stress at locations, where indices representing these drivers were
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Figure 1.1: Integration of spatial models with ecological models for spatial-ecological analyses (adopted from the description in Vogiatzakis (2003)).

not sampled (Webster and Oliver, 2007). Geostatistical interpolation techniques, e.g. kriging2, have been extensively applied for the prediction of variability
and magnitude of these indices at non-sampled locations (Hengl, 2009). Spatial variograms2, which model spatial variability of indices, play a central role in
geostatistical interpolation, and the number and density of observations in a region are crucial for precise variogram estimation (Webster and Oliver, 2007).
In developing countries, observations are often scarce and sparsely distributed because of constrained resources that lead to an unsatisfactory precision of
variogram estimation (Goovaerts, 1997; Parajka et al., 2015). Pooled variogram estimation (see chapter 3 for details), which is conducted by comparing
spatial variability from multiple time steps, e.g. years, in the presence of time series data, delivers a considerable increase in precision of variogram estimation
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3. Digital elevation model (DEM) — A digital elevation model (DEM) is a digital model of the
earth surface created from terrain elevation (height from the mean sea level) data (Li et al.,
2004). Generally, they are represented as rasters (collection of square grids), where each raster
cell represents a location on the earth surface and contains height information of that loca-
tion. The size of the cell is called resolution and represents the level of details of information
in a DEM. However, DEMs can also be represented by a vector-based triangular irregular
network (TIN). DEMs are also interchangeably used as digital terrain model (DTM) and
digital surface model (DSM) (Hengl, 2009). Nevertheless, DEMs only contain elevation in-
formation of the earth, whereas, DTMs, in addition, contain information on the shape of
the earth and containing objects, and DSMs contain bare earth shape information. DEMs
are generally created using remote sensing techniques, i.e. based on the imageries taken by
interferometric synthetic aperture radars boarded on airplanes or earth observation satellites,
e.g. ASTER (NASA and METI, 2009; Wise, 2007). They provide important information
on earth surface pattern and terrain characteristics that are frequently used in many research
fields, e.g. hydrology, cartography and geography (Saunders, 2000).

under data scarcity (Schuurmans et al., 2007; Wagner et al., 2012). However, the available method
for pooled variogram estimation averages variograms estimated for individual time steps that are
not suitable for time series with varying spatial locations and number of data points (typical case for
developing countries) (Goovaerts, 1997; Gräler et al., 2011). Hence, to increase the precision of
pooled variogram estimation, an alternative method is required that account for the variable number
and locations of data points in a time series.

1.4 Large scale spatial relationship between biological quality elements and
drivers

Freshwater organism groups have frequently been used as biological quality elements (BQE) for
computation of indices, which are used to indicate the ecological status of freshwater bodies (EC,
2010; Kenney et al., 2009). Especially, traits4 of organism groups have shown considerable poten-
tial as indicators of multiple stressor effects in freshwater ecosystems (Kenney et al., 2009; Statzner
and Bêche, 2010; Van den Brink et al., 2011). They have exhibited substantially less variation than
taxonomic groups and hence, demonstrate particularly high suitability for large scale assessment of
freshwater degradation and stressor effects (Bonada et al., 2007). Traits have successfully indicated
pollution from toxic sediments (Archaimbault et al., 2009), alteration in catchment land use (Larsen
and Ormerod, 2010), climate change (Lawrence et al., 2010), salinity and habitat degradation (Díaz
et al., 2007), nutrient loads (Dolédec et al., 2006), organic contamination and hydrological distur-
bances (Feio and Dolédec, 2012) across spatial scales. They also demonstrated high predictive po-
tential for recovery of organisms from degradation (Shipley et al., 2006) and were shown to provide
links to important ecosystem functions and services (Mlambo, 2014; Vandewalle et al., 2010).

Many studies have used a priori traits of freshwater organisms as biotic indicators of degrada-
tion and to disentangle effects of multiple stressors. For example, trait-based approaches have been
applied to identify ecological risk from cooccurrences of stressors (Davies and Jackson, 2006), pes-
ticides (Liess et al., 2008), salinity (Kefford et al., 2006) and organic toxicants (Beketov and Liess,
2008; Ohe et al., 2009). Moreover, traits that were hypothesized to be vulnerable to climate change
were used to identify organism groups and stream sites that may potentially be at the highest risk of
the adverse effects of climate change (Conti et al., 2013; Sandin et al., 2014). However, the spatial
relationship between organismal traits and these drivers have rarely been examined on large scales.
This limits our macroecological knowledge of the potential spatial responses of organismal traits
to large scale drivers, which is important for understanding the change in large scale distribution
patterns of freshwater communities under stress (Dray et al., 2012; Heino et al., 2013).
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4. Traits — Traits are biological (phenotypic) and ecological attributes that corresponds to individ-
ual and average states of organisms (Van den Brink et al., 2011). These attributes evolve from
a number of developmental, morphological, physiological and behavioral adaptations of or-
ganisms to their environment (Lancaster and Downes, 2010a, 2010b). Biological traits refer
to the life history characteristics, e.g. body size, life cycle, feeding habits and reproduction,
whereas ecological traits refer to the ecological preferences of organisms, e.g. habitat, current
and temperature preferences (Vandewalle et al., 2010). Traits represent functional character-
istics of organisms and thus promote mechanistic understanding of biological communities
in a taxon independent manner (Mlambo, 2014; Vandewalle et al., 2010). Hence, trait infor-
mation can be compared across ecosystems and used to establish links between community
and ecosystem ecology (Schmera et al., 2015). A typical trait database contains the affinity
(score) of organisms or organism groups to certain traits that are grouped under representa-
tive features, e.g. body sizes of < 0.25 cm and 0.25 - 0.50 cm are grouped under the body
size featuring group. The largest trait database for European freshwater species is “Freshwater
Ecology” (http://www.freshwaterecology.info/).

1.5 Large scale human and ecological risk assessment

Large scale human and ecological risk assessments from stressors, such as contaminants are essential
for identification of potential hot spots to develop management strategies and reduce anthropogenic
inputs (EEA, 2012). Moreover, the total population at risk from multiple stressors need to be
identified for remediation of contaminated areas (Srinivasa and Govil, 2007). However, due to
the unavailability of large scale (nationwide, continental and global) contaminant monitoring data,
large scale risk assessment are often impeded (Malaj et al., 2014). For example, planetary boundary
for global chemical contamination could not be determined although effects on ecosystem health
have been evidenced on a global scale (Rockström et al., 2009; Steffen et al., 2015). Especially, in
developing countries, resource constraints often limit water quality monitoring activities to a few
locations and hence, nationwide risk assessments are often not available and information on the
extent of stress and the total population at risk is largely unknown (Azizullah et al., 2011; Törnqvist
et al., 2011). Moreover, the monitoring is often biased against rural and remote areas, where people
having the least access to water purification measures may be affected by the degradation at upstream
urban areas (Khan et al., 2008). Lack of nationwide risk assessments, in turn, impede development
of freshwater management frameworks in water-stressed developing countries (MEPA China, 2014;
UNEP, 2008). To this end, large scale assessments of human and ecological risks from contaminants
are important for the formation of new frameworks in developing countries. While development of
large scale contaminant monitoring datasets, e.g. the European Waterbase Dataset (EEA, 2012), are
resource and time intensive and in many cases impossible for developing countries, spatial prediction
techniques can be employed to fill data gaps for non-sampled locations and enable large scale risk
assessments ( Javi et al., 2014; Nas and Berktay, 2010).

1.6 Aims and objectives

This Ph.D. thesis aims at: (i) developing novel spatial tools and methods for catchment and re-
gional scale quantification of stressors, (ii) examining large scale relationships between freshwater
assemblage traits and drivers by integrating spatial models with ecological models, and (iii) assessing
nationwide human health risks from contaminants in data scarce developing countries. Four studies
have been conducted using large scale datasets covering three global regions (Figure 1.2), which are
presented in chapters 2 – 5 (see Figure 1.3 for the workflow of this thesis).

In chapter 2, an automated and open-source tool is outlined for accumulation threshold (AT)
selection that enables objective stream network extraction and upstream riparian corridor (URC)
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1.6. Aims and objectives

delineation for given stream sampling points from digital elevation models. The objectives of this
study were:

• to develop an algorithm for an automatic and objective selection of ATs by ensuring the high-
est concordance between DEM extracted and traditionally mapped stream networks

• to develop an algorithm for automatic and accurate delineation of URCs for given SSPs and
sizes, by snapping SSPs to DEM extracted and approximated stream networks

• to validate and test these algorithms for large scale datasets

Chapter 3 outlines an alternative method for pooled within-time series variogram estimation
for scarce hydrological data by spatially shifting temporal data points. Specific objectives were:

• to develop an alternative method for pooled variogram estimation that account for variable
numbers and location of data points in a time series

• to compare the precision of variogram estimation of the developed method with the available
method in a data scarce region

Large scale relationships between aquatic insect assemblage traits and climate are described in
chapter 4, which were established using biomonitoring data from 4,752 German stream sites and 35
global bioclimatic indices (BIs). Spatial variability and autocorrelation in the distribution of aquatic
insects were quantified and checked for their association with the BIs. The objectives of this study
were:

• to identify traits and insect groups showing the strongest spatial relationship with the global
BIs

• to identify traits and insect groups showing the highest potential for changing distribution
under future climate change

Figure 1.2: Three global regions (highlighted in orange) covered by the studies in this thesis.
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Figure 1.3: Schematic diagram of the work-flow of this thesis

Finally, a large scale human health risk assessment is described in chapter 5 from trace metal
contamination of drinking water sources in Pakistan. A spatial prediction technique that accounts
for data scarcity and thus large distances between samples was employed with several spatial pre-
dictors for large scale prediction of trace metal concentrations in ground and surface water. The
predicted concentrations were compared to the guideline values for drinking water to assess human
health risk and quantify total area and population at risk. The objectives were:

• to predict the concentrations of 10 trace metal in ground and surface water by employing an
appropriate spatial prediction technique on previously published data for a few administrative
area and using relevant spatial predictors

• to use predicted trace metal concentrations for nationwide human health risk assessment by
comparing with guideline values and quantify total area and population at risk.
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Abstract

The extraction of stream networks from digital elevation models (DEM) and delineation of
upstream riparian corridors (URC) for stream sampling points (SSP) are frequently used tech-
niques in freshwater and environmental research. Selection of an accumulation threshold (AT)
for stream extraction and delineation of URCs are often done manually. Two algorithms are
introduced in this paper that allow for automated AT selection and URC delineation. ATs are
selected to yield the highest overlap of DEM-derived and traditionally mapped streams as well
as to assure extraction of all mapped streams from DEMs. URCs are delineated after snapping
SSPs to DEM-derived streams. The new tool showed similar or better performance than com-
parable algorithms and is freely available, interfacing the open source software packages R and
GRASS GIS. It will improve the extraction of stream networks and the assessment of magnitude
and scale of effects from riparian stressors (e.g. land use) on freshwater ecosystems.

1Environmental Modelling & Software is one of the most important scientific journals in the field of environmental
models, software, tools and methods development. The current impact factor of the journal is 4.420 according to the Journal
Citation Reports, 2015 (http://wokinfo.com/products_tools/analytical/jcr/)
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“You never change things by fighting the existing reality. To change something,
build a new model that makes the existing model obsolete”. —Buckminster Fuller



2.1. Introduction

2.1 Introduction

The increasing availability of high quality digital elevation models (DEM) has advanced the auto-
matic extraction of stream networks (DeVantier and Feldman, 1993). Extraction of streams from
DEMs often achieves higher accuracy, precision and efficiency than mapping by traditional field sur-
vey and historical map digitization (Moore et al., 1991; Olivera, 2001). Moreover, DEM-derived
stream networks (DSN) are topologically clean and homogenous. Therefore, they have largely been
applied in modeling abundance and distribution of aquatic communities (Moore et al., 2000; Naru-
malani et al., 1997) and geo-computation on physiochemical processes, i.e. carbon flux and green-
house gas emission in streams (Teodoru et al., 2009). DSNs are also more suitable for the calculation
of hillslope travel distances (Ogden et al., 2001) and for the measurement of hydrological proximities
(Tesfa et al., 2011) than traditionally mapped stream networks (MSN).

Extracted DSNs also allow for simple determination of different hydrological features from cor-
responding DEMs such as flow direction, catchment size, stream density, stream order and stream
flow periodicity (Gichamo et al., 2012; Hughes et al., 2011). These features are useful tools in
many fields of freshwater research, e.g. cartography, geomorphology, ecology and water resources
management. For example, catchment size, drainage density and stream orders provide important
information for fluvial geomorphological studies and thus help in deriving hydrograph and sedi-
ment production that depict suitability of a region for agriculture and urbanization (Berhane and
Walraevens, 2013; Maidment et al., 1996). Water resources management practices can benefit from
accurate and homogenous mapping of temporary streams and can eventually contribute to restoring
habitats of aquatic communities (Wang et al., 2002). Moreover, stream orders and catchments are
useful for flood and non-point source pollution modeling (Di Luzio et al., 2004), assessing economic
values of riverine land parcels (Bastian et al., 2002) and planning for construction works (Forman,
2003).

Numerous geographic information system (GIS) tools enable DSN extraction, among them
“r.watershed” (Metz et al., 2011) and “r.stream” ( Jasiewicz and Metz, 2011) in GRASS GIS (GRASS
Development Team, 2014), and “ArcHydro” (Maidment, 2002) and “TauDEM” (Tarboton, 2005)
in ArcGIS (ESRI, Redlands, 2001) and QGIS (QGIS Development Team, 2014) are widely ap-
plied. These tools extract DSNs by four consecutive steps: i) pit removal, ii) flow direction raster
computation, iii) flow accumulation raster computation and iv) extracting streams as cells exceeding
an accumulation threshold (AT) (see Tarboton et al. (1991) for terminologies). The first three steps
are largely automated (Arge et al., 2003; Danner et al., 2007; Garbrecht and Martz, 1997; Tar-
boton, 2005), whereas the AT for distinguishing between stream and non-stream cells is often set
arbitrarily and then DSNs are manually (visually) compared to MSNs (Tarboton et al., 1991). This
manual procedure via trial and error may either result in too many (non-existing) streams (lower
AT than optimal) or miss streams or stream stretches (higher AT than optimal) (Montgomery and
Foufoula-Georgiou, 1993). In addition, this procedure is laborious.

Values of AT vary according to the scale of studies, i.e. larger scale studies require higher order
streams and thus higher AT values and vice versa (Tarboton, 2005). However, the AT selected
for a large scale study using a low resolution DEM might also be suitable for a small scale study
using a high resolution DEM. A few stream network extraction algorithms using automated AT
consider the scale of studies (resolution of DEMs) but do not compare DSNs with MSNs. These
algorithms compute ATs by (1) slope-area power links (Montgomery and Foufoula-Georgiou, 1993)
and (2) stream drop analysis, i.e. statistical significance of the difference between extracted first and
higher order streams (Tarboton, 2005). However, ATs computed by these algorithms require further
validation with respect to geomorphology, soil and climate of the study area as they strongly affect
actual stream initiation, as well as by available MSNs (Lin et al., 2006).

Many studies require extraction of DSNs that approximate given MSNs, e.g. fitting statisti-
cal and geo-statistical models to the observations on MSNs that require hydrological parameters
from DEMs (as done by “STARS” (Peterson and Ver Hoef, 2014), “SSN” (Ver Hoef et al., 2012)
and “rtop” (Skøien et al., 2014)), catchment extraction from DEMs for outlets defined on MSNs
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(Hofierka et al., 2009; Tarboton, 2005) and DEM-based geo-computation on the processes that
are observed in MSNs (Lagacherie et al., 2010). Hence, a few studies automated the AT selection
process through comparison with MSNs, also considering the scale of MSNs. These automation are
based on (1) statistical relations with landscape parameters at stream sources of MSNs (Heine et al.,
2004) and (2) minimizing lateral displacements (d) between stream sources of MSNs and DSNs (Lin
et al., 2006). However, algorithms relying on landscape parameters are highly demanding in terms
of input data and computation. The minimized lateral displacement between mapped and DEM
stream sources may result from non-existing streams related to a low AT. Consequently, the number
of DEM-derived streams should be considered during optimization. Furthermore, lateral displace-
ments are often observed between MSNs and DSNs due to differences in data sources, equipment
and human processing, which leads to imprecision in the selection of mapped stream sources and
outlets from DEM (Peterson and Ver Hoef, 2014; Soille et al., 2003). This may consequently hinder
the extraction of an approximate DSN. The suggested solution of “burning in’’ MSNs (Maidment et
al., 1996; Peterson and Ver Hoef, 2014) alters DEMs and may affect subsequent analyses (Callow
et al., 2007).

The advent of high quality DEMs also allows for the delineation of riparian corridors for streams
and stream sections of DSNs by geomorphological analyses (Abood et al., 2012; Fernández et al.,
2012; Holmes and Goebel, 2011). The land cover in riparian corridors interacts with many processes
within streams and has a strong influence on water quality and energy fluxes (Verry et al., 2004).
Therefore multiple stressors that act on riparian scales also affect stream communities and processes
(Marzin et al., 2013). However, communities and processes in streams are typically monitored at
stream sampling points (SSP) in governmental monitoring programs (Biss et al., 2006). The SSPs
are ideally representative for the whole stream network and usually physicochemical variables such as
pH and temperature as well as biological quality elements such as fish or invertebrates are monitored
(Stevens Jr and Olsen, 2004). Hence, SSPs can be used to quantify potential effects from riparian
scale stressors on the biological endpoints (e.g. community composition of invertebrates). This in
turns requires computation of upstream riparian corridors (URC) of given sizes (length and width),
for which these stream sampling points serve as outlets (Dahm et al., 2013; Lorenz and Feld, 2013;
Marzin et al., 2013). To our knowledge, no algorithm has been developed for automated delineation
of such URCs for given SSPs and sizes. To date such corridors are often “drawn by hands” (Colson
et al., 2008).

Moreover, the available algorithms for automated AT selection and riparian corridor delineation
for streams and stream sections were mostly developed on proprietary software and hence are not
accessible. The development of comparable open source software algorithms has been suggested
to improve reproducibility, reliability and communication in geoscientific research (Rocchini and
Neteler, 2012; Steiniger and Hay, 2009).

Two novel algorithms are presented in this paper: 1) automated AT selection that objectively ap-
proximate DSNs to given MSNs and (2) automated URC delineation for given SSPs and sizes from
governmental biomonitoring data. The combination of the two algorithms is called “automated Ac-
cumulation Threshold computation and RIparian Corridor delineation (ATRIC)”. ATRIC has been
developed by combining two freely available open source software packages. ATRIC is compared
with other available algorithms regarding the goodness of DSNs, and its computational efficiency
and potential fields of application are discussed.

2.2 Materials and Methods

2.2.1 Data and software
ATRIC was applied on two spatial scales (extent): i) small watershed scale (northeast of the Ger-
man state Hessen, area 45 km2) and ii) large scale (the German state Thüringen, area 16,171 km2

and 100 watersheds) (Figure 2.1). Both regions are characterized by a complex topography com-
posed of flat, valley and hilly lands (HMUELV, 2013; TMLFUN, 2013). The mapped stream
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networks (MSN) and stream sampling points (SSP, 4 and 1010, respectively) were obtained from
governmental biomonitoring (Biss et al., 2006) in these regions. These data were collected from the
departments of environment, geology and agriculture of the state authorities of Hessen (HMUELV,
2013) and Thüringen (TMLFUN, 2013). The stream networks were mapped by physical feature sur-
veys by the state authorities and were validated against digital landscape models, digital orthophotos
and official land registers. The digital elevation models (DEM) for both regions were the ASTER
GDEM with 25 m resolution (NASA and METI, 2009).

Figure 2.1: The digital elevation models (DEM) (in the background), mapped stream networks
(MSN) and stream sampling points (SSP) in the (a) watershed at northeast of German state
Hessen and (b) German state Thüringen. The inset represents the included states on a German
administrative map. Details of the spatial reference system: coordinate system- Gauss Krüger,
projection- Transverse Mercator, datum- Deutsches Hauptdreiecksnetz and units- Meter. Data
source: HMUELV (2013), NASA and METI (2009) and TMLFUN (2013).

ATRIC was implemented using R (R Core Team, 2014) with an interface to GRASS GIS
(GRASS Development Team, 2014), i.e. the package “spgrass6” that allows for running GRASS
GIS modules from the R environment (Bivand, 2007). The other used R packages were- “raster”
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(Hijmans and Van Etten, 2010), “rgdal” (Keitt et al., 2010), “maptools” (Lewin-Koh et al., 2011)
and “rgeos” (Bivand and Rundel, 2012). The used GRASS GIS modules were- “r.watershed” (Metz
et al., 2011), “r.stream” ( Jasiewicz and Metz, 2011), “r.water.outlet”(Lagacherie et al., 2010), “v.net”,
“v.distance” and “v.overlay” (Hofierka et al., 2009).

2.2.2 Automated accumulation threshold selection
2.2.2.1 Flow accumulation raster computation

The automated accumulation threshold (AT) selection method is outlined in Figure 2.2 and elec-
tronic supplementary material (ESM) A.1, L 51-434 (see appendix A for details). The mapped
stream network (MSN) was rasterized. A flow direction raster was computed from the digital eleva-
tion model (DEM) with the integrated single flow direction (D8) algorithm ( Jenson and Domingue,
1988). However, ATRIC could also be used for the multiple flow direction (FD8) algorithm (Quinn
et al., 1991). The D8 was preferred over the FD8 algorithm as it yielded better results in previous
studies together with a more accurate representation of the actual stream flows on earth surface
(Wolock and McCabe, 1995). Hereafter, the flow direction raster was used as input for a flow
accumulation raster computation from the DEM (Metz et al., 2011).

2.2.2.2 Mapped single segment node identification

The points on segments of a stream network that represent sources, outlets, meets (confluence) and
crisscrosses of flowing water are called “nodes”. Thus, a node can be connected to single (source
and outlet nodes) or multiple stream segment(s) (confluence and crisscross nodes). The nodes in
the mapped stream network (MSN) were extracted and the number of stream segments that were
connected to each of the nodes was evaluated. Then the nodes with a single segment (sources or
outlets) were identified and named as “mapped single segment nodes”. To identify whether they are
sources or outlets, the extracted mapped single segment nodes were grouped to exhibit connecting
paths for water-flow (Metz et al., 2011; ESM A.1, L 189-199). Each group contained one outlet
node that was connected to single or multiple source node(s), i.e. water could flow from the source(s)
to the outlet through the connecting path (see the workflow of “v.net.components” (Hofierka et al.,
2009) and ESM A.1, L 201-214).

2.2.2.3 Lateral displacement selection

An accumulation threshold (AT) is commonly measured as the mean of accumulations at stream
sources (stream start nodes) (Heine et al., 2004; Jasiewicz and Metz, 2011; Lin et al., 2006). To
extract the accumulations at sources of the digital elevation model (DEM)-derived stream network
(DSN), first the location of single segment nodes of DSNs were identified and corresponding ac-
cumulations were extracted from the flow accumulation raster. The flow accumulation raster and
previously identified mapped single segment nodes were overlaid for this purpose. Our AT selection
method relies on the assumption that sources of DSNs should be located within a distance d from
the sources of mapped stream networks (MSN), which represents the lateral displacement between
DSNs and MSNs. Considering this potential lateral displacements (d), circular buffers of varying
ds were created around the mapped single segment nodes to search for accumulations. The initial d
was set two-fold the DEM resolution, i.e. 50 m, and was consecutively increased by the same (50
m) in a repeat loop for conducting the following three steps for each d:

(i) The cells with highest accumulations located within the ds around the mapped single segment
nodes in each group were extracted along with their accumulation values, as stream cells have
higher accumulations than surrounding cells (see Figure 2.2(a), step 1 and Jasiewicz and Metz,
2011). The center of these cells were the corresponding single segment nodes of DSNs for
the varying ds (ESM A.1, L 216-331).
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Figure 2.2: The work flow of the automated accumulation threshold selection method. The used
abbreviations (order: left to right and then top to bottom) – DEM: digital elevation model, MSN:
mapped stream network, DSN: DEM-derived stream network, d: lateral displacement between
DSN and MSN, AT: accumulation threshold, nDS(ov): number of overlapped DEM stream cells
with the selected d buffered mapped stream cells and nDS : number of DEM stream cells. The
numbers below the arrows indicates the corresponding processing step.

(ii) Corresponding stream sources of DSNs were identified from each group of single segment
nodes of DSNs based on the lowest cell accumulations (accumulation at sources are lower
than at outlets and vice versa) for the varying ds (see Figure 2.2(a), step 2). Then, for each
d, an AT was computed as the mean of the accumulations at stream sources on the DEM
from all groups. However, considering differences in scales and study objectives of users, the
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5th, 50th and 95th percentile values (can be changed by users according to their needs) of the
accumulations at sources were also provided. The distributions of the AT values at stream
sources of DSNs for the Hessen watershed and state Thüringen are provided in Figure A.1 in
appendix A. Finally, a DSN was extracted using the AT for each of the ds (see Figure 2.2(a),
step 3-4 and ESM A.1, 216-331).

(iii) The extracted number of streams (nDS) of DSNs is an inverse function of AT, i.e. a lower
AT extracts higher number of streams and vice-versa (Montgomery and Foufoula-Georgiou,
1993). Moreover, the AT increases with the width of search buffer d around sources of MSNs
(Figure A.2 in appendix A). Given the expected lateral displacements between the MSN and
DSN, a search with a lower than optimal d (Figure A.2(a)) would not include the source of
the corresponding DSN and consequently yield a lower than optimal AT. By contrast, a search
with a higher than optimal d (Figure A.2(b)) would include non-source DSN cells and result
in a higher than optimal AT. From this follows that nDS is an inverse function of d (Eq. 2.1).

nDS(opt.) = f(
1

d
) (2.1)

The extracted nDS was compared to the number of mapped stream cells (nMS) for all ds and
then optimized (nDS(opt.)) by using Eq. (2).

nDS = nMS +min(nDS − nMS);with
nDS − nMS

nMS
< 0.05 (2.2)

The term min(nDS–nMS) indicates the minimum of the difference between the number of
DSN and MSN stream cells. The nDS was constrained to be a maximum of 5% higher than
the nMS (as indicated by the constraints: with (nDS–nMS)/nMS < 0.05) to assure that all
streams of the MSN were extracted from the DEM and while minimizing the extraction of
non-existing streams (Figure 2.2(a)).

The d that extracted nDS(opt.) was selected as the lateral displacement between the MSN and
DSN. To increase precision, from this step d was further consecutively decreased by 10 m (1/5th
of the initial d) in the loop and the lateral displacement was selected satisfying Eq. (2). However,
the initial d as well as the values for the increase and decrease can be chosen by users according to
their requirements regarding precision and scale of the project. The corresponding accumulation
threshold for the selected lateral displacement d (ATd) was selected for further processing.

2.2.2.4 Overlap optimization between mapped and DEM-derived streams

First, the mapped stream network (MSN) was buffered with the selected lateral displacement (d) and
then overlaid with the digital elevation model (DEM)-derived stream networks (DSN) extracted for
different accumulation thresholds (AT). Subsequently, the percentage of overlapped DEM-derived
stream cells (nDS(ov)/nDS) was computed (see Figure 2.2(b), step 1 and ESM A.1, L 333-413).
The initial AT was the one for the selected d (ATd) and was consecutively increased or decreased
by 10n−1 unit, where 10n− 1 < ATd ≤ 10n;n ∈ N , to increase nDS(ov)/nDS . For example,
the increments or decrements were 100 and 1000 for the ATds of 370 (Hessen watershed, 10 <
370 ≤ 1000) and 8543 (Thüringen, 1000 < 8543 ≤ 10000), respectively (see Figure 2.2(b), step
2). The highest value of the nDS(ov)/nDS that also satisfied Eq. (2) was considered as optimal,
i.e. the highest possible overlap between the MSN and DSN that also extracts all the streams of
MSN from the DEM and thus minimizes non-existing streams (see Figure 2.2(b), step 2 and ESM
A.1, L 333-413). To enhance precision, the optimization of AT was continued with 10n−2unit
(ignored when n=1) increase or decrease until it also yielded the highest overlap that satisfied Eq.
(2). The corresponding AT for the optimized nDS(ov)/nDS was regarded as the optimal AT for
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comparable DSN extraction. This AT was then employed for the extraction of the DSN from
previously computed flow accumulation raster (ESM A.1, L 414-417). ThenDS(opt.) and optimized
nDS(ov)/nDS represent the goodness-of-fit measures for the DSN.

2.2.3 Automated upstream riparian corridor delineation
The automated upstream riparian corridor (URC) delineation method is outlined in Figure 2.3
and ESM A.1, L 438-590. First, upstream catchments (UC) were delineated for the given stream
sampling points (SSP) (Lagacherie et al., 2010). The delineation of UCs for the original SSP data
was impeded by substantial lateral displacements from mapped stream networks (MSN) (Figure A.3
in appendix A). Therefore SSPs were first snapped to the MSN by matching their corresponding
stream names (see Figure 2.3(a), step 1). Nonetheless, users may also snap SSP to MSN by shortest
euclidean distance if stream names are not available . Thereafter, previously snapped SSPs were
snapped to the approximate DSN by shortest euclidean distance. If the DSN is extracted without
comparing to a MSN (integration with other tools for automated AT extraction (Montgomery and
Foufoula-Georgiou, 1993; Tarboton, 2005) or no MSN is available), the SSPs could be directly
snapped to the DSN by shortest euclidean distance, as suggested by (Tarboton, 2005).

The length and width of the URCs were set to 10 km and 100 m, respectively, as these pa-
rameters are frequently used in freshwater research (though can be changed by users according to
their study objectives) (Lorenz and Feld, 2013). However, the algorithm could also be integrated
with other tools for delineating riparian corridors based on geomorphology and stream side charac-
teristics (Abood et al., 2012; Fernández et al., 2012; Holmes and Goebel, 2011), allowing for the
delineation of URCs of variable lengths and widths. Stream sections of the defined length were ex-
tracted from all stream segments that were connected to SSPs as upstream segments were unknown.
This also included extracting junctions and bifurcations of stream sections. These stream sections
were buffered by the defined width (see Figure 2.3(b), step 1). Then the buffered stream sections
were masked by the previously extracted UCs yielding to the final URCs (see Figure 2.3(b), step 2
and ESM A.1, L 532-579). In case of integration with other tools, delineated riparian corridors
for stream and stream sections by those tools need to be masked by the UCs to delineate URCs of
variable sizes for given SSPs.

The complete R script for the analyses that is provided as the electronic supplementary materials
(ESM) A.1 contains detailed commentary on each step. To allow for reproducibility, the required
DEM, MSN and SSP data are also made available in an online repository:
http://doi.pangaea.de/10.1594/PANGAEA.825001.

2.2.4 Comparison with other algorithms
ATRIC was compared with the available two algorithms (Heine et al., 2004; Lin et al., 2006) that
automated the accumulation threshold (AT) selection process through a similar approach, i.e. com-
parison with mapped stream networks (MSN). The equivalent goodness-of-fit measures for the
digital elevation model (DEM)-derived stream networks (DSN), i.e. percentage of “error stream
length” in Heine et al. (2004) and “overlaid coincidental stream links” in Lin et al. (2006), were
obtained and adjusted, i.e. “100-percentage of error stream length” for Heine et al. (2004). Here-
after, these measures were compared to the goodness-of-fit measure of ATRIC, i.e. percentage of
overlapped stream cells with buffered mapped streams (nDS(ov)/nDS). Simultaneously, the corre-
sponding spatial scales (extents) of the study areas were also compared.

2.3 Results and Discussion

2.3.1 Automated accumulation threshold and spatial scale
In this paper, we developed ATRIC that extracted stream networks (DSN) from digital elevation
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Figure 2.3: The work flow of the upstream riparian corridor delineation method for given stream
sampling points. The used abbreviations (order: left to right and then top to bottom) – MSN:
mapped stream network, DSN: digital elevation model (DEM)-derived stream network, SSP:
stream sampling points and URC: upstream riparian corridor. The numbers below the arrows indi-
cates the corresponding processing step.

models (DEM) using automatically selected accumulation thresholds (AT) that maximize concor-
dance with traditionally mapped stream networks (MSN). The tool was applied on two different
spatial scales (extents), given that spatial scale impacts on the selection of an AT (Murphy et al.,
2008). Large scale studies require DSNs of high stream orders, e.g. in large watersheds, corre-
sponding to the selection of a high AT. Conversely, small scale studies often focus on lower stream
order and dense DSNs corresponding to the selection of a low AT. However, ATRIC automatically
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adjusts to the scale of the provided MSNs and selects an AT on the related scale conditional that the
resolution of the used DEMs is appropriate. For example, a small scale study that requires a dense
stream network should apply DEM with a sufficiently high resolution, whereas a coarse-resolution
DEM might suffice for a large scale study. Overall, users of ATRIC should select DEMs with
appropriate resolution with respect to the order and density of MSNs.

2.3.2 Goodness of stream network extraction from digital elevation models
The digital elevation model (DEM)-derived stream networks (DSN) extracted by ATRIC exhibited
good agreement with the mapped stream networks (MSN) on both spatial scales (Table 2.1 and 2.2;
Figure 2.4). The AT obtained from the automatically selected d (ATd, 370 and 8543) for the Hes-
sen watershed and state Thüringen extracted almost equivalent (2.93% and 4.77% higher) number
of DSN (nDS) compared to the number of MSN stream cells (nMS) (Table 2.1). The ATs (500 and
9543) obtained from the further optimization of the ATds were marginally different from the ATds
but considerably improved the concordance between the nDS and nMS , i.e. obtained nDSs were
only 0.24% and 0.43% higher than the nMSs for the Hessen watershed and state Thüringen, respec-
tively (Table 2.2). Moreover, the extracted DSNs entailed high (89.36%) and moderate (57.42%)
overlaps with the MSNs buffered with the selected ds for the Hessen watershed and state Thüringen,
respectively (Table 2.2).

When compared to the goodness-of-fit of other algorithms on comparative spatial scales, ATRIC
showed similar or better performance (Table 2.3). The spatial extent of the Hessen watershed is 75
times larger and 1.6 times smaller on average than the watersheds used in Heine et al. (2004) and
Lin et al. (2006), respectively. Nevertheless, while compared to Heine et al. (2004) and Lin et al.
(2006), the goodness-of-fit of the extracted DSN for the Hessen watershed was higher. However,
the goodness-of-fit of the extracted DSN for the state Thüringen was lower where the spatial extent

Table 2.1: The results of number of digital elevation model (DEM)-derived stream cells (nDS)
optimization to obtain average lateral displacements (d) between mapped stream network (MSN)
and DEM-derived stream network (DSN). The computed accumulation threshold (AT), nDS and
the percentage high or low are the nDS from the number of mapped stream cells (nMS), i.e. ((nDS−
nMS)/nMS) are reported with varying ds.

Spatial scale Variable d Consecutive increase
or decrease in the d Computed AT nDS

nDS−nMS

nMS

(m) (+/−m) (+/−%)

50 - 55 3469 +182.49
100 +50 263 1734 +41.21
150 +50 362 1325 +7.89

Hessen watershed 200 +50 654 1086 -11.56
190 -10 652 1088 -7.00
180 -10 592 1142 -7.00
170 -10 572 1167 -4.97
160 -10 370 1264 +2.93
50 - 279 986647 +391.92
100 +50 1717 442971 +120.85

Thüringen state 150 +50 9756 199451 -0.56
140 -10 8543 210133 +4.77
130 -10 8485 212799 +6.09

Grey highlighted = The obtained d between DSN and MSN by nDS optimization, corresponding AT (ATd) and
nDS–nMS

nMS
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Table 2.2: The results of overlapped digital elevation model (DEM)-derived stream cells (nDS(ov))
with buffered mapped stream cells optimization to select an accumulation threshold (AT). The per-
centages of overlapped DEM-derived stream cells (nDS(ov)/nDS) with varying ATs are reported.

Spatial scale AT
Consecutive increase or

decrease in the AT starting
from the ATd (Table 2.1)

nDS(ov)
nDS

nDS−nMS

nMS

+/− unit (%) (+/- %)
370 - 83.15 +2.93
470 +100 88.53 +2.06

Hessen watershed 480 +10 88.90 +1.22
490 +10 89.32 +0.65
500 +10 89.36 +0.24
510 +10 90.06 -0.90
8593 - 56.06 +4.77

Thüringen state 9543 +1000 57.42 +0.43
9643 +100 57.53 -0.04

Grey highlighted = The AT obtained bynDS(ov)/nDS optimization and corresponding nDS(ov)
nDS

and nDS−nMS
nMS

Table 2.3: Comparison of the goodness-of-fit of the ATRIC extracted stream networks from the
digital elevation models (DEM) with the stream networks extracted by other algorithms for auto-
mated accumulation threshold selection.

Source Study area Spatial
extent

Resolution
of the used

DEMs
Comparable measure of

the goodness-of-fit
Goodness-

of-fit
km2 (m) (%)

Heine et
al. (2004)

Tallgrass
National Park

watershed
0.6 10 100 – percentage of total

error stream 87.30

Lin et
al.(2006)

Chi-Jia-Wang
watershed 74.03 40 Percentage of overlaid

coincidental stream links
70

Erh-Wu
watershed 51.36 72

ATRIC
Hessen

watershed 45 25 Percentage of
overlapped stream cells
with mapped streams
buffered by a selected
lateral displacement

89.36

Thüringen state 16171 57.42

was approximately 360 times larger than the Hessen watershed. These results are supported by
Goodchild and Gopal (1989) and Murphy et al. (2008), who showed that the goodness-of-fit of
GIS analyses is scale-dependent, e.g. smaller scale stream extraction results in better goodness-of-fit.
Moreover, constant ATs selected on smaller spatial scales are more representative of the topography
and geomorphology of study areas because of more homogeneity and hence, yield better overlap
with MSNs (Heine et al., 2004; Lin et al., 2006). However, ATRIC represents an improvement
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in extraction precision on large scales because of optimization of the nDS before determining the
nDS(ov)/nDS and thus advances previous algorithms.

Figure 2.4: The digital elevation model (DEM)-derived stream networks (DSN) by ATRIC over-
laid with mapped stream networks (MSN) in (a) the watershed at the northeast of Hessen and
(b) Thüringen, and delineated upstream riparain corridors (URC) of (c) one stream sampling point
(SSP) in the Hessen watershed and (d) several SSPs in Thüringen.

Geographic characteristics of study regions also influence the goodness of DSN (Wolock et al.,
1990). The study regions reported in Heine et al. (2004) and Lin et al. (2006) were flat, simple
and homogeneous whereas we applied ATRIC on relatively complex and heterogeneous regions and
obtained comparable goodness of DSN.

Resolution, sources and creation methods of DEM also substantially affect the goodness of DSN
(Li and Wong, 2010; McMaster, 2002; Murphy et al., 2008). Therefore goodness of ATRIC can
be further improved by using a higher resolution (e.g. 10 m) and more advanced equipment derived
(e.g. lidar) DEMs.

31



Chapter 2 Avit Kumar Bhowmik

2.3.3 Computational efficiency
ATRIC showed high computational efficiency in terms of required computation time and size of
input datasets. We ran ATRIC on three different computers: (1) Linux OS with 3.8 GHz Quad-
Core processor and 16 GB RAM, (2) Mac OS with 2.8 GHz Quad-Core processor and 12 GB
RAM and (3) Windows OS with 2.9 GHz Dual-Core processor and 4 GB RAM. Required time
for automated accumulation threshold (AT) selection on the small (watershed) and large (state)
spatial scales on the Linux, Mac, Windows OS computers were 43 seconds, 58 seconds, two minutes
and 33 minutes, 50 minutes, two hours, respectively. The time required for the upstream riparian
corridor (URC) delineation per stream sampling point (SSP) was 30 seconds for Linux and Mac
OS, and one minute for Windows OS, respectively. Moreover, the other available algorithms for
automated AT selection (Heine et al., 2004; Lin et al., 2006; Montgomery and Foufoula-Georgiou,
1993; Tarboton, 2005) were developed on single watersheds and therefore the input digital elevation
models (DEM) and mapped stream networks (MSN) that were processed were small in terms of
number of cell. By contrast, ATRIC processed large input DEM and MSN in the state Thüringen
that is comprised of 100 watersheds and a complex topography. Thus ATRIC showed an advantage
over the available algorithms in terms of processing large datasets. This computational efficiency was
entailed by the efficient raster processing capability in R and GRASS GIS (GRASS Development
Team, 2014; R Core Team, 2014).

2.3.4 Development and integration
ATRIC is the first algorithm that has been developed using free and open source software. The
available algorithms relying on proprietary software have already shown substantial improvement in
stream network mapping (Heine et al., 2004; Lin et al., 2006). Given the rapid growth in the market
shares of open source GIS software packages (Neteler et al., 2012), ATRIC enables widespread usage
and thus improvement in stream network mapping. Moreover, non-profit community motivation,
non-proprietary hierarchical co-ordination and coherence with proprietary standards of the open
source software ensure further development of ATRIC (Bonaccorsi and Rossi, 2003).

ATRIC was developed combining two different software packages (R and GRASS GIS) and
thus advanced available GIS operations (Bivand, 2007). R provides platforms for co-interfacing
with several other free open source (e.g. “SAGA GIS” (Brenning, 2007) by the package “RSAGA”
(Brenning, 2008)) and proprietary (e.g. ArcGIS (ESRI, Redlands, 2001) by the package “RPyGeo”
(Brenning, 2012)) GIS software packages. Thus ATRIC could be further integrated with other GIS
software packages. Importantly, ATRIC will facilitate the reproducibility of geoscientific research
(Pebesma et al., 2012).

Moreover, ATRIC can be integrated with other algorithms for statistical and geostatistical mod-
eling on stream network, i.e. SSN (Ver Hoef et al., 2012) and rtop (Skøien et al., 2014), and extrac-
tion of riparian corridors for streams and stream sections based on streamside characteristics and
geomorphological analyses (Abood et al., 2012; Fernández et al., 2012; Holmes and Goebel, 2011).
Currently, the data required for SSN is provided by STARS (Peterson and Ver Hoef, 2014) that
depends on ArcGIS (proprietary software). ATRIC represents an open source alternative because
it includes tools for building network topology, extracting a comparable digital elevation model
(DEM)-derived stream network (DSN) for a given mapped stream network (MSN) considering
the lateral displacement (instead of burning the MSN into the DEM which is done in STARS)
and upstream catchment (UC) delineation for given points on streams. Delineating UC for given
stream sampling points on MSN is also a primary requirement in rtop. Moreover, ATRIC can
be integrated to extract upstream geomorpholocial riparian corridors of variable sizes for particular
stream sampling points (SSP).

2.3.5 Potential fields of application
Advances in computer technology and GIS software, and widespread availability of electronic maps
and high resolution satellite imagery in recent decades facilitate far reaching applications for ATRIC.
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These include related fields of freshwater research, e.g. cartography, geomorphology, hydrology,
ecology and water resources management. Some examples are:

(i) Improving accuracy, precision and efficiency of digital and traditional topographic mapping
by providing high quality digital elevation model (DEM)-derived stream network (DSN, hy-
drological) data layers (Heine et al., 2004),

(ii) Enabling geomorphological analyses, e.g. flood modeling on DEM by providing correspond-
ing DSN as such analyses are not possible on areal photographs or traditional paper maps
(Gichamo et al., 2012),

(iii) Updating existing stream network maps by frequently updated and easily available DEMs
(Olivera, 2001),

(iv) Extracting stream networks in unmapped regions (traditionally mapped stream networks
(MSN) are not available) using the accumulation threshold (AT) derived from mapped re-
gions (MSN available) by ATRIC. This is applicable when the unmapped region has an iden-
tical size and topography as well as environmental characteristics of the mapped region and
the scales of the studies on two regions are the same. Moreover, as AT is assumed to cor-
relate with different regional geomorphological and climatological parameters, such as plane
curvature and precipitation (Moore et al., 1991), the AT for unmapped regions could also
be predicted based on the relationship of ATs in several mapped regions with these regional
parameters, and

(v) Detecting and quantifying different stressors due to landuse and climate change, surface
runoff, ingredient flow in the URCs for convergent SSPs (Lorenz and Feld, 2013).

Moreover, ATRIC overcame the problem of lateral displacements between MSN and DSN and
can extract DSN sources without DEM alteration. Hence, ATRIC can be applied across different
DEM with variable resolution, accuracy and precision for DSN extraction and URC delineation.

2.4 Conclusions and outlook
We developed ATRIC for the automation of accumulation threshold (AT) selection to enable ob-
jective stream network extraction and upstream riparian corridor (URC) delineation from digital
elevation models (DEM) using open source software packages. The DEM-derived stream networks
(DSN) by ATRIC represented a good approximation of the given mapped stream network (MSN).
However, traditional field survey and derived MSNs often miss important stream stretches (Colson
et al., 2008). This might affect the goodness of the extracted DSN when compared to ground truth
as ATRIC primarily depends on the provided mapped stream cells. It might also affect reliability
of the delineated URC for a given set of stream sampling points (SSP) because this delineation
depends on the extracted approximate DSN. Nevertheless, the MSN provided by governmental au-
thorities are widely accepted as the most accurate and precise ground truth. Moreover, the MSNs
used here were previously validated against digital landscape models and orthophotos and hence,
can be claimed to be less erroneous. In contrast to previous approaches (e.g. Heine et al. (2004)
and Lin et al. (2006)), ATRIC is relatively independent of the location of mapped stream sources
in AT selection and thus stream network extraction. Notwithstanding, future studies could enhance
ATRIC by integrating variable AT selection in case of a complex topography. Furthermore, if high
resolution satellite imageries are available, the DSN could be validated using satellite imageries in
case that the provided MSN is erroneous. Finally, implementation of ATRIC as a pure GIS mod-
ule, e.g. GIS package in R or GRASS GIS toolkit, to avoid co-interfacing as well as development
of a graphical user interface might enhance accessibility and migration to other GIS platforms.
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Abstract

Estimation of pooled within-time series (PTS) variograms is a frequently used technique for
geostatistical interpolation of continuous hydrological variables in spatially data-scarce regions.
The only available method for estimating PTS variograms, i.e. averaging empirical variograms
(AEV), estimationdoes not account for the varying numbers and locations of spatial data points
in a time series. Here, we outlined an alternative method, i.e. spatially shifting temporal points
(SSTP), for estimating PTS variograms by spatializing temporal data points and shifting them.
The data were pooled by ensuring consistency of spatial structure and temporal stationarity within
a time series, while pooling sufficient number of data points and increased data density for reli-
able variogram estimation. The pooled spatial data point sets from different time steps were as-
signed to different coordinate clusters on the same space. Then a semivariance was computed for
each spatial-lag by simultaneously comparing all point pairs separable by that spatial-lag within
a pooled time series, and a PTS variogram was estimated by controlling the lower and upper
boundary of spatial-lags. SSTP was then applied for PTS variogram estimation of a precipita-
tion index in Bangladesh. The precision of SSTP was compared with the available AEV and a
manually modified robust, i.e. weighted AEV (WAEV) method, using weighted mean squared
error (WMSE) as model-fit, and root mean squared error (RMSE) and Nash-Sutcliffe efficiency
(NSE) as geostatistical interpolation performance statistics. SSTP (average WMSE: 4.54X107,
RMSE: 584.49 and NSE: 0.34) showed higher precision than the available AEV method (aver-
age WMSE: 7.52X108, RMSE: 618.15 and NSE: 0.24), whereas showed identical precision to
the WAEV method, and allowed for modelling spatial variability at ≤ 29 km for all time steps.
SSTP was more intuitive and implemented by using the freely available R open source software
environment. The method will reduce uncertainty for spatial variability modeling while preserv-
ing spatiotemporal properties of data for geostatistical interpolation of hydrological variables,
particularly in spatially data-scarce developing countries.

1HESS is ranked 2nd in the field of water resources research. The current impact factor of the journal is 3.535 according
to the Journal Citation Reports, 2015 (http://wokinfo.com/products_tools/analytical/jcr/)

2Papers under review in HESS are published as discussion papers and archived in HESSD after the review by an editor
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“When you start seeing an area that was all tundra, and now all of a sudden, you
see more shrubs or you see the forest encroaching, that is of great importance in terms
of hydrology and ecology”. —Andrew Slater



3.1. Introduction

3.1 Introduction

Geostatistical interpolation techniques, e.g. kriging, have been extensively applied to mapping spa-
tially continuous hydrological variables, e.g. precipitation (Carrera-Hernández and Gaskin, 2007;
Durão et al., 2009; Haberlandt, 2007), stream flow (Castiglioni et al., 2011; Skøien et al., 2006;
2014), flood (Archfield et al., 2013) and runoff (Skøien et al., 2008). Modeling spatial variability,
i.e. the spatial variogram, plays a central role in geostatistical interpolation (Webster and Oliver,
2007). The precision of variogram estimation strongly depends on the number of observations, i.e.
spatial data points, in a region (Oliver, 2010; Truong et al., 2012). Webster and Oliver (1992;
2007) identified the threshold for satisfactorily precise isotropic and anisotropic variogram estima-
tion as 100 and 250 data points, respectively. Moreover, variograms computed on fewer than 50
data points exhibited little precision, whereas variograms on 400 data points were computed with
very high precision (Webster and Oliver, 1992; 2007).

The number of data points in a region indicates data density, which also affects the precision of
variogram estimation, and quality of kriging and other geostatisitical interpolation of hydrological
variables (Parajka et al., 2015). A few data points entail a low data density and thus a high distance
between data points as well as between locations of interpolation and data points. This leads to a
high “smallest separation distance”, i.e. the smallest spatial-lag, between data point pairs for which
empirical variograms (semivariances) are computed and thus a high uncertainty for short distant
spatial variability modeling (Schuurmans et al., 2007). Moreover, the global information of the
stationary hydrological variable mean becomes preponderant and leads to a loss of global variance
(Bhowmik and Costa, 2014). This, in turn, leads to an overestimation and underestimation of small
and large variable values, respectively.

Particularly, in developing countries, hydrological data are often scarce because of technological
and economical constraints (Bhowmik, 2012; Bhowmik and Costa, 2014). Consequently, spatial
variograms are often estimated with less than 50 data points and in turn the resulting variograms
are mostly imprecise (Bhowmik and Cabral, 2011; Bhowmik and Costa, 2012; Castellarin, 2014;
Goovaerts, 2000; Pugliese et al. 2014). Moreover, because of low data density the smallest spatial-
lag is very high and hence, the uncertainty for short distant spatial variability modeling also remains
high (Schuurmans et al., 2007).

Estimation of pooled within-time series (PTS) variograms by comparing spatial variability from
multiple time steps, e.g. years, that is similar to pooled within-class (or strata) variograms where
spatial variability from multiple attribute classes are compared (Webster and Oliver, 2007), enables
precise variogram estimation in data-scarce regions (Wagner et al., 2012). PTS variograms have
been adapted to cases where the available numbers of data points and data density for individual
time steps of a hydrological time series were too low to obtain satisfactory precision (Bhowmik,
2012; Rogelis and Werner, 2012; Schuurmans et al., 2007; Wagner et al., 2012). The advantages
of PTS variograms over individual variograms are: (i) the number of point pairs is considerably
increased, reducing the noise in empirical variograms and thus increasing the precision of variogram
estimation (Rogelis and Werner, 2012), and (ii) data density can be increased and in turn the smallest
spatial-lag is considerably decreased by including spatial variability from multiple time steps. For
varying lengths of temporal data at different spatial points, some time steps may possess smaller
spatial-lags than others. Pooling allows to include these small spatial-lags in temporally constant
variogram estimation and thus to reduce uncertainties of short distant spatial variability modeling for
the time steps that possess only lower data density and thus larger spatial-lags. In turn, short distant
variability can be modeled for time steps with lower data density and larger spatial-lags using point
pairs from time steps with higher data density and smaller spatial-lags (Schuurmans et al., 2007).
Moreover, PTS variograms were shown to be more suitable than spatiotemporal variograms that are
estimated for interpolation in space-time, and mean variograms that average estimated non-singular
individual variogram parameters, i.e. nuggets, partial sills and ranges within time series (method d
in Gräler et al. (2011)) for cases, where the spatial locations and numbers of available data points
and density vary within a time series and do not meet the threshold for precise individual variogram
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estimation in any time step (Christakos, 2001; Kerry and Oliver, 2004). This is because temporal
variability modeling is uncertain for variable spatial locations of data points and lengths of time
series, and, as previously discussed, the estimated spatial variogram parameters for individual time
steps are imprecise due to scarce data.

Averaging empirical variograms (AEV), which are computed by paired comparisons in individ-
ual time steps, over each spatial-lag within a pooled time series represents the only method available
for PTS variogram estimation (method c in Gräler et al. (2011)). However, this method assumes
the constancy of numbers and locations of spatial data points in a time series Gräler et al. (2011).
The coverage of spatial data points typically increases over time in data scarce regions, particularly
in developing countries and hence, time series exhibit varying numbers and locations of spatial data
points (Bhowmik, 2012; Bhowmik and Costa, 2014). Therefore, the PTS variogram estimation
should account for these varying numbers and locations of data points in a time series. Moreover,
most studies focused on geostatistical interpolation of hydrological variables in regions with dense
spatial data (Haberlandt, 2007; Skøien et al., 2006) whereas there is an increasing need for studies
on spatial variability of hydrological variables in spatially data-scarce regions, particularly in devel-
oping countries (Stocker et al., 2013). Hence, only the AEV method for PTS variogram estimation
is insufficient for the anticipated large number of studies on data-scarce countries.

We outline an alternative method in this paper for estimating PTS variograms by spatializing
temporal data points and shifting them that automatically accounts for the varying numbers and
locations of data points in a time series. We call this method “spatially shifting temporal points
(SSTP)”. SSTP was developed using the freely available R (R Core Team, 2015) open source soft-
ware environment. We apply SSTP to estimate PTS variograms for a hydrological series in a spa-
tially data-scarce developing country and compare it with the AEV and a modified AEV methods.

3.2 Methods

3.2.1 Spatial structure and stationarity tests
Spatial structure, and spatial and temporal stationarity indicate the strength, and spatial and tem-
poral pattern of variability of spatiotemporal variables, respectively (Kravchenko, 2003). Hence, as
a PTS variogram represents a constant variability between spatial data points within a pooled time
series, spatial structure requires consistency within that time series (Gräler et al., 2011). Moreover,
a hydrological variable should exhibit temporal stationarity, i.e. the mean and distribution of the
variable should be constant across a pooled time series (Gräler et al., 2011). The number of pooled
data points should also ensure high enough precision for variogram estimation, i.e. the threshold for
reliable variogram estimation (400) should be achieved (Webster and Oliver, 2007) and data density
should be increased to reduce uncertainty for short-distance spatial variability modelling (Parajka et
al., 2015).

We first quantified the spatial structure of the hydrological variable in each time step by comput-
ing its spatial correlation coefficients along the longitudinal and latitudinal gradients as suggested
by Kravchenko (2003). The Pettitt–Mann–Whitney test was then applied to the correlation coef-
ficients to identify statistically significant change points within a time series and thus to identify
changes in the spatial structure (Kiely et al., 1998). The (sub)time series between the change points
were extracted as time series with consistent spatial structure. In a second step, we checked for
the temporal stationarity of the variable within the previously extracted time series with consistent
spatial structure. For the purpose, we conducted an Augmented Dickey-Fuller test for each series
(Said and Dickey, 1984). The null hypothesis of the test was that the variable has a unit root in
each series, where rejecting null hypothesis with statistical significance denotes temporal stationar-
ity. In a final step, the time series with consistent spatial structure and temporal stationarity were
checked to ensure that the numbers of pooled data points met the threshold for reliable variogram
estimation and data density was increased. The data points of the time series that satisfied the above
three criteria were pooled and used for the PTS variogram estimation. The Pettitt–Mann–Whitney
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test and Augmented Dickey-Fuller test were performed using the R (R Core Team, 2015) packages
“cpm” (Ross, 2013) and “tseries” (Trapletti and Hornik, 2012), respectively.

Spatial stationarity, constancy of mean of a regionalized hydrological variable across a study re-
gion, is crucial for the choice of appropriate geostatistical interpolation techniques (Cressie, 1993).
Hence, we checked for spatial stationarity, i.e. the presence of a trend in the mean of the regional-
ized hydrological variable to identify an appropraite geostatistical technique for spatial interpolation
of variables. For the purpose, we identified trends (slopes) in the variable along the longitudinal and
latitudinal gradients through a simple linear regression and checked for their statistical significance.
Statistically significant trends in the variable indicated non-stationarity whereas trends with no sta-
tistical significance indicated stationarity.

3.2.2 Computation of pooled within-time series (PTS) empirical variograms
We computed pooled within-time series (PTS) empirical variograms applying three methods: (i)
Spatially shifting temporal points (SSTP) that was developed in this paper, (ii) averaging empirical
variograms (AEV) that is currently the only available method and (iii) a modified AEV method, i.e.
weighted AEV (WAEV) (see the schematic diagram Figure 3.1 for work-flows of the methods).

3.2.2.1 Spatially shifting temporal points (SSTP)

SSTP was developed in R (R Core Team, 2015) using the utilities of the “gstat” (Pebesma, 2004),
“intamap” (Pebesma et al. 2011) and “spacetime” (Pebesma, 2012) packages. Data point sets from
different time steps within a pooled time series were spatialized, i.e. assigned to different sets of
coordinates (clusters) on the same space (Figure 3.1). Given that s is a data point location vector
comprised with the coordinate vector (x, y), t is a time vector for a pooled time series, Z(s, t) is the
vector for computed variable value for the data point s in year t and ||si,t − sj, t is the separation
distance, i.e. spatial-lag of the point pair comprised with points si and sj in year t, we first assigned
the data points from the base year (t1) of a pooled series, e.g. 1948 of the 1948-1975 series, to
its original coordinates (xt1 , yt1). Then coordinates for the data points of the latter years were
calculated according to Eq. (3.1), when (t1 + 1) + 4n ≤ t < (t1 + 1) + 4(n + 1); n ∈ N (N =
natural numbers).

s(t1+1)+4n = x(t1+1)+4n + (n+ 1)d, y(t1+1)+4n

s(t1+1)+4n+1 = x(t1+1)+4n+1 − (n+ 1)d, y(t1+1)+4n+1

s(t1+1)+4n+2 = x(t1+1)+4n+2, y(t1+1)+4n+2 + (n+ 1)d

s(t1+1)+4n+3 = x(t1+1)+4n+3, y(t1+1)+4n+3 − (n+ 1)d

(3.1)

For example, for the years t = 1949, 1950, 1951, 1952 within the pooled series of 1948-1975,
n = 0 because and (1948 + 1) + 4 ∗ 0 < (1948 + 1) + 4(0 + 1) hence,

s1949 = x1949 + d, y1949

s1950 = x1950 − d, y1950

s1951 = x1951, y1951 + d

s1952 = x1952, y1952 − d

(3.2)

d in Eqs. (3.1) and (3.2) is a shift distance that is bigger than two-fold the largest spatial-lag
available within the pooled time series, i.e. d > 2 ∗ max||si,t − sj,t||, and shifts the data point
sets of different years from each other. This shift distance was chosen because it prevents the influ-
ence of data point sets from different years on each other while estimating PTS variograms, i.e. the
peripheral data points of the sets from neighboring years are separated by a distance outside of the
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Figure 3.1: Work-flows and methodological differences between spatially shifting temporal points
(SSTP), averaging empirical variograms (AEV) and weighted averaging empirical variograms
(WAEV) methods for computing pooled within-time series (PTS) empirical variograms. PTS em-
pirical variogram computation by AEV followed method c described in Gräler et al. (2011) and the
method described in Pebesma and Gräler (2014).

range of the largest spatial-lag available within the pooled time series (Figure 3.1). Thus the shift
distance represents a spatially rescaled temporal distancebetween data point sets from two consecu-
tive years that preserves the spatiotemporal properties of PRCPTOT. Note that this shift distance
is different from the spatially rescaled temporal distance computed for spatiotemporal variogram
estimation in Gräler et al. (2011), where temporal variability was examined on a scale analogous
to spatial variability. We selected the shift distance as in Eq. (3.3), but the users can choose any
distance that is > 2 ∗max||si,t − sj,t||.

d = 2 ∗max||si,t − sj,t||+max||si,t − sj,t||/100 (3.3)

Spatial shifting of the temporal data points was performed using the R package “spacetime”
(Pebesma, 2012). This allows for treating all temporal data points within a pooled time series as
spatial points on the same space and thus for simultaneously binning and comparing point pairs
from all time steps (spatial clusters) for a temporally constant spatial-lag. Moreover, point pairs from
the cluster with the highest data density, where data points are separated by the smallest spatial-lag
can be included in the temporally constant empirical variogram computation and thus uncertainties
of short distance variability modeling for the clusters, where point pairs are only separable by larger
spatial lags, are reduced.

Finally, the semivariances were computed by simulatenous comparison of all possible point pairs
from the spatially shifted points using the commonly applied Methods of Moments (MoM) (Web-
ster and Oliver, 2007). For the point pair si and sj (both treated as spatial points on the same space),
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the semivariance γ||si − sj || (temporally constant) is a function of the spatial lag ||si − sj || that is
not affected by actual location of data points was computed by Eq. (3.4).

γ||si − sj || =
1

2M ||si − sj ||
∑
i,j

(Z(si)− Z(sj))
2 (3.4)

M ||si − sj || is the number of point pairs that can be separated by the spatial lag ||si − sj ||.
Thus, SSTP uses a spatial variogram computation method on the spatialized temporal points from
a pooled time series and thus computes a temporally constant semivariance for each spatial-lag. In
Eq. (3.4), the upper and lower boundaries of ||si − sj || were set to the smallest and largest spatial-
lags available within the pooled time series, respectively, according to Eq. (3.5).

||si − sj ||smallest = min||si,t − sj,t||
||si − sj ||largest = max||si,t − sj, t||

(3.5)

These (Eq. 5) were done to reduce the uncertainty of modeling short distant spatial variability
for the time steps with large spatial-lags, i.e. by modeling variability for the minimum spatial-lag
within the time series (described above) and to avoid inclusion of temporal variability as pseudo
spatial variability in semivariance computation, i.e. points that are temporally apart are not paired for
comparison. Computation of semivariances was performed using “gstat” (Pebesma, 2004) package
of R (R Core Team, 2015).

3.2.2.2 Averaging empirical variograms (AEV)

We also computed pooled semivariances using the AEV method (Figure 3.1). AEV corresponds
to the method c described in Gräler et al. (2011) and the pooled variogram estimation method
described in Pebesma and Gräler (2014). Semivariances for a temporally constant spatial-lag were
computed for the individual time steps, where point pairs were separable by that spatial-lag. These
semivariances from individual time steps were averaged to obtain the PTS semivariance.

3.2.2.3 Weighted averaging empirical variograms (WAEV)

We manually modified the AEV method for a more robust computation of pooled semivariances
by taking the varying number of compared point pairs in individual time steps into account, i.e.
WAEV (Figure 3.1). Semivariances for a spatial lag were computed in individual time steps as for
AEV that were then averaged using a weighted approcah. The weights were provided according to
the number of point pairs used for comparison in indiviual time steps.

3.2.3 Test for anisotropy
After computation of semivariances using the above three methods, we checked for anisotropy
in the spatial variability of the hydrological variable within the pooled time series. In case that
anisotropy was detected, we computed the ratio between the major (A) and minor (B) axes of the
anisotropy ellipse and the angle of the anisotropy (ϕ). Anisotropy parameters were computed us-
ing “intamap” package (Pebesma et al. 2011) and were converted according to the requirements of
“gstat” (Pebesma, 2004) package in R (R Core team, 2015).

3.2.4 Estimation and precision of PTS variograms
We estimated PTS variograms, i.e. fitted variogram models to the PTS empirical variograms for
each pooled time series. Thereafter, the precision of estimated PTS variograms was evaluated by: (i)
variogram model-fit to the empirical variograms and (ii) cross-validation of an appropriate kriging
interpolation of the hydrological variable using the best-fit model (Webster and Oliver, 1992, 2007).
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3.2.4.1 Variogram model-fit

The available variogram models were fitted to the computed semivariances by a weighted least square
approach providing M(si,sj)

||si−sj ||2 as weights (see Pebesma (2004) for details). However, variogram mod-
els can also be fitted by the maximum likelihood approach as described in Marchant and Lark (2007)
or by providing different weights than ours if using the weighted least square approach (Pebesma,
2004). Details on the available variogram models and their formularization, and fitting in the gstat
package (Pebesma, 2004) of R (R Core Team, 2015) can be found in Cressie (1983) and Pebesma
(2001), respectively. The parameters of the fitted models, i.e. nugget and sill variances, and range
(a) were extracted. In case that anisotropy was detected, the isotropic range parameter a was ad-
justed using the anisotropy parameter where geometric anisotropy was made isotropic according
to Eq (3.6) through a linear transformation of coordinates with reference to the anisotropy ellipse
described above (Oliver, 2010).

a =
√
A2cos2ϕ+B2sin2ϕ (3.6)

We computed the weighted mean of squared error (WMSE) as a model-fit statistic (Pebesma,
2004). The WMSEs of the previously fitted variogram models were compared and the best-fit
model form with the lowest WMSE was identified for each pooled series.

3.2.4.2 Kriging interpolation and performance statistics

The best-fit model form was used in a leave-one-out cross-validation of the spatial interpolation of
the hydrological variable in each time step of each pooled series using an appropriate geostatistical
interpolation technique, i.e. kriging. The kriging interpolation method was chosen because it gives
unbiased evaluation of how well the variogram model fits the data (Oliver, 2010). The appropriate
kriging technique was chosen based on the existance of spatial stationarity (described in 3.2.1) and
covariates. The covariates were identified by checking spatial correlation between the hydrological
variable and available other spatially dependent variables. Spatially dependent variables showing
statistically significant correlation with the hydrological variable were chosen as covariates. In case
that no convariate was identified and the hydrological variable showed spatial stationarity, ordinary
kriging (OK) technique was used. Whereas in the presence of a trend in the regionalized variable
mean, i.e. spatial non-stationarity, we used universal kriging (UK) technique. Kriging with external
drift (KED) was used if covariates were available. Kriging interpolation was performed using the
R (R Core Team, 2015) package “gstat” (Pebesma, 2004). For details on the kriging interpolation
techniques and implementation in “gstat”, see Cressie (1983) and Pebesma (2004).

Finally, the root mean squared error (RMSE) and Nash-Sutcliffe efficiency (NSE) (Parajka et
al., 2015) were computed as kriging interpolation performance statistics for each model form by
comparing the observed and kriging interpolated hydrological variable values through a leave-one-
out cross-validation (Pebesma, 2004). Note that we avoided the recalibration of the model form
based on RMSE and NSE computed through the cross-validation because cross-validation statistics
can be related to many factors other than the variogram model, such as the implementation of
parameters related to the search neighborhood and used interpolation algorithm (Goovaerts, 2000).

The precision of the PTS variograms estimated by SSTP, AEV and WAEV for a pooled series
were compared using correspondingWMSEs, RMSEs and NSEs.The method that estimated PTS
variograms with the lowest WMSE and RMSE, and the highest NSE was chosen as the most precise
variogram estimation method. To identify the effect of the consistency of spatial structure within
a pooled time series on PTS variogram estimation, we also pooled the data points from a series
showing inconsistent spatial structure, checked for temporal and spatial stationarity, and number
and density of pooled data points and used for PTS variogram estimation. The MSEs and RMSEs,
and NSEs of these PTS variograms were compared with the PTS variograms estimated for time
series with consistent spatial structure.
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We provide a commented R-script as a supplementary material (R_script.R in the supplemetary
material) detailing the SSTP and enabling comparison with AEV and WAEV methods for PTS
variogram estimation. The sample data (Sample_data.Rdata) for reproducibility is also provided in
the supplementary material. For further modification and development of SSTP, the R-script and
sample data are available from an online repository, i.e. https://github.com/AvitBhowmik/SSTP.

3.3 Study area and data

The above three methods were applied to the PTS variogram estimation for “annual total precip-
itation in hydrological wet days (PRCPTOT)” in Bangladesh (Peterson et al., 2001) (Figure 3.2)
and their precision statistics were compared. The hydrological wet days in Bangladesh refer to the
monsoon season, i.e. June to September in each year, when 80 % of the annual precipitation occurs
(Bhowmik, 2012; DMICCDMP, 2012). We used the daily precipitation data from 1948-2007 se-
ries that were collected from Bangladesh Meteorological Department (DMICCDMP, 2012). Cur-
rently, 32 rain-gauges (density 2.2 rain-gauges per 10000 sq. km.) report daily precipitation in
Bangladesh, classifying the country as data scarce (Webster and Oliver, 2007) (Figure 3.3). More-
over, the numbers of data points and data density exhibit an increasing coverage from 8 points in
1948 to 32 points in 2007, and from 0.5 points per 10000 sq. km in 1948 to 2.2 points per 10000
sq. km in 2007, respectively (Figure 3.3, details can be extracted from Figure B.1 and Table B.1
in appendix B). This indicates an increase in the precision of variogram estimation from 1948 to
2007. However, spatial variograms estimated for all individual years are likely imprecise as all are
estimated with < 50 data points and < 3 points per 10000 sq. km. (Webster and Oliver, 2007)
(Figure 3.3).

The precipitation data were quality controlled and validated using the “RClimdex” routine (Peter-
son et al., 2001). Then, PRCPTOT was computed for each of the time steps (year) and data points
(rain-gauge) where precipitation data were available following the method described in Bhowmik
(2012) and Peterson et al. (2001). To identify covariates, we checked for the spatial correlation
between PRCPTOT and the elevation of data points.

3.4 Results

3.4.1 Spatial structure and stationarity

Statistically significant change points were detected in 1976 and 1993, and in 1976 for the spatial
correlation coefficients of PRCOTOT along the longitudinal and latitudinal gradients, respectively,
within the 1948-2007 series (Figure 3.4). These change points indicated changes in spatial struc-
ture from 1976 and 1993. Consequently, spatial structure within the entire 1948-2007 series was
inconsistent whereas the (sub)time series 1948-1975, 1976-1992 and 1993-2007 showed consistent
spatial structure.

The Dickey-Fuller statistics obtained for the 1948-1972, 1976-1992, 1993-2007 and 1948-2007
series were -4.5, -3.4, -5.0 and -4.0 respectively, and they were statistically significant at p < 0.01.
Therefore, for each of these series null hypothesis was rejected and thus PRCPTOT showed tem-
poral stationarity. Moreover, the number of total data points within the 1948-1975, 1976-1992,
1993-2007 and 1948-2007 series met the threshold for reliable variogram estimation (Table 3.1).

Statistically significant positive and negative spatial trends were observed in PRCPTOT along
the logitudinal (363.90 mm/0, p < 0.001) and latitudinal (-246.73 mm/0, p < 0.001) gradients.
Therefore, regionaliged PRCPTOT depicted trend in the mean and hence, exhibited spatial non-
stationarity. This is also supported by Figure 3.3, where a gradual increase in PRCPTOT was
observed from the Northwest to Southeast of Bangladesh.
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Figure 3.2: Geographic location of Bangladesh (left) in Southeast Asia within the coastal belt of
Indian Ocean and the spatial distribution of currently active 32 rain-gauges (right) with altitudes
(m above mean sea level) in the background. The coordinate reference system is WGS 1984.

Table 3.1: Number of data points, smallest and largest spatial-lags, and summary statistics, i.e. mini-
mum (Min.), mean, maximum (Max.) and coefficient of variation (CV) of annual total precipitation
in hydrological wet days (PRCPTOT) within the pooled time series.

Pooled time
series

Number of
pooled data

points
Data

density Spatial lag PRCPTOT

Smallest Largest Min. Mean Max. CV
(point/10000

km2) (km) (km) (mm) (mm) (mm) (%)

1948-1975 441 1.5 29.16 550 17 1659 4036 42
1976-1992 465 2.2 26.61 550 84 1759 4499 42
1993-2007 475 2.2 27.51 550 29 1789 4516 41
1948-2007* 1381 2.2 26.61 550 17 1738 4516 41

* Pooled time series with inconsistent spatial structure

3.4.2 Pooled within-time series (PTS) empirical variograms
3.4.2.1 Spatial shifts

The distance d used for spatial shifting by spatially shifting temporal points (SSTP) method in each
of the pooled series was 1111 km ( 100, decimal degree as a geographical measure of longitude or
latitude with WGS 1984 datum) because the largest spatial-lag available within these series was
approximately 550 km ( 50) (Figure 3.5; Table 3.1). Thus the shifted peripheral data points sets
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Figure 3.3: Temporally varying spatial locations, numbers (N) and density (D, in points per sq.
km) of data points (left), and magnitude (in mm) and distribution of the computed annual total
precipitation in hydrological wet days (PRCPTOT) (right) in Bangladesh during 1948-2007 series
for four representative years, i.e. 1948, 1966, 1983 and 2007. Details on the spatial locations, N, D,
magnitude and distribution of PRCPTOT in each year during 1948-2007 are available from Figure
B.1 and Table B.1 in the appendix B.

from neighboring years showed a distance > 550 km, i.e. ≥ (1111-550) km (Figure 3.5), and
therefore the spatiotemporal properties of PRCPTOT were preserved, i.e. the data points from a
year did not influence data points from other years and temporal autocorrelation was coherent with
the spatial autocorrelation of the spatialized point clusters (Figure 3.5). Consequently, the shift
distance represents a spatially rescaled temporal distance (1 year) between data point sets from two
consecutive years that preserves the spatiotemporal properties of PRCPTOT.

3.4.2.2 Empirical variograms

SSTP computed a single temporally constant semivariance of PRCPTOT for each spatial-lag by
simultaneously comparing point pairs from all years that are separable by that spatial-lag (Figure 3.5;
3.6). For example, for the pooled series of 1948-1975, point pairs with PRCPTOT observations
that were separated by 100 km in each of the 25 clusters could be binned and compared simultane-
ously for a single empirical variogram computation (Figure 3.5; 3.6). Consequently, the number of
point pairs for comparison could be increased to 441 as they were pooled from 25 clusters (years)
(Table 3.1). Departing from SSTP, the averaging empirical variograms (AEV) and weighted AEV
(WAEV) methods computed yearly semivariances for each spatial lag, i.e. computed separate semi-
variance for each SSTP coordinate cluster, and averaged them arithmatically and weighting by the
number of comapred point pairs in each cluster, respectively. Consequently, the SSTP and WAEV
computed semivariances were much less noisy than the semivariances computed by AEV, especially
for large spatial-lags (Figure 3.6).

49



Chapter 3 Avit Kumar Bhowmik

Figure 3.4: Statistically significant change points in the spatial correlations of annual total precip-
itation in hydrological wet days (PRCPTOT) along the longitudinal (left) and latitudinal (right)
gradients within the 1948-2007 series.

3.4.2.3 Data density and short distance variabiity

Data density for 1948-1975 series could be increased to 1.5, and for 1976-1992, 1993-2007 and
1948-2007 to 2.2 points per 10,000 sq. km for PTS variogram estimation (Table 3.1). Conse-
quently, the smallest spatial-lags available within the three pooled series allowed for modeling spa-
tial variability of PRCPTOT at ≤ 29 km (Table 3.1). This, particularly, decreased uncertainty for
short distant spatial variability modelling for the time steps where the smallest spatial-lags were
substantially higher, i.e. ≥ 60 km for 1948-1965.

3.4.2.4 Anisotropy

Anisotropy was detected in the spatial variability of PRCPTOT for all pooled series in the northwest-
southeast direction (900 > ϕ > 00 from normal north to anticlockwise, for details see Pebesma
(2004)) indicating a strong variability of PRCPTOT in that direction (Figure 3.6). This is also co-
herent with the direction of spatial trend in PRCPTOT (Figure 3.3) and the strong spatial variation
of PRCPTOT within the pooled time series, i.e. CV ≥ 41 % (Table 3.1). Moreover, 1948-1975
series depicted weak anisotropy (A : B = 0.8), i.e. relatively weak variability whereas 1976-1992
and 1993-2007 series depicted strong anisotropy (A : B = 0.4), i.e. relatively strong variability
(Figrue 3).

3.4.3 Precision of variogram estimation
3.4.3.1 Variogram model-fit

The “Power” (Pow) model showed the best fit, i.e. the lowest weighted mean of squared error
(WMSE) for all methods in all pooled series (Figure 3.6). This indicates a monotonic increase in
empirical variograms with an increase in the spatial-lags without reaching a threshold and hence
spatial non-stationarity, which is supported by the presence of a trend in the mean of PRCPTOT
(Figure 3.3).

The PTS variograms estimated by SSTP showed better model-fit (lower WMSE, i.e. 4.54X107

on average) than the AEV (average MSE: 7.52X108), WAEV showed identical better model-fit
than AEVto SSTP (Table 3.2). The PTS variograms estimated for the time series with inconsis-
tent spatial structure, i.e. 1948-2007, by all methods showed higher WMSE than the variograms
estimated for the time series with consistent spatial structure (Table 3.2). For the time series with
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consistent spatial structure, WMSEs for PTS variogram estimation decreased with the increasing
number of pooled data points (Table 3.2).

Table 3.2: Precision statistics of the pooled within-time series (PTS) variograms estimated by spa-
tially shifting temporal points (SSTP), averaging empirical variograms (AEV) and weighted averag-
ing empirical variograms (WAEV) methods. The weighted mean of squared errors (WMSE) as the
variogram model-fit statistic, and root means squared error (RMSE) and Nash-Sutcliffe efficiency
(NSE) as the universal kriging interpolation performance statistics are presented.

Pooled
time series WMSE RMSE NSE

SSTP AEV WAEV SSTP AEV WAEV SSTP AEV WAEV
1948-1975 2.55X107 6.6.3X108 3.21X107 622.63 655.41 630.58 0.28 0.19 0.25
1976-1992 2.47X107 4.49X108 3.09X107 597.98 653.96 624.54 0.30 0.21 0.27
1993-2007 2.43X107 3.3.4X108 2.96X107 461.50 493.95 485.05 0.53 0.47 0.49
1948-2007* 1.07X108 1.56X109 1.15X108 655.85 669.29 665.12 0.23 0.10 0.18

* Pooled time series with inconsistent spatial structure

3.4.3.2 Kriging interpolation performance

The elevation of all data points was below 50 m (Figure 3.2) and did not significantly (p = 0.8)
correlate with PRCPTOT in Bangladesh. Hence, because of the unavailability of spatial convari-
ates and presence of spatial non-stationarity, universal kriging (UK) method proved to be the most
appropriate for interpolating PRCPTOT in Bangladesh.

UK interpolation of PRCPTOT fitting the PTS variogram models estimated by SSTP entailed
better performance in cross-validation than AEV, showing lower root mean squared error (RMSE)
and higher Nash-Sutcliffe efficiency (NSE) (Parajka et al., 2015), and identical performance to
WAEV (Table 3.2). Average RMSEs and NSEs obtained for UK interpolation by fitting the PTS
variograms estimated by SSTP and WAEV, and AEV were 584.49 and 0.34, and 618.15 and 0.24,
respectively. Lower RMSEs and higher NSEs were also observed for UK interpolation of PRCP-
TOT fitting PTS variograms estimated by all methods for the time series with consistent spatial
structure than with inconsistent spatial structure (Table 3.2). Decreasing RMSEs and increasing
NSEs were also observed with the increasing number of pooled data points for the time series with
consistent spatial structure.

Overall, SSTP estimated PTS variograms showed better fit to the empirical variograms and data
and thus showed higher precision than AEV, while showed identical precision to WAEV (Table 3.2).
Moreover, higher precision in variogram estimation was obtained for the time series with consistent
spatial structure than the inconsistent spatial structure, while precision increased with the increasing
number of pooled data points for consistent spatial structure (Table 3.2).

3.4.4 Discussion and future research challenges
In this paper, we developed and implemented spatially shifting temporal points (SSTP), an alter-
native method for estimating pooled within-time series (PTS) variograms in spatially data-scare re-
gions. Contrasting with the available method of averaging empirical variograms (AEV)), which are
computed for individual time steps, SSTP computed empirical variograms by simultaneously com-
paring all point pairs separable by a spatial-lag within a pooled time series (Figure 3.1; 3.6). Con-
sequently, when compared to the PTS variograms estimated by AEV, SSTP variograms showed
higher precision (Figure 3.6; Table 3.2). The numbers of available data points did not meet the
threshold for satisfactorily precise variogram estimation in any of the individual time steps (year)
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Figure 3.5: Spatially shifted (according to Eq. (1)) temporal data points for the pooled 1948-
1975 series. Shift distance (d = 1111 km) is calculated based on the largest-spatial-lag (550 km)
available within the series (Eq. 3). The data point sets from neighboring years are shifted by 1111
km ( 100), which ensures that the peripheral points of the sets are shifted by > 550 km ( 50). The
rectangles and legend indicate peripheries (convex hull) of data points in a year and PRCPTOT in
mm, respectively.

within 1948-2007 series and data density were very low (Figure 3.3; B.1 and Table B.1). Hence,
the available numbers of point pairs and smallest spatial-lags for comparisons were not sufficient for
reliable semivariance computation (Webster and Oliver, 2007) (Figure 3.3). As a result, computed
semivariances for the individual years were likely erratic that induced noisy and erratic semivariances
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when averaged by the AEV method (Figure 3.6). Thus model fitting to AEV semivariances showed
a lower goodness-of-fit and universal kriging (UK) interpolation of PRCPTOT using the AEV and
WAEV variogram models showed worse performance than the SSTP variograms (Figure 3.6; Table
3.2). By contrast, SSTP computed semivariances were reliable because of subtantially higher num-
ber of simultaneous comparisons and higher data density than by AEV (Table 3.1; 3.2) and thus
entailed higher precision in PTS variogram estimation. These results are in line with Webster and
Oliver (1992, 2007).

Semivariances computed for small spatial-lags by SSTP and AEV methods were similar whereas
semivariances for large spatial-lags were largely different (Figure 3.6). Moreover, semivariances
computed by AEV and WAEV showed much more noise at large spatial-lags than small spatial-
lags. The number of erratic semivariances averaged by AEV for large spatial-lags were higher than
for small spatial lags because point-pairs from more years were separable by large spatial-lags than by
small spatial-lags due to data availability (Figure 3.3). For example, point pairs from only two years
(1973 and 1975) were separable by the smallest spatial-lag for 1948-1975 series whereas point pairs
from 20 years were separable by the largest spatial-lag (Table 3.1, B.1). In addition, the numbers
and spatial locations of available data points are highly variable within the pooled series and spa-
tial variability of PRCPTOT was high (Figure 3.3; Table 3.1). Hence, we argue that the averaged
semivariances computed by AEV were representative of the small number of semivariances at small
spatial-lags but unrepresentative of the large number of semivariances at large spatial-lags because
of the variable number and spatial location of data points and high spatial variability of PRCPTOT.
As a result, semivariances for large spatial-lags computed by SSTP and AEV could be similar if the
numbers and spatial locations of data points were the same for all time steps and spatial variability
of PRCPTOT was low (Gräler et al., 2011). However, for variable number and spatial locations
of data points, the noise in the semivariances computed by AEV at large spatial-lags could be re-
duced by the manual modification to the robust WAEV method, i.e. by weighing the average of
semivariances per spatial lag with the corresponding number of data points available per time step,
and thus a better model-fit and UK interpolation performance could be achieved (Figure 3.6). Thus,
SSTP automatically account for the varying numbers and locations of data points in a time series
by weighting average semivariances and consequently entail identical variograms and precision to
WAEV (Figure 3.1).

The PTS variograms estimated for the 1948-2007 series (inconsistent spatial structure) showed
lower precision than the variograms estimated for the series with consistent spatial structure, al-
though PRCPCTOT was stationary within 1948-2007 series, the number of data points (higher
than for the series with consistent spatial structure) met the threshold for reliable variogram estima-
tion and the highest data-density could be achieved (Webster and Oliver, 1992; 2007) (Table 3.1;
3.2). Moreover, higher precision was obtained for PTS variogram estimation with higher number
of pooled data points among the series with consistent spatial structure and vice-versa (Table 3.1;
3.2). However, this may also be related to the inherent spatial structure within the time series, i.e.
spatial variability of PRCPTOT may be estimated with higher precision for the data points with the
spatial structure observed for 1993-2007 than for 1948-1975. Furthermore, the Hole model showed
the best fit for the series with inconsistent spatial structure that did not represent the variability for
individual time steps, i.e.Power variability was representative as depicted by the models for consis-
tent spatial structure. These results suggest that the consistency of spatial structure, i.e. the strength
of spatial variabilty within pooled time series is crucial for PTS variogram estimation (Kravchenko,
2003) and increasing the number of pooled data points and data density may increase the precision
of PTS variogarm estimation when the spatial structure is consistent. Many studies pooled data
points only by assuming the consistency of spatial structure within time series (Bhowmik, 2012;
Gräler et al., 2011; Rogelis and Werner, 2012; Wagner et al., 2012). We recommend that time
series should be checked for consistency of spatial structure before pooling.

The threshold for reliable variogram estimation, i.e. 400 data points (Webster and Oliver, 2007),
could be achieved for each pooled series (Table 3.1). However, if data scarcity is more acute in a
region and the required number of data points for reliable variogram estimation is unavailable, users
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Figure 3.6: Estimated pooled within-time series (PTS) variograms (fitted best models to em-
pirical variograms) by spatially shifting temporal points (SSTP), averaging empirical variograms
(AEV) and weighted averaging empirical variograms (WAEV) methods. Figure captions depict
variogram(Var) estimation method: pooled series. The “Power” (Pow) model was fitted according
to γ(||si − sj ||, ϕ) = co + cw||si − sj ||a, respectively, where ||si − sj || represents the spatial lag
between point pair si and sj , ϕ is anisotropy angle, c0, cw and a are nugget, partial sill variances, and
range, respectively. Further details on the variogram models and their formularization and fitting in
the gstat package of R are available in Cressie (1983) and Pebesma (2001). In case that anisotropy
was identified, anisotropy angle (ϕ) and the ratio between major and minor axes of the anisotropy
ellipse (A : B) are presented.
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can comply with the threshold for precise isotropic (100) and anisotropic (250) variogram estimation
(Webster and Oliver, 1992, 2007). For example, Laaha et al. (2013) achieved satisfactorilly precise
variograms for river temperatures in Austria using 214 stations. Nevertheless, isotropic variograms
were estimated with less than 100 data points in some regions for geostatistical interpolation of
flood (Archfield et al., 2013), low-flow indices (Castiglioni et al., 2011) and precipitation (Todini
et al., 2001). These variograms should be further validated and can be imporved by estimating PTS
variograms by including comparisons from multiple time steps. However, variograms should not be
estimated with fewer than 50 data points as they are imprecise and are of little value for geostatistical
interpolation (Webster and Oliver, 1992; 2007). Hence, variograms estimated with less than 50 data
points in previous studies (Bhowmik and Cabral, 2011; Bhowmik and Costa, 2012; Castellarin,
2014; Goovaerts, 2000; Pugliese et al. 2014) should be treated with caution in further analyses
and geostatistical interpolation of corresponding hydrological variables. Note that, if all data points
separable by a spatial-lag exhibit identical temporal patterns for a hydrological variable in a region,
pooling derived increasing number of comparisons will provide only minor improvements on the
individual variograms.

The PTS variograms also allowed for increasing data density in variogram estimation and thus
increasing the smallest-spatial-lags (Table 3.1). This enabled modeling spatial variability at ≤ 29
km distance for all time steps (constant) within the pooled series although the smallest spatial-lags
available for many years, e.g. 1948-1950, were three-fold higher (> 95 km) (Figure 3.3). Thus,
the PTS variograms reduce uncertainties for short distant spatial variability modeling for the time
steps with large spatial lags. This was done by including point pairs separable by smaller spatial-lags
available in any time step with higher data density in empirical variogram computation. However,
the smallest spatial-lag for which spatial variability can be modeled for a pooled series is inherently
dependent on the available data density and thus availability of spatial-lags in individual time steps,
i.e. at least one point pair should be separated by a small spatial-lag in a time step. For example, if the
smallest spatial-lags between point pairs with available data density in all years within the 1948-1975
series were≥ 100 km, spatial variability could not be modeled at≤ 29 km and could only be modeled
at ≥ 100 km. Moreover, although SSTP generally reduces uncertainties for short distant spatial
variability modeling, the reduction of uncertainties for spatial prediction of hydrological variables
at short distances is higher for time steps with high data density, i.e. when the variable is gauged
at short distances, than the time steps with low data density, i.e. the variable is only gauged at
large distances. Thus, modeling short distant spatial variability by PTS variograms can be further
improved if smaller spatial-lags are available or more point pairs are available for comparison with
higher data density, i.e. more point pairs in individual time steps are separable by the smallest
spatial-lags (Rogelis and Werner, 2012; Schuurmans et al., 2007).

A weaker anisotropy, i.e. directional variability, was detected in the northwest-southeast di-
rection for the 1948-1975 series than for 1976-1992 and 1993-2007 series (Figure 3.6). This is
presumably because of the lower number of spatial points per year in the 1948-1975 series than in
1976-1992 and 1993-2007 series, and thus a loss of anisotropy information (Table B.1). However,
higher PRCPTOT values were observed in the southeast than the northeast of Bangladesh and a
high spatial variation (average CV = 42 %) was observed for 1948-1975 series (Figure 3.3; Table
B.1). Hence, it can be claimed that the anisotropy, i.e. directional variability, of PRCPTOT was
equally strong for 1948-1975 series although not captured due to lower number of spatial points per
year.

Modeling spatial variability across time should consider temporal dependence or autocorrelation
(Christakos, 2001; Said and Dickey, 1984). PTS variograms estimated by AEV and WAEV do not
account for temporal autocorrelation as the spatial variability from time steps are averaged. Although
SSTP preserves temporal autocorrelation by spatialization, i.e. spatial clusters from neighboring
years are closer on space than the clusters from distant years, it also excludes temporal autocorrelation
for PTS variogram estimation (spatial variability is assumed to be temporally constant). Hence,
future studies should include temporal autocorrelation in PTS variogram estimation by SSTP as
performed by spatiotemporal variograms (Gräler et al., 2011). Inclusion of temporal autocorrelation
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can be achieved by weighting spatial distances using rescaled temporal distances. This will allow for
using PTS variograms in modeling time series across space, e.g. estimating time series structure for
an ungauged location.

Spatiotemporal variogram estimation techniques by modeling time as a separate dimension
(Gräler et al., 2011) were criticized for time series with variable spatial locations and numbers of
data points (Christakos, 2001; Kerry and Oliver, 2004). However, this can be empirically examined
if future studies compare the precision of the spatiotemporal variograms with the SSTP variograms
for time series with variable lengths.

3.4.5 Conclusions
We outlined spatially shifting temporal points (SSTP) that increases precision for spatial variability
modeling at both short and long distances by including variability of the smallest spatial-lag within
a time series and simulaneously comparing many point pairs for large distances. SSTP was devel-
oped in the freely available and open source R software environment (R Core Team, 2015), and
thus ensures reproducibility and wide spread application to geostatistical interpolation for resource
constraint regions, particularly developing countries (Pebesma et al., 2012). The method is also ap-
plicable to PTS variograms estimation for geostatistical interpolation of non-hydrological spatially
continuous variables in data-scarce regions. Inclusion of external variables that correlate with the
variable for interpolation, e.g. elevation with precipitation (although did not correlate in our case),
will increase the precision of PTS variogram estimation by SSTP (Diodato, 2005; Pebesma, 2006).
To conclude, SSTP method can be further improved by integrating with the expert elicitation tech-
nique (Truong et al., 2013).
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Abstract

Climate is the predominant environmental driver of freshwater assemblage pattern on large
spatial scales, and traits of freshwater organisms have shown considerable potential to identify
impacts of climate change. Although several studies suggest traits that may indicate vulnerability
to climate change, the empirical relationship between freshwater assemblage trait composition
and climate has been rarely examined on large scales. We compared the responses of the assumed
climate-associated traits from six grouping features to 35 bioclimatic indices ( 18 km resolution)
for five insect orders (Diptera, Ephemeroptera, Odonata, Plecoptera and Trichoptera), evaluated
their potential for changing distribution pattern under future climate change and identified the
most influential bioclimatic indices. The data comprised 782 species and 395 genera sampled
in 4,752 stream sites during 2006 and 2007 in Germany ( 357,000 km² spatial extent). We
quantified the variability and spatial autocorrelation in the traits and orders that are associated
with the combined and individual bioclimatic indices. Traits of temperature preference grouping
feature that are the products of several other underlying climate-associated traits, and the insect
order Ephemeroptera exhibited the strongest response to the bioclimatic indices as well as the
highest potential for changing distribution pattern. Regarding individual traits, insects in general
and ephemeropterans preferring very cold temperature showed the highest response, and the
insects preferring cold and trichopterans preferring moderate temperature showed the highest
potential for changing distribution. We showed that the seasonal radiation and moisture are
the most influential bioclimatic aspects, and thus changes in these aspects may affect the most
responsive traits and orders and drive a change in their spatial distribution pattern. Our findings
support the development of trait-based metrics to predict and detect climate-related changes of
freshwater assemblages.

1PLOS ONE is the world’s first multidisciplinary open access scientific journal published by the Public Library of
Science (PLOS). It covers primary research within science and medicine. The current impact factor of the journal is 3.234
according to the Journal Citation Reports, 2015 (http://wokinfo.com/products_tools/analytical/jcr/)
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“When you start seeing an area that was all tundra, and now all of a sudden, you
see more shrubs or you see the forest encroaching, that is of great importance in terms
of hydrology and ecology”. —Andrew Slater



4.1. Introduction

4.1 Introduction

Freshwater ecosystems are among the most threatened in terms of biodiversity loss, because of over-
exploitation, water pollution, invasive species, flow modification and degradation of habitat (Dud-
geon et al., 2005; Vörösmarty et al., 2010). While these are mainly local scale stressors, patterns of
freshwater assemblages on large spatial scales are driven by environmental variables such as climate,
geology and acid deposition (Conti et al., 2013; Vorosmarty, 2000). Climate is the predominant
environmental driver that directly affects the thermal and flow regimes of freshwater bodies and
thus controls organismal growth and performance (Poff et al., 2010). Moreover, climate may influ-
ence the biogeography of organisms and shape geology and acid deposition on large spatial scales
(Conti et al., 2013). Thus, quantifying the relationship between climate and large scale freshwater
assemblages can help to understand and predict climate change effects on freshwater ecosystems
(Parmesan and Yohe, 2003).

Traits of organisms, defined as biological (life history) characteristics and ecological preferences
that may evolve from a number of developmental, morphological, physiological and behavioral adap-
tations of organisms to their environment (Lancaster and Downes, 2010a, 2010b), have shown con-
siderable potential as indicators of multiple stressor effects in freshwater ecosystems (Statzner and
Bêche, 2010). Traits were also shown to provide a link to important freshwater ecosystem functions
and services (Mlambo, 2014; Vandewalle et al., 2010). Especially on large scales, trait variability is
less than the taxonomic variability (Bonada et al., 2007) and therefore traits are more suitable for
quantifying the relationship between climate and freshwater assemblage composition.

Several biological and ecological traits of freshwater organisms have been associated with cli-
mate change in previous studies. For example, organisms that prefer cold temperature (Durance
and Ormerod, 2007) and with low dispersal capacity (Brittain, 2008) exhibited range contractions,
large-bodied (> 4 cm) and semivoltine organisms decreased (Lawrence et al., 2010), rheophil and
rheobiont organisms declined or disappeared (Floury et al., 2013) and the distribution of organisms
with narrow niche breadth, restricted resource distribution and short flight period shrinked (Koti-
aho et al., 2005). Consequently, such traits were assumed to be vulnerable and employed to assess
risk of individual organism groups, i.e. Ephemeroptera, Plecoptera and Trichoptera (Hering et al.,
2009; Hershkovitz et al., 2015; Tierno de Figueroa et al., 2010), sites (streams and lakes) and ecore-
gions (Conti et al., 2013; Sandin et al., 2014) from climate change. For example, rheobiont and
cold temperature preferring organisms were assumed to be threatened by climate change and in con-
cert with additional traits were used to identify potentially vulnerable European ephemeropterans,
plecopterans and trichopterans (Hering et al., 2009; Hershkovitz et al., 2015; Tierno de Figueroa
et al., 2010). The same hypothesized climate-vulnerable traits and organism groups were used to
identify the Swedish streams and lakes (Sandin et al., 2014) and European eco-regions (Conti et al.,
2013) that are at the highest risk of adverse climate change effects. However, the large scale relation-
ship between the variability of freshwater assemblage trait composition and climate has rarely been
quantified (Heino et al., 2013). Quantification of the trait-climate relationship allows to identify
the most vulnerable and tolerant organism groups and their traits as well as to examine whether or-
ganism groups or traits differ in their vulnerability to specific aspects of climate change, e.g. change
in winter temperature or precipitation (Durance and Ormerod, 2007; Floury et al., 2013; Poff et al.,
2010).

Freshwater assemblages are distributed non-randomly along spatial gradients, i.e. longitude,
latitude and altitude on large scales, leading to spatial patterns in their trait composition (Peres-
Neto and Legendre, 2010). Spatial autocorrelation, referring to the concept that organismal traits
observed at a given stream site are more similar to traits in close sites than in distant sites, mea-
sures the strength of spatial pattern in the distribution of organismal traits (Bonada et al., 2012).
Trait spatial autocorrelation can be endogenous, i.e. arises from ecological processes such as disper-
sal and reproduction, or exogenous, i.e. induced by environmental drivers like climate (Fortin and
Dale, 2005; Peres-Neto and Legendre, 2010). Climate shows a strongly positive autocorrelation,
i.e. closer regions have a more similar climate than distant ones. The spatial patterns of freshwater
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organisms with climate-associated traits often reflect this spatial autocorrelation of climate. For
example, a recent study on stream invertebrate taxonomic richness and composition suggested that
spatial autocorrelation in organism groups with aerial dispersal ability (e.g. Ephemeroptera, Ple-
coptera and Trichoptera) is mainly related to large scale climate variability (Bonada et al., 2012).
Moreover, organisms preferring cold temperature were shown to predominantly occur in alpine
regions with high altitudes, whereas those preferring warm temperature tend to occur in lowland
regions (Domisch et al., 2013). Hence, freshwater organisms with climate-associated traits that ex-
hibit strong relationship with climate in their spatial autocorrelation are most likely to change their
distribution pattern under future climate change (Dray et al., 2012). However, little is known about
the relationship between the spatial pattern in the assumed climate-associated traits and climate on
large spatial scales.

We empirically quantified the large scale relationship of the German stream macroinvertebrate
assemblage trait composition with climate. Our research questions were two-fold: (i) which of the
climate-associated traits and organism groups show the highest response to climate and highest po-
tential for changing distribution pattern under future climate change?, and (ii) which are the most
influential climatic aspects for the traits and organism groups showing the highest response and po-
tential for changing distribution? We selected climate-associated traits from six grouping features,
i.e. four biological and two ecological grouping features (“grouping feature” and “trait” follow the
unified terminologies suggested by (Schmera et al., 2015)) that have been used in previous large
scale studies to indicate vulnerability (Conti et al., 2013; Hering et al., 2009; Hershkovitz et al.,
2015; Sandin et al., 2014; Tierno de Figueroa et al., 2010) and five orders of stream macroinverte-
brates that are aerial dispersers, i.e. aquatic insects (Wikelski et al., 2006). Climate was measured
as 35 global bioclimatic indices (BIs) that are biologically and ecologically relevant (Kriticos et al.,
2012) and vary considerably over Germany due to its diverse topography (Deutscher Wetterdienst
(DW), 2014). The large scale variability and spatial distribution pattern of the aquatic insect assem-
blage trait composition were quantified and checked for their relationship with the combined and
individual BIs.

4.2 Materials and methods

4.2.1 Concepts of scale
We covered two concepts of spatial scale: (i) spatial extent or size of the study area and (ii) spatial
resolution or wavelength of variability of the variables (Fortin and Dale, 2005). Ours is a large scale
study from both conceptual points of view, i.e. large extent (Germany, area approximately 357,000
km²) and large (coarse) resolution (approximately 18 km (10 arcminutes) based on the variability of
the BIs). We use the terms “large scale” and “scale” for both concepts. When we refer to the scale
of Germany, we mean extent; but when we refer to the scale of the relation, e.g. variability and
pattern, we mean resolution. Moreover, when we refer to the scale of relationship, we refer to both
concepts.

4.2.2 Data and processing
4.2.2.1 Aquatic insect data

We used governmental biomonitoring data on macroinvertebrates from 4,752 stream sites (i.e. stream
reaches with a maximum of 20 meters length) sampled during 2006-2007 that covered the whole
spatial extent of Germany (Figure 4.1). Data coverage in terms of number of sites was lower (ap-
proximately 1% of the total number of sites) in the southeast and northwest (in proximity to the
North and Baltic sea) than in the other regions. The biomonitoring data was produced following
a standardized protocol, where a pooled sample was taken from all major habitat types in a stream
site (AQEM CONSORTIUM, 2002). Samples were collected from the middle and small sized
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Figure 4.1: Distribution of the 4,752 stream sites sampled by the German national bio-monitoring
program during 2006-2007. Spatial reference system is WGS 1984.

streams in each ecoregion of Germany. For more details on biological sampling, subsampling and
sorting see AQEM CONSORTIUM (2002), Biss et al. (2006) and Rolauffs et al. (2003). Given
the semi-quantitative nature of macroinvertebrate data, the data were originally reported as abun-
dance classes where the classes approximated log-transformed abundance data following the classes
of the saprobic index (for the description of the abundance classes see AQEM CONSORTIUM
(2002) and Rolauffs et al. (2003)). Thus, the abundance classes varied on a scale of zero to seven;
zero meaning no abundance, i.e. absence and seven the highest abundance (Rolauffs et al., 2003).
Overall, abundance classes for 2,099 stream macroinvertebrates were available. Abundance data
were preferred over presence-absence data because more powerful hypothesis tests are available for
abundance data in spatial pattern analysis of assemblage compositions and studies of turnover rates
(Legendre et al., 2005).

We examined the homogeneity of taxonomic resolution and found that the organisms were re-
ported at different taxonomic levels (from class to species). We took the subset of 1,901 organisms
(91 %) that were reported at genus (660) and species (1,241) levels. From this subset, we selected
the aquatic insect orders, namely Diptera (True flies), Ephemeroptera (Mayflies), Odonata (Drag-
onflies and Damselflies), Plecoptera (Stoneflies) and Trichoptera (Caddisflies) (Table 4.1). Aerial
dispersers are more suitable for large scale analyses than exclusive aquatic dispersers, because they
can disperse through the landscape and are not limited to the stream network (Bonada et al., 2012;
Wikelski et al., 2006). Moreover, these orders were also used in previous large scale studies to indi-
cate climate vulnerability (Conti et al., 2013; Hering et al., 2009; Hershkovitz et al., 2015; Sandin
et al., 2014; Tierno de Figueroa et al., 2010) and information for the selected traits were available
for all organisms in these orders. This resulted in 782 species [and 395 genera] that comprised 384
[216] dipterans, 101 [39] ephemeropterans, 42 [33] odonates, 52 [36] plecopterans and 203 [71]
trichopterans. Next, in case that a taxon was identified at genus level for more than 1 % of stream
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sites, we converted all species belonging to this genus to genus level. This was the case for 73 % of
the species and was done to avoid artifacts from potential spatial pattern linked to the taxonomic
resolutions, for instance mainly genus level identification in regions with low data coverage.

4.2.2.2 Biological and ecological traits data

Biological and ecological traits of aquatic insects were taken from two databases: (i) the freshwater
ecology database (www.freshwaterecology.info) (Schmidt-Kloiber and Hering, 2015) and (ii) the
Tachet database (Usseglio-Polatera et al., 2000). The trait information is recorded at species level
in the freshwater ecology database, whereas they are recorded mostly at genus and species levels
in the Tachet database. In both databases, the membership state (see Schmera et al. (2015) for
terminology) of a taxon for a particular trait is generally described on a scale from zero to 10 (with
exceptions for the Tachet database); zero indicates no membership and 10 the highest membership
state. We selected the climate-associated traits from six grouping features (for details see Table 4.1)
and converted the membership state of the traits into percentages as suggested by Schmera et al.
(2015). These traits were selected because they were used in previous large scale studies to indicate
vulnerability (Conti et al., 2013; Hering et al., 2009; Hershkovitz et al., 2015; Sandin et al., 2014;
Tierno de Figueroa et al., 2010) and have the highest data coverage for the macroinvertebrates in
German streams. We also compared the membership states of the insect orders for each of the
selected traits (Table C.1 in appendix C).

4.2.2.3 Calculation of assemblage trait composition

The biomonitoring data were linked to the trait data using the codes of “The development and test-
ing of an integrated assessment system for the ecological quality of streams and rivers throughout
Europe using benthic macroinvertebrates” (AQEM) project to avoid discrepancies in naming con-
ventions (Department of Applied Zoology/Hydrobiology, University Duisburg-Essen, Germany
(DZHUDE), 2008). Each of the species was assigned with the traits using their corresponding per-
centage membership states that were multiplied with the absolute abundance classes of the species
for a site to compute relative abundance classes for the traits (Figure 4.2). To assign trait informa-
tion to genera, we calculated the median of the related species level information following Schmidt-
Kloiber and Nijboer (Schmidt-Kloiber and Nijboer, 2004) except for maximal body size where genus
level information were available in the Tachet database for all genera. Subsequently, the assemblage
trait composition, i.e. abundance weighted trait (AWT) was calculated following the procedure
described in (Schmera et al., 2014) and as outlined in Figure 4.2. The AWT was calculated as a
measure of assemblage trait composition because it is the most frequently used metric to assess the
relationship between assemblage traits and environmental variables (Dolédec et al., 2006; Larsen
and Ormerod, 2010). Note that we use the term assemblage trait composition to improve readabil-
ity, although the assemblage data was restricted to aquatic insects, and hence does not represent the
complete macroinvertebrate assemblage. The calculation resulted in annual averaged abundance-
weighted traits (AWT) for each insect order (Figure C.1 in appendix C) and for the combined (full)
data (Figure 4.3; 4.4) for each stream site. The calculation was omitted for the dispersal capacity
of ephemeropterans and plecopterans because the grouping feature consisted of only one trait (low
dispersal). However, they were included in the calculation for the full data.

4.2.2.4 Bioclimatic indices and altitude data

The 35 bioclimatic indices (BI, denoted as “Bio01” to “Bio35”, see Table 4.2 for details) for temper-
ature, precipitation, radiation and moisture were collected from the global climatologies for biocli-
matic modeling (CliMond) database (www.climond.org) (Kriticos et al., 2012). A previous study
showed that these BIs can provide an approximation of climate impact on assemblage patterns,
despite the omission of confounding endogenous factors such as biotic interactions, evolutionary
change and dispersal potential (Araújo and Peterson, 2012). The scale of variability was determined
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by the spatial resolution of the BI raster, which is 10 arc-minutes (approximately 18 km). The digital
elevation model (giving altitude over mean sea level) for Germany was collected from the ASTER
GDEM on one arc-second (approximately 30 m) resolution (National Aeronautics and Space Ad-
ministration (NASA) and Japan’s Ministry of Economy, Trade and Industry (METI), 2009). The
altitude raster was resampled to the resolution of the BI rasters to extract altitude information for
each BI raster cell.

Figure 4.2: Conversion steps from abundance classes of the selected aquatic insects to trait compo-
sitional (annual averaged abundance weighted traits) data.

Although no clear gradient in the BIs was found for Germany, lower temperatures and higher
precipitation were mostly observed in the southern regions, whereas higher temperatures and lower
precipitation were mostly observed in the northern regions (Figure C.2). For example, observed
ranges of the annual mean temperature (Bio01) and annual precipitation (Bio12) are 2 to 5 0C
and 7 to 12 0C, and 1200 to 1600 mm and 600 to 800 mm in the southern and northern regions,
respectively. The northern and southern regions are portrayed as flat (zero to 250 m above sea
level) and mountainous (600 to 1800 m above sea level), respectively (Figure C.3). The BIs showed
significant (p < 0.001) spatial autocorrelation, i.e. average Moran’s I = 0.28 (Table C.2). Significant
spatial gradients were also observed for the BIs (Table C.2). Longitudinal (North – South) and
altitudinal (high – low) gradients were both stronger than the latitudinal gradient (East – West) for
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Table 4.1: Explained variances and spatial autocorrelation in the traits of each order and full data by the bioclimatic indices. The detailed information on the
traits including the source databases and their occurrence and variability in Germany are presented.

Grouping features and
traits Explained variability (%) Explained spatial autocorrelation (%)

Diptera Ephemeroptera Odonata PlecopteraTrichoptera Full data Diptera Ephemeroptera Odonata PlecopteraTrichoptera Full data
Biological traits

Dispersal capacitya

Unknown NA NA NA NA 4.7 4.1 NA NA NA NA 44 25
Low NA * NA * 12 16 NA * NA * 38 68
High NA NA NA NA 10 15 NA NA NA NA 54 38

Average NA NA NA NA 9.1 12 NA NA NA NA 45 44
Maximal body sizeb

> 0.25 cm to 0.5 cm 8.0 10 NA 32 19 17 1.0 35 NA 79 51 78
> 0.5 cm to 1 cm 14 13 NA 9.7 11 12 62 61 NA 83 50 65
> 1 cm to 2 cm 10 12 18 21 14 18 41 35 32 49 60 75
> 2 cm to 4 cm 16 12 10 8.6 12 14 39 80 88 26 26 65
> 4 cm to 8 cm 13 NA 16 NA NA 13 3.0 NA 11 NA NA 46

Average 12 12 15 18 14 15 29 53 44 59 47 66
Reproductive capacitya

Flexible NA 23 NA 25 4.1 10 NA 66 NA 90 65 37
Semivoltine 11 10 NA 7.0 22 14 55 29 NA 42 52 47
Univoltine 16 9.3 NA 14 28 8.6 53 70 NA 89 68 60
Bivoltine 12 11 NA NA 15 20 35 70 NA NA 11 71
Trivoltine 7.6 25 NA NA NA 9.7 2.3 60 NA NA NA 34

Multivoltine 17 15 NA NA 3.3 9.1 76 41 NA NA 36 16
Average 13 15 NA 15 14 12 44 56 NA 74 46 44

Resistance to droughta

Unknown resistance type NA NA NA 18 8.2 10 NA NA NA 3.7 92 51
No drought resilience NA NA NA NA 13 7.9 NA NA NA NA 28 0.1

Egg diapause NA 17 NA 18 NA 41 NA 61 NA 46 NA 73
Larvae diapause NA 16 NA NA 6.1 13 NA 67 NA NA 60 66
Adult diapause NA NA NA NA 11 13 NA NA NA NA 18 15

Average NA 16 NA 18 9.8 17 NA 64 NA 25 49 41
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Grouping features and
traits Explained variability (%) Explained spatial autocorrelation (%)

Diptera Ephemeroptera Odonata PlecopteraTrichoptera Full data Diptera Ephemeroptera Odonata PlecopteraTrichoptera Full data
Ecological traits

Current preferencea

Indifferent 9.2 NA NA 18 5.3 24 33 NA NA 63 2.7 67
Limnobiont 6.3 NA 9.8 NA 22 15 22 NA 42 NA 65 61
Limnophil 7.1 25 6.5 27 43 41 90 56 5.6 63 75 77

Limno to Rheophil 5.1 4.4 12 8.7 15 8.1 12 42 13 36 57 74
Rheo to Limnophil 12 15 14 7.3 6.7 13 52 58 63 13 82 71

Rheophil 27 17 20 34 26 40 69 58 67 72 68 85
Rheobiont 21 7.3 8.7 13 22 30 52 13 89 65 54 59

Average 13 14 12 18 20 25 47 45 47 52 58 71
Temperature preferencea

Eurytherm 26 21 NA 22 14 34 84 65 NA 67 66 87
Very cold 8.9 34# NA 16 17 50# 83 76 NA 34 59 82

Cold 30 14 NA 8.5 19 42 71 84 NA 65 69 91#

Moderate 15 33 NA 6.9 8.5 8.6 84 88 NA 67 98# 60
Warm 24 15 NA 10 15 24 82 80 NA 16 66 86
Average 21 23 NA 13 15 32# 81 79 NA 50 71 81#

Average over traits and
orders 14 16# 13 16# 15 19 50 59# 46 53 54 59

adata source: freshwater ecology database (www.freshwaterecology.info) (Schmidt-Kloiber Hering, 2012)
bdata source: Tachet database (Usseglio-Polatera et al., 2000)
NATrait not occurring
*Trait omitted from the analysis because of zero variability (i.e. all organisms have same trait) and therefore the abundance weighted trait cannot be computed
#Traits and orders showing the strongest relationship with the bioclimatic indices in their variability and spatial autocorrelation

most of the BIs. Longitude and altitude of the BI cells showed significantly high correlation (r = -0.8, p < 0.001) with each other and thus indicates that
the dominant climatic variation along the North – South (longitudinal) gradient on the scale of Germany (also observed in Figure C.2) may be attributed to
topography, i.e. altitude (low – high).

69



C
hapter4

AvitKum
arBhowm

ik

Figure 4.3: Annual averaged abundance weighted traits across 4,752 stream sites in Germany for the biological traits of the full data. The figure sub-captions
and panel captions indicate names of grouping features and traits, respectively. The gray dots indicate the zero abundance, i.e. trait absence.
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Figure 4.4: Annual averaged abundance weighted traits across 4,752 stream sites in Germany for the ecological traits of the full data. The figure sub-captions
and panel captions indicate names of grouping features and traits, respectively. The gray dots indicate the zero abundance, i.e. trait absence.71
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4.2.2.5 Pre-processing of BI and AWT data

The stream sites covered 72% of the total BI raster cells within the boundary of Germany (Figure
C.4). However, given the relatively coarse resolution of the BI data, multiple sites were often lo-
cated in one BI raster cell. Therefore, we aggregated the AWTs in all sites within a BI raster cell
via averaging and assigned the result to that cell to avoid pseudo replication. The BIs exhibited con-
siderable multicollinearity (Figure C.5) and therefore we conducted a principal component analysis
(PCA) to arrive at independent variables and extracted the scores of the 35 orthogonal principal
components, as suggested by Graham (2003), for latter analysis. PCA was preferred over residual
and sequential regression as this also obliterates the likely effects of the latent spatial variables (as
described above) on the BIs (Graham, 2003). All data processing and PCA of BIs were done in
R software environment (R Development Core Team, 2015) using the packages “sp” (Bivand et
al., 2008), “vegan” (Oksanen et al., 2007), “raster” (Hijmans and Van Etten, 2010) and “maptools”
(Lewin-Koh et al., 2011).

4.2.3 Analyses of the spatial relationship between traits and climate
The spatial relationship between the aggregated AWT per BI cell and the BIs was analyzed in four
steps (Figure C.6). First, we checked for spatial autocorrelations in the AWT (Table C.3). The
spatial autocorrelation was analyzed using Global Moran’s I (see Bonada et al. (2012) for details on
computation), where great circle distances among BI cell pairs were given as weights based on the
simplified assumption that the selected species disperse symmetrically during their terrestrial life
stage (Wikelski et al., 2006). The computations of spatial autocorrelations were done using the R
package “ape” (Paradis et al., 2004).

Second, zero-or-one inflated beta regression models were fitted with the AWT as response and
35 principal component scores of the BIs as explanatory variables (Ospina and Ferrari, 2012). This
was done to identify the traits and insect orders with the highest climate response. We used zero-
or-one inflated beta regression because the response variables were proportional data and included
many zeros and ones (Nishii and Tanaka, 2012). The models were fitted for the AWT of each
order and the full data and the adjusted R2s were calculated to identify the explained variance by the
BIs. The zero-or-one-inflated beta regression model fitting was done using the R package “gamlss”
(Rigby and Stasinopoulos, 2005).

In the third step, we checked for spatial autocorrelation in the residuals of the trait-climate
models using Moran’s I as outlined above. The Moran’s I values for the residuals of the trait-climate
models were subtracted from the complete Moran’s I values for the AWT (computed at the first step).
Thus, the percentage of trait spatial autocorrelation that is associated with the BIs was identified.
This was done to identify the traits and orders that show the highest potential for changing their
distributional pattern, i.e. redistribution under future climate change.

In a final step, the zero-or-one inflated beta regression models were re-fitted with the AWT
for the previously identified traits and orders with the highest climate response and potential for
redistribution as response variables and 35 BIs (original values) separately as explanatory variables.
The BIs with the highest explanatory power in terms of R2 were identified for the traits and insect
orders with the highest climate response. To identify the BIs explaining the highest amount of spa-
tial autocorrelation in the traits and in the insect orders with the highest potential for redistribution,
we computed the Moran’s I in the residuals of the trait-individual BI models and subtracted them
from the complete Moran’s I computed at the first step.
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Table 4.2: Explained variances and spatial autocorrelation by the individual bioclimatic indices in the traits and orders with the highest climate
response and potential for changing distribution pattern. Details on the bioclimatic variables are extracted from Kriticos et al. (2012) and
https://www.climond.org/Resources.aspx.

Variable Number Variables (unit) Explained variance (%) Explained spatial autocorrelation (%)
Very cold temperature

preferring insects
Very cold temperature

preferring Ephemeroptera
Cold temperature
preferring insects

Moderate temperature
preferring Trichoptera

Bio01 Annual mean temperature (0C) 8.6 9.1 3.2 61
Bio02 Mean diurnal temperature range (0C) 3.2 1.6 24 57
Bio03 Isothermality 7.2 2.9 26 50
Bio04 Temperature seasonality 2.8 0.9 5.9 61
Bio05 Max temperature of warmest week (0C) 6.1 5.8 11 63
Bio06 Min temperature of coldest week (0C) 1.8 3.5 6.1 59
Bio07 Temperature annual range (0C) 0.5 0.1 6.6 61
Bio08 Mean temperature of wettest quarter (0C) 5.3 4.2 3.1 59
Bio09 Mean temperature of driest quarter (0C) 0.2 0.7 11 64
Bio10 Mean temperature of warmest quarter (0C) 13 12 8.2 59
Bio11 Mean temperature of coldest quarter (0C) 1.5 3.4 9.7 63
Bio12 Annual precipitation (mm) 15 13 29 37
Bio13 Precipitation of wettest week (mm) 13 11 31 36
Bio14 Precipitation of driest week (mm) 18# 14 32 33
Bio15 Precipitation seasonality 1.4 0.5 5.3 63
Bio16 Precipitation of wettest quarter (mm) 13 11 28 41
Bio17 Precipitation of driest quarter (mm) 15 12 27 40
Bio18 Precipitation of warmest quarter (mm) 12 11 25 45
Bio19 Precipitation of coldest quarter (mm) 12 10 18 54
Bio20 Annual mean radiation (W m-2) 3.7 2.5 7.8 60
Bio21 Highest weekly radiation (W m-2) 2.3 1.2 2.2 58
Bio22 Lowest weekly radiation (W m-2) 12 8.0 33 49
Bio23 Radiation seasonality 17 11 46# 43
Bio24 Radiation of wettest quarter (W m-2) 1.8 1.3 4.4 60
Bio25 Radiation of driest quarter (W m-2) 1.7 1.5 2.9 65#

Bio26 Radiation of warmest quarter (W m-2) 0.1 0.1 5.4 63
Bio27 Radiation of coldest quarter (W m-2) 12 8.6 28 54
Bio28 Annual mean moisture index 16 14# 18 46
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Variable Number Variables (unit) Explained variance (%) Explained spatial autocorrelation (%)
Very cold temperature

preferring insects
Very cold temperature

preferring Ephemeroptera
Cold temperature
preferring insects

Moderate temperature
preferring Trichoptera

Bio29 Highest weekly moisture index 8.2 8.1 5.4 58
Bio30 Lowest weekly moisture index 14 13 18 48
Bio31 Moisture index seasonality 16 13 21 43
Bio32 Mean moisture index of wettest quarter 9.8 9.2 7.5 60
Bio33 Mean moisture index of driest quarter 14 13 20 47
Bio34 Mean moisture index of warmest quarter 15 13 21 45
Bio35 Mean moisture index of coldest quarter 11 10 11 55

#the highest explained variability and spatial autocorrelation in a trait of insects or an order by a bioclimatic index

4.3 Results and Discussion

4.3.1 Which of the climate-associated traits and organism groups show the highest response to climate and highest potential for changing
distribution pattern under future climate change?

We quantified the amount of large scale variability and spatial autocorrelation in the assumed climate-associated traits from six grouping features and five
aquatic insect orders of the freshwater assemblages that is explained by 35 global BIs. The BIs explained 19% of the large scale variability in the AWT of
the full data on average (Table 4.1). Traits of the temperature preference grouping feature were the most responsive (32% on average) to the BIs, and the
insects with very cold temperature preference (50%) showed the highest response. Among the insect orders, Ephemeroptera and Plecoptera (16%) showed
the highest response to the BIs on average, and the ephemeropterans with very cold temperature preference (33%) showed the highest response in particular
(Table 4.1).

The highest response of the traits of the temperature preference grouping feature, particularly of the very cold and cold preference may be due to traits of
temperature preference grouping feature being the product of several underlying climate-associated biological traits (Hering et al., 2009; Stamp et al., 2010;
Verberk and Bilton, 2013). For example, cold temperature preference of the selected aquatic insects in our study was significantly related to low dispersal
capacity, large body size (> 4 cm), low reproductive capacity (semivoltine) and resistance to drought (egg diapause) (Table C.4), and together they explained
55% of the variability in cold temperature preference. Likewise, warm temperature preference of the insects was related to high dispersal capacity, small body
size (≤ 0.5 cm), high reproductive capacity (multivoltine) and resistance to drought (adult diapause) (Table C.4), and together they explained 48% of the
variability in warm temperature preference. These findings are in agreement with other studies on the association of traits with climate change. For example,
insects with low dispersal are often characterized by a restricted temperature (cold) niche and hence are more affected by change in temperature regimes, e.g.
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contractions of alpine regions than the insects with high dispersal ability (Domisch et al., 2011;
Hering et al., 2009; Hershkovitz et al., 2015; Tierno de Figueroa et al., 2010). Large-bodied insects
generally lack efficient respiration and thus have high ectotherm oxygen demand and hence typically
inhabit streams with high oxygen supply, i.e. cold water streams (Harrison et al., 2010; Lawrence
et al., 2010; Verberk and Atkinson, 2013). Hence, we argue that the highest response of the traits
of temperature preference grouping feature to the BIs in our study rather follows from the response
of several underlying climate-biological traits relationships. Thus, we envisage an adverse effect of
global warming on the insects inhabiting cold water streams in Germany because their biological
and ecological niche will be contracted. This prediction is in line with Poff et al. (2010), where
temperature has been shown to be mostly accountable for the differences in the sensitivity of stream
macroinvertebrate traits across geographic space and also with Lawrence et al. (2010) and Stamp et
al. (2010) where major declines in macroinvertebrates that inhabit cold water streams were reported
as a result of climate change.

The differences in the response of insect orders observed in our study are related to their biolog-
ical and ecological traits (Table C.1; C.4) (Conti et al., 2013; Harrison et al., 2010; Hering et al.,
2009; Hershkovitz et al., 2015; Tierno de Figueroa et al., 2010). Although European ephemeropter-
ans were found to be generally tolerant to climate change (Conti et al., 2013), we observed the
highest BI response in the German ephemeropterans with very cold temperature preference (Table
4.1). This indicates that ephemeropterans inhabiting very cold water streams in Germany are also
vulnerable to climate change because of shrinking ecological niche (Stocker et al., 2013). Plecopter-
ans showed equally high response as ephemeropterans because they show high membership state
for the very cold and cold preference traits, which showed the highest response to the BIs (Table
4.1; C.1). Generally, plecopterans have a very narrow environmental tolerance with nymphs living
mainly in cold and well-oxygenated running water and adults showing low flight ability (Tierno de
Figueroa et al., 2010; Verberk and Atkinson, 2013). Hence, plecopterans have never transitioned to
thermally variable lentic water and are thus vulnerable to increasing temperature and severe drought
episodes (Harrison et al., 2010). Thus, we also anticipate an adverse effect of climate change on
plecopterans in Germany. Overall, our results indicate that insects with traits such as preference
for cold water (due to several underlying traits), and from certain orders, i.e. Ephemeroptera and
Plecoptera may indeed be more vulnerable to climate change than others (Table 4.1). Thus, we sug-
gest that future studies on the vulnerability of macroinvertebrate assemblage traits to climate change
should particularly focus on traits and orders exhibiting the strongest signal to climate.

Regarding the potential for changing distribution pattern, i.e. redistribution, on average, 59% of
the spatial autocorrelation in the AWT of the full data was associated with the BIs (Table 4.1). The
BIs explained the highest spatial autocorrelation in the temperature preference (81%), particularly
in the insects with cold temperature preference (91%) (Table 4.1). More than 50% of the spatial
autocorrelation for the majority (62%) of the traits in the insect orders was associated with the BIs.
The BIs explained the highest amount of spatial autocorrelation for the insect order Ephemeroptera
(59%) in general, and for the Trichoptera with moderate temperature preference (97%). The amount
of large scale variability explained by the BIs (described above) in insect traits and orders showed
positive significant correlation (r = 0.5, p < 0.001) with the amount of explained spatial autocorrela-
tion. This indicates that the traits and orders showing higher response to the BIs also exhibit a higher
potential for changing spatial distribution pattern under changing BIs and vice-versa. Overall, the
spatial distribution pattern, i.e. patchiness in the aquatic insects on large scales mostly originate from
their high response to spatially autocorrelated climate that is line with Bonada et al. and Domisch
et al. (Bonada et al., 2012; Domisch et al., 2013).

The highest potential for redistribution in the traits of temperature preference grouping feature
and insect order Ephemeroptera, and trichopterans preferring moderate temperature also presum-
ably relates to their strong covariation with underlying climate-associated biological and ecological
traits as discussed above (Table C.1; C.4). For example, trichopterans showed high membership
state for the underlying biological traits of the moderate temperature preference, i.e. small body
size (< 0.5 cm) and high drought resistance (adult diapause) (Table C.1; C.4), and hence moderate
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temperature preferring trichopterans showed the highest potential for redistribution. The redistri-
bution of traits and orders may occur through local extinction of vulnerable insects and thus range
contraction (Hering et al., 2009), or by expansion of the range of tolerant macroinvertebrates in
response to climate change (Daufresne et al., 2009; Zeuss et al., 2014). Moreover, given that there
is a strong association of the spatial distribution pattern of AWT of the insect orders individually
(Figure C.1) and of the full data (Figure 4.3; 4.4) with the longitudinal gradient (which is coherent
with the observed longitudinal spatial distribution pattern in the climate sensitive European stream
macroinvertebrates (Conti et al., 2013; Hering et al., 2009; Hershkovitz et al., 2015)), and the BIs
also showed a major longitudinal gradient with high correlation to altitude (Figure C.2 and Ta-
ble C.2), the redistribution may occur along the longitudinal (altitudinal) gradient. For example, a
higher proportion of insects (0.4) and ephemeropterans (0.3) with cold temperature preference were
observed in the cooler southern mountainous regions than in the warmer flat North of Germany
(Figure 4.4; C.1) that may shrink their distribution range. By contrast, trichopterans with mod-
erate temperature preference that predominantly (0.5) occur in the warmer flat northern regions
than in the cooler South may extend their range from North to South because more streams will
be suitable for their habitat due to increasing temperature. A similar phenomenon was observed
in Hering et al. (2009) where most of the European trichopterans were suggested to benefit from
increasing stream temperature (78%) and decreasing current (77%). Overall, climate change may al-
ter the trait distribution pattern especially with respect to temperature preference and for the insect
order Ephemeroptera, Plecoptera, and for trichopterans with moderate temperature preference in
Germany, though adaptations may occur and ameliorate the ecological effects.

The explained variability and spatial autocorrelation for the traits and orders by the BIs in our
study are similar (with a few exceptions) to previous studies using aerial and exclusive aquatic dis-
persers on comparable spatial scales (Bonada et al., 2012; Poff et al., 2010). A study dealing with
the Mediterranean basin found that climate and environmental variables together explained < 19%
variability for the same insect orders (except Diptera) (Bonada et al., 2012). Moreover, a lower
percentage (< 30%) of spatial autocorrelation was associated with climate and other environmental
variables than in our study, and in many cases significant spatial autocorrelation remained in the
residuals. This discrepancy may be explained by the fact that the study considered only two climate
variables (average precipitation and temperature) whereas we considered 35 BIs. The 35 BIs used
in our study better captured the climate gradient in Germany and consequently are associated with
higher variability and spatial autocorrelation in the AWTM. The use of different biological end-
points, i.e. taxonomic richness in Bonada et al. (2012) and trait abundance in our study may also
explain this discrepancy. In another study on the catchment scale, climate and hydrological vari-
ables together explained a similar (19%) trait variability (Poff et al., 2010) although this study was
conducted on a largely different set of traits of macroinvertebrates. Overall, the differences between
the studies presumably relate to the traits, organism groups and the number (dimension) of climate
variables used as input in models (Dray et al., 2012).

The inclusion of other environmental drivers such as geology and stream size may decrease the
amount of trait variability and spatial autocorrelation that can be attributed to the BIs, especially if
drivers exhibit collinearity with the BIs. Nevertheless, other environmental drivers explained much
lower taxonomic and trait variation than climate in previous studies (Bonada et al., 2012; Poff et
al., 2010). Moreover, in our study, the BIs explained more than half of the spatial autocorrelation
for the majority of traits, and no statistically significant (all p ≥ 0.08) spatial autocorrelation was
observed in the residuals of the trait-climate models (Table 4.1). This indicates that the remaining
trait variability and spatial autocorrelation that can be explained by other environmental drivers are
either statistically insignificant or have already been captured by climate, and thus these drivers are
of lower importance for the traits under scrutiny (Dray et al., 2012).

The results may bear some uncertainty regarding the northwestern and southeastern regions
of Germany, which were represented by a relatively lower number of stream sites and in turn a
lower coverage of BI raster cells than other regions (Figure 4.1; C.4). However, previous studies on
comparable spatial scales successfully captured macroinvertebrate trait and taxonomic variabilities
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and their relationships with climate and other environmental drivers, despite relying on less stream
sites (lower density) (Bonada et al., 2012, 2007; Poff et al., 2010). Thus, we suggest that our results
are sufficiently robust on the scale of Germany, though more stream sites may be required for smaller
scale studies in some regions.

4.3.2 Which of the climatic aspects show the strongest relationship with the traits and
organism groups showing the highest response and potential for redistribution?

The explained variance and spatial autocorrelation in the most responsive traits and orders by indi-
vidual BIs was on average 50% lower than by the combined BIs (Table 4.2). The BIs precipitation
of the driest week (18%) and radiation seasonality (17 %) exhibited the strongest relationship with
insects preferring very cold temperature (Table 4.2). Precipitation and moisture indices, i.e. annual
moisture index and precipitation of the driest week (both 14%), and moisture seasonality, moisture
of the wettest and driest quarter (all 13%) explained the highest variance in the very cold prefer-
ring ephemeropterans. The radiation seasonality (46%), and radiation (65%) and mean temperature
(64%) of the driest quarter explained the highest amount of spatial autocorrelation in the cold tem-
perature preferring insects and moderate temperature preferring trichopterans, respectively (Table
4.2). Overall, these results suggest that aquatic insects in Germany may mainly be affected in re-
sponse to potential changes in seasonal radiation and moisture.

In the coming decades, the winter and summer temperatures are highly likely to increase, with
the strongest increase predicted for the South of Germany (Stocker et al., 2013). Moreover, win-
ter precipitation has been predicted to increase with a larger increase in the North. By contrast,
summer precipitation has been predicted to decrease in Germany with the strongest decrease in
the South (Stocker et al., 2013). Thus, we anticipate an increase in winter radiation and decrease
in summer moisture for the South of Germany where the majority of very cold and cold tempera-
ture preferring insects occur (Figure 4.4), particularly the very cold and cold temperature preferring
ephemeropterans and plecopterans (Figure C.1). Thus the increasing winter radiation and decreas-
ing summer moisture may drive climate change effects on insects in general and ephemeropterans
and plecopterans in particular that prefer cold water streams in Germany, and may eventually shrink
their distribution range. These findings are in line with (Durance and Ormerod, 2007; Lawrence et
al., 2010), where cold preferring stream macroinvertebrates were shown to be the most adversely af-
fected by increasing winter temperature and decreasing summer precipitation. However, insects may
also adapt to increasing temperature and decreasing precipitation (Lancaster and Downes, 2010a,
2010b). For example, adaptations such as decreasing body size (Daufresne et al., 2009) and color
lightening of adults (Zeuss et al., 2014) have been observed in insects. Trichopterans with moder-
ate temperature living in the flat North of Germany (Figure 4.4; C.1) may benefit from increasing
radiation and recolonize upstream (Hering et al., 2009), and thus extend their distribution range
from the North to the South. Overall, we anticipate a substantial change in the aquatic insect distri-
bution pattern along the longitudinal gradient in Germany because of increasing seasonal radiation
and decreasing moisture, especially in ephemeropterans and plecopterans with very cold and cold
temperature preference and trichopterans with moderate temperature preference.

4.3.3 Concluding remarks
The relationship of the aquatic insect assemblage trait composition with climate identified in our
study can contribute to the development of trait-based metrics for predicting climate-related assem-
blage changes (Mlambo, 2014; Vandewalle et al., 2010). For example, insights from the relationship
between the traits and climate could help to predict their responses to seasonal discharge, torrential
floods and droughts (Bonada et al., 2007). Such insights will also support freshwater management
with respect to global climate change, i.e. bio-monitoring based on climate priority traits.
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Abstract

The consumption of contaminated drinking water is one of the major causes of mortality and
many severe diseases in developing countries. The principal drinking water sources in Pakistan,
i.e. ground and surface water, are subject to geogenic and anthropogenic trace metal contami-
nation. However, water quality monitoring activities have been limited to a few administrative
areas and a nationwide human health risk assessment from trace metal exposure is lacking. Using
geographically weighted regression (GWR) and eight relevant spatial predictors, we calculated
nationwide human health risk maps by predicting the concentration of 10 trace metals in the
drinking water sources of Pakistan and comparing them to guideline values. GWR incorporated
local variations of trace metal concentrations into prediction models and hence mitigated effects
of large distances between sampled districts due to data scarcity. Predicted concentrations mostly
exhibited high accuracy and low uncertainty, and were in good agreement with observed concen-
trations. Concentrations for Central Pakistan were predicted with higher accuracy than for the
North and South. A maximum 150-200 fold exceedance of guideline values was observed for
predicted cadmium concentrations in ground water and arsenic concentrations in surface water.
In more than 53% (4 and 100% for the lower and upper boundaries of 95% confidence interval
(CI)) of the total area of Pakistan, the drinking water was predicted to be at risk of contamina-
tion from arsenic, chromium, iron, nickel and lead. The area with elevated risks is inhabited by
more than 74 million (8 and 172 million for the lower and upper boundaries of 95% CI) people.
Although these predictions require further validation by field monitoring, the results can inform
disease mitigation and water resources management regarding potential hot spots.

1Science of the Total Environment is the one of the most important scientific journals in the field of environmental
science that publishes original research on total environment. The current impact factor of the journal is 4.099 according to
the Journal Citation Reports, 2015 (http://wokinfo.com/products_tools/analytical/jcr/)
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“Sooner or later, we will have to recognise that the Earth has rights, too, to live
without pollution. What mankind must know is that human beings cannot live with-
out Mother Earth, but the planet can live without humans”. —Evo Morales



5.1. Introduction

5.1 Introduction
Inland ground and surface water are globally important drinking water sources, which are influenced
by natural and anthropogenic processes. These can result in elevated levels of different contaminants
in drinking water (Winkel et al., 2008; Shah et al., 2012). Several pathogens as well as organic and
inorganic components occur in drinking water sources of many regions of the world and may have
acute and chronic effects on consumers’ health (Srinivasa and Govil, 2007; USEPA, 2014). For ex-
ample, one-third of annual mortality in Pakistan has been attributed to drinking water contaminated
by microbial and/or chemical components (Azizullah et al., 2011).

Trace metals represent a major group of contaminants of drinking water sources that can have
severe implications for human health, e.g., cardiovascular and skeletal diseases, infertility and neuro-
toxicity (WHO, 2011). In developing countries, contamination of drinking water sources by trace
metals have been triggered by rapid industrialization and excessive usage of pesticides and chemical
fertilizers in agriculture during the last decades (Srinivasa and Govil, 2007; Farooqi et al., 2008;
Eqani et al., 2012). In addition, geogenic sources contribute to the wide occurrence of trace metals
such as arsenic in ground and surface water (Winkel et al., 2008). Given inadequate water pu-
rification and remediation measures, trace-metal-contaminated water is regularly consumed by the
population of developing countries, especially in rural areas (Ullah et al., 2009; Khan et al., 2012).

Risk assessments for trace metals in drinking water sources are crucial to estimate the total popu-
lation at risk, to identify hot spots and to develop management strategies to reduce the anthropogenic
input and to remediate contaminated areas (Srinivasa and Govil, 2007). However, in developing
countries such as Pakistan, limited technical expertise, inadequate laboratory facilities and resource
constraints often limit water quality monitoring activities to a few locations and/or administrative
areas (Azizullah et al., 2011). Moreover, the monitoring often exclude rural and remote areas, where
drinking water contamination may be more severe (Khan et al., 2012). Consequently, regional scale
(i.e. nationwide) risk assessments are often not available and information on the extent of trace
contamination and the total population at risk is largely unknown (Törnqvist et al., 2011).

Numerous spatial prediction techniques supported by geographic information systems (GIS), i.e.
spatial interpolation and spatial regression models, allow for the prediction of trace metal concentra-
tion in water at unsampled locations based on the values from sampled locations ( Javi et al., 2014;
Pebesma and de Kwaadsteniet, 1997; Nas and Berktay, 2010). The origin and transport of trace met-
als through water mainly depends on the speciation form of metals, and the physical and chemical
processes within the aquatic environment and sediments therein (Huang et al., 2015; Winkel et al.,
2008). As these physical and chemical processes are highly influenced by the soil properties, land
use characteristics, and different climate and environmental variables, the transport and distribution
of trace metals usually show spatial continuity and a close association with these variables (Amini et
al., 2008; Winkel et al., 2008; Rodríguez-Lado et al., 2013). Therefore, these variables may serve
as covariates in the spatial prediction of trace metals at unsampled locations (Rodríguez-Lado et al.,
2013).

We present the first nationwide human health risk maps (approximated) for Pakistan from ex-
posure to 10 trace metals in surface and groundwater sources. Trace metal concentration data was
compiled from previously published studies. Concentrations of trace metals at unsampled locations
were predicted using geographically weighted regression (GWR) models with soil properties, land
cover and elevation as covariates (spatial predictors) (Harris et al., 2010). Thereafter, risk quotients
(RQ) were computed by comparing exposure concentrations with the World Health Organization
(WHO) guideline values to identify the fraction of area at risk and total inhabitants in risky areas.
We discuss the relevance of these risk maps for water resources management in Pakistan.
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5.2 Materials and methods

5.2.1 Study area
Pakistan is situated in South Asia within the coastal belt of the Arabian Sea and consists of 137 ad-
ministrative districts (second order administrative division) with a total area of 796,095 km2 (Figure
5.1a and b). Approximately one-third of the country is covered by desert, whereas the rest is mostly
covered by grassland and agricultural land (Figure 5.1c). The geography is characterized by the flat-
lying Indus Plain in the East, the mountains of the Himalayas, Karakoram and Hindukush in the
North and the upland Baluchistan plateau in the West (Figure 5.1d). The climate of this region is
mostly arid to semi-arid and exceptionally temperate in the Northwest (Farooqi et al., 2008). The
Indus river delta and its tributaries feed the inland surface and groundwater system of the region,
which is the major source of drinking water for 172.3 million people (Figure 5.1d) (Pakistan Bureau
of Statistics, 2010).

Figure 5.1: (a) Location of Pakistan in South Asia within the coastal belt of Arabian sea, (b)
districts with available trace metal concentration for ground and surface water (see Table D.1 and
D.2 in appendix D for details), (c) land cover map of Pakistan with the Indus river basin in the
Eastern part of the country (ISCGM, 2014) and (d) elevation of Pakistan from mean sea level
(Rodriguez et al., 2005).

5.2.2 Data compilation and processing
We compiled data on the concentrations of 10 trace metals, i.e. arsenic (As), cadmium (Cd),
chromium (Cr), copper (Cu), iron (Fe), manganese (Mn), mercury (Hg), nickel (Ni), lead (Pb)
and zinc (Zn) in ground and surface water of Pakistan, measured in multiple sites within 26 dis-
tricts during 1991-2014, from previously published studies (Table D.1 and D.2 in appendix D).
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The individual studies provided concentration values that were typically corrected for sampling and
processing errors (see cited studies in Table D.1 and D.2). In 82% of the studies, concentration data
were reported as summary statistics (e.g. mean, max and standard deviation, see Table D.1 and D.2
for details on the number of ground and surface water samples in each district used to compute the
district mean) for the districts. The trace metal concentrations of samples from each district exhib-
ited a low variation (all coefficient of variation (CV) ≤ 20% and relative homogeneity of CV across
districts) and no outlier value was detected in the data (cited studies in Table D.1 and D.2). Hence,
given that in 96% of the studies sampling sites were not geo-referenced, we regarded the mean as a
sufficiently robust parameter and assigned district mean values to the georeferenced districts as the
representative trace metal concentrations in the surface and ground water (country-level summary
statistics are presented in Table D.3). In 5% and 32% of districts for ground and surface water, re-
spectively, we had mean concentrations from two years for a few trace metals (Table D.1; D.2). In
these cases, we used the latest concentrations to avoid heterogeneity in the uncertainty of predicted
concentrations across trace metals and districts, and thus in risk assessment. The district level ag-
gregation of trace metal concentrations may result in uncertainties regarding variability within the
districts. However, given the large spatial extent of our study, i.e. country-level with 137 districts,
we regarded information on the district-level variation as sufficient. Moreover, previous studies suc-
cessfully predicted and analyzed the relationship of contaminants, diseases and other variables with
their relevant drivers on similar or coarser spatial resolutions, e.g. counties (Videras, 2014), districts
(Huang and Leung, 2002), and regions (Berke, 2004).

To identify the deviation in district-level trace metal concentrations from the country-level
(global) mean and thus their global representativeness, we computed the global coefficient of varia-
tion (GCV) for each trace metal T (Eq. 5.1).

GCVT =
σT

µT
+ 100 (5.1)

where, σT and µT are the global standard deviation and mean of the district-level T trace metal
concentrations, respectively.

Physical and chemical processes in surface and groundwater and sediment compositions are
predominantly affected by adjacent soil properties and further geo-hydrological variables (e.g. soil
type, depth of groundwater table, infiltration, seepage and climate), land use (e.g. industrial and
agricultural) and different environmental variables (e.g. slope), and in turn these variables show
strong correlations with trace metal concentrations (Huang et al., 2015; Pebesma and Kwaadsteniet,
1997; Rodríguez-Lado et al., 2013). Hence, we compiled raster data on the soil properties (also
as surrogates of geo-hydrological variables because they are presumably correlated), land cover and
elevation (surrogate of environmental variables) for Pakistan. Soil properties data with 0.5 degrees
(~55.5 km) resolution, land cover data with 0.008 degrees (~925 m) resolution and elevation data
with 90 m resolution were obtained from the global soil properties dataset (Batjes, 2000), the Global
Map of Pakistan: version 1.1 (ISCGM, 2014) and the digital elevation model (DEM) from Shuttle
Radar Topography Mission (SRTM) (Rodriguez et al., 2005), respectively. The data were cropped
to the spatial extent of Pakistan and transformed to the WGS 1984 coordinate reference system.
The soil properties and land cover data initially included six and eight variables, respectively (Batjes,
2000; ISCGM, 2014). From all raster cells within each district with trace metal concentration data
(sampled), the mean soil properties and percentages of different land covers were computed and
checked for their spatial correlation with trace metal concentrations. The four soil property variables,
i.e. total available water capacity (WC, mm water per 1 m soil depth), soil organic carbon density
(SOC, kg C/m2 for 0-100 cm depth range), soil carbonates carbon density (SCC, kg C/m2 for 0-
100 cm depth range) and soil pH (30-100 cm depth range), and the three land cover variables, i.e.
% built-up area (BLU), % agricultural area (ALU) and % mixed land use (MLU) area that showed
statistically significant correlation with at least one trace metal concentration were included in the
final analysis. For these subsetted variables, we extracted the means (for soil property variables)
and percentages (for land cover variables) from the rasters also for the districts without trace metal
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concentrations (unsampled). In addition, the mean elevation (ELV) was calculated per district.
Finally, we collected population data for Pakistani districts from the Pakistan Bureau of Statistics
(2010). Spatial transformation and extraction of spatial predictor variables was performed using the
“maptools” (Lewin-Koh et al., 2011) and “raster” (Hijman and Van Etten, 2010) packages in R (R
Core Team, 2014).

5.2.3 Spatial prediction of trace metal concentrations in ground and surface water
The geographically weighted regression (GWR) model was applied for spatial prediction of the trace
metal concentrations in the ground and surface water, separately, at unsampled districts fitted with
selected spatial predictors (Fotheringham et al., 2002; Harris et al., 2010). District level trace metal
concentrations showed a high dispersion from the global mean (GCV> 1) and hence indicated a low
global representativeness (Table D.3). Moreover, only a few districts were sampled by the previous
studies resulting in a low sample density and thus large distances between the districts (Figure 5.1;
Table D.3). Hence, the GWR model was chosen because it allows to incorporate local variations
of the trace metal concentrations with respect to spatial auto-correlation and non-stationarity in
the model parameters (Fotheringham et al., 2002; Harris et al., 2010). Moreover, compared to
global spatial prediction techniques such as kriging, the GWR has been shown to better represent
the spatially varying relationship between water quality parameters and different spatial predictors
( Javi et al., 2014; Huang et al., 2015; Tu and Xia, 2008). Furthermore, GWR allowed for modelling
spatial variability of trace metals at district level resolution with low uncertainty (Lin et al., 2011). A
GWR model was calibrated for the concentration of each trace metal T in ground and surface water
for the sampled districts z by evaluating the local relationship between trace metal concentration
CT,z and spatial predictors S (Eq. 5.2).

CT,z = δz,0 +
m=8∑
n=1

δz,nSz,n + ez (5.2)

where Sz,n is the value of the nth spatial predictor (=WC, SOC, SCC, pH, BLU, ALU, MLU
and ELV), m is the number of spatial predictors (=8), δz,0 is the intercept parameter, δz,n is the
local regression coefficient for the nth spatial predictor and ez is the random error. The GWR
model estimates the local regression coefficients for the spatial predictors using a moving window
technique and a weighted least square approach (Figure D.1). The weights are obtained using a
distance-decay kernel function among the centroids of neighboring sampled districts. We chose a
“gaussian” kernel, based on the assumption of spatial continuity of the trace metal concentration in
ground and surface water, as the water bodies are connected through a network within the Indus river
delta (Harris et al., 2010; Pakistan Bureau of Statistics, 2010). The size of the moving window (great
circle distances between district centroids in our case) is controlled by a kernel bandwidth that was
selected using the Akaike Information Criterion corrected for small sample sizes (AICc) (Table 5.1)
(Akaike, 1973). For each trace metal, the best-fit GWR model was identified by forward entering of
the eight spatial predictors and using the AICc values as goodness of fit criterion. The best-fit model
(minimal AICc) was selected for prediction of each of the trace metals in ground and surface water,
separately, in unsampled districts (Figure 5.2; 5.3). Spatial prediction for Hg in ground water was
omitted because of the very small sample size (n= 2) (Table D.3). GWR model selection, calibration
and the spatial prediction were performed using the “GWmodel” package (Gollini et al., 2013) in
R (R Core Team, 2014).

5.2.4 GWR model validation
We evaluated the spatial prediction quality of the GWR models in terms of prediction accuracy
and the agreement between model predicted and observed concentrations (Gollini et al., 2013). To
predict the accuracy, the observed concentrations of a district were compared to the concentrations
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Table 5.1: Calibrated geographically weighted regression (GWR) models and their spatial prediction quality for the concentration of trace metals in ground
and surface water of unsampled districts. Corresponding corrected Akaike Information Criterion (AICc), kernel bandwith (size of the moving window),
root mean square deviation error (RMSDE), index of agreement (d), mean (MZ) and standard deviation (SDZ) of the prediction z-scores are provided.

Trace metal Source Selected GWR
model AICc Kernel bandwith (great

circle distance between
district centroids, km)

Prediction quality Prediction uncertainty
RMSDEd MZ SDZ

As Ground water As_GW ~SOC 13.46 1104.30 0.27 0.67 -0.01 0.77
Surface water As_SW ~SOC+pH -1255.80 521.98 0.08 0.97 -0.06 0.22

Cd Ground water Cd_GW~SOC+SCC -9140.39 1299.72 0.06 0.90 -0.10 0.13
Surface water Cd_SW~ALU -29.10 1321.05 0.04 0.79 -0.01 0.69

Cr Ground water Cr_GW~BLU -21.27 500.64 0.06 0.99 0.00 0.77
Surface water Cr_SW~WC+ALU -4014.42 1321.14 0.04 0.92 -0.05 0.21

Cu Ground water Cu_GW~SOC 33.75 1299.58 0.61 0.43 0.00 0.75
Surface water Cu_SW~WC -31.45 1321.05 0.04 0.79 -0.03 0.74

Fe Ground water Fe_GW~WC 43.33 1147.75 0.97 0.39 0.02 0.77
Surface water Fe_SW~SOC 45.45 1320.77 0.95 0.44 0.00 0.78

Mn Ground water Mn_GW~SCC+BLU -9764.11 1299.72 0.22 0.95 -0.06 0.14
Surface water Mn_SW~WC+ALU -3675.37 1321.14 0.07 0.86 -0.05 0.20

Hg Surface water Hg_SW~SCC+BLU -1543.69 453.07 0.02 0.98 -0.06 0.30
Ni Ground water Ni_GW~SCC 22.88 1299.36 0.42 0.51 -0.03 0.78

Surface water Ni_SW~WC -29.23 1335.07 0.04 0.88 -0.02 0.70
Pb Ground water Pb_GW~BLU 8.52 1299.49 0.21 0.96 -0.02 0.78

Surface water Pb_SW~ALU -18.70 1321.00 0.07 0.75 0.01 0.75
Zn Ground water Zn_GW~BLU 26.64 1299.36 0.45 0.95 0.01 0.80

Surface water Zn_SW~SOC 42.63 1335.07 0.80 0.31 -0.01 0.79
As = Arsenic, Cd = Cadmium, Cr = Chromium, Cu = Copper, Fe = Iron, Mn = Manganese, Hg = Mercury, Nickel = Ni, Pb = Lead, Zn = Zinc, GW = ground water, SW = surface water,
WC = mean total available water capacity, SOC = mean soil organic carbon density, SCC = mean soil carbonate carbon density, pH= mean soil pH, BLU = percentage of built-up area, ALU
= percentage of agricultural area.
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predicted for this district using the respective GWR model in terms of root mean squared deviation
error (RMSDE) (Eq. 5.3) computed through a leave-one-out cross validation (see Gollini et al.
(2013) for details). Similarly, the index of agreement (d) was computed to quantify the agreement
between GWR model predicted and observed trace metal (T ) concentrations (Eq. 5.4) (Table 5.1)
(Willmott, 1984).

RMSDET =
n∑

z=1

√
1

n
(PT,z −OT,z)2 (5.3)

dT = 1− n ∗RMSDE2
T

n∑
z=1

(|PT,z − ŌT |+ |OT,z − ŌT |)2
(5.4)

where, RMSDET and dT are the RMSDE and d for the GWR model predictions, PT,z and
OT,z are model predicted and observed concentration values in district z, n is the number of dis-
tricts and ŌT is the mean of the observed district level concentrations. The RMSDE should tend
to zero to indicate the accurate prediction of GWR. The d values vary on a scale from 0 to 1, 0
indicating no agreement and 1 the perfect agreement. GWR model validation was performed using
the “GWmodel” (Gollini et al., 2013) and “hydroGOF” (Zambrano-Bigiarini, 2014) packages in
R (R Core Team, 2014).

5.2.5 GWR prediction uncertainties
We computed nationwide (global) GWR prediction uncertainties for trace metal concentrations in
ground and surface water by the mean (MZ) standard deviation (SDZ) of the prediction z-scores
(Table 5.1) (Gollini et al., 2013). Zero MZ and the unity of SDZ indicate high certainty in the pre-
diction by GWR. In a second step, we calculated standard error maps for predictions of trace metal
concentrations in ground and surface water to investigate the GWR model prediction uncertainties
for each district (local) (Figure D.2). Finally, we computed ranges in the GWR model predicted
trace metal concentration values within 95% confidence interval based on local prediction uncer-
tainties, i.e. GWR predicted values ± 1.96 * standard errors (Figure D.3; D.4). GWR prediction
uncertainty was computed using the “GWmodel” package (Gollini et al., 2013) in R (R Core Team,
2014).

5.2.6 Risk prediction
We computed a human health risk quotient (RQ) for each trace metal concentration to predict their
exceedances of threshold concentrations in each district (Törnqvist et al., 2011) (Eq. 5.5).

RQT,z =
ĈT,z

CWHO−T
(5.5)

where, for the T th trace metal in ground or surface water at district z, ĈT,z is the estimated
concentration by GWR and CWHO−T is the threshold concentration derived by the World Health
Organization (WHO guideline values based on human health targets) for drinking water for the
trace metal T (WHO, 2011). In the absence of WHO values for Fe, we used the criteria guidelines
values from the environmental protection agency (EPA)-Pakistan (Azizullah et al., 2011). A RQ
≤ 1 indicates negligible risk (lower- than or equal concentration to the WHO guideline value),
whereas RQ > 1 indicates a health risk (higher concentration than the WHO guideline value) to
the consumers from drinking contaminated water (Törnqvist et al., 2011) and, accordingly, the
risk related to ground and surface waters for a district was mapped (Figure 5.4; 5.5). Finally, the
proportion of total area of Pakistan at risk and total inhabitants in risky districts were calculated
through a spatial overlay of the created risk maps with district area and population data (Table 5.2).
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Figure 5.2: Geographically weighted regression predicted concentration values in mg/l (see legend)
of the trace metals in ground water at the districts of Pakistan. The abbreviations used: As = Arsenic,
Cd = Cadmium, Cr = Chromium, Cu = Copper, Fe = Iron, Mn = Manganese, Nickel = Ni, Pb =
Lead, Zn = Zinc.

5.2.7 Risk prediction uncertainties
To address the uncertainties in risk prediction, we computed RQ values for the lower and upper
confidence boundaries (CB) of predicted trace metal concentrations, i.e. GWR predicted values ±
1.96 * standard errors (Figure D.5; D.6). The proportion of total area at risk and total inhabitants in
risky districts were also computed for the lower and upper CB of predicted trace metal concentrations
(Table 5.2).
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of Pakistan. The abbreviations used: As = Arsenic, Cd = Cadmium, Cr = Chromium, Cu = Copper, Fe = Iron, Mn = Manganese, Hg = Mercury, Nickel =
Ni, Pb = Lead, Zn = Zinc.
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5.3 Results and Discussion

5.3.1 GWR prediction of trace metal concentration in ground and surface water
We predicted the concentrations of 10 trace metals in surface and ground water of Pakistan by using
the best-fit GWR models with selected spatial predictors. Out of eight spatial predictors that were
selected based on statistically significant correlations in a preliminary analysis, six predictors were
included in the best-fit GWR models based on the AICc (Table 5.1). Soil properties variables,
i.e. WC, SOC, SCC, and pH, which represent a surrogate of geo-hydrological variables, were the
spatial predictors of As, Fe and Ni. The As, Fe and Ni contamination of drinking water sources
in Pakistan can largely be attributed to the natural geogenic sources that are causally related to
the soil properties and geo-hydrology (Azizullah et al., 2011; Shah et al., 2012). For example,
As contamination of ground water in many parts of Pakistan results from the presence of Holocene
sediments brought by alluvial deposits into arid to semi-arid zones and the subsequent As release due
to As-desorption in oxic aquifers (Amini et al., 2008; Farooqi et al., 2008). Moreover, the ground
as well as surface water sediments are rich in “micas” dominated by “biotite” mineral that contains
As and releases As under high pH level (Husain et al., 2012). Furthermore, surface water from the
Himalayas erodes As-rich sediments resulting in elevated As levels in downstream areas (Husain
et al., 2012). By contrast, agricultural (ALU) and built-up (BLU) land covers were the dominant
predictors of Cr, Hg and Pb concentrations in ground and surface waters. Agricultural and built-up
land covers indicate anthropogenic input of trace metals, e.g. via industrial point discharge and
runoff from agricultural and impervious urban surfaces. The source of Cr input has been attributed
to the discharge of effluents from leather industries, which use Cr-salts for leather tanning (Farooqi
et al., 2008; Baig et al., 2009). Pb contamination is largely associated with the manufacturing of
electrical appliances, uncontrolled discharge from chemical industries and pesticide runoff (Tariq et
al., 1996; Abdullah et al., 2015). Hg in surface water may originate from the traditional practice
of amalgamation and smelting in gold panning activities (Ashraf et al., 1991). Moreover, cement
manufacturing, coal mining and disposal of untreated municipal and hospital wastes into streams
have been suggested as main causes of Hg contamination in the East and Southeast of Pakistan
(Malkani, 2012; Kalhoro et al., 2014). Thus, the spatial predictors selected in our study are in
agreement with the causes of trace metal contamination identified in previous studies. Inclusion of
more relevant predictors, i.e. properties of river- and lake-bed sediments, chemical composition of
aquatic environment and industrial discharge and pesticide runoff in the catchments might enhance
the robustness of our results (Huang et al., 2015; Rodríguez-Lado et al., 2013), though such data
are currently unavailable for Pakistan.

The selected spatial predictors exhibited stronger relationship with the concentrations of most
trace metals, i.e. higher local GWR coefficients, for the districts in the North than the South of Pak-
istan (Figure D.1). For example, Cd concentration in ground and surface water exhibited stronger
relationship with SCC, SOC and ALU, respectively, for the districts in the North than the South.
High Cd contamination of ground water in the northern mountainous districts of Pakistan were
attributed to rock phosphates that leach into aquifer whereas Cd contamination of surface water in
the northern agricultural zones were related to chemical fertilizers (Abdullah et al., 2014). How-
ever, As, Mn and Zn concentration in ground and surface water showed stronger relationship with
the predictors in the South than the North (Figure D.1). Overall, spatial predictors representing
geogenic sources (WC, SOC, SCC and pH) showed stronger relationship with trace metal con-
centrations than the predictors representing anthropogenic input (ALU and BLU) for all districts
in Pakistan (Figure D.1). Hence, geogenic processes may be more important than anthropogenic
inputs for trace metal contamination in ground and surface water of Pakistan.

The GWR model predictions exhibited a good (d ≥ 0.8) agreement with the observed con-
centrations and relatively high prediction accuracy (RMSDE ≤ 0.22) for most of the trace metals
independent of the number of sampled districts (Table 5.1; D.3). However, the prediction for Fe in
ground water and Zn in surface water exhibited a relatively low (d < 0.4) agreement with observed
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Figure 5.4: Predicted risks, i.e. exceedances of threshold concentrations in risk quotients (RQ), for
the districts of Pakistan from predicted concentrations of trace metals in the ground water. Green
indicates no exceedance, i.e. RQ ≤ 1. The abbreviations used: As = Arsenic, Cd = Cadmium, Cr =
Chromium, Cu = Copper, Fe = Iron, Mn = Manganese, Nickel = Ni, Pb = Lead, Zn = Zinc. Map
of Cu is omitted because no risky district was found, i.e. for none of the district RQ > 1.

concentrations, which coincided with a lower prediction accuracy, i.e. RMSDE = 0.97 and 0.80 for
Fe and Zn, respectively. The low goodness of fit for Fe and Zn may be explained by their high spatial
variation (GCV > 1.9) (Table D.3). The highest prediction accuracy and agreement were obtained
for Hg despite of only seven sampled districts (Table 5.1). Nevertheless, the predicted risk maps
should be interpreted with caution irrespective of the model metrics, because of the small sample
size and low global representativeness, and thus the high goodness-of-fit may only correspond to a
few sampled and neighboring districts.

In general, the prediction of trace metal concentrations exhibited a low global uncertainty (-0.03
≥ MZ ≥ 0.02 and SDZ ≥ 0.7) (Table 5.1). However, prediction of a few trace metals, i.e. Cd in
ground water, As and Cr in surface water and Mn in both ground and surface water showed a high
uncertainty (MZ ≤ -0.05 and SDZ ≤ 0.3). Spatial prediction for Cd in ground water and Mn
in surface water exhibited the highest uncertainty (MZ ≤ -0.06 and SDZ ≤ 0.14) and hence, the
predicted values for these metals should be regarded with caution.

Higher prediction standard errors and thus higher local prediction uncertainties were obtained
for the Northeastern mountainous districts and southern coastal districts than for central parts of
Pakistan (Figure D.2). This may be attributed to data scarcity in terms of lowest density of sampled
districts in these regions (Figure 5.1b). Hence, predictions for these districts should be interpreted
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Figure 5.5: Predicted risks, i.e. exceedances of threshold concentrations in risk quotients (RQ), for
the districts of Pakistan from predicted concentrations of trace metals in the surface water. Green
indicates no exceedance, i.e. RQ ≤ 1. The abbreviations used: As = Arsenic, Cd = Cadmium, Cr
= Chromium, Cu = Copper, Fe = Iron, Mn = Manganese, Hg = Mercury, Nickel = Ni, Pb = Lead,
Zn = Zinc. Maps of Cu and Zn are omitted because no risky district was found, i.e. for none of the
district RQ > 1.

with caution. In all districts, predictions for Fe in ground water and Zn in surface water exhibited
higher standard errors than other trace metals, which is in line with the overall lower agreement and
accuracy of predictions for these trace metals. Predictions for Mn in both surface and ground water
showed high standard error for all districts, particularly for the districts in the South (Figure D.2).
Overall, prediction accuracy of trace metal concentrations decreased with increasing distance to the
sampled districts (Figure 5.1b; D.2).

The calibrated kernel bandwidths (size of the moving window) that indicate the maximum great
circle distances between the centroids of unsampled and sampled districts in GWR model predic-
tions were between 450 km and 1300 km (Table 5.1). This indicates a low density of trace metal
samples, i.e. the unsampled districts are at a large distance from sampled districts, especially for
the bandwidths ≥ 1000 km. Thus, the predictions for the unsampled districts may not reflect the
true variation of trace metal concentration between sampled and unsampled districts (Bhowmik and
Costa, 2014; Goovaerts, 1997). However, GWR models incorporate local variation in the regional
scale prediction by defining local models for each prediction location and weight local regression
coefficients based on the distances from neighboring observations. Thus, if all samples are at large
distances from the prediction location, they have a low influence in prediction and local spatial pre-
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dictors mainly determine trace metal concentration, and hence GWR results in high accuracy by
reducing under- and overestimation (Fotheringham et al., 2002; Gollini et al., 2013; Harris et al.,
2010). Thus, we suggest that our model predictions are sufficiently robust, though a more thorough
validation would require data from field monitoring.

Our GWR model predicted concentrations (Figure 5.2; 5.3) as well as the lower and upper
confidence boundaries (CB) (Figure D.3; D.4) generally showed higher values in Northern and
Southern districts than central districts for all studied trace metals. The predicted concentrations
of Cr and Ni in the mountainous Northeast and flat Southwest (Figure 5.1) of the country showed
four fold higher values than in other parts. High Pb-contaminated districts are primarily located in
the mountainous Northeast of Pakistan with two fold higher concentrations than in other parts of
the country (Figure D.3; D.4). Moreover, high Hg contamination was predicted for surface waters
of most districts with particularly high levels (four fold higher than the South) in the mountainous
North. In general, districts with a high concentration of a trace metal in surface water also exhibited
a high concentration of that metal in ground water (Figure 5.2; 5.3). Therefore, Hg concentrations
in the ground water of districts with high concentrations in the surface water may also be elevated.
However, this could not be evaluated due to a lack of measurements and hence we recommend the
inclusion of Hg in future ground water monitoring of Pakistan.

5.3.2 Human health risk from trace metals
The nationwide approximated risk maps indicate that predicted concentrations of most trace metals
exceeded WHO drinking water threshold values (RQ > 1) and thus indicated human health risks
for Pakistan (Figure 5.4; 5.5). Risk prediction for the lower CB of predicted concentrations also
indicated an exceedance of WHO thresholds by most trace metals, where for the upper CB thresh-
olds were exceeded by all trace metals except for Cu (Figure D.5; D.6). The highest exceedance
was observed for As and Cd, where in ground water their exceedances were 40-50 and 150-200
fold, and in surface water 150-200 and 30-40 fold, respectively (Figure 5.4; 5.5). The exceedances
observed for the lower CB of predicted As and Cd concentrations were 10-20 and 20-30 fold, and
50-100 and 20-30 fold in ground and surface water, respectively. For the upper CB of As and Cd
concentrations, the exceedances were 50-100 and 150-200 fold, and 150-200 and 100-150 fold in
ground and surface water, respectively (Figure D.5; D.6). Predicted concentrations of Pb as well
as their upper CB in ground water exceeded WHO thresholds by 50-100 times for the northern
mountainous and southern coastal districts, whereas for the lower CB the exceedances were 20-30
fold (Figure 5.4; D.5; D.6). Predicted Hg concentrations as well as their lower and upper CB in sur-
face water also exhibited an exceedance of 50-100 fold for the Northern districts (Figure 5.4; D.5;
D.6). Cr, Fe, Mn and Ni showed maximum exceedances of 30-40 fold, especially for the South-
ern districts (Figure 5.4; 5.5). However, for the lower and upper CB of predicted concentrations
they exceeded WHO thresholds by 10-20 and 40-50 times, respectively, in surface water (Figure
D.6). Overall, health risks increase with exceedances of the thresholds for the trace metals, and
hence districts with high exceedances should be prioritized in risk mitigations. However, note that
the exceedances should be compared between districts and not between trace metals, because the
dose-response relationships most likely differ.

GWR model predictions exhibited risk (RQ > 1) in most (> 53% of total land area) of the
districts for all studied trace metals except for Mn in surface water and Cu and Zn in both ground
and surface water (Figure 5.4; 5.5 and Table 5.2). For the lower and upper CB of predicted concen-
trations, the proportion of area at risk decreased and increased to 4% and 100% respectively (Table
5.2). In general, northern mountainous and southern coastal districts were at higher risk than cen-
tral districts (Figure 5.4; 5.5). High As and Fe contamination was predicted for almost all districts,
with ground and surface water resources in > 73% of total land area exceeding the WHO-threshold
values (Table 5.2). However, for the lower and upper CB of predicted As and Fe concentrations,
> 56% and 100%, and 0% and 100% of the area in Pakistan exhibited potential human health risks
(Table 5.2).
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Table 5.2: Estimated percentage of area and total population (million) at risk from trace metals in
ground and surface water of Pakistan.

Trace
metal Source Predicted concentrations Lower CB Upper CB

Area
at risk

Population
at risk

Area
at risk

Population
at risk

Area
at risk

Population
at risk

(%) (million) (%) (million) (%) (million)
As Ground water 86.60 156.7 56.07 63.05 100 172.30

Surface water 73.40 120.9 65.91 75.24 100 172.30
Cd Ground water 14.30 84 4.19 20.92 100 172.30

Surface water 37.00 127.3 7.75 41.69 100 172.30
Cr Ground water 74.70 160 0.02 23.50 100 172.30

Surface water 68.70 74.1 29.61 12.94 100 172.30
Cu Ground water 0 0 0 0 5.96 0.33

Surface water 0 0 0 0 0 0
Fe Ground water 75.80 158.6 0 0 100 172.30

Surface water 89.60 172 0 0 100 172.30
Mn Ground water 64.20 105.2 7.30 21.65 100 172.30

Surface water 1.40 0.1 0 0 23.36 67.79
Hg Surface water 66.40 114.5 58.36 79.43 100 172.30
Ni Ground water 77.30 162.4 0.29 8.83 100 172.30

Surface water 74.00 106.1 19.85 38.41 97.84 166.67
Pb Ground water 53.20 127.3 24.80 76.18 100 172.30

Surface water 79.80 138 20.12 89.94 100 172.30
Zn Ground water 0.10 23.5 0.10 23.50 0.03 23.50

Surface water 0 0 0 0 0.03 23.50
As = Arsenic, Cd = Cadmium, Cr = Chromium, Cu = Copper, Fe = Iron, Mn = Manganese, Hg = Mercury, Nickel = Ni, Pb
= Lead, Zn = Zinc.

The majority of total population in Pakistan inhabits risky districts and thus is exposed to mul-
tiple elevated trace metal concentrations via drinking water (Table 5.2). More than 74 million
inhabitants were subject to health risks from As, Cd, Cr, Fe, Ni and Pb contamination of ground
and surface water, from Mn contamination of ground water and from Hg contamination of surface
water. For the lower and upper CB of predicted concentrations for these metals, the number of
inhabitants exposed to risks decreased and increased to > 8 and > 172 million respectively, except
for Fe. As, Ni and Pb pose the highest risk with more than 100, 8 and 172 million people inhabiting
risky districts under the predicted concentrations, and their lower and upper CB, respectively. How-
ever, these numbers may be an overestimation given that in some areas people have access to water
purification facilities and have a lower intake of contaminated water. Thus, our results may be most
relevant for rural areas, which have least access to water purification. Notwithstanding, indirect
effects from trace metals in water resources, may also occur via food, for example from consumption
of vegetables grown using contaminated water (Amin et al., 2012).

The health hazards of regular intake of drinking water contaminated with trace metals are mani-
fold. Occurrences of trace metal borne diseases have already been reported for Pakistan, e.g. arsenic
in 70% of the human hair and nails samples in Punjab (East Pakistan) exceeded the WHO-threshold
values (Subhani et al., 2015) and 1.3 % of the rural population older than 15-years suffers from skin
lesions (Fatmi et al., 2009). Skin lesions are the widespread effect of daily As intake of above
WHO-allowable concentration (0.01 mg/L) in Pakistan, that also caused hypo and hyper pigmen-
tation, cardiovascular disorders, diabetes and hypertension (Milton et al., 2004; Lee et al., 2005).
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Moreover, bioaccumulation of trace metals such as Ni and Pb in human hair, nails (Mohmand et al.,
2015) and avian feathers (Abdullah et al., 2015) have been reported. Ni contamination of drinking
water caused skin allergies, eczema, cardiovascular disorders and lung infections (ASTDR, 2005;
Filon et al., 2009), while Pb contamination induced deformation of skeleton, kidney malfunctions,
neurological, digestive, cardiovascular and reproductive disorders, and fatality for fetus for the popu-
lation of Pakistan (ATSDR, 2005; Riess and Halm, 2007). Potential risks from Hg contamination
of surface water were predicted for 66.4% of the total area and 114.5 million people in Pakistan.
Hg was shown to have neuro-toxic effects on the people of Pakistan (Azizullah et al., 2011) and
decreased production of important human hormones, i.e. thyroid and testosterone (Fatoki and
Awofolu, 2003). Overall, our results suggest that there is a widespread health risk, especially in
rural areas, from current exposure.

5.3.3 Risk management
Our approximated human health risk maps from predicted trace metal contamination contributes to
the identification of potential hot spots across Pakistan and complement field monitoring. In partic-
ular, these potential hot spots are located in the central and Southern areas of Pakistan (Figure 5.4;
5.5). However, we recommend a thorough validation of our GWR model predicted trace metal con-
centrations in these hot spots and implement mitigations as necessary. We suggest that the districts
with risk from As, Fe, Ni and Pb exposure for ground and/or surface water should be considered as
priority by risk managers, given that these metals threaten more than 100 million people in these
areas (Figure 5.4; 5.5 and Table 5.2). Water purification would represent a management option to
decrease the risks from contaminated water. In fact, several low cost and easy-to-construct tech-
nologies are available for water purification from trace metals that could be made readily available.
Public awareness is also essential, and hence an immediate control on the industries that discharge
Cr, Hg and Pb into the environment as well as on the pesticides and chemical fertilizers that con-
tain those trace metals would be essential. Trace metals that mostly appear from natural geogenic
sources in drinking water, i.e. As would require on site remediation throughout the country.
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Chapter 6

Major results and discussion
6.1 Open-source and automated spatial tools for stressors quantification

Spatial tools for stressors quantification need to be shared across national borders, disciplines, and
administrative and system infrastructures for transboundary assessments of human and ecological
impacts of freshwater degradation (EC, 2010; Rocchini and Neteler, 2012). Moreover, the results
of stressors effects analyses should be reproducible to enable transparency, and a robust validation
and implementation of freshwater restoration (EC, 2010). Large scale analyses also require an
automation of catchment delineation processes as stressor effects need to be identified at enormous
number of stream sampling points (SSP) and reaches (EC, 2013). Two spatial tools are outlined
in this thesis that enable: (i) an objective and automatic selection of accumulation thresholds (AT)
and delineation of catchments and upstream riparian corridors (URC) for given SSPs and reaches
(chapter 2), and (ii) a robust estimation of pooled within-time series (PTS) variograms for varying
number and location of spatial points in a time series to model spatial variability of drivers by filling
data gaps (chapter 3). In contrast to the most available tools that were developed on proprietary
software (Heine et al., 2004; Lin et al., 2006; Peterson et al., 2014), our tools were developed and
integrated on freely available open-source software that ensure open-accessibility and thus foster
transboundary freshwater management as well as complement the available proprietary tools used
for stressors impact assessments (chapter 2 and 3). Our tool was also capable of automated URC
delineation for more than 1000 SSPs (chapter 2). Moreover, we provide the detailed computation
steps and example data for reproducibility of our results. Consequently, our tools enable widespread
usage and thus improvement and rapidness in catchment and regional scale stressors quantifications
(Pebesma et al., 2012).

6.1.1 Stream extraction in heterogenous and unmapped regions

ATRIC, outlined in chapter 2, selects a constant AT for stream extraction in a region because the
constant AT selection is commonly used and widely applied for hydrological and ecohydrological
analyses (Gichamo et al., 2012; Lagacherie et al., 2010). However, the constant AT selection may
not be appropriate for large regions with highly heterogeneous topography, i.e. combination of
several mountainous and flat areas (Heine et al., 2004). Density and orders of streams consider-
ably vary between mountainous and flat areas, and thus an AT appropriate for stream extraction
in mountainous areas may not accurately extract stream networks in flat areas (Montgomery and
Foufoula-Georgiou, 1993). Hence, to improve the goodness of stream extraction in heterogenous
regions, a stratification into smaller homogenous regions based on terrain characteristics is essential
(Afana and del Barrio, 2015). ATRIC can subsequently be applied for selection of constant ATs for
stratified areas and thus variable ATs for a heterogeneous region.

A large portion of world’s stream networks remains unmapped (Lehner et al., 2008). As stream
extraction by ATRIC primarily depends on the comparison with mapped stream networks (MSN),
it cannot be directly applied for objective stream extraction and thus URC delineation in unmapped
regions. However, objective extraction of stream networks from digital elevation models (DEM) in
unmapped regions can be achieved in three alternative ways by using ATRIC:

(i) by employing an AT value selected by ATRIC for a mapped region, which is of identical size
and terrain characteristics to the unmapped region,
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(ii) by predicting an AT for the unmapped region based on the correlation of ATs, which are
selected by ATRIC for several mapped regions, with different regional geomorphological and
climatological parameters, i.e. plane curvature and precipitation (Moore et al., 1991), and

(iii) using supervised image classification on high resolution satellite imageries (Heine et al., 2004).
The image classification can be supervised and validated using MSNs as well as the DEM-
extracted stream networks by ATRIC in mapped regions.

6.1.2 Appropriate level of details of DEMs and MSNs for stream extraction
The level of details, i.e. spatial resolutions of DEMs and orders of provided MSNs, largely affects
the goodness of automated stream network extraction and thus the catchment and URC delineation
(McMaster, 2002; Murphy et al., 2008; Stanislawski et al., 2015). This is because the lateral dis-
placement observed between DSN and MSN mainly vary with the resolution of provided DEMs,
i.e. lateral displacement increases with a decreasing resolution (Peterson and Ver Hoef, 2014; Soille
et al., 2003). Moreover, the resolution of DEM should comply with the order of provided MSN
to adhere to the scale of studies (Goodchild and Gopal, 2003; Li and Wong, 2010; Murphy et al.,
2008). For example, this thesis focuses on large scale (extent) studies, which generally extract high
order and large streams, and aggregate stressors on large catchments (EC, 2010; Lorenz and Feld,
2013). For this purpose, a coarse resolution DEM, e.g. 25 – 100 m, should be sufficient (Tarboton,
2005). By contrast, small scale studies that require extraction of low order small streams with dense
network and detailed information on stressors for small catchments (Dahm et al., 2013; Lorenz and
Feld, 2013), would need a high resolution DEM, e.g. 1 – 10 m, derived by sophisticated instruments,
e.g. LIDAR (Li and Wong, 2010). ATRIC automatically adjusts to the orders of provided MSNs
and thus can be applied across spatial scales conditional that a DEM with appropriate resolution is
provided (chapter 2).

6.1.3 Space-time integration for filling spatiotemporal data gaps
Data scarcity is one of the major obstacles for regional scale stressors quantifications, especially in
developing countries (Malaj et al., 2014; Steffen et al., 2015). The SSTP method outlined in chapter
3 was applied to fill spatial data gaps by integrating temporal information, and thus to increase the
precision of spatial variability modelling of precipitation by reducing uncertainties of short distant
variability modelling and increasing number of paired comparisons. Similar approaches can be ap-
plied to fill temporal data gaps using spatial information, i.e. the prediction of time series using spa-
tial data (Christakos, 2000). For example, precipitation time series unavailable for a meteorological
station can be predicted using the time series in neighboring stations based on the spatial variability
between stations (Borges et al., 2015). Nevertheless, space-time integration inherently requires in-
tegration of spatial and temporal autocorrelation structures by appropriate rescaling and weighting
of spatiotemporal distances (Christakos, 2000; Gräler et al., 2011). Moreover, these integrations
can be benefited from expert elicitations, i.e. a priori information from experts on spatiotemporal
variability, especially in regions with acute data scarcity (Truong et al., 2013). Furthermore, an
extensive comparison and evaluation of the available spatiotemporal interpolation techniques is es-
sential for identification of the most appropriate space-time integration technique for a region (Wu
et al., 2015).

6.2 Trait-based prediction of freshwater degradation

Trait based approaches have shown considerable potential to identify large scale changes in assem-
blage patterns due to stressor effects, such as climate change, and thus to inform integrated freshwa-
ter management as well as to complement local scale managements (Bonada et al., 2007; Statzner
and Bêche, 2010). In contrast to the previous studies that have only hypothesized certain traits to
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be vulnerable to climate change and used them to identify insect groups and stream sites potentially
at risk from climate change on large scales (Conti et al., 2013; Hering et al., 2009; Sandin et al.,
2014; Tierno de Figueroa et al., 2010), we empirically quantified the large scale relationships be-
tween aquatic insect assemblage traits and bioclimatic indices (BI) (chapter 4). Insects with very cold
and cold temperature preferences exhibited the highest response to the BIs and highest potential for
changing distribution patterns under climate change, respectively (chapter 4), which are in line with
previous studies on climate change effects (Lawrence et al., 2010; Stamp et al., 2010). Aquatic insect
groups Ephemeroptera and Plecoptera showed the highest response, while the ephemeropterans ex-
hibited the highest potential for changing distribution patterns, which is also in line with Conti et
al. (2013), Tierno de Figueroa et al. (2010) and Verberk and Atkinson (2013) (see chapter 4 for
detailed discussion). Particularly, the ephemeropterans with very cold temperature preference and
trichopterans with moderate temperature preference showed the highest response and potential for
changing distribution, respectively (chapter 4). These results suggest to put emphasis on these most
responsive traits and insect groups for future large scale risk analyses of climate change as well as for
prioritizing trait-based monitoring.

Trait-based prediction of freshwater degradation should particularly consider: (i) covariation and
(ii) evolution of traits, because they may bias the prediction and make them partly uncertain (Lan-
caster and Downes, 2010a; 2010b; Verberk and Atkinson, 2013). For example, climate-response
and potential for redistribution under future climate change observed in a trait may relate to its
strong covariation with several other underlying climate-associated biological traits (Hering et al.,
2009; Verberk and Atkinson, 2013). Insects with low dispersal capacity that have a restricted tem-
perature niche, i.e. cold, and large-bodied insects that lack efficient respiration and show high ec-
totherm oxygen demand were shown to be affected by contractions of cold water streams (Domisch
et al., 2011; Harrison et al., 2010; Lawrence et al., 2010; Tierno de Figueroa et al., 2010). Similarly,
we observed a considerable and significant relationship between temperature preference trait with
dispersal capacity, body size, reproductive capacity and resistance to drought of aquatic insects (chap-
ter 4). Thus, studies that compute multiple trait-based indices for climate vulnerability assessments,
e.g. Hershkovitz et al. (2015), may over-predict climate vulnerability of insects by considering trait
as a single and constant state of organisms and summing up vulnerabilities of traits that exhibit
covariation. On the other hand, traits may evolve in response to climate change and vary over the
life cycles of organisms (Lancaster and Downes, 2010a, 2010b). For example, a decreasing body
size (Daufresne et al., 2009) and color lightening (Zeuss et al., 2014) of aquatic insects has been
reported in response to global warming. The evolution may also lead to trait convergence as a result
of climate change on large scales (Finn and Poff, 2005; Horrigan and Baird, 2008). The evolution of
traits may not be captured when considering them as stable in trait-based predictions, e.g. Conti et
al., 2013. Hence, stressors may alter the trait distribution patterns on large scales, though organisms
may adapt to stressors and ameliorate the ecological effects.

6.3 Large scale risk assessments

Large scale risk assessments are important to identify areas for priority management and also to
efficiently mobilize resources for small scale monitoring (Hugueny et al., 2010; Srinivasa and Govil,
2007). A nationwide human health risk assessment from trace metal contamination of ground
and surface water in Pakistan is presented in chapter 5, which was conducted by predicting trace
metal concentrations applying geographically weighted regression (GWR) and using relevant spa-
tial predictors. The results demonstrate an alarming state of potential trace metal contamination of
freshwater resources in Pakistan, i.e. more than 53 % of the total area was predicted to be potentially
at risk from multiple trace metal contamination, which are inhabited by more than 74 million peo-
ple (chapter 5). Particularly, northern mountainous and southern coastal districts were predicted
to be at higher risk than the central district and hence, these districts should be prioritized for re-
mediation (chapter 5). Note that the risk assessment was conducted using the available drinking
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water guideline values (effect thresholds) that indicate risk from direct and regular consumption of
contaminated water (WHO, 2011). Hence, the results are most relevant for the areas where people
have the least access to water purification facilities and consequently regularly consume contami-
nated water. Moreover, levels of risks (e.g. chronic or acute) could not be established because of the
lack for proper toxicity data and hence, only exceedances of thresholds were reported (chapter 5).
A more robust risk assessment requires data on potential health impacts of trace metals at different
levels of concentrations in drinking water.

GWR model predictions of trace metal concentrations exhibited a high global accuracy and a
low global uncertainty for most trace metals, despite a low global representativeness and low density
of sampled data (see chapter 5 for details). The high accuracy and certainty in predictions were
entailed by two complementary data filling approaches: (i) incorporation of local variability of trace
metal concentrations in prediction models and thus predictions were predominantly made by the
nearest neighboring samples (Harris et al., 2010), and (ii) in case that the neighboring samples were
at large distances, i.e. ≥ 500 km, from prediction locations, predictions were predominantly made
by using spatial predictors, generated from large scale secondary datasets, i.e. the DEM from Shut-
tle Radar Topography Mission (SRTM) (Rodriguez et al., 2005), Global Soil Properties datasets
(Batjes, 2000) and landcover data from Global Map of Pakistan (ISCGM, 2014), based on their
relationships with trace metal concentrations in sampled locations. Thus, complementing to spatial
prediction methods (also outlined in chapter 3), the available large scale secondary datasets can be
used to fill data gaps, e.g. the normalized vegetation index (NDVI) computed on satellite images
and population density can be used to predict precipitation and anthropogenic inputs in data scarce
regions, as precipitation and anthropogenic inputs show a positive relationship with NDVI and
population density, respectively (Amini et al., 2008; Rogelis and Werner, 2013).

6.4 Outlook and concluding remarks

This Ph.D. thesis is an attempt to provide accessible, reproducible and efficient spatial assessments
of the magnitude, and human and ecological impacts of freshwater degradation on large scales, and
thus to contribute to an integrated freshwater management. Spatial-ecological approaches for large
scale freshwater degradation analyses are still constrained by many issues, which should be covered
by future research. Stressor data scarcity is certainly one of them, not only for resource constraint
developing countries but also globally for many relevant variables. For example, stream temperature
data are substantially lacking and hence, air temperatures are used as surrogates (Domisch et al.,
2013; Li et al., 2014). Data for organic chemicals have only recently been available for a few regions
and hence, large scale risk assessments are lacking (Malaj et al., 2014). Besides the space-time in-
tegration, incorporation of local variability and usage of large scale secondary datasets as predictors,
crowd-sourced data evolved from citizen science have shown considerable potential to fill spatial
data gaps (Dickinson et al., 2010). However, low quality standard and lack of a common data struc-
ture impede the usage of crowd-sourced data for the analyses of large scale freshwater degradation
(Hochachka et al., 2012). Hence, future studies should develop appropriate quality standards and
adaptable data structures to include crowd-sourced data in large scale human and ecological impact
analyses. Coverage of spatial risk assessments from many stressors, especially from contaminants
such as pesticides, is also lacking for many regions due to data scarcity and resource constraints, e.g.
only 10% of the major stream catchments are covered by risk assessments in south Asia (UNEP).
Hence, considerable expansion is required in risk assessments as well as in water quality monitor-
ing in developing regions by extensive mobilization of resources. In addition, a comprehensive and
robust risk assessment from contaminants requires development of an exhaustive toxicity database
based on laboratory and field experiments.

Trait-based prediction provides a powerful tool for large scale assessment of freshwater degra-
dation by future studies. One of the key questions that future studies should address is that if traits
can be used to distinguish between the effects of different stressors. For this purpose, disentangling
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large scale responses of organismal traits to a single and multiple stressors is essential (Dray et al.,
2012; Heino et al., 2007). Moreover, as traits are not stable (Lancaster and Downes, 2010a), poten-
tial adaptations of traits as a result of stressors effects should be taken into account and analyzed for
longer time periods, i.e. through paleobiological studies. It should also be scrutinized whether trait
convergence can be observed through emerging insects between aquatic and terrestrial ecosystems in
response to stressors (Revenga et al., 2005). Complementarily, trait databases should be completed
and expanded by including missing information on some important traits, e.g. dispersal capacity
(Schmidt-Kloiber and Hering, 2012).

Mitigation of freshwater degradation and restoration of good ecological status demand gover-
nance, institutional and economic responses across national borders as well as considerable resource
mobilization (MEA, 2005). These involve the mediation of competing interests from relevant stake-
holders acting at different spatial scales, and a transparent, accountable and evidence-based decision
making (MEA, 2005; Steffen et al., 2015). Large scale assessments of human and ecological impacts
of freshwater degradation applying an integrated spatial-ecological approach can provide necessary
evidences for a transparent and accountable decision making process for freshwater management,
not only on large scales but also on local scales (Steffen et al., 2015; Vörösmarty et al., 2010). For
example, large scale risk assessments from stressors contribute to the development of early warn-
ings at regional levels, which eventually underpin the regions that require a detailed assessment
of degradation based on local monitoring (Steffen et al., 2015). Large scale inventories of endan-
gered species and species-groups can provide support for the development of local scale preserva-
tion and protected areas (Vörösmarty et al., 2010). Moreover, large scale spatial approaches enable
minimizing conflicts between stakeholders acting at local scales and bringing them together for an
integrated decision making that entails large scale benefits (MEA, 2005). Notwithstanding, in ad-
dition to freshwater management and restorations, strict regulations for many sectors that directly
and indirectly contribute to freshwater degradation are essential (MEA, 2005). Thus, elimination
of environmentally harmful production subsidies, decreasing greenhouse gas emissions and nutrient
loading, and correction of market failures are inevitable to ensure a safe operating space for global
freshwater ecosystems as well as for dependent humans and ecological entities.
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Appendix A

Supplementary materials for:
An automated, objective and open source tool for stream threshold
selection and upstream riparian corridor delineation
A.1 Supplementary computer code and data
An R-script “ATRIC: Automated Accumulation Threshold selection and RIparian Corridor delin-
eation” is available as a supplementary computer code with the digital version of this thesis that can
also be downloaded from: https://github.com/AvitBhowmik/ATRIC. To allow for reproducibility,
sample data was made available from the following online repositories:
http://doi.pangaea.de/10.1594/PANGAEA.825001,
https://github.com/AvitBhowmik/ATRIC.
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A.2 Supplementary figures

Figure A.1: Variable lateral displacements (d) search buffers and selected d by optimizing number of digital elevation model (DEM)-derived stream cells
(nDS) optimization. When variable ds were (a) lower and (b) higher than the selected d a lower and higher accumulation thresholds (AT), respectively, were
obtained than the AT obtained by the selected d.
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A.2. Supplementary figures

Figure A.2: The histogram and Kernel density plots showing the distribution of the log trans-
formed accumulation values at sources of the digital elevation model (DEM)-derived stream net-
works (DSN) obtained by the selected lateral displacement (d) search buffer in the (a) Hessen wa-
tershedand (b) state Thüringen.
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Figure A.3: Lateral displacements observed (a) between given stream sampling points (SSP) and mapped stream network (MSN), (b) between digital
elevation model (DEM)-derived stream network (DSN) and MSN, and (c) delineated scattered and irrelevant upstream catchment for SSP after snapping
to MSN.
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Supplementary materials for:
Spatially shifting temporal points: estimating pooled within-time
series variograms for scarce hydrological data
B.1 Supplementary computer code and data
The computer code along with the reference manual for estimating pooled within-time series (PTS)
variograms by applying newly developed spatially shifting temporal points (SSTP), available aver-
aging empirical variograms (AEV) and a modification of AEV, i.e. weighted averaging empirical
variograms (WAEV) methods, is available with the digital version of this thesis and from an on-
line repository: https://github.com/AvitBhowmik/SSTP. The computer code is an R-script that
uses the provided sample data (with the digital version of thesis and the above repository) as in-
put and provides the estimation of PTS variograms by above methods as output. The script was
tested using the latest R version 3.2.0 – “Full of Ingredients” that was released on 16.04.2015. In-
stallation of three packages are required: “spacetime”, “intamap” and “gstat”, where installation of
“intamap” requires pre-installation of the dependency packages: “mvtnorm”, “evd” and “sp”. The
dependencies may also be automatically installed by R while installing the packages. The installa-
tion guideline is provided in the script. Further details and documentations on R and the packages
are available from: http://www.r-project.org/. To get familiar with R, usage examples are available
from: http://tryr.codeschool.com/levels/1/challenges/1.

The sample data contains computed annual total precipitation in hydrological wet days (PRCP-
TOT) values at the available data points in Bangladesh for 1993-2007 series. This is a “STFDF”
data and provided in “.Rdata” format. Details on the data format, instructions on how to read and
analyze the data are provided in the R-script and package vignettes.

B.2 Supplementary figure and table
Figure B.1 illustrates the change in spatial location, distribution and density of the available data
points for PRCPTOT in Bangladesh within the 1948-2007 series. A sample of four representative
years, i.e. 1948, 1966, 1983 and 2007, is also integrated in Figure 3.3 in chapter 3.

Table B.1 presents the change in the number of available data points and data density, smallest
and largets spatial-lags and summary statistics, i.e. minimum, mean, maximum and coefficient of
variation of annual total precipitation in hydrological wet days (PRCPTOT) in Bangladesh within
the 1948-2007 series. A sample of four representative years, i.e. 1948, 1966, 1983 and 2007, is
presented in Figure 3.3 in chapter 3.
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B.2. Supplementary figure and table

Figure B.1: Spatial location, distribution and density of available data points (rain-gauge) for each
year and annual total precipitation in hydrological wet days (PRCPTOT) (in mm).
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Table B.1: Number of available data points, data point density, smallest and largest spatial-lags,
and minimum (min.), mean, maximum (max.) and coefficient of variation (CV) of annual total
precipitation in hydrological wet days (PRCPTOT) in Bangladesh for each time step (year) within
1948-2007 series.

Year
Available
number of
data points

Data point
density Spatial lag PRCPTOT

Smallest Largest Min. Mean Max. CV
(point/10000

km2) (km) (km) (mm) (mm) (mm) (%)

1948 8 0.5 95.38 489.85 494 1532 3028 53.59
1949 9 0.6 95.22 489.85 574 1772 3369 47.40
1950 10 0.7 96.76 489.85 981 1708 3521 54.98
1951 11 0.7 68.57 489.85 225 1447 2916 53.77
1952 10 0.7 68.57 489.85 972 1778 3131 37.96
1953 12 0.8 62.08 489.85 671 1818 2813 32.95
1954 13 0.9 64.69 549.70 1006 1876 3378 36.73
1955 12 0.8 64.69 549.70 779 1744 2374 31.25
1956 14 0.9 65.64 549.70 1214 2016 2913 24.55
1957 15 1.0 61.83 549.70 651 1334 2324 33.51
1958 15 1.0 61.83 549.70 188 1263 2185 46.63
1959 15 1.0 61.83 549.70 859 1754 2888 34.38
1960 14 0.9 61.83 549.70 999 1763 2622 30.80
1961 15 1.0 61.83 549.70 878 1765 3617 51.61
1962 16 1.1 61.83 549.70 723 1447 2510 36.97
1963 15 1.0 60.14 549.70 967 1571 2839 36.03
1964 18 1.2 62.00 549.70 938 1690 3530 40.71
1965 17 1.2 61.86 549.70 1050 1860 4036 42.58
1966 21 1.4 32.57 549.70 767 1648 3694 46.48
1967 19 1.3 32.57 549.70 850 1601 3836 46.16
1968 18 1.2 32.57 484.33 1001 1892 3132 35.15
1969 19 1.3 32.57 549.70 1080 1930 3872 36.84
1970 20 1.4 32.57 549.70 952 1761 3315 34.87
1971 20 1.4 32.57 549.70 389 1662 3489 53.31
1972 19 1.3 59.25 549.70 740 1259 2856 45.51
1973 20 1.4 29.16 549.70 545 1435 2785 40.07
1974 20 1.4 32.80 478.82 849 1932 3710 43.27
1975 22 1.5 29.39 549.70 17 1353 2519 43.83
1976 21 1.4 32.57 549.70 329 1840 3371 42.07
1977 26 1.8 26.61 543.36 430 1654 3271 44.14
1978 23 1.6 28.22 543.36 84 1697 2853 39.48
1979 25 1.7 28.22 543.36 424 1615 3126 46.25
1980 25 1.7 29.04 543.36 327 1327 2758 44.84
1981 25 1.7 26.77 543.36 104 1629 3649 44.75
1982 27 1.8 28.22 543.36 732 1981 3976 47.10
1983 27 1.8 28.22 543.36 640 1822 3326 42.48
1984 27 1.8 28.22 543.36 1237 2182 4010 32.81
1985 28 1.9 28.22 539.70 701 1667 3230 39.59
1986 28 1.9 28.22 539.70 1081 1787 3133 26.13
1987 29 2.0 28.22 539.70 1124 2204 4076 36.16
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1988 29 2.0 28.22 539.70 951 1959 3626 37.98
1989 30 2.0 28.22 549.70 675 1508 3958 47.28
1990 30 2.0 28.22 549.70 747 1656 3093 39.07
1991 32 2.2 28.52 538.09 1077 1960 4499 37.55
1992 32 2.2 28.52 538.09 638 1395 2849 39.57
1993 32 2.2 28.52 538.09 29 1873 3722 36.73
1994 32 2.2 28.52 538.09 696 1366 4261 53.88
1995 31 2.1 27.51 538.09 1033 1800 3528 32.17
1996 31 2.1 27.51 538.09 779 1613 3185 38.31
1997 31 2.1 27.51 538.09 962 1840 3346 32.61
1998 31 2.1 27.51 538.09 727 1948 3752 42.04
1999 32 2.2 28.52 538.09 961 2015 3661 34.14
2000 32 2.2 28.52 538.09 868 1637 3919 49.42
2001 32 2.2 28.52 538.09 818 1765 4516 51.05
2002 32 2.2 28.52 538.09 1016 1940 3186 29.74
2003 31 2.1 29.51 538.09 719 1621 4024 48.12
2004 32 2.2 28.52 538.09 1386 2117 3889 28.25
2005 32 2.2 28.52 538.09 708 1702 3605 37.84
2006 32 2.2 28.52 538.09 688 1604 3697 40.27
2007 32 2.2 28.52 538.09 1290 1993 3271 28.55
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Supplementary materials for:
Large scale relationship between aquatic insect traits and climate
C.1 Supplementary figures
See next page.
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C.1. Supplementary figures

Figure C.1: Annual averaged abundance weighted traits across 4,752 stream sites in Germany
for each order. The figure captions, sub-captions and panel captions indicate the names of orders,
grouping features and traits, respectively. The gray dots indicate zero abundance, i.e. trait absence.
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C.1. Supplementary figures

Figure C.2: Extracted 35 global bioclimatic indices within the border of Germany. The indices
are grouped according to their value ranges and units (0C, mm, W m-2 and no unit). The panel
captions indicate the IDs of the indices (Bio_ID). Details on the indices and their IDs and units
can be found in Table 2 and https://www.climond.org/Resources.aspx.
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Figure C.3: Altitudes from the mean sea level (m) within the border of Germany. Details can be found in
http://asterweb.jpl.nasa.gov/gdem.asp.

130

http://asterweb.jpl.nasa.gov/gdem.asp


C.1. Supplementary figures

Figure C.4: Bioclimatic indices (BIs) raster cells that are covered (72 %) by the bio-monitoring
steam sites.
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Figure C.5: Observed multicollinearity among the 35 bioclimatic indices (BIs). Statistically significant (p<0.001) pairwise correlation coefficients (Pear-
son) are reported with scatterplots and histograms showing distribution. Details on the indices and their IDs and units can be found in Table 2 and
https://www.climond.org/Resources.aspx.
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Figure C.6: Steps of the trait-climate spatial relationship analysis.
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C.2 Supplementary tables

Table C.1: Membership states of the five insect orders (%) for the traits of each grouping feature.
The membership state (%) of an order for a trait was computed as the median of the membership
states of all taxa in that order for that trait. The membership states were then scaled by the total of
the membership states of an order for the traits of a grouping feature so that the membership states
sum to 100 % for each grouping feature.

Grouping features and
traits Aquatic insect orders

Diptera Ephemeroptera Odonata Plecoptera Trichoptera
Biological traits
Dispersal capacity

Unknown NA NA NA NA 9
Low NA 100* NA 100* 36
High NA NA NA NA 55*

Maximal body size
> 0.25 cm to 0.5 cm 11 3 NA 6 11

> 0.5 cm to 1 cm 39* 43 3 39* 37
> 1 cm to 2 cm 29 50* 44* 36 39*
> 2 cm to 4 cm 14 3 44* 19 13
> 4 cm to 8 cm 7 NA 9 NA NA

Reproductive capacity
Flexible NA 4 NA 7 5

Semivoltine 4 2 NA 15 10
Univoltine 39 64* NA 79* 80*
Bivoltine 44* 23 NA NA 4
Trivoltine 11 5 NA NA NA

Multivoltine 3 1 NA NA 1
Resistance to drought

Unknown resistance type NA NA NA 28 4
No drought resilience NA NA NA NA 49*

Egg diapause NA 60* NA 62* 3
Larvae diapause NA 40 NA 10 4
Adult diapause NA NA NA NA 40
Ecological traits
Current preference

Indifferent 13 NA NA 3 3
Limnobiont 7 1 21 NA 19
Limnophil 17 11 49* 1 16

Limno to Rheophil 4 10 14 2 12
Rheo to Limnophil 14 27 7 10 13

Rheophil 31* 45* 7 80* 26*
Rheobiont 13 7 3 5 11

Temperature preference
Eurytherm 30* 7 NA 1 48*
Very cold 3 15 NA 16 6

Cold 14 27 NA 46* 14
Moderate 26 32* NA 27 23

Warm 27 19 NA 10 10
NATrait not occurring, *The highest membership state (%) of an insect order for a trait in a grouping feature
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Table C.2: Spatial autocorrelations (Moran’s I values) and gradients (Pearson correlations
with longitude, latitude and altitude) for the bioclimatic indices (BIs) extracted at the stream
sites. The Moran’s I values and Pearson correlation coefficients are statistically significant
at p<0.001. Details on the indices and their IDs and units can be found in Table 2 and
https://www.climond.org/Resources.aspx.

Bioclimatic
indices

Spatial auto-
correlation Correlation (Pearson) with spatial variables

(BIs) (Global
Moran’s I)

Longitude Latitude Altitude
Bio01 0.18 -0.42 0.30 -0.77
Bio02 0.29 0.16 -0.77 0.52
Bio03 0.28 -0.54 -0.53 0.26
Bio04 0.36 0.86 -0.34 0.30
Bio05 0.13 0.10 -0.20 -0.32
Bio06 0.32 -0.68 0.49 -0.76
Bio07 0.34 0.68 -0.58 0.45
Bio08 0.09 0.28 0.13 -0.3
Bio09 0.30 -0.75 0.33 -0.58
Bio10 0.12 0.00 0.15 -0.64
Bio11 0.30 -0.70 0.40 -0.73
Bio12 0.27 -0.27 -0.58 0.69
Bio13 0.30 0.04 -0.67 0.80
Bio14 0.26 -0.45 -0.55 0.60
Bio15 0.30 0.72 -0.28 0.33
Bio16 0.30 0.03 -0.66 0.79
Bio17 0.25 -0.44 -0.51 0.59
Bio18 0.30 0.05 -0.66 0.79
Bio19 0.24 -0.53 -0.39 0.47
Bio20 0.38 0.36 -0.78 0.68
Bio21 0.29 0.43 -0.23 0.11
Bio22 0.40 0.16 -0.89 0.84
Bio23 0.41 -0.09 0.92 -0.86
Bio24 0.13 0.43 -0.14 0.08
Bio25 0.20 -0.53 0.02 0.04
Bio26 0.33 0.53 -0.51 0.35
Bio27 0.37 0.25 -0.78 0.83
Bio28 0.24 -0.33 -0.37 0.56
Bio29 0.19 -0.48 -0.13 0.29
Bio30 0.25 -0.09 -0.46 0.67
Bio31 0.26 0.06 0.47 -0.64
Bio32 0.20 -0.51 -0.16 0.31
Bio33 0.25 -0.14 -0.47 0.66
Bio34 0.25 -0.12 -0.48 0.69
Bio35 0.20 -0.51 -0.21 0.30
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Table C.3: Spatial autocorrelations (global Moran’s I) for abundance weighted traits in each stream
macroinvertebrate order and in the full data. Observed Moran’s I values are statistically significant
at p<0.001.

Grouping features and
traits Aquatic insect orders Full

data
Diptera Ephemeroptera Odonata Plecoptera Trichoptera

Biological traits
Dispersal capacity

Unknown NA NA NA NA 0.05 0.03
Low NA * NA * 0.03 0.04
High NA NA NA NA 0.02 0.03

Average NA NA NA NA 0.03 0.03
Maximal body size

> 0.25 cm to 0.5 cm 0.02 0.04 NA 0.12 0.03 0.04
> 0.5 cm to 1 cm 0.03 0.02 NA 0.03 0.03 0.03
> 1 cm to 2 cm 0.02 0.04 0.13 0.15 0.03 0.03
> 2 cm to 4 cm 0.04 0.03 0.06 0.04 0.03 0.03
> 4 cm to 8 cm 0.02 NA 0.08 NA NA 0.04

Average 0.03 0.03 0.09 0.09 0.03 0.03
Reproductive capacity

Flexible NA 0.07 NA 0.08 0.02 0.03
Semivoltine 0.03 0.03 NA 0.03 0.08 0.02
Univoltine 0.12 0.03 NA 0.04 0.07 0.04
Bivoltine 0.12 0.03 NA NA 0.04 0.05
Trivoltine 0.06 0.10 NA NA NA 0.04

Multivoltine 0.05 0.08 NA NA 0.01 0.03
Average 0.08 0.06 NA 0.05 0.04 0.04

Resistance to drought
Unknown resistance type NA NA NA 0.19 0.02 0.03

No drought resilience NA NA NA NA 0.10 0.04
Egg diapause NA 0.08 NA 0.2 0.01 0.12

Larvae diapause NA 0.08 NA 0.00 0.01 0.17
Adult diapause NA NA NA NA 0.13 0.02

Average NA 0.08 NA 0.13 0.05 0.08
Ecological traits
Current preference

Indifferent 0.10 NA NA 0.03 0.02 0.08
Limnobiont 0.01 NA 0.02 NA 0.10 0.07
Limnophil 0.05 0.13 0.08 0.17 0.16 0.14

Limno to Rheophil 0.07 0.01 0.10 0.02 0.04 0.02
Rheo to Limnophil 0.04 0.07 0.04 0.00 0.01 0.03

Rheophil 0.09 0.05 0.11 0.20 0.11 0.13
Rheobiont 0.06 0.07 0.05 0.06 0.13 0.15

Average 0.06 0.07 0.07 0.08 0.08 0.09
Temperature preference

Eurytherm 0.08 0.08 NA 0.15 0.05 0.10
Very cold 0.06 0.11 NA 0.14 0.06 0.15

Cold 0.08 0.03 NA 0.10 0.07 0.13
Moderate 0.03 0.09 NA 0.08 0.01 0.01

Warm 0.07 0.03 NA 0.09 0.05 0.06
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Average 0.06 0.07 NA 0.11 0.05 0.09
Average over traits and

orders 0.06 0.06 0.07 0.09 0.05 0.06
NATrait not occurring

*Trait omitted from the analysis because of zero variability (i.e. all taxa have same trait) and therefore the abundance weighted
trait cannot be computed
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Table C.4: Relationship between the traits of temperature preference grouping feature and the traits
of remaining grouping features in terms of explained variance (%). The explained variances are the
R2s of the zero-or-one-inflated beta regression models fitted with the abundance weighted traits
(AWT) of the temperature preference grouping feature as response and the AWT of the remaining
grouping features separately as predictor variables.

Remaining grouping
features and traits Traits of temperature preference grouping feature

Eurytherm Very cold Cold Moderate Warm
Biological traits
Dispersal capacity

Unknown 3.6* 0.1 2.0 0.0 0.0
Low 3.2 1.2* 9.8* 1.5* 15
High 0.9 0.5 4.5 1.4 17*

Maximal body size
> 0.25 cm to 0.5 cm 2.0 10 2.8 3.4* 2.1*

> 0.5 cm to 1 cm 1.9 0.0 1.8 0.4 0.6
> 1 cm to 2 cm 4.4 10 4.3 0.2 1.7
> 2 cm to 4 cm 5.7* 0.0 2.7 1.1 0.1
> 4 cm to 8 cm 3.2 13* 5.8* 0.3 1.9

Reproductive capacity
Flexible 1.6 3.2 1.1 9.7 3.2

Semivoltine 0.1 9.0 16* 1.7 16
Univoltine 2.9 15* 7.5 4.2 6.7
Bivoltine 2.7 1.0 4.5 0.0 0.8
Trivoltine 0.7 7.0 1.3 10 0.8

Multivoltine 1.7 15 0.1 14* 36*
Resistance to drought

Unknown resistance type 1.8 6.2 0.3 1.8 11
No drought resilience 6.7 2.8 6.3 0.0 0.3

Egg diapause 28* 13 30* 1.4 6.6
Larvae diapause 0.0 25* 0.7 0.0 0.6
Adult diapause 15 0.0 16 3.7* 14*
Ecological traits
Current preference

Indifferent 13 36 30 0.9 12*
Limnobiont 12 14 16 0.6 0.8
Limnophil 18 41 27 1.3* 4.6

Limno to Rheophil 0.5 1.6 0.7 0.1 0.0
Rheo to Limnophil 3.0 0.0 0.0 0.6 0.0

Rheophil 26* 42* 35* 0.2 2.6
Rheobiont 5.3 16 12 0.8 6.6

* The highest explained variance in the traits of the temperature preference grouping feature by the traits of
the remaining grouping features

138



Appendix D

Supplementary materials for:
Mapping human health risks from exposure to trace metal
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D.1 Supplementary figures
See next page.
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Figure D.1: Geographically weighted regression (GWR) coefficient estimates in each district for the spatial predictors that predicted trace metal concentra-
tions in (a) ground and (b) surface water. The abbreviations used: As = Arsenic, Cd = Cadmium, Cr = Chromium, Cu = Copper, Fe = Iron, Mn = Manganese,
Hg = Mercury, Nickel = Ni, Pb = Lead, Zn = Zinc, WC = mean total available water capacity, SOC = mean soil organic carbon density, SCC = mean soil
carbonate carbon density, pH= mean soil pH, BLU = percentage of built-up area, ALU = percentage of agricultural area.
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Figure D.2: GWR prediction standard errors (in %) for prediction of trace metal concentrations in (a) ground and (b) surface water of each district. The
abbreviations used: As = Arsenic, Cd = Cadmium, Cr = Chromium, Cu = Copper, Fe = Iron, Mn = Manganese, Hg = Mercury, Nickel = Ni, Pb = Lead, Zn
= Zinc.

144



D.1. Supplementary figures

145



A
ppendixD

AvitKum
arBhowm

ik

Figure D.3: Lower confidence boundaries of GWR model predicted trace metal concentrations (in mg / l) within 95 % confidence interval, i.e. predicted
concentrations – 1.96 * standard errors, in (a) ground and (b) surface water at the districts of Pakistan. The abbreviations used: As = Arsenic, Cd = Cadmium,
Cr = Chromium, Cu = Copper, Fe = Iron, Mn = Manganese, Hg = Mercury, Nickel = Ni, Pb = Lead, Zn = Zinc.
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Figure D.4: Upper confidence boundaries of GWR model predicted trace metal concentrations (in mg / l) within 95 % confidence interval, i.e. predicted
concentrations + 1.96 * standard errors, in (a) ground and (b) surface water at the districts of Pakistan. The abbreviations used: As = Arsenic, Cd = Cadmium,
Cr = Chromium, Cu = Copper, Fe = Iron, Mn = Manganese, Hg = Mercury, Nickel = Ni, Pb = Lead, Zn = Zinc.
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Figure D.5: Predicted risks, i.e. exceedances of threshold concentrations in risk quotients (RQ), for the lower
confidence boundaries of GWR model predicted trace metal concentrations within 95 % confidence interval,
i.e. predicted concentrations – 1.96 * standard errors, in (a) ground and (b) surface water at the districts of
Pakistan. Green indicates no exceedance, i.e. RQ≤ 1. The abbreviations used: As = Arsenic, Cd = Cadmium,
Cr = Chromium, Cu = Copper, Fe = Iron, Mn = Manganese, Hg = Mercury, Nickel = Ni, Pb = Lead, Zn =
Zinc. Maps of Cu and Fe for ground water, and Cu, Fe, Mn and Zn for surface water are omitted because no
risky district was found, i.e. for none of the districts RQ > 1.
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Figure D.6: Predicted risks, i.e. exceedances of threshold concentrations in risk quotients (RQ), for the upper
confidence boundaries of GWR model predicted trace metal concentrations within 95 % confidence interval,
i.e. predicted concentrations + 1.96 * standard errors, in (a) ground and (b) surface water at the districts of
Pakistan. Green indicates no exceedance, i.e. RQ≤ 1. The abbreviations used: As = Arsenic, Cd = Cadmium,
Cr = Chromium, Cu = Copper, Fe = Iron, Mn = Manganese, Hg = Mercury, Nickel = Ni, Pb = Lead, Zn =
Zinc. Map of Cu for surface water is omitted because no risky district was found, i.e. for none of the districts
RQ > 1.
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Table D.1: Observed concentration values (mg / l) of the trace metals in ground water samples from different districts of Pakistan during 1997-2014. The
years of observed concentrations refer to the publication years of corresponding studies.

Sampling location n Mean concentration Study
(district) (mg/l)

As Hg Ni Cu Mn Cr Fe Zn Cd Pb
Lahore 30 0.121 - - - - - - - - - Sultana et al., 2013
Kasur 65 < DL - 0.13 1.3 1.06 0.01 3.7 1.84 < DL 0.12 Mahmood and Maqbool, 2006
Kasur 24 0.113 - - - - - - - - - Farooqi et al., 2007 b

Dera Ghazi Khan 32 0.029 - - - - - - - - - Malana et al., 2011
Muzaffargarh 49 0.071 - - - - - - - - - Nickson et al., 2005

Multan 3 0.53 - < DL < DL 0.53 < DL 1.4 < DL < DL < DL Nickson et al., 2005
Faislabad 26 < DL - 0.96 0.21 1.22 0.14 0.16 0.13 0.04 0.33 Midrar-ul-Haq et al., 2005

Kalanlawala 24 0.966 - < DL < DL < DL < DL < DL < DL - < DL Farooqi et al., 2007a
Sialkot 25 < DL - 0.1 0.06 0.03 0.03 0.18 0.16 - 0.49 Ullah et al., 2009

Jamshoro 45 0.08 - - - - - 0.79 < DL - < DL Baig et al., 2009
Therparkar 140 0.75 - - - - - - - - - Brahman et al., 2013

South East Sindh 25 0.0633 - - - - - - - - - Kazi et al., 2009
Karachi - 0.08 0.01 0.5 0.09 < DL 0.34 < DL 4.02 0.04 2 Rehman et al.,1997

Nowshera 44 < DL 0.001 1.43 0.67 1.56 0.155 0.22 0.22 0.155 0.375 Midrar-ul-Haq et al., 2005
Charsadda 951 < DL < DL 0.0094 0.071 < DL 0.0188 0.372 0.36 0.0053 0.0638 Khan et al., 2012
Charsadda 315 - - 0.0007 0.289 - 0.0139 0.0549 0.135 0.0007 0.0089 Khan et al., 2013

Swabi 3 - - 0.048 0.893 0.16 0.128 0.0205 0.0205 0.016 0.705 Nasrullah et al., 2006
Peshawar 4 - - 0.88 0.36 0.12 0.089 0.143 0.131 0.03 0.66 Tariq et al., 2006
Kohistan 37 0.0021 - - - - - 0.327 - - - Muhammad et al., 2010
Kohistan 10 - - 0.0001 0.077 0.0013 2E-05 - 0.262 0.0001 0.0007 Muhammad et al., 2011

Mohamnd Agency 51 - - 0.04 2.4 0.3 0.2 0.05 0.024 0.0006 0.0009 Shah et al., 2012
Shiekhupura - 0.39 - - 0.21 0.28 - - - 0.36 - Qazi et al., 2014

WHO drinking water
effect-threshold 0.01 0.001 0.02 2 0.5 0.05 0.3 3 0.003 0.01 WHO, 2011

n= number of sites, As = Arsenic, Cd = Cadmium, Cr = Chromium, Cu = Copper, Fe = Iron, Mn = Manganese, Hg = Mercury, Nickel = Ni, Pb = Tin, Zn = Zinc, - = not sampled or not known, DL =
detection limit, WHO=World Health Organization.
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Table D.2: Observed concentration values (mg / l) of the trace metals in surface water samples from different districts of Pakistan during 1991-2014. The
years of observed concentrations refer to the publication years of corresponding studies.

Sampling location n Mean concentration Study
(district) (mg/l)

As Hg Ni Cu Mn Cr Fe Zn Cd Pb
Islamabad 50 - - - 0.017 0.013 0.097 0.076 0.0132 0.0075 0.0446 Iqbal et al., 2014

Mohmand Agency 51 - - 0.1052 0.06 0.35 0.32 0.158 0.0128 0.0005 0.001 Shah et al., 2012
Kohistan 18 0.0007 - - - - - 0.447 - - - Muhammad et al., 2010
Kohistan 8 - - 0.0003 0.082 0.0005 0.0001 - 0.015 0.0001 0.0003 Muhammad et al., 2011
Islamabad 30 - - 0.51 0.08 0.26 1.17 30.04 3.45 0.06 0.41 Malik et al., 2010
Mianwali - 0.75 0.017 0.065 0.004 0.004 0.071 0.004 0.029 0.003 0.058 Ashraf et al., 1991
Mianwali - - - 0.127 - - - - 0.174 - - Tariq et al., 1996

Muzaffargarh 30 0.0011 0.053 0.127 0.011 0.016 0.018 1.548 0.01 0.016 0.125 Tariq et al., 1995
Muzaffargarh 25 0.007 < DL - - 0.28 - 0.18 - - - Nickson et al., 2005

Sukhar 12 0.62 0.14 0.061 0.004 0.018 0.002 0.012 0.028 0.002 0.107 Ashraf et al., 1991
Lahore 45 0.0018 0.0006 0.00125 0.006 0.0055 0.0009 0.0845 0.022 0.0008 0.001 Tariq et al., 1994
Lahore - - - 0.93 0.45 0.85 0.07 8 1.7 0.18 0.03 Kashif et al., 2009

Kalar Kahar 25 - - 0.0325 0.006 - - 2.83 1.63 0.03 0.155 Raza et al., 2007
Sehwan 20 - - 0.0027 0.0084 - - 0.0151 0.0057 0.0091 0.0068 Mastoi et al., 2008

Manchar Lake 80 0.102 - 0.0043 0.0089 - - 0.0012 0.0157 0.001 0.009 Mastoi et al., 2008
Manchar Lake 160 0.0811 - 0.017 0.019 0.0732 0.0075 3 3 0.0108 0.0833 Kazi et al., 2009

Jamshoro 45 0.042 - - - - - 0.19 1.489 - - Baig et al., 2009
Jamshoro 58 0.075 - - - - - 2.34 - - - Arain et al., 2009(b)
Besham - - - 0.253 - - - - 0.016 - - Tariq et al., 1996
Chagai - - - 0.096 - - - - 0.028 - - Tariq et al., 1996

Khushalgarh - - - 0.075 - - - - 0.018 - - Tariq et al., 1996
Dera Gazi Khan - - - 0.124 - - - - 0.172 - - Tariq et al., 1996

Gilgit 22 0.0025 0.135 0.245 0.091 0.013 0.017 0.041 0.011 0.002 0.013 Tariq et al., 1995
Jacobabad 34 0.0008 0.21 0.124 0.04 0.015 0.034 0.034 0.011 0.011 0.038 Tariq et al., 1995
Sialkot 40 0.0013 0.208 0.124 0.026 0.209 0.018 0.209 0.062 0.014 0.073 Tariq et al., 1996
Sialkot - - - 0.1 0.2 - - 0.8 0.1 0.3 0.2 Qadir et al., 2008

WHO drinking water
effect-threshold 0.01 0.001 0.02 2 0.5 0.05 0.3 3 0.003 0.01 WHO, 2011

n= number of sites, As = Arsenic, Cd = Cadmium, Cr = Chromium, Cu = Copper, Fe = Iron, Mn = Manganese, Hg = Mercury, Nickel = Ni, Pb = Tin, Zn = Zinc, - = not sampled or not known, DL
= detection limit, WHO = World Health Organization.
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