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A B S T R A C T

Niche-based species distribution models (SDMs) play a central role in studying species response to environ-
mental change. Effective management and conservation plans for freshwater ecosystems require SDMs that
accommodate hierarchical catchment ordering and provide clarity on the performance of such models across
multiple scales. The scale-dependence components considered here are: (a) environment spatial structure, re-
presented by hierarchical catchment ordering following the Strahler system; (b) analysis grain, that included 1st

to 5th order catchments; and (c) response grain, the grain at which species respond most, represented by local
and upstream catchment area effects. We used fish occurrence data from the Danube River Basin and various
factors representing climate, land cover and anthropogenic pressures. Our results indicate that the choice of
response grain – local vs. upstream area effects – and the choice of analysis grain, only marginally influence the
performance of SDMs. Upstream effects tend to better predict fish distributions than corresponding local effects
for anthropogenic and land cover factors, in particular for species sensitive to pollution. Key predictors and their
relative importance are scale and species dependent. Consequently, choosing proper species dependent spatial
scales and factors is imperative for effective river rehabilitation measures.

1. Introduction

The majority of studies describing distributions of freshwater spe-
cies rely on niche-based species distribution models (SDMs) (Buisson
et al., 2008; Lassalle et al., 2010; Markovic et al., 2012). While the
methodological aspects of SDMs towards reducing model uncertainties
have been extensively studied (e.g. Thuiller, 2004; Marmion et al.,
2009; Grenouillet et al., 2011), the influence of scale components on
predictive power of SDMs was less frequently studied. Following Mertes
and Jetz (2018), the scale-dependence components of species-environ-
ment relationships are: (1) spatial structure of the environment; (2)
analysis grain, the grain at which analyses are conducted; and (3) re-
sponse grain, the grain at which species respond most strongly to their
environment. Domisch et al. (2013) and Kärcher et al. (2019) have
shown that the second scale component – analysis grain – only mar-
ginally influences the performance of SDMs; however, to address the
effects of the above-defined three scale components on the performance
of SDMs tailored to freshwater species, an integrated modelling fra-
mework is needed.

Stream ecologists have long recognized that biodiversity patterns of

freshwater species are strongly influenced by the spatial structure of the
environment – the dendritic structure of stream and river networks (cf.
Fausch et al., 2002). Moreover, Swan and Brown (2017) have shown
that restoration activities aiming at increasing biodiversity are more
efficient in small isolated streams than in larger, well-connected
downstream reaches. Accordingly, the local diversity of streams and
rivers is influenced by the watershed structure and land use within the
surrounding river and stream valleys at multiple scales (Allan et al.,
1997; Allan, 2004; Black et al., 2004; Stephenson and Morin, 2009),
and also known as the riverine macrosystem (McCluney et al., 2014).
For example, macroinvertebrates and fish are shown to be strongly
influenced by riparian land use and instream habitat conditions at the
reach scale (Moerke and Lamberti, 2006; Feld and Hering, 2007;
Verdonschot, 2009; Sui et al., 2014), and up to a few kilometres up-
stream of sampling sites (Kail et al., 2009; Kail and Wolter, 2013). In
the era of urgent management response to high environmental pres-
sures to freshwater ecosystems, catchment scale hold great promise
where fine grain (e.g. reach scale) survey data are unavailable. Given
the high vulnerability of freshwater ecosystems to environmental
change (Woodward et al., 2010; Markovic et al., 2017) and the fact that
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SDMs play a central role in conservation and restoration planning at
multiple scales (e.g. Franklin, 2009), it is of fundamental importance to
investigate the scale effects on the performance of SDMs of freshwater
species’ distributions.

Hierarchical catchment ordering provides a valuable framework to
address the effects of the two scale components – analysis grain and
spatial structure of the environment – on models of freshwater species’
distributions (cf. Allan et al., 1997). In our recent study (Kärcher et al.,
2019), we have shown that the choice of the analysis grain, reflected by
the hierarchical catchment order, only marginally influences the mean
performance of SDMs. The present study incorporates an additional
scale dimension into this discourse – the response grain, implemented
through the combination of local factors and those of the entire up-
stream catchment. Namely, while the relative importance of factors
affecting species distributions is still debated (Tudesque et al., 2014),
there is clear evidence for the influence of the upstream area on the
occurrence probability of species in a particular stream reach or a site
(Angermeier and Winston, 1988; Allan, 2004). Despite this evidence
and the increased awareness that cause–effect relationships should be
simultaneously studied at both fine and broad scales (see Soranno et al.,
2014), the combination of local factors and those of the entire upstream
catchment in shaping distribution patterns of freshwater species had
not been sufficiently studied. For instance, the upstream effects were
commonly not considered for the whole upstream catchment, but only
up to a certain distance from a sampling site (e.g. up to 7.5 km in Kail
and Wolter, 2013). The few studies addressing the relationship between
a species’ occurrence probability and upstream effects suggest strong
impacts of intensive agricultural land use (Allan et al., 1997; Allan,
2004) and a higher relative importance of cumulative upstream area
conditions than environmental conditions at the reach scale (Esselman
and Allan, 2010).

Here we present a comprehensive modelling framework that ad-
dresses the scale effects on the performance of SDMs describing fresh-
water fish species distribution patterns. The study area includes the
Danube River Basin. The spatial structure of the environment and
analysis grain are based on the most widely used hierarchical catch-
ment ordering, the Strahler system (Strahler, 1964). Strahler order re-
flects the hierarchical level of each reach in the whole river network,
with 1st-order assigned to all reaches with no tributaries, 2nd-order to
the confluences of two first-order reaches, and so on. In this study, we
focus on the “reach scale” (here, the catchment area of the river reach
where an occurrence of the freshwater fish was observed; hereafter
called “1st order catchment”) and the corresponding 2nd to 5th order
catchments. At each of the hierarchical catchment orders, we evaluated
the species’ response grain using environmental factors summarizing
effects across catchments of a particular order, across the corresponding
whole upstream area, as well as those summarizing cross scale effects.
The aims of the present study are: (1) to identify for each individual
environmental factor whether the entire upstream catchment effect, the
local reach effect or their interaction are better related to fish dis-
tribution patterns and (2) to test whether there is a decrease in the
performance of SDMs with coarsening analysis grain (i.e., catchment
order). To test the effects on model performance (objective 2 above), we
compared the performance of SDMs for each catchment order based (a)
solely on local catchment effects, (b) solely on upstream catchment
effects and (c) on the combination of local- and upstream catchment
effects.

2. Methods

As this study is an extension of our previously published work
(Kärcher et al., 2019) and thus partially follows the same methodology,
for convenience, the descriptions of the methods are kept the same
wherever appropriate.

2.1. Study area

The Danube is Europe’s second largest river basin (801,463 km2)
and is shared among more than 80 million people from 19 countries. It
extends from Central Europe through the Balkans and drains to the
Black Sea (Fig. A1). The Danube River delta is one of the world’s largest
wetlands, rich in rare fauna and flora and inscribed on UNESCO’s World
Heritage List in 1991. Due to its large spatial extent and diverse relief,
the Danube River Basin also shows great differences in climate. The
summed annual precipitation ranges from more than 2300mm in the
high mountains to less than 400mm in the delta region, while the mean
annual discharge reaches 6460 m3s−1 at the Danube delta in Romania
(ICPDR, 2009). The ecosystems of the Danube River Basin host over
2000 plant species, over 40 mammals and approximately 100 fish
species, but are also subject to increasing pressure and serious pollution
from agriculture, industry and municipalities (ICPDR, 2009).

2.2. Environmental data

Choice of environmental factors was based on recent studies of fish
species distributions (Buisson et al., 2008; Lassalle et al., 2010;
Markovic et al., 2012; Isaak et al., 2017), with the predictor selection
performed following Markovic et al. (2012). In total, six environmental
predictors emerged representing climate, land cover and anthropogenic
pressure of the study area (Table 1). Climatic and topographic data
were extracted from the Worldclim 30 arc-second (approx.
1 km×1 km) gridded information (Hijmans et al., 2007). The climatic
data set included annual mean temperature (AnnTMean) and annual
mean precipitation (AnnPMean). Land use of the study area was de-
scribed by applying three land cover classes: percentage of area covered
by row crops (RowCrops), by forest (Forest) and by artificial surface
(BuiltUp). Land cover information was extracted from the CORINE land
cover database (EEA, 2011). The number of inhabitants per area (Po-
pulation) was used as a measure of anthropogenic pressure (Global
Rural-Urban Mapping Project version1, available at http://sedac.ciesin.
columbia.edu/gpw). Initially, topography of the study area was con-
sidered using altitude and slope; however, due to high correlations
(above |0.7|) with the annual mean temperature both, altitude and
slope were omitted from further analyses (Fig. A2). As indicated in
Table 1, the study area encompasses a wide range of environmental
conditions.

2.3. Hierarchical catchment orders and predictor data sets

The analyses and modelling were conducted for five different
catchment orders (WaterShed Order WSO1 to WSO5) based on the
Strahler order of the river reaches from the CCM2 pan-European
catchments database (CCM version 2.1, de Jager and Vogt, 2010). The
1st order catchments (WSO1) are defined according to the drainage
areas of the individual river reaches while higher order catchments
(WSO2-WSO5) result from groupings of the lower-order catchments in a
hierarchical way. More specifically, the WSO1 represents here drainage
areas of the river reaches with observed species’ occurrences. Catch-
ment order increase is reflected in an increasing catchment size, with an
average ranging from 12 km2 for the WSO1 to 2148 km2 for the WSO5.

For each WSO, environmental factors were calculated by averaging
gridded data across the corresponding local catchment areas (“lca”)
reflecting the river reach scale and across the cumulative upstream
catchment areas (“uca”) (Fig. A1), resulting in two distinct predictor
data sets. The upstream catchment-related factors were derived using
the Pfafstetter coding system of the CCM2 database in R environment (R
Development Core Team, 2019). Regarding the “lca” and the “uca”
predictor data sets, the environmental factors represent different sta-
tistics resulting from the processing of the gridded data for the local-
and the upstream catchments: mean values for climatic factors, per-
centage values for the land use classes and the sum of the number of
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inhabitants per area. Also, it is noteworthy that cumulative upstream
environmental factors for small 5th order catchments might be very
similar over all lower hierarchical WSO levels. In addition to the “lca”
and the “uca” predictor data sets, we also defined their combined cross-
scale interactions (“csi”). Specifically, the interactions between the
environmental factors were measured using the product of the corre-
sponding “lca” and the “uca” predictors. To ensure interpretability of
our outcomes, we used only pairs of identical environmental factors
(e.g., "lca" and "uca" related percentage of area under row crops) and
not all possible environmental factor combinations (e.g., a possible, but
poorly interpretable combination would be the product of "lca" annual
mean precipitation and "uca" number of inhabitants).

2.4. Fish data

Species occurrence data for the Danube River Basin were provided
by partners of the project Biofresh (www.freshwaterplatform.eu,
Schinegger et al., 2016) for 1364 sites (see also Fig. A1). Fisheries data
were sampled by either single-pass or double-pass electrofishing
(mainly between 1985 and 2002). To ensure an accurate estimate of the
species distributions, only species with at least 50 occurrences at the
largest analysed scale, the WSO5, were included into the analysis (cf.
Coudon and Gégout, 2007). In total, eight species are considered
(Table 2). Species ecological characterizations follow Kottelat and
Freyhof (2007): the bleak (Alburnus alburnus) is a small cyprinid, and

prefers open waters of lakes and medium to large rivers. The stone
loach (Barbatula barbatula) is usually found in medium-sized rivers with
gravel to stone bottom. Barbus barbus is a fish of the cyprinid family
preferably inhabiting faster flowing, summer-warm, medium to large-
sized rivers. Gudgeons of the genus Gobio, here represented by Gobio
obtusirostris, are riverine cyprinids, too, which tolerate – in contrast to
barbels – lower flow velocities and finer spawning substrates. The
bullhead (Cottus gobio) inhabits cold, clear and fast-flowing water of
small streams to medium-sized rivers. The roach (Rutilus rutilus) is a
small fish of the cyprinid family mainly found in nutrient-rich large to
medium sized lowland rivers and backwaters. The trout (Salmo trutta) is
a species of salmonid fish preferring cold, well-oxygenated streams in
the mountainous areas. The chub (Squalius cephalus) is a fish of the
cyprinid family found in slow-flowing lowland rivers, very small
mountain streams, and in large streams of barbel zone.

For each of the five WSOs, fish occurrence data were aggregated to
presence/absence information (hereafter called “catchment-scale
mapping”). The final number of catchments of each particular order
and their spatial arrangement was thus directly constrained by fish data
availability. With the WSO increase, the number of catchments under
consideration decreases (from 1363 for the WSO1 to 126 for the
WSO5), with a corresponding increase in species prevalence (Table 2).
We note here that, because of the dendritic structure of river networks,
catchment-scale mapping is more appropriate for freshwater species
than the point-to-grid mapping, used for mapping terrestrial species’
occurrences (see Fagan, 2002). In addition, given that catchments serve
as units for freshwater management and conservation (commonly re-
ferred to as the Catchment Based Approach – CaBA, see DEFRA, 2013),
catchment-scale mapping of freshwater species’ occurrences ensures
compatibility between the management and the analysis scales, as well
as the optimisation of ecological restoration efforts (Lévêque et al.,
2008; Markovic et al., 2017; Kuemmerlen et al., 2019).

2.5. Data analysis and modelling

A schematic view of the data analysis and modelling workflow is
provided in Fig. 1. Univariate strength of the environmental predictor
variables was quantified using the weight of evidence (WOE) and in-
formation value concepts as implemented in the R library “Information”

Table 1
Mean and range of the environmental predictors describing local catchment influences (“lca”) and the cumulative upstream influences (“uca”) across the studied
scales (WSO1-WSO5).

Predictor Description Approach WSO1 WSO2 WSO3 WSO4 WSO5

AnnTMean [°C] Annual mean
temperature

lca 7.6
(-0.7-11.3)

7.3
(-2.1-11.2)

6.9
(-1.5-11.1)

6.5
(-0.9-11.1)

7.1
(0.1-11.0)

uca 5.8
(-2.1-11.0)

5.6
(-2.1-11.0)

5.5
(-1.5-11.0)

5.4
(-0.9-11.0)

6.0
(0.1-11.0)

AnnPMean [mm] Annual mean
precipitation

lca 870
(476-1486)

888
(483-1522)

924
(494-1537)

957
(511-1538)

908
(523-1479)

uca 958
(519-1559)

968
(519-1548)

992
(519-1537)

1011
(531-1538)

968
(542-1479)

RowCrops [%] Row crop percentage lca 26.6
(0-100)

24.6
(0-94.8)

23.3
(0-86.0)

23.0
(0-86.0)

28.3
(0-86.0)

uca 17.4
(0-97.4)

17.1
(0-87.0)

17.1
(0-79.2)

17.4
(0-73.6)

20.7
(0-66.4)

Forest [%] Forest percentage lca 43.0
(0-100)

46.4
(0-100)

46.3
(0-100)

44.3
(0-94.4)

40.7
(3.1-84.0)

uca 53.1
(0-100)

51.4
(0-100)

48.4
(0-96.5)

46.2
(0-94.4)

45.0
(3.8-83.9)

BuiltUp [%] Built up area percentage lca 9.0
(0-100)

7.8
(0-100)

6.3
(0-78.8)

5.6
(0-78.8)

5.4
(0.1-18.1)

uca 3.3
(0-46.2)

3.5
(0-46.2)

3.7
(0-26.3)

3.7
(0-16.9)

4.3
(0.1-13.4)

Population [No. inh.] Inhabitants per area lca 2042
(0-3.2∙105)

6198
(0-3.6∙105)

18,129
(22-5.9∙105)

60,115
(214-18.8∙105)

219,284
(528-26.8∙105)

uca 300,837 (0-
275∙105)

357,999 (0-
275∙105)

614,163 (63-
276∙105)

934,494 (973-
276∙105)

2,078,784 (5746-
279∙105)

Table 2
Freshwater fish species and their prevalence. The total number of catchments
for the studied scales (WSO1-WSO5) is indicated in parentheses.

Name Code WSO1
(1363)

WSO2
(1059)

WSO3
(681)

WSO4
(350)

WSO5
(126)

Alburnus alburnus Albual 0.20 0.22 0.29 0.38 0.62
Barbus barbus Barbba 0.20 0.21 0.23 0.28 0.45
Barbatula barbatula Barbbr 0.31 0.33 0.34 0.35 0.45
Cottus gobio Cottgo 0.44 0.42 0.43 0.48 0.51
Gobio obtusirostris Gobris 0.31 0.33 0.36 0.37 0.51
Rutilus rutilus Rutiru 0.22 0.25 0.30 0.38 0.58
Salmo trutta Saltta 0.71 0.70 0.72 0.74 0.69
Squalius cephalus Squace 0.44 0.46 0.49 0.53 0.72
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(Larsen, 2016). While WOE describes the relationship between a pre-
dictor variable X (here environmental predictors listed in Table 2) and
a binary dependent variable Y (here species occurrence in a particular
catchment), information value measures the strength of the −Y X re-
lationship. Specifically, if =b i k, 1, ..., ,i denote k discrete bins for the
predictor X , then, the strength of the predictor in describing Y can be
quantified as ∑ ∈ = − ∈ = ×P X b Y P X b Y WOE( ( | 1) ( | 0))i i i i (cf.
Larsen, 2016). As such, information value is suitable for comparing the
strength between local and upstream area effects on freshwater fish
distribution across multiple scales (i.e., for comparing the predictive
power of the environmental factors calculated for the local catchment
areas of each watershed order and for the corresponding cumulative
upstream catchment areas).

Species distribution modelling was performed using Generalized
Additive Models (GAM) (R library “gam”; Hastie, 2005). GAM is a non-
parametric extension of generalized linear methods, and is widely used
for modelling current and future distribution patterns of fish species.
Previous investigations using various SDMs have shown that GAM-,
GLM- (Generalized Linear Models) and regression tree based SDMs have
similar validation performance. The first two kinds of models had also

similar calibration performance, while regression tree based SDMs tend
to overfit during the calibration phase (Markovic et al., 2012). The
improved performance of consensus or ensemble methods in providing
more accurate and robust projections of species distribution have been
already demonstrated (Marmion et al., 2009; Buisson et al., 2010;
Lauzeral et al., 2013); however, the main objective of this study was
determining the effect and importance of variation in spatial scale ra-
ther than the performance of different SDMs. Therefore, we focus here
only on GAM based SDMs, but acknowledge the importance of using
multiple SDMs when the study goal is predicting future species dis-
tribution patterns (see Markovic et al., 2012). Moreover, GAMs are very
flexible models, and have well performance at high collinearity
(Dormann et al., 2013).

Species occurrence probabilities resulting from the application of
GAM were transformed to presence/absence information using the
thresholds, which maximize both sensitivity (the true positive rate) and
the specificity (the true negative rate). Thus, the percentage of correctly
predicted presences (sensitivity) and the percentage of correctly pre-
dicted absences (specificity) are jointly maximized. We used repeated
random splitting (10 times) of the fish data into calibration (70%) and

Fig. 1. Conceptual modelling framework. With an increase in the hierarchical watershed order (WSO), there is an increase in the average catchment size. The local
effects were calculated by averaging environmental gridded data across the corresponding local catchment areas (“lca”, i.e., by averaging environmental data across
the polygons representing the catchments of the particular order). The upstream effects summarize the environmental variability across the whole upstream
catchment area (“uca”) of an individual catchment of a particular order. For example, for the black shaded polygon in the box “Data Aggregation” representing a 1st

order catchment (i.e., catchment area of the individual river reaches), the upstream effects are calculated by averaging environmental parameters across the area
consisting of the catchment itself and the corresponding “uca” (grey shaded polygons).
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validation (30%), i.e., each of the 10 models was calibrated using a
different 70% data sample and validated using the remaining 30%. The
repetitive modelling procedure allowed for quantifying the uncertainty
of the estimates. Agreement between the observed and modelled spe-
cies distribution patterns was quantified by sensitivity and specificity,
while the performance of the calibrated models was estimated using the
Area under the Receiver Operator Curve (AUC) and the True Skill
Statistic (TSS) (Allouche et al., 2006). An AUC of 0.5 and a TSS of 0
indicate that a model has no discriminatory power, while an AUC or
TSS of 1 indicate that presences and absences are perfectly dis-
criminated.

Within the multivariate modelling of species distributions three
predictor data sets were created: one describing only local reach-scale
effects, a second describing only cumulative upstream area effects, and
a third combined predictor data set (“comb”) merging the local, the
upstream and the cross scale interactions predictor sets. In the “comb”
predictor data set, the environmental factor with the higher informa-
tion value of each of the three source data sets was used in the mod-
elling. Consequently, models of distribution patterns of each of the
studied species were initiated using three distinct predictor sets re-
sulting in 30 multivariate models per species (10 repetitions × 3 pre-
dictor data sets).

For each predictor data set used in modelling of species distribution
patterns, the condition of pairwise correlations below |0.70| had to be
satisfied at all scales (i.e. no multicollinearity; correlation matrix for the

reach-scale is provided in Fig. A2). Thereby, within each of the 30
multivariate model runs per species, the search for a parsimonious
model involved analyses of the model improvement based on the
Akaike Information Criterion (AIC) through simultaneous forward and
backward predictor selection.

Statistical significance between the AUCs for different predictor
data sets (“lca”, “uca” and “comb”) was measured using the two sample
t-test (e.g. Wilks, 1995). By including statistical testing, data sets
leading to significantly better performances can be identified and re-
commended for explaining the fish distributions across the studied
scales. To quantify the relative predictor importance, the variance
partitioning method, implemented within the R library “relaimpo”
(Grömping, 2006) was used. The advantage of the variance partitioning
method by Lindeman et al. (1980) is that it considers sequential sums of
squares over all predictor permutations, and thus considers the inter-
correlation effects among the individual predictors. We note that high
predictor relative importance does not necessarily imply causation.

3. Results

3.1. Local and cumulative upstream effects

Overall, the annual mean temperature and the percentage of area
under row crops have the highest information value irrespective of the
considered spatial scale (“lca” vs. “uca” and WSO1 to WSO5, Fig. 2). A

Fig. 2. Information value as a measure of the univariate strength of the environmental predictor variables derived across the corresponding local catchment areas
(“lca”) and across the whole upstream catchment area (“uca”). a–e) For each of the five spatial scales the information value was calculated as an average predictive
strength of the environmental predictor across all studied species; f) The overall information value of an environmental predictor was calculated as an average
predictive strength across all scales and all considered species. Error bars represent one standard deviation of the estimates.
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comparison between the information values of the factors derived for
the local catchment areas and for the corresponding upstream catch-
ment areas indicated higher predictive strength of the local effects for
the climatic predictors (AnnTMean and AnnPMean) up to the fourth
order catchments. For anthropogenic and land cover factors the in-
formation value results suggest that cumulative upstream effects of
population (Population), percentage of area covered by row crops
(RowCrops) and artificial surface (BuiltUp) are likely to be better pre-
dictors of fish distribution patterns than the corresponding local
catchment effects (Fig. 2f). The information values of the cross scale
interactions (“csi”), here measured as the product of the “lca” and “uca”

related environmental factors, were significantly lower than the in-
formation value of the “lca” and “uca” factors themselves. Conse-
quently, within the “comb” predictor data set, the factors Population,
RowCrops and BuiltUp were selected from the “uca” predictor data set,
while the remaining predictors were selected from the “lca” predictor
data set (Fig. 2f). As such, none of the “csi” predictors qualified to be
included in the modelling process.

3.2. Catchment order specific predictor set and model performance

Due to multicollinearity condition, the number of statistically

Table 3
Mean and standard deviation of the number of statistically significant model parameters per species across the studied scales (WSO1-WSO5) for the “lca”, “uca” and
the “comb” predictor sets.

Species Approach WSO1 WSO2 WSO3 WSO4 WSO5

A. alburnus uca 3.8 (0.6) 3.1 (0.7) 2.7 (0.5) 2.7 (0.5) 2.3 (0.5)
comb 4.3 (0.5) 3.3 (0.8) 2.9 (0.9) 2.6 (0.7) 2.1 (0.3)
lca 3.5 (0.5) 3.1 (0.7) 2.8 (0.9) 2.7 (1.1) 1.5 (0.5)

B. barbatula uca 4 (0.7) 4.7 (0.7) 4 (0) 2.8 (0.4) 2 (0.7)
comb 4.5 (0.5) 4.9 (0.6) 3.4 (0.5) 3 (0) 1.6 (0.7)
lca 4.1 (0.3) 3.8 (0.6) 3.6 (0.8) 2.3 (0.5) 1.5 (0.5)

B. barbus uca 5 (0) 5 (0) 2.5 (0.5) 2.5 (0.7) 1.5 (0.7)
comb 5.3 (0.7) 4.6 (0.5) 3.1 (0.6) 2.6 (0.8) 2.6 (0.7)
lca 4.5 (0.5) 4.7 (0.7) 2.6 (0.5) 3 (0.9) 2.5 (0.8)

C. gobio uca 4.9 (0.3) 5 (0) 4 (0) 3.8 (0.4) 2.1 (0.3)
comb 4.7 (0.8) 4.5 (0.7) 3.6 (0.7) 3.3 (0.5) 1.3 (0.7)
lca 3.7 (0.5) 3.9 (0.6) 3 (0) 2 (0.5) 1.2 (0.4)

G. obtusirostris uca 4 (0.5) 5 (0) 3.4 (0.5) 2.8 (0.4) 1.6 (0.7)
comb 4.1 (0.6) 3.9 (0.6) 4.4 (0.5) 3.6 (0.5) 2.8 (0.4)
lca 3.8 (0.9) 3.4 (0.5) 4.1 (0.9) 3 (0.5) 2.5 (0.5)

R. rutilus uca 4.8 (0.4) 4.6 (0.5) 3.9 (0.3) 3.8 (0.4) 2.7 (0.8)
comb 5.1 (0.3) 4.8 (0.4) 3.9 (0.3) 2.5 (0.5) 2.1 (0.9)
lca 4.5 (0.5) 3.9 (0.7) 3.9 (0.7) 1.8 (0.8) 2.1 (0.7)

S. trutta uca 5 (0) 5 (0) 3.8 (0.4) 3.3 (0.8) 2.4 (0.5)
comb 4.2 (0.4) 4.1 (0.7) 2.5 (0.5) 1.7 (0.5) 2 (0.5)
lca 3.9 (0.3) 3.5 (0.7) 2.8 (0.4) 1.4 (0.7) 1.8 (0.4)

S. cephalus uca 4 (0) 4.5 (0.5) 3.1 (0.3) 2.4 (0.5) 2.1 (0.3)
comb 5 (0) 3.4 (0.5) 2.5 (0.5) 2 (0) 1.8 (0.9)
lca 3.9 (0.3) 3 (0) 2.3 (0.5) 2.1 (0.3) 1.7 (0.8)

Table 4
Mean and standard deviation for validation AUCs of the multivariate models of species distribution patterns across the studied scales (WSO1-WSO5) catchments for
the “lca”, “uca” and the “comb” predictor data sets.

Species Approach WSO1 WSO2 WSO3 WSO4 WSO5

A. alburnus lca 0.92* (0.01) 0.92* (0.01) 0.93* (0.02) 0.91 (0.03) 0.89 (0.05)
uca 0.89 (0.01) 0.89 (0.02) 0.89 (0.02) 0.91 (0.03) 0.90 (0.07)
comb 0.88 (0.01) 0.89 (0.02) 0.91 (0.01) 0.91 (0.03) 0.88 (0.07)

B. barbatula lca 0.89* (0.01) 0.88* (0.01) 0.87* (0.02) 0.87 (0.03) 0.73 (0.08)
uca 0.86 (0.01) 0.84 (0.02) 0.83 (0.03) 0.86 (0.03) 0.79 (0.08)
comb 0.84 (0.02) 0.84 (0.01) 0.83 (0.02) 0.85 (0.04) 0.78 (0.04)

B. barbus lca 0.77 (0.02) 0.79 (0.01) 0.77 (0.02) 0.74 (0.05) 0.64 (0.08)
uca 0.82* (0.01) 0.85* (0.02) 0.87* (0.03) 0.8* (0.03) 0.77* (0.06)
comb 0.82 (0.02) 0.84 (0.03) 0.87 (0.02) 0.8 (0.04) 0.74 (0.08)

C. gobio lca 0.78 (0.02) 0.8 (0.02) 0.77 (0.03) 0.81 (0.03) 0.79 (0.06)
uca 0.81 (0.03) 0.84* (0.02) 0.85* (0.03) 0.81 (0.03) 0.81 (0.08)
comb 0.82 (0.02) 0.84 (0.02) 0.84 (0.02) 0.78 (0.04) 0.82 (0.07)

G. obtusirostris lca 0.86 (0.02) 0.87 (0.01) 0.83 (0.03) 0.81 (0.03) 0.70 (0.05)
uca 0.87 (0.01) 0.88 (0.01) 0.88 (0.01) 0.84 (0.04) 0.78 (0.04)
comb 0.88 (0.01) 0.89 (0.02) 0.88 (0.01) 0.86 (0.03) 0.86* (0.06)

R. rutilus lca 0.89 (0.02) 0.88 (0.01) 0.90 (0.02) 0.89 (0.03) 0.82 (0.06)
uca 0.89 (0.02) 0.89 (0.02) 0.89 (0.02) 0.88 (0.04) 0.80 (0.06)
comb 0.87 (0.02) 0.89 (0.02) 0.89 (0.02) 0.88 (0.03) 0.79 (0.07)

S. trutta lca 0.91 (0.02) 0.92 (0.01) 0.94 (0.01) 0.97 (0.01) 0.96 (0.03)
uca 0.93 (0.02) 0.94* (0.01) 0.97* (0.02) 0.97 (0.02) 0.97 (0.03)
comb 0.93 (0.01) 0.94 (0.01) 0.97 (0.01) 0.97 (0.03) 0.95 (0.05)

S. cephalus lca 0.86 (0.01) 0.85 (0.02) 0.84 (0.02) 0.86 (0.04) 0.78 (0.07)
uca 0.88 (0.01) 0.87 (0.01) 0.85 (0.01) 0.86 (0.03) 0.81 (0.07)
comb 0.87 (0.02) 0.87 (0.02) 0.86 (0.02) 0.86 (0.03) 0.81 (0.09)

* Marks the preferred approach, i.e. the approach that led to the rejection of the hypothesis implying no significant differences between AUCs for all predictor set
combinations (“lca”-“uca”; “uca”-“comb” and “lca”- “comb”) at the α=1% significance level.
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applicable model predictors varied with catchment order. Of the in-
itially considered eight factors (Figs. A2-A3), the predictor set used at
WSO1 included six environmental factors (Table 1) for the “lca” and
“comb” data sets and five factors for the “uca” data set. Although GAMs
have well performance at high collinearity (Dormann et al., 2013),
since the majority of SDMs are vulnerable to collinearity, at higher
catchment orders a subset of that at WSO1 was used satisfying the
condition of pairwise correlations< |0.70|. Furthermore, keeping
highly correlated predictors in the model would limit both, interpret-
ability of the results and drawing inferences on the performance effects
of the individual factors.

Within the predictor selection process, the one of two highly cor-
related predictors was used having higher information value (Fig. 2).
For instance, within the “lca” predictor set at WSO5, annual mean
temperature and annual mean precipitation could not be both used in
the modelling due to correlation> |0.7|, wherefore only annual mean
temperature was left in the predictor set owing to its higher information
value (Fig. 2). As a result, at WSO5 of the six “lca” environmental
factors used at WSO1, only four were applicable (annual mean tem-
perature, population and percentage of area covered by forest and ar-
tificial surface).

The number of statistically significant model predictors is shown to
vary across species and catchment orders (Table 3). Regardless of the
species studied, the mean number of required parameters decreased
with catchment order increase. At the WSO1, the mean number of
statistically significant predictors from the 10 independent model runs
per species is between 4 and 5, whereas for describing fish distribution
patterns across WSO5, only 1–3 predictors were required (Table 3).
Overall, species distribution models calibrated with the locally esti-
mated predictors required the least number of predictors compared to
those calibrated using cumulative upstream area related effects (“uca”
and “comb”). The average of the validation AUCs across all repetition
models of species distribution patterns was above 0.85 for all combi-
nations of catchment order and predictor sets, indicating highly accu-
rate models (Table 4, Fig. 3). The results above were confirmed by the

mean sensitivity and mean specificity, which both were above 80% for
the majority of the models resulting in mean TSS of 0.58. When looking
at the model performance per individual species, differences in the
validation AUCs between the models calibrated using the three dif-
ferent predictor data sets (“lca”, “uca” and “comb”) were up to 0.09, but
statistically significant only for B. barbus (WSO2 to WSO5), C. gobio and
S. trutta (WSO2 to WSO3) in favour of the “uca” predictor set and for A.
alburnus and B. barbatula (WSO1 to WSO3) in favour of the “lca” set
(Table 3). For other species/WSOs, consideration of the upstream area
effects (i.e. “uca” and “comb” predictor set) did not contribute to a
statistically significant improvement of the model performance when
compared to the models using “lca” predictor set. Overall, when coar-
sening the grain size (i.e. increasing catchment order), both a slight
model degradation and a slight model improvement was observed
(Fig. 3) accompanied by an increase in the standard deviation of the
validation AUCs.

3.3. Predictor importance per species and catchment order

Predictor importance patterns varied across species and catchment
orders (Figs. 4, 5, Fig. A4-A5, Table A1). Overall, irrespective of the
type of consideration of the factor influence, that is, irrespective of
whether local, cumulative upstream or the combined factor influence
was considered, climatic factors are shown to be the main drivers of the
distribution patterns of the fish species at all catchment orders (Fig. 4).
Also, the relative importance of annual mean temperature generally
increased with catchment order (Fig. 4). The relative importance of the
annual mean temperature was highest for S. trutta (97.2%, “lca”, WSO4,
Table A1). For B. barbatula, C. gobio, G. obtusirostris and the widely
distributed S. trutta the mean relative importance of the locally derived
annual mean precipitation was higher than that of the annual mean
temperature for the first three catchment orders (Fig. A4, Table A1).
With regard to the land cover and anthropogenic factors, up to WSO2,
the relative importance of their local effects was below 20%, except for
the row crops (Table A1). We remark that the factor row crops could

Fig. 3. Mean validation AUCs (a–c) and the mean number of statistically significant predictors (d–f) of species distribution patterns across the studied spatial scales
(WSO1 to WSO5) for the “lca”, “uca” and the “comb” predictor data sets. The averaging was done across corresponding model output statistics from 10 model
repetitions per species. Each line corresponds to a single species, with the shaded area denoting the standard error of the estimates.
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only be used up to WSO2 to avoid multicollinearity. With the catchment
order increase, both, a decrease and an increase in relative importance
of the land cover and anthropogenic factors were observed (Fig. A5).

The relative importance of the upstream and the combined effects
were considered only for those species and catchment orders where
their use resulted in the statistically significant improvement of the
SDMs, compared to the SDMs based on local influences. In particular,
we remind that for B. barbus the upstream area consideration of the
environmental predictors resulted in statistically significant improve-
ment of the SDMs for all catchment orders (for C. gobio and S. trutta for
WSO2-WSO3), while for G. obtusirostris, only for the 5th order catch-
ments there was a statistically significant improvement in the models
performance when using the combined local and upstream area influ-
ences. For B. barbus, the upstream related anthropogenic and land use
related influences had higher relative importance than the climatic ef-
fects up to WSO4 (Fig. A4b, A5, Table A1). C. gobio and S. trutta dis-
tributions across the 2nd order catchments were strongly influenced by
the upstream related area under row crops is (the mean relative im-
portance was 43.3% for C. gobio and 30.3% for S. trutta). G. obtusirostris
distributions across the 5th order catchments were mainly influenced by
the locally related climatic effects (the mean relative importance of the
annual mean temperature was 57.7%).

4. Discussion

The species distribution models of all included fish species were
highly accurate across the studied spatial scales, independently of
whether or not the cumulative upstream effects were considered. The

negligible performance differences across the scales and model setups,
affirm the selection of the environmental factors used for explaining
fish distribution patterns and the chosen applied statistical metho-
dology GAM.

The upstream catchment related percentage of area covered by row
crops and artificial surface, as well as the number of inhabitants per
area, tend to be better predictors of fish distribution patterns than the
corresponding local catchment effects. These findings correspond to
results from previous studies, which highlighted the essential influence
of the surrounding landscape on the in-stream ecosystem structure and
function (Fausch et al., 2002; Linke et al., 2008). With high nitrate flux
positively influencing aquatic plant cover as well as water quality and
thus negatively fish species richness, the surrounding area covered by
row crops is essentially connected to fish distribution patterns (Strayer
et al., 2003). The Danube River Basin has already experienced sig-
nificant changes in water quality including chemical alterations due to
nitrate and other nutrient pollutants from agriculture and various land
use factors (Chapman et al., 2016), which are known to favour algal
blooms. Further decreases of oxygen concentrations resulting from
water quality degradation are expected, which can drastically influence
fish species and their ability to cope with warming (Chapman et al.,
2016; Verberk et al., 2016). Especially gravel-spawning riverine fish
species are affected by intensely used cropland. Specifically, intensely
used croplands provide a continuous source of fine sediments and sil-
tation of coarse substrates, which is followed by the decline of gravel-
spawning riverine fish species (Soulsby et al., 2001; Lapointe et al.,
2004; Greig et al., 2005; Jensen et al., 2009). In contrast to the above
discussed land use related factors, the climatic factors are shown to

Fig. 4. Mean relative predictor importance resulting from the multivariate SDMs of all studied fish species for the studied scales (WSO1-WSO5) based (a) solely on
local catchment influences, (b) solely on upstream catchment influences, and (c) on the combination of local- and upstream catchment influences. Error bars
represent one standard deviation of the estimates.
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display higher information value when calculated for the local catch-
ment areas, rather than for the entire upstream catchments. As such,
our finding supports the selection of local climatic conditions in fish
species distribution models across all studied scales (see also Kärcher
et al., 2019). The observation of climatic factors dominating non-cli-
matic factors for the local approach could also be made for all studied
species. The interactions between the environmental factors manifested
low information value; however, this might be only a reflection of the
studied species-drivers relationships that do not constitute any proof of
the negligible impact of the cross scale interactions. Overall, our results
suggest the consideration of scale-dependence components when
studying species-environment relationships and thus factor and species
dependent selection between local and upstream area effects, paired with
appropriate monitoring of effects and management of mitigation ac-
tivities tailored to ensure species’ long-term persistence.

The decrease in the number of environmental factors used by the
multivariate models with increasing catchment order is generally a
consequence of the decrease in the environmental information granu-
larity, manifested through a reduction in the environmental variability
(Austin, 2007). For instance, the mean area size at WSO5 (2148 km2) is
almost 180 times larger than the mean area size at WSO1 (12 km2);
thus, the multitude of environmental conditions that exist when con-
sidering drivers at the WSO1 scale is significantly “flattened” at the
WSO5 scale. We underline that the number and combination of pre-
dictors was species- and catchment-order specific, implying that the use
of arbitrary parameter sets for the calibration of SDMs is inappropriate
and should be replaced by a well-founded parameter selection metho-
dology. Specifically, similarly to our past study (Kärcher et al., 2019),
our results indicate that for B. barbus the relative importance of

anthropogenic pressure – manifested by either population density or
percentage of area covered by artificial surface and row crops – is
higher than the importance of the climatic factors. Damming, river
regulation and fine sediment input are known to influence B. barbus
(Kottelat and Freyhof, 2007). Thus, the results obtained from the SDMs
suit well to the ecological classification of this species. Compared to S.
trutta, which has similar environmental requirements, B. Barbus seems
also more susceptible to the effects of land-use on water quality and
spawning habitat. With barbel preferably colonizing lower elevated
river reaches, this identified difference may simply result from higher
cumulative anthropogenic pressure at such lower elevated reaches. The
influence of anthropogenic pressure is additionally outlined by the
ability of cumulative upstream area effects, in particular the influence
of row crops, to describe the distribution of trout and gudgeons of the
genus Gobio, all preferring cold and clean water, better than the locally
derived effects.

Besides those limitations that we discussed in Kärcher et al. (2019),
the present modelling framework has a number of aspects that can be
addressed in future research. One of the key aspects is the consideration
of hydrological connectivity among catchments assuming non-dis-
turbed flow. As dams can separate sites form their upstream catch-
ments, the inclusion of this complex disturbance factor can alter the
impact that upstream factors have on local fish distributions. Conse-
quently, the conclusions resulting from the upstream area approach
should be viewed in the context of the difficulty to quantify accurate
dam influences. Also, for large transboundary catchments such as the
Danube River catchment, the non-uniform level of available species
data needs to be addressed. The latter includes spatial autocorrelation
effects as well as non-availability of species data for large catchment

Fig. 5. Relative predictor importance in describing distribution patterns of B. barbus (a), G. obtusirostris (b) and S. trutta (c) across the studied scales (WSO1-WSO5)
using predictors describing local catchment influences. Error bars represent one standard deviation of the estimates.
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parts. Moreover, including point and non-point pollution sources has
also the potential to refine our results. However, with regard to the
good performance of the calibrated models and the species-specific
outcomes we argue that the key outcomes would not substantially
change even if we would have had better input data, or have included
additional parameters to our models. Specifically, given the overall
good performance of our SDMs, adding new parameters to our models
would rather result in an overfitting than in a meaningful improvement
in the model accuracy.

5. Conclusion

Negligible effects of the choice between local vs. upstream area
effects means, that a significant portion of freshwater fish patterns can
be explained by local, reach scale environmental factors. This finding
implicates that especially for improving fish assemblages, river re-
habilitation measures at the spatial scale of sites and reaches are highly
relevant. However, we highlight the importance of using upstream ef-
fects for population and land cover related predictors when addressing
species sensitive to pollution such as B. barbus and consequently taking
into account the different scale components for investigating species-
environment relationships. In particular, our results imply both catch-
ment order dependent and species-dependent model complexity and im-
portance of environmental drivers, which underlines the importance of
compatibility between the scale of factor importance and the species
conservation management scale.
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