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Abstract. Starting in 2010, rapid-fire salamander (Salamandra salamandra) population
declines in northwestern Europe heralded the emergence of Batrachochytrium salamandrivorans
(Bsal), a salamander-pathogenic chytrid fungus. Bsal poses an imminent threat to global sala-
mander diversity owing to its wide host range, high pathogenicity, and long-term persistence in
ecosystems. While there is a pressing need to develop further research and conservation
actions, data limitations inherent to recent pathogen emergence obscure necessary insights into
Bsal disease ecology. Here, we use a hierarchical modeling framework to describe Bsal land-
scape epidemiology of outbreak sites in light of these methodological challenges. Using model
selection and machine learning, we find that Bsal presence is associated with humid and rela-
tively cool, stable climates. Outbreaks are generally located in areas characterized by low land-
scape heterogeneity and low steepness of slope. We further find an association between Bsal
presence and high trail density, suggesting that human-mediated spread may increase risk for
spillover between populations. We then use distribution modeling to show that favorable condi-
tions occur in lowlands influenced by the North Sea, where increased survey effort is needed to
determine how Bsal impacts local newt populations, but also in hill- and mountain ranges in
northeastern France and the lower half of Germany. Finally, connectivity analyses suggest that
these hill- and mountain ranges may act as stepping stones for further spread southward. Our
results provide initial insight into regional environmental conditions underlying Bsal epi-
zootics, present updated invasibility predictions for northwestern Europe, and lead us to dis-
cuss a wide variety of potential survey and research actions needed to advance future
conservation and mitigation efforts.
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INTRODUCTION

Amphibian diversity worldwide is under threat by
environmental change. Among the main stressors that
fuel this crisis are habitat loss, invasive species, chemical
pollution, and disease, which either act alone or in syn-
ergy as drivers of decline and local extinction (Stuart

et al. 2004, Wake and Vredenburg 2008, Blaustein et al.
2011). The role of disease in this crisis is significant, not
in the least because globalization facilitates pathogens to
emerge beyond their native ranges (Martel et al. 2014,
O’Hanlon et al. 2018). Emblematic for such spread is
the panzootic chytridiomycosis. This fungal disease,
caused by Batrachochytrium dendrobatidis (Bd) and B.
salamandrivorans (Bsal), has contributed to declines
among hundreds of amphibian species following
repeated human-mediated spillover from East Asian
source populations (O’Hanlon et al. 2018, Byrne et al.
2019, Scheele et al. 2019).
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Thus far, chytridiomycosis-driven amphibian declines
are largely attributable to Bd, as Bsal was only discov-
ered recently following the acute collapse of salamander
populations in the Netherlands (Martel et al. 2013,
Spitzen-van der Sluijs et al. 2013). Additional Bsal-
driven declines were soon reported from adjacent Bel-
gium, and more recently from western and southwestern
Germany (Spitzen-van der Sluijs et al. 2016, L€otters
et al. 2020). Beyond northwestern Europe, Bsal was
introduced together with invasive host species in Catalo-
nia, Spain, where it affects local newt populations (Mar-
tel et al. 2020). Mitigating Bsal effects on amphibian
populations remains challenging as this pathogen pro-
duces encysted fungal spores that facilitate environmen-
tal (i.e., free-living) persistence, and benefits from
tolerant reservoir hosts (Stegen et al. 2017, Thomas
et al. 2019, Bozzuto et al. 2020). As a result, Bsal cur-
rently contributes to declines in an increasing number of
hosts, and at an increasing number of sites, within its
invasive European range (Spitzen-van der Sluijs et al.
2016, Dalbeck et al. 2018, Wagner et al. 2019b, L€otters
et al. 2020, Martel et al. 2020). Infection may instigate
rapid local mass mortality events as presently witnessed
in fire salamander (Salamandra salamandra) populations
(Stegen et al. 2017, Schulz et al. 2018, 2020, Wagner
et al. 2019b, L€otters et al. 2020). Strong concern exists
about the potentially far-reaching impact of Bsal on glo-
bal salamander and newt diversity, owing to its high
pathogenicity to numerous European and American spe-
cies (Martel et al. 2014, Carter et al. 2020).
There is a pressing need to improve our understanding

of Bsal disease ecology to develop mitigation strategies,
direct further research, and prioritize conservation (Tho-
mas et al. 2019, L€otters et al. 2020, Martel et al. 2020,
Beukema et al. 2021). Species distribution models are a
valuable tool to achieve this aim, given their ability to
assess pathogen occurrence relative to different environ-
mental factors, and subsequently identify areas suscepti-
ble to colonization or spread (Jim�enez-Valverde et al.
2011). Various Bsal spatial early-risk assessments have
indeed made use of this technique (Yap et al. 2015, Feld-
meier et al. 2016, Beukema et al. 2018, EFSA Panel on
Animal Health and Welfare et al. 2018, Katz and Zell-
mer 2018). Yet, uncertainty remains around the environ-
mental conditions conducive to Bsal epizootics, and
regional landscape suitability (hereafter “invasibility”) to
this pathogen, due to various outstanding issues. First,
while diagnostic standards exist to determine whether a
host is infected with Bsal (Thomas et al. 2018), host sam-
pling is generally performed opportunistically by differ-
ent stakeholders across different habitats as surveillance
priorities following Bsal discovery focused on mapping
its invasive range (e.g., Spitzen-van der Sluijs et al. 2016,
L€otters et al. 2020). Bsal presence or absence at a site is
therefore subject to observer effects, and confounded
with occurrence and detection of a range of host species,
which affects disentangling relationships between patho-
gen presence and the environment (Lahoz-Monfort et al.

2014; see also Discussion). Second, as the observed dis-
tribution of Bsal in Europe is growing but remains
locally clustered, use of distribution models is subject to
methodological challenges inherent to recent pathogen
emergence (or species invasion) such as spatial autocor-
relation and environmental non-equilibrium (e.g., Elith
et al. 2010, V�aclav�ık and Meentemeyer 2012). Failure to
account for these processes may affect model predictions
and thereby misdirect conservation efforts (Guillera-
Arroita et al. 2015, Feldmeier et al. 2019).
Here, we build on a decade of opportunistically col-

lected presence–absence data to describe Bsal landscape
epidemiology of outbreak sites. We do so in light of the
methodological issues that we have described, using a
hierarchical modeling framework (Fig. 1) consisting of
evaluating parameter importance, distribution modeling,
and connectivity modeling. Our results provide initial
insight into regional environmental conditions underly-
ing Bsal epizootics, present updated invasibility predic-
tions for northwestern Europe, and lead us to discuss a
wide variety of potential survey and research actions
needed to advance future conservation and mitigation
efforts.

METHODS

Study area and Bsal presence–absence data

The northwest European Bsal outbreak area is cen-
tered on the border between the Netherlands, Belgium,
France, Luxembourg, and Germany (Fig. 1a). This
region is characterized by a temperate oceanic climate,
while continental and Mediterranean conditions pre-
dominate toward the east and south. As distribution
model predictive uncertainty increases under climates in
which Bsal has not been recorded (Beukema et al. 2018)
we restricted our study area to 53.95–47.81 N to 1.48–
9.95 E.
We assembled a Bsal presence–absence data set by

first amalgamating 279 records obtained through sala-
mander and newt surveys conducted between January
2010 and May 2020 (Fig. 1a, Appendix S1: Table S1).
Of these, 149 records originate from published work
(Spitzen-van der Sluijs et al. 2013, 2016, Dalbeck et al.
2018, L€otters et al. 2018, Schulz et al. 2018, Wagner
et al. 2019a, b, Canessa et al. 2020), while the remaining
130 were collected during recent surveys. Recent survey
sites were randomly chosen based on known presence of
host species, and in Wallonia stratified per province.
During each survey, newts and salamanders were oppor-
tunistically located during the day by lifting cover
objects on land such as rocks or logs, by dip netting
water bodies, or by active searching on land with flash
lights at night near aquatic breeding habitats. Most sites
were visited once for an unrecorded period of time, by
different observers. Using cotton swabs, encountered
amphibians were sampled for subsequent real-time PCR
analyses (Blooi et al. 2013).
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The data set was then revised following diagnostic
standards set by Thomas et al. (2018) to reduce the risk
of false positives, including histological verification and/
or cross-confirmation of positive samples to minimize
qPCR detection error. Confirmation of infection is miss-
ing from potential outbreak sites near Duffel (Belgium)
and Berg en Dal (the Netherlands), which we therefore
removed, along with records of Bsal in palmate newts,
for which Bsal infection has not been confidently diag-
nosed (Martel et al. 2014). Records lacking accurate
coordinates were furthermore removed from the data
set, after which sites falling within 1 km of each other
were merged under a single record. We finally retained
47 Bsal presence sites, inhabited by fire salamanders,
alpine newts (Ichthyosaura alpestris), smooth newts (Lis-
sotriton vulgaris), great crested newts (Triturus cristatus),
or multiple species (Appendix S1: Table S1).
Establishing Bsal absence in a given area is highly

challenging because its prevalence may remain excep-
tionally low, especially in newt populations (Spitzen-van
der Sluijs et al. 2016, 2020, Dalbeck et al. 2018). For this
reason, fire salamanders were used as a sentinel species
to determine disease absence, as this species is highly

susceptible to Bsal, and consistently show high pathogen
prevalence during epizootic outbreaks (Spitzen-van der
Sluijs et al. 2016, 2020, Dalbeck et al. 2018). Firstly, we
therefore removed all sites at which Bsal absence was
indicated based on newts only, or at which only anurans
were sampled. Second, Bsal causes mass mortality in fire
salamanders, with an estimated 90% population decline
within six months (Stegen et al. 2017). The nondetection
of mortality in these conspicuous salamanders during
population monitoring efforts was therefore used as an
additional criterion in determining Bsal absence. Third,
numerous reported absence localities throughout our
study area are based on a limited subset of sampled fire
salamanders. We therefore took a conservative approach
by only including absence localities when the pathogen
was not encountered in a sample of at least 15 individu-
als. On the basis of these combined criteria, we excluded
155 Bsal absence localities reported throughout our
study area (Appendix S1: Table S1). The final data set
included 57 absences. We consider these as representative
absence sites at which Bsal has not caused disease out-
breaks and mortality within the study period (but see
Discussion).

FIG. 1. To characterize landscape epidemiology of Batrachochytrium salamandrivorans (Bsal) in northwestern Europe, we com-
bine (a) survey data with (b) landscape factors to characterize the environment occupied by this pathogen at the regional scale. We
then estimate landscape suitability (invasibility) to Bsal and identify potential pathways for further spread. (c) Overview of our
methodological pipeline. Moselle River valley photo copyright Bas Meelker/Alamy Stock Photo.
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Landscape parameters

To assemble, generate, and crop environmental
parameters we used ArcGIS 10.1 (specifically SDMTool-
box 1.1c; Brown 2014) and the packages ncdf4, raster,
and vegan in R v. 3.5.3 (R Core Team 2019). We initially
assembled a data set of 20 parameters covering patterns
in landscape structure, anthropogenic influence, climate
factors and host occurrence (see Appendix S1: Table S2
for a metadata overview). Collinearity between these
was assessed in R by first log10-transforming parameters
with particularly large values, followed by visual inspec-
tion of pairwise scatterplots and calculation of Pearson
correlation coefficients (r). Four parameters were omit-
ted due to high collinearity (r > 0.75 or r < �0.75, see
Appendix S1: Table S3), resulting in a final data set of
16 predictors summarized in Table 1 and in the follow-
ing paragraphs.
Climate data were obtained from the TerraClimate

database (Abatzoglou et al. 2018), which is updated
yearly and therefore gives access to data of which tempo-
ral coverage matches with Bsal emergence in our study
area (see also Feldmeier et al. 2019). Parameters retained
after collinearity was assessed were maximum tempera-
ture, soil moisture, and Palmer Drought Severity Index
(PDSI). To express information on climate extremes and
variability additional to that on mean monthly values,
we generated standard deviation maps for each

parameter. This approach limits collinearity compared
to use of for instance quartiles or absolute extremes, as
variability measures are less correlated with means (Zim-
mermann et al. 2009).
Variation in landscape structure and diversity was rep-

resented by four parameters. We derived altitude and
slope parameters from a SRTM4.0 Digital Elevation
Model, using raster::terrain in R to determine the latter.
Landscape diversity was added through a parameter
describing the Shannon diversity index, which we pro-
duced by applying the vegan::diversity function in R to a
moving window with a 5 km radius onto the CORINE
Land Cover (CLC) 2018 v.20 data set. The CLC is the
primary spatial data source on land for the European
Economic Area, which is widely used for indicator devel-
opment, environmental modeling and land use change
analyses (B€uttner and Kosztra 2017). Finally, as several
Bsal outbreak areas are located close to major water-
ways including the Meuse, Moselle and the Ruhr, we
added a water way density parameter generated with
OpenStreetMap data obtained from Geofabrik, using
the line density tool in ArcGIS10.1 while accounting for
distance decay effect (data available online).9

Host occurrence was included in the form of a rich-
ness map consisting of distribution records for S. sala-
mandra, I. alpestris, L. vulgaris, and T. cristatus.

TABLE 1. Landscape parameters used as predictors of Batrachochytrium salamandrivorans (Bsal) occurrence, including units,
range, and source.

Environmental parameter Range, unit Source

Landscape structure
Altitude 0–1,469 m http://srtm.csi.cgiar.org/srtmdata/
Slope 0.08–6.62° Derived from Altitude
Land cover diversity (Shannon Index, H) 0.90–2.00 Derived from https://land.copernicus.eu/pan-

european/corine-land-cover/clc2018 data
Waterway density 0–353 features/cell Derived from https://www.geofabrik.de/data

Anthropogenic influence
Population density, mean 0–23 people/cell https://www.worldpop.org/
Major road density 0–465 features/cell Derived from https://www.geofabrik.de/data
Minor road density 0–838 features/cell Derived from https://www.geofabrik.de/data
Trail density 31–2168 features/cell Derived from https://www.geofabrik.de/data
Predicted recreational visits 0–147,314 visits https://doi.org/10.1016/j.jnc.2016.03.001

Climate factors
Maximum temperature, mean 11.69–15.57°C https://doi.org/10.1038/sdata.2017.191
Maximum temperature, SD 6.27–7.01°C Derived from main parameter
Soil moisture, mean 37.91–58.80 bar* https://doi.org/10.1038/sdata.2017.191
Soil moisture, SD 16.98–27.25 bar Derived from main parameter
Palmer Drought Severity Index (PDSI), mean �1.68–0.35 https://doi.org/10.1038/sdata.2017.191
Palmer Drought Severity Index (PDSI), SD 1.88–2.31 Derived from main parameter

Host occurrence
Host species richness 1–4 species Derived from species-specific data from www.gbif.org;

www.feldherpetologie.de/atlas; www.waarneminge
n.be; www.observations.be; www.amphibiens-champa
gne-ardenne.com

Note: Appendix S1: Table S2 presents a metadata overview. *1 bar � 100,000 Pa (pascal).

9 https://www.geofabrik.de/
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Because amphibian distribution data at the European
level are only available as IUCN expert-drawn maps or
50 9 50 km2 atlas data, we amalgamated salamander
distribution maps from a variety of higher resolution
sources (see Appendix S1 for a detailed description).
As globalization increasingly drives pathogen spread

and colonization (O’Hanlon et al. 2018, Byrne et al.
2019), our last group of parameters included in the final
data set describes patterns in human population density,
road density, and recreation pressure. Population density
was included through results from a 2018 census
obtained through WorldPop (data available online).10

Major road, minor road, and trail density were gener-
ated as described for the waterway parameter, again
based on OpenStreetMap data. Trail density includes
footpaths, bridleways, and byways in natural areas and
thereby serves as a proxy of outdoor recreation accessi-
bility (Sch€agner et al. 2016). Furthermore, we included a
parameter displaying predicted number of recreational
visits per hectare, recently generated by Sch€agner et al.
(2016).

Parameter importance and model building

We used two approaches to evaluate landscape param-
eter importance and to fit invasive species distribution
models (iSDMs); model selection using Generalized Lin-
ear Modeling (GLM), and machine learning, by means
of Random Forest analysis. Both these methods perform
well under small sample sizes when care is taken to avoid
overfitting (Guillera-Arroita et al. 2014, Mi et al. 2017).
As GLM presents a statistical approach and Random
Forest uses machine learning, we were interested in
whether and how relative covariate importance would
differ between these approaches provided the data limi-
tations inherent to our study system.
First, we evaluated GLM parameter importance

within a selected subset of “best-scoring” models
through multimodel inference, based on Akaike’s Infor-
mation Criterion corrected for small data sets (AICc).
The glmulti::glmulti function in R (Calcagno and de
Mazancourt 2010) was used to identify the lowest scor-
ing models among all possible combinations of parame-
ters. Logit link functions were consistently used to
accommodate our binomial presence–absence data. No
random effects were included. To account for model
selection uncertainty, we selected all models that showed
an AICc score ≤ 2 from the most parsimonious model
(Grueber et al. 2011). To evaluate and account for
potential lack of independence between closely located
sites (also see section on iSDM cross-validation), we
assessed the residuals of all selected models by means of
a Moran’s I test using the spdep::moran.test function,
but found no significant effects and thus applied no fur-
ther corrections. The selected models were then averaged
using the MuMIn::model.avg function in R to obtain

final GLM estimates and associated sum of weights of
included parameters (Burnham and Anderson 2002).
Given the lack of data yet available on Bsal ecology (see
Discussion), we refrained from forming and testing expli-
cit ecological hypotheses. As such, we did not base the
relative importance of parameters on estimates of P val-
ues in relation to null hypotheses, but used the model-
averaged weights as a central measure that is less vulner-
able to overfitting and spurious effects in exploring envi-
ronmental drivers (Johnson and Omland 2004, Grueber
et al. 2011).
Second, we evaluated parameter importance through

Random Forest (Breiman 2001) based on the Mean
Decrease in Gini index, which indicates how often a
parameter is chosen to split nodes in a classification tree.
To this aim, we grew a forest of 500 classification trees in
R using randomForest::randomForest by drawing a dif-
ferent four-parameter bootstrap sample (a root node)
for each tree from our data set. Samples were drawn by
randomly selecting n cases with replacement, where n is
the total number of presence–absence data points. This
data subdivision approach accounts for potential lack of
independence among our occurrence sites. About one-
third of the samples drawn for every tree were set aside
to obtain an estimate of classification error. At each
node, a randomly chosen subset of parameters was used
to find the best split, which minimizes overfitting. Each
tree was grown to the largest extent possible, after which
a classification was obtained by putting the samples that
were set aside down the tree. Mean decrease in Gini was
then determined as the average of a parameter’s total
decrease in node impurity, weighted by the proportion
of samples reaching that node in each individual tree.
Higher mean decrease in Gini indicates higher variable
importance.
The subset of parameters obtained through the aver-

aged GLM models, and the full parameter data set used
for Random Forest, were subsequently combined with
Bsal presence–absence data in biomod2 (Thuiller et al.
2016) to fit GLM and Random Forest iSDMs, respec-
tively. We matched model settings to those used in previ-
ous model selection steps using biomod2::
BIOMOD_ModelingOptions. This step does, however,
not allow predefining GLM parameter coefficients.
When building iSDMs, one is frequently faced with
issues related to data availability, spatial autocorrelation,
environmental non-equilibrium, use of absence data,
and model extrapolation (e.g., Dullinger et al. 2009,
V�aclav�ık and Meentemeyer 2009, 2012, Elith et al. 2010,
Jim�enez-Valverde et al. 2011, Guillera-Arroita et al.
2015, Uden et al. 2015, Feldmeier et al. 2019). Indeed,
while we did not detect a significant lack of indepen-
dence in model residuals by means of Moran’s, spatial
autocorrelation between occurrence records may still
exist and influence iSDM predictions. To account for
these challenges, we calibrated and evaluated our models
using buffered (spatial) leave-one-out cross-validation
(Le Rest et al. 2014, Roberts et al. 2017). Please refer to10 https://www.worldpop.org/
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the Discussion for an overview of our rationale to incor-
porate absence data, but not native Bsal occurrences.
Cross-validation folds were created by iteratively setting
a single randomly selected presence–absence combina-
tion aside for testing, until no further unique combina-
tions could be made. The number of folds thereby equals
the lowest number of available presence or absence
records. Training records that fell within the range of
spatial autocorrelation (0.6 decimal degrees), determined
using ecospat::ecospat.mantel.correlogram in R, were
then removed from the testing records. Because biomod2
cannot handle cross-validation folds of unequal length,
we performed a separate run for each fold. The final
invasibility ensemble was generated by weighting each
submodel proportionally to its True Skill Statistic (TSS)
score (Thuiller et al. 2016). TSS is calculated as model
sensitivity + specificity – 1, and thereby ranges between
�1 to 1 with 0 indicating that the model is no different
than random (Allouche et al. 2006). Only models that
scored a TSS of >0.7 were considered. Given that our
focus was on obtaining an estimate of landscape invasi-
bility we did not perform any post-processing of our
invasibility estimates, such as incorporating dispersal
restrictions.

Connectivity analyses

The invasibility ensemble was finally used as conduc-
tance surface in Circuitscape (McRae et al. 2013) to
identify potential pathways suitable for further Bsal
spread. Circuitscape uses electronic circuit theory to pre-
dict patterns of movement, gene flow, or genetic differ-
entiation among populations under the assumption of
random landscape exploration. This approach accom-
modates uncertainty on how Bsal spreads (e.g., Spitzen-
van der Sluijs et al. 2018), which is more suitable in our
case compared to for instance least-cost path analysis.
Circuitscape v. 4.0.5 was implemented through a dedi-

cated ArcGIS 10.1 toolbox (available online).11 As the
areas north of most Bsal outbreak sites are highly invasi-
ble (see Results) we focused on potential for southward
spread. To this aim, we first calculated pairwise connec-
tivity between the 47 currently known Bsal outbreak
sites, using the invasibility ensemble obtained through
distribution modeling as conductance surface. The
resulting current maps revealed existence of two highly
connected outbreak areas, consisting of the North Eifel
and the Ruhr-District with adjacent M€unsterland Low-
land Bay (Appendix S1: Fig. S1). As recent surveys
revealed that Bsal outbreaks in these areas are ongoing
(e.g., Wagner et al. 2019b), we then set the North Eifel
and the Ruhr-District as focal areas, from which suitabil-
ity for further spread was determined by calculating
pairwise connectivity to seven moderately to highly inva-
sible regions in France and Germany. From west to east,
these comprise the Paris and Lille metropolitan areas,

hills and mountain ranges of the former Champagne-
Ardennes (now part of Grand Est), the Hunsr€uck, the
Vosges, the Palatinate Forest and the northern Black
Forest (Fig. 3a). Finally, we also assessed pairwise con-
nectivity among all areas to determine if suitable path-
ways for spread exist between these.

RESULTS

Parameter importance

The environmental factors showing the highest contri-
bution to the distribution of Bsal were broadly similar
between model-averaged GLM estimates and Random
Forest analysis, albeit with differences in their relative
importance (Fig. 2). A detailed overview of GLM model
selection results and model-averaged regression coeffi-
cients can be found in Table S4 in Appendix S1. Both
GLM and Random Forest analysis attributed a high
importance to climatic factors describing variability in
water availability (soil moisture SD and PDSI SD) as
well as mean maximum temperature and mean PDSI,
while mean soil moisture was attributed a relatively
lower weight. All of these parameters were indicated to
have a negative effect on Bsal presence. Land cover
diversity was also an important factor in both analyses,
and equally showed a negative correlation. Trail density
and slope were highly important based on GLM esti-
mates and were included in all selected models, showing
a positive effect on Bsal presence in the case of trail den-
sity and negative effect for slope. Yet, both of these
parameters were somewhat less important in Random
Forest estimates in comparison to climatic factors. With
the exception of altitude, the eight parameters discussed
above explained most of Bsal presence–absence in both
GLM and Random Forest analysis. The remaining
explanatory parameters all received the lowest support
between the two utilized methods.

Distribution models

Buffered leave-one-out cross-validation resulted in
TSS model evaluation scores of 0, 0.5, or 1.0, indicating
failure to identify both test sites as actual positives and
negatives, presence of a single correctly identified test
site, or correct identification of both test sites, respec-
tively. Average model scores for GLM (TSS 0.77 � 0.40)
and Random Forest (TSS 0.79 � 0.40) indicated good
overall discrimination ability.
GLM predictions estimated high invasibility (relative

likelihood of Bsal presence) around outbreak sites in the
Ardennes-Eifel and wider Ruhr region, and across the
German and Dutch lowlands influenced by the North
Sea (Fig. 3). Urban centers throughout our study area
receive moderate to high scores, as do most hilly or
mountainous regions in German Saarland, Hesse, and
particularly in Rhineland-Palatinate and Baden-
W€urttemberg. Invasibility decreases toward the11 http://www.circuitscape.org
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southwest into France, but remains locally high in the
Paris and Lille metropolitan areas and hills and moun-
tains across the Grand-Est administrative region. Ran-
dom Forest predictions largely followed this pattern,
showing high invasibility along the German Hunsr€uck,
Palatine Forest, Black Forest and adjacent hill ranges,
and the Vosges. The final ensemble emphasized that low
invasibility predominates toward the southwest, while
urban centers, the north, and hill and mountain ranges
in our study area show moderate to high relative likeli-
hood for Bsal presence.

Connectivity

Pairwise connectivity calculations based on Bsal pres-
ence sites revealed the existence of two outbreak clusters,
centered on the North Eifel (Eifel National Park) and
the Ruhr-District, both located in North Rhine-
Westphalia, Germany (Appendix S1: Fig. S1). Pairwise
connectivity calculated between these clusters and the
seven moderate to highly invasible focal areas in France
and Germany located further southward showed high
current flows through the Ardennes toward France, and
through Rhineland-Palatinate toward the Hunsr€uck
(Fig. 4a). Moderate current flows furthermore con-
nected the Ruhr-District to the Palatinate Forest, and
both outbreak clusters with the Lille metropolitan area.
When calculating pairwise connectivity between all areas

additional moderate current flows were identified
between most neighboring areas (Fig. 4b). Small, mod-
erately invasible areas located between focal areas sup-
port these connections.

DISCUSSION

We here show that the observed distribution of Batra-
chochytrium salamandrivorans (Bsal) in northwestern
Europe is associated with relatively cool, stable climates.
Outbreaks are generally located in areas characterized
by low landscape heterogeneity and low steepness of
slope, and interspersed by a high density of trails. Within
our study area, we found that suitable conditions occur
in lowlands influenced by the North Sea, but also in hill
and mountain ranges in northeastern France and the
lower half of Germany. Connectivity analyses finally
reveal that these higher altitudes may act as stepping
stones for southward expansion.
Not unexpectedly, we found that Bsal presence, like

that of Batrachochytrium dendrobatidis (Bd), is strongly
associated with environmental parameters pertaining to
moisture availability (e.g., Lips et al. 2003, Puschendorf
et al. 2009, Murray et al. 2011). The recovered higher
presence probability in areas characterized by relatively
cool, stable climates may in turn relate to the compara-
tively low thermal optimum (�15°C) of the Bsal type
strain (Martel et al. 2013, Beukema et al. 2021). In our

FIG. 2. Relative importance of landscape parameters in explaining the distribution of Batrachochytrium salamandrivorans (Bsal)
in northwestern Europe. Parameter importance was obtained using two different approaches: GLM model selection and Random
Forest machine learning, and is expressed through the sum of AICc weights across selected GLM models and mean decrease in
Gini, respectively. The latter indicates how often the parameter is chosen to split nodes in a Random Forest classification tree.
Table S4 in Appendix S1 presents an overview of GLMmodel selection results and associated regression coefficients.
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area, such climate conditions occur in hill and mountain
ranges, where Bsal has repeatedly emerged, but also in
the oceanic-influenced Dutch and German lowlands
from which outbreaks are rarely reported (but see, e.g.,
Canessa et al. 2020). Bsal occurrence across this lowland
region, from which fire salamanders are absent, may,
however, be underestimated due to its low prevalence
and therefore low detectability in newt populations (Dal-
beck et al. 2018, L€otters et al. 2020). Our results hence
underline the need for increased monitoring and
research efforts to determine how Bsal impacts lowland
newts, as well as their role as potential disease reservoirs
(Stegen et al. 2017, Schulz et al. 2020).
High invasibility also characterizes most hill and

mountain ranges in our study area, especially in Ger-
many (Fig. 3; see also Feldmeier et al. 2016). These pre-
dictions are corroborated by recent Bsal emergence in
the southern Eifel Mountains (Sandvoß et al. 2020) and
in southern Germany (Schmeller et al. 2020, Thein et al.

2020). Hill and mountain ranges, particularly along the
German-French border, may hence act as stepping
stones for latitudinal expansion of Bsal, which is sup-
ported by our connectivity model results (Fig. 4). Our
combined findings on importance of landscape and
anthropogenic parameters in explaining Bsal presence
furthermore suggest that human-mediated dispersion
poses an additional risk (Schmidt et al. 2017, Spitzen-
van der Sluijs et al. 2018, L€otters et al. 2020). Specifi-
cally, moderate to high (outdoor) recreation pressure
and easy accessibility of natural areas add to the suitable
climatic basis of these stepping stones. Maintaining
stringent biosecurity measures and amphibian trade reg-
ulations therefore remains critical to constrain Bsal colo-
nization and spread.
The low invasibility characterizing parts of Belgium

and most of France invites the interpretation that
extended drought regimes and seasonal extremes might
hamper further Bsal advance southward (Fig. 3). These

FIG. 3. Landscape invasibility (relative likelihood) to Batrachochytrium salamandrivorans (Bsal) in northwestern Europe.
Panel a displays an ensemble of 47 generalized linear models and Random Forest distribution models, of which averages are dis-
played in panels b and c, respectively. Buffered leave-one-out cross validation was used to build each model, which were trained and
evaluated using both presence and absence data. Circles denote the Lille (1) and Paris (2) metropolitan areas, hills and mountain
ranges of the former Champagne-Ardennes (3), the Hunsr€uck (4), Vosges (5), Palatinate Forest (6), and northern Black Forest
and adjacent hill ranges (7). State and regional boundaries (gray lines) and main rivers (blue lines) were added for geographical
reference.
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results should, however, be interpreted with caution due
to the scale of our analyses. We assume that the intensely
human-modified, fragmented landscape in these regions
led to predictions of overall low invasibility to Bsal, but
the ample potential connectivity currents running across
Belgium (Fig. 4) hint at presence of patches vulnerable
to Bsal colonization at local level (see also Spitzen-van
der Sluijs et al. 2018). Isolated forests or other suitable
(micro)habitats may hence still contain susceptible
grounds for Bsal epizootics (Beukema et al. 2021).
Another artifact of the resolution of our data set may be
the association between Bsal presence and low steepness
of slope, given repeated detection of this pathogen in hill
and mountain ranges.
We, however, stress that our predictions and estimates

of relative parameter importance are affected by Bsal
presence being confounded with (host) detection. Specif-
ically, the probabilities of host presence, host detection,
and pathogen detection underlie Bsal presence, which
violates model assumptions of consistency of parameter
relationships with all of the constituent probabilities, or
that these parameters only affect the probability of Bsal
presence (Lahoz-Monfort et al. 2014). Furthermore,
Bsal may not yet fill its potential distribution (i.e., the
pathogen is not in equilibrium with its environment),
due to which our use of absences may underpredict inva-
sion risk (Elith et al. 2010, V�aclav�ık and Meentemeyer

2012). Our results therefore reflect a status quo, which
leaves challenges embedded in the observation process,
invasion process, and conditional detection process that
are in need of improvement to refine future data collec-
tion and analyses (Schmidt et al. 2017, Beukema et al.
2018, EFSA Panel on Animal Health and Welfare et al.
2018).
First, our heterogeneous, opportunistically collected

Bsal presence–absence data did not allow for quantifica-
tion of detection rates. To better understand how envi-
ronmental context shapes Bsal epizootics, it is critical to
account for imperfect detection resulting from observer
effects, interspecific differences in host infection preva-
lence, or diagnostic techniques. This can be done either
by accounting for these processes through occupancy
modeling and/or incorporating uncertainty in Bayesian
frameworks (Adams et al. 2010, Ribeiro et al. 2020). Set-
ting up protocols for consistent host sampling and
surveillance efforts is a practical, immediate step to this
aim. Occupancy-detection models may also be used to
refine spatial risk assessments (Guillera-Arroita et al.
2015).
Second, we here delineate absence data that despite

application of a strict range of criteria may include sites
where Bsal was present but remained undetected, for
instance, during a latency period (Thomas et al. 2018).
How Bsal presence builds up and varies during

FIG. 4. Connectivity between focal areas in northwestern Europe generated by Circuitscape based on landscape invasibility to
Batrachochytrium salamandrivorans (Bsal). (a) Two core outbreak areas, the Nordeifel and the Ruhr-District (indicated by black
arrows) were identified, from which connectivity was calculated to seven highly invasible areas further southward (transparent white
polygons). Warmer colors indicate higher current density. (b) Pairwise connectivity between all nine areas. State and regional
boundaries (gray lines) and main rivers (blue lines) were added for geographical reference.
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subsequent host–pathogen dynamics in invaded sala-
mander populations remains largely unknown. Detailed
studies of disease progression in novel outbreak sites are
hence warranted to refine true-absence data and, as
such, improve the calibration accuracy of statistical
models and iSDM predictions.
Third, to improve Bsal iSDMs, presence data from the

native Asian range may be used to correct for underpre-
diction (Dullinger et al. 2009, Elith et al. 2010, Jim�enez-
Valverde et al. 2011). We nevertheless stress that fitting
such a “global model” may not account for local envi-
ronmental conditions that shape the invasive range (e.g.,
Dullinger et al. 2009). Also, it remains unknown if the
Bsal lineage(s) that emerged in Europe are able to attain
the full range of conditions occupied across the wide
native distribution in East Asia (Martel et al. 2013, Lak-
ing et al. 2017). Physiological and genetic data may
therefore provide more suitable opportunities to advance
spatial Bsal risk assessments. In case of the former,
potential variation in for instance thermal performance
or growth (e.g., Laking et al. 2017, see also Voyles et al.
2017) may be incorporated in mechanistic models that
predict pathogen colonization and spread (Beukema
et al. 2021).
In addition, the development of scalable population

genomic tools may allow for a retrospective inference of
spatial and temporal Bsal spread across outbreak sites
that can complement studies rooted in landscape ecology
(Byrne et al. 2017, Petkau et al. 2017). In this regard, by
integrating environmental and genomic data, future phy-
logeographic analyses might also aid in disentangling
environmental factors that underlie Bsal dispersal (Delli-
cour et al. 2016). The wide-ranging outbreaks presently
seen in European salamander populations (L€otters et al.
2020, Martel et al. 2020) furthermore call for a better
understanding of amphibian community dynamics and
density-dependent effects in maintaining and spreading
disease. Particularly with an expanding host spectrum,
the movement ecology of affected species and their life
stages might be a key factor in determining disease out-
come (Pittman et al. 2014, Daversa et al. 2017, Schulz
et al. 2020). Considering the numerous environmental
stressors that threaten amphibian populations, detailed
ecological studies into Bsal-driven population declines are
therefore becoming imperative to inform integrative con-
servation strategies. A decade after the discovery of Bsal
as an imminent threat to salamander diversity, these out-
standing questions emphasize the need for continuous
and coordinated conservation planning and disease
surveillance as knowledge on Bsal increases.
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SUPPORTING INFORMATION

Additional supporting information may be found online at: http://onlinelibrary.wiley.com/doi/10.1002/eap.2342/full

DATA AVAILABILITY

Distribution data used for model building is provided in Appendix S1: Table S1, and Appendix S1: Table S2 presents a metadata
overview.
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