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Abstract

Context The populations of the Caucasian pit viper
are declining and face genetic threats because of
habitat fragmentation. Landscape genetics facilitates
effective connectivity conservation actions by provid-
ing methods to predict factors affecting gene flow.
Objectives We described the genetic diversity and
structure of Caucasian pit viper populations in Iran.
We also adopted an individual-based landscape
genetics approach to determine the effects of land-
scape features on gene flow across the species’ range.
Methods We evaluated the degree of genetic struc-
turing using spatial and non-spatial clustering meth-
ods. Then, we used restricted multivariate
optimization and maximum-likelihood population
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effects modeling to predict landscape resistance to
gene flow. Finally, we compared the predictions based
on maximum-likelihood population effects modeling
and reciprocal causal modelling in the context of
multivariate optimization.

Results  Strong genetic structure was found between
populations. Landscape genetics analysis showed that
gene flow was related to forest cover density and
topographic roughness. Gene flow was much higher in
areas of low topographical roughness and was
impeded by closed forests. We found an overall high
similarity in multivariate optimization results obtained
through reciprocal causal modeling and maximum-
likelihood population effects modeling, suggesting
that both approaches may produce consistent
predictions.

Conclusions Caucasian pit viper has limited disper-
sal abilities resulting in genetic structuring at short
distances and gene flow appears to be influenced by
natural features, in particular topographic roughness
and forest cover density. Our findings have important
implications for the species’ conservation and can be
used to develop empirically supported prioritization of
core habitats and corridors.
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Introduction

Spatial patterns of genetic variation and gene flow
among subpopulations may be affected by geography
(Cox et al. 2012), sex-biased dispersal (Fontenot et al.
2011), and natural and anthropogenic landscape
factors (Cushman et al. 2006). Identifying factors
influencing population connectivity is essential to
delineate barriers to gene flow and to mitigate current
and future threats to persistence of populations
(Cushman et al. 2012). Landscape genetics provides
a valuable framework to infer how landscape features
and anthropogenic perturbations impede or facilitate
gene flow between populations (Balkenhol et al.
2016).

The few studies that have been conducted on the
spatial patterns of genetic variation of snake species
have shown that genetic structuring in these species
may be due to geographic distance (Klug et al. 2011),
sex-biased dispersal (Keogh et al. 2007), habitat cover
type (Sunny et al. 2015) and urbanization (Gangloff
et al. 2017). The cryptic life of most snake species
increases difficulty of investigating dispersal and gene
flow using mark-recapture methods. Landscape genet-
ics is an alternative method to observational studies of
gene flow and population genetic structure that is
particularly useful for rare or cryptic species
(Schwartz et al. 2009).

Maximum resistance of landscape variables
(RMax) and a power function relating the landscape
variable to resistance (P) are two main parameters that
are often considered in isolation by resistance
hypotheses (IBR; McRae 2006). Hence, optimizing
resistance models in terms of the correct variables
contributing to resistance, their effect size (RMax),
and their functional form (P) is important to obtaining
reliable and correct inferences in landscape genetics
researches (Reddy et al. 2017; Shirk et al. 2018). In
recent years, a variety of methods have been devel-
oped to identify the correct resistance model among
different alternative models of landscape resistances
such as regression-based methods (Shirk et al. 2018)
and Bayesian statistics (Guillot et al. 2005). The final
goal of any statistical method is to select (i) the most
important variables in resistance surfaces and (ii) the
magnitude of RMax and P of each variable in
resistance surfaces (Shirk et al. 2018). Correlation
among different hypotheses of landscape resistance,
the degree of gene flow and level of genetic structure
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in the study population, and instability in genetic
structure of the populations may lead to difficulty in
selecting the best model among different competing
resistance models (Cushman et al. 2013; Zeller et al.
2016). Shirk et al. (2018) evaluated seven regression-
based selection algorithms based on the accuracy in
predicting the correct landscape variables, RMax and
P. They suggested that maximum-likelihood popula-
tion effects model (MLPE) had the best performance
in extracting true landscape features. Zeller et al.
(2016) and Reddy et al. (2017) suggested that the
combination of restricted multivariate optimization
(Shirk et al. 2010) with reciprocal causal modelling
(RCM; Cushman et al. 2013) in an individual-based
landscape genetics framework provides better identi-
fication of drivers of genetic differentiation than
several other approaches. Also, Shirk et al. (2018)
suggested that if landscape genetics analysis done
using the indices of model fit instead of significance
testing, the evaluation of Mantel-based methods are
not sensitive to critiques relating to Mantel-based
model selection criteria. Here, we quantitatively
compared results of multivariate restricted optimiza-
tion using MLPE to that of RCM to predict landscape
resistance.

The halys pit vipers are a venomous and viviparous
group of snakes belonging to the Viperidae family.
The genus Gloydius is divided into three complex
groups including G. halys/G. intermedius, G. blomhof-
fii and G. strauchi (Wagner et al. 2016). Gloydius
caucasicus belongs to G. halys/G. intermedius com-
plex. These vipers are widely distributed across
various biotopes on a broad territory and have a vast
distribution in many parts of Asia (Orlov and Bara-
banov 1999; Wagner et al. 2016). The Caucasian pit
viper is the only member of the Crotalinae subfamily
present in Iran, and is distributed from northwestern to
northeastern Iran in a wide variety of terrestrial and
mountainous forest and bush land habitats (Latifi
2000). Two morphs of the Caucasian pit viper are
observed in northern Iran including the gray and red
morphs (Fig. 1). The populations of the species in Iran
are declining and face genetic threats from small
population sizes as a result of overhunting, habitat loss
and fragmentation. As snake metapopulations often
depend on gene flow and dispersal across heteroge-
neous landscapes, efficient conservation of the
remaining populations requires knowledge about
landscape effects on genetic variation, population
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Fig. 1 Hatched area refers to the study landscape in the north of Iran (a), location of the 49 genetic samples collected in the study area
(b), gray (c¢) and red (d) morphs of the Caucasian pit viper. (Color figure online)

structure and functional connectivity. As the forest
landscape of the species in northern Iran is highly
fragmented, we hypothesized that natural and anthro-
pogenic factors would have influenced metapopula-
tion structure.

In this study, we conducted the first fine-scale,
individual-based landscape genetics analysis that
addresses (1) the level of genetic variation and fine-

scale population genetic structure of Caucasian pit
viper populations, and (2) the effect of landscape
features on gene flow and interaction among subpop-
ulations. We used maximum-likelihood population
effects model and reciprocal causal modelling to
optimize the landscape parameters (i.e., RMax and P)
and to identify the relationship between landscape
factors and gene flow. As the Caucasian pit viper
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inhabits a wide altitude range (30 to 3000 m), it may
act as a surrogate species. Therefore, conservation of
viable and ecologically functional populations of the
species may provide an umbrella for other co-existing
species in northern Iran. Also, the results of this study
can provide critical knowledge to fill a gap in scientific
knowledge about the genetic structure and gene flow
of the Caucasian pit viper and to guide future work to
develop effective conservation and management solu-
tions for the species.

Materials and methods
Study area and sampling

The Caucasian pit viper occurs in a variety of habitats
in northern Iran. The Alborz Mountain ranges, which
extend from the north-west to the north-east, prevent
moisture bearing systems to pass through to the south.
Hence, the northern slopes of the Alborz Mountains
receive high amounts of precipitation and are naturally
covered by closed Hyrcanian forests. A detailed
description of the studied landscape is given in Asadi
et al. (2019).

We collected genetic samples from 49 G. h.
caucasicus between 2014 and 2017 from all recog-
nized habitats across its distribution range (Fig. 1).
Tissue samples were obtained from carcasses of
snakes that were victims of poaching, hunting, disease,
road accidents and from live specimens collected
during foot searches. The samples obtained from live
specimens consisted of pieces of ventral scales clips or
tail tips. Locations of individual samples were
recorded using a global positioning system. All
samples were stored in 96% ethanol prior to DNA
extraction.

DNA extraction and PCR amplification

Total genomic DNA from ventral scale and tissue
samples was extracted using standard proteinase k
digestion and phenol—chloroform protocols (Sam-
brook et al. 1989). The quality and quantity of
extracted DNA were evaluated by Nanodrop. We
employed seven dinucleotide species-transferred
microsatellites developed for Crotalinae species to
characterize genetic diversity and structure of the
species. The PCR amplification was done using
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QIAGEN PCR MasterMix in optimized PCR condi-
tions. A detailed description of the PCR conditions is
given in Text S1 and Table S1 in Online Resource 1.
Fragment analysis was carried out using ABI3730xl1
(Macrogen Inc., South Korea). Alleles were scored
using Geneious R9 (9.0.5; Biomatters Ltd.) under
standard run conditions with LIZ500 as the internal
size standard.

Genetic structure and dispersal events
among populations

The probability of a set of allelic frequencies given K
populations was determined using the admixture
model with correlated allele frequencies, K-values
between 1 and 7, 10 separate iterations for each K with
1,000,000 MCMC iterations and burn-in 100,000
within STRUCRURE as a non-spatially-explicit
method (Pritchard et al. 2000) without location priors.
In addition, Structure Harvester (Earl and Vonholdt
2012) was used to discern the optimal number of
clusters and visualize the results of optimal K. The
CLUMPP program (Jakobsson and Rosenberg 2007)
was used to summarize individual assignment prob-
abilities and to find a close match among multiple
independent runs for the most likely K.

We also used R package GENELAND as a
spatially-explicit method to characterize the spatial
distribution of genetic diversity of the species across
the landscape. We ran GENELAND ten times using
Dirichlet allele frequencies, 400,000 MCMC itera-
tions, and by varying the number of putative popula-
tions from 1 to 7. The number of Poisson processes
was set equal to the number of samples (Guillot 2008).
As the assignment tests indicated genetic population
structure, we computed pairwise population estimates
of Fgt (Wright 1969) to describe the genetic structure
of Caucasian pit vipers. Pairwise Fgt values were
tested for significance via 10,000 permutations in
FSTAT.

Genetic diversity

We statistically tested genotypic data for null alleles,
large allele drop-out, and scoring error using the
Brookfield-1 equation within MICRO-CHECKER
(Van Oosterhout et al. 2004). All genotypes were
screened for departures from Hardy—Weinberg equi-
librium (HWE) and linkage disequilibrium for all pairs
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of loci using Markov chain approximation within
GENEPOP (Raymond and Rousset 1995). We con-
trolled for increased Type I error rates due to multiple
testing  with  sequential  Bonferonni—adjusted
P =0.002. We used GENEPOP to obtain standard
indices of genetic diversity for all recognized popu-
lations from assignment tests (i.e., mean number of
alleles (A), observed heterozygosity (Hp), and
expected heterozygosity (Hg)). FSTAT 2.9.3 (Goudet
2001) was used to estimate inbreeding coefficients
(Fis) and rarefied allelic richness (A,).

Landscape genetics analysis
Landscape variables and thematic resolution

We selected elevation, topographic roughness, slope
position, density of forest cover, and human foot-
print as hypothesized landscape drivers of gene flow
based on available knowledge of Caucasian pit viper
associations and other related species (Behrooz et al.
2015; Asadi et al. 2019). Asadi et al. (2019) showed
that proximity to forest cover and topographic
roughness are two main variables in predicting
habitat suitability of the species. Topographical
roughness, elevation and slope position were calcu-
lated as continuous landscape variables from a 90 m
resolution digital elevation model (DEM; http://srtm.
csi.cgiar.org) using the Gradient and Geomorpho-
metric Modelling Toolbox for ArcGIS (Evans et al.
2014) at a focal radius of 1 km. The landscape
cover produced by the Iranian Forests, Rangeland
and Watershed Management Organization (FRWMO
2009) was used to derive density of forest cover
within a 1-km focal radius as another continuous
variable. To take into account the anthropogenic
effects on gene flow, we used the human footprint
layer developed by Sanderson et al. (2002) which
integrates data on population density, road density,
land transformation, infrastructures and remote
sensing analysis of night lights. Roads are often
associated with high levels of noise pollution, which
can have a negative effect on vibration-sensitive
species, in addition to the high percentage of road
killings of wildlife. New roads can also facilitate
urban expansion, which leads to an increase in
human interactions with habitats and consequently
habitat destruction and fragmentation. We used
250 m resolution as the smallest resolution of

resistance surfaces considering the area of the study
landscape (98,000 Km?), existing landscape data,
and computer processing intensity. We were able to
add more details to forest landscape by distin-
guishing between the cover classes of vegetation
map, resulting in a local landscape model consisting
of 250 x 250 m pixels.

We produced alternative hypothetical resistance
surfaces as a function of topographic roughness,
elevation and slope position according to the hypothe-
ses that pit vipers’ movement may be impeded by
rough terrain and resistance may increase with topo-
graphic roughness and slope position. We modelled
resistance due to density of forest cover according to
the hypothesis that the species movements should be
impeded by high density of forest cover. Forest cover
is associated with large amounts of woody debris and
other ground litter that may pose a structural imped-
iment to snake locomotion. Two morphs of the
Caucasian pit viper are observed in Northern Iran
including gray and red morphs. The gray morph
individuals are often found in highlands with range-
land cover; however, the red morph can be found more
often in areas with sparse forest cover in lower
elevation. Therefore, we hypothesized that the dense
forest cover impedes the movements of individuals.
We also calculated resistance surfaces for human
footprint under the hypothesis that landscape resis-
tance to gene flow would increase with increasing
human footprint given increasing physical barriers
associated with human development as well as demo-
graphic obstacles associated with high mortality and
low population density in areas with high human
impact.

To address the effects of thematic resolution of
resistance surfaces on gene flow, we assessed a range
of power functions (P = 0.1, 0.2, 1.0, 2.0, 4.0) and
maximum resistance values (RMax =5, 10, 20, 40,
80) for each landscape variable (e.g., Shirk et al.
2010). The Power function controls the shape of the
functional response between the landscape variable
and resistance to gene flow (Shirk et al. 2010).
Resistance surfaces of all landscape variables were
produced across all combinations of the five RMax
and P (i.e., 25 resistance surfaces for each variable).
Cost distances were calculated among pairs of indi-
viduals using R package sGD (Shirk et al. 2012) and a
raster of resistance surface as input. We calculated
mean inter-individual Rousset’s a (Rousset 2000)
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genetic distances for each pair of individuals using
SPAGeDi 1.5 (Hardy and Vekemans 2002) as the
response variable in the landscape genetics analysis.

Univariate and multivariate optimization of variables

We used restricted multivariate optimization, an
approached developed by Shirk et al. (2010), imple-
mented in two ways. First, we used the reciprocal
causal modeling (Cushman et al. 2013) to rank
alternative hypotheses within the optimization loop.
Second, we used maximum-likelihood population
effects models (MLPE; Clarke et al. 2002) as the
objective function to rank hypotheses, which has
recently been shown to be the most robust current
regression-based method for identifying the land-
scape factors affecting gene flow (Shirk et al. 2018).
For the restricted multivariate optimization using
RCM, following the method developed by Shirk et al.
(2010) and Reddy et al. (2017), we selected the best
univariate thematic resolution parameters for each
variable by calculating partial Mantel correlation
between genetic distance and each resistance surface
partialling out all other candidate resistance surfaces
for that variable using R package sGD (Shirk et al.
2012). A fully supported candidate model would
have all positive r values in its column and all
negative or near zero values in its row (Reddy et al.
2017). In the second step, we re-optimized the
thematic resolution parameters for each univariate
optimized variable in the context of the effects of all
other variables (i.e., multivariate optimization). For
multivariate optimization of each variable, we held
the parameters of all other landscape variables
constant at their univariate optimization and we
calculated partial Mantel correlation between genetic
distance and each resistance surface partialling out
all other candidate resistance surfaces for that
variable. The optimization loop continues, re-opti-
mizing all variables, until the parameters stabilize. A
fully supported candidate model would have all
positive r values in its column and all negative or near
zero values in its row.

For optimization of the thematic resolution using
MLPE, we selected the best univariate thematic
resolution parameters for each variable by calculat-
ing Akaike’s information criteria (AIC) to rank all
candidate resistance surfaces for each variable
according to their goodness of fit. For multivariate
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optimization, we held the parameters of all other
landscape variables constant at their univariate
optimization and we calculated AIC for all resistance
surfaces of each landscape variable. The optimiza-
tion loop continues, re-optimizing all variables using
MLPE in the R package RESISTANCEGA (Peter-
man 2014).

After optimizing thematic resolution parameters for
all landscape variables, we created all combinations of
landscape variables at their multivariate optimization
that resulted from restricted multivariate optimization
with RCM and MLPE (31 resistance models) to
determine which subset of optimized variables should
be included in the final resistance surface. We used
two model selection frameworks to evaluate correla-
tion between landscape resistance matrices and
genetic distance. The first was based on the correlation
between each optimized landscape resistance and
genetic distance using partial Mantel test in a recip-
rocal causal modelling method (RCM; Cushman et al.
2013). We created an N x N matrix of correlations
where N was the number of alternative optimized
resistance surfaces resulted from multivariate opti-
mization (31 x 31) and each number in the matrix
was the correlation coefficient (partial Mantel r). The
candidate landscape resistance model with the most
positive values in its column (partial Mantel r values)
and the most negative or near zero values in its row
(partialling out every other candidate resistance sur-
face) was declared the most supported model (Reddy
et al. 2017). The R package ‘Vegan’ (Oksanen et al.
2013) was used to perform all Mantel-based methods.
We used a second landscape genetics approach
implemented in the R package RESISTANCEGA”
(Peterman 2014) to assess which of the 31 resistance
surfaces resulting from MLPE optimization best
explains genetic structure. We used MLPE to relate
genetic distance to resistance distance for all combi-
nations of optimized resistance surfaces. For each
candidate resistance surface, we calculated AIC to
rank the models according to their goodness of fit and
to assess which of the 31 multivariate resistance
surfaces best explains genetic structure in the Cau-
casian pit viper. The best model was selected based on
the lowest AIC score fit with maximum likelihood. In
addition to landscape resistance models, we also
calculated Euclidean geographic distance among pairs
of individuals to run an isolation-by-distance (IBD)
model.
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Results

Population genetic structure in the Caucasian pit
viper

The results of STRUCTURE revealed strong evidence
for population subdivision in the Caucasian pit viper.
We found that likelihood increased with increasing
number of clusters (K), but began to plateau at K = 5.
According to the maximum value of LnP (D) and delta
K, five genetic clusters were inferred from STRUC-
TURE. The percent membership of each sample in the
five clusters correspond to geographic regions of
sampled subpopulations suggesting that there is cor-
respondence between geography and genetic variabil-
ity (Fig. 2). Similar to STRUCTURE, results from
GENELAND showed five genetic clusters (Fig. S1,
Online Resource 1). Samples from the northwestern
part of the study area were grouped into GILAN
population (G1), samples from the Behshahr region
were grouped into BEHSHAHR (G2), all Lar National
Park samples in the central Alborz were grouped into
LAR population (G3), samples from Golestan were
grouped into GOLESTAN (G4) and samples from
Khorasan were grouped into KHORASAN population
(G5). Results of pairwise Fgr were consistent with the
results of assignment tests and showed significant
genetic differentiation between population pairs. Fgr
values were large between pairs of populations,
ranging from 0.217 (GILAN and KHORASAN) to
0.387 (LAR and KHORASAN; Table S2, Online
Resource 1).

Microsatellite variations in the Caucasian pit viper

The results of Micro-Checker showed no evidence of
allele dropout and scoring errors. We also found no
significant evidence of null alleles in Micro-Checker.
The results of FreeNA showed evidence of null alleles
in CwAl4, Crti95, Ch7-87 and Crtil0 (Table S3,
Online Resource 1). As the threshold of null alleles
were less than 0.2 (except locus CwAl4 in BEH-
SHAHR population) and considering the low effect of
null alleles on assignment tests, we did not remove loci
for subsequent analysis (Okello et al. 2005; Carlsson
2008). Although two microsatellite loci (Crti95 and
Crtil0) revealed deviations from HWE for the whole
sample (P < 0.05), we did not find evidence of
deviation from HWE for the whole sample after

Bonferroni’s correction (P > 0.002). Also, no evi-
dence of deviation from HWE was found at the
population level after Bonferroni’s correction
(P > 0.002; Table S4, Online Resource 1). No
evidence of linkage disequilibrium was found within
each population after correcting for multiple
comparisons.

A total of 144 alleles were scored across 7 loci in all
samples. Allelic variation per locus ranged from 2 to
12 alleles. Mean allelic richness was similar among
populations and the range of allelic richness for all loci
was between 2.67 in the BEHSHAHR to 2.16 in the
LAR. The observed heterozygosity ranged from 0.73
to 0.95 and expected heterozygosity ranged from 0.55
to 0.75 (Table S5, Online Resource 1). Estimated
inbreeding coefficient (Fig) varied from -0.07 in the
BEHSHAHR population to — 0.58 in the KHORA-
SAN population.

Landscape genetics analysis
Univariate optimization

Univariate optimization of thematic resolution of
landscape variables showed that, after controlling
the effect of geographic distance, topographic rough-
ness had the strongest and a significant univariate
correlation with genetic differentiation, followed by
density of forest cover, elevation, slope position and
human footprint (Table 1). Univariate IBR was sig-
nificant, independent of distance, only for topographic
roughness at its optimal univariate thematic resolu-
tion. The most optimal univariate thematic resolution
for topographic roughness was obtained at RMax 80,
indicating high effect of this variable on landscape
resistance to gene flow. Also, elevation and slope
position had univariate RMax values of 5, indicating
substantially weaker effects than topographic rough-
ness. Elevation indicated a highly convex effect on
resistance (P = 4), while human footprint and slope
position showed a highly concave effect on resistance
(P =0.1). Also, topographic roughness showed a
linear effect on resistance (P = 1; Table 1). Univariate
optimization of thematic resolution of landscape
variables using MLPE also showed that topographic
roughness has the strongest univariate correlations
with genetic differentiation, after controlling the effect
of geographic distance (i.e., univariate IBR), followed
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Fig. 2 The most likely number of genetically distinct clusters
within the Caucasian pit viper based on a Mean L(K) £ SD over
10 runs per K, b percentage of individuals assignment to
different K and ¢ geographical location of the genetically groups

by density of forest cover, elevation, slope position,
human footprint and (Table 2).

Multivariate optimization and model selection

The best multivariate thematic resolutions for density of
forest cover and topographic roughness using restricted
multivariate optimization were the same as the univari-
ate optimization (Table 1). On the other hand, the best
multivariate optimal thematic resolutions for human
footprint (RMax = 20; P = 4), slope position (RMax =
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5; P=4) and elevation (RMax =5; P =0.1) were
different than the univariate optimization (RMaxy,.
RMax
slope position = 5; Pslope position = 0.1; RMax,ievation = 5;
Pelevation = 4; Table 1). The partial Mantel correlation
between the optimized multivariate resistance surface
with genetic distance, after controlling the effects of
geographic distance (i.e., multivariate IBR) using
restricted multivariate optimization, was higher than
the combination of resistance surfaces at their univariate
optimization (r = 0.363 vs. r = 0.295; Table 1).

man  footprint = 20;  Phuman footprint = 0.1;
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Table 1 Univariate and multivariate thematic resolution optimization for each variable using restricted multivariate optimization

Landscape variable Univariate optimization

IBR model
r = partial Mantel
P = P-value

Multivariate optimization

Elevation RMax = 5; power = 4

Topographic roughness RMax = 80; power = 1
Slope position RMax = 5; power = 0.1
RMax = 20; power = 2
RMax = 20; power = 0.1

r=0.295 P = 0.001

Density of forest cover
Human footprint

Combined

r=0.32P=0.999
r=0.29 P =0.001
r=0.20P =0.999
r=0.11 P=0.078
r=—0.15P =099

RMax = 5; power = 0.1
RMax = 80; power = 1
RMax = 5; power = 4
RMax = 20; power = 2
RMax = 20; power = 4
r=0.363 P = 0.001

r partial Mantel correlation between genetic distance and univariate optimized resistance surface controlling for geographic distance

(IBR)

Table 2 Univariate and multivariate thematic resolution optimization for each variable using MLPE method

Landscape variable Univariate optimization

IBR model
r = partial Mantel
P = P-value

Multivariate optimization

Elevation RMax = 5; power = 4
RMax = 80; power = 2
RMax = 5; power = 0.1
RMax = 20; power = 0.1
RMax = 20; power = 0.1

r=0.295 P = 0.001

Topographic roughness
Slope position

Density of forest cover
Human footprint
Combined

r=0.32P =0.999
r=0.27 P =0.001
r=0.20 P = 0.999
r=0.14 P =0.092
r=—0.14P=0.989

RMax = 5; power = 0.1
RMax = 80; power = 0.2
RMax = 5; power = 4
RMax = 20; power = 4
RMax = 20; power = 4
r=0.344 P = 0.001

r partial Mantel correlation between genetic distance and univariate optimized resistance surface controlling for geographic distance

(IBR)

Optimization of thematic resolution of resistance
surfaces using MLPE confirmed the results of
restricted multivariate optimization with causal mod-
eling, with a few minor differences (Table 2). For
example, while topographic roughness indicated a
more convex effect on resistance in the MLPE method
(P =2) than restricted multivariate optimization
(P =1) in univariate optimization, this variable
showed a more concave effect on resistance in the
MLPE (P = 0.2) than restricted multivariate optimiza-
tion (P = 1) in multivariate optimization. The best
multivariate optimal thematic resolutions for all
variables was different than univariate optimization
in the MLPE method (Table 2). The partial Mantel
correlation between the optimized multivariate resis-
tance surfaces produced by MLPE method and genetic
distance, after controlling the effects of geographic
distance, was higher than the combination of

resistance surfaces at their univariate optimization
(r = 0.344 vs. r = 0.275; Table 2).

Both methods of model selection (i.e., RCM
framework and MLPE) included four landscape
variables (topographical roughness, slope position,
density of forest cover and human footprint) in the top
five multivariate models (Table 3 and 4). The top
model selected by RCM included topographic rough-
ness and density of forest cover only and showed a
higher correlation with genetic distance than the IBD
model (rgp = 0.151 vs. rgr = 0.371; Table 3).
Table 4 shows the MLPE model selection framework
of the top five models with the lowest AIC. Like the
RCM, the selected top model using MLPE included
topographic roughness and density of forest cover
(Table 4). The combination of optimized topographic
roughness (RMax = 80; P = 0.2) and density of forest
cover (RMax =20; P=4) had the strongest
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Table 3 List of five top landscape genetic models ranked by row mean based on RMC framework

Model Variables Row r P-

No. mean value
1 Density of forest cover + Topographic roughness 0.239 0.371 0.001
2 Density of forest cover + Topographic roughness + Human footprint 0.228 0.370 0.001
3 Density of forest cover 4 Elevation 4+ Topographic roughness 0.181 0.371 0.001
4 Density of forest cover 4 Elevation + Human footprint + Topographic roughness 0.178 0.363 0.001
5 Density of forest cover + Elevation + Human footprint 4+ Topographic 0.178 0.362 0.001

roughness + Slope position

The candidate resistance surface with the highest row mean (i.e., the largest average relationship to genetic distance after partialling
out the effect of other candidate models) was used as a relative support for each candidate resistance model. r shows the partial
Mantel correlation between the cost distance matrix for each resistance model and the genetic distance matrix. P-value shows the

significance of the calculated correlation coefficient

Table 4 List of five top landscape genetic models ranked by AIC scores based on MLPE framework

Model Variables AIC AAIC r P-

no. value
1 Density of forest cover + Topographic roughness —2076.57 0.00 0.294 0.001
2 Density of forest cover + Topographic roughness + Human footprint — 207397 2.60 0.292 0.001
3 Density of forest cover + Topographic roughness + Slope position —2071.11 546 0.371 0.001
4 Density of forest cover + Human footprint + Topographic roughness + Slope ~ — 2068.58  7.99 0.296 0.001

position
5 Topographic roughness + Slope position — 2056.10 20.47 0.296 0.001

r shows the partial Mantel correlation between the cost distance matrix for each resistance model and genetic distance matrix. P-value

shows the significance of the calculated correlation coefficient

relationship with genetic differentiation based on
MLPE framework with an AIC value of — 2076.57
and showed a stronger correlation with genetic
distance than the IBD model (r IBD = 0.151 vs. r
IBR = 0.294). The top three models selected by
MLPE included topographic features (i.e., roughness
and slope position), suggesting that topographic
features of the studied landscape have a significant
effect on gene flow. A pixel—pixel correlation between
the top models identified by the two methods showed
high correlation (r = 0.75) indicating that the MLPE
and RCM models are similar in their predictions
(Fig. 3).

Discussion
We adopted existing individual-based landscape

genetics frameworks (e.g., Cushman et al. 2013;
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Reddy et al. 2017; Shirk et al. 2018) to characterize
the spatial patterns of genetic diversity and evaluate
the effects of habitat heterogeneity on population
genetic structure and gene flow for the Caucasian pit
viper in Iran. We showed three main results. Firstly,
there is significant population genetic structure in the
Caucasian pit viper in Iran. Secondly, genetic diversity
analyses suggest relatively moderate to high level of
genetic diversity in the studied populations. Thirdly,
our individual-based landscape genetics analysis
showed that gene flow is primarily related to a
combination of topographic features and density of
forest cover, with resistance lowest in areas of low
topographical roughness and low tree cover. We found
that the restricted multivariate optimization using
reciprocal causal modeling produced very similar
results to optimization using maximum-likelihood
population effects modeling, confirming the result of
Shirk et al. (2018) that, while MLPE is slightly favored
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Fig. 3 Map of the best
resistance model based on
the RCM (a) and MLPE
(b) model selection
framework. The resistance
map based on both selection
frameworks depicts the
combined effects of
topographical roughness
and density of forest cover.
Landscape resistance is
lowest in parts of the
landscape with low
topographical roughness
and low canopy of forest
cover. (Color figure online)
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based on model performance, both methods produce
similar and robust predictions.

Genetic diversity, population structure and recent
gene flow

We found high levels of genetic diversity in this
viper despite its limited ability to move and to
adapt to environment changes. Although about 38%
of the suitable habitats of this species is within the
network of protected areas (Asadi et al. 2019),
recently, the populations of this species have
declined due to a range of anthropogenic factors.
Land conversion to agricultural fields, overgrazing,
rangeland destruction, as well as large-scale hunt-
ing and capturing by vaccine and serum institutes
(Rastegar-Pouyani et al. 2018), threaten the viabil-
ity of the populations. Therefore, re-colonization of
new populations in available suitable habitat
patches, restoration of degraded habitats, establish-
ment of safe zones in current protected areas, and
prevention of hunting and venom collection seems
to be vital to maintain the genetic diversity and to
assure the long-term persistence of populations.
We also found that gene flow is limited among
populations of G. h. caucasicus and allele frequency
may reflect genetic drift in local and isolated subpop-
ulations. Also, the genetically recognized populations
exhibited moderate to high levels of genetic differen-
tiation between the populations based on Fgr measure.
As large sample sizes are required in order to precisely

0 75 150 300
Kilometers

infer Fgr, the small sample size in some populations
may lead to overestimates of genetic differentiation
among populations. Moreover, microsatellite loci
affected by null alleles would probably not alter the
overall outcome of assignment testing (Carlsson
2008), therefore we focused only on the results of
the assignment tests (i.e., STRUCTURE and GENE-
LAND) to infer genetic differentiation among studied
populations.

A previous analysis of genetic structure based on
mtDNA + nDNA (Asadi et al. 2019) revealed an
ancient split between northeastern, central, and north-
western populations. They showed that there is a
significant genetic structure among populations of the
Caucasian pit viper in northern Iran including Kopet
Dagh-Eastern Alborz, Central Alborz, Lar National
Park-Central Alborz, and Western Alborz-Azerbaijan.
Comparison of the results of Asadi et al. (2019) with
the present study shows that there are differences in
the observed genetic structure based on mtDNA
(Asadi et al. 2019) and microsatellites (present study).
For example, Asadi et al. (2019) found one clade in
northeast of Iran (i.e., Kopet Dagh-Eastern Alborz),
while we found three genetic structures including
KHORASAN, BEHSHAHR, and GOLESTAN in
northeast of study area. As mtDNA reaches fixation
by genetic drift faster than microsatellites, a possible
explanation for higher genetic structuring at
microsatellite level compared to mtDNA, could be
due to the recent landscape changes in this part of the
Alborz Mountains. The second difference is related to
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the populations in northwest of Iran. Asadi et al.
(2019) found two clades in central (i.e., Central
Alborz) and northwest of Iran (i.e., Western Alborz-
Azerbaijan), whereas we only found one genetic
cluster (GILAN) in this area. It could be concluded
that considering the results of all markers, it seems that
a combination of historical events and recent land-
scape changes in northern Iran has influenced the
observed genetic structure in populations of the
Caucasian pit viper. Although it would be interesting
to test the effects of historical events on current
genetic structure of the Caucasian pit viper, we did not
test this hypothesis in the present study because of the
scarcity of data on the historical landscape.

The limited dispersal ability of the Caucasian pit
viper may affect gene flow among populations. Also,
in species with limited dispersal, genetic structure may
emerge even on small geographic scales (Klug et al.
2011). Species habitat selection (Sunny et al. 2015),
body size, and biased dispersal (Keogh et al. 2007) are
other factors affecting the gene flow and genetic
structure among populations of snakes. Also, the
probability of genetic structure in specialist species is
higher than generalists.

Landscape genetics

This paper compared results of multivariate restricted
optimization (Shirk et al. 2010) based on two objective
functions: reciprocal causal modeling, and maximum-
likelihood population effects modeling. As we used
the measures of model fit instead of significance tests
for selection of true landscape resistance, our evalu-
ation of Mantel-based correlations (RCM framework)
was not sensitive to critiques relating to Mantel-based
model selection criteria (Shirk et al. 2018). Shirk et al.
(2018) showed that for complex models with multiple
variables contributing to resistance, RCM is more
reliable than simple Mantel correlations and causal
modelling.

However, Castillo et al. (2014) showed that RCM
framework is appropriate for determining the correct
variables in landscape genetics analysis, but less
effective at accurately determining RMax and P.
There is an inherent dependency in both genetic and
landscape distance matrices that can affect the results
of landscape genetic analysis. Assumptions of
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independence and linearity is one of the sources of
model selection error suggested by Zeller et al. (2016).
Shirk et al. (2018) confirmed that MLPE is the
selection method that had the best performance based
on identifying the correct variables, their RMax and
functional form (P). They suggested that MLPE
provides the greatest probability of selecting the true
landscape resistance model from competing alterna-
tive models. Little is known about the differences in
inferences produced by RCM compared to MLPE
modeling in an optimization approach, and this paper
provides quantitative comparison of the results pro-
duced by both methods on the same data set.

Thematic resolution optimization

The partial Mantel tests were significant for resistance
distances and had partial correlation coefficients that
were stronger than Euclidean distance. Therefore, it
can be inferred that gene flow of the Caucasian pit
viper is limited by landscape structure and is not
simply a function of IBD. The results of the univariate
model optimization suggested that topographic rough-
ness was the landscape factor most strongly correlated
with gene flow based on the strength of partial Mantel
correlation. This suggests that historical population
connectivity of the Caucasian pit viper in the study
area was primarily driven by natural landscape factors.
However, due to time lag effects (Landguth et al.
2010), recent anthropogenic alterations of the land-
scape may not be detectable in the genetic data even if
they have large effects on population connectivity
(e.g., Reddy et al. 2019). In both optimization
methods, topographical roughness had optimal multi-
variate thematic resolutions with RMax values of 80,
indicative of the high effect of this variable on
resistance to gene flow. Although density of forest
cover had RMax value smaller than topographic
roughness (RMax = 20), this variable showed higher
levels of contrast (P =2 to 4) than topographic
roughness, indicating a highly concave response
between the density of forest cover and resistance to
gene flow. As multivariate models combine different
landscape variables with different Rmax and P values,
the effect of each variable on genetic differentiation
should be explained through both parameters in
multivariate models.



Landscape Ecol (2019) 34:2615-2630

2627

Landscape resistance for Caucasian pit viper

The selected top model using both methods of model
selection included topographic roughness and density
of forest cover as among the most important drivers of
gene flow. These findings reveal that limited gene flow
is most strongly related to resistance from high terrain
roughness and dense forest cover.

The results suggest that Caucasian pit viper move-
ments are highest in areas with low topographical
roughness, reflecting the increased energy efficiency
of moving through flat terrain. A careful survey of the
study area reveals that as roughness increases, barriers
to gene flow increase too. Highlands and low-hill
regions offer fewer barriers to dispersal and gene flow
of the Caucasian pit viper, and thus genetic differen-
tiation occurs less often. Our observations during field
surveys are fully in concordance with the fact that
most of the genetic samples were captured in forests
with low density cover and rangelands in highlands.
High terrain roughness may act as a barrier for the
species because of the high energy required to
traverse, or because of the challenging ecological
and environmental conditions associated with regions
of high topographic roughness.

According to our results, limited gene flow is
detected among populations of the Caucasian pit viper
in areas with highly dense forest cover. The Cau-
casian pit viper in northern Iran seems to experience
increasing difficulty to disperse across the landscape
from rangelands and forests with low to moderate
canopy cover to forests with dense cover. Proximity to
forest cover is one the most important variables in
predicting habitat suitability of the species (Asadi
et al. 2019). Accordingly, this viper occupies high-
lands with forest and rangeland cover in northern and
southern slopes of the Alborz Mountain. As some
studies have shown, habitat suitability may be an
important predictor of gene flow, thus high landscape
resistance (Fig. 3) in previously predicted suit-
able habitats (i.e., Asadi et al. 2019) may initially
seem surprising. There is limited research comparing
connectivity models with habitat suitability of snake
species. While forest cover and proximity to this cover
influence species habitat suitability, the Caucasian pit
viper dispersal may be facilitated through different
conditions, such as open canopy and non-forest areas.
Ecological factors that drive habitat suitability may be
different from those influencing dispersal and gene

flow (Mateo-Sanchez et al. 2015; Roffler et al. 2016).
Therefore, suitable habitats within a home range may
not necessarily equate to areas with low resistance to
gene flow. Consequently, dispersing Caucasian pit
vipers may select portions of the landscape for
dispersal that are relatively low quality for supporting
resident populations. Similar results have been found
in other taxa as well (e.g., Elliot et al. 2014). Another
potential explanations for the observed divergence of
habitat suitability and dispersal resistance may be due
to the scale of habitat suitability and gene flow
modeling. Although proximity to forest cover influ-
ences habitat suitability and occurrence of the Cau-
casian pit viper at a local scale, density of forest cover
and topographic roughness are more influential to
gene flow and genetic structure at a broader scale. We
conclude that in the distribution range of the Cau-
casian pit viper in Iran, the species selects forests and
rangelands with relatively low canopy cover in areas
with low topographical roughness for movement and
gene flow.

Field observations confirmed that the species
inhabit rangelands in high elevation or forest with
low canopy cover. Therefore, the species movements
may be impeded by high density of forest cover. The
Hyrcanian forests on the northern slopes of the Alborz
are composed of three distinct altitudinal gradients
including lowlands (300-700 m), midlands
(700-1800 m), and highlands (1800-2400 m). The
highest density of Hyrcanian forests is found in
midlands. The Caucasian pit viper is quite difficult
to spot as it is well camouflaged and perfectly hides
under bushes. Also, these vipers are very alert and
constantly stay close to debris, stones, cracked rocks,
rodent holes or any space that offers shelter. They
quickly escape and take cover before one can observe
or capture them. Thus, sampling this species on the
northern slopes of the Alborz was extremely diffi-
cult. Given our current limited knowledge on the
distribution and habitat preferences of the species, we
believe inferences about the relationships between pit
viper occurrence and density of forest cover cannot be
made unless denser sampling is done in midland
forests of the northern slope of the Alborz to enrich our
understanding of the species’ presence/absence and
density in this region.

Nevertheless, topographical roughness and density
of forest cover are clearly major factors that affect
gene flow of the Caucasian pit viper in northern Iran.
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Our results show strong support for topographic
roughness and elevation (r = — 0.53) as factors driv-
ing population connectivity. This finding suggests that
dispersal of the Caucasian pit viper is limited primarily
by topographically complex areas and secondarily by
high forest cover.

Our results suggested weak relationships between
human footprint and gene flow (Mantel statistic
r = 0.149, P value = 0.06). The weak and marginally
nonsignificant effect of this landscape factor could be
due to several factors. A possible explanation could be
related to time-lag effects (Landguth et al. 2010). The
landscape in northern Iran has changed rapidly over
recent years due to the increase in human footprint
resulting in a disequilibrium between the genetic
structure and current configuration of the landscape.
Landguth et al. (2010) found that a lag-time of 1-15
generations is needed to detect a genetic signal of
anthropogenic variables on genetic structure. If we
consider a generation time of about 3 years for the
species (Fitch 1963), a time frame of 50 years is
needed to trace the effects of landscape changes on
genetic patterns. Klug et al. (2011) found that dispersal
and gene flow of Eastern yellowbelly racer (Coluber
constrictor flaviventris) was not limited by natural or
anthropogenic land cover in northeastern Kansas, even
though profound recent landscape change has greatly
reduced the extent and connectivity of habitat for that
species, suggesting major time lag effects. Therefore,
the lack of strong apparent effects of human footprint
on gene flow of the Caucasian pit viper based on
molecular genetic data is not definitive as to recent or
current effects, and other studies using such things as
mark-recapture movement monitoring may be needed
to look at recent and current patterns of movement
(e.g., Elliot et al. 2014).

In contrast to anthropogenic factors, topographical
factors have remained stable for thousands of years,
and hence there is no time-lag effect for these
stable factors (Reddy et al. 2017). Therefore, these
factors have stronger apparent relationships with gene
flow in the Caucasian pit viper. Likewise, Wasserman
et al. (2010), Reddy et al. (2017) and Vergara et al.
(2017) found that gene flow of American marten
(Martes americana), tigers (Panthera tigris), stone
marten (Martes fiona) and pine marten (Martes
martes), respectively, was driven more by topographic
variables than land cover and human footprint. Our
finding therefore does not mean that anthropogenic
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factors will not affect gene flow of the species in the
future, or that, given time lag effects, they are not
already limiting gene flow.

Conclusions and implications for conservation

The results presented in this study provide the first
detailed microsatellite-based analysis of the popula-
tion genetic structure and population connectivity of
the Caucasian pit viper. Topographic roughness and
density of forest cover are the two variables that most
strongly limit gene flow for the Caucasian pit viper in
Iran. Our results also showed that including landscape
variables with differential resistance values and func-
tional shapes in a multivariate optimization (Shirk
et al. 2010; Reddy et al. 2017) improves the prediction
of gene flow in the Caucasian pit viper. This study is
therefore an important addition in understanding how
landscape variables affect landscape connectivity. Our
findings have implications for the long-term persis-
tence of the species in the face of future habitat
changes. Given the high genetic structure and limited
gene flow observed in our study and the study
conducted by Asadi et al. (2019), these populations
are likely a set of genetically distinct units suggesting
that managers should give high priority to protecting
the remaining populations. Further studies based on
empirical analyses of genetic patterns and simulation
modelling are needed to properly evaluate the poten-
tial effect of landscape factors on gene flow.
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