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Abstract. Riverscape genetics, which applies concepts in landscape genetics to riverine
ecosystems, lack appropriate quantitative methods that address the spatial autocorrelation
structure of linear stream networks and account for bidirectional gene flow. To address these
challenges, we present a general framework for the design and analysis of riverscape genetic
studies. Our framework starts with the estimation of pairwise genetic distance at sample sites
and the development of a spatially structured ecological network (SSEN) on which riverscape
covariates are measured. We then introduce the novel bidirectional geneflow in riverscapes
(BGR) model that uses principles of isolation-by-resistance to quantify the effects of environmental covariates on genetic connectivity, with spatial covariance defined using simultaneous
autoregressive models on the SSEN and the generalized Wishart distribution to model pairwise distance matrices arising through a random walk model of gene flow. We highlight the
utility of this framework in an analysis of riverscape genetics for brook trout (Salvelinus fontinalis) in north central Pennsylvania, USA. Using the fixation index (FST) as the measure of
genetic distance, we estimated the effects of 12 riverscape covariates on gene flow by evaluating
the relative support of eight competing BGR models. We then compared the performance of
the top-ranked BGR model to results obtained from comparable analyses using multiple
regression on distance matrices (MRM) and the program STRUCTURE. We found that the
BGR model had more power to detect covariate effects, particularly for variables that were
only partial barriers to gene flow and/or uncommon in the riverscape, making it more informative for assessing patterns of population connectivity and identifying threats to species conservation. This case study highlights the utility of our modeling framework over other
quantitative methods in riverscape genetics, particularly the ability to rigorously test hypotheses about factors that influence gene flow and probabilistically estimate the effect of riverscape
covariates, including stream flow direction. This framework is flexible across taxa and riverine
networks, is easily executable, and provides intuitive results that can be used to investigate the
likely outcomes of current and future management scenarios.
Key words: bidirectional gene flow; brook trout; migration rate; riverscape genetics; simultaneous
autoregressive; spatially structured ecological network.

INTRODUCTION
Landscape genetics seeks to understand how habitat
connectivity and composition influence gene flow to
produce observed patterns in population genetic structuring (Manel et al. 2002). Advances in molecular
genetic tools have led to rapid growth in landscape
genetic studies across a variety of ecosystem types and
taxa (Storfer et al. 2010). However, most research has
been restricted to terrestrial landscapes, and the application of concepts in landscape genetics to model gene
flow of obligate aquatic organisms inhabiting lotic
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ecosystems. herein riverscape genetics, has been met with
limited success (Davis et al. 2018).
A significant impediment to the growth of riverscape
genetics is the lack of rigorous quantitative methods
specifically designed for riverine environments. In particular, there are two unique properties of rivers that make
traditional methods in landscape genetics difficult to
apply to riverscapes. First, the linearity of riverine
ecosystems creates a complex pattern of spatial autocorrelation that cannot be readily modeled using existing
methods designed for landscape genetics. Within a twodimensional landscape, it is often appropriate to account
for spatial autocorrelation by modeling the covariance
matrix of regression residuals as a function of Euclidean
distance among sites (Ver Hoef et al. 2018). However, in
riverine ecosystems, where movement of organisms is
constrained to the linear stream network, Euclidean
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(overland) distance is often a poor approximation of the
strength of autocorrelation as sites close in space may be
separated by a large hydrologic distance, particularly if
they occur in different watersheds (Ver Hoef et al. 2006,
Peterson et al. 2007). Simply replacing Euclidean distance with hydrologic distance also fails to adequately
account for the nested, hierarchical structure of streams
ecosystems, where the strength of correlation among
sites may depend on network position and/or the presence and size of intervening tributary confluences
(Ganio et al. 2005, Peterson and Ver Hoef 2010).
Quantitative methods in riverscape genetics have also
been constrained by the common assumption that gene
flow is undirected, and thus movement through a habitat
patch occurs at the same rate in all directions. While the
validity of this assumption has been questioned in landscape genetics (Baguette et al. 2012, Dyer 2015), it is fundamentally inappropriate for riverscapes where dispersal
is known to have directional bias, particularly downstream (Lamphere and Blum 2012). Asymmetry can be
the product of intentional downstream migration during
ontogeny, movement of larger individuals seeking more
productive habitats, or the result of density-dependent
dispersal (Fraser et al. 2004). Alternatively, passive
downstream displacement often occurs during high flow
events, particularly in juveniles and smaller-bodied individuals (Morrissey and Ferguson 2011). However,
despite the known prevalence of asymmetric gene flow
and migration, few modeling frameworks can quantify
the influence of flow direction, and those that can are
unable to simultaneously estimate effects for other riverscape covariates (Kanno et al. 2011; but see Hanks 2017)
for a counter example).
Together, the unique network structure and bidirectionality of gene flow in stream ecosystems render many
quantitative methods commonly used in landscape
genetics inappropriate for riverscape analyses. For example, while distance-based methods such as (partial) Mantel tests are the most common technique in landscape
genetics, their applicability to riverscapes has been disputed due to the inability to account for spatial structuring of sample locations, the limited ability to model
effects of multiple riverscape covariates, and the inability
to capture bidirectional gene flow. Additionally, distance-based methods notoriously lack sufficient power
to detect many effects and can also lead to spurious correlations, leading some to question their use in spatial
analyses, regardless of ecosystem type (Balkenhol et al.
2009, Cushman and Landguth 2010, Legendre and Fortin 2010, Wagner and Fortin 2013).
Regression-based methods can provide a more powerful statistical framework than distance-based techniques
and have the advantage of being able to accommodate a
larger suite of covariates. The most common regressionbased technique for landscape genetics is multiple regression on distance matrices (MRM), in which observed
pairwise genetic distances are correlated to a suite of
environmental covariates, which also must be
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represented as symmetric distance matrices (Balkenhol
et al. 2009). While MRM allows for multiple covariate
effects to be estimated, and also provides a framework
for hypothesis testing through permutation tests, it cannot capture bidirectional gene flow or mechanistically
account for the covariance structure in stream networks.
Alternatively, gravity models have been used in landscape genetics (Murphy et al. 2010) and provide the
advantage of a mechanism-based analysis by modeling
pairwise migration rates between neighboring nodes in a
network. However, they have been used sparingly in
riverscapes, primarily because they also typically do not
capture bidirectional gene flow and may thus be inaccurate in instances where there are barriers that influence
gene flow in only one direction (e.g., a waterfall that only
allows for downstream migration; Nathan et al. 2019).
Given the lack of an appropriate statistical framework, the majority of riverscape analyses have adopted a
less mechanistic approach for finding riverscape covariates that associate with population isolation. Typically,
this involves identifying population substructure using a
desired assignment and/or clustering algorithm (e.g.,
STRUCTURE; Pritchard et al. 2000 or Discriminant
Analysis of Principle Components [DAPC]; Jombart
et al. 2010) and making post-hoc associations between
the location of isolated populations and known movement barriers. While this has been fruitful for identifying
specific features that correlate to reduced migration
(e.g., waterfalls, dams, road crossings), it is difficult to
analyze the effects of more subtle features of the riverscape that can contribute to isolation (e.g., stream slope)
and it is not possible to generalize findings from these
site-specific analyses outside of the populations of direct
study (Hanks 2017). Additionally, many clustering or
assignment algorithms are biased towards discrete population structuring and often produce spurious clusters
when differentiation is better described as a continuous
cline (Bradburd et al. 2018). This can be problematic as
continuous, rather than discrete, population structuring
is hypothesized under a model of isolation-by-distance
(Wright 1943), and overestimation of population substructuring can lead to incorrect conclusions about riverscape features that influence gene flow.
The absence of appropriate quantitative methods for
riverscape genetics has limited the ability to rigorously
test hypotheses about gene flow in stream networks, and
continued modification of models used in terrestrial
ecosystems is unlikely to produce methods adequate for
analyses of obligate riverine species. Accordingly, we
suggest adopting a novel framework for riverscape
genetics motivated by principles of isolation-by-resistance (IBR). At a fundamental level, IBR methods
model genetic dissimilarity between individuals at two
locations as a function of the probability of and/or time
it takes animals to migrate between these locations
(McRae 2006, McRae and Beier 2007, McRae et al.
2008). Our goal in this study is to present an analogous
framework for riverscape genetics that builds on Hanks
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and Hooten (2013) and Hanks (2017) who developed a
statistical framework for modeling spatially correlated
genetic data arising from a large population of animals
migrating via random walks on a graph, or spatially
structured ecological network (SSEN). Peterson et al.
(2019) demonstrated via simulation studies that these
models can reliably identify environmental covariates
driving genetic connectivity in terrestrial systems, and
Hanks (2017) showed that random walk models for gene
flow result in spatial covariance defined by simultaneous
autoregressive (SAR) models on SSENs. Similar to Guillot et al. (2005), Hanks (2017) modeled microsatellite
data using multinomial data models (i.e., individual
genotypes). Here, we extend this following Peterson
et al. (2019) to directly model pairwise genetic distance
data. The result is a novel model, herein the bidirectional
geneflow in riverscapes (BGR) model, that provides a
rigorous, intuitive, and straightforward method for modeling the effects of environmental covariates on genetic
distance matrices in riverine networks. To our knowledge, this is the first statistical method that (1) uses
observed genetic distance matrices as a response, (2) is
capable of simultaneously quantifying bidirectional gene
flow and (3) accounts rigorously for the spatial autocorrelation structure of stream networks. While each of
these components has individually been accomplished in
other studies, no existing approach in the literature
brings all three of these advances together.
We illustrate this framework using genetic data collected on riverine brook trout (Salvelinus fontinalis).
Brook trout is a species of conservation concern
throughout much of its native range in the eastern United States, and populations have been declining due to
climate change, watershed land disturbance, and competition with nonnative species (Hudy et al. 2008). Many
brook trout populations are isolated to small headwaters, where downstream movement is limited by thermal
habitat availability, movement barriers, and interspecific
competition. In some cases, streams in close proximity
can be inhabited by genetically distinct populations of
brook trout (Kazyak et al. 2016), and current management protocols largely assume high degrees of population isolation. However, other studies have found that
some brook trout populations are capable of long-distance dispersal, and these movements can maintain population connectivity across larger spatial scales (Curry
et al. 2002, Petty et al. 2012, Aunins et al. 2015, Davis
et al. 2015, Kelson et al. 2015). As such, patterns of
brook trout genetic connectivity, and consequently the
influence of riverscape covariates on movement, often
vary considerably across watersheds. Understanding the
effect of riverscape covariates on brook trout gene flow
is critical for predicting the influence of future disturbance on population connectivity, including the effects
of novel disturbance regimes such as unconventional oil
and gas extraction (Weltman-Fahs and Taylor 2013) and
flow regulation and withdrawals, and implementing conservation initiatives at appropriate spatial and temporal
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scales (Merriam et al. 2019). Here, we demonstrate how
the BGR model can provide a powerful framework for
achieving these goals.
METHODS
A general framework for riverscape genetics
We propose a general framework for the design and
analysis of riverscape genetic data. This framework
allows for rigorous statistical analysis of genetic data
collected on aquatic organisms in riverine networks (but
see Discussion for extensions to other taxa) and contains
the following steps outlined in Fig. 1: (1) collect genetic
data at known locations along a river network and estimate pairwise genetic distance between all sampled locations; (2) create a network of nodes and edges to define a
graph (SSEN) that captures relevant attributes of the
stream network; (3) quantify covariates on each edge
that link neighboring nodes in the SSEN; (4) use the
bidirectional geneflow in riverscapes (BGR) model to
quantify pairwise genetic distance using statistical models for distance matrices, with spatial covariance defined
by the SSEN and edge covariates.
We illustrate this approach in riverscape genetic analysis for brook trout in the Loyalsock Creek watershed in
Pennsylvania, USA. The Loyalsock Creek watershed is
1,284 km2 and the Pennsylvania Department of Conservation and Natural Resources and Pennsylvania Game
Commission maintain multiple state parks, forests, and
game lands throughout the watershed. Accordingly,
anthropogenic disturbance is minimal, with 80% of the
watershed comprised of forested land use. However,
there are both natural and anthropogenic barriers to fish
movement, including road crossings with minimal fish
passage, manmade impoundments, and numerous waterfalls that formed from glacial erosion of relatively soft
sandstone and shale lithologies.
Most low-order tributaries to Loyalsock Creek support naturally reproducing brook trout populations
year-round. However, temperatures in mainstem Loyalsock Creek, a fourth- and fifth-order river, exceed brook
trout thermal tolerance from approximately June
through September. While brook trout occupy the mainstem during the winter, behavior and survival of fish in
Loyalsock Creek are not well understood. The mainstem
could serve as a seasonal movement corridor that
increases population connectivity across relatively large
spatial scales. Alternatively, high mortality from predation and thermal habitat loss in late spring and/or failure
of mainstem occupants to colonize new tributaries could
isolate brook trout populations separated by Loyalsock
Creek.
Estimating pairwise genetic distance
We demonstrate our quantitative framework using
data described by White et al. (2018), who collected
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FIG. 1. A conceptual framework for the design and analysis of riverscape genetic studies. In Step 1, a pairwise genetic distance
matrix (D) is estimated from sample sites along the river network. In the example river network, there are four sample sites, including one site, V10, located above a movement barrier (red dashed line) and D is a measure of the fixation index (FST). In Step 2, a spatially structured ecological network (SSEN) is developed for the river network. The SSEN consists of observed (blue) and
unobserved (orange) nodes, with unobserved nodes placed at every major tributary confluence, where there is a covariate that is
hypothesized to influence geneflow (e.g., the movement barrier), and upstream of observed nodes. Edges are defined as stream segments that connect neighboring nodes with, for example, w12,13 identifying the edge separating nodes V12 and V13. In Step 3, K
covariates are measured along each edge in the SSEN, and a matrix for each covariate is generated with xijk > 0 indicating nodes
that are first-order neighbors. For categorical variables such as flow direction (pictured in Step 3), xijk > 0 can also be used as a variable category; however, as explained in the text, the two are distinguished by the binary adjacency matrix used to model the intercept term. Most matrices are symmetric such that xij = xji; however, the model can accommodate asymmetric covariates as
demonstrated by the matrix for flow direction. Finally, in Step 4, the novel bidirectional geneflow in riverscapes (BGR) model is
used to model D as a function of riverscape covariates using the generalized Wishart (GW) distribution for distance matrices with
covariance structure modeled using properties of the SSEN.

adult brook trout from 30 sites throughout the Loyalsock Creek watershed from 2015 to 2017 using backpack
electrofishing, and genotyped individuals at 12 polymorphic microsatellite loci developed for use in brook trout
(King et al. 2012). The original sampling occurred
upstream and downstream of impassable barriers at
three sites. While this did not influence the individualbased analysis of White et al. (2018), we separated fish
from those three sites into upstream and downstream
populations so that we could model the effects of barriers on gene flow. Additionally, following results of White

et al. (2018), 115 fish that had evidence of hatchery
introgression were removed from this analysis. Thus, our
analysis included 1,627 adult brook trout from 33 sites,
with an average of 49 individuals collected from each site
(range = 10–129; Fig. 2A).
For sites that were sampled on multiple occasions, we
assessed for differences in allelic richness and observed
and expected heterozygosity using the program GenAlEx 6.5 (Peakall and Smouse 2012) and found no significant differences. Thus, all individuals collected at a site
were pooled together, regardless of sample date. We also
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FIG. 2. Maps of the Loyalsock Creek watershed showing the location of (A) nodes and (B–K) edges (B–K) of the spatially
structured ecological network (SSEN). Maps of the SSEN edges are symbolized to depict the values of the covariates used for modeling gene flow using the BGR model.

calculated pairwise relatedness, rxy, (Queller and
Goodnight 1989) using the program SPAGeDi (Hardy
and Vekemans 2002) to ensure that no population was
comprised of a significant proportion of pairwise rxy values at or above 0.5 (which would indicate a significant
proportion of parent–offspring or full siblings in the
sample).
We elected to use pairwise FST (Weir and Cockerham
1984; sometimes referred to as Weir and Cockerham’s

theta) as the measure of genetic distance in our models,
which we calculated in the program FSTAT (Goudet
2001) with 1,000 bootstrap replicates. Importantly, using
a different measure as the response variable (e.g., proportion of dissimilar alleles, GST [Nei 1973]) would likely
produce similar results (Shirk et al. 2017, Nathan et al.
2019). However, the distributional assumptions of our
modeling framework dictate that the response variable
be a measure of population dissimilarity.
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Notably, our framework is amendable to diverse sampling designs. The number of samples per population,
the length of stream sampled at each site, and the number of loci used for genotyping can be modified to reflect
the ecology of the focal species and study objectives. For
example, data collected on populations of a more sedentary species with higher levels of genetic diversity may
require fewer individuals per population to be sampled
and genotyping at fewer loci (Kalinowski 2002, Arthofer
et al. 2018). However, care should be taken to avoid
over-representation of family structure and to not sample outside the reasonable home range of individuals
within the population of interest, as both can cause deviations from Hardy-Weinberg expectations and bias analyses of genetic structure. We refer readers to Allendorf
and Phelps (1981), Anderson and Dunham (2008),
Rodriguez-Ramilo and Wang (2012), Hale et al. (2012),
and Waples and Anderson (2017) for general considerations on sampling design.
Defining the Spatially Structured Ecological Network
(SSEN)
Our framework centers on viewing the stream network
as a spatially structured ecological network (SSEN). An
SSEN (G) is a graph G  (V,W) where V is a series of m
nodes V  {V1,V2,. . .,Vm} and W  {wij, i = 1,. . .,m,
j = 1,. . ., m} defines the edges or edge weights connecting nodes i and j. All nodes are located on the stream network with, at minimum, one node at each sample site. We
also suggest placing one node at major tributary confluences and additional nodes between confluences to capture the structure of the stream network. For smaller river
networks that are fairly homogeneous and linear between
confluences few, if any, intermediate nodes will be needed.
However, if the riverscape is highly variable between confluences with, for example, changes in land cover or presence of hypothesized movement barriers, then including
more intermediate nodes in the network will be needed to
capture riverscape heterogeneity (Fig. 1).
Using ArcGIS 10.5.1 (ESRI, Redlands, California,
USA), we constructed an SSEN for the Loyalsock Creek
system that was comprised of M = 126 nodes, of which
33 nodes were observed (i.e., sample sites) and 93 nodes
were unobserved (Fig. 2A). Unobserved nodes were
placed at all major tributary confluences and upstream
of observed nodes such that each observed node had an
upstream and downstream first-order neighbor. To minimize bias when quantifying riverscape covariates, we
also placed unobserved nodes on edges that exceeded
10 km. This ensured all edge covariates were calculated
at similar spatial scales and limited the effect of smallscale habitat features (e.g., a single barrier) to an appropriate spatial extent (i.e., with smaller edges a barrier can
only influence migrations rates in the immediate vicinity,
not across an edge that is 10 km or longer). The 126
nodes were connected by 125 edges with an average edge
length of 1.60 km (range = 0.02 to 9.88 km). Edges were

derived from a 1/3 arc-second elevation grid from the
U.S. Geological Survey National Elevation Dataset
(NED) using the Hydrology Tools in ArcGIS, which was
necessary because stream data from the National
Hydrography Dataset version 2 (NHDPlus V2) did not
provide enough resolution to capture all first-order
streams that contained a sample site (data set available
through Zenodo, see Data Availability).6
Quantifying edge covariates
Having specified the nodes and edges in our SSEN, we
now specify the edge weights W  {wij, i = 1,. . .,m,
j = 1,. . ., m}, which quantify the relative rate at which
individual brook trout move from node i to j in the river
network. Following Hanks (2017) and Peterson et al.
(2019), we modeled edge weights using a nonnegative
function of riverscape covariates. Let xijk be the value of
the kth covariate for the edge connecting nodes i and j in
the SSEN. We then defined edge weights as a log-linear
function of the K covariates and corresponding resistance parameters
(
wij ¼ exp

K
X

)
bk xijk :

k¼1

Edge weights are only defined for edges that connect
neighboring, first-order nodes. When nodes i and j are
not first-order neighbors, the edge weight is zero. Importantly, if two nodes are not directly connected by an
edge, a path between nodes will still exist through intervening nodes.
Each of the K edge covariates can be represented by
an M 9 M matrix, Xk, where element xijk of Xk is the
covariate value for the edge separating nodes i and j
(e.g., the slope of the stream segment separating nodes i
and j). Then We modeled the matrix of edge weights as
(
W ¼ exp

K
X

)
b k Xk ;

k¼1

where the exponential function here is applied element
wise and is not the matrix exponential function.
As described below, we probabilistically modeled edge
weights as a function of 12 possible riverscape covariates
measured on each edge (Table 1). Covariates were continuous and categorical, with continuous covariates
including edge length, distance from the edge’s centroid
to mainstem Loyalsock Creek, average elevation, slope,
road crossing density, Strahler stream order, link magnitude, and watershed area. Categorical covariates, represented by binary indicator variables, included flow
direction (0 = upstream, 1 = downstream), whether an
edge was in the mainstem (1) or a tributary (0), and presence (1) or absence (0) of a movement barrier or a
6
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TABLE 1. A description of riverscape covariates considered in analyses of brook trout migration where wij refers to the edge
connecting nodes i and j.

Covariate

Definition

Ecological importance

Direction

whether node i is upstream (0) or
downstream (1) of node j

Barrier

the presence (1) or absence (0) of an
impassible barrier on wij including large
waterfalls, impoundments, and
continuously dry stream channels
whether wij periodically lacks stream flow
(1) or has year-around flow (0)

Intermittently dry

Mainstem

Distance to the
mainstem

wij is a tributary (0) or in the mainstem
(1), with mainstem defined by stream
orders of 4 or larger
the distance (km) from the center of wij to
mainstem Loyalsock Creek

Edge length

length (km) of wij (i.e., distance between
nodes i and j)

Elevation

average elevation (m) of wij

Slope

slope of the wij

Road crossing density

the density of road crossings in wij

Stream order

Strahler stream order of wij

Link magnitude

Shreve stream order of wij

Catchment area

cumulative area (km2) of the catchment
calculated on the centroid of wij

Passive and active fish dispersal is often
biased in the downstream direction
(Morrissey and Ferguson 2011,
Lamphere and Blum 2012, Hanks 2017).
Barriers reduce gene flow, particularly in
the upstream direction (Gomez-Uchida
et al. 2009).
Seasonal intermittency can isolate fish
upstream and/or reduce tributary
colonization (Labbe and Fausch 2000).
Movement of brook trout into larger
rivers can increase genetic connectivity
(Petty et al. 2012, Aunins et al. 2015).
Populations further from the mainstem
may move to occupy the mainstem at
lower frequency than populations closer
to the mainstem (Albanese et al. 2004).
Under a model of isolation-by-distance,
gene flow will decline with larger
distances between nodes (Wright 1943).
Higher elevation streams may have
increased downstream migration due to
higher gradients (Torterotot et al. 2014).
Higher stream slopes are associated with
reduced movement and gene flow
(Pritchard et al. 2007, Kanno et al. 2011).
Road crossings, particularly on lowerorder streams, can have low fish passage
and limit migration (Nathan et al. 2018).
Larger streams can be thermally or
hydrologically suitable for migration.
Migration in adventitious tributaries (loworder streams near the mainstem, and
thus low link magnitude) could be higher
than streams of similar stream order but
with larger upstream watershed area (and
thus higher link magnitudes; Grenouillet
et al. 2004).
Streams with larger catchment areas are
thermally and/or hydrologically
unsuitable for trout occupancy and
movement for longer periods of the year.

Range of values
NA

NA

NA

NA

0–13,623.61

0.02–9.88

155.98–
573.69
0.23–40

0–11.47

1–5
1–218

1.69–1219.87

Note: NA, not applicable.

segment of stream with intermittent flow during dry
years. For binary indicator variables, xijk = 0 indicated
nodes that were not first-order neighbors, but also a categorical value for a covariate. However, the two are distinguishable by the intercept term, which was modeled
using a binary adjacency matrix where xij1 = 1 if two
nodes were first-order neighbors and xij1 = 0 implied
that an edge did not directly connect two nodes.
All covariates were quantified in ArcGIS, with physical attributes of the stream network derived from the 1/3
arc-second NED elevation grid and roads from the
Pennsylvania Spatial Data Access online clearinghouse
(available online).7 So that all covariates were on the
7
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same scale, continuous covariates were standardized by
dividing by the maximum value for that covariate. Most
covariate matrices were symmetric such that xijk = xjik.
The exception was flow direction, which was asymmetric
to account for the spatial configuration of nodes along
the edge.
Bidirectional Geneflow in Riverscapes (BGR) model
We take advantage of the generalized Wishart (GW)
distribution (McCullagh 2009), which was recently
developed and validated as a formal statistical model for
pairwise distance matrices (Hanks and Hooten 2013)
and create the bidirectional geneflow in riverscapes
(BGR) model. Let D denote a matrix of pairwise genetic
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distances, in this case the 33 9 33 matrix of pairwise FST
values (see Estimating Pairwise Genetic Distance). Following Hanks and Hooten (2013) and Peterson et al.
(2019), we modeled D as

1 
D  GW QQT ; A
which is a GW distribution with covariance parameter
(QQT)1 and degrees of freedom A equal to the number
of microsatellite loci used for estimated pairwise genetic
distance. The GW distribution is the distribution for a
pairwise distance of A multivariate Gaussian random
variables, each correlated with covariance matrix
(QQT)1 where Q = R – W. Here, W is the matrix of edge
weights on the
P SSEN and R is a diagonal matrix with
entries Rii ¼ Wik (see Hanks 2017 and Peterson et al.
c
2019 for details).
While the GW distribution has been
used for genetic data before, it has not been used for
riverscapes or other systems where quantifying bidirectional flow is critical. Rather, it has only been used in
landscapes where symmetric flow is assumed (Peterson
et al. 2019). Thus, our BGR model results from a novel
combination of the GW statistical model for pairwise
genetic distance data and a model for correlation that
allows for bidirectional gene flow.
Our model for this correlation is based on the equilibrium solution to a random walk model for gene flow.
Following Hanks (2017), we assume that there is a population of brook trout that occupies the 126 nodes in our
SSEN. If we assume that individuals in this population
move from node i to node j with rate proportional to the
edge weight, wij, and if we assume that the birth and
death rates for microsatellite alleles at each node are
independent and identically distributed normal random
variables, then the long-run stationary distribution of
the proportion of individuals with each allele is a spatially correlated Gaussian random variable with constant mean and precision (inverse covariance) equal to
QQT. Thus, the GW distribution, paired with an SSEN,
provides a formal statistical model for genetic distance
matrices arising through a random walk model for
migration, and has been shown through simulation studies to accurately estimate resistance parameters for edge
covariates (Peterson et al. 2019). Further, the density for
a GW distribution can be easily evaluated using the rwc
package (Hanks 2018) in R.
The matrix Q in the GW distribution is dependent on
the edge weights (wij) of the SSEN (see Fig. 1), which in
turn
are
functions
of
riverscape
covariates
X1 ; X2 ; . . .; XK and corresponding regression parameters
b1 ; b2 ; . . .; bK . We take a Bayesian approach to inference
and thus specify diffuse normal priors on the regression
parameters
bk  N ð0; 100Þ; k ¼ 1; 2; . . .; K:
This leads to a very simple hierarchical model for the
observed distance matrix D. We constructed a Markov
chain Monte Carlo (MCMC) sampler to draw samples
from the posterior distribution [b|D]. At each iteration
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of this sampler, the regression parameters b are updated
using random walk Metropolis-Hastings steps, with the
proposal variance adaptively tuned using the log-adaptive approach of Shaby and Wells (2010). See Data Availability for code to complete this analysis.
We fitted eight models for the observed genetic distance matrix D (Appendix S1: Table S1). One model, the
base model, only included the intercept term and covariates for stream flow direction and barriers. These two
covariates are known to significantly influence gene flow
in streams, and all remaining models added parameters
to the base model to test hypotheses about how riverscape covariates influenced gene flow. The barrier model
tested the hypothesis that gene flow is influenced most
significantly by physical barriers and had additional
covariates for road crossing density and intermittently
dry stream segments. The network position model tested
the hypothesis that gene flow was influenced by the location of a site within the watershed and included the indicator variable for mainstem and distance to the
mainstem. Conversely, the local habitat model tested the
hypothesis that habitat at the site-level had the most
influence on gene flow and included covariates for edge
length, intermittently dry stream segments, mean elevation, slope, stream order, and road crossing density. The
seasonal model included the indicator variables for
mainstem and intermittently dry stream segments and
tested the hypothesis that habitats with temporally
stochastic occupancy probabilities are the most important drivers of gene flow. Finally, the full model included
all covariates and tested the hypothesis that gene flow
was influenced by all parameters under consideration.
For all models, we only included covariates with Pearson
correlation < 0.7 to avoid unidentifiability in covariate
effects. We also evaluated support for biologically appropriate interaction terms. Most notably, we investigated
whether the effects of road crossings and barriers differed according to flow direction (i.e., flow direction 9
road crossing/barrier interaction terms), as would be
expected if fish could swim downstream, but not
upstream, of these structures. However, interaction
effects were not statistically significant, and models without interactions were most supported by our data.
Each candidate model was evaluated for relative support using the deviance information criterion (DIC) and
parameter significance was determined by whether the
95% credible interval of the estimated regression coefficient overlapped with zero. While cross-validation is an
appealing approach for model selection, for correlated
data cross-validation requires the specification of the
conditional distribution of the held-out data, conditioned on the observed data. The theory for conditional
distributions of distance matrices has not been developed, so we used DIC, which is a common approach for
model comparison in Bayesian analyses (e.g., Hooten
and Hobbs 2015). Models with fewer than nine covariates were run for 50,000 iterations and parameters were
estimated after 25,000 burn-in. The two largest models

Xxxxx 2020

RIVERSCAPE GENETICS FRAMEWORK

took longer to converge, and were run for 200,000 iterations and parameters were estimated after 100,000 burnin. Models were fitted within R version 3.5.0 (R Core
Team 2018) using the rwc package (Hanks 2018; all code
described can be accessed through Zenodo (see Data
Availability)).
Relative migration rates
One of the notable benefits of our framework is the
interpretability of the results. As our model assumes a
mechanistic model for migration, with upstream and
downstream migration rates defined by the edge weights
of the SSEN (fwij gÞ, after we estimate model parameters
b we can easily estimate relative migration rates between
nodes in our stream network. After identifying the topranked model and estimating the resistance values for each
covariate (bk), relative migration rates were estimated as
8


P
<
exp
if nodes i and jareneighbors
bk xijk
wij ¼
:
k
:
0
otherwise
We estimated relative upstream and downstream
migration rates and calculated 95% credible intervals
from 1,000 draws from the posterior distribution for
each parameter. While these migration rates do not represent the total number of individuals migrating through
an edge, they can be interpreted as relative migration
rates (Hanks 2017) such that larger numbers indicate
edges that are more conducive to fish movement. Additionally, because covariates were all scaled between 0
and 1, parameter estimates can be interpreted as the relative influence of each covariate on migration rates with
large, positive values indicating a covariate that significantly increases relative migration, and large negative
values indicating a covariate that significantly decreases
relative migration. Plotting these estimates and evaluating relative differences in migration among habitat units
helps visualize and provide insight into stream segments
that facilitate or impede gene flow.
Comparison of the BGR Model to MRM and
STRUCTURE
Simulation studies have previously shown that the statistical framework that underlies the BGR model can
accurately estimate covariate effects in network-based
genetic analyses (Peterson et al. 2019). Given that, we
wanted to assess the performance of the BGR model relative to MRM and the program STRUCTURE (Pritchard
et al. 2000), which are two of the most common methods
used in riverscape genetics. To facilitate comparisons
between methods, and because model selection with
MRM can lead to spurious conclusions about covariate
effects (Franckowiak et al. 2017), we only ran MRM
using a model that is analogous to the top-ranked BGR
model. However, flow direction could not be incorporated
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into the MRM, and other covariates had to be modified
from the M 9 M matrix used to characterize the
M = 126 node SSEN to an N 9 N matrix that only quantifies pairwise environmental distance between the N = 33
sample sites. Accordingly, distance matrices for covariates
that represent the presence/absence of a feature (e.g., barriers, intermittent stream segments, etc.) were modified to
reflect the total number of occurrences of that feature
between sample sites. Distance matrices for continuous
covariates (e.g., slope, elevation, etc.) were modified to
reflect the difference in that covariate between sample
sites. Finally, the binary covariate for mainstem was converted to the proportion of the hydrologic distance
between sites that occurred in the mainstem. While this
method of calculating distance matrices largely overlooks
the underlying network, and so may not accurately summarize the habitat an organism encounters when migrating between locations, it is similar to the approach used in
most riverscape genetic studies (Castric et al 2001, Kanno
et al. 2011, Torterotot et al. 2014, Davis et al. 2018) and
demonstrates the difficulty and limitation of using MRM
in comparison to the BGR model.
We used the ecodist package (Goslee and Urban 2007)
in R v. 3.5.0 (R Core Team 2018) to fit the MRM model
with FST as the response variable. In addition to the
covariates that were in the top-ranked BGR model, we
also included hydrologic distance between sample sites
in the MRM model to account for potential isolationby-distance effects. Notably, as the BGR model can only
include edge length, not distance between sites, as a
covariate, it cannot be used to easily test hypotheses
about isolation-by-distance when there are intervening,
unsampled nodes.
We also used STRUCTURE version 2.3.4 (Pritchard
et al. 2000) to identify population substructuring and
relate observed patterns of connectivity to riverscape
covariates. We ran 20 independent STRUCTURE runs
for each of K = 1 to 40 genetic clusters using the admixture model with correlated allele frequencies and no a
priori information on sample location. Each STRUCTURE run had 200,000 iterations as burn-in, followed
by 500,000 replicates of data collection. We used
STRUCTURE HARVESTER (Earl and vonHoldt
2012) to summarize STRUCTURE runs and determine
the most likely value for K using the DK method
(Evanno et al. 2005). The 20 replicate runs were combined into a single estimate of population assignment
using the LargeKGreedy algorithm in CLUMPP (Jakobsson and Rosenberg 2007) and results were visualized
using DISTRUCT (Rosenberg 2004).
RESULTS
Pairwise genetic distance
Mean pairwise FST was 0.12 (range = 0.001 to 0.37)
with average site-level FST values ranging from 0.08 to
0.25. Four of 528 pairwise FST estimates were not
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statistically significant at a Bonferroni-corrected
a = 0.0001. Three of these estimates came from sample
locations that were on the same stream segment, with
one occurring between sites on different streams and
separated by mainstem Loyalsock Creek.
Influence of riverscape covariates on gene flow
The seasonal model, which tested the hypothesis that
habitats with temporally stochastic occupancy probabilities are the most important drivers of gene flow, had the
most support with DIC= 1152 followed by the network
position model with DIC = 1146. There was minimal
support for the remaining models, with most being at
least 20 DIC points higher (Appendix S1: Table S1).
Accordingly, inferences were made from the seasonal
model.
There was a significant positive effect of flow direction
(posterior mean followed by 95% credible interval = 1.33 [0.87, 1.89]) and mainstem (1.93 [0.31, 4.56]),
indicating there was less resistance to gene flow in the
downstream direction and in edges that occurred in
mainstem Loyalsock Creek. Permanent movement barriers had a significant negative effect on gene flow (0.80
[1.13, 0.52]). The estimated effect for stream flow
intermittency was not statistically significant (0.29
[0.62, 0.06]); however, there was a 92% posterior probability that intermittent stream segments negatively
influenced gene flow (Table 2).
Relative migration rates
Edge weights calculated from b estimates derived from
the seasonal model suggested that the relative rate of
downstream migration was 3.78 times higher than
upstream migration. Averaging across all edges, this

resulted in a 135% increase in migration in the downstream direction. Relative migration rates in mainstem
Loyalsock Creek were 6.89 times greater than relative
migration rates in the tributaries. When averaging across
migration rates in the upstream and downstream directions, this led to a 185% increase in relative migration in
the mainstem compared to tributaries. Relative migration rates in edges with barriers and intermittent stream
flow were 0.45 and 0.75 times lower than edges without
those habitat features, respectively. This resulted in an
83% reduction in relative migration when there was a
barrier and a 43% reduction in relative migration when
there was a channel with intermittent flow (Fig. 3).
Comparison of the BGR Model to MRM and
STRUCTURE
Following results of the BGR model, we used MRM
to model FST as a function of barriers, intermittently dry
stream segments, hydrologic distance between sample
sites, and proportion of hydrologic distance between
sites in the mainstem. Of those variables, MRM identified barriers as the only covariate that had a significant
effect on FST (b = 0.04, P = 0.01, Table 2).
STRUCTURE suggested K = 29 genetic clusters
(Appendix S1: Fig. S1), and visual inspection of the
results also identified genetic isolation of populations
upstream of barriers. For example, there appears to be
no admixture at sites CONK and MILA, which are two
sites that occur upstream of an impoundment and waterfall, respectively. However, the effect of intermittently
dry stream segments was harder to discern, as DSCO
and MIHI appear to maintain at least moderate levels of
genetic connectivity despite being near areas of intermittency. Sample sites that occur near mainstem Loyalsock
Creek appear to be significantly admixed, which could

TABLE 2. A comparison of parameter estimates obtained from the top-ranked bidirectional geneflow in riverscapes (BGR) model
and an analogous model conducted using multiple regression on distance matrices (MRM).

Model and covariate
BGR
Intercept
Flow direction (1 = downstream)
Barriers
Mainstem
Intermittently dry stream segments
MRM
Intercept
Barriers
Intermittently dry stream segments
Hydrologic distance between sites
Proportion of the distance between
sites in the mainstem

Posterior mean for the estimated b for
the effect on gene flow

95% credible
interval

1.96
1.32
0.79
1.86
0.29

1.29, 2.66
0.86, 1.83
1.10, 0.51
0.36, 4.32
0.61, 0.08

Estimated b for the
effect on FST

P

0.09
0.04
0.00
0.00
0.00

0.83
0.01
0.79
0.91
0.74

Notes: The BGRF model, which estimates the effect of covariates on geneflow, found negative effects of barriers and intermittently dry stream segments and positive effects for downstream flow direction and mainstem river channels. MRM is unable to
model the effect of flow direction, and only identifies barriers as negatively influencing gene flow (i.e., barriers significantly increase
FST).
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FIG. 3. Relative (A, B) upstream and (C, D) downstream migration rates of brook trout in the Loyalsock Creek spatially structured ecological network (SSEN) calculated from b estimates derived from the seasonal BGR model. The black squares in panels A
and C are shown in more detail in panels B and D, respectively, and highlight the effects of barriers (circles) and seasonally dry areas
(squares) on relative migration rates.

suggest that the mainstem is a significant movement corridor. However, this conclusion is highly subjective and
based on visual analysis alone. Similar to MRM, the
effect of flow direction is not discernible in results from
STRUCTURE (Fig. 4).
DISCUSSION
Quantitative methods commonly used in riverscape
genetics are unable to accommodate the unique properties of riverine networks and do not appropriately specify spatial autocorrelation (Davis et al. 2018). Most
approaches (i.e., STRUCTURE) do not allow for formal
hypothesis testing of the effects of riverscapes covariates
on connectivity, and when they do (i.e., MRM), they
often lack sufficient power to detect important effects, as
was demonstrated in our analysis. Here, we introduce a
novel, flexible framework for quantifying riverscape
genetics that models pairwise genetic distances using
GW distributions (McCullagh 2009), with spatial covariance defined by a SSEN (Peterson et al. 2019) and
covariates measured along each edge in the network.
The result is the BGR model that rigorously estimates
covariate effects within a probabilistic, hypothesis-driven

framework. To our knowledge, this is the first quantitative framework capable of modeling bidirectional gene
flow and accounting for the spatial autocorrelation
structure of stream networks (Fig. 5). This, along with
the ease of execution and interpretability of results, presents a significant advancement to the rapidly growing
field of riverscape genetics.
We highlighted the utility of our framework and the
increased predictive performance of the BGR model in a
study of brook trout riverscape genetics. Numerous population genetic studies have suggested that brook trout
populations isolate at small spatial scales, including isolation of neighboring tributaries with no known movement barrier (Kazyak et al. 2016, Beer et al. 2019). This,
along with behavioral observations, has led many to
assume that brook trout can have limited dispersal ability, particularly when intervening habitat consists of larger rivers that are only seasonally habitable.
Accordingly, brook trout management efforts are rarely
put into a metapopulation context, and the significance
of conservation actions or disturbance events are generally considered to be restricted to a single stream. However, results of the BGR model question the validity of
these assumptions for brook trout in Loyalsock Creek,
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FIG. 4. (A) Map of the Loyalsock Creek watershed with sample sites labeled and (B) proportion of individual membership to
each of K = 29 genetic clusters inferred from STRUCTURE analysis. Results from STRUCTURE suggest a potential isolating
effect of barriers (as evidence by genetic isolation of CONK and MILA), but it is difficult to discern effects for intermittently dry
stream segments (e.g., DSCO, MIHI), mainstem connectivity, or flow direction.

FIG. 5. A summary of the properties of the bidirectional geneflow in riverscapes (BGR) model, multiple regression on distance
matrices (MRM), and program STRUCTURE as they relate to each method’s ability to predict the influence of environmental
covariates on gene flow in riverscapes. A check mark means that the modeling framework can perform the analysis, whereas an X
indicates that the framework lacks the ability to perform the particular model.
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with results suggesting that mainstem Loyalsock Creek
serves as a seasonal movement corridor that increases
population connectivity across relatively large spatial
scales. Consequently, changes in habitat suitability at
one site can have significant, unintended consequences
to large-scale metapopulation genetic structure and
demography (Letcher et al. 2007). In addition, maintaining the ecological integrity of habitats that are only seasonally suitable for brook trout occupancy appears to be
critical for maintaining gene flow and population connectivity in this system.
Notably, insights that the BGR model provided about
population connectivity, including guidance about
future threats and potential conservation actions, were
not similarly obtainable using MRM and STRUCTURE. While all methods detected a negative effect of
permanent barriers on gene flow, only the BGR model
identified stream segments with intermittent flow as also
having a negative effect. This is likely because instances
of that covariate were rare across the riverscape and
because stream intermittency only reduces, not blocks,
gene flow. Additionally, the inability to fully characterize
the riverscape using pairwise distance matrices and reliance on visual correlations made it difficult to rigorously
evaluate the effect of the mainstem using results from
the MRM and STRUCTURE analyses. This highlights
the benefits of using a SSEN to characterize the river
network, particularly the ability to quantify the riverscape using variables measured not only on nodes, but
also on the edges connecting nodes. Doing so allowed us
to create a more realistic representation of the habitat
fish encounter when migrating between nodes, and to
better isolate effects of specific covariates on gene flow.
Further, by building on the model of Hanks (2017), the
BGR model is the only method capable of quantifying
bidirectionality in gene flow. This proved important, as
relative migration rates were significantly higher in the
downstream direction. However, while the BGR model
captures isolation-by-distance through an intercept
term, this term is also confounded with the absolute
variation of the genetic distance matrix (see Hanks 2017
for details). While this makes it difficult to directly test
for isolation-by-distance in the BGR framework, it is
easy to test for effects of distance using MRM or a variogram-based analysis (Wagner et al. 2005). Together,
results from this case study highlight how our framework can be used in conjunction with other analytical
approaches (i.e., STRUCTURE and MRM) to further
our understanding of riverscape genetics.
The disparity in the conclusions generated by MRM,
STRUCTURE, and the BGR model demonstrates the
need to interpret results of population genetic studies
with caution. Methods commonly used for genetic
assignment and clustering may lead to erroneous conclusions about the extent of spatial structuring (Bradburd
et al. 2018), particularly if sample sizes are uneven or
population structure is hierarchical (Puechmaille 2016,
Wang 2017). For example, our MRM analysis provided
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little insight into the degree of connectivity among populations, and it was difficult to ascertain the relative
importance of the mainstem from STRUCTURE output. The predisposition towards assumption of isolation
is a particularly large short-coming, as many stream
fishes are assumed to follow an isolation-by-distance
model of gene flow (Kanno et al. 2011, Vøllestad et al.
2012), wherein genetic similarity between populations
declines with the hydrologic distance separating the populations. Under this model, the hypothesis is that genetic
structuring is continuous. However, the continuous cline
may go undetected when using MRM or STRUCTURE
and/or the spatial scale of sampling is too coarse to
detect populations with significant levels of admixture
(Frantz et al. 2009). Ultimately, inaccurate assumptions
of isolation may negatively influence species conservation by unintentionally isolating populations and incorrectly identifying riverscape features that facilitate and
impede gene flow.
A particularly useful feature unique to the BGR
model is the ability to predict how changes to the riverscape could influence migration rates within the SSEN.
After using b estimates to quantify edge weights, it is
straightforward to adjust the value for an edge’s covariate to predict how a management action would influence
migration rates. For example, in the Loyalsock Creek
watershed, removal of a barrier is expected to increase
average relative migration rates by 83%. Within the larger riverscape, model results can be used to prioritize
conservation efforts by, for example, identifying sections
of stream that would have the largest increase in migration following a management action. Alternatively, the
model can be used to investigate various disturbance scenarios, such as placement of a new stream crossing or
location for a new building development, to minimize
effects on metapopulation demography.
As we demonstrate, our framework can also be informative for generating hypotheses for ecological processes
that are difficult to directly observe and can improve predictions of how future disturbance may influence population connectivity. For example, we determined that
brook trout in Loyalsock Creek can maintain population connectivity at relatively large spatial scales. Given
that thermal habitat in the mainstem is only available for
approximately eight months, and brook trout spend
much of this time in smaller tributaries spawning, migration likely occurs in a stepping-stone pattern (Kimura
and Weiss 1964). Under this model, adults and their offspring would disperse to tributaries that are increasingly
further away from the parent’s natal stream every winter. The success of this dispersal behavior is dependent
on temporally stochastic processes and habitat availability, which could be threatened by future climate change
and anthropogenic disturbance (Merriam et al. 2019).
For example, increased frequencies of floods and
droughts combined with anthropogenic flow regulation
could alter the hydrologic regime of the mainstem during
the short timeframe in which brook trout are occupying
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and moving through the mainstem (Shank and Stauffer
2015). Increased watershed land disturbance could
increase sediment deposition, alter the water table, or
increase the prevalence of impoundments, all of which
could result in more and longer periods of tributary
intermittency. Based on results of our models, hydrologic
disturbance in both the mainstem and tributaries would
be expected to decrease brook trout gene flow and
migration rates, which could lead to increased rates of
population isolation. Importantly, because movement
and habitat change occur over relatively large temporal
and spatial scales, these conclusions would be difficult to
generate by directly monitoring fish movement.
The BGR model is versatile and can be amended for
use in a variety of taxa and riverscapes. With the provided code (see Data Availability), users need only to
provide a genetic dissimilarity matrix of their choice
(here we used FST), and Xk matrices of environmental
covariates. Development of covariate matrices for larger
SSENs may be laborious; however, as shown here, some
models may be robust towards simplified networks with
larger edges and fewer nodes. Care should be taken to
ensure that the resolution of the SSEN does not ignore
critical riverscape features that are important for characterizing gene flow in the study system. For example, we
also conducted preliminary analyses on a larger SSEN
that had more intermediate nodes (and thus smaller
average and maximum edge lengths); however, results
were nearly identical to those obtained when using the
smaller SSEN. As such, we developed final models using
a smaller network due to higher computational efficiency when working with fewer nodes and edges.
Importantly, the appropriate size of an SSEN will
depend on the scale at which habitat covariates influence
migration and how precisely habitat covariates can be
quantified. The effects of small-scale habitat features,
such as isolated road crossings, areas of high stream gradient, or changes in land use, may not be detected in
smaller SSENs where covariates are qualified across larger edges. However, larger SSENs may not be warranted
if the spatial resolution of data is too course to precisely
measure changes in riverscape covariates. Though more
laborious, researchers may want to conduct at least preliminary analyses on larger SSENs to evaluate the ability
to detect effects for fine-scale habitat covariates before
conducting additional analyses on smaller SSENs. Even
with larger networks, the BGR model is still faster to
implement than STRUCTURE, with model results generally obtained in under an hour.
Our framework focuses on analyses of riverscape
genetics, but more generally the scenario where it is reasonable to assume that organisms only migrate along
linear networks. This makes the model ideal for the
study of gene flow in fish populations, but also terrestrial
species with discrete movement corridors. Further extensions of our framework can be made to accommodate
scenarios where additional patterns of connectivity
could be reasonably assumed, as might be the case with
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organisms such as amphibians, semi-aquatic mammals,
and insects, which exhibit both aquatic and overland dispersal. In this case, one possible extension would be to
first construct a network based on a landscape raster,
with connections between neighboring cells. An edge
could then be generated to connect each of the nodes in
the river network to the closest node on the landscape
raster, with separate edge weights for each pairwise set
of nodes. The result would be a single SSEN, with some
edges representing terrestrial movement and other riverine movement. As we have described here, it is quite possible to use genetic distance data to estimate the effect of
riverscape covariates on migration and gene flow. Following this, one would then include in the model a
covariate differentiating terrestrial edges from riverine
edges, and estimate the relative importance and migration through each habitat type. Thus, while we present
our framework for the analysis of riverscape genetics,
the general approach, construct an SSEN, use covariates
to model edge weights as appropriate for the study system, and estimate how characteristics of the SSEN edges
affect migration and gene flow using the BGR model, is
versatile and flexible enough to capture a wide range of
hypothesized behavior.
This framework is the first statistically rigorous option
available for the collection and analysis of riverscape
genetics using genetic distance matrices and has the
additional advantages of being easy to execute and producing intuitive results that can be communicated to
conservation practitioners. Future extensions of this
model that accommodate individual genetic data would
be worthwhile for comparing the relative influence of
site-specific and watershed-level habitat data for influencing population genetic structure. However, the vast
analysis options afforded by this framework make it
broadly applicable across a range of taxa and riverine
ecosystems.
ACKNOWLEDGMENTS
We thank Steve Szoke, Jonathan Niles, Nathan Newton, and
Laurel Seemiller for assistance in the field, William Miller for
discussions that motivated this research, and Meredith Bartron
and the Population Ecology Branch of the U.S. Fish and Wildlife Service Northeast Fishery Center for assistance with genotyping. This research was funded by the R. K. Mellon
Freshwater Research Initiative at Susquehanna University and
is based on work supported by the National Science Foundation Graduate Research Fellowship under Grant No.
DGE1255832. Any opinions, findings, and conclusions or recommendations expressed in this material are those of the
author(s) and do not necessarily reflect the views of the
National Science Foundation. Any use of trade, firm, or product names is for descriptive purposes only and does not imply
endorsement by the U.S. Government.
LITERATURE CITED
Albanese, B., P. L. Angermeier, and S. Dorai-Raj. 2004. Ecological correlates of fish movement in a network of Virginia
streams. Canadian Journal of Fisheries and Aquatic Sciences
61:857–869.

Xxxxx 2020

RIVERSCAPE GENETICS FRAMEWORK

Allendorf, F. W., and S. R. Phelps. 1981. Use of allelic frequencies to describe population structure. Canadian Journal of
Fisheries and Aquatic Sciences 38:1507–1514.
Anderson, E. C., and K. K. Dunham. 2008. The influence of
family groups on inferences made with the program Structure.
Molecular Ecology Resources 8:1219–2129.
Arthofer, W., C. Heussler, P. Krapf, B. C. Schlick-Steiner, and F.
M. Steiner. 2018. Identifying the minimum number of
microsatellite loci needed to assess population genetic structure: A case study in fly culturing. Fly 12:13–22.
Aunins, A. W., J. T. Petty, T. L. King, M. Schilz, and P. M.
Mazik. 2015. River mainstem thermal regimes influence population structuring within an Appalachian brook trout population. Conservation Genetics 16:15–29.
Baguette, M., S. Blanchet, D. Legrand, V. M. Stevens, and C.
Turlure. 2012. Individual dispersal, landscape connectivity
and ecological networks. Biological Reviews 88:310–326.
Balkenhol, N., L. P. Waits, and R. J. Dezzani. 2009. Statistical
approaches in landscape genetics: an evaluation of methods
for inking landscape and genetic data. Ecography 32:818–
830.
Beer, S. D., M. L. Bartron, D. G. Argent, W. G. Kimmel, and I.
n. Press. 2019. Genetic assessment reveals population fragmentation and inbreeding in populations of Brook Trout
Salvelinus fontinalis in the Laurel Hill of Pennsylvania. Transactions of the American Fisheries Society 148:620–635.
Bradburd, G. S., G. M. Coop, and P. L. Ralph. 2018. Inferring
continuous and discrete population genetic structure across
space. Genetics 210:33–52.
Castric, V., F. Bonney, and L. Bernatchez. 2001. Landscape
structure and hierarchical genetic diversity in the brook charr,
Salvelinus fontinalis. Evolution 55:1016–1028.
Curry, R. A., D. Sparks, and J. van de Sande. 2002. Spatial and
temporal movements of a riverine brook trout population.
Transactions of the American Fisheries Society 131:551–560.
Cushman, S. A., and E. L. Landguth. 2010. Spurious correlations and inference in landscape genetics. Molecular Ecology
19:3592–3602.
Davis, C. D., C. W. Epps, R. L. Flitcroft, and M. A. Banks.
2018. Refining and defining riverscape genetics: how rivers
influences population genetic structure. WIREs Water 5:
e1269.
Davis, L. A., T. Wagner, and M. L. Bartron. 2015. Spatial and
temporal movement dynamics of brook Salvelinus fontinalis
and brown trout Salmo trutta. Environmental Biology of
Fishes 98:2049–2065.
Dyer, R. J.. 2015. Is there such a thing as landscape genetics?
Molecular Ecology 24:3518–3528.
Earl, D. A., and B. M. vonHoldt. 2012. STRUCTURE HARVESTER: a website and program for visualizing STRUCTURE output and implements the Evanno method.
Conservation Genetics Resources 4:359–361.
Evanno, G., S. Regnaut, and J. Goudet. 2005. Detecting the
number of clusters of individuals using software STRUCTURE: a simulation study. Molecular Ecology 14:2611–
2620.
Franckowiak, R. P., M. Panasci, K. J. Jarvis, I. S. Acu~
na-Rodriguez, E. L. Landguth, M. Fortin, and H. H. Wagner. 2017.
Model selection with multiple regression on distance matrices
leads to incorrect inferences. PLoS ONE 12:e0175194.
Frantz, A. C., S. Cellina, A. Krier, L. Schley, and T. Burke.
2009. Using spatial Bayesian methods to determine the
genetic structure of a continuously distributed population:
clusters of isolation by distance? Journal of Applied Ecology
46:493–505.
Fraser, D. J., C. Lippe, and L. Bernatchez. 2004. Consequences
of unequal population size, asymmetric geneflow and sex-

Article e02147; page 15

biased dispersal on population structure in brook charr
(Salvelinus fontinalis). Molecular Ecology 13:67–80.
Ganio, L. M., C. E. Torgersen, and R. E. Gresswell. 2005. A
geostatistical approach for describing spatial patterns in
stream networks. Frontiers in Ecology and the Environment
3:138–144.
Gomez-Uchida, D., T. W. Knight, and D. E. Ruzzante. 2009.
Interaction of landscape and life history attributes on genetic
diversity, neutral divergence and geneflow in a pristine community of salmonids. Molecular Ecology 18:4854–4869.
Goslee, S. C., and D. L. Urban. 2007. The ecodist package for
dissimilarity-based analysis of ecological data. Journal of Statistical Software 22:1–19.
Goudet, J.2001. FSTAT, a program to estimate and test gene
diversities and fixation indices. Version 2.9.3. Lausanne
University, Lausanne, Switzerland.
Grenouillet, G., D. Pont, and C. Herisse. 2004. Within-basin
fish assemblage structure: the relative influence of habitat versus stream spatial position on local species richness. Canadian Journal of Fisheries and Aquatic Sciences 61:93–102.
Guillot, G., F. Mortier, and A. Estoup. 2005. GENELAND: a
computer package for landscape genetics. Molecular Ecology
Resources 5:712–715.
Hale, M. L., T. M. Burg, and T. E. Steeves. 2012. Sampling for
microsatellite-based population genetic studies: 25 to 30 individuals per population is enough to accurately estimate allele
frequencies. PLoS ONE 7:e45170.
Hanks, E. M.. 2017. Modeling spatial covariance using the limiting distribution of spatio-temporal random walks. Journal
of the American Statistical Association 112:497–507.
Hanks, E. M.. 2018. rwc: Random Walk Covariance Models. R
package version 1.11. https://CRAN.R-project.org/package=
rwc
Hanks, E. M., and M. B. Hooten. 2013. Circuit theory and
model-based inference for landscape connectivity. Journal of
the American Statistical Association 108:22–33.
Hardy, O. J., and X. Vekemans. 2002. SPAGEDi: a versatile computer program to analyse spatial genetic structure at the individual and population levels. Molecular Ecology 2:618–620.
Hooten, M. B., and N. T. Hobbs. 2015. A guide to Bayesian
model selection for ecologists, Ecological Monographs.
851:3–28.
Hudy, M., T. M. Thieling, N. Gillespie, and E. P. Smith. 2008.
Distribution, status, and land use characteristics of subwatersheds within the native range of brook trout in the eastern
United States. North American Journal of Fisheries Management 28:1069–1085.
Jakobsson, M., and N. A. Rosenberg. 2007. CLUMPP: a cluster
matching and permutation program for dealing with label
switching and multimodality analysis of population structure.
Bioinformatics 23:1801–1806.
Jombart, T., S. Devillard, and F. Balloux. 2010. Discriminant
analysis of principal components: a new method for the analysis of genetically structure populations. BMC Genetics 11:94.
Kalinowski, S. T.. 2002. How many alleles per locus should be
used to estimate genetic distance? Heredity 88:62–65.
Kanno, Y., J. C. Vokoun, and B. H. Letcher. 2011. Fine-scale
population structure and riverscape genetics of brook trout
(Salvelinus fontinalis) distributed continuously along headwater channel networks. Molecular Ecology 20:3711–3729.
Kazyak, D. C., R. H. Hilderbrand, T. L. King, S. R. Keller, and
V. E. Chhatre. 2016. Hiding in plain sight: a case for cryptic
metapopulations in brook trout (Salvelinus fontinalis). PLoS
ONE 11:e0146295.
Kelson, S. J., A. R. Kapuscinski, D. Timmins, and W. R. Arden.
2015. Fine-scale genetic structure of brook trout in a dendritic stream network. Conservation Genetics 16:31–42.

Article e02147; page 16

SHANNON L. WHITE ET AL.

Kimura, M., and G. H. Weiss. 1964. The stepping stone model
of population structure and the decrease of genetic correlation with distance. Genetics 49:561–576.
King, T. L., B. A. Lubinski, M. K. Burnham-Curtis, W. Stott,
and R. P. Morgan. 2012. Tools for the management and conservation of genetic diversity in brook trout (Salvelinus fontinalis): tri- and tetranucleotide microsatellite markers for the
assessment of genetic diversity, phylogeography, and historical demographics. Conservation Genetics Resources 4:539–
543.
Labbe, T. R., and K. D. Fausch. 2000. Dynamics of intermittent
stream habitat regulate persistence of a threatened fish at
multiple scales. Ecological Applications 10:1774–1791.
Lamphere, B. A., and M. J. Blum. 2012. Genetic estimates of
population structure and dispersal in a benthic stream fish.
Ecology of Freshwater Fish 21:75–86.
Legendre, P., and M. J. Fortin. 2010. Comparison of the Mantel
test and alternative approaches for detecting complex multivariate relationships in the spatial analysis of genetic data.
Molecular Ecology Resources 10:831–844.
Letcher, B. H., K. H. Nislow, J. A. Coombs, M. J. O’Donnell,
and T. L. Dubreuil. 2007. Population response to habitat
fragmentation in a stream-dwelling brook trout population.
PLoS ONE 2:e1139.
Manel, S., M. K. Schwartz, G. Luikart, and P. Taberlet. 2002.
Landscape genetics: combining landscape ecology and population genetics. Trends in Ecology and Evolution 18:189–197.
McCullagh, P.. 2009. Marginal likelihood for distance matrices.
Statistica Sinica 19:631–649.
McRae, B. H.. 2006. Isolation by resistance. Evolution 60:1551–
1561.
McRae, B. H., and P. Beier. 2007. Circuit theory predict geneflow in plant and animal populations. Proceedings of the
National Academy of Sciences USA 104:19885–19890.
McRae, B. H., B. G. Dickson, T. H. Keitt, and V. B. Shah. 2008.
Using circuit theory to model connectivity in ecology, evolution, and conservation. Ecology 89:2712–2724.
Merriam, E. R., J. T. Petty, and J. Clingerman. 2019. Conservation planning at the intersection of landscape and climate
change: brook trout in the Chesapeake Bay watershed. Ecosphere 10:e02585.
Morrissey, M. B., and M. M. Ferguson. 2011. Individual variation in movement throughout the life cycle of a stream-dwelling salmonid fish. Molecular Ecology 20:235–248.
Murphy, M. A., R. Dezzani, D. S. Pilliod, and A. Storfer. 2010.
Landscape genetics of high mountain frog metapopulations.
Molecular Ecology 19:3634–3649.
Nathan, L. R., A. A. Smith, A. B. Welsh, and J. C. Vokoun.
2018. Are culvert assessment scores an indicator of Brook
Trout Salvelinus fontinalis population fragmentation? Ecological Indicators 84:208–217.
Nathan, L. R., A. B. Welsh, and J. C. Vokoun. 2019. Watershed-level brook trout genetic structuring: Evaluation and
application of riverscape genetics models. Freshwater Biology
64:405–420.
Nei, M.. 1973. Analysis of gene diversity in subdivide populations. Proceedings of the National Academy of Sciences USA
70:3321–3323.
Peakall, R., and P. E. Smouse. 2012. GenAlEx 6.5: Genetic
analysis in Excel. Population genetic software for teaching
and research - an update. Bioinformatics 28:2537–2539.
Peterson, E. E., E. M. Hanks, M. B. Hooten, J. M. Ver Hoef,
and M. J. Fortin. 2019. Spatially structured statistical network models for landscape genetics. Ecological Monographs
89:e01355.
Peterson, E. E., D. M. Theobald, and J. M. Ver Hoef. 2007.
Geostatistical modeling on stream networks: developing valid

Ecological Applications
Vol. 0, No. 0

covariance matrices based on hydrologic distance and stream
flow. Freshwater Biology 52:267–279.
Peterson, E. E., and J. M. Ver Hoef. 2010. Mixed-model moving-average approach to geostatistical modeling in stream
networks. Ecology 91:644–651.
Petty, J. T., J. L. Hansbarger, B. M. Huntsman, and P. M. Mazik.
2012. Brook trout movement in response to temperature, flow,
and thermal refugia within a complex Appalachian riverscape.
Transactions of the American Fisheries Society 141:1060–1073.
Pritchard, J. K., M. Stephens, and P. Donnelly. 2000. Inference
of population structure using multilocus genotype data.
Genetics 155:945–959.
Pritchard, V. L., K. Jones, and D. E. Cowley. 2007. Genetic
diversity within fragmented cutthroat trout populations.
Transactions of the American Fisheries Society 136:606–623.
Puechmaille, S. J.. 2016. The program STRUCTURE does not
reliably recover the correct population structure when sampling is uneven: subsampling and new estimators alleviate the
problem. Molecular Ecology Resources 16:608–627.
Queller, D. C., and K. F. Goodnight. 1989. Estimating relatedness using molecular markers. Evolution 43:258–275.
R Core Team2018. R: language and environment for statistical
computing. R Foundation for Statistical Computing, Vienna,
Austria. http://www.R-project.org/
Rodriguez-Ramilo, S. T., and J. Wang. 2012. The effect of close
relatives on unsupervised Bayesian clustering algorithms in
population genetic structure analysis. Molecular Ecology
Resources 12:873–884.
Rosenberg, N. A.. 2004. DISTRUCT: a program for the graphical display of population structure. Molecular Ecology Notes
4:137–138.
Shaby, B. A., and M. T. Wells2010. Exploring an adaptive
metropolis algorithm. Duke University Tech Report. Duke
University, Durham, North Carolina, USA.
Shank, M. K., and J. R. Stauffer. 2015. Land use and surface
water withdrawal effects on fish and macroinvertebrate
assemblages in the Susquehanna River basin, USA. Journal
of Freshwater Ecology 30:229–248.
Shirk, A. J., E. L. Landguth, and S. A. Cushman. 2017. A comparison of individual-based genetic distance metrics for landscape genetics. Molecular Ecology Resources 17:1308–1317.
Storfer, A., M. A. Murphy, S. F. Spear, R. Holderegger, and L.
P. Waits. 2010. Landscape genetics: where are we now?
Molecular Ecology 19:3496–3514.
Torterotot, J., C. Perrier, N. E. Bergeron, and L. Bernatchez.
2014. Influence of forest road culverts and waterfalls on the
fine-scale distribution of brook trout genetic diversity in a
boreal watershed. Transactions of the American Fisheries
Society 143:1577–1591.
Ver Hoef, J. M., E. E. Peterson, M. B. Hooten, E. M. Hanks,
and M. Fortin. 2018. Spatial autoregressive models for statistical inference from ecological data. Ecological Monographs
88:36–59.
Ver Hoef, J. M., E. Peterson, and D. Theobald. 2006. Spatial
statistical models that use flow and stream distance. Environmental and Ecological Statistics 13:449–464.
Vøllestad, L. A., D. Serbezov, A. Bass, L. Bernatchez, E. M.
Olsen, and A. Taugbøl. 2012. Small-scale dispersal and population structure in stream-living brown trout (Salmo trutta)
inferred by mark–recapture, pedigree reconstruction, and
population genetics. Canadian Journal of Fisheries and
Aquatic Sciences 69:1513–1524.
Wagner, H. H., and M. Fortin. 2013. A conceptual framework
for the spatial analysis of landscape genetic data. Conservation Genetics 14:253–261.
Wagner, H. H., R. Holderegger, S. Werth, F. Gugerli, S. E. Hoebee, and C. Scheidegger. 2005. Variogram analysis of the

Xxxxx 2020

RIVERSCAPE GENETICS FRAMEWORK

spatial genetic structure of continuous populations using multilocus microsatellite data. Genetics 169:1739–1752.
Wang, J.. 2017. The computer program STRUCTURE for
assigning individuals to populations: easy to use but easier to
misuse. Molecular Ecology Resources 17:981–990.
Waples, R. S., and E. C. Anderson. 2017. Purging putative siblings from population genetic data sets: a cautionary view.
Molecular Ecology 26:1211–1224.
Weir, B. S., and C. C. Cockerham. 1984. Estimating F-statistics
for the analysis of population structure. Evolution 38:1358–
1370.

Article e02147; page 17

Weltman-Fahs, M., and J. M. Taylor. 2013. Hydraulic fracturing and brook trout habitat in the Marcellus Shale
region: potential impacts and research needs. Fisheries
38:4–15.
White, S. L., W. L. Miller, S. A. Dowell, M. L. Bartron,
and T. Wagner. 2018. Limited hatchery introgression into
wild brook trout (Salvelinus fontinalis) populations despite
reoccurring stocking. Evolutionary Applications 11:1567–
1571.
Wright, S. 1943. Isolation by distance. Genetics 28:114–138.

SUPPORTING INFORMATION
Additional supporting information may be found online at: http://onlinelibrary.wiley.com/doi/10.1002/eap.2147/full
DATA AVAILABILITY STATEMENT
Data and R code are available through Zenodo: https://doi.org/10.5281/zenodo.3689704

