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1  |  INTRODUC TION

Genetic diversity is a biodiversity measure that may be quantified 
across geography and through time (Huber et al., 2010; Leonard 
et al., 2017). It is tied to species' past and future evolutionary tra-
jectories (Shelley et al., 2021). Genetic diversity is a barometer for 
population- level persistence in accurately reflecting demography, 

connectivity, and adaptive potential (Davis et al., 2018; DeWoody 
et al., 2021; Paz- Vinas et al., 2018). However, genetic diversity is 
often underutilized in conservation planning (Laikre, 2010; Paz- Vinas 
et al., 2018), in part due to a suite of affiliated necessities (i.e., special-
ized equipment, technical expertise), all of which expand its bottom 
line (Blanchet et al., 2020). Moreover, when assessment does occur, it 
is most often limited to populations within a single species or a small 
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Abstract
Genetic differentiation among local groups of individuals, that is, genetic β- diversity, 
is a key component of population persistence related to connectivity and isolation. 
However, most genetic investigations of natural populations focus on a single spe-
cies, overlooking opportunities for multispecies conservation plans to benefit entire 
communities in an ecosystem. We present an approach to evaluate genetic β- diversity 
within and among many species and demonstrate how this riverscape community 
genomics approach can be applied to identify common drivers of genetic structure. 
Our study evaluated genetic β- diversity in 31 co- distributed native stream fishes sam-
pled from 75 sites across the White River Basin (Ozarks, USA) using SNP genotyping 
(ddRAD). Despite variance among species in the degree of genetic divergence, general 
spatial patterns were identified corresponding to river network architecture. Most 
species (N = 24) were partitioned into discrete subpopulations (K = 2– 7). We used 
partial redundancy analysis to compare species- specific genetic β- diversity across 
four models of genetic structure: Isolation by distance (IBD), isolation by barrier (IBB), 
isolation by stream hierarchy (IBH), and isolation by environment (IBE). A significant 
proportion of intraspecific genetic variation was explained by IBH (x̄  = 62%), with 
the remaining models generally redundant. We found evidence for consistent spatial 
modularity in that gene flow is higher within rather than between hierarchical units 
(i.e., catchments, watersheds, basins), supporting the generalization of the stream hi-
erarchy model. We discuss our conclusions regarding conservation and management 
and identify the 8- digit hydrologic unit (HUC) as the most relevant spatial scale for 
managing genetic diversity across riverine networks.
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cadre of entities within a species- group, thus minimizing the potential 
for much- needed generalizations (Anthonysamy et al., 2018).

Therefore, when the concept of genetic diversity is applied in a 
comparative sense across co- distributed species, it provides a solid 
framework from which community- wide management and policy can 
be defined (Hanson et al., 2020). Systematic conservation planning 
(SCP; Margules & Pressey, 2000), based on managing complemen-
tary sites within a region containing unique biodiversity, could ben-
efit from focusing on intraspecific genetic diversity measured across 
community members (Paz- Vinas et al., 2018; Xuereb et al., 2021). 
For example, multispecies assessments can reveal common dispersal 
barriers (Pilger et al., 2017; Roberts et al., 2013), congruent distribu-
tions of genetic diversity (Hotaling et al., 2019; Ruzich et al., 2019), 
relevant spatial scales for management (Blanchet et al., 2020), and 
associations among species characteristics and genetic diversity 
(Bohonak, 1999; De Kort et al., 2021; Pearson et al., 2014). Despite 
the potential complexity, a comprehensive and systematic manage-
ment strategy can emerge, one more appropriately aligned towards 
managing numerous species, with long- term conservation goals ben-
eficial to entire communities (Blanchet et al., 2017). In addition, it 
also tacitly encourages support by stakeholders for an overarching 
management plan, one representing a consensus across multiple 
species and ecosystems (Douglas et al., 2020).

The spatial structure— or pattern— of genetic variation within 
a species is primarily dictated by the interplay between gene 
flow and genetic drift (Holderegger et al., 2006; Hutchison & 
Templeton, 1999). Different observable patterns of spatial genetic 
structure (i.e., genetic β- diversity) are used to infer the influence of 
different underlying processes (Orsini et al., 2013). Spatial unifor-
mity of genetic diversity (i.e., panmixia; Rosenberg et al., 2005) is the 
implicit null model of population structure indicative of the differen-
tiating effects of genetic drift being overwhelmed by homogenizing 
gene flow. The de facto alternative is spatially continuous genetic 
divergence driven by an equilibrium between gene flow and drift 
occurring within stable, dispersal- limited populations (i.e., isolation 
by distance, IBD; Wright, 1943). For most species, a significant re-
lationship between genetic dissimilarity and geographic distance is 
expected (Meirmans, 2012), yet the strength of this association may 
vary due to the intrinsic characteristics of a species (Bohonak, 1999; 
Singhal et al., 2018) or the extrinsic factors experienced by a species 
(environmental or historical) that affect dispersal (gene flow) or ef-
fective population size (genetic drift) (Orsini et al., 2013; Paz- Vinas & 
Blanchet, 2015). Additional models to explain spatial structure have 
been introduced to explore other processes. For example, genetic 
divergence may be further promoted by environmental dissimilari-
ties across sites that promote local adaptation or limited/biased dis-
persal (isolation by environment, IBE; Bradburd et al., 2013; Wang & 
Bradburd, 2014). Dispersal resistance induced by physical and envi-
ronmental characteristics in between sites (isolation by resistance, 
IBR; McRae, 2006) or barriers to dispersal (i.e., isolation by barrier, 
IBB; Cushman et al., 2006; Ruiz- Gonzalez et al., 2015) can also am-
plify the amount of genetic dissimilarity observed over a given geo-
graphic distance.

For aquatic biodiversity, patterns of genetic divergence will 
also be governed by the structure and architecture of the riverine 
network (in contemporary and past representations). Organisms 
within such dendritic networks are demonstrably impacted by the 
physical structure of the habitat, which constrains their movement 
(Paz- Vinas et al., 2015; Peterson et al., 2013; White et al., 2020) 
and leads to correspondence between genetic relatedness and the 
underlying structural hierarchy (Hughes et al., 2009). While this 
is most apparent within the contemporary structure of river net-
works, their historic structure, that is, paleohydrology, also serves 
to bookmark genetic diversity, and the effects of past connectiv-
ity or isolation can still be observed within contemporary spatial 
patterns (Mayden, 1988; Strange & Burr, 1997). Moreover, the hi-
erarchical complexity of these networks will likewise dictate pop-
ulation processes related to colonization/extinction and effective 
sizes, as reflected within genetic diversities and divergences (Chiu 
et al., 2020; Hopken et al., 2013; Thomaz et al., 2016). Thus, spa-
tial genetic structuring within riverine biodiversity should reflect 
isolation by stream hierarchy (IBH; sensu stream hierarchy model 
(SHM); Meffe & Vrijenhoek, 1988). The initial genesis for the SHM 
was narrowly defined within desert stream fishes of the American 
West (Meffe & Vrijenhoek, 1988). The model is an example of the 
more general principle of “spatial modularity” which occurs when 
certain sets of habitat patches are more tightly connected through 
individual movement than they are to others (Fortuna et al., 2009). 
Spatial modularity can reveal fundamental scales common among 
populations and possibly species, which can inform conservation 
strategies (Fletcher et al., 2013). Therefore, an assessment of the 
SHM's generality, as compared to alternative isolating regimes, was 
thus imperative (Brauer et al., 2018; Hopken et al., 2013).

The factors that cause genetic structure can be correlated 
and confounding (Meirmans, 2012; Perez et al., 2018; Wang & 
Bradburd, 2014). Different mechanisms can mask the occurrence 
of major drivers by promoting those more ancillary with regard to 
single- species assessments. Variation in intraspecific genetic β- 
diversity across space is driven by the balance between gene flow 
and genetic drift (Hutchison & Templeton, 1999), which is, in turn, 
tied to dispersal, life history, and biogeography (Avise, 1992; Comte 
& Olden, 2018). While co- occurring species with similar histories and 
environments should display similar patterns of genetic structure 
that reflect their shared set of extrinsic factors, the degree of genetic 
divergence across space can vary due to differences in the species' 
intrinsic characteristics (Riginos et al., 2014). Weaker genetic β- 
diversity can reduce the power to model genetic structure accurately 
(Jones & Wang, 2012). The emerging results are two- fold: Potentially 
erroneous conclusions, which in turn beget ineffective management 
strategies. These issues can be mitigated using replicated multispe-
cies assessments to allow influential major processes to surface, thus 
effectively categorizing both “signal and noise” components with the 
former driving patterns of regional biodiversity (Roberts et al., 2013).

Our objective was to establish an approach from which the gen-
erality of the SHM could be tested across species of a riverscape fish 
community. This approach would allow key drivers to be identified, 

 1365294x, 2023, 24, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/m

ec.16806 by U
niversity O

f A
rkansas L

ibrary, W
iley O

nline L
ibrary on [06/12/2023]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



    |  6745ZBINDEN et al.

with a concurrent expectation of common processes re- emerging 
within these ecological networks. We accomplish this by compar-
ing patterns of genetic diversity across 31 fish species within the 
White River Basin of the Ozarks (AR/MO, USA). For each, we com-
pared four models representing major drivers of genetic structure: 
Isolation by distance (IBD), isolation by stream hierarchy (IBH), iso-
lation by barrier (IBB), and isolation by environment (IBE). We pre-
dicted that IBH would consistently explain genetic β- diversity for 
most species and that variation explained by the alternative models 
would mostly be captured by IBH. While we expected this consis-
tent pattern of congruence between river network architecture and 
genetic β- diversity, we expected that the degree of the strength 
of this association would vary among species due to their unique 
histories and intrinsic characteristics that influenced dispersal and 
effective population sizes. Our data represent thousands of SNPs 
(single nucleotide polymorphisms) derived via recent advances in 
high- throughput sequencing (Peterson et al., 2012). This technol-
ogy has, in turn, allowed thousands of individuals to be genotyped 
as a financially and logistically practical research endeavour across 
multiple nonmodel species (da Fonseca et al., 2016). Our study and 
the data we present are relatively novel and provide an additional 
perspective compared to that established with meta- analytic frame-
works with similar aims (e.g., Paz- Vinas et al., 2015). We offer our ap-
proach as a potential blueprint for developing more comprehensive 
genetic management plans at the community level.

2  |  MATERIAL S AND METHODS

2.1  |  Study system

Our study system, the White River Basin, is located within the 
Western Interior Highlands of North America, a previous compo-
nent of the more extensive pre- Pleistocene Central Highlands ex-
tending north and east but subsequently subsumed by numerous 
glacial advances into two disjunct subcomponents: Western Interior 
Highlands (i.e., Ozarks, Ouachita Mountains), and Eastern Highlands 
(i.e., Appalachian Plateau, Blue Ridge, Appalachian Highlands; 
Mayden, 1985). The Ozark Plateau remained an unglaciated refugium 
with elevated endemism and diversity (Warren et al., 2000). The 
White River Basin was established by at least Late Pliocene (>3 Ma; 
Jorgensen, 1993), but its eastern tributaries were captured by the 
Mississippi River when it bisected the basin during the Pleistocene 
(Mayden, 1988; Strange & Burr, 1997). This paleohydrologic signa-
ture may remain in contemporary patterns of population divergence 
in the White River Basin, as manifested by replicated patterns of ge-
netic structure between eastern and western populations.

2.2  |  Sampling

The sampling region for our study is composed of the White River 
and St. Francis River basins (AR/MO) (Figure 1). Both are tributaries 

to the Mississippi River, draining 71,911 km2 and 19,600 km2, respec-
tively. Five sub- basins are apparent: St. Francis, Upper White, Black, 
Lower White, and Little Red rivers (Figure 1). These are further sub-
divided into the following hierarchical hydrologic units (HUC) (USGS 
& USDA- NRCS, 2013; USGS, 2021) representing different spatial 
scales: HUC- 4 subregions (N = 2); HUC- 6 Basins (N = 3); HUC- 8 
Subbasins (N = 19); HUC- 10 Watersheds (N = 129; Figure 1).

Sampling was approved by the University of Arkansas Institutional 
Animal Care and Use Committee (IACUC: no. 17077), with collecting 
permits as follows: Arkansas Game & Fish Commission (#020120191); 
Missouri Department of Wildlife Conservation (no. 18136); US 
National Parks Service (Buffalo River Permit; BUFF- 2017- SCI- 0013). 
Fishes were sampled using seine nets in wadable streams during low 
flow between June 2017 and September 2018. Time spent sampling 
a site ranged from 30– 60 min, with a target of 5– 10 individuals/spe-
cies encountered. Individuals were euthanized by immersion in tric-
aine methanesulphonate (MS- 222) at a concentration of 500 mg/L, 
buffered to pH = 7 with subsequent preservation in 95% ethanol. 
Formal species diagnosis occurred in the laboratory, and the right 
pectoral fin was removed from each specimen and stored in 95% 
ethanol at −20°C prior to subsequent DNA extraction. Specimens 
were housed at the Arkansas Conservation and Molecular Ecology 
Laboratory, University of Arkansas, Fayetteville.

2.3  |  Genomic data collection and filtering

Genomic DNA was isolated (Qiagen Fast kits; Qiagen Inc.) and quan-
tified by fluorometry (Qubit; Thermo- Fisher Scientific). Individuals 
were genotyped using double- digest restriction site- associated 
DNA (ddRAD) sequencing (Peterson et al., 2012), with procedures 
modified appropriately (Chafin et al., 2019). Standardized DNA 
amounts (1000 ng) were digested at 37°C with high- fidelity restric-
tion enzymes MspI (5′- CCGG- 3′) and PstI (5′- CTGCAG- 3′) (New 
England Biosciences), bead- purified (Ampure XP; Beckman- Coulter 
Inc.), standardized to 100 ng, and then ligated with custom adapt-
ers containing in- line identifying barcodes (T4 Ligase; New England 
Biosciences). Samples were pooled in sets of 48 and size- selected 
from 326– 426 bp, including adapter length (Pippin Prep; Sage 
Sciences). Illumina adapters and i7 index were added via 12- cycle 
PCR with Phusion high- fidelity DNA polymerase (New England 
Biosciences). Three libraries (3 × 48 = 144 individuals/lane) were 
pooled per lane and single- end sequenced on the Illumina HiSeq 
4000 platform (1 × 100 bp; Genomics & Cell Characterization Core 
Facility; University of Oregon, Eugene). Quality control checks, in-
cluding fragment analysis and quantitative real- time PCR, were 
performed at the core facility before sequencing. Raw sequence 
reads are deposited in the NCBI Sequence Read Archive (Zbinden 
et al., 2022a).

Raw Illumina reads were demultiplexed, clustered, filtered, and 
aligned in ipyrad version 0.9.62 (Eaton & Overcast, 2020). Reads were 
first demultiplexed, allowing up to one barcode mismatch, yielding 
individual FASTQ files containing raw reads (N = 3060 individual 
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files). Individuals averaged >2 million reads, with those extremely 
low removed (<x̄  –  2s) to reduce errors from poor- quality sequenc-
ing. Individuals were previously screened for admixture among spe-
cies using a combination of standard analyses for assigning ancestry 
proportions based on SNP data (Zbinden et al., 2022b). There were 
70 putatively admixed individuals removed, most (N = 66) belonging 
to the minnow family Leuciscidae. Raw sequence reads were par-
titioned by species (N = 31) and aligned de novo in ipyrad (Eaton & 
Overcast, 2020). Adapters/primers were removed, and reads with 
>5 bases having Phred quality <20 or read length <35 bases (after 
trimming) were discarded. Clusters of homologous loci were assem-
bled using an 85% identity threshold. Putative homologues were re-
moved if any of the following were met: <20× and >500× coverage 
per individual; >5% of consensus nucleotides ambiguous; >20% of 
nucleotides polymorphic; >8 indels present; or presence in <15% of 
individuals. Paralogues were identified (and subsequently removed) 
as those clusters exhibiting either >2 alleles per site in consensus 
sequence or excessive heterozygosity (>5% of consensus bases or 
>50% heterozygosity/site among individuals).

Biallelic SNP panels for each species were then visualized and 
filtered with the R package radiator (Gosselin, 2020). To ensure 
high data quality, loci were removed if: Monomorphic; minor allele 
frequency <3%; mean coverage <20 or >200; missing data >30%; 
SNP position on read >91; and if HWE was lacking in one or more 

sampling sites (α = 0.0001). To reduce linkage disequilibrium, only 
one SNP per locus was retained (that which maximized minor allele 
count). Finally, singleton individuals per species at a sampling site 
and those with >75% missing data in the filtered panel were re-
moved. Species- level SNP panel alignments, metadata, and R code 
are available on Open Science Framework (Zbinden et al., 2022c).

2.4  |  Exploring genetic structure

Intraspecific genetic structure was first assessed among sites for vis-
ualization, with subsequent modelling done among individuals. For 
each species (N = 31), pairwise FST (Weir & Cockerham, 1984) was 
calculated among sites (hierfstat; Goudet et al., 2017). Jost's D was 
also quantified among sites and globally, as it is based on the effective 
number of alleles rather than heterozygosity and hence less biased 
by sampling differences (Jost, 2008). Additional global intraspecific 
FST analogues were also quantified for comparison: Multiallelic GST 
(Nei, 1973) and unbiased G′′

ST
 (Meirmans & Hedrick, 2011; mmod; 

Winter, 2012). We tested for isolation by distance (IBD) using both 
linearized FST and Jost's D. Their relationships with river distance 
(log- transformed) were assessed using the Mantel test (Mantel & 
Valand, 1970; ecodist; Goslee & Urban, 2020) and visualized using 
linear regression (Rousset, 1997).

F I G U R E  1  Fish were sampled at N = 75 locations across the White River Basin (Ozark Mountains, USA). The study basin is contained 
within the larger Mississippi River Basin, and is a direct tributary to the mainstem Mississippi. The study region is subdivided into five 
sub- basins: Upper White, lower White, black, little red, and the St. Francis. Beyond these basins, USGS hydrologic unit codes (HUCs) were 
also used to characterize the stream hierarchy position of sampling locations (4- , 6- , 8- , and 10- digit HUCs) [Colour figure can be viewed at 
wileyonlinelibrary.com]
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Admixture analysis of population structure and ancestry coeffi-
cients were estimated using sparse non- negative matrix factorization 
(sNMF) (Frichot et al., 2014). We ran sNMF for each species, with 20 
repetitions per K value (1 to N sites or 20, whichever was smallest) 
and α = 100 (Lea; Frichot & François, 2015). The best K (i.e., the 
number of distinct gene pools) from each sNMF run minimizes the 
cross- validation entropy criterion (Alexander & Lange, 2011). The 
best K was then used to impute missing data (impute function using 
method = “mode” in Lea). The sNMF algorithm was then repeated 
(as above) using imputed genotypes. The resulting Q- matrices of an-
cestry coefficients per cluster were used to map population struc-
ture and served as the isolation by barrier (IBB) model below. The 
indirect inference of dispersal barriers based on discrete popula-
tion structure was previously used to represent IBB (Ruiz- Gonzalez 
et al., 2015) and is consistent with the use of population structure 
maps to infer the presence of dispersal barriers.

We further assessed among- site genetic variation between hy-
drologic units (HUCs) and discrete population clusters (determined 
via sNMF) using analysis of molecular variance (AMOVA) (Excoffier 
et al., 1992). The purpose was to determine which spatial scale of 
HUC explained the most variance and to compare that to the vari-
ance explained by discrete structure across K populations inferred 
above with sNMF. AMOVA was performed for each species at four 
HUC levels (4- , 6- , 8- , and 10- digit) to compare the amount of ge-
netic variation among HUCs, all sites, and sites within HUCs. The 
Watershed Boundary Dataset (USGS, 2021) was used to assign HUC 
classifications to each site. AMOVA was then performed for each 
species with genetic clusters K > 1 to compare the genetic variation 
among discrete populations, all sites, and sites within populations. 
Individuals with admixed ancestry between different K popula-
tions were assigned to a population based on their highest ances-
try proportion. The variance components were used to estimate 
Φ- statistics (analogous to F- statistics): ΦCT = the genetic variation 
among groups (either HUCs or discrete populations); ΦST = the ge-
netic variation among sites across all groups; and ΦSC = the genetic 
variation among sites within groups. The wrapper R package poppr 
(Kamvar et al., 2015) was used to implement the pegas (Paradis, 2010) 
version of AMOVA with default settings.

2.5  |  Modelling genetic β - diversity

To compare four models of spatial genetic variation among groups 
of individuals (i.e., β- diversity), we employed a variation partition-
ing framework based on partial redundancy analysis (Capblancq & 
Forester, 2021; Chan & Brown, 2020). We elected to analyse indi-
vidual genetic values (i.e., individual × SNP data matrix) rather than 
decomposing them into among- site distances (e.g., FST) to allow the 
use of more powerful multivariate methods rather than derived 
forms of the Mantel test (e.g., multiple regression on distance ma-
trices) (Legendre & Fortin, 2010). For each species, we partitioned a 
matrix representing individual genetic variation among four explana-
tory matrices based on: IBD, IBB, IBH, and IBE (Figure 2).

Individual genetic variation within each species (i.e., individual 
x SNP data matrix) was reduced to major axes of variation using 
principal components analysis (PCA) on each SNP panel (Xuereb 
et al., 2018). The appropriate number of PCs retained for each 
species was determined by testing the significance of observed 
component eigenvalues versus random eigenvalues generated by 
randomly shuffling the genetic data matrix and performing a PCA 
999 times. The p- value for each PC axis was estimated as number of 
random eigenvalues equal to or larger than the observed +1/1000 
(Rnd- Lambda; Peres- Neto et al., 2005). This method was imple-
mented using the R package pcdimension (Coombes & Wang, 2019). 
For each species, individual scores on the retained PCs represented 
individual genetic variation (i.e., response matrix) which was mod-
elled using the explanatory matrices (i.e., models) described below 
(Figure 2).

The first model (IBD) relied on river network distance mea-
sured between individuals (riverdist; Tyers, 2017). The distance 
matrix was decomposed into positively correlated spatial eigen-
vectors using distance- based Moran's eigenvector maps (Borcard & 
Legendre, 2002; Chan & Brown, 2020; Dray et al., 2006) within the 
R package adespatiaL (Dray et al., 2020). Each individual was assigned 
a score for each eigenvector positively correlated with genetic diver-
sity (Figure 2). Eigenfunction analysis is an alternative means to as-
sess the contribution of geographic distance on patterns of genetic 
variation and is more powerful than Mantel correlations at detecting 
fine- scale structure (Xuereb et al., 2018).

The second model (IBB) was based on the discrete population 
structure inferred above using the admixture analysis sNMF, which 
was represented as the individual population coefficients (i.e., Q- 
matrix). The assumption was that discrete population structure indi-
cates a reduction of gene flow between populations due to a barrier 
(or high resistance) to dispersal. Similar clustering analysis output 
was previously used to represent IBB (Ruiz- Gonzalez et al., 2015). 
However, IBB often implicitly refers to instream barriers, such as 
dams and weirs. Our indirect approach based on population coeffi-
cients should capture the effects of those barriers as well as natural 
barriers to gene flow. While testing for significant genetic differ-
ences among populations defined by clustering methods is entirely 
meaningless due to circularity, it is reasonable to assess the strength 
of separation among clusters (e.g., F- statistics from AMOVA) or vari-
ation explained by clustering (e.g., adjusted R2 from RDA) (Meirmans, 
2015). Note that the IBB model could not be incorporated for spe-
cies in which population structure was not apparent (K = 1), and 
these species were thus tested using only three models of genetic 
structure.

The third model (IBH) was constructed using four levels of HUCs 
(4- , 6- , 8- , and 10- digit) that characterized an individual's position 
within the stream hierarchy, that is, hydrologic unit (USGS, 2021). 
Each site and individual within site could be classified by its unique 
HUC code at the four levels. These codes were nominal categories 
and were decomposed into N- 1 binary “dummy variables.” This de-
composition produces a “new” variable for each HUC within a spatial 
level, and an individual is either within (=1) or outside (=0) a given 
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HUC. Note: the dummy variables produced were one less than the 
number of original categories to avoid introducing collinearity.

The fourth model (IBE) relied on contrasting environmental vari-
ation across sites— represented using principal component scores 
(Figure 2). Environmental variables were taken from a compendium 
of 281 factors distinguished by five major classes: (i) Hydrology/
physiography, (ii) climate, (iii) land cover, (iv) geology, and (v) an-
thropogenic (hydrorivers version 1.0; Linke et al., 2019). We 
aimed to reduce the environmental factors to include only those 
demonstrating a significant relationship with genetic variation. 
Variables were first analysed within major classes, with invariant 
factors and those exhibiting collinearity being removed in a step-
wise manner (usdm; Naimi, 2013) until each had a variation inflation 
factor (VIF) <10 to reduce collinearity. Standardization occurred 
by subtracting means and dividing by standard deviations to en-
sure variables had a common scale. Variables within each major 
class (e.g., climate) were selected for subsequent analyses using 
forward selection (Blanchet et al., 2008). Variables within the class 
being considered (e.g., climate) were first tested for a significant 
relationship with the response data (individual genetic variation) 
using redundancy analysis (RDA; Rao, 1964). If the overall rela-
tionship was significant (α < 0.05), a stepwise forward procedure 

was carried out such that specific variables were selected if the 
adjusted R2 of the model increased significantly (α < 0.05) and the 
adjusted R2 did not exceed that of the overall model (Blanchet 
et al., 2008). This procedure was employed using the ordiR2step 
function in the R package vegan (Oksanen et al., 2020). The se-
lected variables from each of the five classes (hydrology/phys-
iography, climate, land cover, geology, and anthropogenic) were 
combined into a single environmental matrix, then reduced to a 
set of PCs using robust principal components analysis (ROBPCA; 
Hubert et al., 2005). The number of PCs retained was determined 
following Hubert et al. (2005), as implemented in the R package 
rospca (Hubert et al., 2016). The environmental matrix of individu-
als × PCs was used to model IBE.

For each species, individual genetic variation (individuals x PCs 
matrix) was partitioned among the four explanatory models of ge-
netic structure (IBD, IBB, IBH, IBE) using variation partitioning based 
on partial redundancy analysis (pRDA; Anderson & Legendre, 1999; 
Borcard et al., 1992). Redundancy analysis (Rao, 1964) is a con-
strained ordination technique and an extension of multiple regres-
sion that summarizes the relationship between linear combinations 
of multiple response variables and linear combinations of multiple 
explanatory variables (Capblancq & Forester, 2021). The overall 

F I G U R E  2  The analytic approach to partitioning individual genetic variation across four spatioenvironmental predictor matrices. 
The approach was applied separately to 31 freshwater fish species collected across the White River Basin of the Ozarks, USA. The full 
redundancy analysis model is shown at the top of the figure, where genetic diversity is explained by geographic distance (IBD), discrete 
population structure (IBB), stream hierarchical position (IBH), and environmental variation among habitats (IBE). The initial data matrices 
representing genetic β- diversity (i.e., response variable) and the four explanatory variables sets are depicted at the top. Each matrix is 
labelled to show rows, columns, and values (e.g., individuals, single nucleotide polymorphisms, and alleles). These matrices each pass through 
analyses and/or transformations (grey ellipses) to yield the matrices used for modelling at the bottom of the figure. dbMEM, distance- 
based Moran's eigenvector maps; dummy transform, transforming categorical variable into separate binary variables; HUCs, hydrolic 
units; PCA, principal component analysis; PCs, principal components; sNMF, sparse non- negative matrix factorization; ROBPCA, robust 
principal components analysis; SNP, single nucleotide polymorphism; VIF, variance inflation factor. Note that environmental factors were 
standardized (z- score) [Colour figure can be viewed at wileyonlinelibrary.com]
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variance in the response matrix is partitioned into constrained and 
unconstrained fractions. The former is interpreted as the amount of 
response variation “explained” by the explanatory set (s), expressed 
as a proportion equivalent to R2 in multiple regression, which is 
adjusted to reduce bias introduced by multiple predictors (Peres- 
Neto et al., 2006). The formula for the full RDA model herein was: 
Genetic β- diversity ~ IBD + IBB + IBH + IBE (Figure 2). Variation par-
titioning consists of running sequential pRDAs to adjust the linear 
effects of an explanatory set on the response by accounting for 
other explanatory sets first, for example, genetic β- diversity ~ IBD 
| (IBB + IBH + IBE). In other words, here we estimate variation ex-
plained by distance after removing that explained by the other three 
response matrices. This set of tests allows partitioning the variation 
explained into that “purely” attributable to a given explanatory set 

(e.g., IBD) and into shared components attributable to two or more 
sets (e.g., IBD + IBH). Variation partitioning allows the correlation 
structure among competing models to be visualized, typically using 
Venn diagrams showing adjusted R2 for different intersectionalities 
of the explanatory data sets (i.e., pure and correlated components). 
The variation partitioning was performed using the varpart func-
tion in the R package vegan (Oksanen et al., 2020). The models were 
judged based on their significance, adjusted coefficients of deter-
mination R2, and correlation with other models. The “best” model 
should explain the most variation in the genetic response matrix (i.e., 
highest adj. R2), should account for variation after accounting for 
that explained by other models (i.e., “pure” adj. R2 > 0), and account 
for most variation explained by competing models (i.e., other models 
are redundant).

F I G U R E  3  Genetic structure of N = 31 fish species collected across the White River basin (Ozark Mountains, USA) as summarized by 
among- site FST (Weir and Cockerham's θ) and Jost's D. Boxplots show the distributions of both pairwise estimates among sampling sites for 
each species. Inner quantiles are coloured to indicate species in the same family (N = 7) [Colour figure can be viewed at wileyonlinelibrary.
com]
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3  |  RESULTS

3.1  |  Sampling and data recovery summarized

Collections (N = 75; Figure 1) yielded N = 72 species and N = 3605 
individuals. On average, we collected ~11 species/site, typical for 
streams sampled with seine nets in North America (Matthews, 1998) 
and similar highland streams within the Mississippi Basin (Zbinden, 
Geheber, Lehrter, & Matthews, 2022; Zbinden, Geheber, Matthews, 
& Marsh- Matthews, 2022).

We genotyped N = 3060 individuals across N = 31 species, with 
at least two individuals collected at ≥5 sampled sites. Simulations 
and empirical evaluations underscore the accuracy of FST estimates 
when large numbers of SNPs (≥1500) are employed across a mini-
mum of two individuals (Nazareno et al., 2017; Willing et al., 2012). 
After removing samples with missing data >75% and those as single-
tons of their species at a site, the remaining N = 2861 were analysed 
for genetic structure (Table 1). The number of individuals analysed 
per species ranged from 15– 358 (x̄  = 92.3; s = 80.8), and the sites 
at which each species was collected ranged from 5– 50 (x̄  = 16.8; 

TA B L E  2  Summary of genetic structure observed for N = 31 species of fish collected across the White River Basin, USA. Classifications to 
family and species are provided for each, along with summaries of genetic structure

Family Species HT HS GST G′′

ST
D IBD Structure Model Model Var

Percidae Etheostoma flabellare 0.35 0.02 0.93 0.96 0.40 – X Stream hierarchy 99%

Leuciscidae Semotilus atromaculatus 0.30 0.09 0.70 0.79 0.26 X X Stream hierarchy 91%

Cottidae Cottus hypselurus 0.24 0.07 0.73 0.81 0.22 – X Stream hierarchy 99%

Leuciscidae Chrosomus erythrogaster 0.27 0.11 0.59 0.71 0.21 X X Stream hierarchy 98%

Cottidae Cottus carolinae 0.26 0.11 0.58 0.69 0.19 X X Stream hierarchy 93%

Leuciscidae Campostoma anomalum 0.20 0.12 0.38 0.45 0.09 X X Stream hierarchy 87%

Percidae Etheostoma blennioides 0.21 0.13 0.35 0.43 0.09 X X Stream hierarchy 98%

Leuciscidae Pimephales notatus 0.25 0.18 0.28 0.36 0.09 X X Stream hierarchy 98%

Percidae Etheostoma juliae 0.23 0.16 0.29 0.37 0.09 X X Stream hierarchy 97%

Leuciscidae Lythrurus umbratilis 0.30 0.25 0.17 0.27 0.09 – – Stream hierarchy 69%

Percidae Etheostoma spectabile 0.20 0.14 0.31 0.38 0.08 X X Stream hierarchy 99%

Fundulidae Fundulus olivaceus 0.24 0.18 0.25 0.32 0.08 X X Stream hierarchy 88%

Fundulidae Fundulus catenatus 0.20 0.14 0.31 0.37 0.07 X X Stream hierarchy 83%

Atherinopsidae Labidesthes sicculus 0.18 0.14 0.24 0.29 0.05 X X Stream hierarchy 84%

Leuciscidae Notropis telescopus 0.20 0.16 0.20 0.25 0.05 X X Stream hierarchy 60%

Percidae Etheostoma caeruleum 0.14 0.10 0.27 0.30 0.04 X X Stream hierarchy 90%

Percidae Etheostoma zonale 0.16 0.13 0.20 0.25 0.04 X X Stream hierarchy 98%

Leuciscidae Luxilus chrysocephalus 0.26 0.23 0.11 0.15 0.04 X X Stream hierarchy 38%

Centrarchidae Lepomis megalotis 0.18 0.15 0.17 0.21 0.04 X X Stream hierarchy 47%

Poeciliidae Gambusia affinis 0.26 0.24 0.10 0.14 0.04 X X Stream hierarchy 59%

Leuciscidae Cyprinella whipplei 0.26 0.24 0.09 0.14 0.04 X X Stream hierarchy 50%

Centrarchidae Micropterus salmoides 0.30 0.28 0.06 0.10 0.03 X – Stream hierarchy 12%

Leuciscidae Luxilus zonatus 0.19 0.17 0.11 0.14 0.03 – X Stream hierarchy 76%

Centrarchidae Lepomis macrochirus 0.24 0.22 0.07 0.10 0.02 – – Stream hierarchy 19%

Centrarchidae Micropterus dolomieu 0.23 0.22 0.07 0.10 0.02 X – Stream hierarchy 57%

Leuciscidae Notropis boops 0.17 0.16 0.06 0.08 0.01 X X Stream hierarchy 23%

Leuciscidae Notropis nubilus 0.14 0.13 0.07 0.08 0.01 X X Stream hierarchy 13%

Leuciscidae Campostoma oligolepis 0.17 0.16 0.05 0.06 0.01 X X Stream hierarchy 15%

Leuciscidae Cyprinella galactura 0.18 0.18 0.04 0.05 0.01 – – Stream hierarchy 12%

Leuciscidae Notropis percobromus 0.18 0.18 0.03 0.04 0.01 X – Stream hierarchy 3%

Leuciscidae Luxilus pilsbryi 0.14 0.13 0.02 0.02 0.00 X – Stream hierarchy 6%

MEAN 0.22 0.16 0.25 0.30 0.08 63%

STDEV 0.05 0.06 0.23 0.25 0.09 35%

Note: Species are ordered by Jost's D.
Abbreviations: D, Jost's genetic differentiation; GST, Nei's fixation index; G′′

ST
, unbiased fixation index; HS, within- site heterozygosity; HT, total 

heterozygosity; IBD, significant tests of isolation by distance denoted “X”; Model Var, the amount of variance explained by the best isolation model; 
Structure, whether the species could be subdivided into more than one population, denoted “X”; Model, the isolation model explaining the most 
individual genetic variance.
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6752  |    ZBINDEN et al.

s = 11.2). The number of individuals/species/site ranged from 2– 15 
(x̄  = 5.1; s = 1.5). The mean number of raw reads/individual/spe-
cies spanned from 1.65 million to 3.22 million (x̄  = 2,289,230.0; 
s = 341,159.5). The mean N of loci/species recovered by ipyrad 
ranged from 14,599– 30,509 (x̄  = 20,081.7; s = 4697.6) with a mean 
sequencing depth/locus of 73.6× (s = 12.0×). After filtering loci and 
retaining one SNP per locus, the panels for each species contained 
2168– 10,033 polymorphic sites (x̄  = 4486.7; s = 1931.1) with mean 
missing data/species at 12% (s = 2%).

3.2  |  Genetic structure

3.2.1  |  Among- site genetic divergence

Distributions of among- site FST and D varied widely among spe-
cies (Figure 3; Table S1), as did global indices of genetic divergence 
(Table 2). All three global indices of fixation or genetic divergence 
(GST, G′′

ST
, D) were negatively correlated with within- site heterozy-

gosity (HS), positively correlated with total heterozygosity (HT), and 
highly, positively correlated with each other (Table 3).

A significant relationship was found between linearized among- 
site FST and log- transformed among- site river network distance 
for 23 (74%) of the N = 31 species (Figure 4). Mantel coefficients 
ranged from 0.11– 0.88 (x̄  = 0.51; s = 0.19). Results were largely 
similar when IBD was tested with Jost's D, again with the same 23 
species showing a significant relationship, along with two additional 
taxa: Smallmouth Bass (Micropterus dolomieu; Lacepède, 1802) and 
Largemouth Bass (Micropterus salmoides; Lacepède, 1802). Mantel 
correlation coefficients ranged from 0.15– 0.92 (x̄  = 0.51; s = 0.19).

3.2.2  |  Population structure

An apparent lack of discrete genetic structure emerged across seven 
species, suggesting continuous structuring at the spatial scale of 
our study (Figure 5). For the remaining 24 species, at least two and 
up to seven discrete subpopulations were identified (Figure 6). This 
structure corresponded at the broadest hierarchical level to the two 
major northern basins: Upper White and Black rivers, for all species 
sampled in both sub- basins (N = 22). There was also evidence of 
fine- scale structure for five species within the Little Red River Basin. 
Smaller catchments with distinct gene pools across multiple species 
included: North Fork (4 spp.), Buffalo (3 spp.), Upper Black (4 spp.), 
Current (3 spp.), and Spring rivers (4 spp.).

3.2.3  |  AMOVA

Discrete genetic structuring was also supported via AMOVA. Genetic 
variation among HUCs was significant for 24 species (Table 4). For 
the other seven species, variation among HUCs was ≤1%, save for 
Ozark Sculpin (Cottus hypselurus; Robins & Robison, 1985) and Creek 

Chub (Semotilus atromaculatus; Mitchill, 1818). HUC differences for 
these accounted for >80% of the genetic variance but were nonsig-
nificant due to a lack of power. Southern Redbelly Dace (Chrosomus 
erythrogaster; Rafinesque, 1820) could not be tested due to a lack 
of repeated samples within HUC levels. Further evidence of genetic 
structure among HUCs was revealed in the pattern of ΦSC (genetic 
divergence among sites within HUCs) < ΦST (divergence among all 
sites) found across 26 species. The 8- digit HUC level explained the 
greatest genetic variance across 21 species (Table 4).

Genetic variation among discrete population clusters (based on 
sNMF) was significant for 21 of the N = 31 species (Table 4). Seven 
species were best described as single populations (K = 1) and were 
not tested. The three species without significant structure, despite 
K > 1 via sNMF, could probably be explained by low power resulting 
from a small number of sample sites. Again, as with HUCs, ΦSC < ΦST 
was observed. However, all tested species showed this pattern (i.e., 
sites within the same population were less differentiated than sites 
across all populations).

3.3  |  Modelling genetic β - diversity

Variability in genetic β- diversity was partitioned across four models 
of genetic structure for the N = 31 species. Principal components 
of SNP panel variation served as representatives of genetic varia-
tion. Across species, the number of genetic PCs ranged from 2– 93 
(x̄  = 20.0; s = 20.1; Table 1).

Combining the four models (IBD, IBB, IBH, IBE) explained 
between 3% and 100% of the genetic β- diversity across spe-
cies (x̄  = 63.0%; s = 35.3%; Figure 7). Isolation by stream hier-
archy (IBH; x̄  = 62.0%; s = 34.7%) and barrier (IBB; x̄  = 49.3%; 
s = 30.0%) contributed most to the total variation explained, 
while distance (IBD; x̄  = 32.1%; s = 25.1%) and environment (IBE; 
x̄  = 33.0%; s = 21.4%) explained less (Figure 7; Table S1). Variation 
explained by “pure” models, after accounting for that explained 
by the other three, was >0 only for stream hierarchy and barrier 
(Figure 7; Table S1), suggesting that distance and environment are 
encapsulated by the former. Indeed, correlative structure among 

TA B L E  3  Summary of correlation among population genetic 
parameter estimates calculated for N = 31 fish species collected 
across the White River Basin, USA

HS HT GST G′′

ST

HT ns – 

GST −0.75 0.52 – 

G′′

ST
−0.71 0.55 0.99 – 

D −0.65 0.67 0.97 0.96

Note: Pearson's product– moment correlation between each parameter 
estimate is shown in the table. Only significant (α < 0.05) correlations 
are shown.
Abbreviations: D, Jost's genetic differentiation; GST, Nei's fixation index; 
G′′

ST
, unbiased fixation index; HT, total heterozygosity; HS, within- site 

heterozygosity.
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F I G U R E  4  Isolation by distance plots for N = 31 fish species collected across the White River Basin (Ozark Mountains, USA). Each 
depicts the relationship between among- site FST (linearized) and log river distance among sites. The following are represented below 
each species name: m = slope of the linear regression model (dashed red line) and r = the Mantel coefficient indicating the strength of the 
correlation between genetic structure and distance. Significant r- values denoted with a red asterisk (α ≤ 0.05) [Colour figure can be viewed at 
wileyonlinelibrary.com]
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models revealed most genetic variance was explained by stream 
hierarchy, with the other models largely redundant (Figure 8; 
Table S1).

4  |  DISCUSSION

Genetic diversity is an essential metric for inferring evolutionary pro-
cesses and guiding conservation. Single- species estimates of genetic 
diversity are standard given practical constraints, for example, fund-
ing mandates for species of conservation concern. However, adopting 
a multispecies approach for analysing genetic diversity could allow for 
more comprehensive and systematic management plans to be devel-
oped by focusing on commonalities (rather than differences) among 
species. The stream hierarchy model (Meffe & Vrijenhoek, 1988) pos-
its that the dispersal of stream- dwelling organisms is more limited be-
tween hierarchical units (basins, sub- basins, watersheds) than within 
(i.e., spatial modularity; Fortuna et al., 2009). If this model was gener-
alizable, it could determine relevant scales and regions for managing 
genetic diversity that may harbour complementary biodiversity and 
aid in systematic conservation planning (Margules & Pressey, 2000; 
Paz- Vinas et al., 2018; Xuereb et al., 2021).

Few studies have analytically compared the spatial structure of 
genetic β- diversity. Paz- Vinas et al. (2018) compared genetic α-  and 
β- diversity among six river- dwelling fish species in France using 
microsatellites. In contrast to our results, their study found that 
species did not conform to common spatial patterns, although their 
approach differed from that herein (i.e., “hot”-  and “coldspots” of 
α-  and β- diversity). Fortuna et al. (2009) used isozymes to demon-
strate that three of four Mediterranean shrubs in their study dis-
played similar patterns of network connectivity (modularity) in that 
the same sets of sampling sites formed consistent patches based on 
estimates of genetic connectivity (i.e., higher connectivity among 
sites within a patch) that probably represent fundamental scales for 
populations.

Our multispecies approach yielded two salient points: (1) From 
a macro- perspective, river network topology and complexity are 
manifested in common patterns of genetic structure across species 
(consistent modularity); and (2) on a finer scale, the degree of in-
traspecific genetic divergence varies widely among codistributed 
species. Most species showed significant IBD patterns but also dis-
crete population substructure, as reflected most strongly by sub- 
basin delineations (e.g., HUC- 8). These patterns were corroborated 
by AMOVA and variation partitioning and are generalized across 

F I G U R E  5  Sampling distribution maps of seven species which showed no evidence of discrete genetic population structure within 
the White River Basin (Ozark Mountains, USA). A total of N = 31 species were sampled across 75 sites. The number of collection sites 
(red circles) for each species is denoted by N; K = the number of discrete genetic populations discerned from sparse non- negative matrix 
factorization [Colour figure can be viewed at wileyonlinelibrary.com]

F I G U R E  6  Sampling distribution maps of 24 species which showed evidence of genetic population structure within the White River Basin 
(Ozark Mountains, USA). N = 31 species were sampled across 75 sites. K = the number of discrete genetic populations discerned from sparse 
non- negative matrix factorization. Sampling sites are denoted as pie charts representing the average population coefficients for each site. 
N = number of sites where each species was collected [Colour figure can be viewed at wileyonlinelibrary.com]

 1365294x, 2023, 24, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/m

ec.16806 by U
niversity O

f A
rkansas L

ibrary, W
iley O

nline L
ibrary on [06/12/2023]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

http://www.wileyonlinelibrary.com
http://www.wileyonlinelibrary.com


    |  6755ZBINDEN et al.

 1365294x, 2023, 24, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/m

ec.16806 by U
niversity O

f A
rkansas L

ibrary, W
iley O

nline L
ibrary on [06/12/2023]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



6756  |    ZBINDEN et al.

TA
B

LE
 4

 
G

en
et

ic
 v

ar
ia

tio
n 

of
 fi

sh
 s

pe
ci

es
 (N

 =
 3

1)
 s

am
pl

ed
 a

cr
os

s 
th

e 
W

hi
te

 R
iv

er
 B

as
in

 (O
za

rk
 M

ou
nt

ai
ns

, U
SA

), 
w

as
 te

st
ed

 u
si

ng
 a

na
ly

si
s 

of
 m

ol
ec

ul
ar

 v
ar

ia
nc

e 
(A

M
O

VA
) t

o 
de

te
rm

in
e 

th
e 

pr
op

or
tio

n 
of

 g
en

et
ic

 v
ar

ia
tio

n 
di

ff
er

in
g 

am
on

g 
di

st
in

ct
 h

yd
ro

lo
gi

c 
un

its
 (H

U
C

s)
 a

nd
 a

m
on

g 
di

sc
re

te
 p

op
ul

at
io

n 
cl

us
te

rs
. H

U
C 

te
st

s 
w

er
e 

pe
rf

or
m

ed
 a

t f
ou

r H
U

C-
 le

ve
ls

 (4
- , 

6-
 , 8

- , 
an

d 
10

- d
ig

it 
H

U
C

s)
 a

nd
 th

e 
le

ve
l d

ep
ic

tin
g 

th
e 

m
os

t g
en

et
ic

 v
ar

ia
nc

e 
is

 s
ho

w
n

Fa
m

ily
Sp

ec
ie

s

H
yd

ro
lo

gi
c 

un
its

Po
pu

la
tio

n 
cl

us
te

rs

H
U

C-
 le

ve
l

A
m

on
g 

H
U

Cs
A

m
on

g 
si

te
s

A
m

on
g 

po
ps

A
m

on
g 

si
te

s

%
va

r
si

g.
%

va
r

Φ
ST

si
g.

Φ
SC

%
va

r
si

g.
%

va
r

Φ
ST

si
g.

Φ
SC

A
th

er
in

op
si

da
e

La
bi

de
st

he
s s

ic
cu

lu
s

H
U

C-
 8

21
%

*
19

%
0.

40
*

0.
24

25
%

*
18

%
0.

43
6

*
0.

24
3

C
en

tr
ar

ch
id

ae
Le

po
m

is 
m

ac
ro

ch
iru

s
– 

0%
ns

7%
0.

07
*

0.
07

– 
– 

– 
– 

– 
– 

Le
po

m
is 

m
eg

al
ot

is
H

U
C-

 4
70

%
*

7%
0.

77
*

0.
23

37
%

*
6%

0.
42

8
*

0.
09

8

M
ic

ro
pt

er
us

 d
ol

om
ie

u
H

U
C-

 8
5%

*
7%

0.
12

*
0.

07
– 

– 
– 

– 
– 

– 

M
ic

ro
pt

er
us

 sa
lm

oi
de

s
H

U
C-

 4
3%

*
0%

0.
02

ns
0.

00
– 

– 
– 

– 
– 

– 

C
ot

tid
ae

Co
tt

us
 c

ar
ol

in
ae

H
U

C-
 8

66
%

*
9%

0.
74

*
0.

26
62

%
*

15
%

0.
77

2
*

0.
40

2

Co
tt

us
 h

yp
se

lu
ru

s
H

U
C-

 8
84

%
ns

5%
0.

89
ns

0.
31

85
%

ns
7%

0.
91

7
*

0.
44

2

Fu
nd

ul
id

ae
Fu

nd
ul

us
 c

at
en

at
us

H
U

C-
 8

36
%

*
15

%
0.

51
*

0.
23

36
%

*
16

%
0.

51
6

*
0.

24
4

Fu
nd

ul
us

 o
liv

ac
eu

s
H

U
C-

 8
18

%
*

18
%

0.
36

*
0.

22
16

%
*

21
%

0.
37

2
*

0.
25

2

Le
uc

is
ci

da
e

Ca
m

po
st

om
a 

an
om

al
um

H
U

C-
 8

53
%

*
2%

0.
55

*
0.

05
61

%
*

7%
0.

68
0

*
0.

17
5

Ca
m

po
st

om
a 

ol
ig

ol
ep

is
H

U
C-

 8
6%

*
1%

0.
07

ns
0.

01
5%

*
3%

0.
08

1
*

0.
03

6

Ch
ro

so
m

us
 e

ry
th

ro
ga

st
er

– 
– 

– 
– 

– 
– 

– 
62

%
*

21
%

0.
82

9
*

0.
54

8

Cy
pr

in
el

la
 g

al
ac

tu
ra

H
U

C-
 8

7%
*

0%
0.

07
ns

0.
00

– 
– 

– 
– 

– 
– 

Cy
pr

in
el

la
 w

hi
pp

le
i

H
U

C-
 8

14
%

*
4%

0.
18

*
0.

05
14

%
ns

7%
0.

20
2

*
0.

07
8

Lu
xi

lu
s c

hr
ys

oc
ep

ha
lu

s
H

U
C-

 8
14

%
*

7%
0.

21
*

0.
08

17
%

*
10

%
0.

26
6

*
0.

12
0

Lu
xi

lu
s p

ils
br

yi
H

U
C-

 10
1%

ns
1%

0.
02

*
0.

01
– 

– 
– 

– 
– 

– 

Lu
xi

lu
s z

on
at

us
H

U
C-

 10
15

%
*

3%
0.

18
*

0.
03

9%
*

10
%

0.
19

9
*

0.
11

5

Ly
th

ru
ru

s u
m

br
at

ili
s

– 
0%

ns
22

%
0.

20
*

0.
22

– 
– 

– 
– 

– 
– 

N
ot

ro
pi

s b
oo

ps
H

U
C-

 8
6%

*
3%

0.
09

*
0.

03
6%

*
6%

0.
11

3
*

0.
05

9

N
ot

ro
pi

s n
ub

ilu
s

H
U

C-
 4

10
%

*
7%

0.
17

*
0.

08
16

%
*

1%
0.

17
2

*
0.

01
5

N
ot

ro
pi

s p
er

co
br

om
us

H
U

C-
 8

1%
*

1%
0.

01
ns

0.
01

– 
– 

– 
– 

– 
– 

N
ot

ro
pi

s t
el

es
co

pu
s

H
U

C-
 8

33
%

*
1%

0.
34

*
0.

01
41

%
*

3%
0.

43
6

*
0.

04
6

Pi
m

ep
ha

le
s n

ot
at

us
H

U
C-

 8
17

%
*

26
%

0.
44

*
0.

32
13

%
*

32
%

0.
45

3
*

0.
37

2

Se
m

ot
ilu

s a
tr

om
ac

ul
at

us
H

U
C-

 8
87

%
ns

1%
0.

88
*

0.
08

92
%

*
2%

0.
93

4
*

0.
19

4

Pe
rc

id
ae

Et
he

os
to

m
a 

bl
en

ni
oi

de
s

H
U

C-
 8

61
%

*
2%

0.
62

*
0.

04
67

%
*

2%
0.

68
6

*
0.

05
3

Et
he

os
to

m
a 

ca
er

ul
eu

m
H

U
C-

 8
40

%
*

3%
0.

44
*

0.
06

45
%

*
5%

0.
49

7
*

0.
09

3

Et
he

os
to

m
a 

fla
be

lla
re

– 
0%

ns
99

%
0.

98
*

0.
98

95
%

*
3%

0.
97

7
ns

0.
58

0

Et
he

os
to

m
a 

ju
lia

e
H

U
C-

 8
34

%
*

11
%

0.
45

*
0.

16
36

%
*

12
%

0.
47

8
*

0.
18

2

Et
he

os
to

m
a 

sp
ec

ta
bi

le
H

U
C-

 8
29

%
*

10
%

0.
38

*
0.

14
26

%
*

13
%

0.
39

4
*

0.
18

1

Et
he

os
to

m
a 

zo
na

le
H

U
C-

 8
32

%
*

2%
0.

34
*

0.
02

38
%

*
5%

0.
42

2
*

0.
07

4

Po
ec

ili
id

ae
G

am
bu

sia
 a

ff
in

is
H

U
C-

 4
7%

*
13

%
0.

20
*

0.
14

13
%

ns
11

%
0.

23
9

*
0.

12
3

A
bb

re
vi

at
io

ns
: Φ

ST
, g

en
et

ic
 v

ar
ia

tio
n 

am
on

g 
si

te
s 

ac
ro

ss
 a

ll 
gr

ou
ps

; Φ
SC

, g
en

et
ic

 v
ar

ia
tio

n 
am

on
g 

si
te

s 
w

ith
in

 a
 g

ro
up

; s
ig

, t
he

 s
ig

ni
fic

an
ce

 o
f t

he
 te

st
 (*

 fo
r <

0.
05

 a
nd

 n
s 

fo
r >

0.
05

); 
Va

r, 
pe

rc
en

t g
en

et
ic

 
va

ria
nc

e 
ex

pl
ai

ne
d.

 1365294x, 2023, 24, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/m

ec.16806 by U
niversity O

f A
rkansas L

ibrary, W
iley O

nline L
ibrary on [06/12/2023]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



    |  6757ZBINDEN et al.

species. Overall, stream fish genetic structure patterns indicated 
dispersal limited primarily among versus within river catchments.

4.1  |  Drivers of isolation at the basin- wide scale

4.1.1  |  Isolation by distance and river networks

IBD is expected when a genetic study's spatial extent is greater than 
individuals' average dispersal distance, that is, distance moved from 
natal habitat to breeding habitat. We examined species from seven 
families of fishes, most of which are small- bodied, highland spe-
cies that presumably do not disperse great distances (Matthews & 
Robison, 1988). Indeed, significant IBD patterns were detected in 
81% of the species in our study. However, the strength of the rela-
tionship was generally weak (Mantel r = 0.47 and 0.51 for linearized 
FST and D, respectively).

While IBD may primarily explain genetic variation along a sin-
gle stream or river, i.e., linear scale, it fails to incorporate the spatial 

structure of riverine networks (Thomaz et al., 2016). Therefore, IBD 
may not be an appropriate general model for fish genetic structure at 
the network scale (Hopken et al., 2013). IBD plots for many species 
(Figure 4) showed high genetic divergence even among relatively 
proximate localities, with apparent clusters indicating discrete rather 
than continuous structure (Guillot et al., 2009). This evidence sug-
gests that— at the network scale— a more nuanced pattern occurs, 
with high residual variation resulting. The failure of IBD to account 
for large amounts of variation in genetic divergence reflects addi-
tional resistance to dispersal, as caused by longitudinal changes in 
habitat characteristics such as slope, depth, volume, and predator 
composition. For example, two river reaches of equal length can 
have very different habitat matrices, and these can be more in-
fluential on gene flow than space alone (Guillot et al., 2009; Lowe 
et al., 2006; Ruiz- Gonzalez et al., 2015).

4.1.2  |  Stream hierarchy model

Our results show that individual genetic variation is best explained 
by the stream hierarchy model (SHM) (Brauer et al., 2018; Hopken 
et al., 2013; Meffe & Vrijenhoek, 1988). In other words, the major-
ity of variation explained by IBD, IBE, and IBB could be accounted 
for by IBH alone. This was corroborated via variation partitioning, 
in which IBD, IBE, and IBB models were redundant with IBH. A 
concordance of population structure with stream hierarchy yielded 
a similar percentage of among- site genetic variation, as explained 
by among- HUC and among- population groupings. In short, the 
variance explained by distance and environment was due to dif-
ferences among HUC drainages. These results highlight the neces-
sity of accounting for population structure prior to exploring the 
relationship between genotypes and environmental heterogeneity, 
for example, within genotype by environment frameworks (Lawson 
et al., 2020).

4.1.3  |  Disentangling cumulative effects

Our analyses also revealed complex spatial patterns of genetic 
diversity. We evaluated competing isolation models using an ap-
proach that identified distance and barriers as putative drivers, with 
strong genetic divergence identified even across short geographi-
cal distances (Chan & Brown, 2020; Ruiz- Gonzalez et al., 2015). 
This interaction can confound analyses that incorporate either 
alone. For example, if sampling is clustered, discrete genetic 
groups can be spuriously inferred along an otherwise continuous 
gradient of genetic variation (Frantz et al., 2009). Furthermore, a 
continuous pattern can be erroneously extrapolated when the un-
derlying reality is described by distinct clusters separated by geo-
graphic distance (Meirmans, 2012). Here, we echo the importance 
of testing various hypotheses concerning genetic structure (Perez 
et al., 2018). Idiosyncrasies and complex interactions cannot be 
discerned by testing single models in isolation (e.g., discrete struc-
ture or IBD).

F I G U R E  7  Neutral genetic variation was partitioned between 
four explanatory models for N = 31 fish species sampled across 
the White River Basin (Ozark Mountains, USA). Partitioning 
was conducted separately for each species. The four models 
represent: (i) isolation by distance, the river network distance 
among individuals represented by spatial eigenvectors; (ii) isolation 
by barrier, represented by population structure coefficients 
among individuals; (iii) isolation by stream hierarchy, based on 
the hydrologic units (at four different hierarchical levels) in which 
an individual was collected; and (iv) isolation by environment, 
characterized by the environmental heterogeneity across sampling 
sites where individuals were collected. Total = the genetic variation 
explained by all four models combined. The “Pure” models 
represent the variation explained by each model after partialling 
out the variation explained by the other three models [Colour 
figure can be viewed at wileyonlinelibrary.com]
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4.2  |  Drivers of variation within and among species

The species assayed herein display marked differences concerning 
dispersal capability (Shelley et al., 2021). Given this, we expected the 
degree of genetic structure to vary widely among species across our 
study region (Comte & Olden, 2018; Husemann et al., 2012; Pilger 
et al., 2017). Dispersal- related traits drive gene flow among locali-
ties and determine the spatial scale at which patterns of genetic 
structure emerge (Bohonak, 1999; Riginos et al., 2014). The physi-
cal structure of the river network then further modulates these pat-
terns by dictating dispersal pathways of metapopulations and their 
colonization and extinction probabilities (Falke et al., 2012; Labonne 
et al., 2008; Fagan, 2002). These superimposed processes influence 
genetic divergence among distal populations (Thomaz et al., 2016; 
Chiu et al., 2020). Similar patterns emerge when analysing commu-
nity diversity via species composition. Headwater streams tend to 
have very different communities due to dispersal limitations (Finn 
et al., 2011; Zbinden & Matthews, 2017; Zbinden, Geheber, Lehrter, 
& Matthews, 2022). The interaction between traits and the environ-
ment is an overarching influence that unites ecology and evolution.

Many species studied herein are small- bodied with aggre-
gate distributions in upland and headwater streams (Robison & 
Buchanan, 2020). Thus, species- specific dispersal limitations, as im-
posed by unsuitable large riverine habitats (Radinger & Wolter, 2015; 
Schmidt & Schaefer, 2018), explain considerable variation in genetic 
structuring within the White River. Large rivers are hypothesized as 
inhospitable habitats to upland fishes (e.g., resources, depth, tur-
bidity, substrates) and impose resistance to successful migration 
(e.g., higher discharge, greater density of large- bodied predators). 
These characteristics constrain migration and limit gene flow among 
basins that drain into large rivers (Fluker et al., 2014; Schmidt & 
Schaefer, 2018; Turner & Robison, 2006). The results are asymmetric 
gene flow and source- sink metapopulation dynamics, with suscepti-
ble species, those smaller and less tolerant, diverging most rapidly 
(Campbell Grant et al., 2007). Thus it is not surprising that the spe-
cies for which we found no evidence of discrete genetic structure 
(i.e., K = 1) are also among the larger, more generalist species.

Life- history traits probably also play an important role. For ex-
ample, those that directly influence effective population size (Nei 
& Tajima, 1981; Waples, 2022) may generate differences among 
species regarding the rate at which genetic differences arise due 
to genetic drift (Blanchet et al., 2020). Species with “slow” life his-
tories, characterized by longer generations and delayed maturity, 
show an increased probability of local extirpation, inflating genetic 
drift concomitant with global extinction risk (Hutchings et al., 2012; 
Pearson et al., 2014; Chafin et al., 2019). Similar contingencies exist 

for ecological traits, such as highly specialized trophic adaptations, 
narrow environmental tolerances, or any other following the same 
general mechanism of influence on dispersal or effective population 
sizes (Olden et al., 2008). Ecological traits are mirrored by morphol-
ogy (Douglas & Matthews, 1992), underscoring an interaction of 
trait effects that are difficult to disentangle. Ultimately, intraspe-
cific genetic divergence is driven by a combination of factors that 
influence population size, demographic history, and connectivity 
(Zbinden et al., 2022d). Clearly, these complex interactions among 
drivers require more comparative multispecies assessments as they 
shape genetic diversity and structure within and among species (mi-
croevolutionary scale) and, thus, ultimately lead to speciation and 
extinction (macroevolutionary scale).

4.3  |  Disentangling historic and 
contemporary drivers

4.3.1  |  Paleohydrology in the White River system

In this study, discrete population structure coincides with major 
topological divides within the White River stream network, such 
as a consistent east/west divide between Upper White and Black 
rivers, mirroring prior community composition studies (Matthews 
& Robison, 1988, 1998). Similar patterns were observed at smaller 
scales among drainages within the study region, as reported for 
White River crayfish (Fetzner Jr & DiStefano, 2008). While the 
Lower White and Black rivers are certainly contemporary large- river 
habitats, both would have been much larger pre- Pleistocene when 
together they represented the main channel of the Old Mississippi 
River (Mayden, 1988; Strange & Burr, 1997). This large- river habitat 
would have separated the eastern and western highland tributaries, 
with inhospitable habitat for upland species. Pronounced limitations 
regarding historic dispersal induced by the Old Mississippi could ex-
plain the greater isolation of the Little Red River and Black River trib-
utary populations compared to those in the Upper White River. Here, 
additional work should incorporate coalescent perspectives (e.g., 
Oaks, 2019) that test the role of past geomorphic events in driving 
codivergence and codemographic patterns, such as the Pleistocene 
incursion by the Old Mississippi into the modern Black River channel.

4.3.2  |  Contemporary drivers

Spatial discontinuities in genetic structure can also reveal contempo-
rary barriers to migration/gene flow (Lee et al., 2018; Ruiz- Gonzalez 

F I G U R E  8  Venn diagrams depict neutral genetic variation resulting from four models as applied to N = 31 fish species sampled from the 
White River Basin (Ozark Mountains, USA). Models were based on: (i) isolation by distance, isolation by barrier, isolation by stream hierarchy, 
and isolation by environment. Values in the Venn diagrams are percent of genetic variance explained (i.e., rounded adjusted R2 values). Total 
variance explained is shown below each diagram. The bottom two rows show species that showed no discrete population structure (i.e., no 
isolation by barrier) and thus only three of the models were tested. [Colour figure can be viewed at wileyonlinelibrary.com]

 1365294x, 2023, 24, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/m

ec.16806 by U
niversity O

f A
rkansas L

ibrary, W
iley O

nline L
ibrary on [06/12/2023]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

http://www.wileyonlinelibrary.com


6760  |    ZBINDEN et al.

et al., 2015). The Upper White River dams (e.g., Norfork, Bull Shoals, 
Table Rock, and Beaver dams) represent the most apparent an-
thropogenic barriers to gene flow. Dams elsewhere have demon-
strated discrete populations above and below the structure (Roberts 
et al., 2013). However, observable genetic impacts can be limited 
due to the relatively short period these dams have been in place 
(Ruzich et al., 2019). Those on the White River were constructed 
between 1912 (Taneycomo Powersite Dam) and 1966 (Beaver Dam).

Our study was not explicitly designed to assess impoundment 
effects on diversity, nor were they directly tested. Nevertheless, ev-
idence of discrete population structure has emerged, corresponding 
to the location of such dams. Four species showed discrete popula-
tions within the North Fork River above the Norfork Dam: Southern 
Redbelly Dace (Chrosomus erythrogaster; Rafinesque, 1820); Yoke 
Darter (Etheostoma juliae; Meek, 1891); Northern Studfish (Fundulus 
catenatus; Storer, 1846); and Blackspotted Topminnow (Fundulus oli-
vaceus; Storer, 1845; sites coloured magenta; Figure 6). One species, 
Orangethroat Darter (Etheostoma spectabile; Agassiz, 1854), showed 
a distinct population in the James River above Table Rock Dam (sites 
coloured gold; Figure 6). However, both North Fork and James rivers 
drain eight- digit HUC watersheds, which explains high amounts of 
genetic variation across the study region, regardless of dams. This 
highlights the importance of understanding “natural” network- wide 
patterns of genetic structure prior to deriving conclusions regarding 
anthropogenic barriers, particularly when they coincide with stream 
hierarchy. Differentiating dams as barriers versus stream hierarchy 
could be accomplished through divergence time estimates (Hansen 
et al., 2014) or by contrasting observed genetic differentiation 
with that expected in the face of a true obstacle for N generations 
(Prunier et al., 2020). That aspect, as it now stands, is beyond the 
scope of our current study.

5  |  CONCLUSIONS

The multispecies comparative approach employed here revealed 
general patterns that could not have been discerned from a sin-
gular study of any one species. Additionally, the variability among 
species regarding intraspecific genetic structure provides specific 
information of interest that single- species studies cannot. While 
meta- analytic approaches have some potential, they are limited by 
confounding effects that stem from differences between studies, 
such as markers, sample sizes, environmental exigencies, and histori-
cal context. This necessitates a community- level approach within a 
study region. Further work aimed at modelling variables can lead to 
greater insight, ultimately improving our hypotheses regarding ge-
netic diversity for which contemporary data are unavailable.

Importantly, our comparative approach supports the SHM as 
a general model for the genetic structure of lotic fish species and 
suggests that hydrologic units characterize regional genetic diver-
sity quite well. Out of this result emerged the potential for HUC 
units to serve as a “rule of thumb” for riverine biodiversity conserva-
tion. None of the species evaluated herein were panmictic. Genetic 

variation among HUCs was apparent despite limited evidence of dis-
crete population or continuous structure for some species. Across a 
suite of commonly occurring fishes representing seven families, we 
identified greater intraspecific gene flow within than among basins/
sub- basins. Therefore, fish populations within separate HUCs at the 
8- digit+ level (e.g., HUC6, HUC4, HUC2) should be considered iso-
lated until proven otherwise (Shelley et al., 2021).

As previously recognized, independent populations warrant in-
dependent management (Hopken et al., 2013). When migration is 
low or nonexistent, management of one population is unlikely to 
impact another. Genetic variation unique to hydrologic units could 
allow for adaptation to future environmental change, while on the 
other hand, isolation of populations could underscore elevated ex-
tirpation risks (Harrisson et al., 2014). Furthermore, efforts to prop-
agate populations via stocking or translocation should carefully 
assess the genetic landscape of the species in question, particularly 
before comingling diversity from different sub- basins (Meffe & 
Vrijenhoek, 1988). Such uninformed mixing of genetic stocks could 
promote outbreeding and the erosion of unique genetic diversity 
within river catchments. However, this must be weighed against the 
risks of local extirpation (Pavlova et al., 2017).

Given this study's general and comparative nature, we refrain 
from designating populations within species as potential manage-
ment units (MUs). However, species showing high levels of genetic 
structure (Table 2) could be assessed individually for such des-
ignation, possibly requiring more fine- scaled, targeted sampling. 
Additional river/sub- basin- specific management efforts could also 
be justified, given the presence of unique populations across multi-
ple species (Hopken et al., 2013). These consistent spatial modalities 
shared among multiple species point to areas of the river network 
that not only harbour unique genetic diversity but also play a key role 
in metapopulation viability and metacommunity dynamics (Fletcher 
et al., 2013). Here we specifically refer to: The Little Red, North Fork, 
Buffalo, Upper Black, Current, and Spring rivers. These may indeed 
represent evolutionarily significant catchments, and this insight un-
derscores the potential for community- level genetic examination to 
elevate management to the ecosystem scale (Hanson et al., 2020; 
Paz- Vinas et al., 2018).
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