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Abstract
Successful implementation of evolutionary programs to rescue climatically threatened species requires identification of 
adaptive variation. Although many genotype–environment association methods have been successful in identifying 
adaptive variation, current approaches can be improved in two important aspects. First, most existing methods do not 
account for genotype uncertainty in widely available low-coverage whole-genome sequencing data. Researchers often 
restrict analysis to loci for which genotypes can be inferred reliably or call the most probable genotype, allowing the use 
of genotype-based methods. However, discarding data and false genotype calls increase the uncertainty in estimates of 
genetic variation and can introduce systematic biases. Second, most methods use phenomenological approaches, such 
as logistic regression, to partition estimated variation into adaptive and nonadaptive components. Consequently, 
current approaches may fail to account for evolutionary processes, such as migration-selection balance. Structured 
migration between climatically disparate locations can produce deviations from a smooth S-shaped response curve, 
which can be difficult to accommodate using generalized linear models. To overcome these challenges, we developed a 
method that accounts for genotype uncertainty in sequencing data and propagates this uncertainty to inform the 
parameters of an evolutionary model. A key feature of this model is that it describes mechanistically how genetic 
variation arises from joint interactions between local adaptation, structured migration, mutation, and drift. Our 
synthetic simulation tests reveal that accounting for genotype uncertainty and structured migration substantially 
reduces false negatives. We also applied our approach to analyze data on North American rosy-finches (3.7 million 
SNPs), a high-alpine, climatically threatened clade of bird species.
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Introduction
Contemporary climate change is expected to drive many species 
to extinction, especially those with limited dispersal capacity to 
track their environmental niches (Schloss et al. 2012) and those 
that occupy shrinking suitable habitats, such as sky islands 
(Freeman et al. 2018). Conservationists argue that evolutionary 

management policies, such as assisted gene flow and genome 
editing (Phelps et al. 2020; Kosch et al. 2022), may provide a vi
able path to rescue these species that are otherwise likely to 
go extinct (Harrisson et al. 2014; Iverson 2024). A key prerequisite 
for the successful implementation of these management pro
grams is identifying adaptive loci, which may enable managers 
to target specific regions of the genome for amelioration.

D
ow

nloaded from
 academ

ic.oup.com
/m

be/article/43/10/m
sag255/8857670 by U

niversity of Texas - Austin user on 20 O
ctober 2026

https://orcid.org/0000-0002-5720-7761
https://orcid.org/0000-0002-0458-9305
https://orcid.org/0000-0002-3780-2010
https://orcid.org/0000-0002-5854-8648
https://orcid.org/0000-0002-0869-6300
https://orcid.org/0000-0002-2057-1973
https://orcid.org/0000-0002-5561-7273
https://orcid.org/0000-0001-7700-7487
https://orcid.org/0000-0002-1769-6492
https://orcid.org/0000-0001-5579-941X
https://orcid.org/0000-0002-1614-723X
mailto:nikunj410@gmail.com
https://creativecommons.org/licenses/by-nc/4.0/
https://doi.org/10.1093/molbev/msag255


Over the past two decades, several statistical methods have 
been developed to identify adaptive genomic regions in climatic
ally threatened species (see Rellstab et al. 2015 for a review of 
studies). Broadly, these statistical methods, referred to as geno
type–environment association methods, work in three steps 
(Goel et al. 2025). First, individuals of a species are sampled 
across its geographical range and are subsequently sequenced 
in the lab to estimate standing genetic variation. Second, the 
estimated genetic variation is partitioned into adaptive and non
adaptive (neutral) components. The adaptive variation corre
sponds to clinal patterns in allele frequencies or genotypes 
that are congruent with environmental variation. The nonadap
tive variation corresponds to genetic patterns that arise from 
neutral evolutionary processes, such as mutation, migration, 
and genetic drift. Finally, a statistical technique is used to evalu
ate the relative contribution of adaptive and non-adaptive evolu
tionary forces in determining variation at a given locus. Despite 
substantial methodological progress in ecological genomics, 
the capabilities of current genotype–environment association 
methods can be further expanded to enable more robust statis
tical inferences.

When estimating genetic variation using low-coverage whole- 
genome sequencing data, many genotype–environment associ
ation (GEA) methods do not faithfully account for, and propa
gate, genotype uncertainty. Most current methods that use 
individual-level sequencing data require genotypes as inputs to 
estimate genetic variation (Frichot et al. 2013; Günther and 
Coop 2013; De Villemereuil and Gaggiotti 2015). However, in low- 
coverage sequencing data, an individual’s genotype can only be 
inferred probabilistically (Nielsen et al. 2011, 2012). To address 
this issue, current genotype–environment association methods 
take the following routes. Researchers either use the most prob
able genotype, impute genotypes based on linkage maps (Li et al. 
2011; Lou et al. 2021), or analyze only a subset of loci for which 
genotypes can be called with high certainty (Andrews et al. 
2023). However, this approach is suboptimal because it can intro
duce systematic biases from false genotype calls and result in 
loss of information due to reduced sample size and limited gen
omic coverage (Han et al. 2014). Alternatively, some researchers 
first estimate allele frequencies that account for sampling and 
genotype uncertainty using statistical software, such as ANGSD 
(Korneliussen et al. 2014), and then use point estimates (e.g. 
the mean) as inputs in the downstream analysis (Capblancq 
et al. 2018; Forester et al. 2018). However, this approach is also 
suboptimal because statistical models underestimate uncer
tainty in relevant downstream parameters (Fumagalli et al. 
2013). An improved approach to accommodate low-coverage 
whole-genome sequencing data is to simultaneously account 
for genotype and sampling uncertainty. Such an approach facil
itates obtaining probabilistic estimates of genetic variation that 
can be used to inform downstream parameters (Buerkle and 
Gompert 2013; Lou et al. 2021).

Another major concern with current genotype–environment as
sociation models is that they use phenomenological approaches, 
such as generalized linear regression models, to describe how 
evolutionary forces (e.g. selection, mutation, migration, and drift) 
interact to shape spatial genetic patterns (Goel et al. 2025). 
Although these phenomenological models are qualitatively con
sistent with evolutionary principles, they model genetic variation 
using statistical relationships that are often weakly motivated by 

evolutionary theory. Phenomenological statistical models may 
not account for important evolutionary processes, making it chal
lenging to critique and improve them. For example, current geno
type–environment association models account for migration 
mainly in the context of how it interacts with drift (Coop et al. 
2010; Frichot et al. 2013): migration between demes produces 
spatial correlation in neutral allele frequencies that decays with 
distance, a pattern commonly referred to as isolation-by-distance 
(Slatkin 1993; McRae 2006). However, interactions between mi
gration and selection at non-neutral loci are seldom accounted 
for in current methods, even though these interactions can be 
substantial when migration is structured and a species experien
ces steep environmental gradients (Kirkpatrick and Barton 1997; 
Hoekstra et al. 2004). One important consequence of the 
migration-selection balance is that a species may not exhibit a 
typical S-shaped response curve to environmental variation. 
Two locations experiencing high gene flow and divergent selec
tion in response to the local environment can result in deviations 
from the S-shaped response curve. These deviations or irregular
ities stem from maladaptive gene flow, which cannot be easily ac
commodated by linear models.

A more effective approach is to use evolutionary theory to 
mechanistically model patterns of genetic variation directly 
(e.g. Goel et al. 2025). Because mechanistic models of evolution 
are constructed from first principles, we can evaluate statistical 
models based on their underlying biological assumptions (Rice 
2004). More importantly, if necessary, we can refine the statistical 
model based on the species’ demographic history. This mechan
istic approach to identifying adaptive loci has several advan
tages. The precise mathematical relationship between 
evolutionary parameters constrains the flow of information using 
scientific knowledge, rather than relying on heuristic functional 
forms (Hilborn and Mangel 2013). Because the parameters in 
an evolutionary model have biological meaning, the estimated 
parameters may provide valuable biological insights that are 
otherwise challenging to obtain using phenomenological models 
(Wikle 2003; Hooten and Hefley 2019).

In this paper, we developed a hierarchical Bayesian model 
(henceforth, referred to as the structured genotype-likelihood 
method) to address the aforementioned limitations. Our struc
tured genotype-likelihood method consists of three levels: the 
data, process, and parameter models (Berliner 1996). The data 
model describes a probabilistic link between genetic data and 
genetic variation. The process model partitions this genetic vari
ation into adaptive and non-adaptive components using a mech
anistic evolutionary model. The parameter models represent our 
prior knowledge about the parameters. For example, neutral 
evolutionary theory suggests that most loci in the genome do 
not contribute to local adaptation (Kimura 1983) and, as such, 
should have a flat response curve.

The structured genotype-likelihood method has two key fea
tures. First, the method enables us to use genotype-likelihoods 
obtained from low-coverage whole-genome sequencing data to 
improve our statistical learning of genetic variation, which is 
then used to inform the parameters of a mechanistic evolution
ary model in the downstream analysis. Second, our statistical ap
proach relies on a new probabilistic metapopulation model of 
evolution to account for how structured migration (described us
ing coalescent theory) interacts with local adaptation to modify 
the S-shaped response curve. To evaluate the robustness of our 
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statistical method, we test and compare our statistical model 
against redundancy analysis (RDA) (Capblancq and Forester 
2021), and latent factor mixed models (LFMM) (Caye et al. 
2019), two commonly used genotype–environment association 
methods, across multiple synthetic datasets with known param
eter values. We then analyzed genotype-likelihood data corre
sponding to 3.7 million SNPs to identify adaptive variation in 
rosy finches (genus Leucosticte), a group of songbirds that pre
dominantly breed in alpine environments.

Rosy finches
The radiation of North American rosy-finches comprises three 
main species: the Black Rosy-Finch, the Brown-capped 
Rosy-Finch, and the Gray-crowned Rosy-Finch. Together, the spe
cies complex spans western North America, ranging from Alaska, 
where they are found at sea level, to northern New Mexico, where 
they breed at elevations up to 4,000 m (Funk et al. 2023). The ma
jority of rosy-finch populations breed in tundra-like vegetation 
near and above the timberline (Fig. 1).

Data
A total of 192 individuals of rosy-finches were sampled at 24 sites 
across the United States. Because of the proximity of some sites, 
we merged those within 80 km of each other, yielding a total of 
16 sites (Fig. 1, Table S1). Sample sizes were highly heteroge
neous across sites, ranging from 1 to 36 individuals. Using a gra
dient forest method (Ellis et al. 2012), we identified the five least 
correlated environmental variables for our genotype–environ
ment association analysis (see Table S2 for correlations between 
environmental variables): (i) mean July snowpack, (ii) soil water 
content, (iii) mean summer precipitation, (iv) relative humidity, 
and (v) continentality. These environmental variables represent 

the three primary axes—snow persistence, seasonal moisture 
availability, and broad macroclimatic gradients—that structure 
the rosy-finch breeding habitat. July snow patches are key for
aging sites during the breeding season when chick-provisioning 
is at its peak (Antor 1995; Brown et al. 2026). Soil water content 
is an integrative proxy for habitat quality in snowmelt microhabi
tat zones that support invertebrate prey base and seed- 
producing vegetation (Epanchin et al. 2010). Summer precipita
tion and relative humidity, together, capture seasonal moisture 
availability during the breeding period, which governs the reli
ability of snow-adjacent and wet-meadow foraging resources 
(Amirkhiz et al. 2025). Continentality captures the relative influ
ence of oceanic and continental climate on temperature season
ality and precipitation regime. This climatic variable represents a 
broad-scale axis governing selective environments across the 
mainland range of North American rosy-finches (Funk et al. 
2023). Please refer to the Supplementary Information for further 
details on the sampling and sequencing protocols.

Model formulation
In what follows, we describe our hierarchical Bayesian model for 
identifying loci that may contribute to local adaptation. 
Henceforth, we refer to this model as the structured genotype- 
likelihood method. To facilitate the interpretation of the statistic
al model, we provide a directed acyclic graph (Fig. 2) that de
scribes how the model parameters are linked to each other 
and the genetic and environmental datasets.

Data model
We assume that individuals are sampled at D sites across a geo
graphical region representative of the variation in the environ
ment experienced by the species. A total of Nk individuals are 

Figure 1 The breeding range of the North American rosy-finches spans western North America (DeSaix et al. 2022; Fink et al. 2023). The blue points 
denote the sampling sites, and the size of the points represents the number of birds sampled at the site. A total of 192 individuals were sampled. The 
sample sizes were highly heterogeneous, ranging from 1 to 36 individuals per sampling site.
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sampled at site k. Each diploid individual is barcoded and se
quenced at L polymorphic loci. However, due to finite sequen
cing depth, only Nlk individuals have read data corresponding 
to locus l (Nk ≥ Nlk). We assume that the loci are biallelic and 
the genotype of an individual is an unknown parameter. To char
acterize the uncertainty in the genotypes of Nlk individuals, 
the read data (generically referred to as yilk) for the i th individual 
are aligned to a reference genome. The alignment process 
yields genotype-likelihoods, θilkg̃(yilk), which corresponds to 
the probability that the genotype of the i th individual (gilk) is 
equal to g̃ (i.e. θilkg̃ = P(yilk|gilk = g̃)). In this case, g̃ takes discrete 
values—zero, one, and two—and is equal to the number of cop
ies of the reference allele. Intuitively, genotype-likelihoods, 
θilk = [θilk0, θilk1, θilk2]T , form a three-dimensional simplex vec

tor, such that 
􏽐2

g̃=0
θilkg̃ = 1. These genotype-likelihoods reflect 

uncertainty in the individual’s genotype arising from low- 
coverage, misalignment, and sequencing errors (Kim et al. 
2011). To model genetic variation and coalescent time, we split 
the genetic dataset into two parts—L1 loci to model genetic 
variation and L2 loci to model coalescent time (L1 ≫ L2 and 
L = L1 + L2).

Assuming individuals are randomly sampled, we model the 
genetic variation at L1 loci as

ylk ∼
􏽙Nlk

i=1

􏽘2

g̃=0

P(yilk| gilk = g̃)
􏽼�������􏽻􏽺�������􏽽

θilkg̃

Binomial(gilk = g̃ | 2, plk)

⎛

⎜
⎝

⎞

⎟
⎠, (1) 

where ylk = [y1lk, y2lk, . . . , yNlk lk]T and plk are the read data and 
reference allele frequency in site k at locus l, respectively 

(Buerkle and Gompert 2013). Implicitly, the data model as
sumes conditional independence. We can re-express equation 
(1) as

ylk ∼
􏽘2Nlk

n=0
anlk Binomial(n | 2Nlk, plk), (2) 

where the discrete parameter n denotes the total number of ref
erence alleles in Nlk individuals. The Binomial distribution in 
Equation (2) accounts for sampling uncertainty, and the scalar 
coefficients, anlk, account for genotype uncertainty. These sca
lar coefficients are a function of θilkg̃ and Nlk and can be pre- 
computed using discrete convolution, such that

anlk =
1

2Nlk
n

􏼒 􏼓
􏽘

􏽐Nlk

j=1
g jlk=n

􏽙Nlk

i=1
θilkgilk

2
gilk

􏼒 􏼓

. (3) 

Note that Equation (2) allows us to simultaneously account for 
uncertainty in the estimates of genetic variation arising from fi
nite sampling and finite sequencing depth.

To quantify information content in the whole-genome se
quencing data, we calculate the effective sample size 
(DeSaix et al. 2024)—the number of individuals with known 
genotypes that contain the same information about allele fre
quency as the genotype-likelihood data. More specifically, we 
calculate the number of sampled individuals with known gen
otypes and corresponding total reference allele counts that 
would yield the same posterior distribution of allele frequency 
as if one were to fit a standalone data model in Equation (2) to 
genotype-likelihoods with plk ∼ Beta(1, 1) prior. Using Bayes’ 

Figure 2 Directed acyclic graph (DAG) of the structured genotype-likelihood model. The squares represent data (reads and environmental variables), 
the circles represent parameters, the dashed arrows represent deterministic relationships, and the solid arrows represent stochastic relationships (see 
Eqs. 2, 9, 12, 14, and 17–26).
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theorem, we can show that the posterior distribution of the al
lele frequency at locus l and site k is given by

P( plk| {ylk}) =
􏽘2Nlk

n=0
ãnlk Beta( plk |n + 1, 2Nlk − n + 1), (4) 

where ãnlk = anlk/
􏽐2Nlk

n′=0 an′ lk. By moment matching, we can 
show that the effective sample size is

Neff
lk =

ωlk(1 − ωlk)
2ζ2

lk

−
3
2

(5) 

and the effective total counts of reference alleles is

Geff
lk = 2(Neff

lk + 1)ωlk − 1, (6) 

where

ωlk =
1 +

􏽐2Nlk
n=0 ãnlkn

2Nlk + 2
(7) 

and

ζ2
lk =

􏽐2Nlk
n=0 ãnlk (n + 1)(n + 2)
(2Nlk + 2)(2Nlk + 3)

− ω2
lk. (8) 

By defining effective sample size, Neff
lk , and the effective total 

counts of reference alleles, Geff
lk , this way (Eqs. 5–8), we can 

faithfully capture the uncertainty in genetic variation that is 
embedded in the raw read data. For reference, Fig. 3 shows 
how effective sample size varies with sequencing depth and 
the number of sequenced individuals.

To model coalescent times, we used L2 putatively neutral loci. 
Because the “true” genotypes are unknown, we simulated 
Nsim = 50 genotype datasets (gilk) using a categorical 

distribution with parameter θilk and categories zero, one, and 
two. For each dataset, we calculated per-deme reference allele 
frequencies p̂lk = (2Nlk)−1 􏽐

i
gilk. We then calculated within- 

and between-deme pairwise diversities πkk = 2 p̂k(1 − p̂k) and 
πkk′ = p̂k(1 − p̂k′ ) + p̂k′ (1 − p̂k) (averaged over L2 loci and Nsim

samples). Following Petkova et al. (2016), the genetic dissimilar
ity between two diploid individuals is Dkk′ = 4πkk′ − πkk − πk′k′

and its expectation under neutral coalescent is proportional to 
4Tkk′ − Tk′k′ − Tkk (McVean 2009), where Tkk′ is the expected co
alescent time of two randomly chosen sequences from sampling 
site k and k′. We statistically model the observed genetic dissimi
larity as

Dkk′ ∼ Normal(α(4Tkk′ − Tk′k′ − Tkk), σD). (9) 

Although we formulate the data model for low-coverage 
whole-genome sequencing data, we can also specify data models 
for other types of commonly used genetic datasets, such as read 
data from sequencing whole genomes of pools of individuals (pool- 
seq for short, Gautier et al. 2013) and genotype data obtained from 
sequencing restriction site-associated DNA (RAD-seq for short, Baird 
et al. 2008) (see Supplementary Information for corresponding data 
models; Figures S1–S3).

Process model
We developed a structured metapopulation model to describe 
evolutionary dynamics, in which demes correspond to the sites 
where individuals were sampled. In each deme, the genetic vari
ation is regulated by directional and nondirectional evolutionary 
forces (Rice 2004). Directional forces, such as mutation, migra
tion, and adaptation to local climate, yield a nonzero expected 
evolutionary change. In contrast, nondirectional forces, such as 
genetic drift, yield stochastic evolutionary changes stemming 
from finite population size. We model these directional and non
directional evolutionary forces jointly to describe genetic vari
ation at locus l using the following coupled stochastic 
differential equations (Korolev et al. 2010):

dplk = slkplkqlk􏽼���􏽻􏽺���􏽽
Selection

+ u2lqlk − u1lplk􏽼�������􏽻􏽺�������􏽽
Mutation

+ρl

􏽘D

k′=1

mkk′ ( plk′ − plk)
􏽼�������􏽻􏽺�������􏽽

Migration

⎛

⎜
⎝

⎞

⎟
⎠dt

+
�������
plkqlk

2Ne

􏽲

􏽼���􏽻􏽺���􏽽
Drift

dB,

(10) 

where qlk = 1 − plk is the alternate allele frequency, u2l and u1l

are the forward and backward mutation rates, ρlmkk′ is the 
locus-specific symmetric migration rate between demes k and 
k′, Ne is the number of diploid individuals in each deme, and 
slk is the environmentally determined selection coefficient. To 
simplify our notation, we rescale time as t = 4Net′, which yields 
the following equations of evolution:

dplk = s̃lkplkqlk + μlκl − κlplk + ρl

􏽘D

k′=1

m̃kk′ ( plk′ − plk)

􏼠 􏼡

dt′

+
��������
2plkqlk

􏽰
dB′,

(11) 

Figure 3 Effective sample size as a function of sequencing depth per 
individual and number of individuals sampled at a location. The contours 
represent combinations of sequencing depth and sample size for which 
the effective sample size is constant. Based on the desired level of 
precision in estimates of allele frequency (determined by the effective 
sample size), a biologist can make an informed decision about the 
relative allocation of resources between collecting individuals and 
sequencing effort.

Molecular Biology and Evolution, 2026, Volume 43, Issue 10                                                                                                                                                                                           5
D

ow
nloaded from

 academ
ic.oup.com

/m
be/article/43/10/m

sag255/8857670 by U
niversity of Texas - Austin user on 20 O

ctober 2026

http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msag255#supplementary-data
http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msag255#supplementary-data


where s̃lk = 4Neslk, μl = u2l/(u1l + u2l), κl = 4Ne(u1l + u2l), and 
m̃kk′ = 4Nemkk′ . For simplicity, we use a linear relationship be
tween (rescaled) selection coefficients and E environmental var
iables:

s̃lk = αl +
􏽘E

j=1
βlje jk. (12) 

where e jk is the jth environmental variable (standardized) in 
deme k, βlj is the selection coefficient sensitivity to variation in 
the jth environmental variable, and αl can be interpreted as 
the selection coefficient at mean environmental conditions 
(Goel et al. 2025).

The long-term evolutionary dynamics in Equation (11) can be 
thought of as a balance between directional and non-directional 
evolutionary forces. The directional evolutionary forces drive the 
mean allele frequencies in the metapopulation to an equilibrium 
determined by selection, mutation, and migration. However, sto
chastic fluctuations in allele frequencies due to genetic drift re
sult in deviations from the equilibrium allele frequencies. As 
the magnitude of the deviation increases, the directional evolu
tionary forces become stronger, pushing allele frequencies in 
the opposite direction and creating a range of probable values 
around the equilibrium. This range can be characterized by the 
stationary distribution, which is the solution of the multivariate 
Fokker–Planck equation corresponding to coupled stochastic 
differential equations that describe the evolutionary dynamics 
in equation (11) (Wright 1931).

We use this stationary distribution—the probability distribu
tion of allele frequencies after a long time—as the process model 
to partition genetic variation into adaptive and neutral compo
nents (Goel et al. 2025). Although the exact solution of the multi
variate Fokker–Planck equation is analytically intractable, we 
derive an approximation of the stationary distribution using an 
iterative substitution approach (Ortega and Rheinboldt 2000). 
First, we consider the baseline case in which migration is absent. 
In this case, the stationary distribution of the reference allele fre
quency is given by

ψs( plk|s̃lk, μl, κl) =
es̃lk plk

1F1(μlκl, κl, s̃lk)
Beta( plk| μl, κl), (13) 

where 1F1 is the confluent hypergeometric function (Wright 1931), 
and μl and κl are mean and precision parameters of the Beta dis
tribution. The mean of this stationary distribution is given by

p̅lk = μl
1F1(μlκl + 1, κl + 1, s̃lk)

1F1(μlκl, κl, s̃lk)
. (14) 

To include migration, we back-substitute p̅lk in equation (11), to 
get

dplk = s̃lkplkqlk + μlκl + ρl

􏽘D

k′≠k

m̃kk′ p̅lk′

⎛

⎝

⎞

⎠

􏽼��������������􏽻􏽺��������������􏽽
μ(1)

lk κ
∗
lk

− κl + ρl

􏽘D

k′≠k

m̃kk′

⎛

⎝

⎞

⎠

􏽼����������􏽻􏽺����������􏽽
κ∗lk

plk

⎛

⎜
⎜
⎜
⎜
⎜
⎜
⎝

⎞

⎟
⎟
⎟
⎟
⎟
⎟
⎠

dt′

+
��������
2plkqlk

􏽰
dB′

(15) 

The substitution decouples the stochastic evolutionary dynamics 
of allele frequencies in demes, which allows us to analytically 

approximate the stationary distribution of allele frequencies 
under the joint influence of structured migration, local adaptation, 
mutation, and drift as

ψ(1)
s ( plk|s̃lk, μ(1)

lk , κ∗lk)

=
es̃lkplk

1F1(μ(1)
lk κ∗lk, κ∗lk, s̃lk)

Beta( plk| μ(1)
lk , κ∗lk), (16) 

where

μ(1)
lk = κ∗−1

lk μlκl + ρl

􏽘D

k′≠k

Mkk′ p̅lk′

⎛

⎝

⎞

⎠ (17) 

and

κ∗lk = κl − ρlMkk, (18) 

are the migration-corrected mean and precision parameters of the 
Beta distribution, respectively. We let M denote the symmetric 
migration-rate (generator) matrix, with Mkk′ = m̃kk′ and 
Mkk = −

􏽐D
k≠k′ m̃kk′ . The migration-corrected mean of the station

ary distribution, or response curve, is given by

p̅(1)
lk = μ(1)

lk
1F1(μ(1)

lk κ
∗
lk + 1, κ∗lk + 1, s̃lk)

1F1(μ(1)
lk κ
∗
lk, κ∗lk, s̃lk)

. (19) 

To further improve the approximation, we again substitute p̅(1)
lk in 

equation (11) and re-calculate second-order migration-corrected 
μ(2)

lk , the stationary distribution ψ(2)
s , and the response curve p̅(2)

lk . 
Our numerical simulations of the coupled stochastic differential 
equations (Eq. 11) confirm that ψ(2)

s reasonably approximates 
the stationary distribution (see Figure S4). More importantly, the 
migration-corrected response curve, p̅(2)

lk , faithfully accounts for ir
regularities in the response curve resulting from maladaptive gene 
flow. Therefore, we use

plk ∼
es̃lkplk

1F1(μ(2)
lk κ∗lk, κ∗lk, s̃lk)

Beta( plk|μ(2)
lk , κ∗lk) (20) 

as our process model. Although higher-order iterative corrections 
to the stationary distribution (ψ(k)

s with k ≥ 3) may further improve 
the process model, our simulations show that these corrections of
fer only marginal improvements relative to the additional compu
tational complexity.

Finally, we link the rescaled migration rates to coalescent 
times. Using the first-step analysis (Wakeley 2009), we can 
show that the coalescent time matrix (T) and migration matrix 
(M) are related as follows:

MT + TMT = 2(diag([T11, T22, . . . , TDD]T) − 11T), (21) 

To constrain migration rates, we specify a dyadic regression to 
link migration rates between demes to the intervening features 
of the landscape (Schwob et al. 2024):

Mkk′ ∼ Exponential(eγ0+xT
kk′
γ). (22) 

We let γ, γ0, and xkk′ denote the regression coefficients, intercept, 
and dyadic covariates integrated over the least-cost path from 
deme k to deme k′, respectively (see Supplementary Information
for details on the covariates).
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Parameter model
We specify relatively diffuse priors for parameters that respect 
their natural bounds: μl ∼ Uniform(0, 1), κl ∼ Normal+(0, 4), 
γ ∼ Normal(0, I), γ0 ∼ Normal(0, 1), α ∼ Exponential(1), and 
σD ∼ Exponential(1). Due to the degeneracy of the likelihood 
(Eq. 20), the mean of the Beta distribution in Equation (20)
(μ(2)

lk ) and selection coefficient (s̃lk) are nonidentifiable parame
ters (Goel et al. 2025). To address this issue, we first fix αl = 0. 
Next, based on our prior knowledge that only a small fraction 
of loci likely confer an adaptive advantage to the species, we 
use regularized horseshoe priors for sensitivity coefficients (βlj) 
(Piironen and Vehtari 2017; Goel et al. 2025). The regularization 
is controlled by a global shrinkage parameter, τ, which shrinks 
all sensitivity coefficients to zero, and a heavy-tailed local shrink
age parameter, λ̃lj, that allows a small fraction of sensitivity co
efficients to take large values. The cumulative effect of these 
shrinkage parameters can be expressed as

βlj ∼ Normal(0, τλ̃lj), (23) 

where

λ̃lj =
cλlj

����������

c2 + τ2λ2
lj

􏽱 . (24) 

To control global shrinkage, we specify a half-Cauchy prior,

τ ∼ Cauchy+ 0,
f

LE
���
D
√

􏼒 􏼓

, (25) 

where f is a free variable. Based on the numerical experiments by 
Goel et al. (2025), we set f to 20. For the local shrinkage param
eter, we use a heavy-tailed prior λlj ∼ Cauchy+(0, 1) to allow 

some sensitivity coefficients to escape shrinkage. However, these 
large-valued coefficients are also weakly shrunk with an implied 
regularization of Normal(0, c) with c2 ∼ InvGamma(2, 4). We 
adopt an inverse-gamma prior because the prior mean for c2

(which controls adaptive dynamics via sensitivity coefficients) 
is similar in magnitude to prior means of κl (which govern neutral 
dynamics). However, the heavy right tail of the inverse-gamma 
distribution allows adaptive loci to attain large sensitivity coef
ficients. These features of the local and global shrinkage param
eters effectively induce a spike-and-slab prior (Mitchell and 
Beauchamp 1988), which prevents numerical pathologies 
when large-effect loci are weakly identifiable. Finally, we model 
ρl as

ρl ∼ Normal+(0, τ c−1maxj(λ̃lj)). (26) 

Intuitively, Equation (26) creates a switch mechanism: for neu
tral loci ρl → 0 and for adaptive loci ρl has an implied distribu
tion of Normal+(0, 1). Our numerical experiments show that this 
switch mechanism considerably reduces overfitting and false 
positives.

Improving sampling efficiency
Our initial model-fitting experiments revealed that the above 
specification of the structured genotype-likelihood model re
quires a considerable amount of memory and time to fit, even 
for reasonably sized datasets. To address these challenges, we 
first compute relative migration rates (M) using the model of gen
etic dissimilarity (Eq. 9), coalescent equations (Eq. 21), and dyad
ic regression (Eq. 22):

P(α, σD, T, γ, γ0|{Dkk′ }) ∝
􏽙D

k=1

􏽙D

k′=k+1

Normal(Dkk′ | α(4Tkk′ − Tk′k′ − Tkk), σD) Exponential(Mkk′ |e
γ0+xT

kk′
γ)

􏼢 􏼣

× Normal(γ0|0, 1) Normal(γ|0, I) Exponential(α|1) Exponential(σD|1).

(27) 

We then treat mean estimates of migration rates as known inputs 
in the Bayesian model, while acknowledging that conditioning 
on them may lead our statistical model to underestimate param
eter uncertainty.

Next, we consider the implied data model for the effective total 
counts of reference alleles

Geff
lk ∼ Binomial(2Neff

lk , plk), (28) 

which approximately contains the same information about the 
allele frequencies as the original data model in Equation (2). 
However, the new data model allows us to marginalize 
over plk and the total number of reference alleles (n), which 
substantially reduces the computational complexity. The mar
ginalization yields the following joint moment-matched 
likelihood:

Geff
lk ∼ 1F1(μ(2)

lk κ
∗
lk + Geff

lk , 2Neff
lk + κ∗lk, s̃lk)

1F1(μ(2)
lk κ∗lk, κ∗lk, s̃lk)

BetaBinomial(Geff
lk |2Neff

lk , μ(2)
lk , κ∗lk) (29) 

where the μ(2)
lk and κ∗lk are the migration-corrected mean and pre

cision parameters of the Beta-binomial distribution. This simpli
fication reduces memory usage, improves numerical stability, 
and increases implementation speed while accommodating the 

uncertainty inherent in the stochastic nature of sampling, se
quencing, and evolutionary dynamics. Cumulatively, our stream
lined data, process, and parameter models yield the following 
posterior distribution:
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P({μl, κl, ρl, βlj, λlj}, τ, c |{Geff
lk })

∝
􏽙L

l=1

􏽙D

k=1

1F1(μ(2)
lk κ
∗
lk + Geff

lk , 2Neff
lk + κ∗lk, s̃lk)

1F1(μ(2)
lk κ
∗
lk, κ∗lk, s̃lk)

BetaBinomial(Geff
lk |2Neff

lk , μ(2)
lk , κ∗lk)

􏼢 􏼣

×
􏽙L

l=1
Uniform(μl|0, 1) Normal+(κl|0, 4)Normal+(ρl|0, τc−1 maxj(λ̃lj))

􏼢 􏼣

×
􏽙L

l=1

􏽙E

j=1
Normal(βlj|0, τλ̃lj) Cauchy+(λlj|0, 1)

􏼢 􏼣

× Cauchy+ τ 0, f LE
���
D
√􏼐 􏼑−1

􏼌
􏼌
􏼌
􏼌

􏼒 􏼓

InvGamma(c2|2, 4).

(30) 

Our numerical experiments showed that pre-computing migra
tion rates and marginalization reduce the fitting time by an order 
of magnitude, without qualitatively changing the inferences (see 
Model Testing section below).

Model testing
To test the robustness of our statistical model, we analyzed mul
tiple synthetic datasets. We considered 5 migration regimes (low 
to high), 5 sequencing depths (low to high), and 5 iterations, 
yielding a total of 125 synthetic datasets. For each combination 
of iteration, sequencing depth, and migration regime, we gener
ated the synthetic dataset in three stages. First, we randomly 
chose 20 coordinates in a 2D landscape, which we treated as 
demes. Migration between demes decreases exponentially with 
distance. A deme is characterized by five environmental covari
ates, each drawn from a standard normal distribution. At each 
deme, we sampled eight diploid individuals, each with a genome 
of 2,000 independent loci. We used 500 loci (L1) to fit the six GEA 
methods and 1,500 loci (L2) to estimate migration rates for the 
structured genotype-likelihood and structured called-genotype 
methods. We assigned adaptive loci a small value of αl drawn 
from Normal(0, 0.5). We chose three loci per environmental vari
able and assigned them large sensitivity coefficients (|βlj| = 15), 
with their signs determined randomly. For all L2 loci, we set 
the selection coefficient to zero.

In the second stage, we simulated allele frequencies, plk, using 
the stochastic equations of evolution (Eq. 10) with selection co
efficients from the first stage as input. In the final stage, we simu
lated genotype-likelihoods (θilk) for individuals at a given 
sequencing depth. For the i th individual at locus l in deme k, 
we sampled its genotype (gilk) from a Binomial(2, plk) distribu
tion, where plk is obtained from stage two of the simulations. 
Then, we drew a random variable from the Poisson distribution 
with mean equal to sequencing depth to represent the total num
ber of sequencing reads at locus l (nilk). To generate read counts 
corresponding to the reference allele (n′ilk), we sampled from a 
Binomial(nilk, 0.5gilk(1 − ϵ) + (1 − 0.5gilk)ϵ) distribution, where 
ϵ (=0.005) is the probability of sequencing error. Finally, we gen
erated genotype-likelihoods using ϵ, n′ilk, and nilk as inputs in 
Equation (3) in Buerkle and Gompert (2013). To generate called 
genotypes, we assigned each individual the genotype corre
sponding to the highest genotype-likelihood.

For each dataset, we tested six genotype–environment as
sociation methods: (i) structured model presented in this pa
per with genotype-likelihoods as input data, (ii) unstructured 
model with genotype-likelihoods as input data (adapted 
from Goel et al. 2025), (iii) unstructured model with called gen
otypes as input data (adapted from Goel et al. 2025), (iv) struc
tured model presented in this paper with called genotypes as 
input data, (v) RDA with called genotypes as input data 
(Capblancq and Forester 2021), and (vi) LFMM with called gen
otypes as input data (Caye et al. 2019). The comparison be
tween methods (i), (ii), (iii) and (iv) allowed us to evaluate 
whether including migration and genotype uncertainty im
proves inferences. The comparison between methods (iv), 
(v), and (vi) helped us evaluate the performance of our model 
against commonly used GEA methods. Note that for the se
cond comparison, we did not use the structured genotype- 
likelihood method. Instead, we used the structured 
called-genotype method because LFMM and RDA do not ac
cept genotype-likelihoods as inputs.

For the structured called-genotype method, we used the 
RAD-seq data model presented in the Supplementary 
Information. For the unstructured genotype-likelihood method, 
we used effective sample sizes and effective total counts of refer
ence alleles as data in Equation (13) in Goel et al. (2025). For the 
unstructured called-genotype method, we used called genotypes 
as data in Equation (13) in Goel et al. (2025). The performance of 
each method was evaluated by counting false positives and false 
negatives. The first four models were implemented in Stan 
(Carpenter et al. 2017), and LFMM and RDA were implemented us
ing the lfmm and vegan packages in the R programming lan
guage, respectively (Capblancq et al. 2018; Caye et al. 2019).

Across all synthetic data sets, the structured genotype- 
likelihood method presented in this paper yielded the fewest 
false negatives compared to the unstructured genotype- 
likelihood and structured called-genotype methods, albeit with 
higher false positives (see Table 1). As expected, the structured 
genotype-likelihood method performed best in high migration 
and low sequencing-depth regimes, underscoring the import
ance of accounting for genotype uncertainty and structured mi
gration for identifying adaptive variation (Figure S5). 
Furthermore, the structured called-genotype method also 
yielded lower false negatives (but slightly higher false positives) 
when compared with LFMM and RDA with called genotypes as in
puts (Table 1 and Figure S6).
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For illustration, the Manhattan plot in Fig. 4a shows the results 
from the structured genotype-likelihood method presented in 
this paper for medium migration and a sequencing depth of 
4. To plot the results, we obtained the posterior samples corre
sponding to sensitivity coefficients (βlj) for L1 loci. For each pair 
of loci and environmental variables, we computed the probabil
ity that the posterior distribution of the sensitivity coefficient in
cluded zero. If this probability was less than the threshold value 
0.05 ( pth), we inferred that the locus could have contributed to 

local adaptation to the corresponding environmental variable. 
In Fig. 4a, the y-axis represents the negative log probability 
that the posterior distribution of sensitivity coefficients included 
zero (Wang et al. 2022b). Thus, the points above y = 2.99 (the 
black line) have pth < 0.05. These points are characterized by a 
ring and a solid center. The color of the center represents the 
true environmental variable associated with the loci, and the col
or of the ring represents the statistically inferred adaptive envir
onmental variable. We also reanalyzed the data in Fig. 4a by 

Table 1 False negative (column 4) and false positive (column 5) rates for 6 genotype–environment association methods 
(column 1) across all synthetic datasets.

Method Input data Citation False negative % False positive %

Structured Genotype likelihoods This paper 6.99 0.475
Unstructured Genotype likelihoods Adapted from Goel et al. (2025) 67.41 0.001
Unstructured Called genotypes Adapted from Goel et al. (2025) 67.09 0.002
Structured Called genotypes This paper 18.08 0.128
RDA Called genotypes Capblancq and Forester (2021) 33.12 0.034
LFMM Called genotypes Caye et al. (2019) 31.36 0.073

These methods include (i) structured model presented in this paper with genotype likelihoods as input data, (ii) unstructured model with genotype likelihoods as 
input data (adapted from Goel et al. 2025), (iii) unstructured model with called genotypes as input data (adapted from Goel et al. 2025), (iv) structured model 
presented in this paper with called genotypes as input data, (v) RDA with called genotypes as input data (Capblancq and Forester 2021), and (vi) LFMM with called 
genotypes as input data (Caye et al. 2019). Also see Figures S5 and S6 for a comparison of synthetic datasets across different combinations of migration rates and 
sequencing depth.

Figure 4 Manhattan plot showing negative log probability (− log ( pth)) that the posterior distribution of sensitivity coefficients (βlj) includes zero for 
synthetic (a) and rosy-finch data (b). In both plots, points above the black horizontal line have pth less than 0.05. (a) For synthetic data, we denote points 
above the black line using an outer ring and a center. The color of the center (ring) corresponds to the true (statistically inferred) environmental variable 
responsible for local adaptation. (b) For real data, we denote points above the black line with a solid center, with its color corresponding to the 
statistically inferred environmental variable responsible for local adaptation. The vertical gray lines represent physically linked loci with statistically 
significant sensitivity coefficients.
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fitting the full Bayesian model with migration rates (M) and 
total number of reference alleles (n) as parameters (see 
Supplementary Information for the full Bayesian likelihood). 
Our results were similar to the results in Fig. 4a (see Figure S7).

Data analysis
We identified a total of 3.87 million high-quality variants after fil
tering for quality, missingness, and batch effects. After aligning 
the reads with the Zebra Finch reference genome, we recovered 
approximately 3.75 million SNPs. We used 50 thousand SNPs to 
estimate mean relative migration rates (Eq. 27), which were sub
sequently used as known inputs in the Bayesian model (Eq. 30). 
Computing migration rates required 2 min. To analyze the re
maining 3.7 million SNPs, we partitioned the genotype-likelihood 
data into 37 nonoverlapping 100k SNP batches and analyzed 
each batch concurrently on ICX compute nodes on Stampede3, 
Texas Advanced Computing Center (Boerner et al. 2023). Each 
ICX node features 80 cores with a nominal clock rate of 2.3 GHz 
(max frequency: 3.4 GHz) and 256 GB of RAM. Our simulations 
took 16 h (or cumulatively 25 d of compute time) to fit the 
Bayesian model (Eq. 30). We also reimplemented our model in 
JAX (Bradbury et al. 2018), with sampling in NumPyro’s NUTS 
(Phan et al. 2019), and it took ∼20 min to fit 100k SNPs (or cumu
latively ∼12 h of compute time) on an H100 compute node on 
Stampede3. Using one of the SNP batches, we also computed 
the effective sample size.

Our data simulations revealed that the genotype-likelihood 
data resulted in an effective sample size of 69% of the sampled 
birds. Our statistical method identified 434 candidate loci with 
statistically significant sensitivity coefficients. We found that 
57% of these outlier loci were associated with relative humidity, 
18% with soil water content, 21% with continentality, 3% with 

the average July snowpack, and 1% with mean summer precipi
tation (Fig. 4b). About 48% of the statistically significant loci were 
clustered together on the genome due to genetic hitchhiking 
(gray vertical lines in Fig. 4b).

Of the 434 loci, 347 were located within 25 kb upstream or 
downstream of 231 named genes, which is thought to be the dis
tance within which linkage disequilibrium is expected to break 
down (Backström et al. 2006). In addition, we compiled a list of 
candidate genes from the literature with gene ontology (GO) 
terms that could be linked to an alpine specialist, for example, 
associated with aspects of thermal tolerance, as well as genes 
linked to avian thermal stress and/or bill morphology. We also in
cluded genes previously identified in the rosy-finch species com
plex (Funk et al. 2021, 2023), as well as migratory-linked 
candidate genes previously identified in other species. We then 
searched for genes within 25 kb of these candidate loci in the 
published candidate list and for genes with relevant GO terms to 
examine the potential functions of our identified candidate SNPs 
and further narrowed our focus to 28 candidate genes in close 
proximity to statistically significant loci (Table S3). These genes 
broadly fall into 5 functional categories: pigmentation (7 genes), 
migration (5 genes), physiology linked to high-altitude adaptation 
(8 genes), physiology linked to stress response (3 genes), and beak 
and feather development (5 genes) (see Table S3).

The relationship between genetic dissimilarity and distance be
tween demes suggests that North American rosy-finches do not 
show an isolation-by-distance pattern (Fig. 5a). In particular, we 
found that the Gray-crowned Rosy-Finches in the Sierra Nevada, 
California, exhibit low connectivity with the rest of the species 
complex (Fig. 5b). Our results show that migration-selection bal
ance can play an important role in shaping genetic variation 
(Fig. 6). When migration is absent, allele frequencies (represented 
by gray squares in Fig. 6) follow a typical S-shaped response curve. 
However, when migration is present, we observed that allele 

(a) (b)

Figure 5 Genetic dissimilarity (a) and migration map (b) of North American rosy-finches. The genetic dissimilarity of rosy-finches does not increase with 
geographical distance between demes, suggesting heterogeneous landscape connectivity.
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frequencies (represented by orange points in Fig. 6) regress to the 
mean, and the response curve exhibits irregularities.

Discussion
We presented a highly parallelizable hierarchical Bayesian model 
to identify genomic adaptation in spatially structured popula
tions (Fig. 2 and Eq. 30). Our statistical model extends the previ
ous approach of Goel et al. (2025) and other currently available 
genotype–environment association methods (Rellstab et al. 
2015) in two respects. We present (a) a probabilistic data model 
(Eqs. 1-8 and 28) to estimate genetic variation using low- 
coverage whole-genome sequencing data, and (b) a novel pro
cess model of evolution (Eq. 20) to account for migration- 
selection balance when fitting a clinal relationship between al
lele frequency and environmental covariates ( p̅(2)

lk ). Our approach 
is one of the first methods for identifying adaptive loci under se
lection from the environment while accounting for migration.

Data model for low-coverage 
whole-genome sequencing data
To model low-coverage whole-genome sequencing data, we pro
pose a binomial data model (Eq. 28). This binomial model uses ef
fective sample size and genotype counts (Eqs. 4–8) as inputs, 

allowing us to simultaneously capture sampling and genotype un
certainty arising from finite sampling and sequencing effort, respect
ively. This methodological approach has two advantages (Lou et al. 
2021). First, accounting for sampling uncertainty enables us to in
clude sites with extremely low sample sizes (1–3 individuals). Even 
though these sites individually may not contain much information 
about underlying genetic variation in the landscape, collectively 
they may contain nontrivial information to constrain the shape of 
the response curve, resulting in more robust statistical inferences. 
Second, by explicitly accounting for and propagating genotype un
certainty, our statistical model avoids systematic biases from false 
genotype calls and provides more precise estimates of genetic vari
ation across a broader genomic region (see the comparison between 
structured genotype-likelihood and structured called-genotype 
methods in Table 1 and Figure S5).

Accounting for genotype uncertainty also offers opportunities to 
design more affordable sampling and sequencing protocols by 
spreading the sequencing effort over a larger number of individu
als (Buerkle and Gompert 2013; Lou et al. 2021). As an example, 
our simulations showed that sequencing 20 individuals at 2× (gen
otypes cannot be called reliably and the total sequencing effort is 
40×) yields the same information about allele frequency as se
quencing 12 individuals at 30× (genotypes can be called reliably 
and the total sequencing effort is 360×), even though the two strat
egies differ by an order of magnitude in total sequencing effort.

To aid practitioners in their study design, we show in Fig. 3 how 
effective sample size—which determines the precision of 

(a) (b)

(d) (e)

(c)

Figure 6 Relationship between allele frequency and environment when migration is present (orange points) and absent (gray squares). In the absence 
of migration, the response curve, p̅lk, takes a typical S-shaped curve (red line). However, when we account for migration, we observe irregularities in the 
response curve ( p̅(2)

lk ), suggesting that migration-selection balance can lead to nonclinical patterns in allele frequencies. To generate these plots, we use 
migration rates inferred from rosy-finch genetic data (Fig. 5). For all plots, we use parameter values μl = 0.5, κl = 3.5, ρl = 1, and βlj = 10.
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estimates of allele frequency—varies with sequencing and sam
pling effort. The figure can be used to determine how to distrib
ute resources between sequencing and sampling to achieve a 
desired effective sample size. When human resources are limited 
or the species occurs in remote areas, one can devote more re
sources toward sequencing. Alternatively, for species that are 
easy to collect, such as many plants, one can benefit by collect
ing a larger sample size. Surprisingly, using low-coverage whole- 
genome sequencing data does not incur additional computation
al cost compared with using traditional called-genotype data, 
because effective sample size and genotype counts can be eval
uated cheaply. For the rosy-finches dataset, it took under 30 min 
to calculate effective sample sizes and effective total counts of 
reference alleles, which is substantially less than 25 d of compute 
time to fit the structured genotype-likelihood method.

A mechanistic structured metapopulation 
model of evolution
Another main feature of our statistical method is a new mechan
istic process model of evolution (Eqs. 16-20). This process model 
corresponds to the stationary distribution of allele frequencies 
shaped by the joint interactions between local adaptation, muta
tion, structured migration, and drift. We derive an approximate 
stationary distribution (Eq. 20) corresponding to the stochastic 
evolutionary dynamics in Equation (11). A key feature of our pro
cess model is that it allows us to mechanistically account for the 
interactions between selection (measured by sensitivity coeffi
cients; see Eq. 12) and migration by learning these parameters 
from genetic data using regularization (Hooten and Hobbs 
2015; Eqs. 23–25) and structured coalescent theory (Eq. 21), re
spectively. These interactions can be substantive when species 
movement is structured, and the landscape has steep environ
mental gradients.

Our analysis of rosy-finch genomes and synthetic genetic data
sets reveals that accounting for migration can provide new bio
logical insights. Estimates of migration rates suggest that 
rosy-finches do not exhibit isolation by distance, a commonly ob
served pattern when migration is distance-dependent (Slatkin 
1993) (Fig. 5a). Instead, we find strong connectivity between dis
tant locations (Alaska and populations in the Western United 
States) and weak connectivity between nearby locations 
(Sierra Nevada and other populations in the Western United 
States), indicating heterogeneous migration rates (Fig. 5b). The 
observed patterns of population connectivity could be related 
to the diverse nonbreeding season movement behavior of 
North American rosy-finches. Specifically, populations that 
breed in Alaska and Canada are known to make long-distance 
movements to the Western United States during the nonbreeding 
season and form mixed-species flocks with other species of rosy- 
finches and other subspecies of Gray-crowned rosy-finches 
(MacDougall-Shackleton et al. 2000; Campbell et al. 2025). 
Because pair formation is thought to occur late in the nonbreed
ing season (MacDougall-Shackleton et al. 2000), such population 
mixing during the nonbreeding season could facilitate gene flow 
between spatially distant breeding populations. The Sierra 
Nevada population, on the other hand, is thought to exhibit 
short-distance facultative movements to lower elevation areas 

east of the Sierra Nevada (MacDougall-Shackleton et al. 2000) 
which likely provide fewer opportunities for mixing between dis
tant breeding populations during the nonbreeding season.

Accounting for migration can also increase the statistical 
power for identifying adaptive variation in structured popula
tions (see the comparison between structured genotype- 
likelihood and unstructured genotype-likelihood methods in 
Table 1 and Figure S5) because of the better approximate sta
tionary distribution (see Figure S4). In simple cases, such as 
when migration between patches is either absent or global, the
ory predicts a smooth S-shaped response curve (gray points in 
Fig. 6). However, the distributions of most species are spatially 
structured, with complex migration patterns (e.g. Figure 5). In 
this realistic scenario, the migration-selection balance can intro
duce irregularities in the response curve (orange points in Fig. 6) 
due to maladaptive gene flow from environmentally distinct lo
cations. Consequently, statistical methods that do not account 
for structured migration will lose substantial power when fitting 
a smooth S-shaped response curve to allele frequencies that do 
not vary smoothly with environmental covariates, potentially 
leading to higher false-negative rates. To address this challenge, 
our method allows us to separate the irregularities due to struc
tured migration from the observed response curve before fitting 
a smooth S-shaped function ( p̅(2)

lk ).

Analysis of synthetic and real data
Synthetic simulations show that the structured called-genotype 
method yields lower false negatives than LFMM and RDA in high- 
migration and low sequencing-depth regimes (Table 1 and 
Figure S6). Furthermore, analysis of 3.7 million SNPs from rosy- 
finch genomes revealed 434 loci putatively under selection, of 
which 48% were clustered together due to genetic hitchhiking 
(gray vertical lines in Fig. 4b). Gene ontology revealed 28 candi
date genes linked to pigmentation, migration, physiology linked 
to high-altitude adaptation, physiology linked to stress response, 
and beak and feather development (Table S3). Our method iden
tified eight genes previously documented in rosy-finch genomic 
analyses, even after adding new differentiated populations and 
individuals (Funk and Taylor 2019; Funk et al. 2023). Four of 
the genes linked to high-altitude adaptation (AGGF1, ALDH1A1, 
EGLN1, and JMY) were previously found by Funk et al. (2023). 
Here, we identified two additional genes with known links to 
adaptability in hypoxic high-altitude environments, EPAS1 and 
TNFSF11, and two associated with thermal tolerance in extreme 
environments, PPARGC1A and RTEL1. Notably, EPAS1 forms a part 
of the HIF (hypoxia-inducible factor) complex that enhances oxy
gen delivery in hypoxic environments (Beall et al. 2010; Yi et al. 
2010; Simonson et al. 2012; Graham and McCracken 2019). 
TNFSF11, also known as RANKL, is enhanced by HIF1α in simu
lated hypoxic environments and promotes osteoclast differenti
ation and bone resorption (Wang et al. 2022a). The latter two 
genes are associated with extreme environments: PPARGC1A 
with cold tolerance and water scarcity in chickens (Gheyas 
et al. 2021) and RTEL1 with body temperature changes when sub
jected to acute heat (Zhuang et al. 2019). Moreover, RTEL1 var
iants were associated with the risk of high-altitude pulmonary 
edema in the Chinese Han population (Rong et al. 2017). We 
also identified two genes that may be important for adaptation 
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to the alpine environment—one that regulates the stress re
sponse (CRHBP; Wan et al. 2022) and another that protects cells 
from oxidative stress (GPX8; Pei et al. 2023; Aryal et al. 2025). Five 
of seven pigmentation genes are associated with the melanin 
pathway, which may relate to known differences in the extent 
of dark coloration on the head and crown across the species 
complex. Further, melanin pigmentation differences may also 
shield against intense solar radiation at different elevations in 
line with Gloger’s rule (Rensch 1938; Mayr 1942).

Future improvements
The capabilities of our statistical method can be further ex
panded by integrating alternate data models to analyze 
called-genotype data obtained by RAD sequencing and read 
data from pool sequencing (see Supplementary Information for 
a brief description of how to integrate data model for RAD- and 
pool-seq data with the mechanistic process model in Eq. 20). 
To analyze RAD-seq data (Baird et al. 2008), one can calculate 
the total number of reference alleles in the sampled individuals 
and model the allele frequency as a binomial distribution to ac
count for sampling uncertainty (Coop et al. 2010; De Villemereuil 
and Gaggiotti 2015; Goel et al. 2025) (Figure S1).

To analyze pool-seq data (Gautier et al. 2013), we need to ac
count for both sampling and read uncertainty arising from finite 
sample size and read counts, respectively, resulting in a mixture 
data model of two binomial distributions (Coop et al. 2010; 
Günther and Coop 2013) (Figures S2 and S3). An advantage of 
the pool-seq method is that library preparation costs are much 
lower than those for individual-based sequencing methods. 
However, in pool-seq data, all individual-level information is 
lost, making it challenging to reuse the data for other analyses 
such as pedigree reconstruction.

Our process model can also be improved by accounting for add
itional evolutionary mechanisms that are currently missing. Our 
process model assumes that the allele frequencies in demes are in
dependent. However, allele frequencies in demes may not be inde
pendent due to coupling via migration. This can yield false positives 
due to spurious correlations between allele frequencies and envir
onmental gradients (Coop et al. 2010; Frichot et al. 2013). Another 
potential avenue for improvement is to build a process model 
that incorporates polygenic adaptation in which multiple loci regu
late a phenotypic trait (such as body size). Lotterhos (2023) showed 
that because of genetic redundancy, a clinal pattern in a phenotypic 
trait may not always correspond to a clinal pattern in loci that regu
late the trait. Consequently, our statistical model may fail to detect 
adaptive variation.

Acknowledgments
We thank Hooten, Ruegg, and Zavaleta lab members for their feed
back on the manuscript. We also thank Timothy H. Keitt for con
tributing computational resources for the project.

Author contributions
Nikunj Goel and Mevin B. Hooten conceived and designed the 
study with substantial feedback from Kristen C. Ruegg and 

Christen M. Bossu. Kristen C. Ruegg and Christen M. Bossu pro
vided the genetic and climate data. Timothy M. Brown, Erika 
S. Zavaleta, Erica C. N. Robertson, and Reza Goljani Amirkhiz col
lected Sierra Nevada Gray-crowned Rosy-Finch samples. Ben 
J. Vernasco and Peri E. Bolton collected Wallowa samples in 
Oregon. Nikunj Goel conducted the mathematical and data ana
lysis, Seorim Yi constructed the dyadic regression model of mi
gration, and Nikunj Goel wrote the paper with feedback from 
Christen M. Bossu, Ben J. Vernasco, Erika Zavaleta, Kristen 
C. Ruegg, and Mevin B. Hooten. All authors reviewed and ap
proved the manuscript.

Supplementary material
Supplementary material is available at Molecular Biology and 
Evolution online.

Funding
Funding for this research was provided by grants from the U.S. 
National Science Foundation: NSF 2222525, NSF 1927177, NSF 
2222524, and NSF 2222526. This work used the Texas Advanced 
Computing Center (TACC) at The University of Texas at Austin 
through allocations TG-BIO250092 and TG-BIO260362 from the 
Advanced Cyberinfrastructure Coordination Ecosystem: Services 
and Support (ACCESS) program, which is supported by NSF 
2138259, NSF 2138286, NSF 2138307, NSF2137603, and NSF2138296.

Conflicts of interest
Authors declare no conflict of interest.

Data and resource availability
The code and processed data files are available at https://doi. 
org/10.5281/zenodo.18307932. The link contains an “ana
lyze_your_data” folder that contains R and Stan scripts to help users 
implement our method for low-coverage whole-genome sequencing 
data, pool sequencing data, and RAD sequencing data. The raw gen
etic data have been deposited at NCBI under BioProject accessions 
PRJNA1405131, PRJNA1297057, PRJNA659436, and PRJNA1380501 
(see Supplementary Information for more details).

References
Amirkhiz RG et al. Hierarchical habitat selection for reconstruct

ing past and present niches and distributions of data-limited 
species under climate change. Divers Distrib. 2025:31:e70128. 
https://doi.org/10.1111/ddi.70128.

Andrews KR et al. Whole genome resequencing identifies local 
adaptation associated with environmental variation for red
band trout. Mol Ecol. 2023:32:800–818. https://doi.org/10. 
1111/mec.16810.

Antor RJ. The importance of arthropod fallout on snow patches 
for the foraging of high-alpine birds. J Avian Biol. 1995:26: 
81–85. https://doi.org/10.2307/3677216.

Molecular Biology and Evolution, 2026, Volume 43, Issue 10                                                                                                                                                                                         13
D

ow
nloaded from

 academ
ic.oup.com

/m
be/article/43/10/m

sag255/8857670 by U
niversity of Texas - Austin user on 20 O

ctober 2026

http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msag255#supplementary-data
http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msag255#supplementary-data
http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msag255#supplementary-data
http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msag255#supplementary-data
http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msag255#supplementary-data
http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msag255#supplementary-data
https://doi.org/10.5281/zenodo.18307932
https://doi.org/10.5281/zenodo.18307932
http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msag255#supplementary-data
https://doi.org/10.1111/ddi.70128
https://doi.org/10.1111/mec.16810
https://doi.org/10.1111/mec.16810
https://doi.org/10.2307/3677216


Aryal B et al. Major oxidative and antioxidant mechanisms during 
heat stress-induced oxidative stress in chickens. Antioxidants. 
2025:14:471. https://doi.org/10.3390/antiox14040471.

Backström N, Qvarnström A, Gustafsson L, Ellegren H. Levels of 
linkage disequilibrium in a wild bird population. Biol Lett. 
2006:2:435–438. https://doi.org/10.1098/rsbl.2006.0507.

Baird NA et al. Rapid SNP discovery and genetic mapping using 
sequenced RAD markers. PLoS One. 2008:3:e3376. https:// 
doi.org/10.1371/journal.pone.0003376.

Beall CM et al. Natural selection on EPAS1 (HIF2α) associated 
with low hemoglobin concentration in Tibetan highlanders. 
Proc Natl Acad Sci U S A. 2010:107:11459–11464. https://doi. 
org/10.1073/pnas.1002443107.

Berliner LM. Hierarchical Bayesian time series models. In: Hanson 
KM, Silver RN, editors. Maximum entropy and Bayesian meth
ods. Kluwer Academic Publishers; 1996. p. 15–22.

Boerner TJ, Deems S, Furlani TR, Knuth SL, Towns J. ACCESS: ad
vancing innovation: NSF’s Advanced cyberinfrastructure co
ordination ecosystem: services & support. In: Practice and 
Experience in Advanced Research Computing (PEARC ‘23), 
July 23–27, 2023, Portland, OR, USA. ACM, New York, NY, 
USA. pp. 173–176. 2023.

Bradbury J et al. 2018. JAX: composable transformations of 
Python+NumPy programs [computer program]. Version 
0.11.0. http://github.com/jax-ml/jax

Brown TM, et al. 2026. Co-limitation by stable, dynamic and dir
ectional habitat features shapes climate vulnerability in an al
pine specialist. bioRxiv 2026.2004.2009.717579. https://doi. 
org/0.64898/2026.04.09.717579

Buerkle C, Gompert Z. Population genomics based on low cover
age sequencing: how low should we go? Mol Ecol. 2013:22: 
3028–3035. https://doi.org/10.1111/mec.12105.

Campbell CJ et al. Quantifying rosy-finch migration with stable 
hydrogen isotope feather markers highlights the need for 
inter-state collaboration to reach conservation goals. Avian 
Conserv Ecol. 2025:20:6. https://doi.org/10.5751/ACE-02798- 
200106.

Capblancq T, Forester BR. Redundancy analysis: a Swiss army 
knife for landscape genomics. Methods Ecol Evol. 2021:12: 
2298–2309. https://doi.org/10.1111/2041-210X.13722.

Capblancq T, Luu K, Blum MG, Bazin E. Evaluation of redundancy 
analysis to identify signatures of local adaptation. Mol Ecol 
Resour. 2018:18:1223–1233. https://doi.org/10.1111/1755- 
0998.12906.

Carpenter B et al. Stan: a probabilistic programming language. J 
Stat Softw. 2017:76:1–32. https://doi.org/10.18637/jss.v076.i01.

Caye K, Jumentier B, Lepeule J, François O. LFMM 2: Fast and ac
curate inference of gene–environment associations in genome- 
wide studies. Mol Biol Evol. 2019:36:852–860. https://doi.org/10. 
1093/molbev/msz008.

Coop G, Witonsky D, Di Rienzo A, Pritchard JK. Using environ
mental correlations to identify loci underlying local adapta
tion. Genetics. 2010:185:1411–1423. https://doi.org/10.1534/ 
genetics.110.114819.

DeSaix MG et al. Forecasting climate change response in an al
pine specialist songbird reveals the importance of considering 
novel climate. Divers Distrib. 2022:28:2239–2254. https://doi. 
org/10.1111/ddi.13628.

DeSaix MG, Rodriguez MD, Ruegg KC, Anderson EC. Population 
assignment from genotype likelihoods for low-coverage 

whole-genome sequencing data. Methods Ecol Evol. 2024:15: 
493–510. https://doi.org/10.1111/2041-210X.14286.

De Villemereuil P, Gaggiotti OE. A new FST-based method to un
cover local adaptation using environmental variables. 
Methods Ecol Evol. 2015:6:1248–1258. https://doi.org/10. 
1111/2041-210X.12418.

Ellis N, Smith SJ, Pitcher CR. Gradient forests: calculating import
ance gradients on physical predictors. Ecology. 2012:93: 
156–168. https://doi.org/10.1890/11-0252.1.

Epanchin PN, Knapp RA, Lawler SP. Nonnative trout impact an 
alpine-nesting bird by altering aquatic-insect subsidies. 
Ecology. 2010:91:2406–2415. https://doi.org/10.1890/09- 
1974.1.

Fink D et al. eBird Status and Trends, Data Version: 2022; Released: 
2023. Cornell Lab of Ornithology; 2023. https://doi.org/10. 
2173/ebirdst.2022.

Forester BR, Lasky JR, Wagner HH, Urban DL. Comparing meth
ods for detecting multilocus adaptation with multivariate 
genotype–environment associations. Mol Ecol. 2018:27: 
2215–2233. https://doi.org/10.1111/mec.14584.

Freeman BG, Scholer MN, Ruiz-Gutierrez V, Fitzpatrick JW. 
Climate change causes upslope shifts and mountaintop ex
tirpations in a tropical bird community. Proc Natl Acad Sci 
U S A. 2018:115:11982–11987. https://doi.org/10.1073/pnas. 
1804224115.

Frichot E, Schoville SD, Bouchard G, François O. Testing for asso
ciations between loci and environmental gradients using la
tent factor mixed models. Mol Biol Evol. 2013:30:1687–1699. 
https://doi.org/10.1093/molbev/mst063.

Fumagalli M et al. Quantifying population genetic differentiation 
from next-generation sequencing data. Genetics. 2013:195: 
979–992. https://doi.org/10.1534/genetics.113.154740.

Funk ER et al. A supergene underlies linked variation in color and 
morphology in a Holarctic songbird. Nat Commun. 2021:12: 
6833. https://doi.org/10.1038/s41467-021-27173-z.

Funk ER et al. The genetic basis of plumage coloration and eleva
tion adaptation in a clade of recently diverged alpine and 
Arctic songbirds. Evolution. 2023:77:705–717. https://doi.org/ 
10.1093/evolut/qpac064.

Funk ER, Taylor SA. High-throughput sequencing is revealing 
genetic associations with avian plumage color. Auk. 
2019:136:ukz048. https://doi.org/10.1093/auk/ukz048.

Gautier M et al. Estimation of population allele frequencies from 
next-generation sequencing data: pool-versus individual- 
based genotyping. Mol Ecol. 2013:22:3766–3779. https://doi. 
org/10.1111/mec.12360.

Gheyas AA et al. Integrated environmental and genomic analysis 
reveals the drivers of local adaptation in African indigenous 
chickens. Mol Biol Evol. 2021:38:4268–4285. https://doi.org/ 
10.1093/molbev/msab156.

Goel N et al. Identifying genomic adaptation to local climate us
ing a mechanistic evolutionary model. Methods Ecol Evol. 
2025:16:2448–2460. https://doi.org/10.1111/2041-210X.70117.

Graham AM, McCracken KG. Convergent evolution on the 
hypoxia-inducible factor (HIF) pathway genes EGLN1 and 
EPAS1 in high-altitude ducks. Heredity (Edinb). 2019:122: 
819–832. https://doi.org/10.1038/s41437-018-0173-z.

Günther T, Coop G. Robust identification of local adaptation from 
allele frequencies. Genetics. 2013:195:205–220. https://doi. 
org/10.1534/genetics.113.152462.

14                                                                                                                                                                                         Molecular Biology and Evolution, 2026, Volume 43, Issue 10

D
ow

nloaded from
 academ

ic.oup.com
/m

be/article/43/10/m
sag255/8857670 by U

niversity of Texas - Austin user on 20 O
ctober 2026

https://doi.org/10.3390/antiox14040471
https://doi.org/10.1098/rsbl.2006.0507
https://doi.org/10.1371/journal.pone.0003376
https://doi.org/10.1371/journal.pone.0003376
https://doi.org/10.1073/pnas.1002443107
https://doi.org/10.1073/pnas.1002443107
http://github.com/jax-ml/jax
https://doi.org/0.64898/2026.04.09.717579
https://doi.org/0.64898/2026.04.09.717579
https://doi.org/10.1111/mec.12105
https://doi.org/10.5751/ACE-02798-200106
https://doi.org/10.5751/ACE-02798-200106
https://doi.org/10.1111/2041-210X.13722
https://doi.org/10.1111/1755-0998.12906
https://doi.org/10.1111/1755-0998.12906
https://doi.org/10.18637/jss.v076.i01
https://doi.org/10.1093/molbev/msz008
https://doi.org/10.1093/molbev/msz008
https://doi.org/10.1534/genetics.110.114819
https://doi.org/10.1534/genetics.110.114819
https://doi.org/10.1111/ddi.13628
https://doi.org/10.1111/ddi.13628
https://doi.org/10.1111/2041-210X.14286
https://doi.org/10.1111/2041-210X.12418
https://doi.org/10.1111/2041-210X.12418
https://doi.org/10.1890/11-0252.1
https://doi.org/10.1890/09-1974.1
https://doi.org/10.1890/09-1974.1
https://doi.org/10.2173/ebirdst.2022
https://doi.org/10.2173/ebirdst.2022
https://doi.org/10.1111/mec.14584
https://doi.org/10.1073/pnas.1804224115
https://doi.org/10.1073/pnas.1804224115
https://doi.org/10.1093/molbev/mst063
https://doi.org/10.1534/genetics.113.154740
https://doi.org/10.1038/s41467-021-27173-z
https://doi.org/10.1093/evolut/qpac064
https://doi.org/10.1093/evolut/qpac064
https://doi.org/10.1093/auk/ukz048
https://doi.org/10.1111/mec.12360
https://doi.org/10.1111/mec.12360
https://doi.org/10.1093/molbev/msab156
https://doi.org/10.1093/molbev/msab156
https://doi.org/10.1111/2041-210X.70117
https://doi.org/10.1038/s41437-018-0173-z
https://doi.org/10.1534/genetics.113.152462
https://doi.org/10.1534/genetics.113.152462


Han E, Sinsheimer JS, Novembre J. Characterizing bias in popu
lation genetic inferences from low-coverage sequencing data. 
Mol Biol Evol. 2014:31:723–735. https://doi.org/10.1093/ 
molbev/mst229.

Harrisson KA, Pavlova A, Telonis-Scott M, Sunnucks P. Using gen
omics to characterize evolutionary potential for conservation 
of wild populations. Evol Appl. 2014:7:1008–1025. https://doi. 
org/10.1111/eva.12149.

Hilborn R, Mangel M. The ecological detective: confronting models 
with data. Princeton University Press; 2013.

Hoekstra HE, Drumm KE, Nachman MW. Ecological genetics of 
adaptive color polymorphism in pocket mice: geographic vari
ation in selected and neutral genes. Evolution. 2004:58: 
1329–1341. https://doi.org/10.1111/j.0014-3820.2004.tb01711.x.

Hooten MB, Hefley TJ. Bringing Bayesian models to life. CRC 
Press; 2019.

Hooten MB, Hobbs NT. A guide to Bayesian model selection for 
ecologists. Ecol Monogr. 2015:85:3–28. https://doi.org/10. 
1890/14-0661.1.

Iverson EN. Conservation mitonuclear replacement: facilitated 
mitochondrial adaptation for a changing world. Evol Appl. 
2024:17:e13642. https://doi.org/10.1111/eva.13642.

Kim SY et al. Estimation of allele frequency and association 
mapping using next-generation sequencing data. BMC 
Bioinformatics. 2011:12:231. https://doi.org/10.1186/1471- 
2105-12-231.

Kimura M. The neutral theory of molecular evolution. Cambridge 
University Press; 1983.

Kirkpatrick M, Barton NH. Evolution of a species’ range. Am Nat. 
1997:150:1–23. https://doi.org/10.1086/286054.

Korneliussen TS, Albrechtsen A, Nielsen R. ANGSD: analysis of 
next generation sequencing data. BMC Bioinformatics. 
2014:15:356. https://doi.org/10.1186/s12859-014-0356-4.

Korolev KS, Avlund M, Hallatschek O, Nelson DR. Genetic demixing 
and evolution in linear stepping stone models. Rev Mod Phys. 
2010:82:1691–1718. https://doi.org/10.1103/RevModPhys.82. 
1691.

Kosch TA et al. Genetic approaches for increasing fitness in en
dangered species. Trends Ecol Evol. 2022:37:332–345. https:// 
doi.org/10.1016/j.tree.2021.12.003.

Li Y, Sidore C, Kang HM, Boehnke M, Abecasis GR. Low-coverage 
sequencing: implications for design of complex trait associ
ation studies. Genome Res. 2011:21:940–951. https://doi.org/ 
10.1101/gr.117259.110.

Lotterhos KE. The paradox of adaptive trait clines with noncli
nal patterns in the underlying genes. Proc Natl Acad Sci 
U S A. 2023:120:e2220313120. https://doi.org/10.1073/pnas. 
2220313120.

Lou RN, Jacobs A, Wilder AP, Therkildsen NO. A beginner’s guide 
to low-coverage whole genome sequencing for population 
genomics. Mol Ecol. 2021:30:5966–5993. https://doi.org/10. 
1111/mec.16077.

MacDougall-Shackleton SA, Johnson RE, Hahn TP. Gray-crowned 
rosy-finch (Leucosticte tephrocotis), version 1.0. In: Gill FB, 
Poole AF, editors. Birds of the world. Cornell Lab of 
Ornithology; 2000. https://doi.org/10.2173/bow.gcrfin.01.

Mayr E. Systematics and the origin of species. Columbia University 
Press; 1942.

McRae BH. Isolation by resistance. Evolution. 2006:60:1551–1561. 
https://doi.org/10.1111/j.0014-3820.2006.tb00500.x.

McVean G. A genealogical interpretation of principal components 
analysis. PLoS Genet. 2009:5:e1000686. https://doi.org/10. 
1371/journal.pgen.1000686.

Mitchell TJ, Beauchamp JJ. Bayesian variable selection in linear 
regression. J Am Stat Assoc. 1988:83:1023–1032. https://doi. 
org/10.1080/01621459.1988.10478694.

Nielsen R, Korneliussen T, Albrechtsen A, Li Y, Wang J. SNP 
calling, genotype calling, and sample allele frequency 
estimation from new-generation sequencing data. PLoS 
One. 2012:7:e37558. https://doi.org/10.1371/journal.pone. 
0037558.

Nielsen R, Paul JS, Albrechtsen A, Song YS. Genotype and SNP 
calling from next-generation sequencing data. Nat Rev 
Genet. 2011:12:443–451. https://doi.org/10.1038/nrg2986.

Ortega JM, Rheinboldt WC. Iterative solution of nonlinear equa
tions in several variables. Academic Press; 2000.

Pei J, Pan X, Wei G, Hua Y. Research progress of glutathione per
oxidase family (GPX) in redoxidation. Front Pharmacol. 
2023:14:1147414. https://doi.org/10.3389/fphar.2023.1147414.

Petkova D, Novembre J, Stephens M. Visualizing spatial popu
lation structure with estimated effective migration surfa
ces. Nat Genet. 2016:48:94–100. https://doi.org/10.1038/ 
ng.3464.

Phan D, Pradhan N, Jankowiak M. 2019. Composable effects for 
flexible and accelerated probabilistic programming in 
NumPyro. arXiv:1912.11554. http://arxiv.org/abs/1912.11554v1

Phelps MP, Seeb LW, Seeb JE. Transforming ecology and conser
vation biology through genome editing. Conserv Biol. 2020:34: 
54–65. https://doi.org/10.1111/cobi.13292.

Piironen J, Vehtari A. Sparsity information and regularization in 
the horseshoe and other shrinkage priors. Electron J Stat. 
2017:11:5018–5051. https://doi.org/10.1214/17-EJS1337SI.

Rellstab C, Gugerli F, Eckert AJ, Hancock AM, Holderegger R. A 
practical guide to environmental association analysis in land
scape genomics. Mol Ecol. 2015:24:4348–4370. https://doi.org/ 
10.1111/mec.13322.

Rensch B. Some problems of geographical variation and species- 
formation. Proc Linn Soc Lond. 1938:150:275–285. https://doi. 
org/10.1111/j.1095-8312.1938.tb00182k.x.

Rice SH. Evolutionary theory: mathematical and conceptual foun
dations. Sinauer Associates; 2004.

Rong H et al. Association between regulator of telomere elong
ation helicase1 (RTEL1) gene and HAPE risk: a case–control 
study. Medicine (Baltimore). 2017:96:e8222. https://doi.org/ 
10.1097/MD.0000000000008222.

Schloss CA, Nuñez TA, Lawler JJ. Dispersal will limit ability of 
mammals to track climate change in the Western 
Hemisphere. Proc Natl Acad Sci U S A. 2012:109:8606–8611. 
https://doi.org/10.1073/pnas.1116791109.

Schwob MR, Hooten MB, Narasimhan V. Composite dyadic mod
els for spatio-temporal data. Biometrics. 2024:80:ujae107. 
https://doi.org/10.1093/biomtc/ujae107.

Simonson TS, McClain DA, Jorde LB, Prchal JT. Genetic determi
nants of Tibetan high-altitude adaptation. Hum Genet. 
2012:131:527–533. https://doi.org/10.1007/s00439-011-1109-3.

Slatkin M. Isolation by distance in equilibrium and non- 
equilibrium populations. Evolution. 1993:47:264–279. https:// 
doi.org/10.1111/j.1558-5646.1993.tb01215.x.

Wakeley JH. Coalescent theory: an introduction. Roberts and 
Company Publishers; 2009.

Molecular Biology and Evolution, 2026, Volume 43, Issue 10                                                                                                                                                                                         15
D

ow
nloaded from

 academ
ic.oup.com

/m
be/article/43/10/m

sag255/8857670 by U
niversity of Texas - Austin user on 20 O

ctober 2026

https://doi.org/10.1093/molbev/mst229
https://doi.org/10.1093/molbev/mst229
https://doi.org/10.1111/eva.12149
https://doi.org/10.1111/eva.12149
https://doi.org/10.1111/j.0014-3820.2004.tb01711.x
https://doi.org/10.1890/14-0661.1
https://doi.org/10.1890/14-0661.1
https://doi.org/10.1111/eva.13642
https://doi.org/10.1186/1471-2105-12-231
https://doi.org/10.1186/1471-2105-12-231
https://doi.org/10.1086/286054
https://doi.org/10.1186/s12859-014-0356-4
https://doi.org/10.1103/RevModPhys.82.1691
https://doi.org/10.1103/RevModPhys.82.1691
https://doi.org/10.1016/j.tree.2021.12.003
https://doi.org/10.1016/j.tree.2021.12.003
https://doi.org/10.1101/gr.117259.110
https://doi.org/10.1101/gr.117259.110
https://doi.org/10.1073/pnas.2220313120
https://doi.org/10.1073/pnas.2220313120
https://doi.org/10.1111/mec.16077
https://doi.org/10.1111/mec.16077
https://doi.org/10.2173/bow.gcrfin.01
https://doi.org/10.1111/j.0014-3820.2006.tb00500.x
https://doi.org/10.1371/journal.pgen.1000686
https://doi.org/10.1371/journal.pgen.1000686
https://doi.org/10.1080/01621459.1988.10478694
https://doi.org/10.1080/01621459.1988.10478694
https://doi.org/10.1371/journal.pone.0037558
https://doi.org/10.1371/journal.pone.0037558
https://doi.org/10.1038/nrg2986
https://doi.org/10.3389/fphar.2023.1147414
https://doi.org/10.1038/ng.3464
https://doi.org/10.1038/ng.3464
http://arxiv.org/abs/1912.11554v1
https://doi.org/10.1111/cobi.13292
https://doi.org/10.1214/17-EJS1337SI
https://doi.org/10.1111/mec.13322
https://doi.org/10.1111/mec.13322
https://doi.org/10.1111/j.1095-8312.1938.tb00182k.x
https://doi.org/10.1111/j.1095-8312.1938.tb00182k.x
https://doi.org/10.1097/MD.0000000000008222
https://doi.org/10.1097/MD.0000000000008222
https://doi.org/10.1073/pnas.1116791109
https://doi.org/10.1093/biomtc/ujae107
https://doi.org/10.1007/s00439-011-1109-3
https://doi.org/10.1111/j.1558-5646.1993.tb01215.x
https://doi.org/10.1111/j.1558-5646.1993.tb01215.x


Wan Y et al. Characterization of CRH-binding protein (CRHBP) in 
chickens: molecular cloning, tissue distribution and investiga
tion of its role as a negative feedback regulator within the 
hypothalamus–pituitary–adrenal axis. Genes (Basel). 
2022:13:1680. https://doi.org/10.3390/genes13101680.

Wang D et al. Hypoxia-inducible factor 1alpha enhances 
RANKL-induced osteoclast differentiation by upregulating 
the MAPK pathway. Ann Transl Med. 2022a:10:1227. https:// 
doi.org/10.21037/atm-22-4603.

Wang J, Yu J, Lipka AE, Zhang Z. Interpretation of Manhattan 
plots and other outputs of genome-wide association studies. 
In: Torkamaneh D, Belzile F, editors. Genome-wide association 
studies. Springer; 2022b. p. 63–80.

Wikle CK. Hierarchical Bayesian models for predicting the spread 
of ecological processes. Ecology. 2003:84:1382–1394. https:// 
doi.org/10.1890/0012-9658(2003)084[1382:HBMFPT]2.0.CO;2.

Wright S. Evolution in Mendelian populations. Genetics. 1931:16: 
97–159. https://doi.org/10.1093/genetics/16.2.97.

Yi X et al. Sequencing of 50 human exomes reveals adaptation to 
high altitude. Science. 2010:329:75–78. https://doi.org/10. 
1126/science.1190371.

Zhuang Z-X, Chen S-E, Chen C-F, Lin E-C, Huang S-Y. 
Genome-wide association study on the body temperature 
changes of a broiler-type strain Taiwan country chickens 
under acute heat stress. J Therm Biol. 2019:82:33–42. 
https://doi.org/10.1016/j.jtherbio.2019.03.007.

16                                                                                                                                                                                         Molecular Biology and Evolution, 2026, Volume 43, Issue 10

D
ow

nloaded from
 academ

ic.oup.com
/m

be/article/43/10/m
sag255/8857670 by U

niversity of Texas - Austin user on 20 O
ctober 2026

https://doi.org/10.3390/genes13101680
https://doi.org/10.21037/atm-22-4603
https://doi.org/10.21037/atm-22-4603
https://doi.org/10.1890/0012-9658(2003)084[1382:HBMFPT]2.0.CO;2
https://doi.org/10.1890/0012-9658(2003)084[1382:HBMFPT]2.0.CO;2
https://doi.org/10.1093/genetics/16.2.97
https://doi.org/10.1126/science.1190371
https://doi.org/10.1126/science.1190371
https://doi.org/10.1016/j.jtherbio.2019.03.007

	Identifying adaptive variation in spatially structured populations using low-coverage whole-genome sequencing data
	Introduction
	Rosy finches

	Data
	Model formulation
	Data model
	Process model
	Parameter model
	Improving sampling efficiency

	Model testing
	Data analysis
	Discussion
	Data model for low-coverage whole-genome sequencing data
	A mechanistic structured metapopulation model of evolution
	Analysis of synthetic and real data
	Future improvements

	Acknowledgments
	Author contributions
	Supplementary material
	Funding
	Conflicts of interest
	Data and resource availability
	References


