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ABSTRACT

Urbanization is one of the most significant drivers of environmental change, shaping the ecological and evolutionary processes
of plants and animals. Understanding how species evolve in urban landscapes requires integrating population genetics and
genomics with urban ecology. Thus, accessible guidance is necessary to facilitate interdisciplinary approaches for applying pop-
ulation genetic and genomic tools to understand the ecology and evolution of urban species. Here, we present a how-to guide
with key concepts and methodologies for studying urban population genetics, including identifying genetic markers, choosing
appropriate analytical tools, and applying spatial genetic modeling approaches. We emphasize practical applications to assess
genetic diversity, population connectivity, and adaptation, relevant in the generation of management strategies for conservation,
pest control, and assisted gene flow. By bridging the gap between population genomics and urban ecology, this guide aims to
equip researchers, wildlife managers, and conservation practitioners with essential tools to study and manage urban popula-
tions. Strengthening collaborations between urban ecologists, pest management professionals, geneticists, and city planners will
enhance our ability to develop sustainable cities that support biodiversity, mitigate urban pests and invasive species, and promote
coexistence between urban development and nature.

1 | Introduction

Urban areas are among the fastest growing ecosystems (United
Nations 2014) and can drastically alter the landscapes upon
which they are built (McKinney 2006; Grimm et al. 2008). These
alterations of the habitat (e.g., road networks, increased tem-
peratures and pollution, reduced green spaces) can have drastic
ecological and evolutionary consequences for species living in
and near cities (Johnson and Munshi-South 2017). While urban
ecology has advanced our understanding of how anthropogenic
landscapes function (Magle et al. 2012; Collins et al. 2021), less
is known about how organisms are evolving in response to these
environments (Sih et al. 2011). Population genetics/genom-
ics provides a powerful framework for addressing this gap by

revealing the evolutionary dynamics of urban-associated species
(Supple and Shapiro 2018; Luikart et al. 2019; Rajora 2024), in-
cluding how they adapt, evolve, and disperse in human-modified
ecosystems (Hohenlohe et al. 2021). As we gain understanding
of how cities can influence the evolutionary trajectories of pop-
ulations, we can apply this knowledge to better inform manage-
ment strategies and develop urban planning guidelines that take
into consideration the needs of urban organisms.

Cities are complex systems shaped by factors such as age, culture,
religion, politics, and geography (Carlen et al. 2025). The impact
of urbanization on organisms depends heavily on their natural
history and life cycle, necessitating a foundational understand-
ing of both the species and the urban landscape when applying a
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FIGURE1 | Decision tree to guide readers through the types of genetic sequencing that can be used to conduct population genetic studies based

on the questions being asked, budget, and computational knowledge.

genomic framework. For instance, pigeons (Columba livia) in the
Northeastern United States can disperse over 1000 km, forming
a single population across adjacent cities (Carlen and Munshi-
South 2021), whereas white-footed mice (Peromyscus leucopus),
with limited vagility (2-3km) and canopy fragmentation, are
confined to individual parks in New York City (Munshi-South
and Kharchenko 2010; Munshi-South 2012). Synanthropic
pests like German cockroaches (Blattella germanica) and bed
bugs (Cimex lectularius) exhibit genetic structure influenced
by human movement and building connectivity (Crissman
et al. 2010; Booth et al. 2012; Saenz et al. 2012; Booth 2024; Tang
et al. 2024; Miles, Verrelli, et al. 2025). Urban history also plays a
critical role: city walls in Oviedo, Spain, isolated fire salamander
(Salamandra salamandra) populations (Lourenco et al. 2017;
IUCN SSC Amphibian Specialist Group 2023), while brown rats
(Rattus norvegicus) reflect European colonization patterns due
to ship-borne dispersal (Puckett et al. 2016). Thus, integrating
species biology with urban context is essential in urban popula-
tion genomics.

Habitat loss due to human development is also of significant
concern as it is a major driver of global biodiversity loss (Sih
et al. 2000). In response, international treaties are incentivizing
the restoration of degraded habitats (see United Nations 2019),
which may include reintroducing lost species or bolstering pop-
ulations of those in decline. Population genomics offers a quanti-
tative framework to assess the effectiveness of restoration efforts.
For example, Wright et al. (2022) used reduced representation
sequencing on the common native bush rat, Rattus fuscipes, to
assess the genetic impacts of a reintroduction project aimed at
habitat restoration in an urban reserve in Sydney, Australia.
Genetic diversity was estimated prior to reintroduction and
then 3years post to determine the evolutionary response to re-
introduction of an admixed population. While genetic diversity

had declined over the 3 year period, this was not significant;
thus, reintroduction was deemed a success. Additionally, Flores-
Manzanero et al. (2022) used microsatellite markers to identify
population reductions and structure due to habitat fragmenta-
tion in two critically endangered carnivores on the rapidly ur-
banizing tourist island of Cozumel, Mexico. Flores-Manzanero
et al. (2022) documented low effective population sizes (Box 3)
in both species and genetic clustering. The authors suggest a
comprehensive management plan that includes limiting inter-
action with humans, preserving non-urban habitat, and increas-
ing corridors with native vegetation. As highlighted, population
genomics represents a powerful tool to assess the success and
failure of restoration in light of urbanization.

While genomic tools have shown to be invaluable in urban ecosys-
tem assessment and management and the budding field of urban
evolution, obstacles remain including engaging interdisciplinary
researchers in the use of genetic tools for management and con-
servation decisions. Here, we show readers different scenarios and
the considerations that are needed when tackling these questions
(Figure 1). We provide multiple examples to introduce readers to
the broad range of methods and taxa used to study urban man-
agement, conservation, and evolution. We aim to guide agencies
responsible for wildlife management in urban centers, as well as
early career urban ecologists and evolutionary biologists, with a
“how-to” guide to illustrate how population genetics may further
our understanding of the evolutionary dynamics of urban species,
which may better inform management strategies.

2 | Marker Selection and Sequencing Techniques

All genetic studies require the selection of appropriate mark-
ers and sequencing techniques (Boxes 1 and 2). Choosing
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BOX1 | Key genetic terms and makers.

Allele—one of two or more variants of a gene that arise
via mutation and are found in the same place on a
chromosome.

Genetic marker—specific DNA sequence or gene that
can be used to identify genetic variation, individuals, or
species.

Locus—the physical location of a gene or genetic marker
on a chromosome; plural: loci.

Microsatellites (simple sequence repeats, SSRs)—com-
monly used population genetic markers consisting of
2-4 base pair tandem repeats with high mutation rates
(102-10° per cell generation).

Single nucleotide polymorphism (SNP)—commonly used
population genetic marker consisting of a nucleotide (ad-
enine, thymine, cytosine, or guanine) that is different
from the reference sequence. Here, SNPs are identified
when using the sequencing of single genes, reduced rep-
resentation genome sequencing and whole genome se-
quencing (see Box 2).

which markers are best suited will depend on the organism
being studied, the question being asked, research budget,
potential sample size, computational power, and bioinfor-
matic proficiency (Figure 1). First, marker selection may be
dependent on the type of organism being studied. For exam-
ple, many plants are polyploid (i.e., anything greater than dip-
loid) in their nuclear genome, thus polyploid organisms can
be difficult to run population genomic analyses on as many
of the software programs available assume haploid or diploid
genomes. Second, it is essential to consider what questions are
being asked about urban wildlife populations. For example,
studies considering how urbanization influences population
genetics across the geographic distribution of a species (e.g.,
broad range sampling) will have different constraints than
studies examining fine-scale population genetic signatures
of urbanization. Additionally, if the goal of the research is to
examine both adaptive (natural and sexual selection) and non-
adaptive evolution (genetic drift and gene flow), this should
be considered at the onset of study design as not all DNA se-
quencing techniques are suitable for this work. Third, bud-
get can have a huge impact on the suitability of sequencing
techniques with platforms such as sequence repeat identifi-
cation (Box 2) and reduced representation genome sequenc-
ing (Box 2) costing considerably less than other methods.
Fourth, when sample size is limited, it is helpful to have more
genetic markers. For example, Nazareno et al. (2017) found
that only eight samples were necessary when at least 1000
Single Nucleotide Polymorphisms (SNPs) (Box 1) were used
to estimate genetic diversity. In contrast, significant devia-
tions in population genetic results were found when sample
sizes were less than 30 when using 6 to 8 microsatellite loci
(Reiner et al. 2019). Finally, computation power and bioinfor-
matic knowledge should be considered as the data generated
through different sequencing methods necessitate expertise in
distinct computing platforms.

Commonly, four main types of sequencing are used in studies of
urban population genetics: (i) microsatellites, (ii) the sequencing

of single genes (either nuclear or mitochondrial), (iii) reduced
representation genome sequencing, and (iv) low coverage whole
genome sequencing (Box 2). Microsatellites, when previously
developed, are the most cost-efficient (Guichoux et al. 2011;
Antunes et al. 2022) while low coverage whole genome sequenc-
ing is significantly more expensive, with reduced representation
genome sequencing varying depending on the method (Lou
et al. 2021). When sample size is high, microsatellites are usually
sufficient to detect fine scale population differences. However,
as sample size decreases, a larger number of genetic markers
are needed to detect population patterns and thus reduced rep-
resentation genome sequencing or low coverage whole genome
sequencing is a more efficient method. Finally, microsatellites
require less computing power and bioinformatics knowledge,
while greater computing power and bioinformatics knowledge
are necessary when using reduced representation genome se-
quencing and low coverage whole genome sequencing.

Finally, it's important to recognize that numerous sequencing
platforms exist and that these technologies are rapidly evolving,
with frequent and substantial improvements. Sanger sequenc-
ing has been the sequencing platform for microsatellites and se-
quencing of single genes for decades, and is still a cost-efficient
option when sequencing is needed for very few loci or individ-
uals. For larger datasets, researchers have used many “next
generation sequencing” (NGS) platforms including Roche 454
(discontinued), IonTorrent (discontinued), Illumina (MySeq,
HiSeq, NextSeq, etc.), PacBio, and Oxford Nanopore. Each of
these platforms has pros and cons to sequencing, and we rec-
ommend consulting with Core Sequencing Facilities and/or
sequencing vendors to identify which platform is the most cost-
efficient for the proposed study.

3 | Studying Non-Adaptive Variation in Urban
Wildlife

Below we provide a common list of analysis techniques for ex-
ploring data. We intentionally do not explicitly state which anal-
yses are best for a given set of data and instead recommend using
several of these approaches to understand the story your data
tells. We note that this is not a comprehensive list of all analy-
ses, but instead a summary of common techniques used to study
non-adaptive genetic variation in wildlife.

3.1 | Summary Statistics

When examining non-adaptive variation in urban populations,
one of the first steps is to calculate summary statistics. These
statistics describe key information about the genetic diversity
of the populations studied and can help determine how to run
downstream analyses. Genetic diversity (defined in Box 3) is
commonly measured as observed and/or expected heterozygos-
ity (H, & H,, respectively), allelic richness (A, used for microsat-
ellite data), percentage of polymorphic loci (, used for SNP data),
and the inbreeding coefficient (F) (Freeland 2005). Sample sizes
and genetic marker type will influence which summary statis-
tics should be used. Genetic diversity measured from microsat-
ellites will measure allelic richness (continuous variable) and
heterozygosity per locus whereas SNP data will generally have
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BOX2 | Sequencing techniques commonly used in urban genetic studies.

Single gene region sequencing is a form of DNA sequencing in which known PCR and/or sequencing primers are used to obtain
SNP data from a region of the genome (Palumbi et al. 2002). For population structure studies this is typically mitochondrial
or chloroplast genes/intergenic regions, while for adaptation studies mitochondrial, chloroplast, or nuclear genes can be used
(Freeland 2005).

Sequence repeat identification is a method in which satellite DNA (DNA sequences that are organized as large arrays of tandemly
repeated, short sequences), most commonly microsatellites due to their high mutation rates, are used to study recent evolutionary
timescales. Because microsatellites are Mendelian bi-parentally inherited, codominant, and often exhibit high levels of variation,
they have been widely used to address questions ranging from pedigree and parentage inference to the identification of population
structure (Avise 2012). For over 25years (1989-2015), microsatellites were the predominant marker used in population genetic re-
search (Vieira et al. 2016). However, in recent years, with the rise of next generation sequencing platforms, their use has decreased
in favor of SNPs (Allendorf 2025).

When microsatellite markers are available for a species of interest, or a closely related species, the cost to sequence microsatellite
loci is low (Puckett 2016), particularly when loci can be multiplexed (i.e., multiple loci combined into a single sequencing reac-
tion). If microsatellite markers have not been previously isolated, the cost of developing novel markers can be cost-prohibitive
(Guichoux et al. 2011; Antunes et al. 2022). That said, while classical methods used for the isolation of microsatellite loci in-
volved cloning and enrichment for simple sequence repeats (Andrés and Bogdanowicz 2011), a time-consuming procedure that
often yielded low numbers of loci, next generation approaches such as reduced representation genome sequencing and low
coverage whole genome sequencing, make it possible to rapidly identify thousands of loci for microsatellite development (Castoe
et al. 2012). Regardless of which method is used to isolate microsatellite loci, locus optimization (i.e., determination of ideal
polymerase chain reaction profile, primer and MgCl, concentration, etc.) is required which may be laborious (Zane et al. 2002).
Furthermore, not all microsatellite loci identified will prove suitable (e.g., lack of polymorphism, linkage disequilibrium with
other markers identified, etc.).

Reduced representation genome sequencing is a method in which only a subset of the genome is sequenced (typically 1%-10%
[Lou et al. 2021]), rather than the entire genome (for some common examples see Albert et al. 2007; Choi et al. 2009; Peterson
et al. 2012; Wallace and Mitchell 2017). This form of sequencing can be highly beneficial for population genetic studies be-
cause it allows for the recovery of a high number of SNPs while reducing sequencing cost. Moreover, compared to microsatel-
lite analyses, this sequencing technique can allow researchers to sample fewer individuals as the increased number of variant
sites allows for equal detection of population structure making it a highly effective technique when sample size is limited.
Furthermore, reduced representation genome sequencing works well for large genomes or when there's no reference genome
available. It can identify thousands of genetic variants while using less computing power than is needed for whole genome
sequencing by focusing only on specific genome regions. In fact, even when a species has relatively high genetic diversity,
thousands of SNP markers are better able to detect population structure and individual genetic diversity than microsatellite
markers (e.g., Lemopoulos et al. 2019; Sunde et al. 2020). There are currently many methods available for generating these
SNPs including: restriction associated DNA sequencing (RADseq) (Peterson et al. 2012), whole exome sequencing (Albert
et al. 2007), exome capture (Choi et al. 2009) and genotype-by-sequencing (Wallace and Mitchell 2017). While this option often
represents the best trade-off between cost and the number of SNPs needed for fine-scale population analysis, it is usually not
suitable for selection studies because reduced representation genome sequencing is heavily biased toward neutral regions of
the genome.

Whole genome sequencing (WGS) is a form of DNA sequencing in which the entire genome is sequenced. This is often split
into two types: (i) low coverage where the depth of coverage is (0.5x —2X) (Lou et al. 2021) and (ii) high coverage where the
depth of coverage is > 10x. The cost of low coverage whole genome sequencing is comparable to RADseq but covers the whole
genome instead of 1-10% of the genome (Lou et al. 2021). Because of the breadth of sequencing, whole genome sequencing
can be used for both adaptive and non-adaptive population genetic studies. The depth of sequencing coverage means that new
bioinformatic pipelines (e.g., ANGSD; Korneliussen et al. 2014) are used to identify genome-wide SNPs based on a probabilis-
tic framework and a reference genome, or a genome of a closely related species, is required. As sequencing costs continually
decrease, the future may be moving to more frequent use of higher coverage whole genome sequencing.

far fewer alleles per locus (2-4, the number of possible nucleo-
tides) with genetic diversity measured as theta pi () (e.g., Fischer
et al. 2017). Comparing these summary statistics across sampled
populations can provide researchers with insight into differ-
ences among populations.

3.2 | Population Size and Demographic History
Part of managing urban wildlife populations is determining the

census population size (N). One way to identify the N, for cryp-
tic species is by identifying the total number of individuals in a

given region through genetic testing of scat (Mills et al. 2000;
von Thaden et al. 2020). Another analysis to estimate the num-
ber of individuals in a population is through kinship analysis
that can identify the number of breeding families within a pop-
ulation (Bravington et al. 2016). For example, Jasper et al. (2019)
identified parent-offspring relationships of the yellow fever
mosquito (Aedes aegypti) in urban high-rise apartments in
Malaysia and used these data to estimate the neighborhood size
of 268 individuals within an area of 91m, suggesting high densi-
ties of mosquitoes are found in relatively small geographic areas.
While N, can be important for tracking individuals, the effective
population size (N,) more accurately estimates the number of
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BOX3 | Definitions of common population genetic terminology.

of the source populations.

ants) per genetic location (locus).

gene flow.

disruption of locally adapted gene complexes.

Admixture—the genetic mixing of two (or more) previously isolated populations such that the resulting population is a blend
Allelic richness—a measure of genetic variation across the population which represents the average number of alleles (vari-

Bottleneck effect—an evolutionary phenomenon in which a population'’s size is drastically reduced for one or more generations,
leaving the resulting population with reduced genetic variation relative to the ancestral population.

Census population size (N,)—the total number of individuals in a population.

Effective population size (N,)—the number of individuals effectively contributing genes to the next generation.

Fixation index (Fy;)—a measure of population differentiation. This measure is used in population structure analyses and
is bounded from 0 to 1, with 0 as no structure (i.e., both sampled populations have equal allele frequencies) and 1 as highly
structured (i.e., no shared alleles between two sampled populations).

Genetic diversity—the total number of genetic variants (e.g., mutations) within a sample pool.

Genetic drift—the stochastic change in frequency of an existing gene variant in a population.

Heterozygosity—the condition in which an individual carries different alleles at a given locus (the opposite of homozygosity);
observed heterozygosity is the proportion of individuals in the population that are heterozygous at a given locus.
Homozygosity—the condition in which an individual carries a single allele at a given locus (the opposite of heterozygosity);
observed homozygosity is the proportion of individuals in the population that are homozygosity at a given locus.

Inbreeding depression—a reduction in the fitness of a population due to matings between closely related individuals leading to
an increase in homozygosity and the expression of deleterious recessive alleles within a population.

Isolation by barrier—Interruption of gene flow arising due to geographic or reproductive barriers.

Isolation by distance—a pattern of increasing genetic dissimilarity positively correlated with geographic distance.

Isolation by resistance—a model of isolation by distance which accounts for patterns of geographic heterogeneity impacting

Linkage disequilibrium—the nonrandom association of alleles at different loci that segregate together during meiosis.
Outbreeding depression—a reduction in the fitness of a population due to the introduction of non-adaptive variation and/or the

Wahlund effect—a reduction in observed heterozygosity relative to expectations due to the calculation of observed heterozy-
gosity across a population composed of distinct subpopulations with different allele frequencies.

individuals contributing to the next generation and, therefore,
strongly influences the total genetic diversity. It is believed that a
smaller effective population size may result in the accumulation
of deleterious alleles, inbreeding depression, and reduced evo-
lutionary potential due to lower genetic diversity (Charlesworth
and Charlesworth 1987), which can be of particular impor-
tance for populations in decline. For example, the effective
population size in the northern two-lined salamander (Eurycea
bislineata) was significantly smaller for salamanders caught
in urban streams than those in suburban and rural streams
around New York City, which poses a significant threat to the
maintenance of genetic diversity in the small urban populations
(Fusco et al. 2021). That said, inbreeding can also facilitate the
purging of deleterious alleles from a population (Hedrick and
Garcia-Dorado 2016). As a result, a population may exhibit a low
effective population size (N,) but show limited or no evidence
of inbreeding depression (e.g., urban pest insects such as bed
bugs, Cimex spp.) (Fountain et al. 2015; Hedrick and Garcia-
Dorado 2016). There are many methods in which researchers
can estimate effective population size (Wang 2005) and one
commonly used software is NeEstimator (v2; Do et al. 2014) that
not only includes a graphical user interface but can also handle
datasets that include more than 50,000 SNP loci.

Estimates of current N, are affected by historical changes in
demography (Mazet et al. 2016). For example, urban popu-
lations of monarch butterflies (Dabaus plexippus) have low
N, but these small populations are not necessarily due to ur-
banization since rural populations have similarly low N, and

demographic analyses indicate that these populations started
to decline during the Last Glacial Maximum (LGM) (Miles,
Carlen, et al. 2025). In contrast, the common bed bug (Cimex
lectularius) experienced a sharp decline in N, during the LGM.
However, following the rise of civilization and the emergence
of the first urban centers, its N, rebounded dramatically—even-
tually surpassing any estimates from the past 60,000years. In
comparison, the N, of the bat-associated lineage of C. lectularius
has continued to decline since the LGM without recovery, sug-
gesting that urban-association has facilitated the recovery of the
human-associated lineage (Miles, Carlen, et al. 2025). There are
many demographic models that can estimate deep time changes
in N, such as pairwise sequentially Markovian coalescent model
(Mather et al. 2020), as well as software that estimates changes
on a more recent evolutionary timescale (1000years to present)
such as Stairwayplot2 and GONE (Liu and Fu 2020; Santiago
et al. 2020). One caveat to these recent demographic estimators
is that generation time must be known (Mather et al. 2020; Liu
and Fu 2020; Santiago et al. 2020) and they must be shorter
than the timescale of urbanization to be able to detect a signal of
urban influences on changes to the N,.

3.3 | Population Structure and Connectivity

Part of urban wildlife management includes identifying popu-
lations and their relationships to each other. Researchers can
choose to identify a population based on sampling locale or use
programs that can identify populations based on shared genetic
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variation. When populations are identified a priori based on
sampling locale, there is potential for introducing the Wahlund
Effect, which is a reduction of heterozygosity or an excess of
homozygotes due to population subdivision with the sampled
“population” (see Zhivotovsky 2015). A variety of methods and
programs can be used to identify population structure.

Classically, the fixation index (Fg;) measures how different a
priori defined populations are from each other and based on the
breadth of molecular marker types and sample sizes, has had
many iterations of equations to estimate this summary statistic
(Wright 1943,1965; Cockerham 1973; Weir and Cockerham 1984;
Nei 1987; Excoffier et al. 1992). F, ranges from 0 to 1, where
values closer to 0 suggest that populations have no structure and
values closer to one mean that populations are genetically dis-
tinct from each other; however, even seemingly small values can
be indicative of meaningful genetic differentiation among sam-
ples. For example, Miles et al. (2018) found that F, derived from
Western black widow spider (Latrodectus hesperus) populations
was lower between Phoenix, USA populations and Las Vegas,
USA populations than either from Albuquerque populations.
Booth et al. (2009) found that urban centers can act as signifi-
cant barriers to gene flow in habitat generalist small mammals,
resulting in higher F; values between populations separated by
a city than between those that are geographically farther apart
but separated by rural landscapes. Fg also indicated that popu-
lations of pest species ubiquitous in urban centers are not neces-
sarily exchanging genes freely, often exhibiting highly elevated
values of Fg, (Saenz et al. 2012; Booth et al. 2012, 2016). There
are many resources available to estimate Fg,, including using
GenAlEx, an Excel add-on optimized for microsatellite data
(Smouse et al. 2017), and packages in R such as hierfstat that can
take both SNP and microsatellite data (Goudet 2005).

In urban contexts, exploring the genetic clustering of in-
dividuals and populations is a common research goal. The
clustering of individuals in a principal component analysis
(PCA) can help visualize population assignment. Moreover,
this method is parameter-free, without a priori assumptions
of population identity allowing this method to be compara-
ble across study species while also eliminating researcher
bias (Jombart 2008; Novembre and Stephens 2008; Jombart
et al. 2009, 2010). There are many R packages available to
run PCAs, including (but not limited to) gstudio (Dyer 2009),
and adegenet (Jombart 2008) and vegan (Dixon 2003). One ca-
veat to using PCA to identify population assignment is that
admixed or panmictic populations will look similar to each
other in the PCA plot, preventing the researcher from know-
ing what evolutionary processes are leading to the observed
phenomenon. For example, slum dwelling rats in Salvador,
Brazil do not cluster by the valley from which they were
collected, nor is there any strong clustering within the PCA
(Kajdacsi et al. 2013). However, additional analyses show that
while there are three genetic clusters, there is significant ad-
mixture among clusters (Kajdacsi et al. 2013). It is therefore
important to consider multiple forms of analysis when draw-
ing conclusions about population assignment. This can be
addressed using software which use genetic clustering algo-
rithms to reconstruct genetic ancestry, like ADMIXTURE and
STRUCTURE (Pritchard et al. 2000; Alexander et al. 2009).
For example, Schmitz et al. (2024) identified considerable

overlap in their PCA analysis of Arabadopsis thaliana SNPs
from across Europe, but found that the populations, although
somewhat admixed, still showed population structure/clus-
tering in their STRUCTURE analysis. On the other hand,
Yakub and Tiffin (2017) found that their PCA and clustering
analysis both revealed the same level of population structure
in Lepidium virginicum, where urban populations were more
closely related to each other than their nearest non-urban pair.

Both ADMIXTURE and STRUCTURE can analyze microsat-
ellite and SNP data and produce highly similar model outputs
that are fitted to models. STRUCTURE employs a Bayesian
approach with the option to include a priori information,
whereas ADMIXTURE uses a maximum-likelihood approach.
Moreover, STRUCTURE models population structure and
assigns the proportional likelihood that an individual is in a
specific genetic cluster, while ADMIXTURE estimates the an-
cestry proportion of individuals. fastSTRUCTURE is similar
to STRUCTURE but uses a variational inference approach as
opposed to a strictly Bayesian approach, allowing it to more
quickly analyze the data (Raj et al. 2014). Since many plants
can reproduce asexually, INSTRUCT is another cluster iden-
tification program that uses the same Bayesian approach as
STRUCTURE, but without the assumption of outbreeding
(Gao et al. 2007). Additionally, adegenet has a similar anal-
ysis—genotype composition plot—which displays a barplot
illustrating each individual's probability of assignment to
multiple genetic clusters (Jombart 2008).

As mentioned previously, the genetic marker chosen can have
wildly different outcomes. It is therefore important to con-
sider multiple forms of analyses to compare clustering results
across markers. For example, Munshi-South et al. (2016) used
ADMIXTURE and fastSTRUCTURE to analyze SNP data from
white-footed mice collected at urban, suburban, and rural lo-
cations in the Northeastern, USA (including New York City)
and found that the mice formed two distinct genetic clusters.
This was surprising given that previous work by Munshi-
South and Kharchenko (2010) had shown distinct genetic clus-
tering by population of white-footed mice across New York
City, thus the researchers expected the more geographically
expansive study in 2016 to identify even more genetic clusters.
Munshi-South et al. (2016) propose that the difference in re-
sults from these two studies is likely due to use of different
genetic markers. Munshi-South and Kharchenko (2010) used
microsatellites which evolve faster than SNPs, and the use of
SNPs in Munshi-South et al. (2016) indicates that there is still
ancestral variation (i.e., admixture) in white-footed mouse
populations.

3.4 | Spatial Analysis

Before assessing the spatial genetic patterns of urban wildlife, it
is essential to consider the geographic scale that is biologically
relevant for the study organism. This is especially important
for analyses that require direct input of landscape features. For
example, an organism with a low dispersal ability will need a
higher resolution landscape map than an organism with high
dispersal ability. For example, Penone et al. (2013) found that the
strength of the relationship between urbanization and variables
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such as species richness of Orthoptera became more negative
with increasing scale, suggesting that at a fine scale the measure
of species richness would have been significantly higher than
that at a broader scale.

A common analysis when exploring spatial genetic structure of
a population is to use a Mantel test to examine isolation by dis-
tance (IBD, Mantel 1967). A Mantel test evaluates the correlation
between two distance matrices and is commonly used in urban
population genetics to assess the relationship between genetic
and geographic distances, including the strength and direction
of these relationships. For example, Mueller et al. (2018) used a
Mantel test to demonstrate that urban burrowing owls (Athene
cunicularia) in Argentina showed signs of genetic isolation by
distance over a relatively small geographic area, which includes
two cities only 250 km apart. Similar to Mantel tests, Mantel cor-
relograms can also be used to assess genetic isolation by distance;
however, a Mantel correlogram divides the pairs of locations
into distance classes and then performs a Mantel test on each
distance class. This can provide more detail of how the relation-
ship between geographic and genetic distances changes across
spatial scales. For instance, Homola et al. (2019) used Mantel
correlograms, which quantify relationships across various dis-
tance classes, to show that isolation by distance relationships
were strongest at shorter distance classes for urban wood frogs
(Lithobates sylvaticus) and spotted salamanders (Ambystoma
maculatum) in Maine, USA. Such analysis may also assess resis-
tance scenarios, where dispersal potential and rate may differ by
landscape type (e.g., canopy cover) (McRae 2006). Both Mantel
tests (Sokal and Rohlf 1995) and Mantel correlograms (Oden
and Sokal 1986; Sokal 1986) can be run in the R packages vegan
(Dixon 2003), ecodist (Goslee and Urban 2007) or ade4 (Dray
and Dufour 2007; Bougeard and Dray 2018; Chessel et al. 2004;
Dray et al. 2007; Thioulouse et al. 2018), making them easily
accessible to researchers conducting a first pass to understand
the spatial genetic relationship in their data.

When investigating fine-scale spatial genetic patterns, ap-
proaches that minimize variation within a cluster and maxi-
mize variation between clusters can be useful. Jombart (2008)
developed the R package adegenet which, among many other
functions, allows users to run a discriminant analysis of prin-
cipal components (DAPC) and spatial analysis of principal
components (SPCA). Discriminant analysis of principal com-
ponents first transforms the data using a principal component
analysis before performing a discriminant analysis to ensure
that the variables submitted to the discriminant analysis are
uncorrelated. Although not explicitly a spatial analysis, DAPC
requires users to assign genetic clusters a priori, which are typi-
cally based on the geographic origin of the sampled individuals.
For example, DeCandia et al. (2019) used DAPC to investigate
patterns of urban colonization by red foxes (Vulpes vulpes) in
Zurich, Switzerland, and identified five distinct genetic clus-
ters. Richardson et al. (2017) used sPCA to detect a sharp ge-
netic break in urban populations of brown rats living in three
different valleys of the Pau da Lima neighborhood, Salvador,
Brazil. Jombart (2012) and Jombart and Collins (2015) have de-
veloped excellent tutorials to help run these analyses on both
microsatellite and SNP data; however, large SNP datasets (e.g.,
>>10,000 SNPs) may need to be reduced to allow this package
to run.

Another option for detecting fine-scale spatial genetic patterns is
to use a multivariate regression and Moran's Eigenvector Maps
(MEM, Dray et al. 2006), like that employed in the R package
MEMGENE (Galpern et al. 2014). MEMGENE will detect signif-
icant spatial patterns in genetic variation (estimated from either
SNPs or microsatellites) that are statistically independent from
each other and output these as MEMGENE variables that can
then be visualized. For example, Combs et al. (2018) utilized
MEMGENE to recover fine scale differences in brown rat spa-
tial structure associated with roadways in Salvador, Brazil and
Vancouver, Canada. The MEMGENE package also comes with
an excellent tutorial to help users who are less familiar with an-
alyzing these types of data (Galpern and Peres-Neto 2014).

Fine-scale spatial genetic patterns can be influenced by the
spatial heterogeneity between populations. Circuitscape can
be a valuable tool that uses microsatellites or SNP data as
input to test hypotheses of isolation by resistance (McRae and
Beier 2007). Circuitscape uses electrical circuit theory to model
gene flow across the landscape by converting the landscape into
high resistance landscape features and low resistance landscape
features. For example, an urban stream salamander is expected
to have difficulty crossing a paved road, therefore this landscape
feature would get a high resistance value. A low resistance value
would be assigned to streambeds, which are expected to be easy
for a stream salamander to move through. With those caveats in
mind, Circuitscape can still be a powerful tool to identify costs as-
sociated with moving across the urban landscape. Additionally,
for Circuitscape results of genetic connectivity to be useful, users
must have large computing power (at minimum, Linux/Ubuntu
server with Intel 4144 CPU, 2.20GHz Clock speed, 20 cores, and
384 GB of RAM; www.github.com/Circuitescape) and highly ac-
curate knowledge of how an organism interacts with different
landscape features to inform parameter value input. For exam-
ple, Braaker et al. (2017) used GPS tracking information from 40
European hedgehogs (Erinaceus europaeus) to assign resistance
values to landscape features (e.g., lawn, footpath, forest, marsh,
highway, etc.) in Zurich, Switzerland. They then used these re-
sistance values to test the genetic connectivity of 147 hedgehogs,
fitting models that allowed for multiple pathways that outper-
formed least-cost pathways. However, the authors note that
even given their robust datasets, GPS tracking of daily hedgehog
movement and measures of gene flow, were best predicted by
two different models (Braaker et al. 2017). ResistanceGA, an R
package, is another valuable tool for assessing how genes move
through the environment (Peterman 2018). This technique in-
corporates Circuitscape and least-cost-path models to estimate
connectivity between samples; however, similar to Circuitscape,
high computing power is needed and the choice of which envi-
ronmental layers to include influences the results and can lead
to incorrect assumptions by the model (Winiarski et al. 2020).
Moreover, Daniel et al. (2025) suggested that sampling design
impacts the optimization of isolation by resistance models, posit-
ing that further validation of true resistance values are required.

If there is little or no knowledge of landscape resistance,
Estimated Effective Migration Surfaces (EEMS) or Fast Estimated
Effective Migration Surfaces (FEEMS) can be useful for visual-
izing spatial patterns of genetic variation (Petkova et al. 2016;
Marcus et al. 2021). Both programs use spatial models that
allow migration rates to vary across the geography and produce
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FIGURE2 | Example of non-adaptive genetic variation data across two sampled populations. Here, we have simulated two populations that have
diverged with equal rates of migration between them and 1000 variant sites (SNPs). (A) Simulated geographic location of each individual colored by
population. (B) Principal component analysis with samples colored by location and ellipses representing 95% confidence of group assignment. (C)
Genotype composition plot demonstrating how likely individuals are to be assigned to each colored population. (D) Visual representation of a Mantel
test with blue and orange points representing within population comparisons, and gray points representing between population comparisons (i.e., be-
tween the blue and orange populations). The regression line shows the trend of increased geographic distance leading to increased genetic distance.
(E) Mantel correlogram describing spatial autocorrelation, specifically showing correlations changes over geographic distance classes. Black points
are statistically significant (p <0.05), white points are non-significant. (F) Discriminant analysis of principal components (DAPC) demonstrating
clustering and separation of populations along the discriminant functions colored by sampling location. (G) Spatial principal component analysis
with color representing the individual's SPCA score on the PC1, PC2, and PC3—colored red, green, and blue, respectively. (H) Moran's eigenvector
maps demonstrating group assignment by color. Small white dots and small black dots are the most genetically similar, and large black dots and large
white dots are the most genetically dissimilar.

based solely on landscape features. While these programs are
extremely similar, EEMS requires more computational time and
processing power. Fast Estimated Effective Migration Surfaces is
slightly less accurate but reduces computational complexity by

heat maps showing areas where gene flow is higher than ex-
pected and lower than expected, with isolation by distance as
the null model. Unlike Circuitscape, these programs can iden-
tify geographic barriers to gene flow that may not be obvious
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avoiding full-scale modeling, thereby decreasing computational
time and processing power (Marcus et al. 2021). Although both
programs can be used to assess spatial patterns using microsat-
ellites or SNPs, knowledge of computer programming languages
(e.g., Python, C++, Unix/Linux) is necessary to install and run
EEMS or FEEMS.

3.5 | Common Pitfalls When Studying
Non-Adaptive Genetic Variation

It is important for researchers to remember that population
genetic analysis tools are models and may not reflect the true
history of the population. All data analysis programs have as-
sumptions, and understanding the biological relevance of the
resulting model is essential. For example, genetic clustering
programs such as STRUCTURE and ADMIXTURE are highly
sensitive to isolation by distance and may find multiple genetic
clusters when only a single, non-panmictic genetic population
exists across a large area (Meirmans 2012). Using a Mantel
test when first exploring the data is one way to test explicitly
for isolation by distance, and can be highly informative when
considering the importance of a particular finding and inform-
ing hierarchical analyses. STRUCTURE analysis is also influ-
enced by the presence of closely related individuals, resulting
in inflated K-values (where K is the number of genetic clusters
explained by the data); each potentially representing familial
clusters (Lawson et al. 2018). Similarly, DAPC is susceptible to
a priori assumptions of populations because it specifically min-
imizes variation among individuals of the same group while
maximizing variation between groups (Miller et al. 2020).
Running multiple types of analysis is essential to gain a better
understanding of the population genetic structure while consid-
ering the biology of an organism as this allows us to interpret
results within our broader understanding of the natural world.

3.6 | Simulated Example of Non-Adaptive
Variation

To demonstrate the analyses of non-adaptive variation de-
scribed above, we simulated 1000 SNPs for 20 individuals
across two populations (10 individuals per population) using
the Hudson (2002) ms program. Additionally, we simulated
geographic data and assigned each individual a location based
on their population (Figure 2A). We then conducted a PCA
(Figure 2B), genotype composition plot (Figure 2C), Mantel
test (Figure 2D), Mantel correlogram (Figure 2E), DAPC
(Figure 2F), sPCA (Figure 2G), and Moran's eigenvector maps
(Figure 2H) to display the visualizations produced by each of
these analyses. The code for the simulation and analyses can
be found in supplement material.

4 | Studying Adaptive Genetic Variation in Urban
Wildlife

Similar to the above section on non-adaptive evolution, below
we provide a common list of analysis techniques for exploring
data. Here we note that this is not a comprehensive list of all pos-
sible analyses, and in fact is rather scarce due to the limitations

of identifying adaptive genomic variation in non-model urban
organisms. We emphasize that studies of genetic signatures of
adaptations require either gene regions that have been previ-
ously well documented or well-annotated reference genomes.

4.1 | Role of Adaptive Variation in Wildlife

As we aim to sustain urban organisms, uncovering the genetic ar-
chitecture of the urban phenotypes will allow us to better manage
urban organisms (Winchell et al. 2022). In particular, it is import-
ant to determine what parts of the genome are under selection, the
direction of the selection, and how quickly this section is occurring
(Hendry et al. 2008). However, much of the current research on
the genetic basis of adaptation has focused on model organisms,
with few urban species having fully annotated genome sequences
available. High throughput genome sequencing has reduced se-
quencing costs and allowed researchers working with non-model
organisms access to data once only available to well-funded lab-
oratories. Additionally, recent reviews have identified genes that
may be under selection in urban organisms, allowing researchers
with smaller budgets to tackle questions regarding adaptation by
sequencing only the genes referenced instead of whole genomes
(see Kreling et al. 2025 and Mueller et al. 2013 as examples). By
leveraging these advances in genome sequencing and identifying
key genes under selection, researchers are now better equipped to
investigate urban adaptation in wildlife.

4.2 | Identifying Adaptive Genetic Variation

Adaptive genetic variation can come in many forms including
gene duplications (mutations that result in the copying of a seg-
ment of DNA), indels (genetic mutation involving the insertion
or deletion of one or more nucleotides in a DNA sequence), and
SNPs. One long standing method of identifying adaptive varia-
tion is to find SNPs in functional regions of known genes, also
known as a candidate gene approach. For example, in the in-
door urban pest the common bed bug (Cimex lectularius), there
are three known SNP variants that confer resistance to insec-
ticides that target the voltage gated sodium channel gene that
are found at varying frequencies in the USA and Europe (Balvin
and Booth 2018; Lewis et al. 2023; Booth 2024). Insecticides fre-
quently used in urban areas will have a strong selective pres-
sure on insect pests and have been developed to target specific
gene pathways (Zhu et al. 2016). Because of this target pathway
approach, researchers have been able to identify SNPs in these
known genes that are adaptive in dealing with pesticide applica-
tion (ffrench-Constant et al. 2004). However, this adaptive SNP
identification is not always feasible with non-model organisms
or non-pests. Specifically, a known gene with a known variant
must be previously sequenced or an annotated reference genome
must be available. Adaptive genetic variation can only be identi-
fied in known gene coding regions of the genome.

Researchers can perform an Fg; outlier test between urban
and non-urban sampled populations on genome-wide SNPs
which identifies F¢; values that are either higher or lower than
expected (Beaumont and Nichols 1997). If an annotated ge-
nome—or one from a closely related species—is available, re-
searchers can examine the region containing the outlier SNP
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to determine whether it falls within a genic region. When per-
forming an outlier Fg, test on reduced representation genome
sequence, by virtue of being reduced representation, the likeli-
hood of finding relevant genes is low (Rellstab et al. 2015; Lowry
et al. 2017). However, when whole-genome sequences are avail-
able alongside a well-annotated reference genome (i.e., coding
regions identified and gene products identified), researchers
studying urban wildlife are more likely to detect genomic sig-
natures of urban adaptation than using reduced representation
or single gene sequencing approaches. For example, using whole
genome sequences of brown rats in New York City researchers
found multiple genes associated with rodenticide resistance
under strong selection (Harpak et al. 2021). There are several
programs available for performing Fg, outlier tests including R
packages and command line programs (reviewed in Narum and
Hess 2011).

Genome-wide association studies (GWAS) identify loci under
selection based on linkage disequilibrium that underlie pheno-
typic or environmental variation (guide available through https://
github.com/MareesAT/GWA _tutorial/). These studies typically
require sequencing the full genome, or many highly variable mi-
crosatellite markers, of many individuals (>50 per phenotype/
environment), with an annotated genome available (e.g., plink2;
Chang et al. 2015). Additionally, some computational knowledge
is needed as many of the programs are GNU/Linux-based and
some of the statistics are performed in R. Fisher's exact test is then
used to test if there is enrichment for specific gene regions (Gaudet
et al. 2017). For programs such as PLINK 2, it is recommended
that populations are divergent, using top principal components as
covariates, with highly related individuals removed, and the rare
variants removed (Chang et al. 2015). Additional programs such
as SNPTEST (Marchini et al. 2007) and GenABEL (Aulchenko
et al. 2007) also analyze genome-wide SNPs in a GWAS approach,
but have yet to be implemented in urban adaptation studies. In
GWAS studies, the functions of well-annotated reference genes are
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known, thus researchers can then categorize these gene functions
into groups and infer which urban factors (e.g., urban heat island,
pollution, etc.) are influencing positive and purifying selection on
these genes (Gaudet et al. 2017). For example, Mueller et al. (2020)
sequenced 213 burrowing owls (Athene cunicularia) across three
urban-rural population pairs. While they did not find single ge-
nomic sites under selection, they did find that gene sets associated
with neurons and synapses were significantly enriched; given that
urbanization is recent in this area, these findings suggest that se-
lection has been acting on standing variation across these popula-
tions (Mueller et al. 2020).

Selective sweeps, where a beneficial mutation increases in fre-
quency and becomes fixed, causes a reduction in genetic diversity
in the surrounding genomic location (Stephan 2019). Identifying
these positive selective sweeps requires a haplotype-resolved
annotated reference genome, often with a recombination map,
and whole genome sequencing of samples that can be haplotype
phased. This approach, similar to GWAS, requires population
sampling to be done in pairs rather than along a transect as they
test the “ancestral” alleles (e.g., non-urban) against the derived
allele (e.g., urban). Then programs such as selscan (Szpiech and
Hernandez 2014), which are computationally extensive and re-
quire knowledge of bash script, can be used to estimate haplotype
statistics (e.g., XP-nSL, EHH, iHH12; Szpiech and Hernandez 2014;
Sabeti et al. 2002; Voight et al. 2006) that detect selective sweeps
in urban vs. non-urban populations. For example, Santangelo
et al. (2025), identified positive selection, but incomplete selective
sweeps, between urban and rural populations of white clover,
Trifolium repens, in Toronto, Ontario, Canada. Studies like these
can better inform the interplay between the strength of selection
and gene flow as previous studies on a single gene of interest, cya-
nide production (HCN), showed strong divergence between urban
and non-urban populations in Toronto (Thompson et al. 2016;
Santangelo et al. 2022), suggesting that urbanization may act as a
very strong selective force for white clover.
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Example of adaptive genetic variation data across two sampled populations. Here, we use publicly available data (Xuereb et al. 2018)

of Californian sea cucumber with 3699 SNPs. (A) SNP outlier detection which uses principal components to identify outliers among all sampled
populations. In this image, all SNPs shown are outliers, and which SNPs are significant can be chosen by the researcher based on their preferred

p-value. (B) Fg; outlier detection using pairwise Fy; between two populations, this plot is similar to GWAS plots except F, outlier detection uses a

priori population identification vs. GWAS uses phenotypic differences. Here, the purple circles represent the outlier SNPs that may be under selec-

tion. Researchers may benefit from using both analyses to determine which loci are consistently significant and thus most likely under selection.
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4.3 | Common Pitfalls When Studying Adaptive
Genetic Variation

The use of large SNP datasets may provide insightful informa-
tion about the genetic composition of populations; however, by
the very nature of being a large dataset (e.g., millions of variant
sites), many statistical analyses may be significant (e.g., p<0.001)
but not necessarily biologically relevant (Sham and Purcell 2014;
Kaler and Purcell 2019). For example, it is not uncommon in
GWAS studies and Fy, outlier studies to find that a statistically
significant SNP is found in a coding region of an uncharacterized
gene product, especially in the era of newly published reference
genomes (Rocha et al. 2023). Additionally, both F, outliers and
GWAS studies test for directional selection (e.g., strong purify-
ing selection) but cannot detect weak purifying selection which
may be at play in urban environments. Directional/purifying
selection relies on the outlier tests mentioned above. Balancing
selection, on the other hand, is a result of selection favoring het-
erozygotes (Freeland 2005). As such, it is difficult to discern in
the genome if the heterozygosity is due to balancing selection,
standing variation with no/weak selection, or recent bottlenecks
(Freeland 2005). Only recently have methods been generated and
become available that are able to detect balancing selection and
thus new research should also incorporate these (reviewed in
Bitarello et al. 2023; Soni and Jensen 2024).

4.4 | Case Study of Adaptive Variation

To demonstrate the adaptive variation analyses described above,
we used publicly available data from Xuereb et al. (2018) and the
Marine Genomics 2021 online course material available on github
(https://baylab.github.io/MarineGenomics/). The authors col-
lected samples of Californian sea cucumber (Parastichopus cali-
fornicus) from northern and southern regions of the northeastern
Pacific Ocean and generated RADseq SNP data that yielded 3699
total SNPs. To identify potential adaptive loci, we conducted
two types of SNP outlier detection analyses, one through PCA
(Figure 3A) and one through Fg; (Figure 3B). The code for these
analyses can be found in online supplement material.

5 | Improving Connections Between Population
Genomics and Informing Management Actions

While we recognize that there may be gaps in understanding
how genetics applies to urban ecology, we appreciate the grow-
ing interest among urban ecologists in utilizing genomics tools.
We believe that with further collaboration these tools can be ap-
plied effectively in the field allowing for conservation and pres-
ervation of urban organisms, while developing cities that benefit
humans and nature.

5.1 | Identifying Population Units

In managing populations, both pests and conservation, identifying
population units is a key concern. As noted above, urban biologists
can test whether their a priori defined populations are the same as
a posteriori identified populations by examining patterns of pop-
ulation structure and connectivity using PCA and STRUCTURE/

ADMIXTURE analyses. For example, streamside salamanders
(Ambystoma barbouri) in urban areas across Tennessee, USA, form
three clusters in both STRUCTURE and phylogenetic analyses, but
were collected from 13 localities (Hubbs et al. 2022). Surprisingly,
individuals from one of the localities clustered with individuals
sampled further than individuals in a separate but geographically
closer cluster. When identifying population units through genetic
analyses, it is important to use multiple biologically relevant lines
of evidence. Thus, population structure can be applied to identify
management units, assess genetic diversity, and aid in manage-
ment or recovery plans. In practice, these units can delineate the
spatial scope of management and recovery plans, inform corridor
and zoning overlays in comprehensive planning, and set the geo-
graphic basis for environmental review and mitigation.

5.2 | Genetic Monitoring

Conventional monitoring techniques in urban wildlife can be
particularly difficult when relying upon observation records,
reports of road-killed animals, and/or camera traps (which are
prone to theft or destruction) (Meek et al. 2012). Recently, the
use of invertebrate-derived DNA (iDNA) and environmental
DNA (eDNA) have become tools to detect biodiversity in urban
areas (Kelly et al. 2016; Hoffmann et al. 2018). Some caveats to
this method are that it relies on metabarcoding techniques, a
technique in which the specific mitochondrial gene cytochrome
oxidase 1 (CO1 also written as COX1 or COI) is amplified for
animals. Metabarcoding can identify the potential presence of
urban wildlife, but is limited to the availability of species spe-
cific metabarcodes and can be swamped by DNA from domes-
tic animals (e.g., feral cats) living in urban areas (Hoffmann
et al. 2018). Moreover, while this technique is useful for detecting
the presence or absence of species, the DNA that is typically se-
quenced is highly conserved and therefore offer limited value for
population-level genetic analyses (Adams et al. 2019). To date,
the use of eDNA to conduct population genetic studies has only
been successful when significant resources have been invested
in developing species-specific sequencing techniques (Sigsgaard
et al. 2016; Parsons et al. 2018).

Genetic monitoring also includes tracking levels of genetic diver-
sity and identifying hybridization events within populations. As
mentioned above, there are many ways to estimate genetic diver-
sity from non-invasively obtained (e.g., iDNA, eDNA) and less
expensive genetic markers. If researchers take samples at multi-
ple timepoints, they can track whether populations are gaining,
maintaining, or losing genetic variation and adjust management
strategies as needed. Additionally, if there is concern that hy-
bridization events may be occurring, population genetic tools
are available to assess this. For example, using a RADseq ap-
proach, Grabenstein et al. (2023) found that human disturbed
habitats promoted hybridization between black-capped (Poecile
atricapillus) and mountain chickadees (Poecile gambeli). They
identified hybrids through STRUCTURE analysis (noted above)
and from calculating the hybrid index in the R package gghy-
brid (Grabenstein and Taylor 2018). As hybridization becomes
increasingly common in urbanized and anthropogenically dis-
turbed habitats (Grabenstein and Taylor 2018), researchers may
benefit from the identification and management of these hybrid-
ization events. Hybrid indices can serve as compliance metrics
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in translocation permits and trigger containment or barrier
modifications when thresholds are exceeded.

5.3 | Managing Genetic Variants

Managing specific genetic variants can be part of urban conserva-
tion efforts as well as pest management. Identification of pesticide
resistance-associated mutations and population structure can aid
in management decisions (Booth 2024). For example, many bed
bug populations within the U.S. have been found to have mutations
that confer resistance to pyrethroid insecticides (Lewis et al. 2023),
however, within these same samples populations, mutations that
confer resistance to phenylpyrazoles and cyclodienes are less com-
mon (Block et al. 2025); thus, genetic screening of problematic
populations may assist managers in finding alternative insecticides
that more effectively control infestations. Municipal integrated pest
management (IPM) policies can codify rotation schemes based on
local allele frequencies and set procurement standards that avoid
chemistries with high resistance prevalence. Additionally popula-
tion structure in pests, may elucidate cryptic movement between
populations that managers might otherwise be unaware of (Booth
et al. 2012; Combs et al. 2019; Fan et al. 2022). In conservation
efforts, managers may want to eliminate maladaptive genetic
variants that may cause populations to crash or find adaptive
variants that allow them to persist (Stockwell et al. 2003; Derry
et al. 2019). For example, researchers characterized the genome of
the maritime pine (Pinus pinaster) and found the alleles correlated
with survival in hot, arid regions (Jaramillo-Correa et al. 2015).
Jaramillo-Correa et al. (2015) then used these candidate SNPs to
predict forest density under different climate change scenarios.
This allowed forest managers to decide if they wanted to increase
local generic variation by introducing individuals from other cli-
mates or remove individuals that lack the desired genes for future
climate predictions (Derry et al. 2019).

5.4 | Assisted Gene Flow

Many urban populations suffer from intense habitat fragmen-
tation, limiting their dispersal ability and potentially leading
to genetic drift and inbreeding depression. One way to coun-
teract this is via assisted gene flow, also known as genetic res-
cue, in which individuals from one geographic population are
translocated to a different geographic population. For example,
after studying the population genetics of the endangered San
Francisco garter snake (Thamnophis sirtalis tetrataenia) found
in two of California’s most densely populated counties, Wood
et al. (2020) recommended that one southern population could
benefit from translocating individuals from a northern popula-
tion. Importantly, Wood et al. (2020) note that it is critical to con-
tinue to genetically monitor the population after translocation to
ensure there is no outbreeding depression or loss of local adapta-
tion as well as observe any fitness differences such as population
growth. Meanwhile, de Groot et al. (2016) found that European
pine martens (Martes martes), which show spatial genetic struc-
turing across Europe, have low levels of genetic divergence in
the Netherlands, indicating that dispersal is occurring across one
or more major urban areas including highways. The differences
in the outcomes of these two studies emphasize the necessity of
population genetic studies before translocation events.

5.5 | ExSitu Management

When urban wildlife populations decline due to total loss of
habitat or exposure to environmental stressors (e.g., hunting,
toxins, heat island effects, artificial light at night) captive
breeding programs may be the only option until the threat is
remediated. These programs can be highly successful if genetic
monitoring is included when both removing individuals from
the wild and releasing captive-bred individuals back into the
wild (Willoughby et al. 2017). Program authorization should
require post-release genomic assessment, with action thresh-
olds linked to adaptive program changes. For example, the use
of dichlorodiphenyltrichloroethane (DDT), an insecticide that
had worldwide use during the 1950s and 1960s, led to wide-
spread decline of many raptors, including peregrine falcons
(Falco peregrinus) due to its accumulation in the food chain,
resulting in egg-shell thinning and widespread reproductive
failures for the raptors. In the Midwestern USA, peregrine fal-
cons were considered extirpated by 1964. However, since 1972,
following the ban on the use of DDT in the USA, the captive
breeding and reintroduction of these birds has led to robust
urban populations throughout this region, even exceeding pre-
DDT population levels. Genetic analyses of the relationship
among 350 peregrine falcons sampled across nine Midwestern
USA cities found both high mate and nest-site fidelity, female-
biased natal dispersal, and relatively high gene diversity, sug-
gesting that the urban populations are behaving in a similar
fashion to the non-urban populations (Caballero et al. 2016).
Thus, urbanization does not appear to be negatively impacting
the behavior and ecology of the species, despite its initial extir-
pation due to anthropogenic factors. This highlights the need
to reassess urban populations after captive breeding or other
ex situ management.

5.6 | Museum Specimens as Historic Reference

There has been an increasing interest in using museum specimens
to identify phenotypic and genetic changes that have occurred in
organisms between the past and current urban environments
(Schultz et al. 2021; Card et al. 2021; Winchell et al. 2022). Due
to DNA degradation, the optimal approach is to sequence whole
genomes at high depth using an annotated reference genome
for alignment (Axelsson et al. 2008). However, with limited re-
sources to generate sequence data, other options exist, including
target sequence capture (e.g., Bi et al. 2019), mitochondrial DNA
sequencing (e.g., Richmond et al. 2017), and low coverage whole
genome sequencing. These various sequencing methods can
identify historic vs. contemporary population structure and sig-
natures of adaptive selection. These tools, however, are limited by
the availability of museum specimens and the quality of preser-
vation that allows for sequencing (Schultz et al. 2021). However,
where baseline data can be generated, these could be used to set
quantitative restoration and offset targets that can be re-assessed
periodically during planning updates.

5.7 | Incorporating Human Society

We encourage those who are working on the biology of urban
wildlife to strongly consider how humans have shaped cities in
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the past and will continue to shape them in the future (Carlen
et al. 2025). Researchers and managers should have a deep under-
standing of the social injustices that have influenced green space
distribution, park management, roadway/highway placement,
and resource access, as these policies directly structure the pop-
ulation genetics of urban organisms. For example, Schmidt and
Garroway (2022) found that genetic diversity and habitat connec-
tivity are lower in majority-minority neighborhoods in the United
States. Importantly, genomic patterns observed in one city are
often not directly applicable to the same species in another. Miles
et al. (2018) observed lower genetic diversity of Western black
widow spiders in Albuquerque, USA compared to Las Vegas, USA
or Phoenix, USA, likely due to the higher degree of tourism in Las
Vegas and Phoenix. Similarly, Combs et al. (2018) demonstrated
that genetic clustering of brown rats varied with city design, in-
cluding the influence of major waterways in New Orleans, USA
and roadway networks in Salvador, Brazil. These studies high-
light how unique social histories and urban forms structure wild-
life connectivity, adaptation, and diversity. Accordingly, genomic
priorities should be paired with equity-centered planning, direct-
ing investment (e.g., corridor development or habitat restoration)
to neighborhoods with the lowest connectivity and genomic di-
versity, aligning with biodiversity outcomes with broader envi-
ronmental goals.

6 | Conclusions and Future Prospects

We have mentioned a number of spatial modeling tools for
urban wildlife biologists, but many of these tools currently have
limitations with regards to the total number of SNPs that can be
analyzed. In this new era of big data, there is a growing need for
landscape genomics to disentangle historical vs. contemporary
spatial and genomic interactions (Bradburd and Ralph 2019).
The use of museum specimens and whole genome sequencing
is an exciting new venue to look at genetic variation that may
have been lost in recent demographic events (Raxworthy and
Smith 2021). Compared to Sanger-sequencing techniques, ad-
vances in next generation sequencing have generated more ac-
curate, faster, and less expensive sequencing (Satam et al. 2023)
that make these urban population genetic studies attainable to
broader groups of researchers.

New methods for big data are constantly being developed and it
is important to keep up with advances in DNA sequencing and
bioinformatic technology. In fact, as more data are generated,
additional specialized expertise is required to manage and in-
terpret them. For example, whole genome sequencing requires
large computing power and knowledge of command line lan-
guage. The biological significance of data requires knowledge of
the organism and the environment that it dwells in. By strength-
ening interdisciplinary collaborations, we can overcome the
challenges of methodological complexity and foster innovative
solutions for urban conservation and management.
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