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Genome-wide association studies (GWAS) have advanced our
understanding of trait variation, yet persistent challenges limit
their effectiveness in mapping adaptive traits. Population
structure, allelic heterogeneity, trait complexity, and structural
variation obscure true causal relationships. However, these
factors can often be addressed through strategic simplification.
Here, we review factors limiting GWAS success in natural
populations and show that reducing complexity improves
mapping outcomes. We examine how local population
mapping, trait decomposition into endophenotypes, and
incorporation of structural variation enable the identification of
adaptive loci. Using Arabidopsis thaliana as a model system, we
demonstrate how these approaches reveal functionally
validated variants missed by traditional studies. Finally, we
discuss integration strategies and emerging technologies that
will advance our understanding of the genetics of adaptation.
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Introduction

A central goal of biology is to understand how genomes
encode adaptive traits. Identifying the specific genetic var-
iants underlying adaptive evolution enables reconstruction
of the temporal and geographic history of adaptation, illu-
minates fundamental evolutionary mechanisms, and pro-
vides the molecular foundation for addressing grand
challenges in agriculture, conservation, and human health.
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Potential to gain new biological insights from natural
populations

Studies of natural variation in wild populations offer
unique advantages that complement traditional labora-
tory approaches. Natural populations represent evolu-
tionary experiments conducted across space and time,
where new variants arose and were tested for function by
natural selection. This contrasts with laboratory mutant
screens, which typically examine loss-of-function alleles
under controlled conditions that may not reflect the se-
lective pressures that shaped natural variation.

Natural variation studies are particularly powerful in
model organisms where extensive genomic resources
and functional tools enable connections across biological
scales — from molecular mechanisms to ecological con-
sequences (Figure 1). These systems provide a bridge
between reductionist molecular biology and evolu-
tionary ecology, enabling researchers to trace causal
pathways from DNA sequence variation through gene
function, physiological processes, and organismal traits
to fitness consequences in natural environments.

Furthermore, natural populations contain the complex
multigenic variation that underlies most adaptive traits.
While laboratory screens excel at identifying individual
gene functions, they cannot easily capture the polygenic
architectures, epistatic interactions, and environmental
dependencies that characterize adaptation in nature.

Genome-wide association studies: promise and
challenges for mapping adaptive trait variation
Genome-wide association studies (GWAS) represent the
most widely used trait mapping approach. GWAS tests
genetic variants across entire genomes to identify those
that are statistically associated with traits of interest.
This approach successfully identified trait-associated
loci in diverse systems, from human populations to
agricultural varieties and wild species [1].

However, the power of GWAS to pinpoint causal var-
iants varies dramatically depending on a trait’s evolu-
tionary context. While GWAS has achieved remarkable
success in human genetics and natural and agricultural
systems, much observed trait variation is not explained
by identified variants [2,3] due to population structure
confounding, unassayed genetic variation, and trait
complexity.
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Reducing complexity to improve trait mapping Yarkhunova-Kreye and Hancock 3

Strategic approaches for improving trait mapping in natural populations. (a) Reducing population heterogeneity. Shifting from species-wide to local
population mapping reduces confounding from demographic history and population structure. This simplification decreases allelic heterogeneity while
maintaining power to detect variants under local selection that would be diluted or masked in global samples. (b) Decomposing complex traits.
Breaking organismal phenotypes into component processes across biological scales simplifies genetic architecture. Molecular and physiological
endophenotypes show higher heritability and fewer contributing loci than integrated organismal traits, increasing detection power while revealing
mechanistic pathways. (c) Expanding variant detection beyond SNPs. Standard approaches miss structural variants that may be causal.
Comprehensive detection of insertions, deletions, inversions, and copy number changes through long-read sequencing and pangenome methods
captures variants that SNP arrays cannot assay, reducing missing heritability. (d) /mproved mapping outcomes. Combined simplification strategies
increase statistical power and biological interpretability. Reduced heterogeneity and noise enable detection of variants with clearer effect sizes and
more direct connections to underlying genes, transforming statistical associations into testable biological hypotheses.

This review focuses on trait mapping approaches for
characterizing the genetic architecture and mechanistic
basis of adaptation, with emphasis on GWAS. While
standard GWAS approaches often struggle with the
complexity of natural populations and traits, strategic
simplification can improve mapping success while pro-
viding deeper mechanistic insights. Reducing hetero-
geneity in populations and traits can simplify genetic
architectures and increase power to identify causal loci
(Figure 1a), enabling researchers to deconstruct complex
adaptive scenarios into manageable components that can
be mapped with high precision and used to reconstruct a
fuller picture by integrating findings across multiple
simplified studies. We discuss reasons adaptive traits
should be more amenable to genetic mapping than
complex diseases, which have been the focus of most
GWAS. Then, we explore the persistent challenges that
limit mapping success in natural populations and de-
scribe strategies for overcoming these issues. We de-
monstrate these approaches using Arabidopsis thaliana as
a model system (Box 1).

Why adaptive traits should be easier to map

Adaptive traits offer several theoretical advantages for
genetic mapping compared to complex diseases in hu-
mans. Most importantly, variants underlying adaptive
traits are expected to exist at intermediate to high fre-
quencies in populations where they provide fitness
benefits, as natural selection drives beneficial alleles
upward in frequency [4]. This creates the allelic contrast
needed for statistical detection and contrasts sharply with
deleterious disease variants, which are typically rare due
to purifying selection acting against them.

Additionally, when selection is strong and the optimal
phenotype differs substantially from the ancestral state,
adaptation may proceed through variants with large
phenotypic effects. Theory predicts that such major-ef-
fect mutations are more likely to contribute to rapid
adaptive evolution than many small-effect variants, par-
ticularly during the initial phases of adaptation to novel
environments [4].

Persistent challenges in natural populations
Despite these advantages, GWAS in natural populations
faces significant obstacles that can obscure true causal

relationships. Population structure remains a major issue,
as nonrandom mating creates correlations between ge-
netic variants and traits that may not reflect causation.
Even sophisticated methods to control for population
structure can be insufficient when causal variants are
associated with migration patterns or local adaptation [5].

Modern statistical methods, such as linear mixed-effects
models and principal component analysis, theoretically
control Type 1 error rates in association studies [6].
However, these approaches were originally developed for
constructed crosses with balanced experimental designs
[7]. In wunbalanced natural populations, population
structure can confound mapping in ways that statistical
corrections cannot fully resolve. When selective pres-
sures correlate with population structure, false positive
associations may persist despite correction [8,9]. These
limitations reflect fundamental properties of natural po-
pulations rather than methodological inadequacy, re-
sulting in reduced statistical power compared to
populations without structure.

Highly structured populations also increase potential for
allelic heterogeneity, where multiple alleles at a locus
impact trait variation across populations. Standard GWAS
may fail to detect loci where no single variant reaches
genome-wide significance despite the locus having a
large collective effect. Gene-level association methods
that aggregate signals across multiple variants at a locus
offer solutions to this challenge. These approaches, in-
cluding burden tests like the Sequence Kernel
Association Test (SKAT), test groups of variants jointly
rather than individually [10]. Haplotype-based ap-
proaches, including local-global mapping where variants
are grouped by genomic region, provide complementary
strategies when causal variants are in linkage dis-
equilibrium on shared haplotypes [11]. Similarly, genetic
heterogeneity, where different loci contribute to the
same trait in different populations, can dilute statistical
power when populations are analyzed together [12,13].

"T'rait complexity creates further obstacles. While specific
adaptive traits may often be less polygenic [4,14], growth
and fitness traits have been found to be highly polygenic
[15]. High polygenicity produces a challenge for GWAS;,
especially when sample sizes are limited.
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4 Evolutionary Genetics

Box 1 Arabidopsis thaliana as a model for trait mapping.

Arabidopsis thaliana provides an exemplary model system for implementing and testing approaches to trait mapping. The species combines the
population-level diversity needed for genetic mapping with the experimental tractability required for mechanistic validation.

Population diversity across geographic scales

A. thaliana’s global distribution spans five continents and encompasses extraordinary population genetic diversity
(Figure 2a). This variation provides opportunities for complexity reduction across multiple scales. Ancient refugial
populations in Morocco and the Mediterranean harbor high levels of segregating variation with deep coalescence
times, offering maximal genetic diversity for mapping. Admixed Eurasian populations contain intermediate
complexity, allowing researchers to test how population structure affects mapping success. Isolated populations in
the Cape Verde Islands represent simplified genetic backgrounds where adaptation to novel environments can
often be traced to specific genetic variants with large impacts on traits. Admixed Eurasian populations provide
intermediate complexity, allowing researchers to test how population structure affects mapping success. Fur-
thermore, plants are exposed to a range of stressors, which may vary across environments (Figure 2b).

Successful applications of local population mapping
Several recent studies demonstrate how focusing on local A. #aliana populations enables the detection of novel
adaptive variants and can lead to increased power to identify the underlying causal variants.

In Eurasian populations, flowering time represents one of the most intensively studied traits in A. #aliana due to its
ease of measurement and ecological significance. Recent work showed that mapping by sub-population within
diverse continental populations can help overcome issues related to allelic heterogeneity in these populations [46].
Soil adaptation studies reveal how local populations have evolved responses to specific edaphic conditions.
Mapping in a worldwide panel followed by a focus on coastal Spanish populations identified several alleles of the
sodium transporter HK77 that impact sodium transport [47]. Pathogen resistance mapping (I'igure 2b) provides
compelling evidence for population-specific adaptation. I.ocal populations exposed to specific pathogen strains
often harbor resistance alleles at intermediate frequencies that are rare globally [48]. Mapping in local contexts
identified novel resistance mechanisms that contribute to the species’ broad pathogen resistance spectrum but
would be missed in global studies, where such alleles fall below detection thresholds [25,49].

Within the A. #haliana species, the isolated Cape Verde Island populations offer a case where adaptation occurred
completely independently of mainland population dynamics. Reduced complexity in these mapping populations,
together with strong selection pressures, enabled several cases where trait mapping in these populations revealed
specific causal variants. In these populations, colonization of a more arid climate led to a drought escape strategy
involving faster growth and more open stomata via MPK12 [50,51], and earlier flowering [27,52]. Parallel reductions
in flowering time occurred via e novo loss-of-function mutations in FR/ on one island and FLC on another [27].

The volcanic Cape Verde Islands have divergent soil characteristics relative to the mainland [18]. Several studies
identified variants related to soil chemistry [18,53] (FFigure 2b), including rewiring Fe/Mn transport through a
truncation of the iron transporter /R77 and multiple tandem duplications of NRAMPI [18]. In another study that
examined associations with Mg accumulation in Europe and Cape Verde, the precise functional variant was only
clear in the Cape Verde population [53]. Such discrepancies may be due to a combination of more local mapping
and stronger selection for the more extreme environment of Cape Verde.

Trait decomposition and endophenotype mapping

A. thaliana’s status as a molecular model enables sophisticated trait decomposition that exemplifies strategic
simplification. Complex organismal phenotypes often consist of multiple underlying biological processes that can
be deconstructed into mappable components (Figure 1b).

Rather than mapping flowering time as a single trait, the underlying regulatory network can be represented by its
components: vernalization response (adaptation to winter cold), photoperiod sensitivity (daylength perception), and
autonomous pathway regulation (endogenous timing mechanisms). Each component shows distinct genetic ar-
chitecture and environmental responsiveness. Variants in vernalization genes (FR/, FLC) show large effects and
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Reducing complexity to improve trait mapping Yarkhunova-Kreye and Hancock 5

clear geographic patterns related to winter temperature, while photoperiod variants (CRYZ, PHYC) correlate with
latitude and growing season length [54].

Circadian clock decomposition reveals a similar modular architecture. Circadian parameters, including period and
phase, show moderate to high heritabilities and map to specific oscillator gene families, with core clock genes
exhibiting population-specific allelic variation that correlates with environmental gradients [55]. Morning and
evening loop components show differential effects on circadian parameters, with complex epistatic interactions
between ELF3, PRRY, and PRR7 regulating clock function and developmental responses to temperature [56].
High-throughput assays and mathematical modeling revealed that allelic diversity in circadian clock genes facil-
itates adaptation and range expansion [57].

Plant chemical defense provides another compelling example of trait decomposition (Figure Zb). Rather than
mapping herbivore resistance as a single trait, researchers deconstructed the glucosinolate network into component
processes: chain elongation (controlled by MAMI-MAM3 genes), core structure formation (CYP79F1/CYPS3AT), and
secondary modifications (AOP2/AOP3/GSL-OH)[58]. Combining association mapping with transcriptional network
analysis can uncover new regulatory genes, supporting the idea that chemical diversity is shaped by numerous loci
beyond the core biosynthetic genes [49,59]. Further, epistatic interactions between pathway components, which
are difficult to detect in organismal-level traits, may become apparent when component traits are mapped in-
dependently (e.g. [60]).

Molecular phenotype integration

A. thaliana’s exceptional molecular resources enable comprehensive integration of molecular and organismal
phenotypes. Expression QTL (eQTL) studies in this species have mapped the genetic basis of gene expression
variation across thousands of genes simultaneously [46,61,62]. In addition, metabolomic studies identified hun-
dreds of metabolite QTLs (mQTLs) that often colocalize with organismal trait QT'Ls, providing mechanistic links
between genetic variation and phenotypic outcomes [58]. Moreover, physiological trait mapping occupies an in-
termediate position between molecular and organismal phenotypes. Studies mapping photosynthetic parameters,
water use efficiency, and stress hormone responses have identified genetic variants with clear mechanistic inter-
pretations that would be obscured in more complex organismal traits [50,63].

Validation through functional studies

Identifying specific functional variants underlying adaptation is challenging in complex populations, even in the
highly tractable model A. #aliana. However, this validation capacity is crucial for distinguishing true causal variants
from spurious associations, a persistent challenge in natural population studies. Research in the isolated Cape
Verde Islands population has had particular success in identifying and validating new functional variants [18,53,64].
The ability to functionally validate mapping results in A. #aliana indicates that such approaches can be extended
to less tractable systems.

Finally, structural variation presents both technical and
analytical challenges that are often overlooked. GWAS
typically focuses on single-nucleotide polymorphisms
(SNPs), but insertions, deletions, inversions, and copy
number variants may be the actual causal variants
[16-19]. Even when structural variants are causal, they
may be poorly tagged by nearby SNPs, leading to re-
duced power or complete failure to detect true
causal loci.

The need for strategic simplification

The same complexity that makes natural populations fas-
cinating from an evolutionary perspective can be proble-
matic for genetic mapping. Population structure,
demographic history, and environmental heterogeneity
create statistical challenges that can obscure true causal

relationships between genotype and phenotype. Similarly,
the polygenic nature of most adaptive traits, combined with
epistatic interactions and environmental dependencies, can
dilute statistical power below detection thresholds.

Rather than viewing this complexity as an insurmountable
obstacle, we propose a focus on deconstructing traits to
their component parts. This approach requires strategic
choices about which aspects of complexity to reduce and
how to integrate simplified findings back into a compre-
hensive understanding. The goal is not to study only
simple systems indefinitely, but to use simplification as a
stepping stone toward understanding complexity. The
following sections outline specific strategies for im-
plementing this framework and demonstrate its potential
through concrete examples. Figure 1 illustrates how
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6 Evolutionary Genetics

systematic simplification at population (Figure la), trait
(Figure 1b), and technical levels (Figure 1c) improves
mapping outcomes (Figure 1d).

Reducing population-level complexity: geographic scale
and isolated populations

Human trait mapping traditionally focused on family-
based studies within populations, including extreme
cases of isolated populations [20,21]. With the advent of
GWAS,; a population-based framework has continued to
be the standard approach with the goal of limiting con-
founders that may be introduced from highly hetero-
geneous populations.

In contrast, the earliest GWAS in wild and domesticated
species tended to incorporate samples collected from
across the widest possible geographic and genetic range
in an attempt to maximize variation [22-24]. This may
be because practitioners were following the breeding
literature, where mapping populations tended to be
produced from crosses of divergent lines.

In both humans and natural populations, a focus on local
populations may be the best strategy for mapping com-
plex traits, including pathogen response traits [25,26].
Local populations typically share recent demographic
history, reducing the confounding effects of population
structure while maintaining sufficient genetic diversity
for mapping. This approach is powerful when the local
population has adapted to specific environmental con-
ditions, and may provide particular benefits in isolated
populations [27].

Statistical advantages of mapping in local and isolated
populations include reduced stratification, increased al-
lele frequency differences between adapted and non-
adapted individuals, and better model fit to GWAS
assumptions. Additionally, local mapping reduces allelic
heterogeneity by focusing on populations where fewer
alternative alleles at each locus contribute to trait varia-
tion, simplifying the genetic architecture and increasing
power to detect causal loci [12,13]. However, it should
be mentioned that when alleles segregate broadly across
the species range, mapping in a global sample has the
potential to provide the highest statistical power [25,26].

Biological advantages emerge when local selective
pressures have shaped trait variation in ways that differ
from species-wide patterns. Variants that are globally
rare but locally common, such as those involved in local
adaptation, become detectable in local GWAS but would
be missed in global studies.

Reducing trait-level complexity: biological scale and
endophenotypes

Complex organismal traits often result from the in-
tegration of multiple underlying biological processes,

each with distinct genetic architectures. Decomposing
complex traits into constituent ‘endophenotypes’, in-
termediate phenotypes closer to gene function, can
simplify genetic architecture and increase mapping
power (Figure 1b).

Molecular phenotypes such as gene expression levels
(eQTLs), protein abundances (pQTLs), and metabolite
concentrations (mQTLs) represent the most direct
readouts of genetic variation. These traits typically show
higher heritability and simpler genetic architecture than
organismal phenotypes, making them more amenable to
GWAS. Molecular QTLs can be mapped in the same
populations used for organismal trait mapping, enabling
direct tests of causal relationships [28,29].

Physiological and developmental phenotypes occupy an
intermediate position between molecular and organismal
traits. Rather than mapping ‘drought tolerance’ as a
single trait, researchers can map component phenotypes
such as stomatal density, leaf water content, root archi-
tecture, and stress hormone responses. Each component
trait may have a simpler genetic architecture while col-
lectively explaining the complex organismal response.
Furthermore, trait decomposition can reveal epistatic
interactions that are hidden in complex organismal
phenotypes, making these interactions more detectable
in simplified endophenotypes.

Context-specific mapping

Trait expression often varies across developmental
stages and environmental conditions, adding complexity
to genetic mapping. Strategic restriction of trait mea-
surement to specific contexts can reduce this complexity
while providing biological insights.

Developmental stage-specific mapping can identify
variants that act at particular life stages, potentially re-
vealing genetic switches that control developmental
transitions. Environment-specific mapping can distin-
guish genetic variants that provide general benefits from
those that are advantageous only under specific condi-
tions, illuminating the environmental contingency of
adaptation [30].

Integration across simplified systems

The ultimate goal is to build understanding that can be
integrated back into complex natural contexts. Layered
reconstruction involves systematically adding com-
plexity back into the system by combining findings
across layers of simplified studies.

For example, variants identified in local population
GWAS can be tested for their effects across the species
range, revealing geographic patterns of adaptation.
Molecular QTLs can be integrated with organismal traits
to trace causal pathways from genes to phenotypes to
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8 Evolutionary Genetics

(a) Geographic population structure influences mapping power and variant detection. The phylogenetic tree illustrates relationships among major
population groups with distinct demographic histories: North African refugial populations (ancient diversity, deep coalescence), Mediterranean
populations (intermediate diversity), Eurasian admixed populations (complex recent structure), and Cape Verde Island colonizers (recent founder
events, simplified genetics). Manhattan plots compare GWAS outcomes across population types. Admixed populations show multiple modest peaks
reflecting allelic heterogeneity where different variants at the same locus contribute to traits across subpopulations, diluting individual variant signals.
Cape Verde populations show sharper, higher peaks because reduced heterogeneity and strong directional selection concentrate effects on fewer
alleles, improving detection power. This contrast demonstrates how population complexity directly impacts mapping success. (b) Diverse
environmental stressors drive local adaptation across habitats. Plants encounter spatially and temporally variable selection pressures from biotic
stressors (pathogens, herbivores) and abiotic stressors (temperature extremes, altered precipitation, challenging soil chemistry). Colored circles
represent adaptive molecular response systems: metal homeostasis (Fe, Mn, Mg for nutrient balance in volcanic or serpentine soils), osmoregulatory
mechanisms (Na transport for coastal salt tolerance), and chemical defense networks (glucosinolates for herbivore and pathogen resistance). This
environmental heterogeneity creates the mosaic of local selective pressures that makes local population mapping effective — variants adaptive in one
context may be neutral or deleterious in others, producing the frequency differences that enable detection when mapping is geographically focused.

fitness. Environmental specificity can be assessed by
comparing mapping results across multiple environ-
mental conditions.

Alternatively, statistical integration of GWAS information
across related phenotypes approaches can be used to
integrate genotype to phenotype mapping at the system
level. Such approaches include conditional GWAS, which
can infer latent components from correlated measure-
ments while controlling for environmental and pleio-
tropic  effects, providing direct tests of causal
relationships through multivariate analyses [31,32] and
Mendelian randomization approaches [33,34].

This approach generates testable hypotheses about the
mechanisms underlying complex traits that can be vali-
dated through functional studies. It also provides a fra-
mework for predictive modeling that can forecast trait
values in novel genetic or environmental contexts.

Incorporating the full spectrum of variation

Standard GWAS focuses on SNPs, but structural variants
— insertions, deletions, inversions, and copy number
changes — may frequently be the actual causal variants
underlying adaptation. Approaches that systematically
include structural variation can dramatically improve
mapping success (Figure 1c).

Long-read sequencing enables direct detection and
genotyping of structural variants, though computational
challenges remain substantial [35]. Pangenome ap-
proaches that incorporate multiple reference genomes
can capture some structural variation missed by single-
reference alignments, but challenges remain for complex
genomic regions [36,37]. In the short-term, K-mer—based
approaches that avoid alignment altogether may prove
most effective for complex genomic regions [38]
(Figure 1d).

Conclusions and outlook

Rather than viewing complexity as an inherent chal-
lenge, we can systematically address it through strategic
simplification. This framework directly addresses per-
sistent challenges in natural population studies: local

population mapping reduces confounding from popula-
tion structure, trait decomposition simplifies genetic ar-
chitectures, and molecular phenotype integration builds
mechanistic understanding.

Strategic simplification provides new biological and
evolutionary insights. Reliable identification of adaptive
genes and variants enables understanding of trait con-
nections at the regulatory level, distinguishing modes of
adaptation, assessing the predictability of evolutionary
outcomes, and understanding constraints on adaptive
responses.

Recent developments enhance our ability to identify
adaptive variants. Phenomics platforms can measure
hundreds of traits simultaneously, making comprehen-
sive trait decomposition practical. Multi-omics integra-
tion provides unprecedented pathway resolution, while
single-cell and spatial technologies reveal cellular-level
variant effects. Machine learning approaches can im-
prove both phenomics analysis and trait map-
ping [39-41].

While model organisms remain important for methodo-
logical advances, technological improvements enable
broader applications. High-quality genome assemblies
are becoming routine for non-model organisms, gene-
editing technologies are being adapted across species,
and population genetic resources are expanding rapidly.

Challenges remain for integrating complexity, including
combining results across studies. T'emporal dynamics
require long-term multigenerational studies [42,43]. En-
vironmental complexity may interact unpredictably with
genetic variation, necessitating validation of laboratory
discoveries in realistic conditions. A critical limitation is
that molecular or developmental effects may not always
translate to organismal fitness effects [44,45]. Variants
detected in greenhouse environments may have different
effects or no effects under field conditions where mul-
tiple stressors interact. Connecting molecular genetic
variation to organismal phenotypes and ultimately to
fitness and adaptation requires explicit validation across
biological scales. 'This challenge underscores the
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Reducing complexity to improve trait mapping Yarkhunova-Kreye and Hancock 9

importance of integrating mapping results with func-
tional validation and fitness experiments under relevant
environmental conditions to establish which molecular
variants contribute meaningfully to local adaptation.

The path forward

Strategic simplification of population and trait com-
plexity, followed by systematic integration, provides a
powerful tool for understanding biological complexity.
By maintaining this balance, we can bridge the gap be-
tween controlled conditions that enable mechanistic
understanding and complex natural contexts where
adaptation occurs.

Key challenges, including climate change, emerging
diseases, and food security, require a deep under-
standing of how organisms adapt to changing environ-
ments. By clarifying the mechanisms of adaptation, we
can move beyond cataloging patterns to understanding
processes, ultimately enabling the prediction and gui-
dance of adaptive responses to future challenges.
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