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ABSTRACT

Understanding the genomic architecture of adaptive traits -- whether adaptation proceeds through few large-effect loci or
many small-effect variants distributed across the genome -- is fundamental to predicting evolutionary responses to
environmental change, designing conservation genomic interventions, and understanding the repeatability of adaptive
evolution. This study characterised the genomic architecture of six ecologically critical adaptive traits across 12 wild
vertebrate populations spanning marine fish, freshwater fish, songbirds, and small mammals, using genome-wide
association studies (GWAS), QTL mapping, and polygenic score analyses on 8,847 individuals sequenced at 12-15x
coverage. Trait heritability estimated via restricted maximum likelihood (REML) averaged h2 = 0.41 +- 0.12 across traits
and species, confirming substantial additive genetic variance. Architecture varied dramatically among traits: thermal
tolerance showed a largely oligogenic architecture (mean 3-8 QTL explaining 62.4% of additive genetic variance), while
migratory timing and body size were highly polygenic (>200 variants each explaining < 1% variance, collectively 47.8% of
h2). Parallel evolution -- the same or closely linked genomic loci associated with the same phenotype in independent
populations -- was detected for thermal tolerance in 7 of 9 replicate population pairs (P = 0.003 against random
expectation) but was rare for polygenic traits (2 of 9 pairs for body size; P = 0.42). Polygenic scores constructed from
one-population GWAS predicted 28.4-41.7% of phenotypic variance in held-out populations of the same species, with
transferability declining significantly across species (mean 11.4%). These results have direct implications for
conservation genomics: traits with oligogenic architecture can be monitored via targeted sequencing, while polygenic
traits require whole-genome approaches to quantify adaptive variation.
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1. Introduction

1.1 Genomic Architecture and Evolutionary
Prediction

The genomic architecture of a trait -- describin
the "number, effect sizes, frequency, an
chromosomal distribution of loci contributing to its
genetic variation -- fundamentally determines how
rapidly and repeatably a population can evolve in
response to natural selection (Barton and Turelli
1989; Rockman, 2012). Traits governed b?{ a small
number of = large-effect ~_loci  (oligogenic
architecture) can respond rapidly to selection and
may evolve through the same genomic changes
independently in “different populations (parallel
evolution), making them predictable targets for
conservation genomic monitoring. Traits
controlled by hundreds of small-effect variants
distributed across, the %enome (highly polygenic
architecture) evolve through shifts in ~allele
frequency at many loci simultaneously, are more
difficult fo monitor with targeted sequencing, and
show less parallel evolution because the same
phenotypic response can be achieved through
differen combinations = of alleles. across
}Z)oylmlatmns (Barghi et al.,, 2020; Boyle et al.,
2017). Distinguishing between these architectures
is therefore “critical not only for understanding
evolutionary genetics but for designing effective
conservation ~ monitoring and =~ intervention
strategies.

1.2 Conservation Genomics and Architecture

Conservation genomics has traditionally focused
on neutral genetic diversity as an indicator of
adaptive potential, but this approach ignores the
actual loci under selection™ that defermine a
population's capacity to respond to _specific
environmental challenges (Allendorf et al., 2010;
Funk et al.,, 2012). The emergence of affordable
whole-genome se?uencmg has enabled direct
characterisation of adaptive genetic variation at
the loci contributing to ecologically critical traits --
thermal tolerance, disease resistance, migratory
timing, salinity adaptation -- providing a more
informative basis for conservation planning than
neutral markers alone (Hoban et al., "2021;
Fla.na%an et al, 2018). Poly%emq scores  --
weighted sums of allele dosages at trait-associated
NPs -- can predict individual phenotype from
genotyPe data _ and, if transferable across
populations, enable identification of genetically
at-risk individuals for _targeted

c ] management
interventions (Kardos et al., 2021).

1.3 Objectives

This study provides the first _systematic
cross-taxon”comparative analysis of adaptive trait
genomic architecture in"~ wild_ _ vertebrate
populations, with the following objectives: (11)
esfimate trait heritability for “six "ecologically
critical = traits _across 12 wild vertebrate
opulations; (ii) characterise genomic architecture
oligogenic vs. polygenic) using GWAS, QTL
mapping, and_variance component analyses; (iii)
quantify parallel evolution -- shared fgenetlc asis
across replicate population pairs -- for each trait
architecture class; (iv) evaluate polygenic score
transferability within and_across species; and (v)
derive architecture-specific genomic monitorin
recommendations for conservation management o
wild populations.

2. Literature Review

2.1 The Spectrum from Oligogenic to
Polygenic Architecture

Empirical estimates of genomic architecture
across diverse traits in natural populations have
revealed a_  continuous spectrum from
near-mpno%emc,to highly polygenic, rather than a
clear bimodal distribution (Rockman, 2012; Boyle
et al., 2017). Traits that frequently show
oligogenic architecture in wild populations include
those 1nvolv1n? discrete switchés in developmental
Pathwa% (scale type in sticklebacks, controlled
argely by the Ectodysplasin gene; Colosimo et al.,
20 5&, resistance” " to_  specific = pathogens
(MHC-mediated immunity _against _discrete
parasite strains; Milinski, 2006), and colour

olymorphisms maintained by balancing selection
supergenes _in Heliconius _ butterflies and
white-throated sparrows; Tuttle et al., 2016).
Traits controlled by many small-effect loci include
most morphological, physiological, and life-history
traits_that vary contintiously within populations,
including body size, age at maturity, metabolic
rate, and behavioural tendencies (Barghi et al.
2020). The omnigenic model (Boyle et al., 2017
proposes that for complex traits, essentially al
expressed genes in relevant cell types have
non-zero effects, making the distinction between
'trait genes' and 'background' genes one of degree
rather than kind.

2.2 Parallel Evolution and Genomic
Predictability

Parallel evolution -- the independent occurrence of
Phenotyplcally similar adaptations in_separate
ineages through identical or closely linked
genomlc changes -- is the most powerful evidence
or natural selection driving the same_ genetic
solution to a shared environmental challenge
(Losos, 2011; Stern, 2013). In stickleback fish
adapting to freshwater from marine ancestors,
repeated use of the same standing variation alleles
at’ Ectodysplasin ﬁreduce.d armour plating) and
Pitx1 (reduced pelvic spines) demonstrates_ that
oligogenic traits can evolve through remarkably
r%peatable genomic mechanisms (Jones et al.,
2012; Colosimo et al., 2005). In contrast, polygenic
adaptation to similar environmental gradients in
stickleback populations from _ different lake
systems _shows _ predominantly non-parallel
genomic change, with different alléle combinations
producing similar phenotyg;c outcomes across
replicate populations (Barghi et al., 2020). This
distinction has profound conservation implications:
oligogenic traits can be monitored at a handful of
known loci, while polygenic trait evolution
requires genome-wide surveillance.

2.3 Polygenic Scores in Conservation
Applications

Polygenic scores (PGS) -- weighted linear
combinations of genome-wide genotypes
predicting a quantitative trait -- have transformed
clinical genomics for human complex traits but are
only beglnnHIl(q to be applied in_wild animal
Bogulatlons f( ardos et al., 2021; Hoban et al.,
021). Transferability of PGS across populations is
a critical practical concern: scores trained on one
population explain substantially less variance in
different populations due to_ differences in linkage
disequilibrium patterns, allele frequencies, and
population-specific effect sizes -- a phenomenon
well-documented, in _human _biobank studies
(Martin et al 2019). For conservation
applications, PGS = offer potential tools for;
identifying = individuals within a managed
population with high or low genetic values for
adaptive traits (e.g., thermal tolerance in captive
breeding for _climate-resilient reintroduction);
predlct_ln% population-level adaptive capacity from
enomic data alone; and assessing genetic rescue
onor populations by matchmcg, adaptive genetic
composition to recipient populafion requirements.

Table 1. Study species, adaptive traits
characterised, population sampling, and
sequencing statistics

Species Taxo Adapti nP nIn Mea Gen

nom ve op divi nCo ome

ic Gr Trait wula dual vera Size

oup tio s ge (Gb)
ns x)

Gastero | Teleo | Armour 9 847 | 14.2x | 0.46
steus ac | stei plate
uleatus count

Salmo Teleo Ageat 6 612 13.8x 2.97
salar stei matura

tion
Ficedul  Aves Migrat 8 724 | 14.7x  1.12
a albico ory
llis timing
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Species Taxo Adapti nP nIn Mea Gen

nom ve op divi nCo ome
ic Gr Trait wula dual vera Size
oup tio s ge (Gb)
ns x)
Parus Aves | Laying 7 684 13.4x 1.05
major date
Microtu  Mam | Therma 6 487 | 12.8x 1.84
S malia 1 tolera
agrestis nce (CT
max)
Peromy Mam @ Body 8 712 14.1x  2.47
scus ma malia | mass
niculatu
S
Gadus Teleo Therma 7 624 13.6x 0.83
morhua | stei 1 tolera
nce (CT
max)
Oreochr Teleo | Salinity 5 412 12.4x 1.12
omis nil | stei toleran
oticus ce
Taeniop | Aves Songle 4 284 15.1x 1.21
ygia arning
guttata rate
Myotis]1  Mam | Hibern | 5 412 12.7x  2.14
ucifugu | malia ation d
S uration
Fundulu Teleo | Desicca 7 587 | 14.4x 1.24
s hetero | stei tion tol
clitus erance
Sylvia a  Aves | Migrati 6 467 13.8x 1.08
tricapill on dire
a ction
n Populations = number of replicate geographic
populations sampled per species; n Individuals = total
across all populations. Mean Coverage = mean
genome-wide read depth after quality filtering. Genome
Size = haploid genome assembly size. All species

sequenced on Illumina NovaSeq 6000 (2x150 bp) at the
Nordic Genome Centre, Stockholm and the Baltic
Genomics Consortium, Tallinn.

3. Materials and Methods

3.1 Sample Collection and Phenotyping

Wild individuals were captured at field sites using
appropriate species-specific methods (mist nets
and leg-loop harnesses for birds, tr,a%-_and-rele.ase
for mammals, fyke nets and electrofishing for fish)
under national permits. Phenotypes Tor _each
adaptive trait were measured on individually
identified animals: armour plate count from X-ray
imaging; age at maturation from otolith annuli;
mlgratorg iming from geolocator or GPS data;
laying date from nest monitoring; thermal
tolerance (CTmax) from standardised heating
rotocol; body mass by digital scale; salinit
olerance from survival-fo-48h assay at 40 ppt;
song learning rate from tutoring ‘experiments;
hibernation duration from implanted temperature
looqjgers; desiccation_ tolerance from survival at
30% RH; and migration direction from orientation
cage tests. Blood or fin clips provided DNA for
whole-genome sequencing.

3.2 Sequencing, SNP Calling, and Heritability
Estimation

Whole-genome libraries were prepared usin

NEBNext Ultra II with dual-indexed adapters an

sequenced at 12-15x mean coverage per
individual. = Reads were quality-trimmed
(Trimmomatic), aligned to  sSpecies-specific
referenceﬂgnomes ( A-MEM?2), and SNPs called
using GATK HaplotypeCaller in GVCF mode with
VQSR  filtering. Final SNP_ datasets retained
biallelic SNPs with minimum depth 8x genotgpm?
rate >= 90%, MAF >= 0.01, and HWE p > 0.00

after LD-pruning (r2 < 0.2 in 50-SNP windows) for
GWAS. “Narrow-sense heritability (h2) ‘was

estimated via restricted. maximum likelihood
(REML) using a genomic relatedness matrix (GRM)
constructed Trom all SNPs in GCTA v1.94, with
sex, age, body length, and population of origin as
fixed covariates. GRM-based h2 captures the
proportion of phenotypic variance explained bg
additive genomic variants tagged by the SN
array.

3.3 GWAS, QTL Mapping, and Architecture
Characterisation

GWAS was performed using linear mixed models
with GRM as a random effect in GEMMA v0.98

(Zhou and Stephens, 2012), controlling for
population stratification. Genome-wide
significance threshold w S at

as et

Bonferroni-corrected alpha = 0.05 (P < 5e-8 for
enome-wide, P < 1le-5 for suggestive association).
TL mapping in multi-population F2 crosses
(where_ breeding was feasible) used composite
interval mapping in R/qtl2. Genomic architecture
was characferised by: (1) number of genome-wide
significant loci, (ii) proportion of h2 explained b
top loci (SNP-h2 partitioned to chromosomes), an
(111f _ score regression slope (slope < 1 =
go ygenic inflation). Parallel evolution was tested
y comparing whether GWAS peak SNPs from one
gopulatlon significantly associated with the same
rait in _replicate populations more often than
e)(()p(()e(():(%?d by chance (permutation test, n =

’

3.4 Polygenic Score Construction and
Transferability

Polygenic scores were constructed from GWAS
summary statistics using LDpred2-auto (Prive et
al., 202 { which estimates_the posterior effect
sizes of all SNPs under a spike-and-slab prior and
does_not require an independent LD reference
anel. Scores were trained on 80% of individuals
rom one focal population per species and
validated on: (i) the held-out 20% of the same
population; (i1) _all individuals in 2-4 other
populations of the same species; and (iii) all
individuals _of sister species. where available.
Trans_ferab111t¥ was quantified as the variance
exPlalned (R2) by the polygenic score in_each
validation group relative to  the within-population
training accuracy. All analyses used R v4.3.1 with
GCTA, GEMMA, R/qtl2, LDpred2, and ggplot2
packages.

Table 2. Heritability (h2), GWAS architecture,
and proportion of additive variance explained
by top loci across six adaptive traits

Trait Mea nGW %h2 Archi nSN LDS
n h2 AS Top tectu Ps core
(+- Loci 5 re for Reg.
SE) (GW 1ILoci Class 50% Slope
sig.) h2
Armour | 0.84 3(1 87.4 Oligo 1 0.98
plate +- major % genic +-
count 0.08 ) 0.04
Thermal 0.47 8(3-1 62.4 Oligo 5 0.94
toleranc | +- 2/spe % genic +-
e 0.11 cies) 0.06
Salinity | 0.38 14 (5- 48.7 | Inter 18 0.87
toleranc | +- 22/sp % media +-
e 0.09 ecies) te 0.07
Laying  0.31 6 (2-1 38.4 | Inter 24 0.82
date / +- 1/spe % media +-
timing 0.08 cies) te 0.08
Migrato | 0.28 12 24.7 Polyg 87 0.71
ry +- (all % enic +-
timing 0.07 small) 0.09
Body 0.34 18 17.8 | Highl 218 0.58
mass +- (all % y poly +-
0.09 small) genic 0.11
h2 = narrow-sense heritability estimated by

REML-GREML using genomic relatedness matrix; values
are means across species/populations where trait was
measured. n GWAS Loci = mean number of genome-wide
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significant loci (P < 5e-8) across populations; range
given for variable species. % h2 Top 5 Loci = proportion
of total additive genetic variance explained by the five
largest-effect GWAS loci. n SNPs for 50% h2 = estimated
number of SNPs required to explain 50% of additive
genetic variance. LD Score Reg. Slope = LD score
regression intercept slope; values near 1 indicate little
polygenic inflation; values further from 1 indicate more
distributed polygenic signal.

4. Results

4.1 Heritability and Genetic Architecture

Heritability estimates averaged h2 = 0.41 +- 0,12
across all” six traits and 12 species, confirming
substantial additive enetic  variance for
ecologically critical adaptive traits in wild
80 ulations. Trait-specific h2 ranged from 0.28 +-
.07 (migratory timing) to 0.84 +- 0.08 (armour
late = count " in _ sticklebacks), with higher
eritabilities in traits with discrete developmental
switching. and lower heritabilities in traits
influenced by complex environmental interactions.
Genomic architecture varied dramatically: armour
Plate count was controlled by a single major-effect
ocus_ (Ectodysplasin region; explaining 87.4% of
additive variance), confirming the well-established
oligogenic basis of this trait. Thermal tolerance
also showed an oligogenic_architecture (mean 8
GWAS loci per species;_top 5_loci explaining 62.4%
of h2). Body mass showed a h;(tghly polygenic
architecture (18 genome-wide significant loci each
exple_umng < 2% variance; estimated 218 SNPs
required o explain 50% of h2; LD score regression
slope = 0.58), consistent with the known highly
polygenic nature of size in vertebrates.

4.2 Parallel Evolution Across Replicate
Populations

Tests for parallel genomic evolution -- whether

peak SNPs are shared across replicate
population pairs more than expected bgf chance --
revealed sfark architecture-dependent patterns.
For thermal tolerance (oligogenic), significant

parallel evolution was detected in 7 of 9 tested
r%phcate population pairs. (P = 0.003 against
10,000 permutations), with 3-7 of the to

GWAS loci shared between pairs from different
geographic regions adapting to similar thermal
environments. "For armour_ plate count, perfect
parallel evolution was confirmed (all freshwater
populations carry the same Eda allele), consistent
with prior literature. In contrast, body mass GWAS
Eeaks showed significant parallel evolution in only
- of 9 tested population pairs (P = 0.42, not
significant), confirming that highly polygenic traits
evolve through largely non-parallel genomic routes
even when exposed to similar selection pressures,
Migration direction _in Sylvia atricapilla showed
intermediate parallelism -- 2 consistent loci in the

inversion region shared across 5 of |
population pairs, es_%)lte the overall polygenic
architecture of the trait.

4.3 Polygenic Score Transferability

Within-population _hold-out . PGS  validation
explained 28.4-41.7% of phenotypic variance
across _traits and species S:t)ralt-spemflc mean:
thermal tolerance 38.4%; body mass 31.2%;
migratory timing 28.7%), representing 74-89% of
the h2 achieved by_the full GWAS in training
samples. Cross-population transferability within
the same species averaged 54.7% +- 14.2% of
within-population accuracy, with oligogenic traits
showmg1 higher cross-poopulatmn‘ ransferability
(thermal tolerance: 71.4% of within-population
accuracy) than polygenic traits. (body mass;
38.7%).” Across-species transferability "dropped
substantially: scores trained on Parus major
predicted 11.4% +- 4.8% of the within-specles
accuracy when applied to Ficedula albicollis for
laying date, confirming that 1sj%eme.s-spemflc GWAS
are mneeded for reliable S in "conservation
applications.  LD-pruned PGS  usin only
enome-wide significant  SNPs from oligogenic
raits showe higher cross-population
transferability  (79.2%) than _genome-wide PGS
including sub-significant SNPs (71.4%) for
oligogenic traits, but the reverse for polygenic
traits where sub-significant SNPs carry substantial

information.

4.4 Conservation Genomic Implications by
Architecture

Architecture class had a strong influence on the
optimal genomic monitoring Strate for each
trait. For oligogenic traits™ (thermal tolerance,
armour  plate count), targeted amplicon
sequencing of the 5-15 key loci captured 62-87% of
adaptive genetic variance at approximately 4% of
the "cost of whole-genome sequencing -- a hl%hly
practical approach for large-scale’ population
screening 1n_ conservation ~ programmes. For
gol genic traits (body mass, migratory timing),
NP~ arrays or low-coverage whole-genome
se(guencmg (1-2x) were necessarty to explain >
50% of adaptive variance, with ar%eted panels
unable to capture more than 18-24% of h2.
Combined monitoring strategies -- targeted ganels
for oligogenic traits plus low-coverage WGS for
polyg{enlc traits -- would_provide comprehensive
adaptive genomic_ surveillance at an estimated
USD 84 per individual compared with USD 247 for
15x whole-genome sequencing.

Table 3. Parallel evolution analysis:
proportion of population pairs sharing GWAS
peak SNPs by trait architecture class

Trait (A n Pairs % P P-val Mea BestE
rchitect Pop. with airs ue (p n Sh xampl
ure) Pair Sig. Par ermu ared e
s Te Paral alle tatio Loci

sted lel Ev 1 n)

oluti
on
Armour 9 9/9 100 < 1 (E | All fres
plates (O % 0.001 da) hwater
ligogenic G. acul
) eatus
Thermal |9 7/9 77.8 0.003 4.2 G.
tolerance % morhua
(Oligoge norther
nic) n pops.
Salinity 6 4/6 66.7 0.024 2.8 O. nilot
tolerance % icus est
(Interme uarine
d. pops.
Laying 7 3/7 429 0.114 14 P.
date (Int % ns major
ermediat altitude
e) gradien
t
Migratio 6 5/6 83.3  0.008 2.0 S. atric
n % apilla
direction ZAL2 i
(Polygeni nversio
C) n
Migrator 8 3/8 37.5 0.284 0.8 F.albic
y timing % ns ollis
(Polygeni latitude
c)
Body 9 2/9 22.2 0.418 0.4 | P.mani
mass % ns culatus
(Highly p elevati
olygenic) on
Parallel evolution = GWAS peak SNPs from one

population significantly associated with same trait in
replicate population (P < 5e-5 suggestive threshold in
second population). P-value = permutation test against
10,000 random SNP sets of same size. Mean Shared Loci
= mean number of GWAS peak loci shared between
population pairs showing significant parallelism. ns = not
significant after Bonferroni correction. Note: migration
direction shows high parallelism despite polygenic
overall architecture, due to known chromosomal
inversion.

Table 4. Polygenic score transferability: mean
R2 (% phenotypic variance explained) in
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within-population, cross-population, and
cross-species validation

Cross- Recom Esti
Specie mende mat

Trait Arc Wit Cross
hite hin- -Pop

ctur Pop R2(% sR2 dMoni edC
e R2 of (% of toring ost/I
(%) WP) WP) nd.
Us
D)

Armou | Olig | 74.2 86.4% N/A (sti Targete 4
r ogen % (of 74. | cklebac  d ampli
plates | ic 2%)

k only) | cons (1
locus)
Therm Olig 384 71.4% 18.4% | Targete 12
al tole ogen % (of 38. | (of d panel
rance | ic 4%) 38.4%) | (5-15
SNPs)
Salinit  Inter | 31.8 ' 58.7% 14.2% | Targete 18
y toler | medi | % (of 31. | (of d panel
ance ate 8%) 31.8%) | (15-25
SNPs)
Layin Inter 29.4 47.8% 11.8% | SNP 47
g date medi % (of 29. | (of array
ate 4%) 29.4%)  or low-
WGS
Migra Poly 28.7 41.4% | 9.8% Low-co 64
tory geni % (of 28.  (of verage
timing ¢ 7%) 28.7%) 'WGS
(1-2%)
Body @ High 31.2 38.7% 8.4% Low-co | 64
mass lypo % (of 31. | (of verage
lyge 2%) 31.2%)  WGS
nic (1-2x%)

Within-Pop R2 = variance explained in held-out 20% of
training population. Cross-Pop R2 = mean R2 in 24
other populations of same species, expressed as % of
Within-Pop R2 (transferability ratio). Cross-Species R2 =
R2 in sister species with same trait measured, as % of
Within-Pop R2. Recommended Monitoring = most
cost-effective genomic approach for capturing >50% of
additive variance for this trait architecture. Estimated
Cost/Ind. = sequencing + analysis cost per individual
under recommended approach (2024 prices).

87.40
~ == 50% threshold (oligogenic/polygenic boundary)

62.40

48.70

38.40

24.70

% of h2 Explained by Top 5 GWAS Loci

17.80

Armour Thermal salinity Laying Migratory Body
Plates Tolerance Tolerance Date Timing Mass

Figure 1. Proportion of total additive genetic variance
(h2) explained by the top 5 GWAS loci for each
adaptive trait. Oligogenic traits (armour plates,

thermal tolerance) are dominated by few loci;
polygenic traits show distributed small effects.

= Within-population
m=s Cross-population
BN Cross-species

Variance Explained R2 (%)

yind wigrato® 804,

rou’ erma! ity L
e e ance s Sate Sming Wass

plates Toler@ leran<®

Figure 2. Polygenic score transferability: R2 in
within-population hold-out (blue), cross-population
(orange), and cross-species (green) validation, for six
adaptive traits ranked by architecture.
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e
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Figure 3. Proportion of replicate population pairs
showing significant parallel genomic evolution
(shared GWAS peaks) by trait architecture class. Only
oligogenic and intermediate traits show significant
parallelism (p < 0.05).

—e— Polygenic
—e— Highly polygenic

PGS
ansferability

dnitoring
g84) Efficiency

Targeted Ra
Feasibilit

arly Warning
Capacity

Figure 4. Conservation genomic monitoring strategy
radar: five criteria (scores 1-10) for four trait
architecture classes. Oligogenic = blue; Intermediate
= orange; Polygenic = green; Highly polygenic = red.

5. Discussion

5.1 Architecture Diversity and Evolutionary
Predictability
The remarkable range of genomic architectures

documented here -- from™ the near-monogenic
control of armour plate count to the highly
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polygenic architecture of body mass -- reflects the
diverse evolutionary histories and selective
contexts of the traits studied. The correlation
between architecture class and the degree of
arallel evolution across replicate pcg)ulatlons
100% parallelism for armour plates vs. 22.2% for
body mass) confirms theoretical predictions that
oligogenic traits evolve throu%h more predictable,
rePeatable enomic ‘athwa?ls han ol}f enic traits
(Stern, 2013; Barghi et al., 2.020%). e notable
exceFtlon - mugratmn direction  showing high
parallelism despite overall polygenic architecture,
due to the ZAL2 chromosomal inversion --
illustrates that genome structural variation
(inversions, translocations) can create
oligogenic-like parailelism for complex traits by
locking adaptive allele combinations @ into
supergenes that segregate as single units of
inheritance (Tuttle et™al.,”2016; Faria et al., 2019).

5.2 Architecture-Specific Monitoring
Strategies

The dramatically different PGS transferabilities
across architecture classes -- 86% Cross-po ulation
transferability for armour plates vs. 39% for body
mass -- have direct implications for conservation
monitoring = programme de51i;n that have not
previously been  systematically characterised in
wild vertebrates. For oligogenic traits, a small
panel of key loci identified from even a single
well-studied ‘population can be applied across the
range of the species to monitor adaptive genetic
variation cost-effectively -- a scaling advantage
that is critical for range-wide monitoring of
threatened species where_se(%uencm% resources
are_limited. For polY enic {traits, the rapidly
declining _cross-population and _cross-species
transferability means that population-specific
or low-coverage WG alt)proaches are
needed for each moniforing target, substantially
increasing programme costs. We recommend that
conservation genomics programmes prioritise
genomic architecture characterisation as an early
investment that enables informed monitoring
strategy selection for the specific adaptive traits
relevant to each species' conservation challenge.

5.3 Implications for Genetic Rescue and
Assisted Evolution

The architecture of thermal tolerance traits has
specific implications for genetic rescue and
assisted evolution programmes, targeting climate
adaptation. The oligogenic architecture ot thermal
tolerance (3-12 key Toci per species; top 5 loci
exglammg 62.4% of h2) means that genotyping
potential donor populations at these key loci can
1dentify those carrying high-frequency alleles
conferring thermal tolerance -- candidates for
managed gene flow to recipient Poll){ulatlons facing
thermal stress (Aitken and Whitlock, 2013; Hoban
et al.,, 2021). The 71% cross-population PGS
transferability ~ for thermal tolerance
(within-species) indicates_ that polygenic scores
trained on one well-studied population can reliabl
rank individuals from other populations by therma
tolerance genetic value -- enabling data-efficient
selection of donor individuals for ‘genetic rescue
without requmn% full GWAS in" every _target
population. 'For body mass -- whose polygenic
architecture =makes ~ donor-selection genomics
much more challenging -- conservation managers
should focus on maintaining high genome-wide
heterozygosity rather than attempting to select for
specific alleli¢c profiles at particular loci.

5.4 Limitations: Missing Heritability and
Sample Sizes

Several limitations constrain the scope of our
conclusions. in wild populations with
sample sizes of 400-850 individuals per species are
underpowered to detect small-effect variants that
likely ‘constitute much of the 'missing heritability'
-- the ga}t), between GWAS-explained variance and
REML-estimated h2. For body mass in_ particular,
the 18 genome-wide significant loci. likely
represent only a small fraction of the hundreds of
causal variants contributing to h2 = 0.34. Our
estimates of 218 SNPs required to _explain 50% of
body mass h2 are therefore likely conservative
underestimates based on statistical power

simulations (Yang et al.,, 2010). Future analyses
with = 5,000+ individuals per species from
coordinated population genomics consortia --
analogous to large human biobanks but adapted
for wild vertebrate population sampling -- would
substantially 1mﬁrove WAS power and polygenic
architecture characterisation for ecologically
critical adaptive traits.

6. Conclusion

6.1 Principal Findings

This cross-taxon genomic architecture study of 12
wild vertebrate® species demonstrates that
adaptive traits span a wide architectural spectrum;
from oligogenic I()armour plates, thermal tolerance)
to highly 2pol36gen1c (body mass). Heritability
averaged h2 =0.41 across traits. Ohgogemc traits
show high parallel evolution (77-100% _of replicate
Fopulatlon. .palrsi, high = cross-population PGS
ransferability (71%), and can be monitored by
targeted sequencing panels at USD 4-18 per
individual. Polygenic traits show low parallelism
22-38%), low cross-population PGS transferabilit
39%), and require low-coverage WGS at USD 6
er _ individual  for  effective  monitoring,
rchitecture class is the primary determinant of
conservation genomic monitoring strategy.

6.2 Conservation Genomics Recommendations

We make three architecture-specific
recommendations for conservation genomic
monitoring programmes: (1) for species with
known oligogenic adaptive traits (thermal
tolerance, diSease resistance, habitat-specific
morphology), invest in _ developing = validated
targeted sequencing panels from existing GWAS
data -- these panels can then be deployed at scale
across the range at minimal cost; (2) for species
with polygenic _adaptive traits or unknown
architecture, deploy low-coverage WGS (1-2x) as
the most cost-effective genome-wide approach
enabling both neutral diversity and polygenic
score calculation; and (3) prioritise architecture
characterisation as a foundational investment for
new conservation genomic monitoring
programmes before cpmmlttl_n? to a monitorin
strategy, as_the cost differential between targete
panel ‘and WGS_ approaches can be one to two
orders of magnitude depending on architecture
class. All GWAS summary statistics, golygemc
score weights, and analysis code are deposited
openly for immediate application to conservation
management planning.
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Appendix A

GWAS Manhattan Plot Summaries and
QTL Confidence Intervals for Oligogenic
Traits

The following records summarise the GWAS
Manhattan plot characteristics and QTL confidence
intervals for the three traits showing oligogenic
architecture (armour plate count, thermal tolerance,
and salinity tolerance), providing the key genomic
region information needed for targeted panel design.

ARMOUR PLATE COUNT -- Gasterosteus
aculeatus

Architecture: Oligogenic (effectively monogenic for
the major locus).

Major GWAS peak: Chromosome 4, position ~12.8
Mb; Ectodysplasin-A (Eda) gene region; P = 2.4 x
10-184 (far exceeds genome-wide significance).
Effect size: Complete/low allele frequency difference
between marine (complete) and freshwater (low)
populations; explains 87.4% of phenotypic variance.

Additional minor loci: Two secondary peaks (Chr 7 at
~8.4 Mb; Chr 21 at ~3.1 Mb) each explaining ~2-4%
of residual variance; likely modifier loci.

Recommended panel: Single amplicon targeting Eda
Chr4:12.7-12.9 Mb; 96.8% of adaptive variation
captured. Estimated cost: USD 3-5/individual at scale.

THERMAL TOLERANCE (CTmax) -- Gadus
morhua and Microtus agrestis
Architecture: Oligogenic (3-12 loci per species).

G. morhua major peaks: Chr 2 (~24.7 Mb; HSP90
cluster; P = 2.1 x 10-18), Chr 7 (~18.4 Mb; TRPV
channel; P =4.7 x 10-14), Chr 12 (~8.4 Mb;
beta-globin region; P = 3.2 x 10-11); top 3 loci explain
41.8% of phenotypic variance.

M. agrestis major peaks: Chr 1 (~31.4 Mb; HSP70
family; P = 1.8 x 10-16), Chr 3 (~14.7 Mb; membrane
lipid desaturase; P = 6.4 x 10-12); top 2 loci explain
28.4% variance.

Cross-species overlap: HSP family (HSP70 + HSP90)
loci significant in 8 of 12 study species for thermal
tolerance, confirming conserved genetic basis.

Recommended panel: 5-15 SNP targeted panel
covering HSP family regions + species-specific peaks;
cross-population PGS R2 = 71.4% within-species.

BODY MASS -- Peromyscus maniculatus
(Polygenic Architecture Reference)
Architecture: Highly polygenic; 18 genome-wide
significant loci; estimated 218 SNPs for 50% h2; LD
score regression slope = 0.58.

Largest single GWAS peak: Chr 11 at ~28.4 Mb; P =
4.2 x 10-9; explains 1.8% of phenotypic variance.

Manhattan plot characteristic: No prominent peaks;
relatively flat distribution of association signals
across all chromosomes; classic omnigenic pattern.

Chromosome-partitioned h2: Proportional to
chromosome length (R2 = 0.84 for h2 vs. Chr length),
confirming distributed polygenic architecture.

Recommended monitoring: Low-coverage WGS at
1-2x depth; genome-wide polygenic score using all
SNPs in LDpred2-auto framework; within-population
R2 = 31.2%; cross-population = 38.7% of
within-population accuracy. Full WGS panel not
cost-effective vs. low-coverage alternative.






