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SUMMARY

A central goal of population genomics is to unveil the evolutionary forces driving genomic divergence.

Although genomic islands have been extensively studied in angiosperms, the patterns of genomic diver-

gence remain poorly understood in gymnosperms. Here, by re-sequencing the whole genome of 130 individ-

uals of Welwitschia mirabilis, we reveal significant genomic differentiation among its geographically close

populations. Population genomic analyses suggest that geographical isolation and species characteristics

play important roles in triggering and maintaining population divergence. We also identify multiple genomic

islands of elevated divergence, which are primarily attributed to divergent sorting of ancient polymorphisms

and divergence hitchhiking. Further genome-wide association analyses indicate thatWelwitschia has an XY-

type sex-determination system, with the sex-linked region located at 72.04–92.82 Mb on chromosome 6. Our

findings are important for comprehending the evolutionary forces shaping genomic patterns of differentiation

and the genetic basis of sex determination in gymnosperms.

INTRODUCTION

Understanding the patterns and processes of genomic diver-

gence during speciation is a central issue in evolutionary

biology.1,2 The advances in high-throughput sequencing tech-

nologies have fundamentally changed our understanding of

this issue.2,3 Most studies have revealed a highly heterogeneous

pattern of genomic divergence, with peaks of elevated differen-

tiation widely spread over the genome.4–8 Expanding upon the

‘‘genic model of speciation,’’ the genomic regions with elevated

divergence are resistant to gene flow,2,3,9 most likely attributed

to the presence of genes involved in local adaptation and/or

reproductive isolation.9–11 These regions, with divergence

exceeding neutral expectations, are generally referred to as

genomic islands, which may also arise in the absence of recent

gene flow and can be formed by divergent sorting of ancient

polymorphisms, recent selection at ecologically relevant loci,

recent selective sweep, long-term linked selection, and/or ge-

netic drift.6,12–16 These processes are difficult to discriminate

because they are not mutually exclusive and could cause similar

divergence patterns in the genome.3 Currently, the two mea-

sures, including FST (a relative measure of divergence) and DXY

(an absolute measure of divergence), are widely used to quantify

genetic differentiation between populations, identify genomic

islands of divergence, and distinguish evolutionary processes

shaping genomic islands.13,16,17 Although genomic patterns of

divergence between diverging lineages have been frequently

reported, almost all previous studies focused on angio-

sperms.16,18–23 The origin and accumulation of genomic diver-

gence in gymnosperms remain poorly understood.

Welwitschia mirabilis, the only extant species of the family

Welwitschiaceae, belongs to the Gnetales, an ancient and enig-

matic gymnosperm lineage that includes only two other genera,

Gnetum (family Gnetaceae, ca. 40 species) and Ephedra (family

Ephedraceae, ca. 54 species).24,25 This lineage shows distinct

morphological features, with members exhibiting unique

reproductive structures and diverse ecological adaptations.25

As a prime example, W. mirabilis is an extremely long-lived

desert plant with a short, woody, unbranched stem and a

massive woody concave crown bearing a single pair of opposite

strap-shaped leaves that grow throughout the life of the

plant.24,25 This extraordinary plant is currently confined to the
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Figure 1. Sampling locations, habitat, morphology, and population genomic analysis of Welwitschia

(A) Geographical distribution of 5Welwitschia populations. Color codes correspond to the results in the population genomic analysis. The map was downloaded

and generated using ARCGIS 10.6 (http://www.esri.com/software/arcgis/arcgis-for-desktop).

(B) Coastal desert habitat (top) and male (middle) and female (bottom) individuals.

(C) Population genetic structure inferred by STRUCTURE. Each vertical bar represents an individual, with different colors representing the genetic ancestries. K

represents the number of structure groups for each analysis, and the optimal K value is 2.

(legend continued on next page)
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hyper-arid Namib desert in southwestern Africa, where its range

is fragmented into isolated areas in a linear arrangement span-

ning a latitudinal range of over 1,000 km.26 Within this range,

Welwitschia occupies quite different environments, from

temperate coasts to inland deserts, and has adapted to various

habitat types, such as dry riverbeds, sandy plains, and rocky

slopes.26,27

The morphological difference in the male strobili, allopatric

distribution pattern, and molecular data all indicate the presence

of two subspecies inW. mirabilis, with ssp. namibiana occurring

in Namibia south of 18.7◦ and the typical ssp.mirabilis in Angola

and the northwestern part of Namibia north of 18.7◦.26 Using six

simple sequence repeat (SSR) markers, Jürgens et al.26 have

further revealed population differentiation in each of the two sub-

species, with several different gene pools in isolated range frag-

ments, which is consistent with a previous study on smaller-

scale populations in the central Namib Desert using random

amplified polymorphic DNA (RAPD) markers.28 The significant

genetic divergence among geographically isolated fragments

ofW. mirabilis can be largely attributed to the reduction or inter-

ruption of gene flow and may also be caused by environmental

factors.26 Intriguingly, this genetic differentiation persists even

at a finer scale,26,28which prompts us to investigate the underly-

ing mechanisms.

Moreover, W. mirabilis displays striking reproductive struc-

tures. It is functionally dioecious, with individuals producing

either bisexual cones (fertile stamens and sterile ovules) or fe-

male cones (fertile ovules only).25,29 The bisexual cones, which

also occur in some species ofGnetum and Ephedra, differ signif-

icantly from the unisexual cones of other gymnosperms.25,30,31

Although ongoing improvements in sequencing and analytical

technologies provide new opportunities to reveal the molecular

mechanisms of sex determination in gymnosperms, only prelim-

inary insights have been gained for a few species, including

Ginkgo biloba, Cycas panzhihuaensis, and Taxus wallichi-

ana.32–35 This limitation is particularly notable given the deep

evolutionary divergence among major gymnosperm line-

ages.34,36,37 Recent phylogenomic studies strongly support a

sister relationship between Gnetales and Pinaceae.34,37 Unlike

the exclusively monoecious Pinaceae, the majority of Gnetales,

including Gnetum, Welwitschia, and most Ephedra species, are

dioecious.25,38 Therefore, investigating whether the sex-deter-

mination system ofWelwitschia differs from that of other studied

gymnosperms is crucial for advancing our understanding of sex

chromosome evolution in gymnosperms.

The chromosome-level genome sequence of Welwitschia,

published in 2021, provides a foundational resource for evolu-

tionary and genomic studies.39 The assembled genome has a to-

tal size of 6.86 Gb, with a contig N50 of 1.48 Mb and a BUSCO

completeness score of 83.47%, demonstrating the high quality

of sequencing and assembly.39 Based on this genome, it is

particularly interesting to explore the mechanisms underlying

the origin and maintenance of genetic variation among

geographically closely related populations and to identify the

sex-linked region (SLR) in W. mirabilis.

In this study, we re-sequenced thewhole genomes of 130 indi-

viduals from five populations ofW. mirabilis in the southernmost

region of the Namib Desert. Firstly, we investigated population

structure, gene flow, and the history of population divergence.

Secondly, we evaluated the respective influence of environ-

mental and geographical distances on inter-population genetic

differentiation and pinpointed key environment-associated vari-

ants that drive local adaptation. Then, we identified differentiated

genomic islands and assessed the contributions of different

evolutionary processes in driving divergence. Finally, we tried

to explore the sex-determination mechanism of W. mirabilis by

identifying SLRs and differentially expressed genes (DEGs) be-

tween the sexes. Our study not only provides novel insights into

the role of environmental and evolutionary processes in shaping

the patterns of genetic variation in diverging lineages during

speciation but is also important for comprehending the genetic

basis of sex determination in gymnosperms.

RESULTS

Whole-genome re-sequencing and population genetic

structure

In total, 13.27 Tb of sequencing data was generated across all

individuals from the five populations (Figures 1A and 1B), with

an average depth of 16.34× (Table S1). After mapping to the

reference genome of W. mirabilis, the average mapping rate of

the clean reads was 99.54% (Table S1).

Based on 3,442 independent genome-wide single-nucleotide

polymorphisms (SNPs) from 129 individuals, the optimal number

of genetic clusters in the STRUCTURE analysis was 2, with all

sampled individuals clearly assigned to two specific groups

(Figure 1C), one consisting of the 46 individuals from population

(P)1 and P3 and the other comprising the 83 individuals from

P2_1, P2_2, and P2_3. At K = 3, P1 and P3 stand out as distinct

clusters, while at K = 4, P2_3 exhibits a distinct genetic compo-

nent compared to P2_1 and P2_2. The results of principal-

component analysis (PCA) were consistent with the

STRUCTURE analysis. The first principal component (PC1; vari-

ance explained = 26.70%) separated P1 and P3 from the other

three populations, while the second one (PC2; variance ex-

plained = 6.14%) separated P1 from P3. P2_3 and the other

two populations were clearly differentiated by PC3 (variance ex-

plained = 4.64%), confirming them as genetically distinct

(Figure 1D). The SNP-based unrooted phylogenetic tree

included four distinct clades (Figure 1E). Individuals from P1,

P2_3, and P3 formed separate clades, while P2_1 and P2_2 clus-

tered together in a separate group. Moreover, the shared iden-

tical-by-descent haplotypes between P2_1 and P2_2 also indi-

cated the common inheritance of many ancestral haplotypes

between the two sides (Figure 1F). Given the nearly identical ge-

netic background and negligible differentiation between P2_1

(D) Principal-component analysis based on genome-wide SNPs. The percentage of variation explained by each component is shown in parentheses.

(E) Unrooted neighbor-joining (NJ) tree based on SNP data.

(F) Estimated haplotype sharing between individuals. Heatmap colors represent the total length (above the diagonal) and total number (below the diagonal) of

identity-by-descent blocks for each pairwise comparison.
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and P2_2, the two close populations were merged into a consol-

idated lineage, labeled as P2_12, in the following analyses.

Demographic history and gene flow

To explore the evolutionary history of the four lineages (P1, P2_12,

P2_3, and P3), we first estimated the historical fluctuations in

effective population size (Ne) using the pairwise sequential

Markovian coalescence (PSMC) method. The results showed

that all lineages experienced a dramatic decline in Ne approxi-

mately 1.8–0.5 million years ago (mya). Following this decline, a

slight increase in Ne occurred between 0.45 and 0.3 mya, and a

second decline started ∼0.28 mya (Figure 2A). For P1, there

was an expansion at 0.04 mya, followed by a sharp decrease at

∼0.024 mya, showing the smallest historical Ne. Using the re-

sequencing data, we further inferred divergence time and gene

flow by the Fastsimcoal simulation analysis. The best-supported

model (Figures 2B and S1; Tables S2 and S3) suggests that the

common ancestor of P1 and P3 split from the common ancestor

of P2_12 and P2_3 around 2.19 mya (95% confidence interval

[CI]: 2.03–2.53 mya). P1 and P3 diverged 1.12 mya (95% CI:

0.75–1.65 mya), while P2_3 separated from P2_12 0.46 mya

(95% CI: 0.40–0.47 mya). With increasing divergence time, gene

flow between lineages gradually diminished. As indicated by

BA3-SNPs analyses, we only detected a small number of contem-

porary migration events from P3 to P1 (0.033 ± 0.022) (Table S4).

All of these findings suggest that both demographic history and

rates of gene flow between lineages play important roles in

shaping patterns of genomic divergence.

Effects of geographical isolation and environmental

heterogeneity on genetic differentiation

To avoid potential correlation between geographical and envi-

ronmental distances, we conducted partial Mantel tests to

assess their respective contributions to genetic differentiation.

The results showed significant patterns of both isolation by dis-

tance (IBD) and isolation by environment (IBE) in Welwitschia

populations (Figure 3). Notably, geographical distance (partial

Mantel’s r = 0.958, p < 0.001) exerted a stronger influence on

genetic differentiation than environmental distance (partial

Mantel’s r = 0.621, p < 0.001). We further conducted hierarchi-

cal partial Mantel tests across different geographical scales,

and the results also showed a close correlation between ge-

netic and geographical distances at finer scales (approximately

10 km; Figure S2). In addition, we evaluated the relative contri-

butions of environmental factors in driving genetic differentia-

tion. After filtering redundant variables, the final set consisted

of 11 environmental variables, including six bioclimatic and

five soil variables (Table S5; Figure S3). The result suggested

that soil layers played a more important role in explaining ge-

netic variation compared to climatic variables (Table S6).

Among these, SOIL31 (topsoil sand fraction), SOIL1 (available

water capacity [AWC] range), and SOIL21 (topsoil gypsum)

emerged as the top three variables with the strongest impact.

Environmental adaptation-related variations

We used two complementary genotype-environment associa-

tion (GEA) approaches, latent factor mixed model (LFMM) and

redundancy analysis (RDA), to detect environment-associated

genetic variants. The LFMM identified 1,528,526 SNPs that

were significantly associated with one or more environmental

variables. Notably, these SNPs were widely distributed across

the genome and did not cluster in specific regions. For the

RDA, we selected five low-correlated environmental predictors

(Pearson’s r < 0.7; Figure S4) and identified 292,211 environ-

ment-associated SNPs. The RDA results showed a clustering

of individuals from different lineages consistent with the PCA,

indicating the role of these environmental variables in driving

local adaptation of Welwitschia (Figure 4).
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Figure 2. Demographic history of Welwitschia

(A) Changes in effective population size (Ne) through time inferred by the pairwise sequentially Markovian coalescent model. The timescale on the x axis is

calculated assuming a mutation rate (μ) = 4.2 × 10−8 per site per generation and a generation time (g) = 50 years.

(B) Schematic of demographic scenario modeled using Fastsimcoal2. Estimates of gene flow between lineages are given in the migration fraction per generation.

The point estimates and 95% confidence intervals of demographic parameters are shown in Table S3.
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A total of 162,996 non-redundant SNPs were obtained when

the results of the two GEA analyses were combined. These

shared variants were regarded as ‘‘core adaptive variants’’ for

local adaptation, which were broadly distributed across the

genome (Figure S5). Of the core adaptive variants, only 0.08%

were non-synonymous, and 0.05% were synonymous muta-

tions, with all remaining variants being non-coding (Table S7).

These non-synonymous SNPs were associated with 86 genes.

Gene Ontology (GO) enrichment analysis showed that these

genes were significantly enriched in metabolic processes,

cellular processes, and regulation of biological processes

(Table S8). Finally, we found stronger genetic differentiation

(FST) at these environment-associated SNPs compared to other

SNPs (Figure S6), indicating that spatially varying selection has

likely driven population differentiation at these local adaptive

variants.

Population summary statistics

A set of genome-wide characteristics (π, Tajima’s D, FST, DXY,

and Df) was evaluated using an equal number of individuals

from each lineage. Genetic diversity (π) ranged from 1.471 to

1.953 × 10−3 (Table S9), with P2_12 exhibiting the highest

diversity and P1 the lowest. The positive Tajima’s D values

(1.411–1.682) may indicate a common historical demographic

bottleneck event in W. mirabilis (Table S9). FST values between

lineages ranged from 0.085 to 0.385 (Table S9). Consistent

with expectations, FST values were notably higher between allo-

patric lineages than sympatric ones (Table S9). DXY values

showed the same pattern as FST, ranging from 2.111 to

2.914 × 10−3 (Table S9). Notably, the P1 lineage exhibited a

higher degree of linkage disequilibrium (LD), a slower LD decay

rate (Figure S7), and lower nucleotide diversity. These genomic

patterns, together with the identity-by-descent analysis

(Figure 1F), support the inference of a smaller Ne in P1, which

may be primarily attributed to a long-term population bottleneck.

Genomic islands of divergence between lineages

The shape of the FST distribution varied between lineage pairs,

which is consistent with the varying degrees of genetic differ-

ences between them (Table S9; Figure S8). Consistent with rela-

tively recent population divergence, the FST values between

P2_12 and P2_3 displayed an L-shaped distribution without

any fixed differences (Table S9; Figure S8). Similarly, the FST
values between P1 and P3 showed a comparable L-shaped dis-

tribution with only 127 fixed differences, which corresponds to a

divergence scenario that includes contemporary gene flow

(Tables S4 and S9; Figure S8).

We detected outlier windows for each pair of lineages based

on their FST values and found that genetic differentiation be-

tween any two lineages was highly heterogeneous across the

genome (Figure S9), irrespective of genetic and geographical

distance. A total of 8,330 outlier windows with a size of 100 kb

were identified (Table S10). Some of these outlier windows

were shared between pairwise comparisons (Table S11), while

there were no shared outlier windows among all lineages.

Upon combining adjacent outlier windows, we obtained the final

genomic islands and found that approximately half of these

islands consisted of only one window (Table S10; Figure S10).

In addition, these islands were characterized by reduced nucle-

otide diversity (π), more negative Tajima’s D, and lower recombi-

nation rates, suggesting strong linked selection in these islands

(Figure 5A; Table S12).

We further investigated the factors underlying the formation of

genomic islands based on the DXY values.
13,17,19 For all pairwise

Figure 3. The relationship between genetic and geographical or environmental distances based on partial Mantel tests

(A) Isolation by distance (IBD) and (B) isolation by environment (IBE) for all individuals (n = 129). Genetic distances between all pairs of samples were measured

using identity by state (IBS), which was calculated by PLINK v.1.90. Each partial Mantel test evaluated the independent effect of one factor (geographical or

environmental distance) on genetic differentiation while controlling for the other.
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comparisons, genomic islands exhibited significantly elevated

DXY compared with the genomic background (Table S12). This

pattern was consistent in both allopatric and sympatric lineages,

indicating that these diverged haplotypes in genomic islands

likely originated from the ancestral populations. Although the

number of genomic islands can be influenced by both gene

flow and divergence time (Table S10), the widespread distribu-

tion of islands across the genome suggests that recent gene

flow has not been a major factor in their formation (Figure S9).

Instead, the strong positive correlation between DXY and π im-

plies the importance of ancestral polymorphism in island forma-

tion (Figure 5B). Additionally, we assessed whether environ-

ment-associated adaptive SNPs, identified by the LFMM and

RDA, were enriched within the genomic islands. Strikingly,

30.2% (49,264/162,996) of these adaptive SNPs were located

within 1,122 islands, showing a significant enrichment pattern

(Fisher’s exact test: odds ratio = 3.89, p < 0.001).

Identification of sex chromosome and SLRs

To elucidate the genetic mechanism of sex determination in

W. mirabilis, we conducted genome-wide association studies

(GWASs). In the SNP-based GWAS, we identified 184,297

SNPs that were significantly associated with sex phenotypes

(p < 1.06 × 10−9; Figure 6A). Notably, 172,267 (93.47%) of these

SNPs were clustered within specific regions on chromosome 6

(Figure S11A). To complement this approach, a k-mer-based

GWAS was performed. We identified 898,946 k-mers that were

successfully mapped to the reference genome, showing a signif-

icant association with sex (p < 1.01× 10−11; Figure 6B). To mini-

mize false positive signals caused by repetitive sequences and

sequencing errors, we filtered out clusters with fewer than 20

k-mers in any 10 kb window, retaining 841,076 sex-related

k-mers. Among these, 784,034 (93.22%) k-mers were located

on chromosome 6 (Figures 6B and S11B), further supporting

the pivotal role of this chromosome in sex determination. Addi-

tionally, chromosome 6 is the most differentiated between male

and femaleWelwitschia genomes, with the highest fixation index

(FST; Figure S12A) and the most differentiated nucleotide diver-

sity (π; Figure S12B). All these results confirm that chromosome

6 is the sex chromosome of W. mirabilis. Furthermore, we iden-

tified SLRs, with the largest region spanning from 72.04 to

92.82 Mb (Figure 6C). Within these regions, FST values between

males and females reach a maximum of 0.19 with an average

of 0.11 (Figure S12A). Genotype analysis at these sex-associated

loci revealed that 98.99%were homozygous in females, whereas

93.93% were heterozygous in males (Figure 6D), demonstrating

that Welwitschia possesses an XY sex-determination system.

Transcriptome analysis of male and female cones

To further understand the genetic architecture of the SLRs in

W. mirabilis, we analyzed the 157 genes within these regions,

and 118 of them were functionally annotated (Table S13).

Additionally, we identified 18 novel genes in the SLRs through

transcriptome assembly, five of which were successfully

annotated (Table S13). Among the 123 annotated genes, we

identified several candidates potentially involved in reproductive

development, such as UFO (W. mirabilis.22100) and MSI1

(MSTRG.16283). Notably, no MADS-box genes were detected

within the SLRs, although more than 30 MADS-box genes

were identified elsewhere in the Welwitschia genome.

Moreover, we performed differential expression analysis be-

tween male and female cones at two developmental stages

(M1 and M2 and F1 and F2; Figure S13). The result revealed

widespread expression divergence between the sexes, with

4,000 significantly DEGs identified (Figures S14A and S14B;

Table S14). Of these, 2,065 were upregulated in male cones

and 1,935 in female cones (Figure S14A). GO enrichment anal-

ysis indicated that the genes upregulated in males were strongly

associated with reproductive processes such as anther and sta-

men development, whereas those upregulated in females were

significantly enriched in terms related to cell wall organization

and secondary metabolism (Figure S14C). The transcriptional
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Figure 4. Redundancy analysis showing the relationships between the independent environmental parameters and the population structure

of Welwitschia

(A) Redundancy analysis (RDA)1 and RDA2 axes and (B) RDA1 and RDA3 axes. Individuals are shown in colored points, and colors represent four lineages (P1,

P2_12, P2_3, and P3). Blue vectors represent environmental variables (predictors).
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expression underlyingmale development was further highlighted

by three key findings: first, we identified 454 male-biased genes

and 98 female-biased genes based on their expression profiles

(Figure S14A; Table S14); second, 10 MADS-box genes were

significantly highly expressed in male cones, while only three in

female cones (Figure S15); and third, the early stage of male

cones (M1) had more upregulated DEGs than the later stage

(M2) (Figure S14B). Together, these results suggest that male

reproductive development involvesmore extensive and complex

transcription processes, particularly during early stages.

We further analyzed the DEGs located within the SLRs. The

result showed a remarkably small set of only 23 DEGs, with eight

upregulated in male cones and 15 in female cones (Table S14).

Among these, we identified one male-biased (MSTRG.16683)

and one female-biased (W. mirabilis.23857) gene. Their specific

genomic location and distinct expression patterns in cones

make them noteworthy.

DISCUSSION

Origin and maintenance of genomic divergence in

W. mirabilis

Elucidating the factors underlying the origin and maintenance

of genetic variation among populations is a primary goal of

population genomics. Unexpectedly, our present study reveals

a great genomic divergence among five geographically closely
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related populations of W. mirabilis from the southernmost re-

gion of the Namib Desert (Figures 1C–1F), although a general

strong population differentiation of this species was detected

by previous studies using different molecular markers.26,28

Climate change and species traits have been implicated in

shaping both past and current species distribution and genetic

structure.40–42 By integrating demographic history inference

with paleoclimate evidence, we obtain a comprehensive
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understanding of the evolutionary history of Welwitschia. During

the Pliocene, a large-scale population expansion occurred in all

lineages, which coincided with a period of relative global

warmth, potentially indicating optimal growth conditions

(Figure 2A).43,44 Following this period, the intensification of the

Benguela upwelling system and the onset of hyper-arid condi-

tions likely triggered both a substantial decline in Ne and the

divergence of lineages, which continued until ∼0.5 mya

(Figure 2).45–47Although this decline inNe is consistent with a de-

mographic bottleneck, an alternative explanation is the gradual

divergence among lineages, which could generate spurious sig-

nals of population size change.48–50 Therefore, the observed

signal may reflect both demographic change and population

subdivision. The population fragmentation led to a gradual

decrease in gene flow, which further promoted genomic diver-

gence among Welwitschia lineages. In addition, the finer-scale

genetic structure is strongly influenced by species traits, such

as the dispersal mode of pollen and seeds.51We found that there

was limited contemporary gene flow among lineages, even be-

tween P2_12 and P2_3, which are distributed on opposite sides

of the mountain and separated only by approximately 12 km

(Table S4). This may suggest that insect pollination serves as

the primary mode, and anemophily plays a minor role in

Welwitschia. This inference is also supported by both field obser-

vations and pollen fossil records,52–54 challenging the assump-

tion that anemophily is the dominant mode of pollination in

W. mirabilis.29,55 Previous studies have suggested that pollina-

tion drops produced by both female and male cones of Welwit-

schia serve as rewards for insect pollinators.25,53,56 Moreover,

although the seeds of Welwitschia have wings that develop

from the bracts, they are not windborne and generally fall under

the mother plant due to their considerable weight, as confirmed

by our field investigation.28,55 The seed wings could increase

buoyancy, aiding the dispersal by water, particularly during

episodic rainfall.

In summary, the genomic divergence among populations of

Welwitschia is primarily attributed to limited gene flow, a conse-

quence of geographical isolation and species characteristics.

The ongoing climate change significantly threatens the survival

of Welwitschia populations, leading to increased adult mortality

and smaller suitable habitats.27,57–59 Under such circum-

stances, populations with smaller effective sizes are more

vulnerable and prone to extinction in the future, e.g., P1. To

address this challenge, conservation measures, such as artifi-

cial pollination or the establishment of supplemental seed

banks, are needed to enhance the genetic connectivity and

diversity.

Role of ancient polymorphisms in shaping genomic

islands

A variety of evolutionary forces can shape genomic patterns of

divergence during lineage differentiation.13,16,22 Our study of

Welwitschia shows that genetic divergence between lineages

is highly heterogeneous, with genomic islands scattered across

the genome (Figure S9). Several characteristics, including

elevated FST and DXY and reduced π, Tajima’s D, and ρ, were

observed in these islands (Figure 5A; Table S12), as reported

in other plants.6,7,16,60,61 The reduced π and ρ in genomic islands

are generally associated with the hitchhiking effect, background

selection, or selective sweeps, while elevated DXY rejects the

latter two possibilities.13,17,62Different from elevated FST, a char-

acteristic of genomic islands, DXY is elevated only in islands

caused by differential gene flow between genomic regions or

ancient balanced polymorphism but is unchanged or below

average in recent ecological selection, ongoing background se-

lection, or recurrent selective sweeps.3,13,19 Therefore, in

Welwitschia, the elevated DXY suggests that differential gene

flow between genomic regions or divergent sorting of ancient

polymorphisms is the more likely primary driver of island forma-

tion, although environment-associated SNPs are significantly

enriched in genomic islands. However, under the scenario of

divergent selection with gene flow, the genomic islands tend to

be clustered together,63,64which is inconsistent with our findings

inWelwitschia as mentioned earlier. Our inference is further sup-

ported by the fact that the number of genomic islands decreases

when gene change occurs between P1 and P3 (Tables S4 and

S10), likely due to the homogenizing effect of gene flow. Thus,

although the varying degrees of gene flow significantly influence

genetic divergence,63,65,66 the variation in gene flow is unlikely to

be a major factor in generating genomic islands of divergence in

Welwitschia lineages. Instead, we propose that a more plausible

driver involves the divergent sorting of ancient polymorphisms.

Evolutionary forces such as balancing selection can maintain

highly differentiated haplotypes in an ancestral population. Dur-

ing population divergence, ecological selection for local adapta-

tion or stronger genetic drift may lead to lineage sorting of those

divergent haplotypes into the descendant populations un-

equally.19,67,68 Together with divergence hitchhiking, these fac-

tors can result in an increase in both the number and size of

genomic islands, ultimately generating the heterogeneous

genomic patterns of divergence.

Genomic signatures of local adaptation

Local adaptation to diverse habitats is widespread in plant pop-

ulations.69 We found a strong association between genetic

divergence and environmental variables, especially soil factors

(Figure 3; Table S6). The important role of soil layers in explaining

population genetic divergence is also supported by field obser-

vations and literature.26 Actually, soil abiotic properties, such

as nutritional status, water availability, and soil type, are the pri-

mary environmental factors that limit seedling establishment and

drive soil-mediated local adaptation.70–72

In addition, we detected a wealth of genetic variants associ-

atedwith environmental changes using the LFMMandRDA. Sur-

prisingly, 99.87% of them were located in intergenic and intron

regions (Table S7). This could indicate that regulatory elements

located in non-coding regions exert a crucial effect on adaptive

evolution by modifying gene expression.73–75 Alternatively, it

could be explained by the fact that the non-coding regions

of the genome are generally less conserved than protein-encod-

ing regions,76,77 especially in recently diverged populations.

Furthermore, we identified 86 environment-associated genes

via non-synonymous SNPs. These genes are primarily enriched

in metabolic process, cellular process, and regulation of biolog-

ical process (Table S8), suggesting that they may play a key role

in local adaptation and population divergence of W. mirabilis.
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Sex-determination mechanism in Welwitschia

As an ancient, monotypic lineage in the enigmatic Gnetales,37

Welwitschia is of significant value for studying plant sex-determi-

nation mechanisms. Our present study has successfully identi-

fied an XY system and a region from 72.04 to 92.82 Mb on chro-

mosome 6 as the SLR inW.mirabilis. Nevertheless, we could not

completely exclude the effect of several smaller regions on chro-

mosome 6 in determining or aiding gender differentiation

(Figure 6C). It is particularly intriguing that the MADS-box genes

were not detected in the SLRs of W. mirabilis, given their crucial

roles in sex determination for other gymnosperms.32,34 A study

on C. panzhihuaensis identified a MADS-box transcription factor

within the male-specific region of the Y chromosome that is ex-

pressed exclusively in male cones.34 Similarly, inG. biloba, most

MADS-box genes are differentially expressed between the

sexes, with four of them being specifically expressed in the sta-

minate strobilus, implying an important role in sex determina-

tion.32,78,79 These findings indicate a shared ancestral sex-deter-

minationmechanism controlled byMADS-box genes in the basal

gymnosperms, including cycads and ginkgo.34 The non-detec-

tion of MADS-box genes in the SLRs ofW.mirabilismay suggest

a unique evolutionary origin of sex chromosomes. This is plau-

sible due to the deep evolutionary divergence and distinct repro-

ductive organ features compared to those of cycads and

ginkgo.25,37 However, we cannot yet fully rule out the possibility

that the higher proportion of repetitive sequences and severe

recombination suppression in the SLR have impeded accurate

assembly and annotation, potentially hindering the identification

of such genes.80–82 Nevertheless, the significant differential

expression ofMADS-box genes betweenmale and female cones

strongly implies that they are indeed involved in the development

of reproductive organs ofW.mirabilis (Figure S15). Our transcrip-

tomic analysis identified only 23 DEGs within the SLRs,

including two sexually biased genes. The male-biased gene

(MSTRG.16683) is a homolog of ENODL9, which has been pre-

liminarily linked to the shift from the vegetative to the reproduc-

tive stage and floral initiation via carbohydrate signaling in Arabi-

dopsis thaliana, but further experimental evidence is required to

support such a function.83,84 The specific genomic location and

sexually biased expression patterns suggest that these two

genes may have an important role in sex differentiation, and it

will be of interest to investigate whether they are involved in

sex determination.

In addition, our transcriptomic analysis revealed distinct

reproductive strategies of Welwitschia. Male development

emerged as a more transcriptionally active and energy-

consuming process, as evidenced by a greater number of

male-biased genes, complex expression dynamics in early

male development, and male-upregulated expression of key

regulatory families such as MADS-box genes. In contrast, fe-

male-upregulated genes are primarily invested in structural sta-

bility and defensive functions, indicating a fundamental diver-

gence in reproductive strategy between the sexes.

Limitations of the study

We acknowledge certain limitations in our study. Our efforts to

assemble the male-specific region of the Y chromosome and

identify sex-determining genes faced great challenges, primarily

due to the limited number and length of the assembled contigs,

which hindered gene prediction and annotation. The k-mer

searching method widely used in angiosperms may be less

effective for gymnosperms. Due to ultra-large genome size and

high repetitive sequence content, previously assembled ge-

nomes of gymnosperms are relatively lower in quantity and qual-

ity compared to angiosperms.85 The inherent characteristic of

the SLR also makes it difficult to assemble using short-read

sequencing technologies.80–82 The successful assembly of the

male-specific region in Ginkgomay have benefited from the sib-

ling population samples and female reference genome used in

analysis.32 Although the cone samples in our study provide vital

clues, the comprehensive understanding of sex determination

will require sampling of more complete developmental stages,

especially the primordium stage. However, W. mirabilis is

endemic to the Namib Desert, making the collection of such ma-

terial challenging. The cultivation of multiple individuals will be

helpful to further studies on the mechanisms of sex determina-

tion in Welwitschia. Beyond this, a high-quality haplotype-

resolved genome assembly is necessary for resolving these

challenges and further elucidating sex chromosome evolution

in Welwitschia.
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Marais, E., Liao, Y., Dai, C., et al. (2021). TheWelwitschia genome reveals

a unique biology underpinning extreme longevity in deserts. Nat. Com-

mun. 12, 4247. https://doi.org/10.1038/s41467-021-24528-4.

40. Chen, I.C., Hill, J.K., Ohlemüller, R., Roy, D.B., and Thomas, C.D. (2011).

Rapid range shifts of species associated with high levels of climate

warming. Science 333, 1024–1026. https://doi.org/10.1126/science.

1206432.

41. Antão, L.H., Weigel, B., Strona, G., Hällfors, M., Kaarlejärvi, E., Dallas, T.,
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Experimental models: Organisms/strains

Welwitschia mirabilis: leaf, cones Collected from Namib Desert N/A

Software and algorithms

FastQC version 0.11.8 Babraham Bioinformatics https://www.bioinformatics.babraham.ac.uk/projects/

fastqc/

Trimmomatic v0.32 Bolger et al.88 https://github.com/usadellab/Trimmomatic

BWA v0.7.17-r1188 Li89 https://github.com/lh3/bwa

SAMtools v.1.16.1 Li et al.90; Danecek et al.91 http://samtools.sourceforge.net

Genomic Analysis Toolkit v4.1.9.0 McKenna et al.92 https://gatk.broadinstitute.org/hc/en-us
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EIGENSOFT v6.0.1 Patterson et al.96 https://github.com/argriffing/eigensoft

R v.4.4.1 R Core Team97 https://www.r-project.org/

STRUCTURE v2.3.4 Pritchard et al.98 http://www.stats.ox.ac.uk/∼pritch/home.html

STRUCTURE HARVESTER v.0.6.94 Earl and vonHoldt99 http://taylor0.biology.ucla.edu/structureHarvester/

BEAGLE v5.4 Browning and Browning100;

Browning and Browning101
https://faculty.washington.edu/browning/beagle/beagle.

html
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Li and Durbin102 http://github.com/lh3/psmc

r8s v1.81 Sanderson103 http://ginger.ucdavis.edu/r8s
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and Marchi et al.106
http://cmpg.unibe.ch/software/fastsimcoal2/

BayesAss3-SNPs v1.1 Wilson and Rannala107;

Mussmann et al.108
https://github.com/stevemussmann/BayesAss3-SNPs

Tracer v1.7.2 Rambaut et al.109 http://beast.community/tracer

Latent Factor Mixed Model Frichot et al.110 https://bcm-uga.github.io/lfmm/

VCFtools v0.1.16 Danecek et al.111 http://vcftools.sourceforge.net

Python3 scripts Sun et al.112 https://github.com/yongshuai-sun/hhs-omei

FastEPRR Gao et al.113 http://www.picb.ac.cn/evolgen/

Perl script Han et al.13 https://genome.cshlp.org/content/27/6/1004/suppl/DC1

GEMMA v.0.98.5 Zhou and Stephens114 https://github.com/genetics-statistics/GEMMA

KMC ver.3.2.4 Kokot et al.115 https://github.com/refresh-bio/KMC

kmerGWAS v.0.2-beta Voichek and Weigel116 https://github.com/voichek/kmersGWAS

Bowtie v1.3.1 Langmead et al.117 https://bowtie-bio.sourceforge.net/

HISAT2 v2.0.5 Kim et al.118 https://daehwankimlab.github.io/hisat2/

StringTie v2.2.1 Pertea et al.119 https://ccb.jhu.edu/software/stringtie/
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

In 2019, a total of 130 individuals ofW.mirabiliswere collected from five populations in the southernmost region of the Namib Desert

(Figures 1A and 1B; Table S1). Geographical coordinates of the sampling locations were recorded using a global positioning sys-

tem (GPS).

METHOD DETAILS

Library construction and sequencing

Genomic DNA was extracted from leaf tissue using the modified cetyltrimethylammonium bromide (CTAB) method and quantified

using both a Nanodrop 2000 spectrophotometer (Thermo Fisher Scientific) and a Qubit fluorometer (Invitrogen).121 Paired-end li-

braries were prepared using BGI Optimal DNA Library Prep Kit (BGI, Shenzhen, China) and sequenced on the DNBSEQ-T7 platform.

All individuals were sequenced to an average depth of 10×, with a read length of 150 bp and an insert size of 350 bp.

Read mapping and variant calling

For raw resequencing reads, we used FastQC version 0.11.8 (https://www.bioinformatics.babraham.ac.uk/projects/fastqc/) to

assess read quality and Trimmomatic v0.32 to remove adapters and low-quality reads.88 After quality control, all clean reads from

each individual were mapped to the W. mirabilis reference genome using the bwa-mem algorithm in BWA v0.7.17-r1188.39,89

SAMtools v.1.16.1 was used to convert Sequence Alignment Map (SAM) files to Binary Alignment Map (BAM) format and sort the

alignments.90,91 Subsequently, according to the Genome Analysis Toolkit (GATK) Best Practices, GATK v4.1.9.0 was used to

mark and remove polymerase chain reaction (PCR) duplicates, call SNPs for each individual, and combine SNPs across all

individuals.92,122,123

To remove potential false positive sites and obtain high-quality genome-wide SNPs, we further performed the following proced-

ures: (1) SNPs were filtered using GATK VariantFiltration with ‘QD < 2.0 || FS > 60.0 || MQ < 40.0 || SOR >3.0 || MQRankSum <-12.5 ||

ReadPosRankSum <-8.0’; (2) only biallelic SNPs at least 5 bp away from any indels were retained; (3) SNPs with a quality score <30,

read depth (DP) < 5 or genotype quality (GQ) < 20 were excluded; (4) variants with a missing rate >5% or minor allele frequency

(MAF) < 0.05 were removed; (5) SNP clusters with more than 3 SNPswithin 10 bpwindowwere removed; (6) SNPs within 10kb exten-

sion region of sex-related SNPs were excluded (see below); and (7) individuals with very close relationships (genetic distance >0.9)

were removed based on identity by state (IBS), which was calculated using PLINK v1.90 with the parameter ‘‘–distance ibs’’

(Figure S16).93 Finally, a total of 129 individuals and 27,740,007 SNPs were retained. Linkage disequilibrium at the species level

was calculated using PopLDdecay v3.40.94 To obtain independent SNPs, these SNPs were thinned using a distance filter of interval

>2Mb based on LD results (Figure S7), which yielded a 3,442 pruned SNP set that was used in the analyses of STRUCTURE,

BayesAss3-SNPs and Fastsimcoal2.

Population structure analysis

To investigate the population structure ofW.mirabilis, a neighbor-joining (NJ) tree was constructed based on the pairwise genetic dis-

tances between individuals using PHYLIP v3.697.95 The NJ tree was visualized using iTOL (https://itol.embl.de/). For PCA, we used

EIGENSOFT v6.0.1 to extract the top 10 principal components (PCs) and plotted the top three PCs using ggplot2 package (https://

ggplot2.tidyverse.org/) in R.96,97 STRUCTURE v2.3.4 was used to cluster individuals using the admixture model with correlated allele

frequencies.98 We carried out 10 independent runs for each value of K (from 1 to 6) with 1,000,000 burn-in steps and 10,000,000 Mar-

kov chain Monte Carlo (MCMC) steps. The optimal value of Kwas determined using STRUCTURE HARVESTER v.0.6.94 according to

the delta K method.99,124 For further insight into relationships among populations, we performed identity-by-descent analysis using

BEAGLE v5.4 with the following parameters: window = 100,000; overlap = 10,000; ibdtrim = 100; ibdlod = 10.100,101

Inference of lineage demographic history and gene flow

Based on the results of population structure analysis, P2_1 and P2_2 were merged into P2_12, due to their nearly identical genetic

background and negligible differentiation (see results). For the resulting four lineages (P1, P2_12, P2_3, and P3), we first used the

PSMC v0.6.5-r67 to infer historical changes in effective population size (Ne).102 As recommended, we used sequencing data with

a mean genome coverage of ≥18, a per-site filter of ≥10 reads, and no more than 25% of missing data.125 Three individuals were

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

TransDecoder v5.5.0 N/A https://github.com/TransDecoder/TransDecoder

DESeq2 Love et al.120 https://bioconductor.org/packages/release/bioc/html/

DESeq2.html
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selected from each lineage (Table S1). PSMC requires diploid consensus sequences, which were generated using the ‘‘pileup’’ com-

mand of the SAMtools software. We converted the scaled population parameters into Ne and years using a generation time of 50

years and a mutation rate of 4.2 × 10−8 substitutions per site per generation, which was estimated by r8s v1.81 based on the

maximum-likelihood (ML) tree published in Ran et al.37,103

Additionally, we inferred the demographic history and divergence time using a coalescent simulation-based composite-likelihood

method implemented in Fastsimcoal2.104–106 For all possible pairs of the four lineages, the two-dimensional joint site frequency

spectra (2D-SFS) was converted from a variant call format file using easySFS.py (https://github.com/isaacovercast/easySFS). Sub-

sequently, we designed and simulated 16 evolutionary models to test different hypotheses for divergence order and time, the pres-

ence/absence of asymmetric gene flow between each lineage pair, and recent changes inNe (Figure S1). The global maximum-likeli-

hood parameter estimates for eachmodel were obtained using 100 independent runs with 500,000 coalescence simulations and 100

conditional maximization algorithm cycles. The best model was identified through the maximum value of likelihoods and Akaike’s

information criterion (AIC). To obtain the 95% confidence interval of the best model, we generated 100 parametric bootstraps and

estimated the parameters on each bootstrap replicate using the same settings as for the analyses of the original dataset.

To evaluate the strength and direction of contemporary gene flow among lineages, we used BayesAss3-SNPs v1.1 (BA3-SNPs) to

estimate the proportion of immigrants in a given lineage based on Bayesian inference.107,108 We first performed initial runs to deter-

mine optimal mixing parameters using a binary search algorithm in BA3-SNPs. Subsequently, we ran five independent analyses with

20millionMCMC generations, 2million burn-in and sampling every 1000th iteration. Tracer v1.7.2 software was used to calculate the

mean and standard deviation of gene flow across the five runs.109 Migration rates were considered significant if 95% credible sets

(mean migration rate ± 1.96 × mean standard deviation) did not overlap zero.

Effects of geographical distances and heterogeneous environments on genetic structure

To investigate the effects of geographical distances and heterogeneous environments in shaping genetic structure, we performed

partial Mantel tests to detect IBD and IBE. We calculated genetic and geographical distances between all pairs of samples using

PLINK v1.90 and R package geosphere (https://github.com/rspatial/geosphere), respectively.93 Additionally, we downloaded 19

bioclimatic variables (1970–2000, 30 s resolution) and one elevation factor from WorldClim version 2.1 (https://worldclim.org/

data/worldclim21.html), and 35 soil layers from Harmonized World Soil Database v1.2 (HWSD, https://www.fao.org/soils-portal/

soil-survey/soil-maps-and-databases/harmonized-world-soil-database-v12).86,87 After removing variables displaying no variation

or containing missing data, 33 environmental factors were retained and used to calculate the Euclidean distances between individual

pairs (Table S5). The correlations between geographical/environmental distances and genetic distances were tested in the R pack-

age vegan (https://github.com/vegandevs/vegan) with 9,999 permutations.

To determine the relative importance of environmental factors, we conducted multiple regression on distance matrices (MRM).126

We first clustered these environmental variables and removed highly redundant ones (|r2| > 0.7) using R package Hmisc (https://

hbiostat.org/r/hmisc) to avoid multicollinearity. Subsequently, we standardized each environmental variable using R package

MuMIn (https://cran.r-project.org/package=MuMIn) to allow for the comparison of their relative importance. Finally, multiple matrix

regression was performed using R package ecodist (https://rdocumentation.org/packages/ecodist) with 9,999 permutations.

Identification of environment-associated genetic loci

We used two different approaches to detect environment-associated genetic loci across the whole genome. Prior to analysis, we

retained variants with a missing rate <2%, resulting in 8,301,475 SNPs, which were phased and imputed using BEAGLE v5.4 for

the GEA analyses.100,101 Firstly, LFMM was implemented to explore associations between allele frequencies and the 33 aforemen-

tioned environmental variables.110 Based on the number of ancestry clusters inferred by STRUCTURE v2.3.4,98 we ran LFMM with

two latent factors to account for population structure in the genotype data. For each environmental variable, five independent MCMC

runswere conducted using a burn-in of 5000 iterations followed by 10,000 iterations.We combined z-scores obtained from these five

runs and re-adjusted the p-values using a false discovery rate (FDR) correction with a cutoff of 1%. Secondly, we performed RDA,

which is one of the best-performing multivariate GEA approaches.127,128 Based on the relative importance estimated by the MRM,

five environmental variables (BIO1, BIO18, SOIL1, SOIL21, SOIL31) with low pairwise correlation (|r| < 0.7) were selected for the anal-

ysis. The RDA was conducted using the R package vegan (https://github.com/vegandevs/vegan). Significant environment-associ-

ated variants were identified as those having loadings in the tails of the distribution using a standard deviation cutoff of 3 on any

RDA axes. We further defined the overlapped genetic loci identified by both approaches as ‘‘core adaptive loci’’ for local adaptation.

Analyses of linkage disequilibrium, recombination, genomic diversity, and divergence

To explore the genomic basis underlying heterogeneous differentiation patterns, we calculated a range of summary statistics (e.g., π,

FST,DXY, and ρ).13,129,130 Tominimize bias arising fromunequal sample sizes, we randomly subsampled each lineage to 16 individuals

for subsequent analyses of genomic characteristics and genomic islands (Table S1). The nucleotide diversity (π) and Tajima’s D

values for each lineage, as well as relative (FST) and absolute (DXY) genetic divergence between lineages, were calculated using

VCFtools v0.1.16 and python3 scripts with 100 kb non-overlapping sliding window.111,112 Recombination rates (ρ) were estimated

along each chromosome of each lineage using FastEPRR software with 100 kb sliding window strategy.113 A Perl script was em-

ployed to calculate the fixed difference (Df), which was defined as the variants that showed one allele in all samples of one lineage
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and meanwhile showed the other allele in the compared lineages.13 In addition, we calculated the correlation coefficient (r2) of pair-

wise SNPs to estimate linkage disequilibrium for each lineage using PopLDdecay v3.40.94

Identification of genomic islands of divergence

We identified genomic islands for each pair of lineages by combining empirical and permutation approaches, following themethod of

Ma et al.16 First, we performed 5,000,000 permutations of SNPs across the entire genome to establish a null FST distribution for each

of the 100 kb non-overlapping windows holding different numbers of variable sites. Then, the p-values were determined through a

comparison of window estimates of FSTwith the relative null distribution and corrected for multiple testing using FDR adjustment. We

defined putative outlier windows as those within the top 5% of the empirical FST distribution and with an FDR lower than 0.01. To

minimize the false positive signals caused by variant calling and a limited number of loci, we excluded the very end window of

each chromosome and the windows containing less than 50 SNPs. Finally, adjacent outlier windows were combined to form larger

divergent islands and the numbers and sizes of these islands were compared across all lineage pairs. Moreover, we compared

genomic islands and genome-wide background for differences in multiple summary statistics using the Mann-Whitney U test,

including FST, DXY, π, Tajima’s D and ρ. In addition, we performed an enrichment analysis using Fisher’s exact test to determine

whether environment-associated SNPs were overrepresented in genomic islands.

Identification of the sex-linked region

To identify the sex-linked region in theWelwitschia genome, we conducted both SNP-based and k-mer-basedGWAS on 30male and

30 female individuals with sex treated as a binary phenotype (Table S1). For the SNP-based GWAS, variant calling and filtering were

performed as mentioned above, resulting in 47.14 million SNPs. GWAS analysis was performed using the genome-wide efficient

mixed model association (GEMMA) algorithm v.0.98.5 with a Bonferroni correction (p < 0.05).114 The kinship matrix was generated

using GEMMA and the first four components derived from PCA using PLINK v1.90 were included as random effects.93 For the k-mer-

based GWAS, all 31bp k-mers were extracted from clean reads and counted using K-Mer Counter (KMC) ver. 3.2.4.115 The k-mer

presence/absence matrix was then generated and filtered to retain k-mers with a MAF ≥0.05 and a minor allele count (MAC) ≥ 5.

Subsequently, kmerGWAS v.0.2-beta was used to convert the filtered k-mers to PLINK binary format.116 Finally, the retained

k-mers were aligned to the reference genome using Bowtie v1.3.1 and used for GWAS in GEMMA with the same parameters as

the SNP-based analysis.117 To further characterize the sex-linked region, we also calculated FST and π between the sexes with a

non-overlapping 20 kb window using VCFtools.111 By integrating significant GWAS signals with genomic regions in the top 5%

for both FST values and π ratios, we identified sex-linked regions. Additionally, we calculated the observed heterozygosity of each

individual at both genome-wide level and sex-associated SNPs using VCFtools.111

Gene annotation and differential expression analysis

To further understand the molecular mechanisms underlying sex determination in Welwitschia, we evaluated and categorized all

genes within sex-linked regions based on the annotations provided by the reference genome. In addition, we performed transcript

assembly and functional annotation using transcriptomic data that were generated from 10male and 14 female cone samples across

different developmental stages (Figure S13; Table S15). RNA-seq was conducted on the DNBSEQ-T7 platform, resulting in approx-

imately 6 Gb of raw reads per sample. After removing adapters and low-quality reads using Trimmomatic v0.32,88 clean reads were

mapped to the W. mirabilis genome using HISAT2 v2.0.5 and genome-aligned transcripts were assembled for each sample using

StringTie v2.2.1.118,119 The assembled novel transcripts were functionally annotated as follows: Open reading frames were predicted

using TransDecoder v5.5.0 (https://github.com/TransDecoder/TransDecoder), and the predicted protein sequences were used as

queries for BLASTP searches against the UniProt database based on sequence homology.

In addition, we calculated transcripts per million (TPM) values to identify differentially expressed genes between male and female

cones. Differential expression analysis was then performed with the DESeq2 R package.120 Genes with an adjusted p value <0.05

and |log2(FoldChange)|≥ 1 were considered as significantly differentially expressed genes. Finally, GO enrichment analysis was con-

ducted usingOmics-Share (https://www.omicshare.com/). Moreover, sex-biased genes were defined as genes expressed at varying

levels between male and female cones, based on their gene expression profiles. Male-biased genes were determined by log2(male/

female) ≥ 5, while female-biased expression was defined as log2(female/male) ≥ 5.

QUANTIFICATION AND STATISTICAL ANALYSIS

The differences in genomic parameters between genomic islands and the genomic background were assessed using the Mann-

Whitney U test. Enrichment of environment-associated SNPs within genomic islands was evaluated using Fisher’s exact test. For

gene enrichment analysis, the statistical significance was determined using the hypergeometric test, and p-values were adjusted

for multiple testing using Benjamini-Hochberg method on the Omics-Share platform. For all tests, a p-value of <0.05 was considered

significant. The statistical details can be found in the ‘‘method details’’ section and corresponding figure legends or table titles.
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