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Abstract

The genetic base of local adaptation has been extensively studied in natural populations. However, a comprehensive genome-wide perspective
on the contribution of structural variants (SVs) and adaptive introgression to local adaptation remains limited. In this study, we performed de novo
assembly and annotation of 22 representative accessions of Quercus variabilis, identifying a total of 543,372 SVs. These SVs play crucial roles in
shaping genomic structure and influencing gene expression. By analyzing range-wide genomic data, we identified both SNPs and SVs associated
with local adaptation in Q. variabilis and Quercus acutissima. Notably, SV-outliers exhibit selection signals that did not overlap with SNP-outliers,
indicating that SNP-based analyses may not detect the same candidate genes associated with SV-outliers. Remarkably, 29%—37% of candidate
SNPs were located in a 250 kb region on chromosome 9, referred to as Chr9-ERF. This region contains 8 duplicated ethylene-responsive factor
(ERF) genes, which may have contributed to local adaptation of Q. variabilis and Q. acutissima. We also found that a considerable number of
candidate SNPs were shared between Q. variabilis and Q. acutissima in the Chr9-ERF region, suggesting a pattern of repeated selection. We
further demonstrated that advantageous variants in this region were introgressed from western populations of Q. acutissima into Q. variabilis,
providing compelling evidence that introgression facilitates local adaptation. This study offers a valuable genomic resource for future studies
on oak species and highlights the importance of pan-genome analysis in understating mechanism driving adaptation and evolution.

Keywords: pan-genome, local adaptation, adaptive introgression, structural variants, oak

Introduction etal. 2023a,2023b). Although various methods have been de-
veloped to call SVs from short-read sequencing data, they
often suffer from low confidence (Cameron et al. 2019;
Kosugi et al. 2019). This limitation is particularly pronounced
in forest trees with complex genomic structures and high levels
of genetic diversity (Feng et al. 2024). With the advent of long-

read sequencing technology, graph-based pan-genomes have

Local adaptation is a crucial driving force that promotes gen-
etic differentiation and speciation (Savolainen et al. 2013;
Wadgymar et al. 2022). Genomic data have been extensively
employed to investigate the genetic basis of local adaptation
in natural populations (Savolainen et al. 2013; Sork 2018).
However, these studies often rely on mapping short reads to

a single reference genome, which fails to capture the full spec-
trum of genetic variation within a species, particularly for
large structural variants (SVs) (Bock et al. 2023; Song et al.
2023; Feng et al. 2024). It has been shown that SVs significant-
ly influence the expression patterns of genes involved in envir-
onmental stress responses (Hamaild et al. 2021; Kang et al.
2023; Yan et al. 2023; Shi et al. 2024), and contribute to
phenotypic variation (Liu et al. 2020; Qin et al. 2021; Chen

been developed to identify SVs based on multiple high-quality
assemblies and integrate genetic variation of a species in a
more intuitive way (Garrison et al. 2018; Della Coletta et al.
2021). Using graph-based pan-genome analyses, recent stud-
ies have detected many SVs associated with important adap-
tive and agronomic traits in model species and crops, such
as Arabidopsis thaliana (Kang et al. 2023), rice (Qin et al.
2021), soybean (Liu et al. 2020), and tomato (Zhou et al.
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2022¢). Until now, pan-genome data remain limited in non-
model, long-lived forest tree species (Feng et al. 2024), and a
comprehensive genome-wide view regarding the contribution
of SVs to genome evolution and adaptation is generally lack-
ing in these species.

The sources of genetic variation underlying local adaptation
may originate from de novo mutations, ancestral polymor-
phisms, or gene flow (Flood and Hancock 2017). For long-
lived forest trees, the time required for new mutations to arise
can be extensive; therefore, ancestral polymorphisms and gene
flow act as crucial drivers of local adaptation, enabling rapid
adjustments of species to changing environments (Savolainen
et al. 2007; Flood and Hancock 2017; Feng et al. 2024).
Hybridization is frequently observed between closely related
species with incomplete reproductive isolation, either in areas
of sympatric distributions or in secondary contact zones fol-
lowing a period of geographic isolation (Canestrelli et al.
2016; Cannon and Petit 2019). Although most of the foreign
genetic variants introduced through hybridization are neutral
or deleterious and are rapidly purged from the recipient spe-
cies’ genome, advantageous variants may be preserved
through selection, resulting in adaptive introgression (Moran
et al. 2021). While adaptive introgression has been well docu-
mented in plant species (Savolainen et al. 2007; Kremer and
Hipp 2020), few empirical studies have explored how benefi-
cial alleles involved in this process are selected and maintained
in both donor and recipient species.

Oaks (genus Quercus, Fagaceae) comprise more than 450
species and dominate the temperate and subtropical forests
of the Northern Hemisphere (Denk et al. 2017), representing
an “evolutionary success story” (Kremer and Hipp 2020).
Many oak species are distributed across large environment
gradients within their geographic ranges, and exhibit high lev-
els of genetic and phenotypic variation (Cavender-Bares 2019;
Kremer and Hipp 2020; Liang et al. 2021). Common garden
experiments and population genetics analyses have revealed
local adaptation in oaks (Rellstab et al. 2016; Martins et al.
2018; Leroy et al. 2020a; Gao et al. 2021; Zhou et al.
2022a). Given the high frequency of hybridization among
oak species (Zeng et al. 2011; Ortego et al. 2017, 2018; Kim
et al. 2018; Burge et al. 2019; Kremer and Hipp 2020;
Leroy et al. 2020b; Zhou et al. 2022b), adaptive introgression
may have effectively facilitated the spread of beneficial alleles
across species, enabling them to adapt to new environments.
Evidence of adaptive introgression has been observed in oak
species. For example, O’Donnell et al. (2021) demonstrated
that asymmetrical introgression from an endemic California
oak to a nonendemic species occurred during historical cli-
mate changes, suggesting the adaptive introgression of
climate-associated genes. Similarly, a common garden study
documented the introgression of loci associated with coastal
environment adaptability from Q. dentata into Q. mongolica
(Nagamitsu et al. 2024). A recent study using whole-genome
sequencing data revealed that the introgression from Q. robur
likely contributes to the adaptive divergence of Q. petraea
populations (Leroy et al. 2020a). The well documented signa-
tures of adaptive introgression, combined with increasingly
accessible genomic resources (e.g. Plomion et al. 2018;
Fu et al. 2022; Sork et al. 2022; Wang et al. 2023b), make
oak species an interesting system for investigating how intro-
gression contributes to adaptive evolution.

In this study, we focused on 2 sympatric oak species,
Quercus acutissima and Quercus variabilis, both belonging
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to the section Cerris (Denk et al. 2017). These species diverged
during the late Neogene (Liang et al. 2021) and are distributed
across a broad environmental gradient, ranging from temper-
ate to subtropical regions of East Asia (Huang et al. 1999).
Temperature and precipitation act as strong environment se-
lective pressures across their distribution ranges. Populations
from eastern and northern China occupy colder and more
arid niches, while populations in southwestern China inhabit
more humid niches with higher temperature and precipitation
(Zhao 2018; Yuan et al. 2023). Population genomic analyses
revealed extensive gene flow between these 2 species and sug-
gested that frequent hybridization has facilitated adaptation
to local environments (Fu et al. 2022). However, the genetic
basis of local adaptation and the extent of adaptive introgres-
sion remains poorly understood. Moreover, previous studies
relying on a single reference genome and utilizing short-read
resequencing data were not able to reveal how SVs contribute
to adaptive evolution in these species. To address these issues,
we first constructed a graph-based pan-genome based on de
novo assemblies of 22 Q. wvariabilis individuals to capture
the majority of genetic diversity within this species. Next, we
performed range-wide whole-genome resequencing of both
O. acutissima and Q. variabilis and integrated both SNPs
and SVs data to explore the genetic basis of local adaptation.
Finally, we focused on a genomic region of ~250 kb with
strong signals of selection to investigate how adaptive intro-
gression driving local adaption.

Results

Chromosome-Level Assembly and Annotation of 22
Q. variabilis Individuals

We sampled 22 individuals of Q. variabilis across the species’
distribution range for genomic analyses. One genome (CLM)
has previously published (Wang et al. 2023b), while the others
were de novo assembled for this study (Fig. 1a and
supplementary fig. S1 and table S1, Supplementary Material
online). A telomere-to-telomere (T2T) haplotype-resolved
genome assembly was constructed for the sample “SDTS”
(Material and Methods), and a gap-free haplotype
(SDTS-hap1) of this sample was used as a reference for
subsequent analyses (supplementary fig. S2, Supplementary
Material online). For each of remaining 20 individuals,
21-39 gigabases (Gb) of HiFi long reads (~26-49x coverage)
were assembled into contigs and then anchored into the 12
pseudo-chromosomes of SDTS-hap1 using RagTag (Alonge
et al. 2022). All assemblies exhibit high completeness and ac-
curacy, with a contig N50 of 11.1-64.8 megabases (Mb), com-
plete Benchmarking Universal Single-Copy Orthologues
(BUSCO) scores of 97.5%-98.3%, K-mer based estimates of
assembly consensus qualities of 58.9-65.3, and a long
terminal repeats (LTRs) assembly index of 21.2-23.0
(supplementary table S1, Supplementary Material online).
The sizes of the 22 Q. variabilis assemblies ranged from
777.3 to 838.1 Mb, which likely can be attributed to differing
degrees of expansion and retention of LTRs (supplementary
fig. S3 and table S2, Supplementary Material online). The
Q. variabilis assemblies exhibit a high level of synteny (syn-
teny relationship index, SRI=0.77-0.87; Fig. 1b and d), close
to reports in other plants, such as rice (Qin et al. 2021) and
tomato (Zhou et al. 2022¢). However, the degree of synteny
varies across the genome and was positively correlated with
the density of transposable elements (TE) (Spearman’s
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Fig. 1. Genome assembly and pan-genome analyses of 22 Q. variabilis accessions. a) Geographic distribution of the 22 Q. variabilis accessions sampled
for genome assembly. Each dot represents an individual belong to East (red) and West (blue) genetic groups identified in supplementary fig. S1,
Supplementary Material online. b) Collinearity among Q. variabilis genome assemblies. The chromosomes are represented by colorful boxes, and
collinear regions among these genomes are shown as gray blocks. Two individuals SDTS and CLM were assembled to haplotype level. ¢) Variation in
synteny diversity across genome estimated in 100 kb nonoverlapping windows. The dashed blue line indicate threshold for synteny diversity of 0.25.
d) Heatmap showing the SRI between each pair of Q. variabilis genomes. e) Positive correlation between synteny diversity and TE content across 100 kb
nonoverlapping windows. In the plot, the yellow-to-red-to-blue color gradient represents decreasing data density. Spearman’s correlation coefficient (p)
and P-value are shown. f) Changes in the number of gene families in the pan-genome and core-genome with increasing sample size. g) Pie chart
illustrating the proportion of core, soft-core, shell, and private gene clusters. h) Percentage of genes with InterPro domains in various gene clusters.
i—-k) Comparisons of the length of coding region (CDS), K./K; ratios, and expression levels among genes in different categories. In each box plot, the center
line denotes the median, while the lower and upper bounds of the boxes represent the first and third quartiles, respectively. The whiskers extend to 1.5
times the interquartile range, and outliers are not shown in the plot. Different letters (a—d) above each box indicate significant differences among gene
clusters, as determined by Wilcoxon-Mann-Whitney U-tests with Bonferroni correction (P<0.05).
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p=0.259, P<2.2¢7'% Fig. 1c and e). It is worth noting that
the level of synteny could be overestimated due to the use of
RagTag to scaffold contigs according to the same reference
genome. Future studies utilizing ultra-long reads and HiC se-
quencing data would help to assemble each genome into
chromosome-level assemblies without relying on a reference
genome. More accurate synteny estimates could then be ob-
tained from these nonreference-guided genome assemblies.

To construct the gene repertoire of Q. variabilis, we anno-
tated 33,210-37,752 protein-coding genes in each of the 22
assemblies (supplementary table S3, Supplementary Material
online), and clustered them into 59,238 pan-gene clusters,
which included 15,909 (26.9%) core (present in all 22 individ-
uals), 3,411 (5.8%) soft-core (present in 20-21 individuals),
20,989 (35.4%) shell (present in 2-19 individuals), and
18,929 (31.9%) private (present in only 1 genome) gene cat-
egories (Fig. 1f and g). As the sample size increased, the num-
ber of core gene families appeared to plateau, although a slight
decline was observed (Fig. 1f). In contrast, the pan-gene set did
not show saturation, even when all genomes were analyzed
(Fig. 1f). These results suggested that our sample size may
have captured the core gene set of Q. variabilis, but it was
not enough to represent the entire array of diverse gene fam-
ilies within this species. We also noticed that core genes tend
to exhibit longer coding sequences (CDS), a higher percentage
of genes with InterPro domains, a lower ratio of nonsynony-
mous to synonymous (Ka/Ks) substitutions, and a higher level
of expression than shell and private genes (P<0.03,
Wilcoxon—-Mann-Whitney U-test with Bonferroni correction;
Fig. 1h-k), suggesting that core genes are functionally con-
served. This is congruent with results of gene enrichment ana-
lyses, which indicate that core genes were enriched for
essential regulatory and metabolic process, while shell and pri-
vate genes were enriched for biological processes such as de-
fense response to biotic and abiotic factors (supplementary
fig. S4, Supplementary Material online).

Structural Variation ldentification and Graph-Based
Pan-Genome Construction

To construct a graph-based pan-genome for Q. variabilis, we
employed 6 complementary approaches to identify SVs among
the 22 Q. variabilis genomes (Fig. 2a and supplementary fig.
S5, Supplementary Material online). After merging redundant
SVs, we retained a total of 543,372 nonredundant SVs, cover-
ing 625 Mb of sequences absent from the reference genome.
This SV set including 294,985 insertions (INS), 246,773 dele-
tions (DEL), and 1,614 inversions (INV) (Fig. 2b). Most of
these SVs were short and present in only a few individuals, dis-
playing a more left-skewed allele frequency spectrum com-
pared to synonymous and nonsynonymous SNPs (Fig. 2c),
suggesting that these SVs are either newly emerged or more
deleterious to fitness than SNPs (Hamali et al. 2021). The dis-
tribution of SVs was uneven across the genome, and the num-
ber of SVs was positively correlated with the density of TEs
(Spearman’s p=0.59, P <2.2¢™'%; Fig. 2d and e), similar to
findings in other plants such as A. thaliana (Kang et al.
2023), Camellia sinensis (Chen et al. 2023b), and rice
(Qin et al. 2021). These results suggest a significant role of
TEs in driving the formation and evolution of SVs in plant
genome.

To assess the impact of SVs on gene expression, we catego-
rized genes into 26,265 SV-genes (genic bodies overlapping
with SVs) and 7,601 non-SV-genes (gene bodies not
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overlapping with SVs). The expression levels of SV-genes
were not significantly different from those of non-SV-genes
(W=98,685,380, P>0.05, Wilcoxon-Mann—Whitney
U-test; Fig. 2f). However, genes with SVs located in exons
(SV-exon-genes) exhibited much lower expression levels
compared to non-SV-genes (W=76,966,553, P=3.68¢",
Wilcoxon—-Mann—Whitney U-test; Fig. 2f). Furthermore,
SV-exon-genes had a higher proportion of low-expressed
genes (fragments per kilobase of transcript per million,
FPKM < 5) and fewer highly expressed genes (FPKM > 15)
compared to non-SV-genes (Fig. 2g). These results suggest
that SVs may influence gene expression by altering the
coding regions in Q. variabilis. By combining all nonredun-
dant SVs, indels, and SNPs (Materials and Methods), we con-
structed a pan-genome graph, which serves as a valuable
reference for the identification of SVs in Q. variabilis and re-
lated species.

Parallel East-West Divergence Between
Q. acutissima and Q. variabilis

To characterize genomic variation across the species’ range, we
analyzed whole-genome re-sequencing data for Q. variabilis
(143 individuals) and Q. acutissima (93 individuals), as well
as a related species Q. chenii (21 individuals) (Fig. 3a and b
and supplementary table S4, Supplementary Material online).
Using the graph-based pan-genome of Q. variabilis as a refer-
ence, we detected 21.7 million high-quality SNPs and
259,877 SVs that were used in subsequent analyses.
Population structure analyses based on SNPs and SVs, con-
ducted using NGSadmix (Skotte et al. 2013), principal compo-
nent analysis (PCA) and neighbor-joining (NJ) clustering
revealed clear divergence among the 3 species, as well as east—
west population differentiation within Q. acutissima and
Q. variabilis (Fig. 3a and b and supplementary figs. S6-S8,
Supplementary Material online). In each of these 2 species, pop-
ulations from eastern China and southwestern China clustered
into an “East group” and “West group,” respectively (Fig. 3a
and b and supplementary figs. S6-S8, Supplementary
Material online). The estimated genetic differentiation between
the East and West groups was generally low across the genome
(Fst=0.024-0.031, dxy=7.53 % 107°-7.85x 1073), and both
groups displayed similarly high levels of genetic variation (m=
7.533%x1073-7.751x107>; Fig. 3c and supplementary table
S5, Supplementary Material online). These results suggest
that many polymorphisms are shared between the East and
West groups in each species, most likely due to incomplete lin-
eage sorting and/or extensive gene flow.

To infer the divergence history of these species, we con-
ducted coalescent simulations using fastsimcoal2 v2.6.0
(Excoffier et al. 2013). The best-fitting model suggested that
the 3 species diverged sequentially 16.15-13.84 million years
ago (Ma), followed by divergence within Q. acutissima
and Q. wvariabilis around 5.66-5.50 Ma (Fig. 3d and
supplementary table S6, Supplementary Material online).
This timing coincides with major tectonic events and paleo-
climate oscillations during the Miocene-Pliocene in East
Asia (Zhisheng et al. 2001 ; Li et al. 2018). Intraspecific
gene flow between genetic groups was generally higher than
interspecific gene flow, except that relatively high gene flow
(per generation migration rate=1.34x107°-1.60x107°)
was observed between the 2 West groups of Q. variabilis
and Q. acutissima (Fig. 3d and supplementary table S6,
Supplementary Material online). Overall, we detected parallel
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Fig. 2. Characterization of SVs in the 22 Q. variabilis genomes. a) Number of SVs (deletion, insertion, and inversion) detected in each individual using
SDTS-hap1 as the reference genome. There are fewer SVs in SDTS-h2 compared to the other genomes because it represents a comparison between 2
haplotypes of the same individual (SDTS). b) The size distributions of 3 types of SVs. ¢) Allele frequency spectrum of SVs, synonymous (sSNP), and
nonsynonymous nucleotide variants (nSNP). d) Genome-wide distribution of SVs. The number of insertions (top panel), deletions (middle panel), and
inversions (bottom panel) were counted in 5 Mb nonoverlapping windows. e) Spearman’s correlation between the number of SVs and the number of TEs
counted in 5 Mb nonoverlapping windows. f) Comparisons of expression levels between non-SV-genes and SV-genes in leave tissue. The SV-genes were
further categorized into 4 groups based on the position of the SV relative to genic regions. In each box, the center line denotes the median, while the lower
and upper bounds of the boxes represent the first and third quartiles, respectively. The whiskers extend to 1.5 times the interquartile range, and outliers
are not shown in the plot. Different letters (a—c) above each box indicate significant differences of expression levels among gene categories, as
determined by Wilcoxon—-Mann-Whitney U-tests with Bonferroni correction (P< 0.05). g) Comparisons of gene expression between SV-exon-genes (SV
located in exon) and non-SV-genes in leave tissue across 19 Q. variabilis individuals. Each row represents an accession, with different colors indicating the
percentages of genes exhibiting varying expression levels. FPKM, fragments per kilobase of transcript per million mapped reads.

east-west divergence initiated almost simultaneously within ~ Genomic Basis of Local Adaptation
Q. variabilis and Q. acutissima, suggesting that common evo-  To investigate the genetic basis of local adaptation in the Q.
lutionary forces may have driven genomic differentiation. acutissima and Q. variabilis, we applied 3 complementary
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Fig. 3. Genetic divergence and demographic history of Q. variabilisand Q. acutissima. a, b) Upper panels: Spatial interpolation of 2 genetic groups inferred
by NGSadmix in Q. variabilis (a) and Q. acutissima (b). Each dot represents 1 population that was assigned to an East or West genetic group based on
population structure analyses. Colors gradients represent different genetic groups. Lower panels: Ancestral proportion for the populations of Q. variabilis
(a) and Q. acutissima (b) estimated based on SNPs and SVs when K=2. Each vertical bar represents the genetic composition of an individual, with

different colors corresponding to each identified ancestry. The 2 genetic groups are indicated below the bar plots. c) Circos display of the genome-wide
patterns of genetic variation estimated in 100 kb nonoverlapping windows for Q. acutissimaand Q. variabilis. Tracks from outermost to innermost are SNP
density (a), SV density (b), Fst between East and West groups of each species (c), dyy between East and West groups of each species (d), and nucleotide
diversity () of 4 genetic group (e). Qv, Q. variabilis; Qa, Q. acutissima; QvE and QvW, East and West groups of Q. variabilis, respectively; QaE and QaW,
East and West groups of Q. acutissima, respectively. d) Schematic diagram of the best-fitting demographic model inferred by fastsimcoal2. The strength
and direction of gene flow between the 2 West groups of Q. acutissima and Q. variabilis were shown. All demographic parameters are detailed in

supplementary table S6, Supplementary Material online.

methods to identify genetic variations potentially under nat-
ural selection. First, we performed genotype-environment as-
sociation (GEA) analyses using latent factor mixed-effect
models (LFMMs) (Frichot et al. 2013), identifying 10,474
and 9,326 SNPs significantly associated with at least 1 climate
variable in Q. acutissima and Q. wvariabilis, respectively
(supplementary fig. S9, Supplementary Material online).
Second, we employed a multivariate approach, redundancy
analysis (RDA), to evaluate associations between genetic
and environmental factors (Capblancq and Forester 2021),
detecting 1,620 and 4,393 candidate SNPs in Q. acutissima
and Q. wvariabilis, respectively (supplementary fig. S9,
Supplementary Material online). Finally, we performed a gen-
ome scan using PCAdapt (Duforet-Frebourg et al. 2014),

identifying 11,913 and 5,767 SNPs strongly associated with
population structure in Q. acutissima and Q. variabilis, re-
spectively (supplementary fig. S9, Supplementary Material on-
line). By integrating the candidate SNP detected through these
methods, we obtained a total of 1,149 and 2,916 SNPs com-
mon to all 3 approaches, which were hence considered as
strong candidates for local adaptation in Q. acutissima and
Q. variabilis, respectively (Fig 4a and b and supplementary
fig. S9, Supplementary Material online). Functional enrich-
ment analyses showed that genes harboring candidate SNPs
were involved in multiple abiotic stress-related functions
(supplementary table S7, Supplementary Material online),
suggesting a polygenic basis of adaptation. Using the same ap-
proaches, we detected 70 and 38 candidate SVs potentially
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Fig. 4. Genomic signatures of local adaptation in Q. variabilis and Q. acutissima. a, b) Manhattan plots for candidate SNPs potentially under selection
identified by a LFMM (upper panels), RDA (middle panels), and PCAdapt (lower panels) in Q. variabilis (a) and Q. acutissima (b). LFMM analyses revealed
associations between genetic variants and isothermality (bio3), and RDA was used to estimate squared SNP loadings for the first RDA axis after
controlling for population structure. Significant SNPs and SVs are indicated by red dots and blue triangles, respectively. Horizontal dashed lines represent
the significance thresholds for each test. ¢, d) Magnification of PCAdapt results around the Chr9-ERF region for Q. variabilis (c) and Q. acutissima (d). The
vertical dashed lines indicate the boundaries of the Chr9-ERF region (14.17-14.42 Mb on chromosome 9). Eight ERF genes annotated in the Chr9-ERF
region are marked with red boxes, while other genes are indicated by gray boxes. Significant SNPs located in genic regions are represented by light blue
dots. e) Comparison of 4 summary statistics between the Chr9-ERF region (red) and the genome-background (gray). The significance of each comparison
was evaluated by using randomization test with 100,000 permutations (*P< 0.05; **P<0.01; ***P<0.001; "*nonsignificant). f) Genotypes at 847 and
435 candidate SNPs located in the Chr9-ERF regions for Q. variabilis (left) and Q. acutissima (right), respectively. Rows indicate individuals from the East
and West genetic groups defined in Fig. 3, while columns represent genotyped loci. g) Magnification of XP-CLR scores surrounding the Chr9-ERF region.
The lines depicted are LOESS curves generated with a span of 0.2. Horizontal lines indicate the top 1% cutoff for XP-CLR scores. The vertical dashed lines
indicate the boundaries of the Chr9-ERF region.

differentiation between the East and West genetic groups of
Q. variabilis and Q. acutissima (Fs7=0.26-0.79 for SNPs
and 0.21-0.66 for SVs), ~10-30 times greater than the gen-
omic background (supplementary table S5, Supplementary
Material online). These findings suggest that both SNPs and

associated with adaptation in Q. variabilis and Q. acutissima,
respectively. Genes located within 10 kb of these SVs are asso-
ciated with stress and pathogen resistance and development
functions (supplementary table S8, Supplementary Material
online). Both candidate SNPs and SVs exhibited high genetic
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SVs have facilitated adaptive differentiation between popula-
tions of Q. variabilis and Q. acutissima. Additionally, most
candidate SVs were located more than 10 kb from adjacent
candidate SNPs (supplementary fig. S10 and table S9,
Supplementary Material online), indicating that they may be
independently selected.

Approximately 29.05% (847) of the Q. variabilis candidate
SNPs and 37.86% (435) of the Q. acutissima candidate SNPs
were located in a region ~250 kb in size (~0.03% of the as-
sembled genome) on chromosome 9 (Fig. 4c and d). This re-
gion contained 8 members of the ethylene-responsive factor
(ERF) gene family and is henceforth referred to as the
“Chr9-ERF” region (Fig. 4c and d and supplementary table
$10, Supplementary Material online). GEA analyses con-
ducted by LFMM revealed that candidate SNPs in the
Chr9-ERF region were significantly associated with tempera-
ture (bio3 and bio4) and precipitation variables (biol5 and
bio18; Fig. 4 and supplementary fig. S9, Supplementary
Material online). Additionally, these candidate SNPs
overlapped with 7 and 3 ERF genes in Q. variabilis and
Q. acutissima, respectively (Fig. 4c and d and supplementary
table S10, Supplementary Material online). The enrichment
of climate-associated SNPs related to ecologically relevant
ERF genes in the Chr9-ERF region suggested that this region
is likely involved in local adaptation in Q. variabilis and
Q. acutissima.

We found additional evidence for natural selection in
the Chr9-ERF region. First, this region showed significant
elevated relative differentiation (Fst), net divergence (dxy),
and relative node depth (RND) between genetic groups (P <
107, randomization test; Fig. 4e and supplementary table
S5, Supplementary Material online). Second, the 2 genetic
groups of Q. variabilis and Q. acutissima were each domi-
nated by distinct alleles at the candidate SNPs in the
Chr9-ERF region (Fig. 4f). Third, this region exhibited an ex-
cess of high-frequency derived alleles (more negative Fay and
Wu’s H) and strong linkage disequilibrium (LDj; higher Z,s)
in 1 or both groups of Q. variabilis and Q. acutissima (P <
107, randomization test; Fig. 4e and supplementary table
S5, Supplementary Material online), in accordance with ex-
pectations under positive selection. Finally, we scanned the
genome for signals of positive selection using the cross-
population composite likelihood ratio test (XP-CLR) (Chen
et al. 2010). Strong signals of selection were identified in the
Chr9-ERF region for both genetic groups of Q. variabilis
and Q. acutissima (Fig. 4g and supplementary fig. S11,
Supplementary Material online).

Repeated Selection on Genetic Variants Between
Q. acutissima and Q. variabilis

Given the largely sympatric distribution of Q. acutissima and
Q. variabilis, these species are likely subjected to similar en-
vironmental selective pressure, which may lead to the recruit-
ment of the same alleles, genes, or pathways for adaptation.
We adopted the “molecular parallelism” framework pro-
posed by Lee and Coop (2017, 2019), which suggests that
parallel changes in allele frequency driven by natural selec-
tion can occur independently across species. According to
this framework, beneficial alleles may arise through 3 distinct
pathways: de novo mutations, standing genetic variation, or
adaptive introgression. To test the hypothesis of molecular
parallelism, we examined whether shared beneficial variants
between Q. acutissima and Q. variabilis were more prevalent
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than expected by chance. In the Chr9-ERF region, 323 can-
didate SNPs were shared by Q. acutissima and Q. variabilis,
accounting for 74.25% and 38.13% of the Chr9-ERF
outliers found in these 2 species, respectively (Fig. Sa and
supplementary table S11, Supplementary Material online).
These ratios of overlapping SNPs were significantly
higher than expected (P<2.2¢7'®, Fisher’s exact test;
supplementary table S12, Supplementary Material online),
suggesting molecular parallelism at the SNP level in the
Chr9-ERF region. Because selection acting on the same
SNP does not necessarily favor the same allele, we further ex-
amined whether identical beneficial alleles were selected in
parallel. Following the methods developed by Wang et al.
(2021), we defined a SNP as “codirectional” (i.e. parallelism)
if it showed the same allele frequency shift in the 2
West groups of Q. variabilis and Q. acutissima. Otherwise,
a SNP was classified as “antidirectional” (i.e. nonparallel-
ism). All 323 shared candidate SNPs were codirectional,
while only 53.5% of randomly sampled SNPs displayed
codirectionality (Fig. 5Sb and supplementary table S11,
Supplementary Material online). In addition, similar patterns
of geographic clines were detected for all shared candidate
SNPs between Q. acutissima and Q. variabilis, but not for
any background SNPs (Fig. 5c and d). These results provide
strong evidence that same beneficial alleles were reused for
adaptation within the Chr9-ERF region in Q. acutissima and
Q. variabilis.

We further examined the extent of molecular parallelism
outside the Chr9-ERF region. At the SNP level, 16 (0.77%—
2.24%) candidate SNPs located outside Chr9-ERF were
shared between species (P<2.2e7'®, Fisher’s exact test;
Fig. Se and supplementary table S12, Supplementary
Material online), while 698/714 (97.76%) and 2,053/2,069
(99.23%) candidate SNPs were specific to Q. acutissima and
O. wvariabilis, respectively (supplementary table S12,
Supplementary Material online). To examine the extent of
molecular parallelism at the genic level, we considered a
gene as a candidate for selection if any candidate SNPs were
found within 10 kb upstream and downstream. In total, 137
and 412 candidate genes were identified in Q. acutissima
and Q. variabilis, respectively, and only 5 (1.21%-3.65%)
were shared between species (P <2.2e~'°, Fisher’s exact test;
Fig. Se and supplementary table S12, Supplementary
Material online). We further examined the degree of parallel-
ism at the level of gene function. In particular, we annotated
candidate genes using Gene Ontology (GO) terms and quanti-
fied the overlap in functional enrichment between species.
We found significant overlap in gene functions (868 GO
terms; P<2.2¢" ', Fisher’s exact test), accounting for
35.69% and 71.74% of candidate functions in Q. variabilis
and Q. acutissima, respectively (Fisher’s exact test; Fig. Se
and supplementary table S12, Supplementary Material on-
line). These results suggest that the extent of molecular par-
allelism is greater at the level of gene function than at SNP or
gene levels.

Introgression Between Q. acutissima and

Q. variabilis

Adaptive introgression is expected to generate clusters of lo-
cally adapted loci (Yeaman and Whitlock 2011) and may
thus explain the patterns of molecular parallelism in the
Chr9-ERF region. To test for gene flow between Q. acutissima
and Q. variabilis, we phased the whole-genome re-sequencing
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Fig. 5. Patterns of molecular parallelism within and outside the Chr9-ERF region in Q. variabilis and Q. acutissima. a) LD block plot showing pairwise r?
values among all candidate SNPs in the Chr9-ERF region for Q. variabilis (left) and Q. acutissima (right). The blue and green lines indicate shared and
species-specific candidate SNPs, respectively. The genomic positions of candidate SNPs are shown in gray at the middle bar. b) Alternative allele
frequency difference (AFD) between the West and East groups in Q. variabilis (x axis) and Q. acutissima (y axis). Red dots indicate the 323 shared
candidate SNPs located in the Chr9-ERF region that were codirectional. Black and gray dots represent 1,000 randomly sampled SNPs of which 535 were
codirectional (black) and 459 were antidirectional (gray). ¢, d) Geographic clines of 323 shared candidate SNPs (red lines) and the 1,000 randomly sampled
SNPs (gray lines) in Q. variabilis (c) and Q. acutissima (d). €) Number of overlapping candidate SNPs, genes and functions (GO terms) for local adaptation
outside the Chr9-ERF region between Q. variabilis and Q. acutissima. Categories indicated by asterisks exhibited higher overlap of the candidates than

expected by chance (***P<2.2e™"%, Fisher's exact test).

data and inferred the phylogenetic relationships among haplo-
types of the 2 species and Q. chenii. Phylogenetic analyses
based on the Chr9-ERF region grouped haplotypes into 3
clades (Fig. 6a). The first clade consisted of haplotypes mainly
from the East genetic group of Q. wariabilis (henceforth
“Qv-E”), and the second clade included haplotypes mainly
from the East group of Q. acutissima (henceforth “Qa-E”).
The third clade contained haplotypes from all 3 species and
was further subdivided into 3 haplotype groups (“Qa-W,”
“Qv-W,” and “Qc”) according to the origins of these haplo-
types. The Qa-W group contained haplotypes mainly from
the West group of Q. acutissima, the Qv-W group dominated
the West group of Q. variabilis, and the Qc group included all
haplotypes from Q. chenii (Fig. 6a and b and supplementary
fig. S13, Supplementary Material online). Notably, Qa-W
and Qv-W haplotype groups were not monophyletic, while
Qc haplotypes formed a distinct group nested within Qa-W
and Qv-W haplotypes (Fig. 6a). This grouping pattern based
on the Chr9-ERF region was different from that based on
genome-wide SNPs, where each species was recovered as
monophyletic (Fig. 6a). Therefore, we infer that the close rela-
tionship between Qa-W and Qv-W haplotypes on the
Chr9-ERF gene tree was most likely due to interspecific gene
flow between the West groups of Q. acutissima and
Q. variabilis.

Introgression between Q. acutissima and Q. variabilis in
the Chr9-EFR region was further supported by the observed

patterns of genetic variation. First, efficient local ancestry in-
ference (ELAI) analyses (Guan 2014) revealed that the pre-
dominant ancestry of Qv-W haplotypes in the Chr9-ERF
region was Qa-W haplotypes (allele dosages = ca. 0.8), which
is significantly different from the genome-wide averages
(Fig. 6¢ and supplementary fig. S14, Supplementary Material
online). Second, the Qa-W and Qv-W haplotype groups had
an excess of shared derived variants in the Chr9-ERF region,
showing significant introgression signals (/4 and d statistics;
false discovery rate (FDR) <0.01; Fig. 6d and supplementary
fig. S15, Supplementary Material online). Third, the Qv-W
and Qa-W haplotypes showed the lowest genetic divergence
(Fst and dxy) among all comparisons of haplotype groups
in the Chr9-ERF region (Fig. 6e, f, and i and supplementary
fig. S16 and table S13, Supplementary Material online).
Notably, both Qv-W and Qa-W haplotypes showed elevated
divergence from Qv-E haplotypes across the whole
Chr9-ERF region relative to genomic background (P <1072,
randomization test; Fig. 6g and h and supplementary fig.
S16 and table S13, Supplementary Material online). By con-
trast, the elevated divergence between Qv-W and Qa-W vs.
Qa-E was solely detected across the first part of the
Chr9-ERF region (Fig. 6g and h and supplementary fig. S16
and table S13, Supplementary Material online). These results
were compatible with a scenario in which Qa-W diverged
from Qa-E haplotypes across the first part of the Chr9-ERF re-
gion in Q. acutissima and then introgressed into Q. variabilis,
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Fig. 6. Adaptive introgression of beneficial alleles in the Chr9-ERF region between Q. variabilis and Q. acutissima. a) Phylogenetic relationships of
haplotypes based on the Chr9-ERF region (upper) and genome-wide (lower) SNP data. Five haplotype groups were identified based on the Chr9-ERF
topology and origins of these haplotypes. b) Geographic distribution of haplotype groups in Q. variabilis (left) and in Q. acutissima and Q. chenii (right).
c) Allele dosage of Qv-W haplotypes inferred using ELAI. Four haplotype groups (Qv-E, Qa-E, Qa-W, and Qc) were used as sources. d) Gene flow (fg)
between Qv-W and Qa-W estimated using the ABBA-BABA test. Red dots indicate windows with a significant introgression signal (FDR <0.01).

e-h) Genetic divergence (Fst and dxy) between haplotype groups. Horizontal dashed lines represent the genome-wide averages. In (c-h), all statistics
were estimated in 10 kb nonoverlapping windows, and the shaded area indicates the Chr9-ERF region. i) Genetic differentiation (Fst) between all
haplotype groups. The numbers above the lines indicate the average Fst between groups in the Chr9-ERF region, and a thicker line reflects higher values.
The lowest Fst value (Qv-W vs. Qa-W) is highlighted in red. For c-i, Qv-W, and Qa-W represent haplotypes exclusively from the West genetic groups of
Q. variabilisand Q. acutissima, respectively. Similar results were obtained for Qv-W and Qa-W haplotypes derived from the East genetic groups of these 2
species (see supplementary figs. S14-16 and table S13, Supplementary Material online).

generating the Qv-W haplotypes. The alternative hypothesis
of gene flow from Q. variabilis to Q. acutissima was deemed
unlikely, as it would result in high divergence between
Qv-W and Qa-E haplotypes across the entire length of the
Chr9-ERF region. Altogether, our results indicate that benefi-
cial variants in the Chr9-EFR region originated in the West
groups of Q. acutissima, followed by introgression into Q.
variabilis. These results point to gene flow as an important
source of advantageous variants for adaptive evolution in
oak species.

Discussion
Structural Variation Contributes to Adaptive
Evolution

In this study, we performed de novo assembly and annotation
of 22 representative accessions of Q. wvariabilis. Our pan-

genome analyses revealed that up to 73% of gene families
are dispensable (i.e. absent in some accessions), a significantly
higher proportion compared to other plants studied with simi-
lar sample sizes, such as A. thaliana (31%) (Kang et al. 2023),
Panicum miliaceum (58%) (Chen et al. 2023a), and soybean
(64%) (Liu et al. 2020). The high proportion of dispensable
gene families in Q. variabilis aligns with the observed high
genetic diversity in this species. Gene enrichment analyses in-
dicate that these dispensable genes are enriched in functions
related to abiotic and biotic stress responses, consistent with
findings in other plant species (Liu et al. 2020; Qin et al.
2021; Chen et al. 2023a; Kang et al. 2023). Previous studies
have demonstrated that dispensable genes contribute to local
adaptation and reproduction isolation (Hu et al. 2022; Li
and Lee 2023; Wang et al. 2023a; Liu et al. 2024; Shi et al.
2024). Based on these findings, we propose that dispensable
gene families may have significant functional implications
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and play important roles in driving adaptive divergence in
Q. variabilis.

Our pan-genome analyses also identified 543,372 non-
redundant SVs among the 22 Q. variabilis assemblies, cover-
ing 625 Mb sequences absent from the reference genome.
Genes with SV located in exon regions (SV-exon-genes) exhib-
ited lower expression levels compared to non-SV-genes. These
findings suggest that SVs may play a crucial role in shaping
genomic architecture and influencing gene expression in
Q. variabilis, similar to observations in other species such as
cacao (Hamala et al. 2021) and C. sinensis (Chen et al.
2023b). Alternatively, the low expression of SV-exon-genes
could be due to these genes being less likely to be under puri-
fying selection, making them more likely to accumulate SVs as
a result of genetic drift. We also found that SV-outliers exhibit
signals of selection that do not overlap with SNP-outliers, sug-
gesting that SNP-based analyses may not detect the same can-
didate genes associated with SV-outliers. Previous studies have
demonstrated that SVs can generate significant phenotypic
variation affecting important agronomic and adaptive traits
in plants (Liu et al. 2020; Qin et al. 2021; Chen et al.
2023a, 2023b; Kang et al. 2023; Yan et al. 2023).
Therefore, SVs likely contribute to adaptive evolution in
O. variabilis and Q. acutissima.

While our study provides valuable insights into the role of
SVs in adaptive evolution, several limitations should be noted.
First, the exclusion of SVs not present in the 22 Q. variabilis
assemblies may have led to an underestimated contribution
of SVs to the evolution of Q. variabilis and Q. acutissima.
To ensure high-quality SV calls, we focused exclusively on
SVs identified in the 22 Q. variabilis assemblies. While this
conservative approach can minimize false positive SV calls,
it may have overlooked SVs absent from the pan-genome pan-
el, including those specific to Q. acutissima or other
Q. variabilis individuals not sampled. However, if the adap-
tive SVs that originated from Q. acutissima are present at a
high frequency in Q. variabilis, they may be polymorphic
and detectable by our pan-genome panel. Second, the
reliance on short-read sequencing data limited our ability to
genotype a significant proportion of SVs in population level.
Approximate 52% of the SVs in the panel were genotyped
in fewer than half of the Q. acutissima or Q. variabilis individ-
uals using short-read sequencing data, and were therefore ex-
cluded from population genetic analyses. A similar challenge
has been observed in rice, where only 16% of the SVs identi-
fied in the pan-genome could be genotyped in other individuals
based on short-read sequencing data (Qin et al. 2021). Future
studies that integrate long-read sequencing data and more ad-
vanced analytical approaches will provide deeper insights into
the role of SVs in genome evolution and adaptation.

Selection in the Chr9-ERF Region Drives Genetic
Divergence in Q. variabilis and Q. acutissima
Population genomic analyses based on SNPs and SVs
revealed a similar east-west divergence pattern between
Q. variabilis and Q. acutissima and identified a genomic re-
gion (Chr9-ERF) enriched for candidate variants involved in
local adaptation in both species. This region exhibited ele-
vated genetic divergence and alleles frequency differentiation
between genetic groups, along with an excess of high-
frequency derived alleles and increased LD compared to the
genomic background, consistent with expectations under nat-
ural selection. Additionally, several candidate SNPs were

located within or adjacent to ERF genes in the Chr9-ERF re-
gion. The ERF genes belong to the AP2/ERF transcription fac-
tors family, which plays an essential role in plant responses to
environmental stresses, including heat, drought and cold
(Agarwal et al. 2017; Huang et al. 2021; Han et al. 2022).
The East and West groups of Q. variabilis and Q. acutissima
occupy distinct ecological niches, with varying temperatures
and water availability. The East group is distributed in eastern
and northern China, where the climate is arid and highly sea-
sonal, while the West group is found in southwestern China,
characterized by a more humid climate with lower seasonality
(Zhao 2018). Therefore, the ERF genes may have contributed
to the adaptation of Q. variabilis and Q. acutissima popula-
tions to their local habitats. Feature studies focused on valid-
ating the functions of candidate SNPs by dissecting the
complex climate-adaptive traits and their underlying genes
would provide valuable insights.

A considerable number of candidate SNPs were shared be-
tween Q. variabilis and Q. acutissima in the Chr9-ERF region,
suggesting a pattern of repeated selection. This result is con-
sistent with previous studies, which have shown that closely
related species often use same genes or alleles to adapt to simi-
lar environmental conditions (Bohutinska et al. 2021 ; Wang
et al. 2021; Montejo-Kovacevich et al. 2022; Wang et al.
2023c¢). The Q. variabilis and Q. acutissima are recently di-
verged species that occupy largely overlapping regions.
Therefore, the observed repeated selection in the Chr9-ERF
region is likely the result of similar genomic backgrounds
and consistent environmental selective pressure acting on
both species. Additionally, the Chr9-ERF region contains
multiple duplicated ERF genes, consistent with previous find-
ings that duplicated genes are repeatedly implicated in adapta-
tion likely because increased redundancy makes them more
likely targets of positive selection (Yeaman et al. 2016;
Nocchi et al. 2024). Outside of the Chr9-ERF region, we ob-
served molecular parallelism primarily at the level of gene
function rather than at the level of SNPs or individual genes.
Our findings align with theoretical predictions and empirical
evidence, suggesting that repeated selection tends to occur at
higher levels of organization during polygenic adaptation
(Chevin et al. 2010; Yeaman 2015; Bohutinska et al. 2021;
Cheng et al. 2021b; Wilkinson et al. 2021). Overall, our study
demonstrated that the same alleles were repeatedly selected in
the Chr9-ERF region but not in other regions, a pattern likely
influenced by multiple factors, including the genomic basis of
adaptive traits and the evolutionary history of functional
genes (Arendt and Reznick 2008; Bolnick et al. 2018; James
et al. 2023).

Adaptive Introgression Provides Advantageous
Variants for Local Adaptation

The role of adaptive introgression in facilitating the spread of
beneficial alleles across species boundaries is increasingly rec-
ognized as a key driver of local adaptation, particularly in spe-
cies with overlapping ranges and frequent hybridization
events (Savolainen et al. 2007; Kremer and Hipp 2020). In
this study, we provide compelling evidence that the beneficial
haplotypes in the Chr9-ERF region likely originated in the
West group of O. acutissima and were subsequently intro-
gressed into Q. wvariabilis. This hypothesis is supported by
phylogenetic analyses, local ancestry inference, and signals
of introgression (e.g. fq and d; statistics). Notably, 26% and
62% of outliers in the Chr9-ERF region are species-specific
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to Q. acutissima and Q. variabilis, respectively. This distinct
mutational spectrum between species contradicts expectations
from recent gene flow and instead supports a scenario of inde-
pendent selective sweeps acting on this genomic region in each
species. The Chr9-ERF region (~250 kb) exhibits an excep-
tional length compared to other introgressed segments
between West groups of Q. acutissima and Q. variabilis
(10-120 kb; supplementary fig. S15B, Supplementary
Material online). Considering the high recombination rate in
O. variabilis, the maintenance of Chr9-ERF haplotype block
strongly implies strong selection suppressing recombination
after introgression. Therefore, the Chr9-ERF region in
Q. variabilis is most likely a consequence of adaptive intro-
gression. The strong signals of adaptation and introgression
in the Chr9-ERF region aligns with theoretical expectation
that adaptive introgression often generates large genomic
blocks containing tightly linked adaptive alleles (Yeaman
and Whitlock 2011). Similarly, a recent study demonstrated
that adaptive introgression between Q. acutissima and
O. variabilis resulted in clusters of introgressed SNPs in specif-
ic chromosome regions (Fu et al. 2022). We further propose
that extensive intraspecific gene flow may have facilitated the re-
gional spread of Chr9-ERF haplotypes across southwestern
populations of Q. variabilis, highlighting the interplay between
selection and gene flow in shaping adaptive landscapes.
Furthermore, phylogenetic analyses revealed that the haplo-
types of the West group of Q. variabilis did not form a mono-
phyletic group but were intermixed with haplotypes from the
West group of Q. acutissima (Fig. 6a). This pattern suggests
that multiple haplotypes with different genetic backgrounds
were transferred from Q. acutissima to Q. variabilis through re-
peated hybridization events, supporting a scenario of recurrent
introgression. Repeated introgression can increase the initial
frequency of beneficial haplotypes in the recipient species, al-
lowing selection to act more efficiently on the introgressed al-
leles and thereby promoting adaptation. This mechanism
resembles the selection dynamics observed in standing genetic
variation (Barrett and Schluter 2008).

While advantageous variants in the Chr9-ERF region could
theoretically arise from de novo mutations or standing genetic
variation, these scenarios are very unlikely. First, given the re-
cent divergence between Q. acutissima and Q. variabilis, the
probability that all 323 shared mutations in the Chr9-ERF re-
gion accumulated independently after species divergence is ex-
tremely low (Probability=2.75¢72*%; see Materials and
Methods). Second, although recently diverged lineages may
share polymorphisms inherited from their most recent com-
mon ancestor, these variants are not expected to cluster in a
short genomic region (Yeaman 2013). Chromosome inver-
sions can maintain multiple adaptive alleles in LD
(Wellenreuther and Bernatchez 2018). However, we observed
high collinearity across genome assemblies around the
Chr9-ERF region (Fig. 1b and supplementary fig. S12,
Supplementary Material online), suggesting that the shared
advantageous polymorphisms in Q. acutissima and
Q. variabilis within this region is not due to an inversion.

Altogether, our results revealed the introgression of the
Chr9-ERF region from Q. acutissima to Q. variabilis, provid-
ing a clear example of how gene flow can drive local adapta-
tion in response to similar environmental pressures. While
previous studies in oaks have identified adaptive introgression
events involving SNPs in oaks (e.g., Leroy et al. 2020a;
Fuetal. 2022), our findings highlight the role of large genomic
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blocks, such as the ~250 kb Chr9-ERF region, in facilitating
the transfer of multiple linked adaptive alleles. Considering
the extensive gene flow observed among oak species (Kremer
and Hipp 2020), we propose that adaptive introgression
may have played a pivotal role in adaptation and speciation
in oaks and could also contribute to their response to future
climate change. Future research should focus on functional
validation of the introgressed alleles and their role in climate
adaptation, as well as exploring the broader genomic land-
scape of introgression.

Conclusion

Our study applied pan-genome analyses to capture and de-
scribe most of the diversity in Q. variabilis genomes and pro-
vided a comprehensive view of how SVs contribute to local
adaptation. We identified a genomic region (Chr9-ERF) under
strong selection in both Q. acutissima into Q. variabilis, which
may have played a role in the genetic divergence within each
species. We further demonstrated that advantageous variants
in the Chr9-ERF region were introgressed from western pop-
ulations of Q. acutissima into Q. variabilis, suggesting that hy-
bridization facilitated local adaptation in these species. In
summary, this study provides a valuable genetic resource by
assembling multiple Q. variabilis genomes and highlights the
importance of pan-genome analysis in understanding patterns
of genetic variation and the underlying mechanisms of adap-
tive evolution in forest trees.

Materials and Methods

Genome Sequencing

Genomic DNA was extracted from fresh leaves using a Plant
DNA Kit (Bioteke, Beijing, China). For short-read sequencing,
a paired-end library with insert sizes of ~350 bp was con-
structed and sequenced on an Illumima NovaSeq 6000
Sequencing System to generate 150 bp paired-end reads. For
PacBio long-read sequencing, a 15 kb HiFi library was pre-
pared and sequenced on PacBio Sequel II platform. To im-
prove the assembly quality, ultra-long reads (N50 > 100 kb)
was generated using Oxford Nanopore Technologies
(ONT). The ONT library was prepared using an
Oxford Nanopore SQK-LSK109 kit and sequenced on the
PromethION platform. For Hi-C sequencing, a Hi-C library
was constructed and sequenced on an Illumina HiSeq 2500
platform to obtain 150 bp paired-end reads. For RNA sequen-
cing, a total of 19 individuals were included (supplementary
table S1, Supplementary Material online). Among them, the
“SDTS” individual was sequenced for its leaf, root, and flower
tissues. For the remaining 18 individuals included in pan-
genome analysis, transcriptome sequencing was performed
on their leaf tissues. However, due to insufficient tissue avail-
ability, transcriptome data was missing for 3 individuals:
“CLM,” “GXNN,” and “SS.” Total RNA was extracted
using a plant RNA extraction kit (Omega Biotek, Norcross,
GA, USA). The mRNA was purified using poly-T
oligo-attached magnetic beads bound to complementary
DNA and sequenced to generate 150 bp paired-end reads on
the NovaSeq 6000 platform.

De Novo Genome Assembly

To generate a chromosome-level haplotype-resolved reference
genome assembly for the “SDTS” individual, we first inte-
grated HiFi long reads, ONT ultra-long reads, and Hi-C reads
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to produce 2 haplotype assemblies at the contig-level using hi-
fiasm v0.18.6-r513 (Cheng et al. 2021a). Next, the Hi-C reads
were mapped onto the assembled haplotype contigs using
Juicer v2.0 (Durand et al. 2016b), and chromosomes were as-
sembled using the 3D-DNA (v201008) pipeline (Dudchenko
et al. 2017), with the parameters “-m haploid -i 150000 -r 0
—editor-repeat-coverage 5.” The chromosome segmentation
boundaries and assembly errors were manually checked and
adjusted using Juicebox v1.11.08 (Durand et al. 2016a). The
ultra-long ONT reads were used to close remained gaps with
LR_Gapcloser (Xu et al. 2019). To correct the assembly er-
rors, Nextpolish2 v0.1.01 (Hu et al. 2024) was used to polish
the assembly based on HiFi reads and short reads. For the oth-
er 20 individuals (supplementary table S1, Supplementary
Material online), HiFi long reads were assembled into contigs
and then anchored to the 12 pseudo-chromosomes of
SDTS-hap1 using RadTag (Alonge et al. 2022).

To evaluate the quality of the genome assembly, we first es-
timated the BUSCO score using BUSCO v5.4.3 (Simao et al.
20135). Second, we assessed the quality of repetitive genomic
regions using the LAI vbeta3.2 program (Ou et al. 2019).
Finally, we estimated the per-base consensus accuracy (QV)
using Merqury v1.3 (Rhie et al. 2020), based on PacBio HiFi
long reads.

Genome Annotation

To annotate the repeat regions in the Q. variabilis genome, we
used TRF 4.09 (Benson 1999) to detect tandem duplications
and employed extensive de novo TE annotator v1.9.6 (Ou
et al. 2019) for annotating TEs. Additionally, we utilized
RepeatMasker v4.1.0 (Tarailo-Graovac and Chen 2009) to
identify the repeat regions based on Repbase (http:/www.
girinst.org/repbase).

To predict protein-coding genes, we employed 3 ap-
proaches, homology-based prediction, ab initio prediction
and RNA-seq-assisted prediction. For homolog-based predic-
tion, proteins sequences of related species were download
from the Swiss-Prot database (https:/www.uniprot.org/
downloads), A. thaliana Araport11 (Cheng et al. 2017) and
Populus trichocarpa v4.1 (Tuskan et al. 2006). For ab initio
prediction, coding regions of genes were predicted by using
Augustus v3.4.0 (Stanke et al. 2008; Keller et al. 2011),
GeneMark-ES v4.69_lic (Lomsadze et al. 2005), and SNAP
v2006-07-28 (Korf 2004). For RNA-seq-assisted prediction,
21 Q. variabilis transcriptomes (see above) were assembled us-
ing StringTie v2.2.1 (Pertea et al. 2015) based on RNA se-
quencing data and mapped to the genome assembly using
Hisat2 v2.2.1 (Kim et al. 20135). The gene models were then
predicted using PASAv2.5.2 (Haas et al. 2003) based on the
alignment. Finally, gene models predicted by the 3 methods
were integrated into consensus gene models using MAKER
v3.01.04 (Cantarel et al. 2008) and EVidenceModeler v1.1.1
(Haas etal. 2008), and further improved using PASA. The lon-
gest transcript of each predicated gene model was retained to
obtain a nonredundant gene set. The completeness of gene
models was assessed by searching the gene content of the em-
bryophyta_odb10 database using BUSCO (Simdo et al. 2015).

To infer gene functions, the protein sequences of Q. variabi-
lis were searched against SwissProt (https:/www.uniprot.org/)
and NR (ftp:/ftp.ncbi.nih.gov/blast/db/) databases using
BLASTP v2.13.0+ (Altschul et al. 1990). The protein domains
were predicted based on 6 publicly available databases
(ProDom, PRINTS, Pfam, SMRT, PANTHER, and

PROSITE) using InterProScan v5.56-89.0 (Blum et al.
2021). The GO terms and Kyoto Encyclopedia of Genes and
Genomes (KEGG) orthologs were inferred by using
eggNOG-mapper v2.1.9 (Cantalapiedra et al. 2021) and
KofamKOALA v1.3.0 (Aramaki et al. 2020), respectively.
To annotate noncoding RNAs (ncRNAs), we predicted
tRNAs using tRNAscan-SE v1.4 (Chan and Lowe 2019), de-
tected rRNAs by aligning rRNA sequences from related spe-
cies to the genome using BLASTN, and identified other
ncRNAs (e.g. miRNAs and snRNAs) using infernal
(Nawrocki et al. 2009) based on the Rfam database.

Collinearity Analyses

To quantify the collinearity among the 22 Q. variabilis assem-
blies, we identified and visualized syntenic blocks across the 12
pseudo-chromosomes using JCVI (Tang et al. 2024). To fur-
ther assess the synteny relationships between each pair of as-
semblies, we calculated the SRI parameter developed by
Chen et al. (2023Db). Finally, we extracted nonsyntenic regions
between each of the 20 assemblies and SDTS-hap1 using the
SyRI tool (Goel et al. 2019) and calculated synteny diversity
using SynDiv (Du et al. 2024) in 100 kb nonoverlapping win-
dows across the genome.

We also investigate genome collinearity around Chr9-ERF
region between Q. variabilis and Q. acutissima. To do that,
we sequenced 2 Q. acutissima individuals on the PacBio
Sequel II platform (supplementary table S1, Supplementary
Material online). These 2 individuals (Qa-LN and Qa-KM)
were chosen to represent the East and West groups of
Q. acutissima, respectively. A total of 21.44-42.05 Gb of
PacBio long reads was obtained for each individual
(supplementary table S1, Supplementary Material online).
Draft genomes of these 2 individuals were assembled using
Hifiasm (Cheng et al. 2021a) following the same procedure
applied for Q. variabilis. These newly generated assemblies
were aligned against the reference genome of Q. variabilis,
and the collinearity around the Chr9-ERF region was investi-
gated using SyRI (Goel et al. 2019) and Plotsr (Goel and
Schneeberger 2022).

Pan-Gene Analyses

To build the gene repertoire of Q. variabilis, we clustered the
protein-coding genes from 21 assemblies and 1 previously
published assembly (CLM) (Wang et al. 2023b) using
OrthoFinder v2.5.4 (Emms and Kelly 2019). For the 2
haplotype-resolved genomes (SDTS and CLM), we included
only the genes annotated in the longer haplotype
(SDTS-hap1 and CLM-hap1) to avoid redundancy. The genes
clusters were classified into 4 categories: core gene clusters,
conserved in all the 22 individuals; soft-core gene clusters, pre-
sent in 20-21 individuals; shell gene clusters, found in 2-19 in-
dividuals, and private gene clusters, containing genes from
only 1 individual. Nonsynonymous/synonymous substitution
ratios (Ka/Ks) within the core, soft-core and shell gene clusters
were computed using KaKs_Calculator v3.0 (Zhang 2022).
Functional enrichment analyses for each gene categories
were performed using clusterProfiler v4.6.0 (Wu et al. 2021).

Graph-Based Pan-Genome Construction

To construct a graph-based pan-genome of Q. variabilis, we
called genomic variants (SNP, indels and SVs) across
22 Q. wariabilis assemblies (supplementary table S1,
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Supplementary Material online), using SDTS-hap1 as the ref-
erence. To detect SVs, we aligned HiFi long reads to the refer-
ence genome and identified SVs using 4 methods: PBSV v2.9.0
(https://github.com/PacificBiosciences/pbsv), SVIM v2.0.0
(Heller and Vingron 2019), Sniffles v2.2 (Sedlazeck et al.
2018), and cuteSV v2.0.3 (Jiang et al. 2020). In addition, we
called SVs using 2 assemblies-based pipelines. First, assemblies
were aligned to the reference genome using minimap2
v2.24-r1122 (Li 2018) with parameters “-x asm$5 -a --eqx
—cs” and SVs were called using SVIM-asm v1.0.3 (Heller
and Vingron 2021). Second, assemblies were aligned to the
reference genome using nucmer in MUMmer v4.0.0rcl
(Kurtz et al. 2004) with parameters “--maxmatch -¢ 500 -b
500 -1 100.” Alignments with <90% identity and shorter
than 100 bp were discarded. SVs (>50 bp) were then identified
using Assemblytics v1.2.1 (Nattestad and Schatz 2016).
Finally, SVs detected by the 6 methods were merged using
SURVIVOR v1.0.3 (Jeffares et al. 2017), allowing a maximum
distance of 50 bp and reporting only calls supported by at least
2 callers.

To call SNPs and indels (<50 bp), we mapped HiFi long reads
of each individual to the reference genome using Winnowmap2
v2.03 (Jain et al. 2022) with the parameters “x map-pb-a-Y -L
--eqx --¢s --MD --secondary =no.” Variants were called using
DeepVariant v1.5.0 (Poplin et al. 2018) with the parameters
“--model_type =PACBIO.” The graph-based pan-genome was
constructed by integrating the linear reference genomes
(SDTS-hap1) and the identified variations using the graph tool-
kit (vg) v1.50.1 (Garrison et al. 2018).

Whole-Genome Re-Sequencing and SNP and SV
Calling

To facilitate population genomic analyses, 143 individuals
were sampled from 29 Q. variabilis populations, 93 individu-
als from 21 Q. acutissima populations, and 21 individuals
from 5 Q. chenii populations (supplementary table S4,
Supplementary Material online). In each population, 3-5
adult trees separated by at least 50 m were selected. Among
these samples, 107 individuals were sequenced for this study,
and the remaining 150 individuals were sequenced in previous
studies (Liang et al. 2021; Yuan et al. 2023; supplementary
table S4, Supplementary Material online). For each individual,
genomic DNA was extracted from silica gel-dried leaves using
a Plant DNA Kit (Bioteke) and sequenced on the Illumina
NovaSeq 6000 Sequencing System to generate 150 bp
paired-end reads. Sequencing for each sample was carried
out to achieve coverage of 28.3x-50.8x (supplementary
table S4, Supplementary Material online).

Raw sequencing reads were filtered using Trimmomatic
v0.39 (Bolger et al. 2014) to remove adapter sequences and
low-quality base pairs (base quality <20). Trimmed reads
with length > 36 bp were subsequently aligned to reference
genome (SDTS-hapl) using BWA-MEM with default
parameters in BWA v0.7.15 (Li and Durbin 2010). Aligned
reads were sorted using SAMtools v1.8 (Li et al. 2009).
PCR duplicates were marked using MarkDuplicate and
AddOrReplaceReadGroup implemented in GATK v4.1
(DePristo et al. 2011) and filtered out using Picard (https:/
github.com/broadinstitute/picard). Genotypes of each individ-
ual were called using HaplotypeCaller implemented in GATK
and then merged into a VCF file. Sites with base quality less
than 30, with mapping quality <30 or located in repeat re-
gions were excluded from SNP calling.

Liang et al. - https://doi.org/10.1093/molbev/msaf088

To obtain high-quality SNPs, we further applied strict filter-
ing steps. (i) Homozygous genotypes were set as missing if sup-
ported by fewer than 4 reads. (ii) Heterozygous genotypes
were set as missing if the minor allele was supported by <2
reads or if the read ratio (number of reads supporting the mi-
nor allele divided by the number of reads supporting the major
allele) was <0.1. (iii) Sites with more than 2 alleles, mean se-
quencing depth lower than 5 or higher than 100, proportion
of called heterozygous genotypes >50% or genotyped in fewer
than 70% individuals were removed. (iv) All indels were re-
moved. A total of 21,695,563 reliable SNPs called in 257 indi-
viduals were retained for subsequent analyses, unless specified
otherwise.

To genotype the SVs, Illumina short reads were mapped to
the graph-based pan-genome using vg giraffe (Sirén et al.
2021) and the SV genotyping was performed using vg call
(Hickey et al. 2020). To ensure the acquisition of high-quality
SVs, we retained only SVs with quality scores exceeding 30
and genotyped in more than 50% individuals, obtaining
259,877 high-quality SVs.

Population Structure Analyses

To infer population structure within and between species, we
conducted admixture analyses using NGSadmix (Skotte et al.
2013), applied a PCA using PCAngsd v1.0.1 (Meisner and
Albrechtsen 2018), and constructed NJ trees using MEGA-X
(Kumar et al. 2018). NGSadmix was run with predefined clus-
ters (K) ranging from 1 to 10, each repeated 10 times with dif-
ferent random seeds. The optimal K (i.e. the number of
putative genetic groups) was selected by the AK method
(Evanno et al. 2005). Population structure analyses were per-
formed based on common SNPs and SVs with minor allele fre-
quency (MAF)> 0.1, missing rate<0.1, and LD (r*)<0.2.
PLINK v1.07 (Purcell et al. 2007) was used to estimate LD be-
tween SNPs. To account for sequencing errors and uncertainty
in genotype calling, NGSadmix and PCAngsd were applied
based on genotype likelihoods.

Estimation of Population Summary Statistics

To investigate the landscape of genomic variation, ANGSD
v0.920 (Korneliussen et al. 2014) was used to calculate popu-
lation summary statistics, including z (Tajima 1989), Tajima’s
D (Tajima 1989), Fst (Weir and Cockerham 1984), and dxy
(Nei 1987), based on the folded site frequency spectrum
(SFS). We also calculated Fay and Wu (2000) H based on
the unfolded SFS using ANGSD. To control for variation in
mutation rates, we estimated RND (Feder et al. 2005) between
populations and species. All summary statistics were calcu-
lated across 10 kb nonoverlapping sliding windows. To quan-
tify the recombination rate across the genome, we calculated
the ZnS statistic (Kelly 1997) by averaging the LD () values
between all SNP pairs within a 10 kb sliding window.

To polarize the ancestral state of each SNP, we used Q. robur
(Plomion etal. 2018) and Q. suber (Ramos et al. 2018) as 2 out-
group species because they are closely related to the 3 oak spe-
cies investigated in this study. Briefly, we downloaded genome
sequences of Q. robur from the European Nucleotide Archive
(accession number: PRJEB19898) and Q. suber from
GenBank (accession number: PKMF0000000) and then con-
structed a multiple genome alignment with the Q. variabilis ref-
erence genome. Because Q. robur was more distantly related to
O. wvariabilis (Zhou et al. 2022b), the ancestral state was

G20z Ae\ gz uo Jasn saoualog [eunynouby Jo Alsianiun ysipams Aq 6Z L1 1L 8/8804BSW/G/Z/a101e/aqu/wod dno-olwapede//:sdijy woly papeojumoq


http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaf088#supplementary-data
https://github.com/PacificBiosciences/pbsv
http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaf088#supplementary-data
http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaf088#supplementary-data
http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaf088#supplementary-data
http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaf088#supplementary-data
http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaf088#supplementary-data
http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaf088#supplementary-data
https://github.com/broadinstitute/picard
https://github.com/broadinstitute/picard

Pan-genome Analysis in Oak Species - https://doi.org/10.1093/molbev/msaf088 15

determined as follows: (i) the allele shared with Q. robur was
the ancestral allele. Otherwise, (ii) the allele shared with Q. sub-
er was recognized as ancestral. If none of the alleles were shared
with Q. robur or Q. suber, the ancestral state was defined as
“unknown” for the SNP. The ancestry state was determined
for 98.34% of all SNPs.

Demographic History Analyses

To infer the demographic history of the 3 species, we con-
ducted coalescent simulations in fastsimcoal2 v2.6.0.3
(Excoffier et al. 2013). The 2D joint unfolded SFS was calcu-
lated using ANGSD v0.920 (Korneliussen et al. 2014) based
on intergenic sites, which are least affected by selection.
Eight isolation-with-continuous-gene flow models were eval-
uated (supplementary fig. S17 and table S14, Supplementary
Material online). Each model contained 5 current popula-
tions, representing the 2 genetic groups of Q. wvariabilis,
2 groups of Q. acutissima and Q. chenii. These models consid-
ered different scenarios of changes in effective population
size and divergence processes within Q. wvariabilis and
Q. acutissima (supplementary fig. S17, Supplementary
Material online). According to Liang et al. (2021), all models
treated Q. variabilis and Q. acutissima as sister species, with
continuous gene flow between populations along the diver-
gence processes. For each model, the global maximum
likelihood (ML) parameter estimates were obtained from
60 independent runs with a minimum of 100,000 coalescent
simulations as well as 40 iterations of the likelihood maxi-
mization algorithm. The best model was chosen based on
Akaike’s weight of evidence following Excoffier et al. (2013).

To estimate the confidence intervals of the parameters of the
best-fit model, we performed 100 parametric bootstrap repli-
cates and optimized model parameters with 50 independent
runs for each simulated dataset. To assess the goodness-of-fit
of the best-fit model, we calculated the expected SFS and sum-
mary statistics (x, Fs, and ZnS) based on 100,000 coalescent
simulations. The estimated summary statistics and SFSs based
on simulated data were consistent with those based on ob-
served data, suggesting that the best-fit model accurately cap-
tured aspects of demographic history (supplementary fig. S18,
Supplementary Material online).

To convert demographic parameter estimates into absolute
values, we estimated the mutation rate in oak species by using
the formula 4 =d/2T (Nei 1987), where d and T represent the
genetic divergence and divergence time between Q. variabilis
(representing the subgenus Cerris) and Q. robur (representing
the subgenus Quercus), respectively. The genomes of Q. robur
(Plomion et al. 2018) and Q. variabilis were aligned using lastZ
v1.04.15 (https:/lastz.github.io/lastz/), and genetic divergence
(d) was estimated as 0.07 based on intergenic sites. By using a
divergence time of 52 million years ago (Ma) between the sub-
genera Quercus and Cerris (Zhou et al. 2022b) and a generation
time of 100 years for oak species (Cavender-Bares et al. 2011),
the mutation rate was estimated as 6.75 x 10~% per site per gen-
eration. Notably, the mutation rate and generation time of for-
est trees are difficult to estimate in their nature habitat; thus
inferred population demographic parameters may require ad-
justments as these estimates change.

Detection of Genome-Wide Signatures of Local
Adaptation

We applied 3 complementary methods to identify candidate
SNPs and SVs associated with local adaptation in Q. variabilis

and Q. acutissima, separately. First, we performed GEA ana-
lyses to identify SNPs and SVs that were significantly associ-
ated with climate variables by using latent factor mixed
models (LFMMs) (Frichot et al. 2013), implemented in the
R package Ifmm2 (Caye et al. 2019). Because there were 2 gen-
etic groups detected in each species (see Results), we set K=2
to account for the confounding effects of population structure
in LEFMM analyses. We downloaded 19 environmental varia-
bles at 30s resolution from worldclim1 (http:/worldclim.
com/version1). The importance ranking of the 19 variables
was estimated by using a gradient forest analysis implemented
in the R package gradientForest (Ellis et al. 2012). After
comprehensive consideration of the importance ranking and
correlations between the 19 environmental variables, the 6
top-ranked environmental variables (Bio2, Bio3, Bio4, Bio$3,
Biol5, and Bio18) with Spearman correlation coefficients
Ipl<0.65 were retained for GEA analyses and RDA
(supplementary figs. S19 and S20, Supplementary Material
online).

Second, we used a multivariate approach, RDA, to evaluate
associations between genetic and environmental factors by
using the R package vegan (Van den Wollenberg 1977;
Capblancq and Forester 2021). Only the first 3 RDA axes
were considered, which jointly explained 60.91% and
61.73% of environmental variation in Q. wvariabilis and
Q. acutissima, respectively. Outlier SNPs and SVs were iden-
tified as those loaded in the tail of the distribution (mean +4
standard deviations).

Third, we scanned the genome for loci that were
strongly related to population structure using PCAdapt
(Duforet-Frebourg et al. 2014). This method does not need
any prior categorization of individuals into populations.
Because the first principal component (PC1) clearly divided
each species into 2 distinct genetic groups (supplementary
fig. S8, Supplementary Material online), we looked for SNPs
and SVs strongly associated with PC1. For both LFMM and
PCAdapt, the Benjamini-Hochberg FDR method was used
to correct for multiple testing (Benjamini and Hochberg
1995). SNPs and SVs with FDR <0.01 were recognized as
outliers.

We also scanned the genome for signatures of positive selec-
tion in each genetic groups of Q. variabilis and Q. acutissima
using the cross-population composite likelihood ratio test
(XP-CLR) (Chen et al. 2010). This method estimates the like-
lihood of allele frequency differentiation across multiple loci
between 2 populations. The program XP-CLR (Chen et al.
2010) was run from each genetic group, using the other group
as reference. For example, signals of selection in West group of
Q. variabilis were tested using East group of this species, and
vice versa. We calculated XP-CLR scores in 10 kb nonoverlap-
ping windows containing at least 10 common SNPs (MAF >
0.05). To minimize the influence of dependency on the com-
posite likelihood score, we used phased data and applied a
down weighting strategy for pairs of SNPs exhibiting high
LD (#*>0.95). Windows with the top 1% of XP-CLR scores
were considered as candidate regions under selection.

Functional Enrichment Analyses

To investigate whether any predicted functions were over rep-
resented for candidate genes, we performed enrichment ana-
lyses for GO items, Pfam entries, and KEGG pathways.
Candidate genes were defined as those with candidate SNPs
or SVs located within 10 kb up- and down-stream. To account
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for potential sampling bias caused by different gene lengths,
GO analyses were conducted using GOWINDA v1.12
(Kofler and Schlotterer 2012). Pfams and KEGG enrichment
analyses were performed using clusterProfiler v4.6.0 (Wu
et al. 2021). The significance of enrichment was tested by us-
ing 100,000 permutations, and multiple comparisons were
corrected by using the Benjamini-Hochberg FDR method
(Benjamini and Hochberg 19935). Functional categories with
an FDR<0.05 were considered significantly enriched.
Additionally, we discarded any GO, Pfam, or KEGG terms
supported by fewer than 5 genes to prevent misleading pat-
terns caused by rare terms.

Molecular Parallelism Analyses

To investigate the molecular parallelism in Chr9-ERF region,
we tested whether the same beneficial alleles were selected in
parallel between Q. variabilis and Q. acutissima. To do that,
SNPs were classified into “codirectional” and “antidirection-
al” categories following Wang et al. (2021). A SNP was de-
fined as codirectional when the same allele showed a high
or low frequency in the West groups of both Q. variabilis
and Q. acutissima, while a SNP was defined as an antidirec-
tional SNP when the same allele showed different trends in
comparisons between species. We categorized 323 shared
candidate SNPs in the Chr9-ERF region and 1,000 randomly
selected SNPs across the genome. The randomly selected
SNPs match the MAF of shared candidate SNPs (i.e.,
MAF=0.07-0.36 and 0.10-0.49 in Q. acutissima and
Q. variabilis, respectively). We further examined geographic
clines in allele frequencies for the 323 shared-SNPs and 1,000
randomly selected SNPs using the R package HZAR v0.2.5
(Derryberry et al. 2014). For both Q. wvariabilis and
Q. acutissima, the geographic axis started from the most
southwest population (Kunming, KM), and other popula-
tions were ranked according the geographic distance from
the KM population. Based on the AIC criterion, the best cline
model was chosen from 15 models for each SNP (Derryberry
et al. 2014).

We also examined the extent of molecular parallelism at the
genic and functional levels. A gene was considered as a candi-
date for selection if any candidate SNPs were found within
10 kb upstream or downstream. To assess the degree of paral-
lelism at the level of gene function, we annotate these candi-
date genes using GO terms and quantified the overlap in
functional enrichment between species. In total, 142 and
424 candidate genes were identified in Q. acutissima and
Q. variabilis, respectively. These genes were further annotated
to 1,366 and 2,616 GO terms in Q. acutissima and
Q. variabilis, respectively.

Estimating the Probability of Repeat De Novo
Mutation

The probability of a repeat de novo mutation occurring in 2
species is estimated as: Prob = (uxT)*, where T is the diver-
gence time and p is the mutation rate. Given a divergence
time of 13.83 million years between Q. acutissima and Q. var-
iabilis, and a mutation rate of 6.75 x 10~'° per site per year for
these 2 species, the probability of a repeat de novo mutation at
a given site is 0.00934 x 0.00934 = 8.72 x 10>, The probabil-
ity of 323 de novo mutations occurring in a 250 kb region
can be estimated as: C (2.5x10°, 323)x(8.72x107°)°*’ =
2.75x 107
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Testing for Introgression in the Chr9-ERF Region

To investigate gene flow between species, phylogenetic ana-
lyses, local ancestry inferences, and ABBA-BABA tests were
performed. The phylogenetic analyses were conducted
using RAXxML v8.2.12 (Stamatakis 2014) under the
GTRGAMMA model. All genotypes were phased using
Beagle v4.1 (Browning and Browning 2013) with default set-
tings, and a ML tree was constructed for phased haplotypes
based on common SNPs (MAF > 0.05). The best-scoring ML
tree was selected from 1,000 ML trees, and the topological
confidence of the best tree was evaluated based on 1,000 non-
parametric bootstrap replicates. Q. robur was used as an out-
group species for phylogenetic analyses. The topology of the
ML tree based on the Chr9-ERF region was compared with
that of the tree based on genome-wide SNPs, and the conflict
between gene trees was considered a signal of gene flow.

Introgression in the Chr9-ERF region was further validated
by estimating the local ancestry of 2 haplotype groups
(“Qv-W” and Qa-W) using the ELAI method (Guan 2014).
Following Guan (2014), 4-way admixture analyses were con-
ducted using 20 lower-layer clusters, 20 expectation maxi-
mization (EM) iterations and 50 admixture generations for
each optimization run. Three independent runs were carried
out with random seeds and results were averaged across
runs. The local allele dosages of Qv-W haplotypes were esti-
mated by using Qa-E, Qa-W, Qc, and Qv-E haplotypes as 4
sources.

ABBA-BABA tests were conducted to estimate 2 statistics,
fa (Malinsky et al. 2015) and d; (Pfeifer and Kapan 2019) in
10 kb nonoverlapping windows. By integrating information
for both f4 and genetic distance, the df statistic is robust to
the time of gene flow (Pfeifer and Kapan 2019). In addition,
both positive fq and d¢ values indicate gene flow between P3
and P2, whereas negative d; points toward gene flow between
P3 and P1 and negative f4 is meaningless. The fg statistic was
estimated using the pipeline developed by Simon Martin
(https://github.com/simonhmartin/genomics_general)  and
the d; statistic was estimated using PopGenome v2.7.1
(Pfeifer and Kapan 2019). To test the significance of gene
flow, Z-scores and P-values were estimated for windows
with at least 50 SNPs and corrections for multiple compari-
sons were performed using the Benjamini-Hochberg FDR
method (Benjamini and Hochberg 1995). Because Qv-W
and Qa-W haplotypes were each found in 2 different genetic
groups of Q. acutissima and Q. variabilis (Fig. 6 and
supplementary S13, Supplementary Material online), they
were each divided into 2 subgroups. The Qv-W haplotypes
from the West and East genetic groups of Q. variabilis
were divided into Qv-W1 and Qv-W2 subgroups, respective-
ly; the Qa-W haplotypes from West and East genetic groups
of Q. acutissima were divided into Qa-W1 and Qa-W2 sub-
groups, respectively. ELAI and ABBA-BABA analyses were
conducted based on 4 different combinations of haplotype
subgroups. The results based on the combination of
Qv-W1 and Qa-W1 are presented in the main text
and Fig. 6, while the results for other combinations are pre-
sented in supplementary figs. S14-S16 and table S13,
Supplementary Material online.

Supplementary Material

Supplementary material is available at Molecular Biology
and Evolution online.
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