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Population genomics of Quercus gilva
provides insights into the conservation of
fengshui forests
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Ze-Yi OUYANG5, Jia-Xiang LI1,2, Min DENG6 & He LI1,2

Human-driven environmental changes threaten the region's dominant trees. China’s fengshui forests
harbor ancient trees with cultural and ecological significance, yet their climate resilience remains
uncertain. By integrating genome and resequencing data, we investigate the structural variants,
demographic dynamics, and local adaptation ofQ. gilva, a threatened East Asian oak vital to fengshui
traditions. The genome structural variants are enriched in critical pathways such as stress response
and genome maintenance. Divergence of Q. gilva populations into Chinese and Japanese lineages
occursduringmid-Plioceneclimatic shifts. TheChinese lineagecarries ahigher genetic load, including
deleterious mutations in histone deacetylase-associated genes that may impair adaptability. We
propose four populations (Changning, Kiyosumi, Tama, and Lianyuan) as preliminary conservation
prioritiesdue to their higher genetic diversity and lower genetic load. In contrast, the Jianoupopulation,
which contains at least 240ancient trees,maybe susceptible to inbreeding depression as a result of its
lowgenetic diversity andhighgenetic load.However, enhancingpopulation resilience to future climate
change through genetic rescue will depend on further comprehensive genetic and ecological studies.

Rapid environmental changes caused by human activity have accelerated
species decline in recent decades, even driving the extinction of some
species1. The Intergovernmental Science-Policy Platform on Biodiversity
and Ecosystem Services (IPBES) report indicated that ca. 25% of organisms
are currently at risk of extinction2. How to prevent or delay the effects of
environmental changes on species at risk of extinction is a leading topic for
conservation biologists, with current conservation biology studies focused
mainly on endangered species3. Widely distributed trees are also increas-
ingly threatened by habitat loss and fragmentation driven by recent human
activity, but their threatened status has thus far received little attention or
investigation. Forest keystone trees are critical for maintaining ecosystem
function and stability; their decline or loss triggers profound, cascading
ecological impacts in the ecosystems4. For instance, the collapse ofCastanea
dentatapopulations not only resulted in the loss of a keywildlife food source
and valuable timber resources but also fundamentally altered forest struc-
ture and composition5. Similarly, the mortality of ash trees (Fraxinus spp.)
significantly reduces biodiversity, disrupts critical ecological processes (e.g.,
water, nutrient, and carbon cycling), and compromises structural integrity,

thereby threatening the long-term health and resilience of affected
ecosystems6,7. Given that re-establishing populations of keystone species
through artificial intervention demands significant investments of time and
resources, studying these trees within a conservation and management
framework is essential8.

Species in regionswith intense human activity tend to be at greater risk
of extinction. That said, local people have also contributed to the long-term
protection of some species in their regions, such as trees residing in cultu-
rally protected forests9. These culturally protected forests often consist of
small remnants of forests found worldwide, especially in Africa and Asia,
and include sacred groves, fengshui forests, songgye, and church forests10.
Local people haveprotected them for centuries for reasons of religion, taboo,
and traditional belief 9. In addition to their cultural value, culturally pro-
tected forests are essential for maintaining ecological functions and
biodiversity11,12. Fengshui forests, also known as fengshui woodlands, are
specialized natural forests or small-scale agroforests that are culturally
preserved remnants. These forest areas are typically near villages and are
commonly found in southern Chinese regions. However, the adaptive
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capacity of these centuries-old trees to persist under projected climate
change remains uncertain. Therefore, evaluating their evolutionary poten-
tial is critical for informing effective conservation strategies and ensuring
their long-term survival10.

Population genomics utilizes high-throughput sequencing technolo-
gies to obtain genome-wide genetic variation data, thereby enabling high-
resolution and comprehensive analysis of species’ spatial genetic structure
and evolutionaryhistory13. By integrating analyses of adaptive evolution and
genetic load, this approach enhances the development of scientifically
informed and objective conservation strategies. A key objective in studying
local adaptation is to identify genes undergoing rapid frequency changes
under natural selection and to elucidate their biological functions14. This is
commonly accomplished by detecting genomic signatures of selective
sweeps, which are reflected in outlier values of population genetic statistics
such as Tajima’s D and Fst. Another widely used method for identifying
genomic variants involved in local adaptation is environmental association
analysis (EAA). By modeling correlations between allele frequencies and
environmental variables, EAA helps pinpoint loci associated with specific
adaptive pressures. This approach often employs multivariate statistical
techniques such as redundancy analysis (RDA)15 or latent factor mixed
models (LFMM)16. In parallel, the study of genetic load—defined as the
accumulation of deleterious mutations—has gained increasing relevance in
conservation genetics17. Genetic load provides critical insights into the
severity of inbreeding depression and constraints on adaptive potential,
thereby revealing hidden threats to population persistence and supporting
proactive conservation planning. For instance, a population genomic study
of Rhododendron vialii revealed that its survival is threatened not by a
general lack of genetic diversity, but by the genomic vulnerability of mar-
ginal populations and their unique adaptive potentials18. This finding
underscores the importance of precision conservation, advocating for a
“one-population-one-strategy” framework.

Advances in high-throughput sequencing and the accompanying
reduction in costs have also made it increasingly feasible to compare intra-
specific genomes and characterize genome-wide structural variants (SVs)19.
SVs are often associated with key phenotypic traits and play an important
role in speciation and rapid environmental adaptation. For example, the rice
pan-genomeproject revealed that extensive SVs are linked to adaptive traits,
and that these variations cannot be detected by relying solely on single-
nucleotide polymorphisms (SNPs) and a single reference genome20.
Therefore, integrating the systematic analysis of both SNPs and SVs is
essential for a holistic understanding of evolutionary processes in natural
populations.

Quercus gilva Blume (Fagaceae) (2n = 24), belonging to Quercus sec-
tion Cyclobalanopsis, is an ecologically and economically important oak
found in the evergreen broad-leaved forests of East Asia. This species is
distributed in the subtropical regions of southernChina, Japan, andKorea21.
Quercus gilva resides at altitudes ranging fromapproximately 300 to 1500m
and is highly impacted by human activities, such as the expansion of agri-
cultural land, the construction of roads, and the production of valuable
furniture. The number and size of the Q. gilva population have declined
rapidlydue to intensive landuse andhumandisturbance.On thebasis of our
population survey inChina,most currentQ. gilva populations are located in
fengshui forests of villages or around temples, with only limited numbers of
individuals (Table 1). In Japan,Q. gilva is distributed fromHonshu Island to
Kyushu Island, with only a few individuals found in native forests22. In
Korea,Quercus gilva is distributed on Jeju Island, with ca. 700 individuals23.
It is listed as an endangered species by theKoreanMinistry of Environment.
Although the species is not listed as endangered in China or Japan, con-
sidering its significant ecological function in local evergreen broad-leaved
forests (EBLFs) and its essential role in fengshui forests, Q. gilva offers a
unique chance to investigate the conservation genetics of trees in fengshui
forests.

Several studies in recent years have characterized the genetic patterns
and distribution dynamics of Q. gilva. Using simple sequence repeats as
geneticmarkers, the genetic diversity of Jeju Islandpopulationswas found to

be similar to that of populations from southern Japan24. Thirteen haplotypes
were detected amongpopulations from Japan,mainlandChina, andTaiwan
Island via chloroplast DNA sequences, with no shared haplotypes among
the three geographical regions22. These two studies provided deep insights
into the spatial genetic patterns ofQ. gilva, although the core populations in
mainland China have yet to be sampled. The most recent study using low-
coveragewhole genome resequencing (WGS) data did not detect significant
genetic differentiation among Q. gilva populations from mainland China
and Japan25. This study, however, only calculated the genetic diversity and
structure of the specieswithout analyzing the demographic history and local
adaptation of the species25. Despite the availability of two chromosome-level
genomes for Q. gilva, the absence of a genomic resource from western
Hunan—a central part of its natural range—leaves a critical knowledge gap.
This gap hinders a comprehensive understanding of the species’ adaptive
potential and SV landscape, underscoring the necessity of sequencing a
representative from this region.

In this study, we generated a de novo chromosome-level assembly of
theQ. gilva genome and comprehensively resequenced 55 individuals from
19 populations, including 13 populations (38 individuals) fromChina and 6
populations (17 individuals) from Japan (Table 1). We aimed to (1) detect
the SVs of Q. gilva genomes; (2) infer the spatial genetic patterns and
demographic history of Q. gilva via high-coverage resequencing data, and
(3) reveal the local adaptations of Q. gilva to environmental changes. Our
study provides deep insights to aid in species conservation within fengshui
forests under future climate change.

Results
Genome assembly and annotation
The Q. gilva genome was assembled de novo and annotated via 41.90
gigabytes (Gb) of Illumina short reads, 106.39 Gb of Nanopore long reads
(mean length: 21.99 kb), 123.24 Gb of Hi-C data, and 36.57 Gb of RNA-Seq

Table 1 | Genetic diversity statistics for 19Q. gilva populations

PopID Location θπ*1000 He Genetic
load

FROH Dis.

China group

HT Huitong, Hunan 1.011 0.2189 0.8655 0.0847 EV

TD Tongdao, Hunan 1.000 0.2112 0.8665 0.1147 EV

JZ Jingzhou, Hunan 0.973 0.2153 0.8678 0.1248 EV

CN Changning,
Hunan

1.062 0.1984 0.8694 0.0988 EV

SN Suining, Hunan 0.889 0.2122 0.8658 0.1143 EV

XS Xinshao, Hunan 0.877 0.1995 0.8858 0.1024 EV

LY Lianyuan, Hunan 1.057 0.2032 0.8668 0.1028 EV

PJ Pingjiang, Hunan 0.881 0.1844 0.8636 0.1217 SA

SZ Sangzhi, Hunan 0.999 0.2086 0.8641 0.0857 EV

TT Ningbo, Zhejiang 1.048 0.2026 0.8604 0.0937 SA

PT Zhoushan,
Zhejiang

0.955 0.2082 0.8823 0.1909 SA

MQ Minqing, Fujian 0.924 0.1919 0.8762 0.1597 EV

JO Jianou, Fujian 0.865 0.1893 0.8785 0.1880 EV

Japan group

HIR Hirai, Japan 0.976 0.2035 0.8561 0.1211 EV

KIY Kiyosumi, Japan 1.067 0.2230 0.8550 0.1042 EV

OMU Omura, Japan 1.046 0.2183 0.8593 0.1172 EV

TAM Tama, Japan 1.058 0.1975 0.8595 0.1027 EV

TAN Tano, Japan 1.032 0.2156 0.8661 0.1470 EV

TSU Tsurugara,
Japan

0.980 0.2044 0.8587 0.1255 EV

Dis. Distribution, EV edge of the village, SA scenic area.
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data (Supplementary Data 1). On the basis of k-mer analysis via Illumina
reads, theQ. gilva genome size and heterozygosity rate were estimated to be
approximately 870.20Mb and 1.87%, respectively (Supplementary Fig. 1).
The contig N50 of theQ. gilva genome assembled in this study is lower than
those reported by Zhou et al. (2022)26 and Wang et al. (2024)27. Genome
assembly continuity is generally influenced by factors such as sequencing
read length and genomic heterozygosity28. Specifically, the relatively lower
contigN50 observed in this studymaybe attributed to the use of sequencing
reads with shorter average lengths compared to the 25.23 kb long reads
employedbyWanget al., aswell as thehigher genomicheterozygosity in our
sample compared to the 1.16% heterozygosity rate reported by Zhou et al.26.

The contig-level draft genome assembled from Nanopore long reads
was ca. 1.13 Gb in size, with 1586 contigs and a contig N50 of 1.20Mb
(Supplementary Data 2). After redundant contigs were filtered, the genome
sizewas 871.96Mb,with 737 contigs and a contigN50 of 1.60Mb.A total of
702 contigs with 857.55Mb of sequence (98.34% of the assembled genome)
were anchored on 12 pseudochromosomes, with a scaffoldN50 of 71.93Mb
(Fig. 1c, Supplementary Fig. 2, Supplementary Data 2, and 3).

We first used BUSCO and CEGMA to evaluate the quality of the Q.
gilva genome assembly. BUSCO analyses revealed that the assembled gen-
ome contained 95.8% (1547 out of 1614) complete BUSCO genes (Sup-
plementary Data 4), and CEGMA analyses revealed that 83.06% of highly
conserved core eukaryotic genes (206 out of 248) were present in the
assembled genome (Supplementary Data 5). The mapping rates of the
Illumina short reads and Nanopore long reads in the assembled genome
were 96.20% and 99.96%, respectively, whereas the mapping rate of the
RNA-Seq reads was 100% (Supplementary Data 1). The LAI (LTR
Assembly Index) valueswere uniformacross the genome, and themeanLAI
valuewas 16.91 (Supplementary Fig. 3).Genomeassemblieswith LAI scores
between 10 and 20 are of high enough quality to be considered reference
genomes29. Together, these results show that thisQ. gilva genome assembly
is of high quality.

Repetitive elements accounted for 57.68% (503.11Mb) of the assem-
bledQ. gilva genome (SupplementaryData 6). Transposable elements (TEs)
accounted for approximately 54.17% (472.48Mb) of the genome, whereas
tandem repeats (TRs) represented only a minor fraction (1.12%). Long
terminal repeat (LTR) retrotransposonswere themost abundant category of
TEs (41.55%), followed by DNA TEs (5.47%) (Supplementary Data 6).
Among the noncoding RNAs, 182 rRNAs, 754 tRNAs, 545 snRNAs, and
161 miRNAs were identified in the Q. gilva genome assembly (Supple-
mentary Data 7). A total of 33,818 protein-coding genes were predicted
(Supplementary Data 8). The average gene and CDS lengths were 5772 and
1140 bp, respectively, similar to those of other closely related species
(Supplementary Data 8). BUSCO analysis revealed that the annotated
genome contained 93.31% complete BUSCOs (Supplementary Data 4).
Furthermore, 32,887 (97.25%) geneswere identified in at least one of thefive
gene databases, and 7113 (21.03%) were identified in all five databases
(Supplementary Data 9, Supplementary Fig. 4).

A total of 3992 SVs were identified between the genome assembled in
this study and the reference genome by Zhou et al. (2022)26, including 1883
duplications, 174 insertions/deletions (indels), 1843 translocations, and 142
inversions. In comparison, 4077 SVswere detected between the genomes by
Wang et al. (2024)27 and the same reference genome, consisting of 1610
duplications, 206 indels, 2,176 translocations, and 85 inversions. The two
assembled genomes shared 1283 SVs, of which 566 were duplications, 42
were indels, 634 were translocations, and 41 were inversions (Supplemen-
tary Fig. 5). Gene Ontology (GO) enrichment analysis of genes associated
with these SVs revealed significant enrichment in biological processes
related to oxidative stress, water balance, genome stability, secondary
metabolism, signal transduction, protein homeostasis, immune response,
and nutrient absorption (Supplementary Data 10).

SNP identification and annotation
Genome resequencing was performed on 55 Q. gilva individuals from 19
populations. The amount of raw read sequence obtained from eachQ. gilva

individual ranged from 12.70 to 44.87Gb, and filtered read sequences
ranged from11.42 to 41.90 Gb (SupplementaryData 11). The average depth
and coverage of the filtered reads in the Q. gilva genome were 24.62 and
83.12%, respectively (Supplementary Data 11). A total of 93.81 million raw
SNPs were identified, and 3,107,177 high-quality SNPs were retained after
filtering. The numbers of SNPs identified in the intergenic, intronic, and
CDS regions were 2,088,755 (67.22%), 605,412 (19.48%), and 159,357
(5.13%), respectively. The remaining SNPs were distributed upstream or
downstream of open reading frames (8.14%) and in splicing regions
(0.02%). The SNPs in theCDS regions included 77,388 synonymous, 80,112
nonsynonymous, 193 stop-loss, 1548 stop-gain, and 116 SNPs from
unknown sites (Supplementary Data 12).

Genetic diversity and structure
Following linkage disequilibrium (LD) pruning, a final set of 523,681 SNPs
was utilized to investigate the genetic structure of Q. gilva. ADMIXTURE
analysis identified the optimal population structure at K = 2 (minimum
cross-validation error; Supplementary Fig. 6), with clusters corresponding
to the geographic origins of the sampled individuals. The Chinese group
(n = 38) and Japanese group (n = 17) exhibited clear genetic differentiation
(Fig. 2a; Supplementary Fig. 7). Kinship analysis further supported this
divergence, revealing significantly greater genetic distances between the
Japanese and Chinese groups than among individuals within each group
(SupplementaryFig. 8).AtK = 3, twoadditional subpopulations (JOandPJ)
were distinctly segregated from other Chinese populations. Concordant
results were obtained fromprincipal component analysis (PCA),maximum
likelihood (ML) phylogenetic tree, and neighbor-joining (NJ) network
analyses, which collectively delineated two primary lineages corresponding
to the China and Japan groups (Fig. 2). Notably, both the ML tree and NJ
network revealed substructurewithin theChinese populations, with distinct
genetic clusters separating thewestern andeastern subregions (Fig. 2).These
findings demonstrate thatQ. gilva harbors twomajor lineages, reflecting its
geographic distribution in Japan andChina, while a finer-scale substructure
existswithin theChinese population, particularly distinguishing thewestern
and eastern subregions. TheLDdecay reachedhalf of themaximumaverage
r2 at a distance of 10.90 kb (r2 = 0.17) for the China group and 14.10 kb
(r2 = 0.18) for the Japan group (Supplementary Fig. 9).

The pairwiseFST values of the 19Q. gilvapopulations ranged from0.20
(OMU vs. TAN) to 0.37 (XS vs. TAM) (Supplementary Data 13). A sig-
nificant positive correlation was observed between genetic and geographic
distances across all populations (R² = 0.13, p < 0.001); however, this pattern
was not evident within the group populations (R² = 0.01, p > 0.05; Supple-
mentary Fig. 10a). Conversely, genetic distance displayed no significant
association with environmental divergence, regardless of whether the
population pairs originated from the same or distinct groups (between
groups: R² =−0.009, p > 0.05; within groups: R² =−0.007, p > 0.05; Sup-
plementary Fig. 10b). The nucleotide diversity (θπ) of the Q. gilva popula-
tions varied from 0.87 × 10⁻³ (JO) to 1.07 × 10⁻³ (KIY), with amean value of
0.98 × 10⁻³ (Table 1). At the group level, theChinese grouppresented greater
genetic diversity (China: θπ = 1.04 × 10⁻³, θW= 9.24 × 10⁻⁴; Japan: θπ = 1.03×
10⁻³, θW= 8.78 × 10⁻⁴, p < 0.01) and Tajima’s D values (China: Tajima’s
D = 0.91; Japan: Tajima’s D = 0.55, p < 0.001) than did the Japanese group
(Fig. 2d, Supplementary Fig. 11a).

A total of 118,374 and 50,841 runs of homozygosity (ROHs) were
identified in the China and Japan groups, respectively (Supplementary
Data 14). The majority of ROHs (over 95% in each subgroup) ranged in
length from 10-100 kb, while the longest ROHs (>500 kb) accounted for
only 0.25%of the total ROHcontent. The fraction of the genome covered by
ROHs (FROH) was similar between the China and Japan groups across
different ROH length categories (Supplementary Fig. 11b and Supple-
mentary Data 14).

Demographic history
Two individuals fromeach groupwere used to infer theNe dynamics via the
PSMC’method (Fig. 3a). Themean depths for samples from the China and
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Japan groups were 48.65 and 32.08, respectively. After site masking and
filtering, 1,760,516 and 1,661,335 heterozygous sites from Chinese and
Japanese individuals, respectively, were used for the PSMC’ analysis. The
PSMC’ results indicated that the populations from China and Japan had
slightly different demographic histories. The Ne of both groups began to
expand ca. 3.60Ma, but the magnitude and duration of expansion in the
Japanese group were greater than those in the Chinese group. SMC++

analysis ofQ. gilva revealed a progressive decline in effective population size
from ~1Ma to 20 ka. Contrasting this long-term trend, a subsequent
expansion since 20 ka has resulted in a current effective population size in
Japan that is approximately twice the size of that in China.

Divergence and gene flow between the two groups were also evaluated
via a composite likelihood approach viafivemodels involving different gene
flow scenarios (Supplementary Fig. 13). On the basis of the AIC values,

Fig. 1 | Features of theQ. gilva genome. aMorphological characteristics ofQ. gilva
(Photographed in Xinshao County, Hunan Province, by Xiao-long Jiang). b The Q.
gilva genome circle plot (from outside to inside: 1. pseudochromosome number; 2.
SNP density; 3. Nucleotide diversity (θπ); 4. guanine‒cytosine (GC) content; 5. gene
density; 6. intragenome collinear blocks). c Chromosomal inversions in Q. gilva

genome. The horizontal lines indicate the Q. gilva chromosomes. P1 represents
chromosomes fromapreviously published genome assembly Zhou et al. (2022)26, N1
represents chromosomes from a previously published genome assemblyWang et al.
(2024)27, and N2 represents chromosomes from the assembly in this study. The
orange lines indicate inverted regions, and the gray lines indicate syntenic regions.
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Fig. 2 | Geographic distribution and population structure of Q. gilva.
a ADMIXTURE clustering of the Q. gilva accessions when K = 2. The pie charts
represent locations where samples were collected, and the proportion of color within
each pie chart represents ancestral components. b A maximum likelihood phylo-
genetic tree of all the Q. gilva samples constructed via whole-genome SNP data.

c Neighbor-joining network of all the Q. gilva samples constructed via whole-
genome SNP data. d Principal component analysis of the Q. gilva samples.
e Significant divergence of the θπ and Tajima’sD values of accessions from the China
(n = 38 biologically independent samples) and Japan (n = 17 biologically indepen-
dent samples) groups.
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Model 4, with recent gene flow between the two groups, was the best fit
(Supplementary Fig. 12, 13 and Supplementary Data 15). This model sug-
gested that the divergence between the China and Japan groups occurred in
the Pliocene period (3.87Ma, 95% CI: 3.69–4.07Ma) (Fig. 3b, Supple-
mentary Data 16). The effective population sizes (Ne) of the China lineage
were slightly greater than those of the Japan lineage after their divergence
(Ne-China = 657,633, CI: 601,351–714,467; Ne-Japan = 568,512, CI:
513,706–619,544). Both lineages subsequently experienced a bottleneck
event during the early to middle Pleistocene (c. 1.39Ma–0.91Ma), and Ne
was reducedby ca. 50–55%.Furthermore, low levels of recent geneflowwere
detected between the two lineages (China to Japan: 4.11 × 10-3, Japan to
China: 4.08 × 10−3) (Supplementary Data 16).

Local adaptation
Regions under selection in the Q. gilva genome were identified via the
distributions of the log2 π ratio and z score (FST) in the genome. A total of
259 nonoverlapping genomic segments were identified as regions under
selection (Fig. 4, Supplementary Fig. 14, and Supplementary Data 17).
Among them, 152 (708 genes) and 107 (734 genes) regions were iden-
tified in the China and Japan groups, respectively (Supplementary
Data 18), with six regions overlapping between the two groups. The GO
enrichment analysis for genes under selection indicated that the top 20
GO enrichment terms for the China group included metal ion transport,
ubiquitin-conjugating enzyme binding, and protein homo-
oligomerization (Supplementary Data 18, Fig. 15a). The top GO
enrichment terms for the Japan group included proline metabolism,
regulation, and intracellular signal transduction (Supplementary
Data 18, Supplementary Fig. 15b).

LFMM analysis revealed 3745 SNPs significantly associated with one
or more of eight environmental variables (Supplementary Fig. 16). Nearly
90% of the adaptive SNPs (3345) were associated with one of the eight
environmental factors. The remaining SNPs showed associations with two
(364 SNPs) or three (36 SNPs) environmental factors. The number of
adaptive SNPs associated with temperature exceeded that associated with
precipitation (Supplementary Fig. 16). A total of 1,039 genes included at
least one adaptive SNP. GO enrichment analysis revealed that 243 genes
were significantly enriched for 110 GO terms (p < 0.05) (Supplementary
Data 19), and the top 20 GO terms included the regulation of stomatal
movement, RNA metabolic process, macromolecule methylation, phos-
phatidic acid metabolic process, and drought recovery (Supplementary
Fig. 17). Our analysis identified 168 adaptive SNPs that were located within
selective sweep regions. These SNPs intersected with 46 genes. A GO
enrichment analysis of these genes revealed significant enrichment for 59
GO terms, demonstrating a meaningful biological correlation between
selection signals and environmental adaptation (Supplementary Data 20
and Fig. 18).

Genetic load
The genetic loads of the China and Japan groups were estimated by iden-
tifying putative deleterious loss of function (LOF) and missense variants
(Fig. 5). The ratio of the number of homozygous sites to the combined
number of homozygous and heterozygous sites in the China group was
significantly greater than that in the Japan group (0.873 vs. 0.865 for LOF,
p < 0.01; 0.870 vs. 0.859 for missense mutations, p < 0.001) (Fig. 5a). We
further used the Grantham score (≥150) as an index to predict the derived
deleterious missense variants in the coding regions of both groups, which
also indicated a greater genetic load in the China group (0.874 ± 0.01 in the
China group, 0.862 ± 0.006 in the Japan group; Wilcoxon test, p < 0.001)
(Fig. 5a). Compared with the Chinese group, the Japanese group had a
greater number of genes associatedwith homozygous deleteriousmutations
in ROHs (Fig. 5b). Therefore, inbreeding is not a major cause of increased
genetic load in populations. Genes affected by homozygous putative dele-
terious LOF mutations were significantly enriched for GO and KEGG
categories, which are primarily involved in the stress response and meta-
bolism (Supplementary Data 21). For example, LOF mutations were enri-
ched for histone deacetylase activity (Gene Ontology term, GO0004407).

Discussion
Structural variants in the Q. gilva genome
This study reports a chromosome-level genome assembly of Q. gilva,
derived fromawild-sourced specimen collected inwesternHunan,China—
a central region within the species’ natural distribution. By integrating the
present assembly with two previously published genomes—one from a
cultivated individual and another from a natural forest in Fujian—we
identified an extensive catalog of SVs in theQ. gilva genome.Using theZhou
et al. (2022)26 genome as a reference, 3992 SVs were detected in the current
assembly, whereas 4077were identified in theWang et al. (2024)27 assembly.
A total of 1283 SVs were common to both assemblies, highlighting con-
served genomic regions that may possess critical functional significance. In
both datasets, duplications (1883 and 1610) and translocations (1843 and
2176) constituted the predominant SV types, indicating considerable
genomic plasticity potentially associated with transposable element activity
or polyploidization events. Such SVs are recognized drivers of gene family
expansion and functional diversification. For instance, translocations have
beendemonstrated tocontribute tophenotypicdiversity and environmental
adaptation in rice30.

GO enrichment analysis of SV-associated genes revealed significant
enrichment in key biological processes. Notably, terms related to oxidative
stress, including “hydrogen peroxide transmembrane transport” and “cel-
lular response to reactive oxygen species,” suggest a role for SVs in mod-
ulating redox homeostasis. This is consistent with findings in Arabidopsis,
where aquaporins such as PIPs mediate hydrogen peroxide transport and
participate in stress signaling31. Similarly, enrichment in “water channel

Fig. 3 | Demographic history of the China and Japan groups. a, b Changes in the
effective population size for both geographic groups over time as inferred by the
PSMC’ and SMC++ models, respectively. c Graphical summary of the best-fitting
demographic model implied by fastsimcoal2. Widths show the relative effective

population sizes. The arrows indicate the direction and average number of migrants
per generation in the two groups. The point estimates and 95% confidence intervals
of the demographic parameters are shown in Supplementary Data 16.
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activity” and “water transmembrane transporter activity” may reflect
adaptations to environmental stress, as evidenced by studies in loblolly pine
(Pinus taeda) and bald cypress (Taxodium distichum), where aquaporin
activity underpins physiological responses to drought, flooding, and
salinity32. SVs were also linked to “DNA mismatch repair” and “double-
stranded telomeric DNA binding,” indicating potential effects on genome
integrity.Defects in theseprocesses can synergistically induce telomere crisis
and SVs, thereby promoting genomic instability33. Enrichment in secondary
metabolic processes, particularly “coumarin biosynthesis,” points to a
potential role of SVs in chemical defense, aligning with findings in Datura
wrightii, where tandem duplications drive the expansion of defense-related
gene families involved in secondary metabolism and herbivore resistance34.
Finally, enrichment in immune-related terms (e.g., “response to chitin”) and
nutrient transport (e.g., “iron ion transmembrane transporter activity”)
underscores the broad influence of SVs on biotic and abiotic interactions, as
illustrated by polymorphisms in iron transporters affecting nutrient uptake
in Arabidopsis35. Collectively, these findings highlight SVs that may shape
phenotypic diversity through the modulation of genes involved in critical
pathways such as stress response and genome maintenance.

Genetic patterns and demographic dynamics
Two distinct genetic lineages were detected among theQ. gilva populations
via phylogenetic analysis, genetic structure analysis, and PCA, which cor-
responded to individuals from the mainland (China lineage) and con-
tinental islands (Japan lineage). Unlike oceanic islands, which are
consistently separated from themainland, continental islands are connected
to adjacent continents through land bridges during periods when the cli-
mate is colder36. Landbridges promote speciesmigration from the continent
to the island, affecting the flora community and the genetic structure of the
species36. PSMC’ and Fastsimcoal2 analyses indicated that the divergence of
the two Q. gilva lineages occurred during the mid-Pliocene (ca. 3.9Ma).
Species or lineage differentiation is generally accompanied by a sharp
decrease in the effective population size,whichhas beenobserved inPopulus
davidiana37 andCercidiphyllum japonicum38. Our study onQ. gilva revealed
a similar scenario. The PSMC’model revealed that the ancestral population
of Q. gilva initially had a high effective population size (>270k) at 14Ma,
which then decreased sharply until it reached the maximum bottleneck
before the divergence of the lineages (ca. 3.9Ma). Radiolarian data from the
Japan Sea indicated that deep cooling of the Japan Sea likely occurred

Fig. 4 | Genomic regions with signals of selective sweeps based on z(FST) and the
log2 ratio (θπ China/θπ Japan) in theChina and Japan groups.The data points located
to the left and right of the left and right vertical dashed lines, respectively (corre-
sponding to the 5% left and right tails of the empirical log2 ratio (θπ China/θπ Japan)
distribution, where the π ratios were -0.41 and 0.49, respectively), and above the

horizontal dashed line (the 5% right tail of the empirical z(FST) distribution, where
z(FST) was 1.85) were identified as regions under selection for the China group (red
points) and Japan group (blue points). The subplot on the top reflects the dis-
tribution of log2(θπ ratio), and the right subplot reflects the z(FST) distribution.
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between ca. 5.0 and 3.8Ma, followed by a warmer period39. The estimated
divergence time of the Q. gilva lineages is consistent with the warming
climate in Japan and surrounding areas, which suggests that climate fluc-
tuations in the Pliocene may have contributed to its lineage differentiation.
Moreover, this inference supported the significant correlation between
population genetic differentiation and geographical distance. Significantly
different genetic structures for populations fromChina and Japan have also
been detected in other subtropical species, such as Platycrater arguta40,
Euptelea pleiosperma41, and Ligularia hodgsonii42. However, the timescales
of intraspecies lineage differentiation have varied. The divergence time
between the Chinese lineage and Japanese lineage of Q. gilva was more
ancient than that of Platycrater arguta40 and more recent than that of
Euptelea pleiosperma41, but similar to that of Cercidiphyllum japonicum38.
Moreover, genetic differentiation has not been detected among populations
of the dominant subtropical species Kalopanax septemlobus across China
and the Japanese islands43. Evolutionary history and biological character-
istics, such as pollen and seeddispersal abilities, influence genetic structure44.
The intricate evolutionary dynamics of Japanese flora suggest that a com-
bination of geography, the environment, and local adaptation influences the
spatial genetic patterns of species in these regions.

Following the initial divergence of Q. gilva, the Japanese Islands are
known to have been reconnected to the Eurasian continent via land bridges
during multiple glacial periods45. These recurrent connections likely facili-
tated the recent gene flow observed between the Chinese and Japanese
lineages of Q. gilva. For example, a land bridge formed during the Last
GlacialMaximum(LGM, ca. 22 ka) has been shown to facilitate geneflow in
Machilus thunbergii46. Our SMC++ analysis indicated a substantial
increase in the effective population sizes of both Chinese and Japanese Q.
gilva lineages starting around 20 ka, a period closely associated with the
LGM. This temporal correspondence suggests that post-LGM climate

warming may have promoted population expansion. These results align
with phylogeographic studies of other dominant East Asian evergreen
broadleaved forest species, such as Q. glauca47 and Castanopsis eyrei48, col-
lectively supporting the hypothesis that postglacial warming fostered range
and demographic expansions in these taxa.

Within the Chinese lineage, a weak genetic structure, comprising
western and eastern groups, was identified. This west-east genetic differ-
entiation has been consistently observed in other evergreen species like
Castanopsis eyrei48 and Castanopsis fargesii49, as well as in deciduous trees,
including Liriodendron chinense50 and Fagus engleriana51. The recurrent
emergence of this genetic pattern across multiple species implies that allo-
patric genetic divergence has been a key process shaping the spatial genetic
structure of plant species in subtropical China.

Genetic load and local adaptation
The FROH of Q. gilva (0.036 for Chinese individuals and 0.035 for Japanese
individuals)was far lower than theFROH estimated in other organismswhen
the minimum homology length was 100 kb. For example, FROH was esti-
mated to be 0.31–0.45 forOstrya rehderiana52, 0.30 forDipteronia sinensis53,
and 0.23 for Acer yangbiense54. Even when 10 kb was used as the minimum
homology length, the FROH for Q. gilva (0.125 for Chinese individuals and
0.121 for Japanese individuals) was still smaller than those of other species
when 100 kb was used as the threshold. High levels of heterozygosity in Q.
gilva could explain this result. The estimated heterozygosity in the Q. gilva
genome was 1.87%, which was significantly greater than estimates from
Ostrya rehderiana (0.26%)52, Dipteronia sinensis (0.49%)53, and Acer yang-
biense (0.37%)54. High genome heterozygosity can result in a reduction in
the lengths of runs of homozygosity. Inbreeding will increase the genetic
load of populations55.However, the number of geneswith LOFmutations in
ROHs was similar between individuals from the Chinese and Japanese

Fig. 5 | Genetic load of Q. gilva. a Genetic loads of the China (n = 38 biologically
independent samples) and Japan (n = 17 biologically independent samples) groups.
The symbols on the top of the error bars indicate the significance of the differences
between the data for the China and Japan groups. p values of pairwise comparisons

were calculated via the Wilcoxon test: *p < 0.05; **p < 0.01; ***p < 0.001; ns, not
significant. The number of genes with homozygous deleterious mutations in ROHs,
including (b) LOF mutations, c missense mutations, and d deleterious-Grantham
score mutations, in the China and Japan groups.
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lineages, although a significantly greater number of deleterious mutations
were found in individuals from China than in individuals from Japan. This
pattern alignswith the purging of highly deleterious recessive variants in the
historically smaller and isolated population56. In such populations, an
increase in inbreeding elevates the probability that strongly deleterious
recessive mutations appear in homozygous states within ROHs, leading to
their removal by natural selection (i.e., purging)57. As a consequence, the
number of the most severe homozygous LOF mutations remains low. The
higher overall load of deleterious alleles in the Chinese lineage likely stems
from the accumulation of less severe deleterious mutations—often in het-
erozygous form—due to enhanced effects of genetic drift.

The extensive selective sweeps and signals of positive selection detected
in theQ. gilva genome, particularly for genes related to species development
and the abiotic stress response, indicated that adaptation was likely driven
by the local environment. We also identified several homozygous putative
deleterious mutations in the Q. gilva genome. Some of these homozygous
putative deleterious mutations are associated with species development,
metabolism, and stress response functions. For example, GO analysis
indicated that five LOF mutations were enriched for histone deacetylase
activity. Histone deacetylases (HDACs) are a supergene family with
essential roles in the structural modification of chromosomes and the reg-
ulation of gene expression58,59. Changes in HDAC-related gene expression
can affect plant growth, development, and other phenotypic changes60,61.
Studies have indicated that downregulation of HDAC-related gene
expression can lead to premature plant senescence62, morphological defects
in leaves and flowers63, and termination of seed development64,65. HDACs
also respond to adverse stresses and regulate growth and development61,66.
For example, overexpression of the HDAC-related gene PtHDT902 in
poplar plants inhibits adventitious root formation and reduces salt
tolerance67. Studies on the model plant Arabidopsis have shown that long-
term low-temperature stress can induce the expression of the HDAC-
related geneHDA668 and that mutation of this gene can increase sensitivity
to low-temperature stress. In addition,HDACs respond to drought stress by
regulating the expression levels of drought-responsive genes such asRD29A,
RD20, and RAP2.469,70. Therefore, LOF mutations in genes linked to the
histone deacetylation processmay inhibit adaptability by disrupting normal
gene expression, potentially resulting in population size reduction, endan-
germent, or even extinction.

Implications for conservation and management
Based on genome-wide variation, we identified two distinct geographic
lineages in China and Japan. The Chinese lineage overall displays higher
genetic diversity andTajima’sD values compared to the Japanese lineage. In
the Japanese lineage, the KIY and TAM populations show relatively high
genetic diversity and low genetic load. Within the Chinese lineage, the CN
and LY populations exhibit higher genetic diversity than other Chinese
populations. Given that maintaining or improving genetic diversity is
considered important for species conservation, these four populations may
be viewed as preliminary candidates for prioritization in conservation
planning. By contrast, the JO population, which is the largest in China
(covering approximately 16.13 hm2 with at least 240 individuals >50 cm in
diameter), showed lower genetic diversity and higher genetic load in our
dataset, a pattern potentially attributable to inbreeding depression. Its
U-shapeddiameterdistribution71 indicates that inbreedingdepressioncould
be a contributing factor to poor midstory recruitment in this population. In
such cases, genetic rescue through the introduction of variants from
populations with higher genetic diversity and lower genetic load is often
discussed as a potential strategy72,73. However, this study is constrained by
limited within-population sample sizes, which may affect the precision of
genetic diversity andgenetic load estimates.Thefindings of this studydonot
provide a sufficient basis for decisions regarding the introduction of non-
local genotypes. Any such intervention would requiremore comprehensive
genetic and ecological assessments—such as expanded sampling across
populations and individuals, as well as controlled transplantation trials to
evaluate adaptation and survival under projected climatic conditions.

Study limitations
Beyond the constraint of limited sample size per population, two additional
limitations also warrant consideration in future studies. First, although a
chromosome-level assembly was achieved, its lack of telomere-to-telomere
completenessmeans that someSVs—especially those in repetitive regions—
may reflect assembly artifacts rather than genuine biological variation.
Resolving these uncertainties will require future sequencing using ultra-
long-read technologies, such as those from Oxford Nanopore, to close
remaining gaps and improve contiguity. Second, while GO enrichment
analyses suggest functional roles for identified SVs and deleterious muta-
tions in stress response and development, these associations remain spec-
ulative without experimental validation. For example, the functional
redundancy within theHDACgene family, whosemembers are distributed
across different chromosomes, means that the phenotypic impact of a LOF
mutation in any singleHDACgene requires further validation. Futurework
incorporating gene expression profiling, CRISPR-based genome editing, or
common garden assays will be essential to verify the phenotypic effects and
adaptive significance of these genetic variants.

Materials and methods
Genome sequencing and assembly
DNA from a healthy Q. gilva individual from Xinshao County, Hunan
Province, China (111.34°E, 27.44°N; Fig. 1), was collected for reference
genome sequencing. Long-read sequencing of DNA from this individual
was performed on a PromethION sequencer. Libraries with sequence
lengths greater than 10 kb were prepared and sequenced via the standard
protocol fromOxfordNanoporeTechnologies. To estimate the genome size
ofQ. gilva, we constructedan Illumina librarywith an insert size of 400 bp.A
Hi-C library was then generated following the procedures of Lieberman-
Aiden et al.74 to anchor the assembled genome onto chromosomes. To
predict the structure and function of genes in the Q. gilva genome, four
RNA-Seq libraries were constructed and sequenced from leaves, seeds,
roots, and stem tissues. All Illumina libraries were sequenced on the Illu-
mina NovaSeq 6000 platform. To obtain high-quality Illumina sequence
reads, we filtered the raw data via Trimmomatic v0.3975 with the following
parameters: “LEADING:3, TRAILING:3, SLIDINGWINDOW:4:15,
MINLEN:120”.

The genome size of Q. gilva was estimated by analyzing the 17 k-mer
distribution via the KmerFreq_AR module in SOAPdenovo2 v2.04-r24176.
Genome heterozygosity was calculated via pIRS v2.077. To reduce the read
error rate, self-correction of Nanopore reads was performed via Canu
v2.1.178. Genome assembly was performed via SMARTdenovo v1.079 with
default parameters. The Illumina sequencing data were used to correct the
draft assembly genome. After three rounds of correction of the genome via
Pilon v1.2380, redundant contigs were removed via Purge_Haplotigs
v1.1.181. To anchor assembly contigs to chromosomes, thefilteredHi-Cdata
weremapped to the assembled genome via Bowtie2 v2.3.282. Reads uniquely
mapped via HIC-PRO v.2.8.183 were then used to cluster, order, and orient
scaffolds onto chromosomes via LACHESIS84.

Four methods were applied to assess the quality of the assembled
genome. First, the completeness of the genome was estimated via BUSCO
v5.3.285 with the Embryophyta_odb10 database (https://busco.ezlab.org).
Second, the accuracy and integrity of the core genes in the Q. gilva genome
were evaluated via CEGMA v286. Third, the coverage and mapping rates
were calculated by realigning the Illumina, Nanopore, and RNA-Seq reads
onto the genome via BWA v0.7.1287, Minimap2 v2.2488, and STAR v2.7.3a
(Dobin et al., 2013), respectively. Finally, the integrity of the genome was
evaluated via the LAI29.

Genome annotation and collinearity analysis
Repetitive sequences include tandem repeats (TRs) and transposable ele-
ments (TEs). TRs were identified via GMATA v2.289 and Tandem Repeat
Finder v4.0790. TEs were identified via both homologous alignment and de
novo search methods. MITEs were identified via MITE-hunter91.
LTR_FINDER v1.0792 and LTRharvest93 were used to identify LTRs.When
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these results were integrated via LTR_retriever94 to obtain an LTR retro-
transposon library, the de novo identification and classification of repetitive
sequenceswereperformedviaRepeatModeler v1.0.1195 andTEclass v2.1.396,
respectively. Finally, repetitive sequences in the Q. gilva genome were
detected via RepeatMasker v1.33197 through a combination of the above
libraries and the Repbase database98. Noncoding RNAs (ncRNAs) were
identifiedby aligning theQ. gilva genome to theRfam99database via Infernal
v1.1.2100. The tRNAswere detected via tRNAscan-SE v2.0101, and the rRNAs
were identified via RNAmmer v1.2102.

Protein-coding genes were predicted via a combination of transcript-
based, homology-based, and de novo strategies. For transcript-based pre-
diction, filtered RNA-Seq reads were aligned to the Q. gilva genome via
STARv2.7.3a103, and transcriptswere reconstructed via StringTie v1.3.4 d104.
Gene structures were obtained by aligning nonredundant transcripts to the
genome via PASA v2.3.3105, and GeneMark-ST v5.1106 was used to identify
open reading frames. Forhomology-basedprediction, theprotein sequences
of closely related species (SupplementaryData 8)were aligned to theQ. gilva
genome via GeMoMa v1.6.1107. GeneMark-ST v5.1106 and AUGUSTUS
v3.3.1108 were used for de novo prediction. Finally, all the prediction results
were integrated viaEVidenceModeler v1.1.1105. TransposonPSI v1.0.0109was
used to remove genes containing transposable elements. The predicted
genes were functionally annotated via five publicly available databases:
NCBI nonredundant (NR), Kyoto Encyclopedia of Genes and Genomes
(KEGG), eukaryotic orthologous groups (KOGs), Gene Ontology (GO),
and Swiss-Prot. To predict Pfam domains and GO annotations, Intre-
ProScan v5.32-71.0110 was used to search against the InterPro database for
conserved protein domains and functional sites. For other databases,
BLASTP v2.7.1111 was used to search for homology with the following
parameters: “-evalue 1e-5, -max_target_seqs 1”.

The SVs in the Q. gilva genome were identified via SyRI. First, the Q.
gilva genome assembly in this study and from Wang et al. (2024)27 was
aligned with the Zhou et al. (2020) genome26 viaMinimap2 v2.2488 with the
parameters “-ax asm10 -eqx”. The SVs between genomeswere subsequently
identified via SyRI v1.6112. Insertions, deletions, copy number variants,
inversions (maximum size of 1Mb), and translocations (minimum size of
50 bp) were retained, and the SVs containing “N” sequences were removed.
Overlapping regions among the SVs were merged. Subsequently, a custom
annotation library was generated using GffRead v0.12.7113, and the func-
tional effects of the variants were annotated with ANNOVAR114. GO
enrichment analysis was conducted to investigate the functional roles of
genes associated with SVs using clusterProfiler v3.18.0.

Resequencing and SNP calling
A total of 55 individuals from19 populations that span themain geographic
distribution of Q. gilva were collected and used for WGS (Fig. 2a and
Table 1). For each population, individuals at least 50m apart from each
other were sampled. Genomic DNA was extracted via a DNAsecure Plant
Kit (Tiangen, Beijing, China). Libraries with an insert size of 400 bp were
constructed for each individual and sequenced via the Illumina NovaSeq
6000 platform in paired-end 150 bp mode. The raw reads were filtered via
Trimmomatic v0.3975 with the following parameters: “LEADING:3,
TRAILING:3, SLIDINGWINDOW:4:15, MINLEN:120”.

SNPs were identified from the resequencing data via Sentieon115. Fil-
tered data were first mapped to the Q. gilva genome assembly via BWA
v0.7.1287 with default settings. Uniquely mapped and properly paired reads
were retained for further analyses. After the alignment files were converted
from SAM to BAM format via SAMtools v1.6116, the alignment files were
sorted via the utilmode in Sentieon. Duplicate sequence removal, realign-
ment, and SNP callingwere then performed via drivermode in Sentieon. To
reduce SNP false positives, we removed SNPs that met any of the following
criteria: (1) site depth less than one-third or greater than twice the mean
depth; (2) quality score < 30 and minor allele frequency (MAF) < 0.05; (3)
allelic SNPs greater than 2 (--max-alleles 2 -min-alleles 2); (4) SNPsmissing
in at least one individual (-max-missing 1); or (5) SNPs within five bp of
indels.

To assess the impact of genetic variation on gene structure and func-
tion, we utilized the built-in program annotate_variation.pl from the
ANNOVAR package to annotate SNPs114. The SNPs were categorized into
exonic, intronic, intergenic, upstream, downstream, or splicing site regions.
On the basis of their impact on the protein-coding sequence, the SNPs in
exonic regions were further classified as synonymous, nonsynonymous,
stop-gain, or stop-loss.

Genetic diversity and structure
We used several methods to estimate the spatial genetic patterns ofQ. gilva.
A pruned SNP set generated via PLINK v1.90117 with the parameters
“-indep-pairwise 1000 kb 1 0.5”was used for genetic structure analysis. The
kinship between individuals was calculated via PLINK with the parameters
“-make-rel square”. The population genetic structure was calculated via
ADMIXTURE v.1.3.0118 with default parameters and the number of clusters
(K) set from2--10. TheK valuewas determined via tenfold cross-validation.
Principal component analysis (PCA) was performed via PLINK v1.90117

with the “-pca” parameter and visualized via the R package “ggplot2”119. The
maximum likelihood (ML) tree was constructed via IQ-tree v2.0.3120, and
thebestmodelwasdeterminedvia theBayesian information criterion (BIC).
Tree reliability was estimated via the ultrafast bootstrap approach (UFboot)
with 1000 replicates. A phylogenetic network of Q. gilva individuals was
inferred via SplitsTree v6.3.35121.

Nucleotide diversity (θπ), Watterson’s estimator (θW), and Tajima’s D
statistics were calculated for each group via VCFtools v0.1.16122 with 100 kb
nonoverlapping windows. The θπ for each population was also calculated
using the same parameters. Linkage disequilibrium (LD) was analyzed for
each group viaPopLDdecay v3.42123. The average r2 valuewasmeasured in a
300 kb window size. LD decay measures the distance at which Pearson’s
correlation efficiency (r2) decreases to half of the maximum. To minimize
bias due to sample size variation, an identical number of individuals (n = 17)
was used in each group.

The effects of geographic and environmental factors on the popula-
tion’s genetic differentiation were estimated via the Mantel test. Genetic
differentiation (FST)was calculated via theRpackagehierfstat

124.Thegenetic
distances between populations were calculated via the formula
Dgenetic = FST/(1-FST). Geographic distances among populations were cal-
culated via theVincenty (ellipsoid)method in theRpackage geosphere v1.5-
18125. For environmental distance, we first downloaded 19 bioclimatic
variables from WorldClim (https://www.worldclim.org). PCA of eight
bioclimatic variables with correlation coefficients less than 0.8 (|r | <0.8,
Supplementary Fig. 19) was performed in R. The Euclidean distance of the
first principal component (PC1) between populations represents the
environmental distance. The Mantel test was performed via the R package
vegan v2.6-4126, with significance determined via 9999 permutations.

Runs of homozygosity (ROH) were estimated via PLINK v1.90117 with
the following parameters: -homozyg-kb 10, -homozyg-window-het 1,
-homozyg-window-snp 20, and -homozyg-window-missing 5. We classi-
fied ROH into three categories on the basis of length: <100 kb, 100–500 kb,
and >500 kb. The inbreeding coefficient based on ROH (FROH) was calcu-
lated via the following formula127: FROH = LROH/LAUTO, where LROH is the
lengthof autosomes coveredbyROHsandLAUTO is the lengthof autosomes
covered by SNPs, which was 857.55Mb in our study.

Demographic history
Changes in the effective population size of Q. gilva were calculated via the
pairwise sequentially Markovian coalescent (PSMC’) model. One sample
was selected for each group. After the filtered reads were mapped to the
genome via BWA v0.7.1287, duplicate reads were removed via Picard v2.1.1
(https://broadinstitute.github.io/picard/), and the reads around the indels
were realigned viaGATKv4.3.0128. SNP callingwas performed via BCFtools
v1.10.2116. To reduce mapping errors, we used VCFtools v0.1.16 to mask
gaps, repetitive sequences, and indels in the genome. Sites with depths less
than one-third or greater than twice the mean depth were removed for
subsequent analysis.MSMCv2.0.0129 was used to performPSMC’modeling
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with default parameters, except that the number of iterations was set to 200.
A mutation rate per nucleotide per generation (μ) of 1.01 × 10–8, estimated
fromQ. lobata, and a generation time (g) of 50 yearswereused to convert the
number of generations into years130.

We inferred the recent demographic history ofQ. gilva using SMC++
v1.15.5131. To minimize the potential influences of uneven sample sizes and
genetic heterozygosity on the analysis, a total of 35 individualswere selected,
including 18 fromChina and 17 from Japan. The analysis procedure was as
follows: First, the VCF file was converted into the SMC++ input format
using the vcf2smc command.Then, the estimate commandwas employed to
infer the population history, with themutation rate set to μ = 1.01 × 10⁻⁸ per
generation and the generation time set to 50 years. Finally, the plot com-
mand was used to visualize the inference results.

We also used a coalescent simulation-based method performed by
Fastsimcoal2 v2.6.0.3132 to infer the divergence time and demographic his-
tory of the two groups ofQ. gilva. The two-dimensional joint site frequency
spectrum (2D-SFS)was calculated via easySFS133. Five differentmodelswere
formulated to simulate the past population history of Q. gilva (Supple-
mentary Fig. 12). Eachmodel was run independently 100 times to calculate
the composite likelihood with 100,000 simulations. The model exhibiting
the largest Akaike’s weight was chosen as the best model134 for subsequent
analyses. The same mutation rate (μ) and generation time used for PSMC’
were used here. Parametric confidence intervals were obtained via 100
parametric bootstraps, with 50 independent runs on simulated data under
the best model in each bootstrap.

Local adaptation
To identify potential regions under selection in theQ. gilva genome, we used
VCFtools v0.1.16122 to calculate average values of θπ andFST across the genome
for the two lineageswith slidingwindowsof100 kb. SNPswithaMAFless than
5%were removed from this analysis. Thewindowswith the top 5%of the log2
π ratio and z score (FST) valueswere chosen as the regions under selection.We
also used a univariate latent-factor linearmixedmodel (LFMM) implemented
in the R package LEA v2.8.0135 to test for correlations between environmental
variables and SNP frequencies. Eight uncorrelated bioclimatic variables from
WorldClim were chosen as environmental variables (Supplementary Fig. 19).
On the basis of the number of ancestry clusters inferred with ADMIXTURE,
we ran LFMMwith two latent factors to account for the genetic structure ofQ.
gilva. Five independentMCMCswere run for each environmental variable via
3000 iterations asburn-in, followedby100,000 iterations. SNPswith correlated
p values (false discovery rate, FDR) less than 0.01 were considered adaptive
SNPs. To investigate their functional roles, we performed GO enrichment
analysis on genes from adaptive loci identified via both LFMM and selective
sweep, employing clusterProfiler v3.18.0136.

Genetic load
Deleterious mutations are expected to disrupt gene function or reduce
species viability137. We used loss of function (LOF) andmissense mutations
to quantify the deleterious load. In accordance with the strategy of Feng and
Hu et al.138,139,major homozygous alleles in theQ. gilva genome (>50%of the
individuals) were used to represent the ancestral genotypes. SNP annotation
was performed via SnpEff v.4.3t140. The LOF mutations include premature
stop codons (nonsense) and splice-site-disrupting single-nucleotide var-
iants (SNVs). GO and KEGG functional enrichment of genes with homo-
zygous LOF mutations was performed via eggNOG-mapper v2.1.12141 and
the R package clusterProfiler v3.18.0136. The missense mutations were
identified based on the Grantham score (GS), which measures the physical
and chemical properties of amino acid changes. A Grantham score greater
than 150 is considered radical or deleterious142. The deleterious load was
determined by calculating the ratio of homozygous sites (two per site) to the
total number of sites (one per site) for each category137,139.

Statistics and reproducibility
We generated a chromosome-scale genome assembly for Q. gilva by inte-
grating Nanopore, Hi-C, and RNA-seq data. Sequencing included single

biological replicates for Nanopore and Hi-C libraries, and four tissue-
specific replicates (leaf, seed, root, stem) for RNA-seq. For population
genomic analyses, we resequenced 55 individuals from 19 natural popula-
tions (2–4 per population), with sampled individuals spaced ≥50m apart
within populations to ensure independence.

Statistical analyses followed established bioinformatic workflows and
population genetic models as described in Methods. To mitigate bias from
unequal sample sizes, we standardized individual numbers: linkage dis-
equilibrium decay analysis included 17 individuals each from China and
Japan, and SMC++ analysis used 18 from China and 17 from Japan.
Putatively selected regionsweredefined as outliers in the top5%of both log2
π ratio and z score (FST). For genotype–environment association analysis
(LFMM), SNPs with FDR < 0.01 were considered significant.

All raw sequencing data are publicly archived to support reproduci-
bility (Data Availability). Computational reproducibility was further
ensured through standardized bioinformatics pipelines, explicit doc-
umentation of key parameters—including read filtering, variant calling
thresholds, and demographic model settings—and the use of default soft-
ware parameters unless otherwise specified. Software versions, command-
line arguments, and reference databases are detailed in Methods.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability
The raw sequencing data for Q. gilva used in this study—including Nano-
pore (Accession: CRR1169155), Hi-C (Accession: CRR1169154), tran-
scriptome (Accession: CRR1169156—CRR1169159), and resequencing
data (Accession:CRX1068264—CRX1068318)—havebeendeposited in the
Genome Sequence Archive (GSA, https://ngdc.cncb.ac.cn/gsa/) database
underBioProject IDPRJCA026221. The assembled genome sequenceswere
deposited in the NCBI (https://static.pubmed.gov/portal/portal.fcgi/)
database under Accession JBVBUK000000000 and in the Genome Ware-
house (GWH, https://ngdc.cncb.ac.cn/gwh/) under Accession
GWHEUVJ00000000. The source data underlying the figures are available
on Figshare143.
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