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Abstract

Amur grape (Vitis amurensis Rupr.) is widely recognized for its cold tolerance traits and serves as
a valuable genetic resource for breeding climate-resilient grape cultivars. Here, we construct a
graph pangenome reference (Vampan_V1.0) and generate a variant map comprising 48,308,434
short variants and 127,094 TE-associated structural variants (TEVs) using deep resequencing data
from 330 samples across 31 natural populations covering the species’ distribution range. We
discover a biased accumulation of SNPs around TEVs and identify 823 candidate adaptive genes
associated with environmental variables. Using machine learning-based genetic offset models, we
further show that putative adaptive TEVs significantly reduce genetic offsets by 7.3% to 8.2%
under future climate scenarios. Our study shows the power of a graph-based pangenome to resolve
complex variation and highlights the impact of TEVs on genetic diversity, local adaptation, and
resilience to future climate change, providing insights into utilizing crop wild relatives in climate-

resilient crop breeding.



Introduction

Crop wild relatives (CWRs) represent an essential reservoir of genetic diversity for crop
improvement and climate-resilient breeding'**. Grapevine (Vitis vinifera) is one of the earliest
domesticated and most economically significant fruit crops>®. Its wild relatives, species of the Vitis

9,10

genus (Vitis L.), are recognized as important germplasm resources™' ", which play an essential role

in grape breeding for resistance against both abiotic and biotic stresses, such as cold!!"!*, heat'?,

t16,17 t18,19 20,21 22,23

drough , sal , powdery mildew”"', and Pierce’s disease“~’. Climate change has a
significant impact on viticulture, with estimates suggesting that between 24% and 73% of current
vineyard areas may no longer be suitable for grape growing by 2070%*%¢. Consequently,
incorporating adaptive traits from wild Vitis species through selective breeding will be crucial for
the adaptability and sustainability of viticulture in the future. In this study, we investigate the local
adaptation and genomic vulnerability to climate change of the wild Amur grape (V. amurensis
Rupr.) (Fig. 1a). This species is distributed in the north temperate zone of East Asia, and exhibits
remarkable cold and drought tolerance!"'37-8 These traits have made V. amurensis a valuable
genetic resource for grape breeding and an important system for studying stress tolerance in
grapevine and other crops. However, despite its recognized agronomic and ecological importance,
population-scale assessments of genetic diversity and adaptive potential across its natural range

remain limited.

Understanding environmental responses in populations requires comprehensive characterization
of genetic variation across the genome, including complex genomic variants. Transposable
elements (TEs), first discovered in maize (Zea mays L.) by Barbara McClintock in 1948, are
ubiquitous mobile genetic elements, constituting a substantial proportion of eukaryotic genomes
and contribute to plant genome evolution®-*°, In plants, TEs often account for a large fraction of
genome content, including approximately 63.9% of the genome in cultivated grape (V. vinifera
L.)*%38, The interaction between TEs and the plant's epigenetic system can lead to the retention of
TEs, thereby causing an expansion of plant genome sizes>°. A number of TEs have been found to
affect agricultural traits and cause genetic diseases, which significantly impacts advancements in
biology, medicine, and agriculture****. Additionally, TEs affect plant gene expression and function
through cis- and trans-regulatory mechanisms**->2. As an important source of genetic diversity and

contributor of large-effect mutations, TEs play an important role in promoting genomic structural



variation, phenotypic divergence, rapid adaptation, trait evolution, and speciation®*!. Population
genetic analyses of TE-associated structural variants (TEVs) have revealed that most TEVs might
be slightly deleterious or neutral, with rarer alleles compared to nonsynonymous single nucleotide
polymorphisms (SNPs) in plant populations®-®2. It is particularly crucial to explore the role of
TEVs in plant genome evolution at the population level as these evolutionary events are often
recent and involve local adaptation®®. However, the potential role of TEVs in shaping genetic

diversity and their associations with climatic variables remain poorly understood.

Global climate change is an increasing threat to biodiversity and food security, potentially leading
to extinctions of species, transformations of the global ecosystems, and reduction in crop
production®*®, Species may persist under climate change through genetic mutations, increased
environmental tolerance via phenotypic plasticity, or migration to suitable locations®®-%8, Due to
the relatively weak dispersal ability of plants compared to animals, climatic adaptation appears to
be more important for the evolution and species persistence in plants®. The rapid development of
genomic technologies provides an unprecedented opportunity to comprehensively examine genetic
loci, including SNPs, indels, and structural variants (SVs) that have involved in climatic
adaptations’®"®. Detecting potential environment-associated genetic variants, including TEVs, is
critical for understanding the genetic mechanisms of local adaptation and for predicting plant
adaptability to climate change’. In addition, in spatially heterogeneous environments, species
exhibit sensitivity to various selective pressures, leading to the evolution of local adaptations?.
Genotype-environment associations (GEA), integrating genetic offset and niche suitability
modelling, provide valuable insights into predicting local adaptive potential and assessing
vulnerability to climate change in plants, thereby facilitating effective management and
conservation to address the loss of global biodiversity and agricultural security’!’®-8, Past studies
have primarily focused on the impact of SNPs on climatic adaptation and the assessment of future
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climate-induced vulnerability”*", while the possible contribution of TEVs to local adaptation and

response to future climate change remains rarely investigated.

In this study, we construct a graph-based pangenome reference from haplotype-resolved genomes
of representative V. amurensis accessions, providing a comprehensive genomic framework for

population-scale analyses. By integrating this pangenome with deep resequencing data of 330



accessions from 31 natural populations across the species’ distributional range, we generate a high-
resolution variant map including 41,451,941 SNPs, 6,856,493 indels, and 127,094 TEVs. This
genomic resource captures genetic diversity at the population scale and provides a robust
framework for examining the association of TEVs with climate adaptation. Our study establishes
a foundational dataset for investigating climate-related genomic patterns in V. amurensis and offers
valuable insights into breeding and conservation strategies for this important crop wild relative in

the context of rapid global climate change.

Results

Haplotype-resolved genome assemblies and TE landscape of V. amurensis

To capture the genetic diversity of V. amurensis, we selected four representative accessions based
on their geographic distribution (see Methods). For de novo assembly of the four newly generated
haplotype-resolved V. amurensis genomes, we integrated a total of 17.7-28 Gb (~35-56%) of
PacBio HiFi CCS reads, and ~58-78Gb (~116-156x%) of Hi-C reads. The final assembly of
haplotype-resolved genomes resulted in total lengths ranging from 497.35 Mb to 512.02 Mb, with
contig N50 ranging from 15.14 Mb to 24.15 Mb (Supplementary Data 1). The assembly consensus
quality values (QVs) for haplotype-resolved genomes ranged from 67.29 to 69.11 based on HiFi
data, indicating over 99.99% accuracy (Supplementary Data 1). More than 98.3% of the core
embryophyte gene sets from the benchmarking universal single-copy orthologs (BUSCOs)
assessment were detected in the haplotype-resolved genomes of each accession, supporting that
our assemblies were of high quality and completeness (Supplementary Fig. 1). Furthermore, most
of the centromeric and telomeric regions were identified on V. amurensis diploid genomes (Fig.
1b, Supplementary Fig. 2a, Supplementary Data 1). Approximately 63.13%-64.08% of the
haplotype sequences were identified as repetitive elements, including 36.72%-37.76%
retrotransposons, 16.79%-17.25% DNA transposons, and 0.18%-0.22% rolling-circle elements
(Supplementary Table 1). TE insertion time analysis across the eight haplotype assemblies of V.
amurensis revealed a broad peak around 5 million years ago (Mya) in the temporal distribution of
TE insertions, followed by a sharp decline in more recent insertions, indicating that most TE

insertions are relatively ancient (Supplementary Fig. 2b).

Population genetic dynamics of TEVs in V. amurensis populations



We collected 330 individuals from 31 populations across the main distribution areas of the V.
amurensis. Whole-genome resequencing of these accessions generated ca. 7.37 Tb raw data, with
an average coverage of ca. 40x per sample (ca. 22.33 Gb per individual; see Supplementary Data
2). We identified 41,451,941 SNPs and 6,856,493 indels based on a single-reference approach by
mapping all resequencing reads to the Vam057 haplotypel genome (see Methods).

We further filtered the SNP set using linkage disequilibrium (LD) pruning (see Methods), resulting
in 344,087 independent SNPs for population genetic diversity analyses. The maximum-likelihood
(ML) tree of V. amurensis supported an early divergence between populations of the southern
range and those from the West-Center-Northeast range of the species, while populations distributed
in the northeast represented later divergences (Fig. 1c and Supplementary Fig. 3). Population
structure and principal component analysis (PCA) revealed four major geographic groups: West,
Center, Northeast, and South (Fig. 1d-f, Supplementary Fig. 4a, Supplementary Data 2). We further
confirmed that the four genomes (Vam057, Vam070, Vam106, and Vam113) were assigned to the
Northeast, Center, West, and South groups, respectively (Fig. 1 and Supplementary Data 1).

To better detect structural variants, we utilized the PanGenome Graph Builder (PGGB)?! to build
the V. amurensis pangenome graph (Vampan V1.0) using the eight haplotype assemblies, which
comprises 54.16 million nodes and 74.84 million edges, with a total sequence length of 832.77
Mb. The Vampan V1.0 pangenome, generated from phased diploid assemblies, provides a pivotal
framework for comprehensive analyses of haplotype diversity and the identification of TEVs on a

population scale.

The utilization of a pangenome for V. amurensis, combined with the extensive resequencing data
generated in this study, facilitated the identification of a broad spectrum of genomic variants. In
total, 220,864 structural variants were identified, among which 127,094 were TEVs, which
accounted for 57.54% of all structural variants (see Methods) (Fig. 2a). Population structure
analysis based on TEVs yielded results consistent with those obtained from SNPs (Supplementary
Fig. 4b). Statistics on the number of TEVs in each accession indicated that 91% of the accessions
had at least 36,000 TEVs (Supplementary Fig. 5a). In addition, the main type of transposable
elements in the V. amurensis population was retroelements (71.28%), including 16.66% Copia

LTRs and 44.77% Gypsy LTRs, compared to DNA transposons (26.04%) (Fig. 2b). Based on high-



quality 97,013 extensive TEVs and 4,114,075 SNPs (see Methods), the extents of population
genetic diversity (m) of SNPs and TEVs over 1Mb non-overlapping windows were calculated,
which demonstrated that there was a significant positive correlation between the two types of
variants (P = 1.19e-13, Fig. 2¢). Moreover, the number of SNPs in surrounding regions of TEVs
was calculated, and our results suggested that SNP frequency around TEVs is higher than the
average SNP frequency across the genome (Fig. 2d). A similar pattern was observed for SVs
(including TEVs), with SNPs also exhibiting biased accumulation around structural variants (see

Methods, Supplementary Fig. 5b).

The distribution of TEVs in the whole genome indicated that most TEVs were located at intergenic
regions of the genome (79.21%). Approximately 26.11% TEVs were identified at the cis-
regulatory regions (within 2 kb upstream and downstream of genes), and ca. 23.16% TEVs were
distributed in genic regions, including 3’ untranslated region (UTR), 5° UTR, introns, and coding
sequences (CDSs) (Supplementary Table 2, Supplementary Fig. 5c). These reported percentages
are not mutually exclusive, as individual TEVs may span multiple genomic features. The
frequency of each TEV was calculated as the proportion of haplotypes carrying the variant allele
in the population. Most TEVs were observed at allele frequency < 0.5 across intergenic and genic
regions, potentially due to either recent mobilization events or purifying selection which
constrained the spread of TEVs throughout the genome (Fig. 2e). TEVs with a population
frequency greater than 0.8 in the CDS regions are likely under positive selection in natural
populations (Fig. 2e). To explore their potential functional impact, we performed gene ontology
(GO) enrichment analysis on genes containing TEVs with an allele frequency > 0.8 in CDS regions.
A total of 201 genes were annotated with GO biological processes terms and used for enrichment
analysis. These genes showed significant enrichment in categories related to defense response (P
= 0.0078), defense response to other organisms (P = 1.99e-4), and regulation of innate immune
response (P =0.0081) (Fig. 2f). We acknowledge that these gene categories may include members

under relaxed selection or colocalized with TEVs without direct functional consequences.

TEVs can regulate gene expression by rearranging gene fragments or disrupting cis-regulatory
elements, which are generally considered deleterious. To estimate the effect of TEVs on the

genome, we analyzed the unfolded site frequency spectra (SFS), which show how often newly



derived variants occur at different frequencies in a population, using TEVs and SNPs across the
genome from the four main groups (Supplementary Fig. 5d). This approach has been widely
applied in population genomic studies of grapevine®>. In each group, SNP frequencies showed a
U-shaped distribution, whereas TEVs demonstrated a lower proportion of fixed variants compared
with SNPs (Supplementary Fig. 5d). A total of 39,212 TEVs were shared among all four groups,
and the South group contained the highest number of group-specific TEVs (8,852), which were
not detected in the other groups (Supplementary Fig. 6).

Potential role of TEVs in the local adaptation of V. amurensis

To explore the association of TEVs to local adaptation, we identified high-quality 97,013 TEVs,
4,114,075 SNPs, and 677,438 indels (see Methods), and performed genotype—environment
association (GEA) analyses for V. amurensis populations. Genomic variants associated with
twenty environmental variables, including temperature, precipitation, and elevation-related
variables, were identified using Latent factor mixed model (LFMM)® (Supplementary Table 3,
Supplementary Data 3). Moreover, the importance of each environmental variable for V. amurensis
was assessed by the Gradient Forests (GF) model (Supplementary Fig. 7a). Through the integration
of environmental variable importance rankings and pairwise correlations among twenty variables,
six variables with Spearman correlation coefficient |r| <0.8 were identified, including temperature
seasonality (bio4), elevation (elev), precipitation seasonality (biol5), isothermality (bio3),
precipitation of warmest quarter (biol8), and mean temperature of warmest quarter (biol0)
(Supplementary Fig. 7). These six environmental variables can largely explain the adaptive
environment-associated genomic variants across the distribution of V. amurensis based on the GF
model. Temperature seasonality (bio4) was identified as the most important driver of local
adaptation of natural populations distributed in the northeastern range (Supplementary Fig. 8). In
contrast, precipitation seasonality (biol5) and mean temperature of warmest quarter (biol0)

significantly influenced the putative adaptive genomic variants in most of the remaining natural

populations of V. amurensis (Supplementary Fig. 8).

A total of 22,419 putative adaptive variants were identified using the LFMM analysis (False
discovery rate, FDR <0.01), including 1,098 TEVs and 21,321 short variants. Based on the linkage

disequilibrium (LD) information of V. amurensis (Supplementary Fig. 9a), the upstream and



downstream regions of 20kb of candidate adaptive variants were used to detect environment-
associated genes. A total of 823 candidate genes were identified by the LFMM analysis of six
environmental variables (Supplementary Data 4-9). We identified a set of precipitation-associated
candidate adaptive genes that are homologous to genes in Arabidopsis, including TLP3 (Fig. 3,
Supplementary Fig. 9b and 10). The V. amurensis homolog of TLP3 was associated with
precipitation-related environmental variables, including precipitation seasonality (biol5) and
precipitation of warmest quarter (biol8), and was involved in drought stress signaling (Fig. 3a and
Supplementary Fig. 10c). A candidate adaptive TE insertion (TE5 3254586, with a length of
10,631 bp, and classified as a Gypsy LTR) was located in the putative cis-regulatory region of the
gene TLP3 (ca. 1kb upstream of the 5’UTR) associated with precipitation seasonality (biol5), and
there was relatively high linkage disequilibrium within the region surrounding this gene (Fig. 3a).
This long TE insertion may affect a transcription factor binding site (chr5: 3255018) predicted
using the PlantCARE database, suggesting a potential influence on the transcriptional regulation
of TLP3 (Supplementary Fig. 9b). Our results indicated that there was a positive correlation (» =
0.67, P =3e-5) between the precipitation seasonality and the allele frequency of the TE among 31
natural populations of V. amurensis (Fig. 3b). The geographic distribution of the allele frequencies
demonstrated that a higher prevalence of the TE allele in populations of the Center and West groups.
In contrast, this allele was relatively rare in populations of the South and Northeast groups (Fig.
3c). Numerous candidate genes were identified to be associated with temperature-related
environmental variables, such as ICE1, CAMTA2, CBF1, HHP4, COR27, BAM3 and BAG7 (Fig.
4a and Supplementary Fig. 10). It is noteworthy that the gene TLP3 was also strongly associated
with two temperature-related environmental variables, temperature seasonality (bio4) and mean
temperature of warmest quarter (biol0) (Fig. 4a and Supplementary Fig. 10b). The tubby-like
protein (TLP) gene family has also been reported to play a role in plant responses to extreme
temperature stress®. Allelic variation in the gene HHP4 was associated with temperature
seasonality (bio4) (Fig. 4a). The heptahelical protein (HHP) gene family has been implicated in
multiple abiotic stresses, including extreme temperature and salt®*. In addition, the gene ICE1, a
transcriptional activator regulating the cold-induced transcription of CBF/DREBI1 genes, was
associated with variation in temperature seasonality (Fig. 4a). We selected the candidate adaptive
SNP (SNP14 26191757, representing a G-to-A substitution), located in the putative cis-regulatory
region (ca. 1kb upstream of the 5’UTR) of the gene ICEI, as the best example to illustrate the



relationship between the allele frequency and the environmental variable (Fig. 4a). According to
the PlantCARE database, this SNP is located within a predicted transcription factor binding site
(chr14: 26191744), which may alter the transcriptional regulation of /CE! (Supplementary Fig.
9c¢). Our results revealed a strong negative correlation (»=-0.83, P = 8e-9) between the temperature
seasonality and the allele frequency of this SNP among 31 natural populations of V. amurensis
(Fig. 4b). The distribution pattern of allele frequencies suggested that the reference allele was
predominantly found in populations of Northeast Asia, characterized by relatively high values of
temperature seasonality, whereas the alternative allele was fixed in populations located in areas
with low values of temperature seasonality (Fig. 4c). In addition, thirteen genes were identified as
candidates for elevation-related adaptation, associated with UV-B/photo-oxidative damage
protection and freezing tolerance (Supplementary Fig. 10d). The identified candidate genes were
subjected to GO enrichment analysis. These genes showed significant enrichment in biological
processes such as response to cold (P = 5.92e-11), response to water deprivation (P = 9.87¢-9),
and response to abscisic acid (P = 1.1e-6) (Supplementary Table 4). These results suggest that
some candidate genes may function within coordinated stress-response pathways, collectively

contributing to environmental adaptation.

We estimated the proportion of environmental variance (PVE) associated with different genetic
variants. TEVs were identified as associated with the largest proportion of variance in mean
temperature of warmest quarter (bio10, 71.97%), precipitation of warmest quarter (bio18, 87.01%),
and elevation (elev, 86.64%) (Supplementary Fig. 11). The unique contribution of TEVs to most
environmental variables was larger than that of SNPs or indels when compared individually
(Supplementary Fig. 11). TEVs uniquely explained 11.12% of the genetic variation associated with
precipitation of warmest quarter, a much larger proportion than that explained by SNPs or indels
(Supplementary Fig. 11e). Although the unique variance associated with TEVs was relatively
lower than that of SNPs for isothermality (bio3), temperature seasonality (bio4), and precipitation
seasonality (biol5), TEVs were still identified as associated with these environmental variables
(Supplementary Fig. 11). These results suggest that TEVs may contribute to ecological adaptation

in V. amurensis, representing a component of adaptive genetic diversity.

The role of TEVs in genomic adaptation to future climate change



To evaluate how populations of V. amurensis may respond to future climate change, shared
putative adaptive variants identified by LFMM and the redundancy analysis (RDA) that were
consistently associated with the six uncorrelated environmental variables (bio4, elev, biol5, bio3,
biol8, and bio10) were defined as “core adaptive variants” for local adaptation (Supplementary
Fig. 12). These variants were then further filtered (see Methods), resulting in 40 LD-pruned
adaptive TEVs, along with 206 adaptive SNPs and indels. We predicted the genomic vulnerability
of V. amurensis to future climate change using the LD-pruned adaptive SNPs and indels under
SSP245 and SSP585 scenarios in two periods (Fig. 5 and Supplementary Fig. 13, see Methods).
This involved estimating the genetic offset, representing the expected degree of allele frequency
change required for populations to remain adapted under future climate scenarios. The SSP585
model was regarded as projecting higher emissions and more severe climate change than the
SSP245 model. Genetic offset demonstrated an upward trajectory in correlation with escalating
emissions when assessed across different emission scenarios (Fig. 5 and Supplementary Fig. 13).
Populations with higher genetic offsets are particularly vulnerable to climate change because they

require more substantial changes in adaptive allele frequencies to adapt to future climate.

To explore the role of TEVs in shaping the adaptive potential of V. amurensis under future climate
change, we estimated genetic offsets using LD-pruned adaptive TEVs, SNPs, and indels. We
specifically assessed the potential role of TEVs by comparing models that included LD-pruned
adaptive TEVs alongside SNPs and indels (adaptive TEVs set) with those using only LD-pruned
adaptive SNPs and indels (baseline set). Across all periods and emission scenarios, the baseline
set showed significantly higher genetic offsets (P < 0.003), whereas inclusion of putative adaptive
TEVs reduced offsets by 7.3-8.2% (Supplementary Table 5). Results from different datasets
showed similar spatial and temporal genetic offset patterns (Fig. 5 and Supplementary Fig. 13-15).
Populations of the Northeast group showed relatively high genetic offsets, indicating greater
vulnerability to future climate change (Supplementary Fig. 15). As a control, the average genetic
offsets based on random non-adaptive TEVs plus LD-pruned adaptive SNPs and indels (control
set) showed no significant difference from the baseline set (Fig. 5c). These findings suggested that
putative adaptive TEVs may play a role in future climate adaptation of V. amurensis by providing

complementary adaptive genetic variation that reduces genetic offset.



To adapt to rapidly changing environments, plants must either change allele frequencies in situ or
migrate to other suitable habitats. The role of migration in population level adaptability to climate
change was considered and integrated into this study. We assessed the potential maladaptation
based on forward genetic offsets under SSP585 models during the period 2081-2100, considering
different maximum dispersal distances (100, 500, and 1000km), respectively (Supplementary Fig.
16). Restricting the maximum migration distances will increase forward offsets (Supplementary
Fig. 16). Compared to analyses that do not consider migration, we inferred that migration benefits
V. amurensis populations by facilitating TE exchange and enhancing their adaptation to the rapidly

changing global climate.

Discussion

This study constructs a graph-based pangenome reference and a comprehensive variants map,
revealing a biased accumulation of SNPs around TEVs. In addition, we investigate the potential
role of TEVs in local adaptation to present and future climate for V. amurensis survival in rapidly
changing environments. Firstly, we estimated the possible contribution of different variants to local
adaptation and identified environment-associated candidate genes. For example, 7LP3 is involved
in drought and cold stress responses, and key genes in the /CE-CBF-COR signaling pathway,
which are crucial for plant cold stress tolerance. These genes are inferred to promote ability of V.
amurensis to withstand freezing temperatures. Secondly, using a machine learning model, we
predicted the spatiotemporal adaptability of V. amurensis populations to future climate change,
with the results suggesting that TEVs may contribute to enhancing adaptive potential to climate
change. Overall, we provide new evidence supporting the potential role of TEVs in adaptive
evolution and highlight the importance of integrating population genomics approaches in future

studies on the breeding and conservation of crops and their wild relatives under climate change.

TEs have long been recognized as important drivers of genetic innovation and genome evolution®>
88 TEs can create genetic variability through insertions and rearrangements, which can result in
the reprogramming of gene expression or the introduction of new functional elements®°. The
insertion of TE can enhance genomic instability, modify the surrounding sequence contexts, and
affect DNA repair and recombination rates of closely linked genomic regions*>!*2. Reduced

recombination rates around TEVs may lead to relaxed purifying selection, resulting in the biased



accumulation of SNPs in these regions”. Alternatively, the observed pattern may result from
variant purging in more conserved genomic regions. We infer that these effects collectively

influence mutation patterns and may lead to hotspots of genetic variation in regions around TEVs

(Fig. 2).

Local adaptation is essential for species survival in rapidly changing ecological environments by
influencing species diversity and facilitating the expansion of species’ ranges’*. Exploring the
genetic basis of local adaptation is critical for understanding species’ adaptive evolution®’.
Previous population genomic studies mainly focused on the impact of SNPs on local adaptation.
However, the role of TEVs in adaptive evolution has attracted increasing attention over the past
decade?’ %1% As a primary cause of structural variation, TE provides significant genetic
diversity®. Large-effect variants may play a crucial role in driving local adaptation, rather than
contributing significantly to global adaptation'"!. It is interesting that the mobilization of TE
facilitates the generation of large-effect mutations across the genome and generations, potentially
promoting rapid local adaptation'®?. To investigate the diversity of TEVs at the population level
and the possible contribution of TEVs to adaptive evolution in the context of rapid environmental
change, we identified TEVs based on a graph pangenome and whole-genome resequencing data
from 330 accessions of V. amurensis. Our findings support the hypothesis suggesting TEVs may
contribute to adaptive evolution (Fig. 3 and Supplementary Fig. 10). In this study, TEVs show
possible contributions to the environmental adaptation of V. amurensis, particularly for
precipitation of warmest quarter (Supplementary Fig. 11). TEVs located near or within genes are
recognized to have significant transcriptional effects, and when TEVs insert into introns, they may
influence phenotype by generating multiple transcript isoforms!®. Identifying adaptive genes and
exploring the effects of TEVs on local adaptation provide valuable insights into establishing
breeding strategies in grapes to enhance tolerance to abiotic stresses.

Rapid climate change is threatening global biodiversity and food security!®.

However,
comprehensive predictions of species vulnerability to future climate change remain challenging,
due to the incomplete information on the genetic variants at the genome-scale. The fluctuation in
TE transposition rate may impact the adaptability of plants to future climate change, yet the

possible contribution of TEVs to the response to such change has long been ignored!®. In this



study, we identified SNPs and indels based on a single linear reference genome, and detected TEVs
using a graph-based pangenome in V. amurensis populations. Our findings indicate that genetic
offsets of populations are significantly decreased (P < 0.003) with additional putative adaptive
TEVs as covariates at all periods and emission scenarios (Fig. 5 and Supplementary Table 5). We

suggest that TEVs may contribute to adaptation of populations to future climate change.

Cold and drought stresses are important environmental factors that influence plant growth,
development, production, and geographic distribution. The mechanism of cold acclimation in
temperate crops involves the regulation of a series of transcription factors and proteins. V.
amurensis, the most cold-resistant wild grape in East Asia, is recognized as a valuable genetic
resource and has received considerable attention recently!!'%!41% ‘However, the genetic basis of
cold tolerance of V. amurensis is still not adequately investigated. In this study, we identify a set
of candidate genes potentially associated with environmental adaptation, including the gene TLP3,
which may be involved in drought, cold, and heat stress responses (Fig. 3 and 4, Supplementary
Fig. 10). Tubby-like proteins (TLPs), eukaryotic proteins with a Tubby domain, are important in

83,107-113 "such as tolerance to drought!'*!!8, cold stress''*!2°, and high

plant abiotic stress tolerance
temperature!?"1?2, Moreover, the gene BAM3 has been identified as being associated with
adaptation to temperature-related and elevation-related environmental factors (Supplementary Fig.
10). A recent study confirmed that BAM3 enhances cold tolerance through the regulation of soluble
sugar accumulation in V. amurensis '. The ICE-CBF-COR signaling pathway in plants is
considered as a significant regulatory mechanism for adapting to cold stress'?*!%. Our results
identify several candidate genes, including COR27, ICEI, CBFI, CAMTAs, HHPs, CRPKI,
CRLKI1, and HOSI5, potentially involved in this pathway, suggesting their important role in
freezing adaptation (Fig. 4 and Supplementary Fig. 10). For example, COR27 is involved in
regulating flowering and freezing tolerance of Arabidopsis thaliana'*. ICE gene homologs of V.
amurensis, ValCEl and ValCE2, have been confirmed to act as key early regulators in the
transcriptional cascade controlling freezing tolerance, modulating the expression of multiple cold-
related genes in the C-repeat binding factor (CBF) pathway'?’-'?°. In addition, overexpression of
VaCBF4, a homolog of CBF in V. amurensis, can enhance cold tolerance in Arabidopsis'®.
Additionally, HHPs interact with the CBF upstream regulators, such as /CEs and CAMTAs, to
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activate freezing tolerance . We identified numerous putative environment-associated genes and



generated testable hypotheses for future functional studies. We acknowledge that the present work
does not include experimental validation of these molecular processes, and that such efforts remain
essential. Future studies should prioritize functional analyses to clarify the biological roles of these

genes in the environmental adaptability of the V. amurensis.

Populations from the Northeast area, the distribution center of V. amurensis, exhibit higher genetic
offsets, including local and forward offsets, compared to those from the central areas under
different future climate scenarios (Fig. 5 and Supplementary Fig. 13-16). The results indicated that
populations of the Northeast group are highly vulnerable to future climate change, hence it is more
challenging for them to survive by migration or adaptive evolution. The Center group of V.
amurensis is expected to possess a relatively strong adaptive capacity to confront climate change
and may be preadapted to future stresses related to temperature and precipitation (Fig. 5,
Supplementary Fig. 15 and 16). Furthermore, estimates of forward offsets of populations decrease
with increasing maximum dispersal distances, implying that assisted migration to new habitats
with suitable environments may help them avoid collapse in the face of climate change
(Supplementary Fig. 16). Effective conservation requires strategies based on the genetic and
ecological characteristics of the species and its populations. Genomic technologies can help
develop conservation decisions and actions’®. Conservation and management strategies for the
economically important V. amurensis should maintain a balance between in situ adaptation and
assisted migration. For the West and the South groups, assisted migration and restoration may be
good conservation strategies, considering their relatively small effective population size. In
contrast, we highlight the populations of the Northeast group as a conservation priority, due to
their high genetic offset to future climate change and their high value as genetic resources for

tolerance to extreme low temperatures.

In this study, we investigate the population demographic history of V. amurensis based on a
pangenome-referenced variants map. We confirm the possible role of TEVs to local adaptation and
highlight the possible impact of TEVs on population adaptation to future climate change. Our
findings suggest that comprehensive population genomics research, incorporating various genetic
variants, is crucial for breeding and conservation of crops and their wild relatives in the context of

climate change.



Methods

Sample collection and genome sequencing

The V. amurensis is one of the most cold-tolerant grape species in the world, making it an important
genetic resource for grape breeding. We selected four representative V. amurensis accessions for
genome assemblies, which were collected from Heilongjiang province (voucher number Vam057),
Shandong province (voucher number Vam070), Shanxi province (voucher number Vam106), and
Zhejiang province (voucher number Vam113), China (Supplementary Data 1). The total genomic
DNA was isolated from fresh leaves using the DNeasy Plant Mini Kit (Qiagen) following the
manufacturer’s instructions. HiFi reads of four V. amurensis accessions were sequenced on PacBio
Revio platform in a circular consensus sequencing (CCS) mode, using 15-20 kb SMRT cell library.
For Hi-C sequencing, the library was prepared with chromatin extraction and digestion, and

subsequently sequenced on the Illumina NovaSeq 6000 platform.

We collected 330 individuals from 31 natural populations across the natural range of V. amurensis
(Supplementary Data 2). Each population was sampled with more than four individuals, and most
populations (25 out of 31) included eight or more individuals. Individuals within each population
were sampled after confirming that they were separated by at least 100 meters. The sampling
strategy accounted for variants in latitude, altitude, and habitat to ensure a comprehensive
representation of genetic diversity. Genomic DNA was extracted from fresh leaves with the
DNeasy Plant Mini Kit (Qiagen). Each DNA sample was fragmented by sonication for library
preparation, and whole-genome paired-end sequencing was generated using the [1lumina NovaSeq
6000 platform with a coverage of ca. 40x per sample. The sequencing data of six accessions from
North American wild grapes were downloaded from NCBI database’ (Supplementary Table 6).
Adapters were removed using Trimmomatic (v0.39) with default parameters'®!. All trimmed reads
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were filtered by fastp (v0.23.2) with default parameters'“~. After quality control, high-quality clean

reads were obtained.

De novo genome assembly of four V. amurensis accessions
Following the genome assembly procedure described in ref.!®38 initial contigs level of genomes

of the four V. amurensis accessions were assembled by Hifiasm (v0.15) with HiFi and HiC reads



as input using default parameters (https://github.com/chhylp123/hifiasm)'**. Furthermore, for
chromosome-level scaffolding, Hi-C reads were filtered by fastp (v0.23.2) with default
parameters'?, and then used to anchor all contigs with Juicer (v1.6)'3*. The “scaffold” function of
the software RagTag (v2.1.0)'*° was used to adjust the order and orientation of the contigs with
the genome of the domesticated grapevine (V. vinifera ssp. vinifera) cultivar PN40024 as
reference®®. Finally, the HiC contact map was visualized by 3d-dna (with the run-assembly-
visualizer.sh script and -q 0 parameter)'*’, and manually adjusted in Juicebox (v1.11.08)"7 to
generate the two haplotype genomes of each accession. To complete the genome assembly, the

HiFi reads were mapped on the genomes of each accessions using Minimap2 (v2.26)'%*

. Gaps were
filled and closed using the corresponding HiFi read sequences when more than 3 reads covered
the gap region. The results were manually checked in Integrative Genomics Viewer (IGV)
(v.2.13)!* to ensure the filling of gap was trustworthy. The k-mer-based consensus quality (QV)
scores of the four V. amurensis accession genomes, which represent the log-scaled probability of
error E at each base (-10log10F), were calculated using Merqury (v1.3) with the k-mers counted

by Meryl (v1.4.1) based on HiFi data'“’.

The genome assembly completeness was assessed by BUSCO (v5.2.2)!*!. To identify telomeric
repeat units in the genome, the TIDK (v0.2.0) was used with parameters: -s TTTAGGG
(https://github.com/tolkit/telomeric-identifier), according to the telomere repeat unit previously
reported in grape '*?. The centromere localizations were explored using TRF!** with parameters 2
7 7 80 10 80 500, and the results were transformed to gff3 format using TRF2GFF
(https://github.com/Adamtaranto/TRF2GFF). The centromere region of each chromosome was
confirmed based on protein-coding genes and transposable elements annotation, and the 107 bp
unit of tandem repeats reported in the grape reference genome?®. To analyze genome synteny and
structural variations (SVs) among the PN_T2T genome*® and the eight haplotype assemblies of V.
amurensis, we performed pairwise genome alignments between adjacent haplotypes using
Minimap2 (v2.26)"*8. Genome rearrangement regions were identified using SyRI'*. The synteny

of these three genomes and the SVs were plotted using plotsr (v1.1.5)'%.

Annotation of genes and transposable elements

A genome-wide annotation pipeline was used for the annotation of putative genes of V. amurensis



haplotype genomes (https://github.com/unavailable-2374/Genome-Wide-Annotation-Pipeline).

38,146 and

The genes were initially searched based on transcriptome data from previous studies
UniProt sequences (https://www.uniprot.org/) as evidence. Meanwhile, the gene prediction based
on V. amurensis genome sequence was conducted using AUGUSTUSS53 (v3.4.0)!7. The predicted
putative genes involved in duplicated regions, with total CDS regions length shorter than 90 or not
supported by any evidence were filtered. The missing genes were attempted to be complemented
and the complete genes were subjected to alternative splicing analysis. All the results were checked
by hidden Markov models downloaded from the Pfam database to obtain the final gene models.

Transposable element families were identified by RepeatModeler2'*3

with a pan-Vitis database of
repeat families®®. The repeat elements were classified by using deepTE with the Plant model'®.
Finally, we annotated all repetitive sequences using RepeatMasker (v4.1.2)!>°. We estimated TE
insertion times for the eight haplotype assemblies. The outputs generated by RepeatMasker were
parsed using the Perl script parseRM.pl (https://github.com/4ureliek/Parsing-RepeatMasker-
Outputs) with the parameters -1 50,1 -m 0.0025. The parameter -m specifies the substitution rate,

following estimates from a previous study’.

Construction of the graph pangenome

To comprehensively represent the genetic diversity of V. amurensis, we utilized the PanGenome
Graph Builder (PGGB) to construct the V. amurensis graph pangenome with the Vam057
haplotypel genome serving as the reference, using the settings -s 5000 -125000 -p 80 -n 2 -K 19 -
F 0.0013!. All four genomes, encompassing eight haplotypes, were included in the construction of
the graph pangenome. Through this approach, we aimed to capture the structural variants present

within the V. amurensis populations effectively.

Variant maps of V. amurensis

To ensure the reliability of the short variant dataset and maintain analytical consistency across
samples, we employed a widely used and well-validated linear reference-based approach. High-
quality clean NGS reads were mapped to the VamO057 haplotypel genome using BWA-MEM
algorithm (v0.7.17)"*!. BAM files were filtered using samtools view -bS -F 0x100 -q 10 to remove
secondary alignments and low-quality reads. The filtered BAM files were then sorted with
SAMtools (v1.13)!32, and PCR duplicates were identified and marked using Picard (v2.23.0)



MarkDuplicates (http://broadinstitute.github.io/picard/). These steps ensured that only reliably
mapped reads were retained for variant calling. The SNP and indel calling was performed using
GATK (v4.2.6.0)'3 functions of HaplotypeCaller, GenomicsDBImport, GenotypeGVCFs,
SelectVariants and VariantFiltration. Specifically, variants were called per sample using
HaplotypeCaller in GVCF mode to generate individual GVCF files. All GVCF files were
combined with GenomicsDBImport to build a genomic database, and joint genotyping across all
samples was performed using GenotypeGVCFs to produce cohort-level VCF files for each
chromosome. The SNPs and indels were extracted from the joint VCF files using SelectVariants
with the options -select-type SNP and -select-type INDEL, respectively. These variant sets were
then filtered using VariantFiltration. SNPs were filtered based on “QD<2.0 || FS >60.0 ||
MQRankSum <- 12.5 || ReadPosRankSum <- 8.0 || SOR >3.0 || MQ<40.0”, while Indels were
filtered using “QD<2.0 || FS >200.0 || MQRankSum <-12.5 || ReadPosRankSum <- 8.0 || SOR
>10.0". The resulting variants were filtered by VCFtools (v0.1.15) using parameters: -max-missing

0.81%,

The PGGB pangenome was used to generate the structural variant set among V. amurensis
populations. The re-genotyping tool PanGenie (v2.1.0) was used to determine unique k-mers in
the graph with PanGenie index and generate structural variant VCF files of each accession, using
the setting -r Vam057 _haplotypel genome along with default parameters'>. These VCF files were
further combined into a merged structural variant map using BCFtools (v1.13)!%%. We searched
homologous nucleotide sequences of structural variants in the database of transposable element
families mentioned above to identify TEVs using NCBI-BLASTN with default parameters (evalue
< le-5, percentage identity > 70%)°%!>7. These TEVs were further filtered using VCFtools (v0.1.15)

with parameters: -max-missing 0.8'3,

Ecological niche modelling

To infer the potential geographic distribution of V. amurensis, we performed the ecological niche
modeling using Maxent (v3.4.4) with 10% random test and 10 replicates'>®. The occurrence
records of V. amurensis were collected from the Global Biodiversity Information Facility (GBIF,
www. gbif.org) and fieldworks. A total of 20 current environmental factors, including 19

bioclimatic and 1 elevation variables, were used with resolution 2.5 arcmin from the WorldClim



(www.worldclim.org)'*,

Phylogenetic, principal component, and population structure analyses

Firstly, a linkage disequilibrium pruned SNP set was generated using PLINK (v1.90) software with
parameters: --indep-pairwise 50 10 0.2 --vcf-min-gq 20 --maf 0.05 --geno 0.1'%°, which included
344,087 independent SNPs to be used in the following analyses. The phylogenetic relationship
among populations of V. amurensis was reconstructed by IQ-TREE (v1.6.12)!¢! using the GTR
model and 1000 bootstrap using six wild grapes from North America as outgroups. Principal
component analysis was performed using the PLINK (v1.90) software with parameter “--pca”!¢’.
Population structures were examined to estimate individual admixture proportions from ancestors

using ADMIXTURE (v1.3.0)!%? with LD-pruned SNPs set and TEs set mentioned above,

respectively. The number of clusters (K) was set from 2 to 6.

TEVs dynamics in V. amurensis population

To assess potential functional impact of TEVs, we conducted gene ontology (GO) analysis using
the web tool DAVID (https://davidbioinformatics.nih.gov/) on genes containing TEVs with an
allele frequency > 0.8 in their CDS regions. GO terms were assigned based on UniProt functional

annotations (https://www.uniprot.org/).

To calculate the derived site frequency spectrum (SFS) of each population, we used the superSFS
script (https://github.com/xhchauvet/superSFS) with six North American wild grapes as outgroups
(Supplementary Table 6). Moreover, PopLDdecay (v3.42) was used to calculate the decay of

linkage disequilibrium between SNPs and TEVs!%3.

Structural and SNP variants were further filtered by VCFtools (v0.1.15) with parameters “--maf
0.03” and “--maf 0.05”, respectively'>*. After filtering, we obtained high-quality 177,789 structural
variants (including 97,013 TEVs) and 4,114,075 SNPs for the following analyses. Population
genetic diversity () of SNPs and TEVs were generated by VCFTools (v0.1.15) in sliding windows
of 1Mb, respectively'**. Pearson correlation analysis was performed to evaluate the relationship
between the m values of SNPs and TEVs. In order to explore the relationship between structural

variants/TEVs and SNPs, the number of SNPs in surrounding regions of each filtered structural



variant/TEV was counted with sliding windows of 15kb. And the average number of SNPs per 15

kb sliding window across the genome was calculated.

Detection of genotype-environment associations

To identify environment-associated genotype variants, including SNPs, indels, and TEVs, two
different approaches were employed. TE variants were filtered with the parameter '--maf 0.03',
while both indel and SNP variants were filtered with '--maf 0.05' using VCFtools (v0.1.15) 1%, A
total of 97,013 TEVs, 4,114,075 SNPs, and 677,438 indels were used in these analyses. Firstly, the
univariatt LFMM implemented in R package LEA (v3.11.4)% was performed with the 19
bioclimatic and 1 elevation variables (resolution 2.5 arcmin). According to the population
structures inferred by ADMIXTURE (v1.3.0)'%?, four latent factors were used in LFMM to account
for the number of ancestry clusters in the genotype data. We performed five independent MCMC
runs for each environmental variable, with a burn-in of 5000 iterations and followed by 10,000
iterations for sampling. The mean P values obtained from all five runs were subsequently utilized
for further analysis and the significant cutoff was set at a False discovery rate (FDR) of 0.01. The
LDBlockShow was used to show the regional linkage disequilibrium of candidate genes'®*. Gene
ontology enrichment analysis of candidate genes was performed using the web tool DAVID
(https://davidbioinformatics.nih.gov/). Secondly, six uncorrelated environmental variables (bio4,
elev, biol5, bio3, biol8, and bio10) with Spearman correlation coefficient |r| <0.8 were selected to
perform the redundancy analysis using the R package vegan (v2.6-4) to identify environment-
associated genetic variants with a standard deviation cutoff of 3.5 along one or multiple RDA

axes!'6>.

To evaluate the potential regulatory impact of environment-associated variants, we analyzed the
genomic regions surrounding these variants using the PlantCARE database
(http://bioinformatics.psb.ugent.be/webtools/plantcare/html/). The predicted regulatory elements,
including promoter motifs and transcription factor binding sites, were identified and compared
between the reference and variant alleles. This analysis was used to assess whether the variants
could disrupt or modify regulatory motifs, thereby potentially influencing the transcriptional

regulation and expression of adjacent genes.



The contribution of environmental variables

The principal component analysis was performed with PLINK (v1.90) software using adaptive
candidates of SNPs, indels, and TEVs based on the LFMM analysis (FDR < 0.01). The first two
principal components were used for the variance partitioning analysis. The varpart function, using
adjusted in RDA from the R package vegan (v2.6-4), was performed to estimate the proportion of

environmental variance explained by different genetic variants'®’.

Genetic offset analysis

Future bioclimatic variables for the periods 2041-2060 and 2081-2100, under SSP245 and
SSP585 scenarios, were obtained from three different climate models (ACCESS-CM2, CanESM5,
and GISS-E2-1-G; resolution 2.5 arcmin), using the WorldClim version 2.1 database'*®. The
overlapping candidate adaptive variants identified by both LFMM and RDA approaches were
defined as “core adaptive variants” for local adaptation. To reduce biases arising from linkage
disequilibrium, we employed PLINK (v1.90) software with the parameters (--indep-pairwise 50
10 0.5)'%* based on core adaptive variants to obtain LD-pruned 40 adaptive TEVs, and 206 adaptive
SNPs and indels for the following analyses. We used the gradient forest model, which is a machine
learning regression tree approach, to predict the spatiotemporal adaptability of V. amurensis to
future environmental change with calculating population genetic offset using the R package
gradientForest!. Genetic offset represented the mismatch between contemporary and future
spatial environment-associated genotype composition to quantify the maladaptation of populations.
Populations with higher genetic offsets imply that they are greater vulnerability to future climate
change due to the requirement for more pronounced changes in adaptive allele frequencies to
ensure successful adaptation’"!'®’. We incorporated predictions of genetic offsets from three
different future climate models by considering distinctions of these models using the gradient
forest approach. The mean genetic offset values from the three models were used to estimate local
maladaptation under future climate conditions. Moreover, two different emission scenarios
(SSP245 and SSP585) and two defined periods (2041-2060 and 2081-2100) were used for the

predicted patterns of genetic offsets throughout the distribution range of V. amurensis.

To estimate the possible contribution of adaptive TEVs to the future climate adaptability of V.

amurensis populations, we followed a systematic approach. First, we calculated the genetic offset



using LD-pruned adaptive SNPs and indels as the baseline. Next, we included all LD-pruned
adaptive variants in our genetic offset calculation. We then randomly selected the same number of
non-adaptive TEVs along with the LD-pruned adaptive SNPs and indels to estimate genetic offsets,
repeating this process 100 times to obtain average genetic offsets for a robust genetic vulnerability
analysis. Finally, we compared these genetic offsets of 31 sampled populations to determine

statistical significance.

Additionally, migration plays an important role in allowing species to maintain populations under
rapidly changing climate conditions and to avoid extirpation®’. To consider the contribution of
migration, we evaluated the sensitivity of the forward offset of 2080-2100 under SSP585 scenario
by calculating the average values across all climate models with limiting the maximum allowable

migration to different distance classes, such as 100, 500, and 1000 km.

Data availability
The eight haplotype-resolved genome assemblies of V. amurensis have been deposited in the

National Center for Biotechnology Information (NCBI) under the BioProject accession
PRINA1272278 [https://www.nchi.nIm.nih.gov/bioproject/PRINA1272278], PRINA1272279

[https://www.ncbi.nlm.nih.gov/bioproject/PRINA1272279], PRINA1272280
[https://www.ncbi.nim.nih.gov/bioproject/PRINA1272280], PRINA1272281
[https://www.ncbi.nlm.nih.gov/bioproject/PRINA1272281], PRINA1272282
[https://www.ncbi.nlm.nih.gov/bioproject/PRINA1272282], PRINA1272283
[https://www.ncbi.nlm.nih.gov/bioproject/PRINA1272283], PRINA1272284
[https://www.ncbi.nlm.nih.gov/bioproject/PRINA1272284], and PRINA1272285

[https://www.ncbi.nlm.nih.gov/bioproject/PRINA1272285], which are also available in Zenodo
[https://doi.org/10.5281/zen0d0.16534920]. The pangenome and genome annotations are
available in Zenodo [https://doi.org/10.5281/zenodo.16534920]. The associated HiFi and Hi-C
sequencing data have been deposited in NCBI under BioProject accession PRINA1308837
[https://www.ncbi.nlm.nih.gov/bioproject/PRINA1308837].  In  addition,  whole-genome
resequencing data for the 330 individuals have been deposited in NCBI under BioProject accession
PRJINA1089859 [https://www.ncbi.nIm.nih.gov/bioproject/PRINA1089859] and the National
Genomics Data Center under accession PRJCA046381



[https://ngdc.cncb.ac.cn/search/all?&q=PRJCA046381]. Source data are provided with this paper.
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Figure legends

Fig. 1. Morphology, genome assemblies, and population structure of V. amurensis. a, Flowers,
fruits, and natural habitat of V. amurensis. b, Synteny among PN _T2T reference genome and eight
haplotype genomes of V. amurensis (shown for chromosome 1 as a representative). Black solid
dots indicate telomeres, and areas covered by black rectangles indicate centromeric regions. c,
Maximum Likelihood phylogenetic relationship of 330 accessions of V. amurensis with whole-
genome LD-pruned SNPs. Four major geographic groups were identified: Northeast, Center, West
and South. d, Model-based population assignment by ADMIXTURE analysis for K = 4 with
whole-genome LD-pruned SNPs. e, Principal component analysis (PCA) of all accessions. f,
Geographic distribution ranges of V. amurensis predicted by ecological niche models (ENMs). The
ancestral components of 31 natural populations (circles) inferred by ADMIXTURE with whole-
genome LD-pruned SNPs (K = 4). The geographic distribution of the four genome samples
sequenced in this study has been marked on the map. The map is based on elevation data from

WorldClim v2'%°. Source data are provided as a Source Data file.

Fig. 2. Population genetic characteristics of TEVs in V. amurensis populations. a, TEV density
across the whole genome, based on the Vam057 haplotypel reference. b, Composition of TEVs in
the population of V. amurensis. ¢, Correlation between TEVs and SNPs diversity (z) of V.
amurensis populations with a window size of 1Mb. The value of r represents the Pearson
correlation coefficient between genetic diversity (m) of SNPs and TEVs. The blue line represents
the fitted linear regression line based on the least squares method, and the shaded area indicates
the 95% confidence interval. d, A biased accumulation of SNPs around TEVs for 15-kb non-
overlapping windows. Each point represents the mean number of SNPs per window flanking
97,013 independent TEVs, and error bars represent the standard error of the mean (SEM). Dashed
line: average number of SNPs per 15kb sliding windows across the genome. e, Frequency of TEVs
in different genomic regions. f, Gene ontology (GO) analysis of genes containing TEVs (allele
frequency > 0.8) in their CDS regions. Statistical significance was determined using a one-sided
Fisher’s Exact Test. Intergenic region: a region of the genome other than the genic region; Cis-
region: within 2 kb upstream and downstream of genes; Genic region: including UTR, CDS and
intron; UTR: untranslated region; CDS: coding sequences. Source data are provided as a Source

Data file.



Fig. 3. Genomic mapping of adaptive variants associated with a precipitation-associated
environmental variable. a, Manhattan plot for the genotype-environment association of the
precipitation seasonality (biol5). Upper panels: the gene structure of 7LP3. Lower triangle: LD
heatmaps of the associated regions. b, Pearson correlation was used to test the association between
environment variable and allele frequency. The line represents the fitted linear regression line
based on the least squares method, and the shaded area indicates the 95% confidence interval. ¢,
Allele frequency of candidate adaptive TE variation (TES 3254586) associated with biol5 across
the 31 natural populations. The map is based on biol5 data from WorldClim v2'*°, SNPs (hollow
circle), indels (hollow triangle), and TEVs (solid square) are showed in Manhattan plots. Lower
and upper dashed horizontal lines represent genome-wide significance thresholds of FDR = 0.01
and the Bonferroni, respectively. Selected candidate genes are labeled in the plot at their respective

genomic positions. Source data are provided as a Source Data file.

Fig. 4. Genomic mapping of adaptive variants associated with a temperature-related
environmental variable. a, Manhattan plot for the genotype-environment association of the
temperature seasonality (bio4). Upper panels: the gene structure of /CE/. Lower triangle: LD
heatmaps of the associated regions. b, Pearson correlation was used to test the association between
environment variable and allele frequency. The line represents the fitted linear regression line
based on the least squares method, and the shaded area indicates the 95% confidence interval. ¢,
Allele frequency of candidate adaptive variant (SNP14 26191757) associated with bio4 across the
31 natural populations. The map is based on bio4 data from WorldClim v2'*°. SNPs (hollow circle),
indels (hollow triangle), and TEVs (solid square) are showed in Manhattan plots. Lower and upper
dashed horizontal lines represent genome-wide significance thresholds of FDR = 0.01 and the
Bonferroni, respectively. Selected candidate genes are labeled in the plot at their respective

genomic positions. Source data are provided as a Source Data file.

Fig. 5. Predicted averaged genetic offsets to future climate change. a-b, Genetic offset maps
across the distribution range of V. amurensis based on different adaptation-associated variants
under SSP585 scenario in 2041-2060 and 2081-2100, respectively. Maps are based on bioclimatic

data from WorldClim v2'°. ¢, Genetic offsets of 31 sampled populations based on different



adaptation-associated variants. Baseline set: only adaptive SNP and indel variants, without TE
variants. Adaptive TEVs set: baseline set combined with the adaptive TE variants. Control set:
baseline set combined with random non-adaptive TE variants. The box edges represent the
interquartile range (IQR, 25th—75th percentile), the horizontal lines inside boxes represent median
values, and whiskers extend to the largest and smallest values within 1.5 x IQR. Points outside this
range are shown as outliers. Numbers above the bars indicate P values derived from two-sided

Student’s t-tests. Source data are provided as a Source Data file.

Editor’s Summary

Amur grape (Vitis amurensis) is a hardy vine known for its resilience in cold climates. Here, the authors construct
a phased graph-based pangenome based on the eight haplotype-resolved genomes and reveal the association of
transposable elements-linked variants with climate adaptation.

Peer review information: Nature Communications thanks the anonymous reviewers for their
contribution to the peer review of this work. A peer review file is available.
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