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ABSTRACT

Understanding how natural selection drives local adaptation is fundamental to evolutionary biology. Capsella bursa-pastoris, a
close relative of Arabidopsis thaliana, is widely distributed across diverse habitats worldwide. However, the genetic basis un-
derlying its local adaptation remains unclear. Here, we analyzed 40 individuals from 14 populations across China using pop-
ulation genomic approaches to investigate genetic structure and adaptive selection. Our results revealed a clear genomic
divergence between western high-altitude and eastern low-altitude populations of C. bursa-pastoris. We identified 54 candidate
genes under positive selection associated with altitudinal divergence, including energy metabolism, photosynthesis, signal
transduction, growth regulation, and membrane transport. Most of these genes were located in subgenome CbpB, suggesting
that this subgenome harbors an enrichment of loci potentially involved in adaptive differentiation. Moreover,
genotype-environment association and partial redundancy analyses highlighted a strong influence of ecological factors on
genetic variation. Notably, loci associated with environmental variables were primarily linked to responses to light, temperature,
and water availability, indicating their likely roles in local adaptation. Overall, our findings indicate that ecological selection is
an important driver of population divergence in C. bursa-pastoris and provide a robust genomic framework for understanding its
adaptation across heterogeneous environments.

1 | Introduction evolutionary biology. Over the past decades, increasing attention
has been devoted to uncovering the genetic basis of adaptive
divergence, with many studies revealing that populations often

exhibit fine-scale adaptation to their local environments in

Spatial variation in environmental conditions can generate het-
erogeneous selection pressures, driving local adaptation and
genetic differentiation among populations. Local adaptation oc-

curs when populations evolve higher fitness in their native en-
vironments than in others within the species' range [1-3]. It plays
a central role in shaping evolutionary trajectories, species
distributions, and ecological resilience under changing climates.
Understanding how natural selection shapes patterns of genetic
variation across environments is therefore a key goal in

response to spatially variable selective pressures [4-9]. Plants
inhabiting high-altitude environments are exposed to a range of
abiotic stresses, including low temperatures, intense ultraviolet
(UV) radiation, hypoxic conditions, and limited water availabil-
ity. To cope with these extreme conditions, they have developed
complex adaptive mechanisms underpinned by genetic variation
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Highlights

e Genomic divergence was observed between high-
altitude and low-altitude populations of Capsella bursa-
pastoris in China, consistent with an important role of
ecological factors.

» Candidate adaptive loci associated with enhanced en-
ergy metabolism, photoprotection, and growth plasticity
under altitudinal stress were identified.

[10-12]. High-altitude plants frequently exhibit significant levels
of genetic polymorphism across populations, reflecting long-
term natural selection and local adaptation to different altitu-
dinal niches. Such polymorphisms can affect coding and regu-
latory regions, leading to functional diversity in traits that are
critical for survival in high-elevation ecosystems.

Capsella bursa-pastoris (L.) Medik. is a close relative of Arabi-
dopsis thaliana and is a predominantly selfing tetraploid species
with disomic inheritance [13]. It is a summer to winter annual
with great colonizing ability and a nearly worldwide distribution
[14]. It is now widely accepted that the species originated from
the hybridization, ca. 100,000 to 300,000 years ago, of the
ancestral lineages of two diploid species of the same genus,
Capsella orientalis Klokov and Capsella grandiflora (Fauché &
Chaub.) Boiss. [15, 16]. C. bursa-pastoris has been shown to
originate in Eurasia, either from the Middle East or Europe (not
yet certain), followed by subsequent invasion into Asia [17]. The
recent worldwide spread of the species was likely associated
with human migrations [13, 17]. In a large-scale experiment
involving two common gardens located in Europe and Asia and
232 C. bursa-pastoris accessions from 59 sites distributed across
Europe, Asia, North Africa, and the Middle East, local adapta-
tion was not observed; instead, a relatively high level of
phenotypic plasticity was detected to be essential for the suc-
cessful rapid range expansion of the species [18]. However, since
a successful expansion normally corresponds to a particular
combination of phenotypic plasticity and genetic adaptation,
which are not mutually exclusive [19], the finding in Cornille
et al. [18] is probably due to the large geographical scale
considered, and thus differentiation at a smaller geographical
scale merits further investigation.

Asian C. bursa-pastoris populations have reduced genetic di-
versity and a higher number of deleterious mutations than
populations from the Middle East and Europe, suggesting a
much higher genetic load in Asia [16, 20]. Despite their
extremely low genetic diversity, Asian populations experience
highly variable environmental conditions. In China, C. bursa-
pastoris populations occur across a broad array of complex en-
vironments, ranging from subtropical climatic conditions in the
south to arid/semiarid environments in the northwest and
boreal climates in the northeast. Similarly, C. bursa-pastoris
populations are distributed from the eastern low-altitude coast
to the western Qinghai-Tibetan Plateau with elevations over
4000 m above sea level. Therefore, C. bursa-pastoris in China
provides an outstanding opportunity to examine local adapta-
tion, such as high-altitude adaptation, in a recently introduced

allopolyploid [17]. Here, we resequenced 40 C. bursa-pastoris
accessions from 14 populations in China; 7 of these pop-
ulations were sampled from high-altitude regions, and the
remaining 7 from low-altitude areas. With the recent publica-
tion of a high-quality reference genome for C. bursa-pastoris
[21], we were able to perform comprehensive analyses of ge-
netic variation across these accessions. The aim of this study is
to investigate the population genetic structure of these C. bursa-
pastoris accessions and to uncover the genetic basis underlying
adaptation to high-altitude environments. Ultimately, we seek
to gain a better understanding of how C. bursa-pastoris responds
to altitudinal variation, providing insights into the evolutionary
mechanisms that shape local adaptation in this widespread
species.

2 | Materials & Methods

2.1 | Sample Collection, DNA Extraction, and
Sequencing

We selected 40 C. bursa-pastoris accessions from 14 populations
(2-3 accessions per population) in China, due to the extremely
low genetic diversity observed in Asian populations [16, 17, 22];
7 of these populations were sampled from high-altitude regions,
and the remaining 7 from low-altitude areas (Supporting
Information S2: Table S1). The geographic information of the
populations was determined using GPS. Seeds were stratified on
moist filter paper for a week at 4°C and subsequently trans-
ferred to soil in pots, which were placed in randomized posi-
tions in a growth chamber at 23°C under a 16 h light/8 h
dark photoperiod. Genomic DNA was extracted from silica gel-
dried leaf samples using a modified CTAB protocol [23].
After assessing DNA quality and quantity by electropho-
resis and Qubit 2.0, DNA was shipped to Novogene Bio-
informatics Institute (Beijing, China) for library preparation and
sequencing. Paired-end 150-bp reads were generated using
Ilumina NovaSeq 6000 systems (San Diego, CA, USA). All se-
quences were submitted to the National Center for Biotech-
nology Information's Sequence Read Archive and the China
National Center for Bioinformation's Genome Sequence Archive
(BioProject ID: PRINA1337124 and PRJCA047565; Supporting
Information S2: Table S2).

2.2 | Alignment and Variant Calling

Sequence read quality was assessed with FASTQC (https://www.
bioinformatics.babraham.ac.uk/projects/fastqc). Adapter se-
quences and low-quality bases were removed using TRIMMO-
MATIC [24]. All clean reads were then mapped to the recently
published C. bursa-pastoris reference genome [21] using the
BWA-MEM algorithm with default parameters [25]. Potential
PCR duplicates were marked using Picard Tools 2.23.3 (https://gi
thub.com/broadinstitute/picard) and were removed during sub-
sequent variant calling. Variant calling was performed using
HaplotypeCaller from the Genome Analysis Tool Kit (GATK)
v 4.1.9.0 [26]. GenotypeGVCFs was then used to construct multi-
sample joint aggregation and genotype likelihood correction.
Variants were filtered to retain only biallelic SNPs (Single
Nucleotide Polymorphisms). GATK hard filters were set to
QD < 2.0, FS > 60.0, SOR > 3.0, MQ < 40.0, MQRankSum
< —12.5, ReadPosRankSum < -—8.0, and ReadPosRankSum
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> 8.0. Finally, we filtered out sites with minor allele frequency
(MAF) < 5% or missing rate > 10%, and performed a linkage
disequilibrium (LD)-based SNP pruning process in PLINK v1.90
(option--indep-pairwise 50 10 0.2; [27]) to exclude strongly
linked SNPs. A MAF threshold of 5% was chosen given the
relatively small sample size (40 individuals), which helps to
remove rare variants that may introduce noise while retaining
sufficient informative SNPs for downstream analyses [28, 29].
The LD-pruning parameters followed commonly used practices
to balance the removal of linked SNPs with maintaining a
representative set of independent markers [28, 30]. SnpEff [31]
was used to annotate and predict the effects of the identified
SNPs. Genome-wide and subgenome-specific nucleotide di-
versity (1) were calculated as SNP-weighted means across 50-kb
windows using VCFtools [32].

2.3 | Population Genetic Structure

To investigate the genetic structure of C. bursa-pastoris, three
methods were used based on 1,628,822 genome-wide SNPs.
First, AdmixPipe v3.2.1 [33], a wrapper pipeline for the program
Admixture v1.3.0 [34], was employed to infer ancestral com-
ponents. Admixture was run with K values ranging from 2 to 10,
and the optimal number of K was determined by the cross-
validation (CV) error, selecting the K with the lowest value.
Then, principal component analysis (PCA) was performed using
the R package SNPRELATE [35] to visualize genetic differen-
tiation among populations. Based on altitude classifications,
that is, high altitude (2656-4140 m) and low altitude
(13-100 m), we divided the 14 populations into two altitude
categories for downstream comparison. Finally, phylogenetic
relationships were reconstructed among populations using 1Q-
TREE v2.3.6 [36], with two individuals from Sweden (SE33)
and Jordan (JO56) as outgroups. The best-fit substitution model
was selected using ModelFinder [37] under the Bayesian In-
formation Criterion (BIC) score. Branch support was assessed
using both SH-like approximate likelihood ratio test (SH-aLRT)
and ultrafast bootstrap (UFBoot) with 1000 replicates.

2.4 | Pairwise Genetic Differentiation and
Selection Sweeps

To investigate genome-wide signatures of altitudinal adaptation,
VCFtools was first used to calculate pairwise genetic differen-
tiation (Fst) between high- and low-altitude groups in sliding
windows across the genome, with a window size of 10,000 bp.
The windows with Fgr values in the top 1% of the empirical
distribution were defined as outliers. We also conducted a
genome-wide scan using XP-CLR [38], which computes cross-
population composite likelihood ratio (XPCLR score), a com-
posite evaluation test based on multilocus allele frequency dif-
ferentiation between two groups. Higher XPCLR scores indicate
stronger shift of allele frequency spectrum and extended LD,
which are indicative of positive selection. Normalized XPCLR
scores were calculated in a sliding window of 10,000 bp with a
step size of 10,000 bp, containing 2 to 50 SNPs per window.
Genomic regions with normalized XPCLR scores exceeding the
99% quantile (score > 4.86) were defined under selection.
Finally, windows identified as outliers in both the Fgr and XP-
CLR analyses were considered to represent genomic regions
potentially under divergent selection between high- and low-

altitude populations. Genes located within these outlier re-
gions were considered candidate genes potentially involved in
altitudinal adaptation. KEGG (Kyoto Encyclopedia of Genes and
Genomes) pathway enrichment analysis was subsequently per-
formed on these candidate genes to identify biological pathways
associated with high-altitude adaptation [39], and false discov-
ery rates (FDR) were calculated using the Benjamini-Hochberg
(BH) method.

2.5 | Genotype-Environment Associations and
Landscape Genomic Analysis

To investigate the impact of climate, geographic location and
genetic structure on the genetic variation in C. bursa-pastoris
populations, we used R package “vegan” [40] to conduct
genotype-environment association and landscape genomic an-
alyses. Climatic variables were obtained from the WorldClim
database (19 bioclimatic variables at 30 arc-seconds resolution)
using the geographic coordinates of each population. Prior to
analysis, environmental variables were pre-processed by
excluding those with no explanatory contribution and by
removing highly correlated variables (Il > 0.9). We first con-
structed a full redundancy analysis (RDA) model, in which
genetic data (allele frequencies at SNP loci) were used as the
response variable, and climate variables, geographic coordinates
(longitude and latitude), and genetic structure (represented by
principal components) were simultaneously included as
explanatory variables. Subsequently, partial RDAs (pRDA) were
performed to partition the effects of each factor by controlling
for the influence of the others, thereby estimating the unique
contributions of the individual climate, geographic, and popu-
lation structure models to genetic variation. Based on these
seven models, we further calculated the proportion of variance
(adjusted R?) using the function “RsquareAd;” and tested model
significance with “anova.cca”.

To identify loci potentially associated with environmental gra-
dients, we applied the “rdadapt” function to partial climate
models and selected the top 1% of SNPs most strongly associated
with climatic variables. We visualized the relationships between
selected climatic factors and the first two RDA axes (RDA1 and
RDAZ2). Finally, genes harboring highly associated SNPs were
subjected to KEGG and GO (Gene Ontology) functional
enrichment analyses using TBtools [41].

3 | Results

3.1 | Genome Sequencing and SNP Calling

In order to detect population genetic structure and adaptive
signatures between high- and low-altitude C. bursa-pastoris, we
first generated genomic Illumina sequence data from 40 acces-
sions. The major characteristics of these libraries are summa-
rized in Supporting Information S2: Table S2. In total, nearly
279.79 Gb of genomic data were obtained, ranging from
approximately 5.26-9.78 Gb for each library, corresponding to c.
15.94% to 29.64x coverage mapped onto the C. bursa-pastoris
reference. A total of 1,631,247 high-quality SNPs were
retained across these accessions after variant calling and sub-
sequent stringent filtering. The genome-wide nucleotide di-
versity (7) was estimated at 0.00287, with comparable levels of
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diversity observed in subgenomes CbpA (7 = 0.00292) and CbpB
(1 = 0.00281).

3.2 | Population Structure

Based on the Admixture analysis, we identified two major ge-
netic lineages of C. bursa-pastoris, with the CV-error reaching its
minimum at K = 2 (Figure 1b, Supporting Information S2:
Figure S1). One lineage corresponds to the low-altitude pop-
ulations (DW, JA, BL, CSH, XY, AQ, and HF), and the other to

()

the high-altitude populations (LJH, CJ, TA, SP, HUY, ZD, and
LL). Notably, five populations (JA, XY, AQ, HF, and LJH)
exhibited mixed ancestral components, suggesting gene flow
between the two lineages. This structure was further supported
by PCA, which clearly separated individuals into two groups
(Figure 1c). The phylogenetic tree showed that the high-altitude
lineage formed a monophyletic clade, while the low-altitude
lineage was paraphyletic and located closer to the root of the
tree (Figure 1d). Although XY and HF are located in low-
altitude regions, they cluster genetically with the high-altitude
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Genetic structure of the 40 individuals from 14 populations of Capsella bursa-pastoris. (a) Geographic distribution of the sampled
populations in China. (b) Population structure based on Admixture analysis with the best K of 2. (c) Principal component analysis (PCA).
(d) Phylogenetic relationships (maximum-likelihood tree) with 100% bootstrap support for most nodes, except for three nodes with bootstrap
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lineage and occupy habitats with intermediate environmental
conditions (Supporting Information S2: Table S2), consistent
with admixture in transitional zones. In addition, individuals
from LJH did not cluster tightly, consistent with admixture
signals observed in the Admixture results.

3.3 | Genomic Differentiation

To detect genome-wide adaptive signatures, we first calculated
pairwise Fsr between high- and low-altitude populations in 10-kb
sliding windows. The top 1% of windows (256 in total; Figure 2a;
Supporting Information S2: Table S3) were considered outliers,
spanning 2.56 Mb (0.77% of the 330.91 Mb genome), indicating
limited genomic differentiation. For each chromosome, the dif-
ferential regions ranged from 0.06 to 0.25 Mb, showing localized
divergence. Both CbpA and CbpB subgenomes contained an
equal number of differentiated regions. The longest differentiated
segments were found on CbpB, including a region on CbpB_Chr5
from 13.60 to 13.66 Mb. Based on XPCLR scores, 247 genomic
regions showing signatures of selective sweeps were identified,
spanning 2.47 Mb, which corresponded to approximately 0.75% of
the genome (Figure 2b; Supporting Information S2: Table S4).
Across individual chromosomes, the total length of selective
sweep regions ranged from 0.10 Mb to 0.22 Mb, indicating limited
variation in selection density and a relatively uniform genomic
distribution. Notably, subgenome CbpB harbored more candidate
regions under selection than subgenome CbpA (1.32 Mb vs. 1.15
Mb; 53.4% vs. 46.6%). In particular, both of the longest segments
were located on CbpB, including regions on CbpB_Chr5
(13.60-13.66 Mb) and CbpB_Chr6 (0.45-0.50 Mb).

Across both the Fgr and XP-CLR analyses, we identified 32
genomic regions that were simultaneously defined as outliers

(a) 1.00;

0.751 °

and thus represented strong candidates for divergent selection
between high- and low-altitude populations (Supporting
Information S2: Table S5). The mean Fgr values of these
differentiated regions ranged from 0.34 to 0.82, while the
XPCLR scores varied between 5.11 and 20.00. The sizes of
differentiated regions per chromosome ranged from 10 to 60 kb.
Outlier regions were distributed across 12 of the 16 chromo-
somes of C. bursa-pastoris, being absent only on CbpA_Chr5,
CbpB_Chrl, CbpB_Chr2, and CbpB_Chr8. Notably, the CbpB
subgenome harbored more candidate regions than CbpA, with
20 regions identified in CbpB compared to 12 in CbpA. This
imbalance suggests that CbpB may be more strongly associated
with divergence between the two lineages.

3.4 | Functional Enrichment

The outlier regions collectively contained 78 genes, with the
longest differentiated segment located on CbpB_Chr5, which
alone accounted for 12.82% of the total (10 genes; Supporting
Information S2: Table S5). Among these genes, 54 showed an
average Fsr value greater than 0.25 and were identified as candi-
date genes (Supporting Information S2: Table S6). The KEGG
pathway enrichment analysis revealed that these genes were
significantly enriched in metabolism-related pathways (Support-
ing Information S2: Table S7; Figure 3a). Among them, several
pathways were significantly enriched after multiple testing
correction (FDR < 0.05), including ATP hydrolysis-coupled proton
transport, terpenoid backbone biosynthesis, pyrimidine meta-
bolism, purine metabolism, and metabolism of terpenoids and
polyketides. The genes enriched in metabolism-related pathways
were grouped into four major functional categories based on their
annotated functions. The first group was associated with energy
and primary metabolism, including glyceraldehyde-3-phosphate
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Genomic regions under selective sweeps in Capsella bursa-pastoris. (a) Genome-wide distribution of Fsr. (b) Genome-wide

distribution of normalized XP-CLR scores. Horizontal lines indicate the cutoff thresholds for Fst and normalized XP-CLR scores (99% quantile).
Red dots denote candidate regions under selection identified by both Fsr and XP-CLR analyses.
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(a) KEGG enrichment for positively selected genes
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dehydrogenase (Cbp_038758), members of the enoyl-CoA hydra-
tase isomerase family (Cbp_049292), GHMP kinase family proteins
(Cbp_002925), and UPP synthase family proteins (Cbp_026506).
These genes are mainly involved in carbohydrate metabolism,
fatty acid metabolism, and nucleotide biosynthesis, suggesting
their potential role in maintaining fundamental metabolic pro-
cesses. The second group was related to photosynthesis and
pigment metabolism, represented by pheophorbide a oxygenase
(Cbp_042720), a key enzyme involved in chlorophyll degradation.
The third group comprised genes involved in signal transduction
and growth regulation, such as nucleoside diphosphate kinase
(Cbp_022272), adenylate isopentenyltransferase (Cbp_050025),
and Pleckstrin homology domain proteins (Cbp_022273). These
genes are closely related to cellular signaling, nucleotide balance,
and hormone biosynthesis, pointing to their role in regulating plant
development and stress responses. Finally, the fourth group
included genes associated with the membrane system and molec-
ular modification/transport, such as ATP hydrolysis-coupled pro-
ton transporters (Cbp_010242), CAAX prenyl protease 1 homolog
(Cbp_020543), lecithin: cholesterol acyltransferase (Cbp_042717),
and heparanase-like proteins (Cbp_044943). These genes are im-
plicated in membrane lipid metabolism, protein post-translational
modification, and extracellular matrix remodeling.

3.5 | Redundancy Analysis

To evaluate the relative contributions of climate, geographic
distribution and genetic structure to population genetic variation
in C. bursa-pastoris, we performed RDA and pRDA analysis. The
full RDA model (F ~ env. + struc. + geog.) showed that the three
factors collectively accounted for 30.7% of the total genetic vari-
ation (p < 0.01, Table 1). pRDA further revealed that climate
alone (F ~ env. | (geog. + struc.)) accounted for 12.7% (p < 0.01) of
the variation, whereas geography (F ~ geog. | (env. + struc.)) and
genetic structure (F ~ struc. | (geog. + env.)) explained only 2.3%
(p < 0.01) and 3.9% (p < 0.01), respectively. These values corre-
spond to 41.4%, 7.4%, and 12.7% of the variance explained by

(b) KEGG enrichment for environment-associated genes
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KEGG enrichment analysis for (a) positively selected genes and (b) environment-associated genes.

the full model. Thus, when considered individually, climate had
the strongest effect on genetic variation, while the effects of ge-
ography and genetic structure were relatively minor. However,
when interactions among the three factors were taken into ac-
count, their combined influence on genetic variation became
much more pronounced.

3.6 | Genotype-Environment Associations

Based on the pRDA model with climate variables as explanatory
factors, genetic variation as the response variable, and geogra-
phic location and population structure as covariates, we per-
formed a genome-wide scan to identify candidate loci associated
with environmental variables. This approach allows environ-
mental associations to be detected after removing the effects of
geographic distance and population genetic structure. After
filtering, 11 non-redundant climatic variables (bio3, bio4, bio7,
bio8, bio9, biol0, bioll, biol2, biol4, biol5, and biol8) were
retained for analysis (Figure 4a; Supporting Information S2: Table
S8). The first two constrained axes of the RDA explained 14.4%
and 6.2% of the genetic variance, respectively (Figure 4b). RDA1
was primarily associated with bio7, bio8, and bio12, while RDA2
was mainly related to bio9 and biol5 (Figure 4b). Using a signif-
icance threshold of adjusted P/N < (0.01/1631247), we identified
a total of 4514 environment-associated SNPs distributed across all
chromosomes (102-684 per chromosome), with 2373 SNPs
located in subgenome CbpA and 2141 SNPs in subgenome CbpB
(Figure 4c). Notably, CbpB_Chr5 harbored the largest number of
associated SNPs (684), consistent with the results from selective
sweep analyses.

Among the identified SNPs, 871 were located within gene re-
gions (spanning 638 genes), while the remaining 3643 were
intergenic. GO enrichment analysis revealed that these genes
were predominantly involved in vesicle trafficking and endo-
somal organization (i.e., receptor-mediated endocytosis, endo-
some transport), light and directional growth responses (i.e.,
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TABLE 1 | The influence of climate, geographic location and genetic structure on genetic variation in Capsella bursa-pastoris.

Proportion of total Proportion of P

RDA models Variance R? variance (adjusted R*) explainable variance >F
Combined fractions

F~env. 159,533 0.457 0.244 0.795 0.001

F~geog. 60,169 0.172 0.128 0.416 0.001

F~struc. 71,654 0.205 0.162 0.529 0.001
Individual fractions

F~env.l(geog. + struc.) 10,8096 0.310 0.127 0.414 0.001

F~geog.l(env. + struc.) 17,682 0.051 0.023 0.074 0.002

F~struc.l(env. + geog.) 21,463 0.061 0.039 0.127 0.001

F~env.+geog. + struc. 200,143 0.573 0.307 1 0.001

Total confounded 52,902 0.152 0.118 0.385

Total unexplained 1,431,104 0.427 0.693

Total 1,631,247 1.000

Note: Env., geog. and struc. represent climatic factors, geographic location factors, and genetic structure, respectively.
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FIGURE 4 | Adaptive genetic variation in Capsella bursa-pastoris. (a) Correlation coefficient between each pair of the 19 environmental variables.
(b) Redundancy analysis plots showing associations between adaptive loci and climatic variables. (c¢) Manhattan plots of SNPs associated with
environmental variables, with outlier SNPs indicated above the red threshold line.

phototropism, negative gravitropism, blue light response), FDR correction (corrected p-value < 0.05) (Supporting
and developmental regulation (i.e., amyloplast organization, Information S2: Table S9). In addition, KEGG pathways
embryonic axis specification, embryonic pattern specification), related to metabolism showed enrichment trends (Figure 3b;
with all enriched GO terms remaining significant after Supporting Information S2: Table S10), although none reached
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statistical significance after FDR correction. These results indi-
cate that the candidate genes are associated with multiple bio-
logical processes that may underlie responses to heterogeneous
climatic conditions across populations.

4 | Discussion

4.1 | Subgenome CbpB Shows an Enrichment of
Differentiation Signals

This study investigated the genetic variation and divergence of
C. bursa-pastoris based on seven high-altitude populations and
seven low-altitude populations across China, with each popu-
lation represented by 2-3 accessions. Although the number of
individuals per population was relatively small, the sampling
covers 14 populations across major geographic and environ-
mental gradients in China, including strong contrasts in alti-
tude, temperature, and precipitation. The genome-wide
nucleotide diversity (m = 0.0029) observed in Chinese C. bursa-
pastoris was relatively low, consistent with its predominantly
selfing mating system and recent demographic expansion [13,
16, 17]. Therefore, this sampling strategy remains informative
for capturing the main pattern of genetic differentiation be-
tween high- and low-altitude groups, although including more
individuals could modestly improve the resolution of fine-scale
variation. Our results confirmed substantial genetic differenti-
ation between the lineages distributed in these two regions [42].
Notably, although XY and HF populations are geographically
located in lowland regions, they clustered with the highland
lineage. These populations are not geographically intermediate
between the two lineages; instead, climatic data indicate that
they occupy ecologically transitional environments. This pattern
suggests that their genetic relationships are more likely
explained by historical gene flow across environmental transi-
tion zones rather than by sampling artefacts or purely spatial
proximity.

C. bursa-pastoris is an allotetraploid species comprising two
subgenomes: CbpA, derived from the C. grandiflora/C. rubella
lineage, and CbpB, derived from C. orientalis. Substantial diver-
gence exists between the two subgenomes [16, 21]. In our study,
CbpB shows a higher degree of genomic differentiation than
CbpA. This pattern may reflect asymmetric evolutionary dy-
namics between the two subgenomes. CbpB originated from the
selfing progenitor C. orientalis, which harbored lower genetic
diversity and accumulated more deleterious mutations [15, 16].
However, diversity levels were similar between the two sub-
genomes CbpA and CbpB in this study, and a previous study even
reported higher nucleotide diversity in CbpB compared with
CbpA in Asian C. bursa-pastoris [16]. Therefore, the observed
enrichment of differentiation signals in CbpB is unlikely to be
solely driven by reduced background diversity or a smaller
effective population size. Instead, it may reflect a combination of
ancestral background, demographic history, and potential
adaptive processes. Transcriptomic studies further suggest
functional differentiation between the subgenomes. Although
overall expression levels across China do not differ markedly
between subgenomes [42], tissue-specific biases were observed,
with floral tissues tending to rely more on CbpB and vegetative
tissues on CbpA [43]. Taken together, these findings suggest that
while both subgenomes contribute to the evolutionary trajectory

of Chinese C. bursa-pastoris, CbpB shows an enrichment of dif-
ferentiation signals that may reflect its unique evolutionary dy-
namics. Moreover, the longest differentiated segment was
located on CbpB_Chr5. Large differentiated blocks can result
from reduced recombination (e.g., structural variation such as
inversions) or strong local adaptation maintaining divergence.
The presence of this region on CbpB_Chr5 suggests that it may
harbor loci under particularly intense or sustained selective
pressures. Further investigation of gene content and potential
structural variation in this region will be needed to clarify its
evolutionary role.

4.2 | Ecological Selection Drives the Divergence of
Two Lineages

In China, C. bursa-pastoris is distributed across diverse habitats,
ranging from subtropical regions in the south to cold temperate
areas in the north, and from coastal lowlands to the high-
altitude plateaus of the west. The strong differentiation be-
tween high- and low-altitude lineages offers valuable insights
into the role of ecological selection in shaping population
divergence and isolation. Although these two lineages currently
occupy distinct ecological niches, the admixture populations
indicate that gene flow may have occurred during their diver-
gence. Previous studies suggest that C. bursa-pastoris colonized
China around 1000 years ago, likely facilitated by human-
mediated dispersal [17]. Following its colonization, pop-
ulations likely expanded across heterogeneous habitats, during
which gene flow occurred. The strong genetic structure
observed between high- and low-altitude groups in our study
suggests that the contrasting selective pressures across altitu-
dinal gradients subsequently drove divergence along distinct
evolutionary trajectories.

However, altitude and geography are partially confounded in
our sampling design, as high-altitude populations occur mainly
in the west and low-altitude populations in the east. Under such
circumstances, patterns of genetic differentiation could poten-
tially arise from isolation-by-distance (IBD) or broader spatial
structure rather than ecological selection alone. To account for
this possibility, we used partial redundancy analysis (pRDA) to
partition the contributions of climate, geography, and popula-
tion structure. When controlling for geographic distance and
population structure, climatic factors alone explained 12.7% of
the total genetic variation. This contribution was substantially
higher than the contribution of geography (2.3%) or neutral
genetic structure (3.9%), indicating that environmental gradi-
ents contribute importantly to the observed genomic divergence,
beyond the effects of spatial separation alone. Building on this,
our pRDA results further underscore the predominant role of
ecological selection in shaping the genetic divergence of the two
lineages. Distinct adaptive features are likely to have evolved in
response to contrasting selective regimes. High-altitude pop-
ulations experience harsher conditions, including stronger ul-
traviolet radiation, greater diurnal temperature fluctuations,
and reduced precipitation, whereas low-altitude populations
inhabit comparatively milder environments. Consistent with
this, our genotype-environment association analyses revealed
strong correlations between genetic variation and bio7, bio8,
bio9, biol2, and biol5. These variables primarily reflect
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temperature seasonality, precipitation patterns, and related cli-
matic factors. This suggests that adaptive responses to temper-
ature and water-use efficiency are important to the divergence
between the two lineages.

Nonetheless, given the inherent spatial structure of environ-
mental variables, some degree of shared variance between
climate and geography cannot be completely ruled out. More-
over, the historical bottleneck may have strengthened genetic
drift [16], further promoting divergence between the high- and
low-altitude groups, whereas gene flow in several populations
may have partially counteracted this drift and limited complete
genetic isolation.

4.3 | Adaptive Evolution to High Altitude

Consistent with the role of ecological adaptation, we identified
numerous positively selected genes (54 genes) differentiating the
two lineages, providing insights into the potential mechanisms
underlying the adaptation of C. bursa-pastoris to contrasting
altitudinal environments. Several candidate genes are involved in
energy and primary metabolism, processes that may help main-
tain cellular activity under conditions of low temperature and
hypoxia [44], which are common in high-altitude habitats. Ad-
justments in carbohydrate, lipid, and nucleotide metabolism may
ensure sufficient energy supply to sustain rapid growth and
reproduction, traits characteristic of this short-lived annual weed.
We also detected genes associated with photosynthesis and
pigment metabolism, including pheophorbide a oxygenase, a key
enzyme involved in chlorophyll degradation. Regulation of
pigment turnover may help mitigate photooxidative stress under
high light and ultraviolet exposure, potentially facilitating accli-
mation to environments with variable radiation intensity [45]. In
addition, several genes are related to signal transduction and
growth regulation, such as nucleoside diphosphate kinase and
adenylate isopentenyltransferase, which may enable flexible
adjustment of growth and developmental timing. Cytokinin
biosynthesis, for instance, has been implicated in developmental
regulation under environmental stress, which could be advanta-
geous for rapid life-cycle completion in stressful environments
[46]. Finally, genes associated with the membrane system and
molecular modification/transport may contribute to maintaining
cellular stability under fluctuating environmental conditions.
Membrane-related proteins and enzymes involved in post-
translational modification may contribute to maintaining mem-
brane integrity and cellular homeostasis during environmental
stress, even though the specific roles of certain proteins
(e.g., heparanase-like proteins) remain to be clarified in plants
[47, 48]. Collectively, these results suggest that altitudinal adap-
tation in C. bursa-pastoris may involve a combination of enhanced
metabolic flexibility, photoprotection through pigment turnover,
rapid growth regulation, and stabilization of membrane func-
tions, all of which are consistent with the ecological strategy of a
fast-cycling, widely distributed weed. However, the adaptive roles
of these genes remain putative and will require further functional
validation. In addition, given the demographic bottlenecks re-
ported in Asian populations of C. bursa-pastoris, demographic
history may also influence outlier detection, as strong genetic drift
during bottlenecks can generate allele frequency differentiation
that mimics signals of selection. Therefore, some of the detected

signals could partly reflect historical demographic processes
rather than selection alone.

5 | Conclusions

In summary, this study reveals pronounced genomic divergence
between the high- and low-altitude lineages of C. bursa-pastoris
distributed across China and identifies the genetic basis un-
derlying their local adaptation. Such environmentally associated
divergence highlights the evolutionary significance of ecological
adaptation in shaping population structure. Nevertheless, the
observed patterns likely reflect the combined influence of
ecological pressures together with background evolutionary
processes, even if the latter were not the primary focus of this
study. More broadly, understanding how ecological pressures
shape lineage-specific adaptation provides valuable insights into
the evolutionary potential of C. bursa-pastoris. In the face of
ongoing climate change, the distinct adaptive trajectories of
high- and low-altitude lineages may either enhance their
persistence across heterogeneous environments or increase their
vulnerability if adaptive thresholds are exceeded.
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