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Population-scale gene expression analysis
reveals the contribution of expression
diversity to the modern wheat improvement

Zhimeng Zhang1,2,10, Shengwei Ma 3,10, Mou Yin 1,2, Caihong Zhao1,2,
Xinyu Zhao1,4, Yang Yu 5, Haojie Wang 1,2, Xuanzhao Li1,2, Yaoqi Si 6,
JianqingNiu 3, JingzhongXie 1, LiminWang1, JiajieWu 5, Yanming Zhang 4,
Qi Zheng7, Shusong Zheng1, Ni Jiang 1, Xigang Liu 8, Hong-Qing Ling 3,6 &
Fei He 1,2,9

Gene expression diversity is crucial for crop breeding, yet population geno-
mics has focused primarily on sequence polymorphisms. A single reference
genome for RNA-seq cannot handle introgression bias. Here, we conduct RNA-
seq for 328 wheat lines, including landraces and elite cultivars from China and
the United States, to investigate the expression variation underlying agro-
nomic traits. Leveraging pan-genome resources, we identify 23,296 more
transcripts than using the Chinese Spring reference. We construct a pan-gene
regulatory atlas through eQTL analysis, revealing the tight regulation of
introgressed genes. We identify 299 high-confidence candidate genes for 34
agronomic traits and resistance to 8 Blumeria graminis f. sp. tritici isolates,
more than one-fifth of which were absent from the Chinese Spring. Utilizing
the Kenong 9204 mutant library, 73.7% of the candidates show significant
phenotypic effects. Our work mitigates the reference bias and highlights the
impact of breeding-driven directional expression changes on wheat adapta-
tion and improvement.

Wheat is themost important food crop worldwide, accounting for 19%
of the daily caloric intake and 21% of the protein needs of the global
population1. In modern wheat breeding, scientists have successfully
developed high-yield, disease-resistant, and stress-tolerant wheat
varieties. This genetic improvement is particularly essential when
facing the dual challenges of climate change and a growing global
population2. Wheat is vulnerable to various diseases, including

Fusarium head blight, rust, and powdery mildew, in different growing
environments. Genetic diversity studies enable breeders to identify
and utilize disease resistance genes, leading to the development of
wheat varieties with increased resistance. Moreover, when genetic
diversity is high, the broad gene pool for wheat to adapt to harsh
climate conditions, such as drought and saline soils3. Maintaining and
expanding the genetic diversity of wheat is key to preventing genetic
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bottlenecks and provides abundant genetic resources for future
breeding4.

SNP diversity has been extensively characterized in recent years.
One of the conclusions is that the introgression of landraces and wild
relatives has shaped the genetic diversity of wheat. Landraces, which
are a rich genetic resource, have been less influenced by historical and
geographical effects, preserving a significant number of genes that
have not been widely utilized in modern breeding. These genes can be
used to improve the diversity of cultivars, particularly in terms of
complex quantitative traits and stress-resistance traits. Cheng et al.
conducted whole-genome resequencing on 827A. E. Watkins land-
races and 208 modern varieties to investigate the genetic and phe-
notypic diversity present in the historical Watkins germplasm
collection. This research highlights the unique allelic and haplotypic
variation in landraces, thereby providing resources for futurebreeding
efforts5. Niu et al. collected 180 landraces and 175 cultivars to investi-
gate the genetic variation in modern Chinese and American breeding
programs through whole-genome resequencing. This study highlights
the necessity of conserving and utilizing the genetic diversity of
landraces during breeding6. Additionally, the introgression of wild
relatives serves as a potential resource for increasing genetic diversity.
He et al. performed exome sequencing approximately 1000 hexaploid
and tetraploid wheat lines, identifying gene introgression from wild
relatives, and highlighting the important contribution of historical
gene flow from wild relatives to the adaptive landscape of modern
breadwheat7. Mostwild relatives from the Triticeae tribe can hybridize
with wheat, and through backcrossing or chromosome engineering,
chromosome segments carrying specific alleles can be introgressed
into the wheat genome. To date, numerous genes, particularly disease
resistance genes, have been transferred into wheat from rye, various
Triticum species, and the Aegilops, Thinopyrum and Dasypyrum
genera8–13. However, only a small portion of the existing genetic
diversity has been utilized, with many genes and alleles yet to be
leveraged for broader trait improvements14.

Despite functional studies of individual genes demonstrating the
importance of gene expression regulation in wheat improvement,
genome-wide investigations into how breeding selection has shaped
the expression landscape remain limited. For example, the regulatory
expression of Vernalization 1 (VRN1), VRN2, and VRN3/Flowering locus
T1 (FT1) during the vernalization process is essential for determining
flowering time and environmental adaptability in wheat15. The
photoperiod-insensitive Ppd-1 allele (e.g, Ppd-D1a) has been widely
adopted in breeding to reduce sensitivity to day length. Ppd-1 mod-
ulates the expression of the flowering activator VRN3/FT1, thereby
promoting early flowering under short photoperiods and enhancing
grain development and adaptation16–19. The upregulation of the NAM-
ATAF-CUC transcription factor TaNAC100 facilitates the expression of
the starch synthesis-related genes TaGBSS1 and TaSUS2, increasing the
starch content in seeds. Overexpression of TaNAC100 also affects the
total seedproteincontent, suggesting a role inmaintaining thebalance
between starch and stored protein20. The nitrate-responsive NAC
transcription factor TaNAC2-5A positively regulates TaNRT2.5 and
TaNRT2.1. The overexpression of TaNAC2-5A significantly increases
nitrate absorption, grain nitrogen concentration, and yield, indicating
its potential for simultaneously improving productivity and protein
content21. Under salt stress, elevated expression of TaSOS1 improves
root development and water potential, conferring increased salt tol-
erance and underscoring its breeding potential22,23. These gene-level
insights illustrate the significance of transcriptional regulation for key
agronomic traits; however, a comprehensive, genome-wide under-
standing of how selection has reshaped gene expression remains a
critical unmet need for advancing wheat improvement.

A special caseof dysregulation in homoeologswas correlatedwith
the agronomic traits of wheat, which was later proven to be due to
reference bias24,25. Reference bias refers to the underestimation of

transcripts from non-reference alleles during quantification, which
potentially compromising the accuracy of subsequent conclusions.
This bias is particularly pronounced in complex polyploid genomes,
such as those of hexaploid wheat, which harbor highly heterologous
gene blocks resulting from the introgression of wild relatives. Conse-
quently, a pan-transcriptome reference was proposed by integrating
gene models from Chinese Spring (CS) and nine additional assemblies
from the 10+ Wheat Genomes Project. They incorporated only the
transcripts of genes with a 1-to-1 orthologous relationship to the genes
of Chinese Spring and subsequentlymerged thequantitative results on
the basis of the homology relationships of Chinese Spring25. Their
method primarily addressed errors caused by allelic variation, how-
ever, they still face limitations regarding presence-absence variations.
Despite the abundant genome assemblies of wheat cultivars and
related species, RNA sequencing (RNA-seq) of cultivated wheat still
uses gene models mostly from one single reference genome, i.e.,
Chinese Spring.

Here, we utilize 44 genome assemblies to construct a non-
redundant pan-gene atlas along with the genes of Chinese Spring. A
total of 328 common wheat accessions, selected from previous rese-
quencing study6, are subjected to RNA sequencing. RNA-seq reads are
aligned to the pan-gene atlas, and high-density-resequenced SNP data
are integrated to construct a genetic regulatory map of gene expres-
sion. Introgressed genes are found to be trans-regulated, especially the
resistance genes. Through the analysis of 34 field agronomic traits and
the seedling resistance to 8 Blumeria graminis f. sp. tritici (Bgt) isolates,
we identify 299 high-confidence candidate genes, including 74 non-CS
genes. Of these, 86 agronomic trait-associated candidates are vali-
dated using the Kenong 9204mutant library. Studies of genes that are
differentially expressed between cultivars and landraces reveal diver-
gent breeding trajectories across countries, with regulatory regions
exhibiting stronger selection pressure. Modern breeding significantly
alters regulatory networks in cultivars compared with those in land-
races. Together, these findings highlight the genetic regulation of the
wheat transcriptome and its contribution to breeding outcomes,
providing a valuable resource for future wheat improvement.

Results
Single-reference bias underestimates the expression of
introgressed genes according to RNA-seq
To investigate the genetic regulation of gene expression in modern
wheat breeding improvement, we performed RNA sequencing on 2-
week-old seedlings from a panel of 328 common wheat accessions
(Supplementary Data 1), comprising 172 representative diverse land-
races (LRs), 92 modern Chinese cultivars (MCCs) and 64 modern
United States cultivars (USMCs), all of which had been previously
whole-genome sequenced6. An average of 77.0 million paired-end
Illumina reads (2 × 150 bp) were obtained per sample, followed by
quality control and alignment to the Chinese Spring reference genome
(IWGSC RefSeq v1.1)26.

The presenceof introgressions can lead to referencebias inwheat
RNA-seq analysis25. Therefore, we first tested the effect of reference
bias for the most widely deployed 1 RS.1BL introgression, where the
short arm of Secale cereale L. (rye) chromosome 1R translocated with
the short arm of wheat chromosome 1B. Fifty accessions in our panel
carried this introgression (Supplementary Data 2). The number of
expressed genes (transcripts per million, TPM>0.5)24,27 across the
sliding window along the short arm of Chinese Spring chromosome 1B
was significantly lower in the introgression lines than in the non-
introgressed lines (Fig. 1a). On average, each 10Mb window contained
12 expressed genes in the introgressed lines and 20 expressed genes in
the non-introgressed lines (two-sided Wilcoxon rank-sum test,
p value < 2.2 × 10–16) (Fig. 1a). Similarly, the average expression level of
the 1RS.1BL translocation was markedly lower than that of the native
1BS arm in non-introgression lines (two-sidedWilcoxon rank-sum test,
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p value < 2.2 × 10–16) (Fig. 1b and Supplementary Fig. 1). Given that rye
diverged from diploid wheat approximately 9.6 million years ago28,
quantification of gene expression from the rye introgression based on
the Chinese Spring referencemay result in significant underestimation
due to sequence divergence.

To understand the scale of reference bias due to large segment
introgression, we first determined the genomic locations of these
introgressions. We utilized the genotype loss rates to identify multiple
deletion regions across the Chinese Spring genome. Those regions
with continuously high missing rates were considered as potential
introgressions29. We focused on five introgressions larger than 20Mb
from known donor species, including 1RS.1AL (chr1A: 0–214.4Mb) and

1RS.1BL (chr1B: 0–239.3Mb)30, as well as chr2D (570.1–619.2Mb) from
Aegilops markgrafii31,32, chr3D (500–615.5Mb), and the terminal ~
60Mb of chr3D in LongReach Lancer, which has been confirmed as an
introgression from Thinopyrum ponticum31. Additionally, chr5B
(497.2–537Mb) originated from Triticum timopheevii (Fig. 1c and
Supplementary Data 2)29. Those regions are more likely to represent
introgressions rather than deletions on the basis of two lines of evi-
dence: (1) the missing rate in these regions was significantly higher
than that in other genomic regions (all introgression vs. background
region comparisons for chromosomes 1 A, 1B, 2D, 3D and 5B: two-sided
Wilcoxon rank-sum test, p value < 2.2 × 10–16) (Fig. 1c); and (2) the
missing rate in protein coding sequences was significantly lower than
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Fig. 1 | Assessment of reference bias in the alien introgression of wheat. a The
left panel shows the number of expressed genes in introgression lines (n = 50) and
non-introgression lines (n = 278) along chromosome 1BS (0–300Mb) on the basis
of Chinese Spring RefSeq v1.1 as the reference genome, with a sliding window of
10Mb and a step size of 2.5Mb. The right panel presents boxplots comparing the
number of expressed genes per window between introgression lines (n = 50) and
non-introgression lines (n = 278) within the chromosome 1BS (0–240Mb) (two-
sided Wilcoxon rank-sum test, p < 2.2 × 10–16). b Average gene expression of genes
shared between introgression and non-introgression lines in the chromosome 1BS
(0–240Mb) region, with Chinese Spring RefSeq v1.1 as the reference genome. c A
heatmap displays missing genotype sites, and a boxplot illustrates the genotype
loss rate with the Chinese Spring RefSeq v1.1 as the reference genome. In the
heatmap, n represents the number of accessions, orange represents modern Chi-
nese cultivars (MCCs), cornflower blue represents modern United States cultivars
(USMCs), and green represents landraces (LRs). The upper red color bar indicates
introgressed fragments, and four genotype categories are depicted: blue–green for
homozygous reference alleles, gold for homozygous variant alleles, light gold for
heterozygous variant alleles, and light gray for missing genotypes. The lower

boxplot represents the missing genotype rates calculated with a 2Mb sliding win-
dow and a 1Mb step size, and the sample size for each boxplotmatches the number
‘n’ shown in the heatmap above. Comparisons of all introgression regions vs.
background regions for chromosomes 1 A, 1B, 2D, 3D, and 5B: two-sided Wilcoxon
rank-sum test, p value < 2.2 × 10–16. In (a) and (c), the box shows the median and
interquartile range (IQR). The end of the top line is the maximum or the third
quartile (Q) + 1.5 × IQR. The end of the bottom line denotes either the minimum or
the first Q − 1.5 × IQR. The dots aremore or less than Q± 1.5 × IQR. d The number of
expressed genes was calculated using a merged reference genome of Chinese
Spring (CS) and introgressiondonors. Themethod for quantifying expressed genes
is consistent with that in Fig. 1a; non-introgression lines include only the 100 sam-
ples with themost consistent gene expression (gray lines). The sample sizes for the
introgression lines are as follows: chromosomes 1 A (n = 8), 1B (n = 50), 2D (n = 49),
3D (n = 4) and 5B (n = 74) (red lines). The upper line chart shows the number of
expressed genes from Chinese Spring in the merged genome, while the lower line
chart displays the number of expressed genes from the introgressed reference
genome in the merged assembly. ****p <0.0001. Source data are provided as a
Source Data file.
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that in non-coding regions (two-sided Wilcoxon rank-sum test,
p value < 0.0001) (Supplementary Fig. 2), indicating the presence of
homologous sequences in the collinear regions between Chinese
Spring and non-Chinese Spring genomes. Gene expression within
these introgressed regions was also systematically underestimated
(two-sided Wilcoxon rank-sum test, p value < 0.0001) (Supplementary
Figs. 1 and 3).

To accurately quantify gene expression in introgressed regions,
we merged the donor genome with the Chinese Spring reference
genome (see “Methods”) and reanalyzed gene expression for all the
wheat samples. We found that when only the Chinese Spring reference
genome was used, the average numbers of expressed genes detected
in the introgression lines within the corresponding translocated
chromosomesegments (chr1A: 0–214.4Mb; chr1B: 0–239.3Mb; chr2D:
570.1–619.2Mb; chr3D: 500–615.5Mb; and chr5B: 497.2–537Mb) were
14, 12, 39, 26 and 27 per 10Mbwindow, respectively. In contrast, when
the merged genome was used as a reference, the average number of
expressed genesmapped to theseChinese Spring segments decreased
to 4, 4, 22, 12 and9,while the correspondingdonor-derived regions rye
(chr1R: 0–280Mb), Renan (chr2D: 570–635Mb),Th. elongatum (chr3E:
500–676.9Mb), and T. timopheevii (chr5G: 435–485Mb) presented
higher average numbers of expressed genes—15, 26, 19 and 29 per
10Mb window. These results demonstrate that using the merged
genome enables a substantial number ofmis-mapped transcripts to be
correctly assigned to their donor genome origins, effectively reco-
vering actively expressed genes in the introgressed regions across
each 10Mb window (Fig. 1d, Supplementary Fig. 2 and Supplementary
Note 1). Thus, the reference bias can be severe when expression in
introgression is measured using a single reference genome. The
incorporation of gene models from donor species is essential for
accurate estimation of expression levels in introgressed regions.

Utilizing pan-genome resources for accurate quantification of
gene expression
Recent studies have shown thatwild relatives, such as wild emmer, can
contribute up to 15% of the wheat genome, and most introgressed
fragments are less than 1Mb in size7,33. In addition to the large intro-
gressed segments from rye, Ae. markgrafii, Th. ponticum and T. timo-
pheevii, the majority of the introgressions in our panel were likely
smaller chromosomal fragments. To address the limitations of using a
single reference genome and to improve the detection of alien gene
expression, we constructed a pan-gene atlas from 44publicly available
Triticeaegenomes (SupplementaryData 3). Simply combiningmultiple
genomes as a reference for RNA-seq read mapping is insufficient, as
conserved gene sequences across species are often misaligned
becauseof the limitations of short readalignment algorithms. Thus,we
developed a workflow for constructing a non-redundant pan-
gene atlas.

First, all 107,422 genes from the Chinese Spring reference genome
were retained (Fig. 2c). Second, to study theexpressionpatternsof large
introgressed chromosomal fragments, 5492 genes from four large
introgressions in our wheat panel were included (Fig. 2c). Third, to
comprehensively capture small introgressed genes absent from Chi-
nese Spring, non-redundant genes from 39 Triticeae genomes with
different ploidy levelswere selected through the following two steps: (1)
Genes homologous to 107,422 Chinese Spring genes and 5492 large-
introgression genes were removed. We used OrthoFinder to classify
190,752 orthologous groups from the 44 genomes on the basis of
homology (Fig. 2a, b). In total, 70,930orthologous groups containing at
least one gene from Chinese Spring or the four large introgressions
were excluded. The remaining 119,822 orthologous groups, containing
genes from 1 to 39 other genomes, were retained (Supplementary
Fig. 4a). (2) For each of the 119,822 retained orthologous groups, the
longest transcript was selected to represent the group. Among these
genes, 53,852 genes were classified as assigned genes, as their

orthogroups contained genes from at least two genomes, while 65,970
genes were classified as unassigned genes, whose orthogroups con-
tained genes from only a single genome (Fig. 2c). The three gene sets
were integrated to create a non-redundant pan-gene atlas consisting of
232,736 genes (Fig. 2c). This resource enables accurate quantification of
gene expression and facilitates functional characterization of alien
genomic segments, thereby advancing our understanding of how
germplasm diversity shapes expression variation.

To evaluate the alignment accuracy and gene detection
improvement, RNA-seq data from all the wheat samples were mapped
to the pan-gene atlas. The average alignment rate of the pan-gene atlas
was 87.6%, representing a 3.5% improvement over that of the single
Chinese Spring reference genome (Fig. 2e and Supplementary
Data 4 and 5). A total of 80,128 genes were detected as expressed at
population level (Fig. 2d), including 54,237 (67.7%) Chinese Spring
genes, 14,137 (17.6%) assigned genes, 10,357 (12.9%) unassigned genes,
and 1397 (1.8%) alien genes, with 23,296more genes detected than the
single Chinese Spring reference (Fig. 2f). On a per-sample basis,
expressed Chinese Spring genes accounted for 71.66–77.72% of the
total, assigned genes for 11.82–15.96%, unassigned genes for
9.34–11.18%, and alien genes for 0.49–1.80%. A total of 53 samples
contained more than one introgressed segment (Fig. 2g and Supple-
mentary Data 5 and 6). Interestingly, compared with landraces, the
MCCs and USMCs presented significantly greater numbers of expres-
sed genes, particularly for non-Chinese Spring genes (two-sided Wil-
coxon rank-sum test, p value < 0.01) (Fig. 2d and Supplementary
Figs. 4b and 5), suggesting that modern breeding has increased gene
expression diversity.

Gene expression patterns of introgressed segments from rye,
Ae. markgrafii, Th. ponticum and T. timopheevii
Introgressed segments from wild relatives can introduce additional
genes or regulatory elements into the wheat genome, potentially
reshaping gene expression and agronomic traits. Recent studies have
shown that species-specific genes within introgressed segments are
rarely expressed, whereas genes replacing wheat homologs tend to be
downregulated25. To investigate expression changes associated with
wild-type relative introgressions, we mapped RNA-seq data from 6 rye
samples, 2 Renan samples (excluded from themain text becauseof the
limited sample size, Supplementary Fig. 6d and f), 7 Th. ponticum
samples, and 3 T. timopheevii samples to a pan-gene atlas combined
with the corresponding donor genome (Supplementary Data 7). We
analyzed the expression patterns of 5492 alien genes in both the donor
species and their corresponding wheat introgression lines. The pro-
portion of expressed genes within introgressed segments was sig-
nificantly lower in the wheat lines than in their wild donors (two-tailed
Student’s t test, p value < 0.001) (Fig. 3a, f; Supplementary Fig. 6e).
Overall, the proportion of expressed species-specific genes was sig-
nificantly lower than that of conserved genes (two-tailed Student’s
t test, p value < 0.0001) (Fig. 3b, g; Supplementary Fig. 6a, g). More-
over, gene conservation was positively associated with the likelihood
of expression (Fig. 3c, h; Supplementary Fig. 6h and i), which is con-
sistent with observations in model organisms34–36.

To better understand how introgressed segments modulate gene
regulation, we analyzed the differences in expression between wheat
lines harboring known alien introgressions and their respective donor
species. In the 1RS.1BL translocation lines, 136 genes were upregulated
and 128 were downregulated, and in the Th. ponticum introgression
lines, 234 genes were upregulated and 302 were downregulated. The
upregulated genes in both cases were enriched in functions related to
disease resistance and environmental adaptation, whereas the down-
regulated genes were linked to fundamental biological functions
(Fig. 3d, i). These findings are consistent with the well-characterized
roles of the 1RS.1BL and Th. ponticum introgression segments in
increasing disease resistance. Resistance genes such as Lr10 (ortholog:
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SECCE1Rv1G0000670) for leaf rust resistance and Pm8 (ortholog:
SECCE1Rv1G0001880) for powdery mildew were upregulated in the
1RS.1BL lines37,38. These directional changes in gene activity are likely
driven by breeding selection, since wild relatives have been con-
tinuously utilized to improve the disease resistance of wheat during
the past century. In addition, T. timopheevii has also provided valuable
resistance genes for wheat breeding39. Gene Ontology enrichment
analysis of the differentially expressed genes revealed significant

overrepresentation of biological processes related to endogenous
stimulus response, including auxin-mediated signaling and hormone
regulation, suggesting thatT. timopheevii introgressionsmay influence
hormone-associated developmental pathways in the wheat back-
ground (Supplementary Fig. 6j).

To verify the enriched differentially expressed genes in the
introgression lines, we selected three upregulated resistance genes
and three downregulated core metabolic genes from 1RS.1BL for
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Fig. 2 | Creating a pan-gene atlas. a Number of high-confidence genes in the 44
genomes of different wheat varieties and related species at different ploidy levels.
b Density distribution of the number of homologous genes in each orthologous
group. cConstructionof the pan-gene atlas from three parts: (1) all high-confidence
genes of Chinese Spring, (2) genes from large introgressed fragments identified in
the analysis, and (3) assigned genes and unassigned genes from the 39 remaining
genomes. d Number of expressed genes in each genome of the pan-gene atlas for
each wheat line (n = 328) of our RNA-seq panel. Each dot represents a wheat line.
The asterisk denotes the number of genes with a TPM>0.5 in more than 5% of the
samples at thepopulation level. Theboxdepicts themedian and interquartile range
(IQR). The whiskers extend to the most extreme data points within 1.5 × IQR from

the quartiles, and points outside this range are shown as outliers. e Density dis-
tribution of themapping rates for RNA-seq data from 327 wheat accessions aligned
separately toChinese Spring and thepan-gene atlas as reference genemodels. fThe
number of expressed genes for 327 wheat accessions, separately quantified using
Chinese Spring and the pan-gene atlas as a reference. g Heatmap showing the
genome proportion of expressed genes for each wheat accession. The bottom
color bar indicates the type of wheat accessions, the middle heatmap shows the
proportion of expressed genes from different genomes (genome colors are con-
sistent with Fig. 2c), and the top heatmap represents the introgression of foreign
fragments in different wheat varieties. Source data are provided as a Source
Data file.
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Fig. 3 | Expression patterns of introgressed genes in wheat and their donor
species. a Percentage of expressed genes within the chromosome 1RS (0–280Mb)
region of the rye translocation lines 1RS.1AL, 1RS.1BL and rye lines. b Percentage of
expressed specific and conserved genes within the chromosome 1RS (0–280Mb)
region in the rye translocation lines 1RS.1AL, 1RS.1BL, and rye lines. In (a) and (b),
each dot represents one sample, and n indicates the number of samples. Two-tailed
Student’s t test. c Relationships between the conservation of rye and wheat genes
and the number of expressed genes in the 1RS.1BL introgression lines; n indicates
the number of samples. d Functional enrichment analysis of differentially expres-
sed introgressed genes between the 1RS.1BL translocation lines and rye lines. Two-
sided Fisher’s exact test, Benjamini–Hochberg for multiple comparisons, p-adjust
< 0.05. Bubble size corresponds to the number of genes annotated to a given term,
and the color scale represents fold enrichment. e RT‒qPCR-based validation of

differentially expressed genes between the three 1RS.1BL translocation lines and
three rye lines using RT‒qPCR, with Tatublin as the internal control, and the results
were calculated using the comparative CT method. RT‒qPCR was performed three
times for each sample, and each time as a technical replicate. The error bars
represent the mean ± SDs (n = 3 biological replicates). Two-tailed Student’s t test.
f–iAnalytical images of Th. ponticum introgression lines using Th. elongatum as the
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Source data are provided as a Source Data file.

Article https://doi.org/10.1038/s41467-025-66100-4

Nature Communications |        (2025) 16:11133 6

www.nature.com/naturecommunications


genomic DNA amplification to check for gene presence–absence var-
iation. The three resistance genes were absent in some rye accessions
but were consistently present in the introgression lines (Supplemen-
tary Fig. 6b). Reverse transcription quantitative PCR (RT‒qPCR) con-
firmed that SECCE1Rv1G0002890 and SECCE1Rv1G0003770 were
significantly more highly expressed in introgression lines than in rye
(two-tailed Student’s t test, p value = 1.9 × 10–5 and p value = 1.4 × 10–5)
(Fig. 3e; Supplementary Data 8 and 9), whereas SECCE1Rv1G0008680
expression was comparable between the lines in which the gene was
present (two-tailed Student’s t test, p value = 0.001) (Supplementary
Fig. 6c; Supplementary Data 8 and 9). These results suggest that
resistance genes may be transcriptionally activated in some wheat
introgression lines. A more plausible explanation is that resistance
genes that were originally present only in a subset of donor accessions
are enriched in selective breeding, leading to their frequent presence
in the introgression lines. As a result, the observed upregulation of
resistance genes in the differential expression analysis is likely because
most introgression lines carry these genes, whereas only a few donor
accessions do. In contrast, the three core metabolic genes were pre-
sent in both the donor and introgression genomes but were con-
sistently downregulated in the introgression lines, possibly because of
functional redundancy with native wheat genes (two-tailed Student’s
t test, SECCE1Rv1G0021710 p value = 0.0002 and SECCE1Rv1G0017850
p value = 0.0008 and SECCE1Rv1G0000360 p value = 0.0223) (Fig. 3e;
Supplementary Fig. 6b and c; Supplementary Data 8 and 9). These
regulatory patterns are consistent among rye and Th. ponticum and T.
timopheevii introgressions, suggesting that they might be caused by
continuous breeding selection. Although introgression from wild
relatives is a common practice in wheat breeding, our results revealed
that not every introgressed gene is equally activated. Genes associated
with disease resistance and stress adaptation are more likely to be
retained and expressed40,41, whereas genes involved in core cellular
functions tend to be repressed, likely because of redundancy. We next
investigated the how these introgressed genes are regulated by the
wheat genome using our population RNA-seq data.

eQTL map of the pan-gene atlas
To identify genetic loci associatedwith gene expression,we conducted
association analysis between the expression levels of each gene and
genome-wide SNPs on the basis of the Chinese Spring reference gen-
ome. This analysis revealed that expression quantitative trait loci
(eQTLs) were significantly associated with transcript abundance. To
characterize regulatory architectures, we classified eQTLs into three
categories: intergenic-eQTLs, located in intergenic regions; inactive-
eQTGs, residing in genes not expressed in the population; and active-
eQTGs, located in genes with detectable expression in the population.
Genes regulated by eQTLs are called eGenes (Fig. 4a). A total of 45,901
eGeneswere identified, including 30,676 (66.8%) fromChinese Spring,
5791 (12.6%) unassigned eGenes, 8184 (17.8%) assigned eGenes, and
1250 (2.7%) alien eGenes (Fig. 4b). At the population scale, 34,227
(42.7%) non-eGenes lacked associated regulatory variants (Supple-
mentary Fig. 7a, b), suggesting that their expression variationmight be
predominantly influenced by environmental factors. Among all the
eGenes, 33,835 (73.7%) eGenes were associatedwith all three classes of
regulatory loci, including intergenic-eQTLs, inactive-eQTGs, and
active-eQTGs, and 130 (0.3%) eGenes were regulated exclusively by
active-eQTGs and 272 (0.6%) solely by inactive-eQTGs. A total of 7001
(15.2%) eGenes were only regulated by intergenic-eQTLs, emphasizing
the critical role of intergenic regions in gene expression regula-
tion (Fig. 4c).

A total of 4,140,408 eQTLs were found to regulate eGenes
(Fig. 4d).Most eGeneswere associatedwith a single eQTL (Fig. 4e). The
physical proximity between eQTLs and their target eGenes appeared
to influence regulatory strength42, with the strongest associations
enriched near gene regions, particularly around transcription start

sites (Fig. 4e). In this study, eQTLs locatedon the same chromosome as
their target eGene in Chinese Spring were classified as cis-eQTLs,
whereas those on different chromosomes were defined as trans-
eQTLs. Compared with trans-eQTLs, cis-eQTLs exhibited significantly
stronger association signals for the same gene (two-sided Wilcoxon
rank-sum test,p value < 2.2 × 10–16 for all comparisons) (Supplementary
Fig. 7c, d). Analysis of the strongest eQTL signals for Chinese Spring
genes revealed that 65.19% were cis-eQTLs (Supplementary Fig. 8a, b).

Furthermore, we identified 2,104,958 pairs of active-eQTGs and
eGenes with absolute Spearman correlation coefficients greater than
0.3 (|SCC| >0.3,p value < 0.05)43, ofwhich 1,779,804 (84.6%) pairswere
positively correlated and 325,154 (15.4%) pairs were negatively corre-
lated (Fig. 4e). A total of 84% of intergenic-eQTLs were located within
transposable element (TE) regions, suggesting that TEs contribute to
regulatory variation and potentially impact agronomical traits. The
composition of TE types among intergenic eQTLs was consistent with
previous report in wheat26, indicating the widespread distribution of
regulatory elements across TE-rich regions (Supplementary Fig. 7e).

Trans-regulation of introgressed genes from rye, Ae. markgrafii,
Th. ponticum and T. timopheevii
To investigate how introgressed genes are regulated by the wheat
genome, we calculated eQTLs separately for only the introgression
lines of 1RS.1BL, Ae. markgrafii, and T. timopheevii (Supplementary
Note 2). For comparison, we also performed eQTL analysis for intro-
gressed genes across all the wheat samples at the population scale. In
total, 499 eGenes were located on 1RS across the entire population,
whereas only 243 eGenes were detected in the 1RS.1BL introgression
lines (Supplementary Fig. 9a). The number of eQTLs identified from
the introgression lineswasmarkedly lower than that obtained from the
full population (Supplementary Fig. 9b). eQTLs from the full dataset
were strongly enrichedon chromosomes 1 A, 1B, 2D, 3D, and 5B (Fig. 4f,
g; Supplementary Fig. 9c, e, and f), a pattern likely influenced by the
population structure. These signals largely reflected the
presence–absence variation of introgressed segments rather than true
regulatory interactions. In contrast, eQTLs calculated from only
introgression lines were more evenly distributed across the genome
(Figs. 4f, g; Supplementary Fig. 9c, e), providing a more accurate view
of how the wheat genome regulates introgressed genes.

Since the three alien introgression segments (rye: (chr1R:
0–280Mb), Renan: (chr2D: 570–635Mb), and T. timopheevii: (chr5G:
435–485Mb)) underwent translocations with the wheat genome, all
eQTLs located on the wheat chromosomes were treated as trans-
eQTLs. However, because these introgressed segments share high
sequence homology with specific wheat chromosomes, we performed
synteny analysis to clarify their relationships. The results revealed
strong collinearity between the introgressed segments and their
homologous wheat chromosomes, whereas no collinearity was
observed with non-homologous chromosomes (Supplementary
Fig. 10). Given the known translocations, eQTLs located on Chinese
Spring chromosomes 1B, 2D, and 5B were approximated as cis-eQTLs
under our study’s definitions, whereas those on other chromosomes
were considered as trans-eQTLs.

We then compared the regulatory signals from cis-eQTLs, trans-
eQTLs, and eQTLs on homoeologous chromosomes. The analysis
revealed that the regulatory signals of the cis-eQTLs were significantly
stronger than those of the trans-eQTLs (two-sided Wilcoxon rank-sum
test, p value < 0.0001). Compared with those from homoeologous
chromosomes, the signals from cis-eQTLs were not always stronger
(Supplementary Fig. 11a, b, and c), suggesting that both eQTLs on
translocated chromosomes and those on homoeologous chromo-
somes play important roles in regulating introgressed genes.

Genes introgressed from Ae. markgrafii into chromosome 2D
included a high number of eQTLs originating from chromosome 6B in
the introgression lines (Fig. 4g). A total of 4 genes were associatedwith
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number of eQTLs for alien introgressed genes calculated for all samples and
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calculated eQTLs on the basis of two groups of lines, namely, ‘All lines’, in which all
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on Renan chr2D, and the bar plot x-axis represents the number of eQTLs. h In the
line chart above, the x-axis represents the position of eGenes on Renan chr2D, and
the y-axis represents the number of active-eQTGs on wheat chromosome 6B. Dif-
ferent colored points correspond to different eGenes in the regulatory network
diagram below. The regulatory network diagram below shows the relationships
between the eGenes (colored points in the line chart above) and their corre-
sponding active-eQTGs on chromosome 6B. Source data are provided as a Source
Data file.
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700 eQTLs, including 255 active-eQTGs (Fig. 4g). The regulatory net-
work between active-eQTGs and eGenes was enriched for metabolic
processes (Fig. 4h). Additionally, the active-eQTG TraesC-
S5A02G120000 emerged as a regulatory hotspot, controlling 94 1RS
eGenes across all 1RS.1BL lines (Supplementary Fig. 9c). This active-
eQTG is located in the centromeric region of chromosome 5A, which
displays genotypic divergence relative to the reference genome in
both the 1RS.1AL and 1RS.1BL lines. These genotype differences are
specific to introgression lines (Supplementary Fig. 9d), suggesting that
the centromere of chromosome 5 A may influence the ability to inte-
grate external chromosomes. Overall, the regulation of introgressed
gene involves multiple chromosomes, reflecting a complex trans-reg-
ulatory effects in wheat. These findings offer mechanistic insights into
the adaptive regulation of introgressed genes and provide a frame-
work for improving stress resistance through targeted breeding.

Integrative modeling identified candidate genes from the
pan-gene atlas for agronomic traits
Recent studies have shown that both transcriptome-wide associa-
tion studies (TWASs) and summary data-based Mendelian rando-
mization (SMR) integrate GWASs and eQTL data to identify genes
associated with complex traits: in TWASs, gene expression predic-
tion and transcriptome-wide association analysis are used to
uncover associations between cis-regulated gene expression and
traits, whereas in SMR, Mendelian randomization is used to explore
potential causal relationships between gene expression and
traits44,45. Here, we integrated GWASs, TWASs, SMR, and Spearman
correlation coefficients (SCCs) between gene expression levels and
phenotypic values using an eQTL map from the pan-gene atlas to
identify candidate genes, including both Chinese Spring and non-
Chinese Spring genes, that contribute to phenotypic variation
(Fig. 5a). We identified 42 phenotypes, including 34 field agronomic
traits and resistance phenotypes for 8 Bgt isolates (Supplementary
Data 10). Genes identified by at least two methods were considered
high-confidence candidates. A total of 260 high-confidence candi-
date genes were obtained for 34 field agronomic traits, including 71
non-Chinese Spring genes (Fig. 5b, c; Supplementary Figs. 12 and 13;
Supplementary Data 11, 12, 13, 14, and 15). Given that most cloned
powdery mildew resistance genes encode nucleotide-binding site
leucine-rich repeat (NLR) proteins or kinases46, we designated 39 of
such genes as high-confidence resistance candidates, including 3
from non-Chinese Spring segments (Fig. 5b, c; Supplementary
Fig. 14; Supplementary Data 16, 17, 18, 19, and 20).

GWASs can identify only significant SNPs, whereas TWASs and
SMR can directly identify candidate genes45,47. Among the candidate
genes with eQTLs, regulatory relationships were classified into three
models. In total, 97.3% of the candidates associated with 34 field
agronomic traits and 8 Bgt isolates were identified as eGenes, with
95.3% regulated by both genetic and intergenic regions. A total of 2.0%
of the genes were regulated exclusively by intergenic regions, high-
lighting the critical role of non-genic regions (Fig. 5d, e). Ppd-D1, which
is regulated under the R1model, was identified as a candidate gene for
heading date according to both TWASs and SMR analyses. Ppd-D1,
previously reported to be involved in the photoperiod response17,
harbored a frameshift mutation (CCGACG→C) that significantly
altered its expression level (two-sided Wilcoxon rank-sum test,
p value = 6.3 × 10–13), ultimately affecting heading date (two-sided
Wilcoxon rank-sum test, p value = 1.8 × 10–14) (Supplementary Fig. 15a).
Using the SMR approach, we also identified TaGL3-5B, a gene asso-
ciatedwith both grain length andwidth. TaGL3-5B is known to regulate
grain size48 (Supplementary Fig. 15b). Furthermore, we further detec-
ted previously powdery mildew resistance genes, including the Pm4
allele49 (TraesSYM2A03G00828360 from SY Mattis and Trae-
sAK58CH2A01G622200 from Aikang 58; Supplementary Fig. 16) and
Pm3 (TraesCS1A02G008100)38 using SMR, as well as Pm5 alleles (e.g.,

TraesCS7B02G441700)50 using GWASs. In addition, we identified a
candidate gene, TraesCS3D02G201900, for biomass per plant at the
jointing stage that lacked SNP variation across the panel but was
regulated by a cis-eQTL. TWASs and SMR linked this gene to pheno-
typic variation, suggesting that eQTLs may influence traits by mod-
ulating gene expression. Importantly, the identification of cloned
genes absent from the Chinese Spring reference genome underscores
the utility of the pan-gene atlas for transcriptome read mapping.

To validate the reliability of the candidate genes identified from
thepan-gene atlas, we leveraged the indexed EMSmutant library of the
wheat cultivar Kenong 920451. Among the 260 agronomic candidate
genes, 138 had 164 homologs in the Kenong 9204 genome, and cor-
responding mutants were identified from approximately 2000 EMS
lines. Among these genes, 133 homologous geneswere associatedwith
at least fivemutant lines carrying either knockout or non-synonymous
mutations and were subsequently used for validation. We evaluated
seven traits, namely, grain area, grain length, grain perimeter, grain
width, spikelet number, thousand-kernel weight and grain number, in
both the mutants and the wild-type controls. Significant phenotypic
differenceswereobserved for 98 (73.7%) of the 133 homologous genes,
corresponding to 86 candidates, including 8 non-Chinese Spring
genes. By comparison, only 36.4% of the randomly selected genes
demonstrated this level of phenotypic change, highlighting the high
reliability of our candidates (Fig. 5f, g; Supplementary Fig. 17a and b;
SupplementaryData 21, 22, and 23; SupplementaryNote 3). Among the
validated genes, 44 Kenong 9204 homologs carried premature ter-
mination mutations that resulted in significant phenotypic variation
(Supplementary Data 22). For instance, the TraesKN5A01HG39180
mutant exhibited a pronounced reduction in both spikelet number
and spike grain number, with the strongest observed in lines with
premature termination. Mutants of TraesKN6A01HG11540 and Traes-
KN6A01HG11620 presented significant decreases in thousand-kernel
weight and grain width, respectively (two-tailed Student’s t test,
TraesKN6A01HG11540: (TKW, p value = 1.5 × 10–5; GW, p value =
0.0003) and TraesKN6A01HG11620: (TKW, p value = 0.0003; GW,
p value = 0.0027)) (Fig. 5h and Supplementary Data 21, 22, and 23). In
summary, we provided a robust method for identifying high-
confidence candidate genes, including those from exogenous sour-
ces, and validated them using a functional mutant library, offering
valuable genetic resources for improving wheat.

Differentially expressed genes and modules between different
sub-populations
To investigate the impact of breeding on transcriptomic divergence,
we first examined genes whose expression was significantly up- or
downregulated across sub-populations. We are also wondering whe-
ther differentially expressed genes (DEGs) are involved in trait
improvement. First, we observed dramatic expression changes
between sub-populations, which is consistent with genetic divergence.
A total of 6514 DEGs were identified between MCCs and LRs, of which
2893 (44.4%) were non-Chinese Spring genes; 5631 DEGs were found
between USMCs and LRs, including 2354 (41.8%) non-Chinese Spring
DEGs; and 4018 DEGs were detected between USMCs and MCCs,
including 2246 (55.9%) non-Chinese Spring DEGs (Fig. 6a). These
results suggest that the divergence between breeding programs
(MCCs vs. USMCs) is smaller than that between cultivars and landraces.
The high percentage of non-Chinese Spring DEGs (41.8%–55.9%)
highlights the limitations of relying on a single reference genome in
RNA-seq analyses.

Second, we investigated whether the DEGs were genetically
regulated by eQTLs. More than 81% of the DEGs between the cultivars
and landraces were associated with at least one eQTL, which is sig-
nificantly greater than the percentage associated with the genome-
wide background (57%; two-proportion z-test, p value < 2.2 × 10–16)
(Fig. 6a and Supplementary Fig. 7a). In addition, 94% of the DEGs
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between MCCs and USMCs were linked to eQTLs, suggesting that
expression divergence between these breeding programs is driven
largely genetically. The strong enrichment of eQTL-regulated DEGs
across comparisons highlights the role of breeding selection in shap-
ing transcriptional landscapes. Consistently, uniform manifold
approximation and projection (UMAP)-based dimensionality reduc-
tion using these DEGs clearly separated the sub-populations,

indicating that transcriptomic variationmirrors the underlying genetic
structure (Fig. 6b, c).

To further dissect the transcriptional trajectories shaped by
breeding in China and the United States, the DEGs were classified into
eight co-expressionmodules (Fig. 6d). Modules M1 represent 31 genes
whose expression is up-regulated exclusively in Chinese cultivars but
down-regulated in American cultivars; and M2 represent 32 genes
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whose expression is up-regulated exclusively in American cultivars but
down-regulated in Chinese cultivars, suggesting that the breeding
directions of wheat in China and the United States do not significantly
differ. Modules M3 and M4 contained genes whose expression was
consistently upregulated or downregulated, respectively, in both
MCCs and USMCs compared with that in landraces (LRs). The genes in
M3 were enriched for abiotic stress and water response pathways,
suggesting a shared emphasis on increasing stress resilience at the
seedling stage. Conversely, M4 genes were enriched for secondary
metabolism and cell wall organization, reflecting potential growth-
defense trade-offs selected during modern breeding. Cloned genes
within these modules reinforced these functional distinctions. M3
includes Lr34, TaAGL22, VRN2, SVP1, and WRKY45, which regulate
environmental responses and flowering time52–58. M4 contained
TaSnRK2.3-1 A, FUL2, VRN1, VRN3, and TaSuSy4, which are associated
with flowering induction and secondary metabolism (Fig. 6d)6,59,60.
VRN2 was upregulated in cultivars, whereas VRN1 and VRN3 were
downregulated, which is consistent with a shift from spring wheat,
predominantly in landraces, to winter wheat in modern cultivars61

(Supplementary Figs. 18 and 19). These findings were also validated
using 1,034 accessions from previously published datasets5 (Supple-
mentary Fig. 20). This trend reflects a breeding-driven transition
toward a winter growth habit, which allows vernalization-dependent
flowering and improved nutrient accumulation, thereby contributing
to increased yield potential62,63.

Modules M5 and M7 captured divergent breeding directions
between MCCs and USMCs. M5 genes were specifically upregu-
lated in MCCs and enriched in resistance-related pathways, indi-
cating that Chinese breeders have placed greater emphasis on
disease resistance. M7 genes were upregulated in USMCs and
enriched in post-embryonic and seed development functions,
suggesting a focus on improving developmental traits and yield
potential in U.S. breeding programs. For example, M5 included
rye-derived 1RS genes, which are more prevalent in MCCs but also
present in USMCs, highlighting the widespread introgression of
alien resistance loci. M7 contained TaGRP-2, TaAGL18-A1, and
Lr6752,64, which are associated with flowering time and resistance.
In addition, M6 contained key yield- and quality-related genes
such as TaISA2, GW5, Ppd-D1, TaAP2, TaTAR2.1-3 A, and TaGASR7-
A117,65–70, whose expression was downregulated at the seedling
stage in MCCs compared with that in LRs, possibly reflecting
delayed expression until later developmental stages (Fig. 6d). In
summary, these expression patterns illustrate that while both
MCCs and USMCs have acquired resistance genes during modern
breeding, resistance improvement has been emphasized more for
MCCs, whereas developmental regulation has been prioritized
for USMCs.

Population divergence and selection of differentially
expressed genes
To investigate the genetic differentiation of DEGs under modern
breeding, we performed an FST analysis between DEGs and non-DEGs.
The FST values of the genomic regions containing DEGs were sig-
nificantly greater than the FST values of the regions harboring non-
DEGs (two-sidedWilcoxon rank-sum test, p value < 2.2 × 10–16 forMCCs
vs. LRs, USMCs vs. LRs, and USMCs vs. MCCs) (Fig. 6e). Similarly, the
FST values of the eQTL regulating DEGs were also significantly greater
than those of the eQTLs associated with non-DEGs (two-sided Wil-
coxon rank-sum test, p value < 2.2 × 10–16 for MCCs vs. LRs, USMCs vs.
LRs, and USMCs vs. MCCs), indicating that not only were the DEGs
more genetically differentiated but also that their regulatory loci
experienced stronger divergence (Fig. 6f). Furthermore, as the FST
values increased, the signals of the DEGs or their eQTLs increased,
whereas the signals of the eQTLs regulating non-DEGs were sig-
nificantly decreased (Fig. 6g, h).

To further whether DEGs are under selection, we conducted
maximum likelihood ratio XP-CLR analysis to compare cultivars with
landraces. The XP-CLR scores of the genomic regions containing DEGs
were significantly greater than those of the non-DEGs in bothMCCs vs.
LRs (two-sided Wilcoxon rank-sum test, p value = 1.35 × 10–6 for MCCs
vs. LRs, and p value = 2.89 × 10–4 for USMCs vs. LRs) (Fig. 6i). Similarly,
compared with non-DEGs, eQTLs regulating DEGs had significantly
higher XP-CLR scores (two-sided Wilcoxon rank-sum test,
p value = 5.02 × 10–8 for MCCs vs. LRs, and p value = 7.54 × 10–4 for
USMCs vs. LRs), indicating that DEGs and their regulatory loci were
selectedduring thebreedingprocess (Fig. 6j).Moreover, as theXP-CLR
scores of the genomic regions containing DEGs increased, the signals
of theDEGs increased; although therewasonly a slight upward trend in
the signals of eQTLs regulating DEGs with increasing XP-CLR scores,
the signals of eQTLs for non-DEGs showed a slight downward trend
(Fig. 6k, l). Collectively, these results indicate that both DEGs and their
associated eQTLs have undergone significant genetic differentiation
and experienced stronger selection pressure during the breeding
process.

Modern breeding reshaped the gene regulatory network
of wheat
To investigate changes in gene co-expression and regulatory networks
during modern breeding, we analyzed changes in co-expression pat-
terns across sub-populations. Specifically, we calculated the number of
correlations between active-eQTGs and eGeneswith a |SCC| > 0.3 and a
p value < 0.05 across different sub-populations (see Methods). A total
of 1148 DEGs between LRs and MCCs, and 741 DEGs between LRs and
USMCs, were not only regulated by active-eQTGs but were also iden-
tified as candidate genes for agronomic traits by at least one method

Fig. 5 | Joint eQTLsof the pan-gene atlas andGWAS, TWAS, and SMRanalysis of
34 field agronomic traits and 8 Bgt isolate infection phenotypes in wheat.
a Schematic diagram for the prediction of candidate gene. The GWAS QTL candi-
date regions include signals from eQTG and intergenic-eQTL. Candidate genes are
predicted using cis-eQTLs through the TWAS, and both cis- and trans-eQTLs
through SMR. b Venn diagram of the distribution of candidate genes predicted by
theGWAS, theTWAS, SMRand the Spearman correlation coefficient (SCC) between
expression levels and phenotypic values. c The number of candidate genes classi-
fied by the pan-gene atlas. d Three eQTL regulatory patterns assist in the identifi-
cation of candidate genes. R1 represents candidate genes regulated by both gene
and intergenic regions, R2 represents candidate genes regulated only by the gene
region, and R3 represents candidate genes regulated only by the intergenic region.
e Types and numbers of regulatory patterns for the candidate genes. f Verification
of candidate genes using the Kenong 9204 mutant library. The phenotypes of the
mutants and wild-type plants for the predicted candidate genes were analyzed
using a two-tailed Student’s t test, with the red line representing the ttest dis-
tribution for the candidate genes. The blue–green line represents the t test p value

distribution for the randomly selected genes. The same number of random genes
were randomly selected as the candidate genes. This process was repeated 10
times. g Proportion of candidate genes validated by the Kenong 9204 mutant
library comparedwith the average proportion of validated genes from ten random
sets. h Representative candidate genes verified using the Kenong 9204 mutant
library. The candidate genes were predicted to be associated with multiple agro-
nomic traits and were validated for relevant traits (TKW, GW, GN, SPN, and GA) in
the mutant library. The x-axis shows WT (wild-type) lines and the corresponding
mutant lines of candidate genes, with n indicating the sample size. WT lines were
used as the control, and themutant lines of each candidate genewere compared to
the WT line using a two-tailed Student’s t test. Red points represent premature
termination (high effect) and yellow points represent non-synonymous mutations
(moderate effect) in the candidate gene. The blue–green points represent wild
type. The box depicts the median and interquartile range (IQR). The whiskers
extend to the most extreme data points within 1.5 × IQR from the quartiles. Source
data are provided as a Source Data file.
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(Fig. 7a). The 1148 candidate genes were regulated by 52,713 active-
eQTGs, with 25,405 pairs (48.2%) and 43,156 pairs (81.8%) of
active-eQTGs and eGenes showing co-expression (|SCC| > 0.3 and
pvalue < 0.05) in LRs and MCCs, respectively (Supplementary
Data 23 and 24). The proportion of co-expressed pairs in theMCCswas
significantly greater than that in the LRs (two-proportion z-test,

p value < 2.2 × 10–16) (Fig. 7b). Similarly, the 741 candidate genes were
regulatedby32,636 active-eQTGs,with 16,054pairs (49.2%) and27,018
pairs (82.8%) of active-eQTGs and eGenes showing significant co-
expression in LRs and USMCs, respectively (Supplementary Data 25).
The proportion of co-expressed genes in USMCs was significantly
greater than that in LRs (two-proportion z-test, p value < 2.2 × 10–16)
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(Fig. 7b). The co-expression regulatory networks of known genes such
as TaISA2, involved in starch biosynthesis67, and VRN1-5A, associated
with vernalization57, underwent substantial rewiring from LRs toMCCs
or USMCs (Fig. 7c), further indicating that regulatory networks have
been modified during modern breeding.

Additionally, among the 665 candidate genes for powderymildew
resistance, 438 were regulated by 32,860 active-eQTGs (|SCC| > 0.3,
p value < 0.05). In the landrace group, MCC group and USMC group,
22,194 pairs (67.5%), 26,144 pairs (79.6%) and 24,249 pairs (73.8%) of
active-eQTGs and eGenes were co-expressed (|SCC|> 0.3, p value <
0.05), respectively (Supplementary Data 26). Compared with the LR
group, the MCC and USMC groups had significantly greater propor-
tions of co-expression relationships (two-proportion z-test,
p value < 2.2 × 10–16 for both the MCCs vs. LRs and the USMCs vs. LRs)
(Supplementary Fig. 21a and b). The regulatory networks of the cloned
resistance genes Pm4 and Pm5 also differed between landraces and
cultivars49,50. However, their co-expression networks appeared rela-
tively simple, whichmay be attributed to the fact that powderymildew
resistance being a qualitative trait controlled by major-effect genes
(Supplementary Fig. 21c). Taken together, these findings suggest that
modern breeding has substantially altered co-expression and reg-
ulatory networks.

Discussion
Although several high-quality wheat reference genomes have been
released, a pan-genome is not yet available for use in aligning short
reads from next-generation sequencing (NGS)25. Frequent hybridiza-
tion among wheat germplasms, including introgressions from wild
relatives and domesticated progenitors, complicates accurate gene
expression quantification using a single reference genome25. Previous
population transcriptome studies predominantly rely on the Chinese
Spring referencemodel24,71 and inevitably fail to capture the substantial
expression diversity present in non-Chinese Spring samples. This loss
may exclude critical insights pertaining to modern breeding
improvements, such as segments derived from rye 1RS, Ae. markgrafii,
Th. ponticum, T. timopheevii, and other sources.

To address this, we merged the gene models of Chinese Spring
with non-redundant gene models from 43 Triticeae genomes. Unlike
conventional pan-genome studies that require the annotation of all
genomes using a unified pipeline72,73, our approach directly incorpo-
rates published gene models to construct a pan-gene catalog. This
strategy not only effectively quantifies a larger number of non-Chinese
Spring genes but also significantly reduces the computational burden
and time required by traditional pan-genome construction. However,
since these genomes were generated from independent studies with

diverse annotation methodologies, some genes classified as ‘unas-
signed’ in this study may not be truly unique to a single genome. The
‘unassigned’ designation is solely a result of OrthoFinder analysis and
does not fully capture the genomic differences among the 44 gen-
omes. A comprehensive comparison of genomic differences would
require a classical pan-genome analysis pipeline. Nevertheless, for the
purpose of this study, identifying additional transcripts and candidate
genes and leveraging the integrated pan-gene atlas provides a simpler
and more efficient solution.

Moreover, the classification results of OrthoFinder for the pan-
gene atlas have a minimal effect on our main conclusions. The major
advances enabled by the pan-gene atlas, including the detection of
23,296 additional expressed genes and the identification of 74 non-
Chinese Spring candidate genes, primarily result from the inclusion of
diverse gene models. Each candidate gene is a member of an
orthogroup, representing a group of homologous genes. The classifi-
cation of genes into assigned and unassigned categories was therefore
designed to elucidate homologous relationships within these
orthogroups. This is the key reason why the pan-gene atlas sub-
stantially improves the efficiency of candidate gene discovery. Addi-
tionally, analyses of eQTLs, breeding selection, and regulatory
networks focused on population-level patterns. Thus, the mis-
classification of unassigned genes does not affect our major conclu-
sions. The pan-gene atlas offers a lightweight, traceable and user-
friendly resource that greatly reduces the limitations of single-
reference approaches while conserving both time and computational
resources.

Orthogroups frequently harbor highly similar transcripts, leading
to ambiguous multi-mapping of short RNA-seq reads and making it
difficult to assign reads to specific transcripts. Recent studies on
exploring expression diversity in wheat and barley conducted gene
annotation for each individual line and therefore provided more
accurate results72,73. However, in population-scale transcriptomic stu-
dies involving hundreds of wheat landraces and cultivars, conducting
gene annotation for each line is nearly impossible at the current stage.
For these reasons, selecting the longest or most highly expressed
transcript as the representative sequence is widely adopted, as it
reduces redundancy, improves computational efficiency, and facil-
itates downstream eQTL and association analyses.

Recently, Cheng et al.5 demonstrated thatmodernwheat cultivars
are derived primarily from two of the seven ancestral groups, AG2 and
AG5. The ancestral composition of our wheat panel was previously
characterized by Cheng et al.5, who classified the accessions using
genotype data from Niu et al.6. In our panel, MCC varieties align with
AG2, USMC varieties align with AG5, and landraces align mainly with

Fig. 6 | The genome-wide impact of breeding selection on gene expression
regulation. aNumber of DEGs for each pair of sub-populations. b Sharing of DEGs
between sub-populations. c UMAP plot of the dimensionality reduction analysis of
theDEGexpressionmatrix.dHeatmapof the 8modesofDEGs. Thenumbers on the
left represent the count of DEGs. The dashed box in the middle highlights repre-
sentative cloned genes of known function among the DEGs, and the right side
shows functional enrichment for each module (M3–M8) (two-sided Fisher’s exact
test, Benjamini–Hochberg for multiple comparisons, p-adjust < 0.05. The bubble
size corresponds to the number of genes annotated to a given term, and the color
scale represents fold enrichment). e FST values of genic regions for DEGs and non-
DEGs: for MCCs vs. LRs, DEGs (n = 3564) and non-DEGs (n = 49,972); for USMCs vs.
LRs, DEGs (n = 3222) and non-DEGs (n = 50,309); and for USMCs vs. MCCs, DEGs
(n = 1721) and non-DEGs (n = 51,413). Two-sided Wilcoxon rank-sum test,
p < 2.2 × 10–16 for all comparisons (DEGs vs. non-DEGs). Dots within the boxes
indicate the FST values. f FST values of eQTLs for DEGs and non-DEGs. For MCCs vs.
LRs, DEGs (n = 4715) and non-DEGs (n = 35,893); for USMCs vs. LRs, DEGs (n = 4162)
and non-DEGs (n = 36,288); and for USMCs vs. MCCs, DEGs (n = 3304) and non-
DEGs (n = 36,715). Two-sided Wilcoxon rank-sum test, p < 2.2 × 10–16 for all com-
parisons (DEGs vs. non-DEGs). Dots within the boxes indicate the FST values.

g Relationships between the FST values of DEGs and the degree of differential
expression. The data are presented as the mean values ± SEM. h Relationships
between the FST values of eQTLs for DEGs and non-DEGs and the strength of eQTL
signals. The data are presented as the mean values ± SEM. i XP-CLR scores of DEGs
and non-DEGs: for MCCs vs. LRs, DEGs (n = 1788) and non-DEGs (n = 17,974); for
USMCs vs. LRs, DEGs (n = 1596) and non-DEGs (n = 19,813). Two-sided Wilcoxon
rank-sum test: p = 1.35 × 10–6 for MCCs vs. LRs and p = 2.89 × 10–4 for USMCs vs. LRs
(DEGs vs. non-DEGs). Dotswithin the boxes indicate XP-CLR scores. jXP-CLR scores
of eQTLs for DEGs and non-DEGs: for MCCs vs. LRs, DEGs (n = 4196) and non-DEGs
(n = 31,363); for USMC vs. LR, DEGs (n = 3641) and non-DEGs (n = 31,887). Two-sided
Wilcoxon rank-sum test: p = 5.02 × 10–8 for MCC vs. LR and 7.54 × 10–4 for USMC vs.
LR (DEGs vs. non-DEGs). Dots within the boxes indicate XP-CLR scores.
k Relationships between the XP-CLR scores of DEGs and the degree of differential
expression. The data are presented as the mean values ± SEM. l Relationships
between the XP-CLR scores of eQTLs for DEGs and non-DEGs. The data are pre-
sented as the mean values ± SEM. All boxes depict the median and interquartile
range (IQR). The whiskers extend to the most extreme data points within 1.5 × IQR
from the quartiles, and points outside this range are shown as outliers. Source data
are provided as a Source Data file.
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Fig. 7 | The gene expression networks of different breeding programs. a Venn
diagram of candidate genes, eGenes regulated by active-eQTGs, and DEGs.
b Proportion of candidate genes in the orange blocks of the panel (Fig. 7a) where
the Spearman’s rank correlation coefficient between active-eQTGs and eGene has a
|SCC| > 0.3 and p value < 0.05. Differences in proportions were assessed using a
one-sided two-proportion z-test, with p < 2.2 × 10–16. c Gene network from the
orange blocks in Fig. 7a, showing only genes that satisfy p-GWAS< 1 × 10–5, p-
TWAS< 1 × 10–4, p-SMR < 1 × 10–5, and |SCC| > 0.6. Nodes represent eGenes or active-
eQTGs. Orange edges indicate positive expression correlations (SCC >0.3 and
p value < 0.05) between eGenes and active-eQTGs, whereas the blue edges

represent the negative correlation (SCC < -0.3 and p value < 0.05). No edges were
drawn between eGenes and active-eQTGs that did not meet these thresholds. To
reduce complexity, only eGenes associatedwith agronomic traits thatmet all of the
following criteria were visualized: GWAS p value < 1 × 10–5, TWAS p value < 1 × 10–4,
SMR p value < 1 × 10–5, |SCC| > 0.6, and classification as DEGs. The small regulatory
network on the right shows co-expression between the cloned genes (TaISA2 and
VRN1-5A) and active-eQTGs. MCCs stands for Modern Chinese Cultivars. USMCs
stands forUnited StatesModernCultivars. LRs stands for landraces. Sourcedata are
provided as a Source Data file.
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AG1, AG3, and AG4, with a minor fraction distributed across other
groups. Thus, the 328 accessions used in this study collectively
represent five of the seven ancestral groups (AG1–AG5), capturing
broad ancestral diversity. To improve alignment accuracy and repre-
sentation of ancestral variation, we incorporated 44 reference gen-
omes into our pan-reference, several of which correspond to key
ancestral groups in our panel. For instance, Chinese Spring and
Norin61 represent AG1, representing landrace-associated haplotypes;
Mace, Lancer, Jagger, CDC Landmark, and CDC Stanley represent AG5,
facilitating analysis ofUSMC lines; andArinaLrFor, SYMattis, and Julius
align with AG2, representing MCC diversity. The inclusion of these
representative genomes increases mapping fidelity and enables more
comprehensive characterization of haplotype diversity across the
panel. In addition, the integrationof diploid and tetraploidprogenitors
involved in wheat evolution further strengthens the ability of our pan-
gene atlas to capture genetic variation across wheat germplasms,
including lineage-specific and introgressed alleles that are often
overlooked in modern breeding.

Introgression in thewheat genomehas been intensively studied in
recent years because of the decreasing cost of next-generation
sequencing technologies6,7,33,74, but the genome-wide pattern of gene
expression for introgression has rarely been studied24,25. Our
population-level gene expression analysis revealed a lack of con-
sistency between the expression of introgressed genes and the goal of
breeding improvement. Genes related to environmental stress or dis-
ease resistance are often favored by breeders. The corresponding
chromosomal segments are introduced into common wheat through
hybridization and tend to be transcriptionally activated, thereby
increasing stress tolerance and disease resistance. In contrast, genes
involved in basic cellular processes are frequently downregulated or
silenced in introgression lines, possibly because of functional redun-
dancy with the native wheat genome. These changes might be
achieved through trans-eQTLs located on other wheat chromosomes.
We propose that the optimal expression of introgressed genes
depends on the presence of favorable alleles at these trans-eQTL loci.
In other words, our calculations suggested that the gene expression
activity of introgressed alleles depends on the genetic background,
which is a phenomenon frequently observed in distant hybrid
breeding75,76. Our results provide clues for designing future breeding
plans by selecting hybrid parents with favorable alleles at those trans-
eQTLs. eQTLs for introgressed genes were analyzed both at the
population level and only among lines with that introgression. Because
introgressed segments are present only in a subset of samples,
population-level eQTLs likely exhibit pronounced population struc-
ture. In a comparison, eQTLs computed using only introgression lines
are distributed more uniformly across the genome. Therefore, eQTLs
for introgressed segments calculated using all samples should be
interpreted with caution.

The pan-gene atlas revealed that 22% of the transcripts
expressed in seedling tissues are not encoded by the Chinese
Spring reference. In total, more than twenty thousand non-
Chinese Spring transcripts were detected in our panel of 327
wheat lines. Although numerous RNA-seq and GWASs have been
conducted in wheat, non-Chinese Spring genes have always been
ignored in previous studies6,24,71. Because GWASs rely solely on
SNP information present in the Chinese Spring genome to
associate with phenotypes, it can identify only candidate genes
located within the Chinese Spring genome. In contrast, by using
TWASs, SMR, and correlation analyses between gene expression
and phenotypes, we were able to identify candidate genes that
are not present in the Chinese Spring genome. The use of tran-
scriptomic data enabled us to identify a greater number of non-
Chinese Spring candidate genes. However, as the non-Chinese
Spring genes could not be assigned to the same orthogroups as
the Chinese Spring genes were, we did not perform synteny

analysis for them with Chinese Spring. Instead, we approximated
their positions using the most significant eQTL signals, with the
accuracy of this approach potentially reaching up to 65.19%
(Supplementary Fig. 8a, b). Nevertheless, this strategy only par-
tially addresses this limitation, and further methodological
improvements are needed in future studies to identify additional
non-Chinese Spring candidate genes. Given that the RNA-seq data
used in this study were collected at the seedling stage, the
detection of expression changes associated with developmental
traits was limited. However, introgressed genes often exhibit
presence–absence variation in expression, which was effectively
captured in this study. On the basis of an integrative prediction
pipeline similar to that used in our previous work24, we obtained
candidate genes for agronomic traits and disease resistance
traits, which included 71 non-Chinese Spring genes for a set of 34
agronomic traits, and 3 non-Chinese Spring genes for a set of 8
Bgt isolates. Functional validation using an indexed EMS mutant
library revealed that 98 out of 133 homologous candidate genes
with at least five mutant lines exhibited significant trait differ-
ences between the wild type and mutant, supporting the pre-
dictive value of our candidate gene set.

Compared with our previous eQTL study24, in this work, whole-
genome resequencing-derived SNP data was employed, which enabled
a more comprehensive detection of regulatory elements, including
those located in distal intergenic regions. While intergenic SNPs are
often excluded in genomic studies74, we found that approximately
2.0% of candidate genes were regulated exclusively by intergenic
eQTLs, and that their trait associations were mediated through such
loci. These results highlight the importance of non-coding regions in
gene regulation and their potential application in marker-assisted
selection. Although the Chinese Spring v1.1 reference genome, which
was used for variant calling, is based on short-read sequencing and
may contain assembly errors, particularly in intergenic regions, it
remains the most widely adopted reference in wheat genomics and
ensures compatibility with major genotyping platforms such as the
1000Wheat Exomes Project7 and theWatkins panel5.More than 99%of
the resequencing reads were successfully mapped to the Chinese
Spring reference (Supplementary Fig. 22), indicating minimal refer-
ence bias. Moreover, most identified eQTLs are located in well-
assembled genic regions; therefore, the potential assembly errors in
Chinese Spring v1.1 do not affect the main conclusions of our study.

Modern breeding involves not only the selection of target
genes but also changes in transcriptome profiles at the popula-
tion level. Approximately 10% of the genes exhibited differential
expression between different sub-populations. Differences exist
in the direction of changes between the cultivars from China and
those from the United States, which is likely attributed to varying
breeding objectives and environmental adaptability. While com-
mon regulatory changes were detected in genes involved in stress
responses and photoperiod regulation (e.g., VRN1, VRN2, and
WRKY45)57,58, U.S. cultivars tended to favor genes related to
developmental regulation (e.g., TaGRP-2)52, whereas breeders in
China favor genes related to disease resistance and yield (e.g.,
Lr34, TaAGL12)55,77. These trends highlight how breeding objec-
tives have shaped the direction of transcriptomic changes.
Moreover, compared with non-DEGs, DEGs exhibited greater
genetic differentiation and stronger signatures of selection, a
pattern that extended to their regulatory regions. These findings
suggest that breeding has exerted a widespread influence on gene
regulatory networks. In addition to individual expression chan-
ges, breeding altered gene co-expression and regulatory network
architecture. The number of co-expression pairs involving active-
eQTGs and eGenes was significantly lower in landraces than in
cultivars, suggesting that modern breeding has increased net-
work complexity. Future breeding strategies may benefit from
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considering not only gene-specific selection but also the optimi-
zation of broader regulatory networks.

Methods
Wheat germplasm and phenotypes
We selected a panel of 328 Triticum aestivum accessions from pre-
viously publishedwhole-genome resequencingdataset comprising 355
accessions6, including 92 modern Chinese cultivars (MCCs), 64 mod-
ern United States cultivars (USMCs), and 172 landraces (LRs) from 13
countries worldwide, representing a wide range of genetic diversity
(Supplementary Data 1).

A total of 42 phenotypic traits were assessed, encompassing 34
field agronomic traits and 8 seedling-stage resistance traits to different
Bgt isolates. The planting and phenotypic measurements of the field
agronomic traits were conducted concurrently with those reported in
previous studies6, and the phenotypes for 20 of these traits have
already been published. These include four grain-related traits: grain
length (GL), grain roundness (GRO), grain width (GW), and grain
number (GN); seven yield-related traits: thousand-kernel weight
(TKW), harvest index (HI), yield per plant (YPP), spikelet number (SPN),
awn length (AL), sterile spikelet number (SSN), and biomass per plant
(BPP); and nine growth and development traits: anthesis days (AD),
heading days (HD), flag leaf length (FLL), flag leaf width (FLW), plant
height (PH), peduncle length (PL), stem diameter (SD), tiller number at
the jointing stage (TNJS), and tiller number at the seedling
stage (TNSS)6.

The 14 other field agronomic trait phenotypes are described in
this study, namely, seven grain-related traits: grain filling days (GFD),
grain area (GA), grain diameter (GD), grain perimeter (GP), and grain
color, which included grain red (GR), grain green (GG), and grain blue
(GB); five yield-related traits: yield per head per plant (YHPP), biomass
per plant at the jointing stage (BPPJS), biomass per tiller at the jointing
stage (BPTJS), biomass per plant at the seedling stage (BPPSS), and
biomass per tiller at the seedling stage (BPTSS); and two growth and
development traits: life cycle (LC) and days from heading to anthesis
(HAD). All 328 common wheat accessions were grown for three con-
secutive years (2013–2016) in Zhao County, Shijiazhuang, Hebei Pro-
vince, China (38°05′N, 114°52′E). The accessions were randomly
arranged in plots with 110 × 25 cm row and column spacing, each with
three independent replicates. Agronomic traits were evaluated using
five centrally located plants per plot. The best linear unbiased esti-
mates (BLUEs) were derived using amodel with fixed genotype effects
and random effects for each year.

We isolated and purified eight Bgt isolates from fields across dif-
ferent provinces in China, designated B040A1, B056A1, B080A1,
B094A1, B099A1, B114A2, B132A2 and B138A1 (Supplementary
Data 10).Weplanted the 328wheat accessions in rectangular trayswith
three replicates, providing 14 of light at 22 °C and 10 h of darkness at
18 °C. At the one-leaf stage, seedlings of all wheat lines were inoculated
with one Bgt isolate. Infection types were recorded 10 days post-
inoculation using a 0–4 scale, where 0–2 indicates resistance and 3–4
indicates susceptibility. Higher scores represent stronger disease
susceptibility, and themean value of three individual plants per variety
was used for subsequent analysis (Supplementary Fig. 14a)50,78.

RNA-seq sequencing and data preprocessing
A total of 328 wheat lines were grown in trays, with each line having
three biological replicates, maintained under a 14-h light and 10-h dark
cycle at 22 °C and 18 °C, respectively. Leaf tissues were sampled at the
two-week seedling stage, and the leaves from the three biological
replicates were averaged for RNA extraction using the FastPure Uni-
versal Plant Total RNA Isolation Kit. The extracted RNA was subse-
quently used to construct libraries via the BGI Optimal Series Dual
Module mRNA Library Construction Kit (LR00R96) and sequenced on
the DNBSEQ-T7 platform, generating 2 × 150bp reads. One accession

(1699B) was excluded from subsequent analyses because of potential
contamination, resulting in a final set of 327 high-quality RNA-seq
samples.

In parallel, six rye accessions and seven Thinopyrum ponticum
accessions were also grown under identical conditions for RNA
sequencing. Additionally, we obtained published RNA data from pre-
vious studies39,79, which included leaf samples from 2 Renan samples79

and 3 T. timopheevii samples39 (Supplementary Data 7), all of which
were obtained at the 2–3-week-old seedling stage. The software Sal-
mon v1.8.080, which uses pseudoalignment techniques on RNA-seq
reads to reference gene models was used to quantify the transcript
abundance.

Identification of large introgression events using whole-genome
resequencing data
The genotypes of 327 wheat accessions were obtained from a previous
study6 in which those wheat accessions were whole-genome-
sequenced and genotyped on the basis of the Chinese Spring refer-
ence genome (IWGSC RefSeq v1.1). After filtering out variants with a
missing rate >25% and heterozygosity >30%, variants with an MAF >
0.05 were retained for this study, resulting in a total of 26,788,626
variants, including 24,744,215 SNPs and 2,044,411 InDels.

To identify large introgressed segments that are not present in
Chinese Spring, a genome-wide heatmap of genotype calls was con-
structed using the ComplexHeatmapRpackage81,82, with awindow size
of 1 SNP/Mb, revealing >20Mb of missing segments. To quantify these
deletions, we calculated the missing rate across the genome using a
2Mb sliding windowwith a 1Mb step size, compared themissing rates
in deleted versus non-deleted regions, and tested for significance
using the two-sided Wilcoxon rank-sum test.

Reference genome model of large introgressed segments
In this study, four large introgressed segments previously
reported39,79,83,84 in wheat were analyzed using the genomes of corre-
sponding donor species as referencemodels. We used the genomes of
Secale cereale L.83, the French cultivar Renan (instead of Ae. markgrafii,
because the terminal end of Renan 2D has been reported to possibly
originate from the introgression of Ae. markgrafii without a published
genome)79, Thinopyrum elongatum (instead of Th. ponticum, because
the genome of Th. ponticum has not been published, and Th. elonga-
tum is closely related to Th. ponticum)84, and Triticum timopheevii39.
These genomes were merged with the Chinese Spring reference gen-
ome (IWGSC RefSeq v1.1). Afterward, on the basis of the merged gene
models, the gene expression levels of 328 wheat samples were calcu-
lated using Salmon v1.8.080. The number of expressed genes with
expression (transcripts per million, TPM>0.5) was then counted in
10Mb windows with a 2.5Mb step along each chromosome.

Construction of the pan-gene atlas
To complement the identification of large introgressed fragments
(>20Mb), which could be readily detected on the basis of genotype
loss rates, we sought to capture smaller introgressed regions that
could not be accurately assessed using the Chinese Spring genemodel
alone. To this end, we integrated gene models from 44 published
Triticeae genomes. A key selection criterion for these genomeswas the
availability of RNA-seq-supported gene annotations.

These included hexaploid wheat genomes such as Chinese Spring
(IWGSC RefSeq v1.1, 2n = 6x = 42, AABBDD)26, Kenong 920485, Aikang
5886, and 9 cultivars fromThe 10+Wheat Genomes Project (ArinaLrFor,
Jagger, Julius, LongReach Lancer, CDC Landmark, Mace, Norin 61, CDC
Stanley, SY Mattis)31,72, the South African bread wheat cultivar
Kariega87, the Tibetan semi-wild wheat (Triticum aestivum ssp. tibeta-
num Shao) accession Zang181788. Among 17 representative Chinese
cultivars with high-quality genome assemblies, four (XY6, AMN, JM22,
and ZM16) were included on the basis of the availability of RNA-seq-

Article https://doi.org/10.1038/s41467-025-66100-4

Nature Communications |        (2025) 16:11133 16

www.nature.com/naturecommunications


supported annotations89. We also incorporated the synthetic hex-
aploid wheat-derived cultivar Chuanmai 104 and the backbone
breeding parent line Zhou8425B90,91.

In addition, we included tetraploid genomes (T. turgidum ssp.
dicoccoides and T. turgidum L. ssp. durum, 2n = 4x = 28, AABB)92,93,
along with diploid genomes such as T. urartu (2n = 2x = 14, AA)94, 3 T.
monococcum (TA10622, TA299, PI 306540, 2n = 2x = 14, AA)95,96, 6
genomes of Aegilops speltoides relatives (TS01, Ae. bicornis, Ae. long-
issimi, Ae. searsii, Ae. sharonensis, Ae. speltoides (Y2032), 2n = 2x = 14,
SS)97,98 and 8 Aegilops tauschii genomes (AL8/78, AY17, AY61, T093,
XJ02, TA1675, TA2576, TA10171, 2n = 2x = 14, DD)99–101.

Furthermore, we incorporated four gene models from previously
characterized large introgressed segments: Secale cereale L. (rye,
2n = 2x = 14, RR, chr1R: 0–280Mb)83, the French cultivar Renan
(2n = 6x = 42, AABBDD, chr2D: 570–635Mb, used as a proxy for Ae.
markgrafii because of the absence of its reference genome)79, Thino-
pyrum elongatum (2n = 2x = 14, EE, chr3E: 500–676Mb) (a close rela-
tive of Th. ponticum)84, and T. timopheevii (2n = 4x = 28, AtAtGG, chr5G:
435–485Mb)39.

The pan-gene atlas was constructed in three parts. The first part
included all the high-confidence genes from Chinese Spring. The sec-
ond part included high-confidence genes from the four large intro-
gressed segments listed above. The third part consisted of non-
redundant, high-confidence genes from the remaining 19 hexaploid, 2
tetraploid, and 18 diploid genomes.

To remove redundant genes, we used OrthoFinder to cluster all
genes from the 44 genomes102,103. For orthogroups containing genes
from Chinese Spring or from the four large introgressed regions, only
the Chinese Spring or introgressed genes were retained, and these
orthogroups were excluded from the non-redundant set. For
orthogroups lacking Chinese Spring or introgressed genes, the longest
transcript was selected as the representative isoform, following pre-
vious transcriptomic studies, to minimize redundancy from repetitive
sequences and reduce the impact of short-read multi-mapping104–106.
Therefore, the longest transcript was selected as the representative
gene, and its expression level was significantly greater than that of
other genes (Supplementary Note 4, Supplementary Fig. 23). The
genes from all three parts were then merged to create the final pan-
gene atlas. Using this pan-gene atlas as the reference, we employed
Salmon v1.8.0 to assess the transcript abundanceof 328wheat samples
through pseudoalignment80, which was used for all subsequent
analyses.

Quantification of gene expression in introgressed segments
To investigate gene expression in introgressed segments, we used
OrthoFinder to identify homologous high-confidence genes
between Secale cereale L. (rye; chr1R: 0–280Mb) and Chinese
Spring102,103. Genes that are homologous between rye and wheat are
considered conserved genes, whereas those that are unique to rye
are called specific genes. To assess the relationship between gene
sequence similarity and expression conservation, we selected 1RS
genes whose alignment lengths exceeded 80% and whose sequence
identities were greater than 70% relative to those of their wheat
homologs.

We performed differential expression analysis of chromo-
some 1RS genes between the 1RS.1AL and 1RS.1BL introgression
lines and the 6 rye accessions. Transcript abundances were first
log2 transformed (TPM + 0.1), after which the expression matrix
was normalized using the normalize.quantiles.robust method.
Differential expression analysis was conducted using the two-
sided Wilcoxon rank-sum test107, comparing gene expression
between the 1RS.1AL line and rye 1RS and between the 1RS.1BL
line and rye 1RS. The log2-fold change (log2FC) was calculated as
the difference in average gene expression between the two
groups. Genes with adjusted p values (Padj) < 0.05 and absolute

log2FC > 1 were defined as differentially expressed genes (DEGs).
The same analytical pipeline was applied to the other intro-
gressed gene sets. We annotated genes from rye, T. elongatum
and T. timopheevii using InterProScan (v5.66–98.0)108. Gene
Ontology (GO) enrichment analysis of the DEGs was performed
using TBtools109.

Characterization of rye genes
To assess the presence and expression of rye-derived resistance
genes and genes involved in fundamental biological processes in
introgression lines and the donor genome, three resistance-related
genes (SECCE1Rv1G0002890, SECCE1Rv1G0003770, and SEC-
CE1Rv1G0008680) and three genes related to fundamental biolo-
gical activities (SECCE1Rv1G00021710, SECCE1Rv1G00017850, and
SECCE1Rv1G0000360) were selected for genomic DNA validation
and reverse transcription quantitative PCR (RT‒qPCR) analysis.
Gene-specific primers were designed the basis of both the genomic
and coding sequences of the six target genes (Supplementary
Data 8). Genomic DNA amplification was performed using ten rye
accessions and ten 1RS.1BL introgression lines. For RT‒qPCR analy-
sis, three rye accessions and three 1RS.1BL introgression lines were
used (Supplementary Data 9). The wheat TaTublin gene was used as
the endogenous control, and relative expression levels were calcu-
lated using the comparative CT method110.

Detection of eQTLs
Gene expression data were log2-transformed and normalized using
robust quantile normalization in R. To account for hidden confound-
ing factors, we applied the probabilistic estimation of expression
residuals (PEER) method111 and used the resulting residuals to assess
the genetic regulation of gene expression. For eQTL mapping, we
associated PEER-corrected expression residuals with filtered SNP
genotypes using the MatrixEQTL R package (useModel =
modelLINEAR)112. The first five principal components (PCs) of the SNP
matrix, representing population structure, were included as covari-
ates. A false discovery rate (FDR) threshold of <1 × 10–5 was used to
define significant eQTLs in the population-level analysis, whereas a less
stringent threshold (FDR < 1 × 10–2) was adopted for the introgression
lines because of their smaller sample size.

We classified SNPs associated with gene expression into three
categories. First, SNPs were annotated using SnpEff (v.5.0e)113 and
classified as intergenic SNPs or genic SNPs. Genic SNPs were further
classified the basis of gene activity: if a genewas expressed (TPM>0.5)
in more than 5% of samples, it was considered active, and the corre-
sponding SNPs were labeled as active SNPs; otherwise, genes and their
SNPs were classified as inactive. We subsequently merged the sig-
nificant SNPs of the three types using strict criteria. Intergenic SNPs
were merged on the basis of the criteria of continuous SNPs within
<100 kb, aminimumof three SNPs, and an LD>0.2, retaining themost
significant SNP as the intergenic-eQTL. For inactive SNPs, the same
merging strategy as for intergenic SNPs was applied, and the most
significant SNP from each cluster was retained as the inactive-eQTG.
Active SNPs were processed in two steps: (1) High-impact SNPs (as
defined by SnpEff) were retained as active-eQTGs. (2) For non-high-
impact SNPs, we calculated the Spearman correlation coefficient (SCC)
between the expression levels of the SNP-harbored gene and its target
eGene. SNPs located within genes and significantly associated with
eGenes (|SCC| > 0.3, p value < 0.05) were considered as regulatory. The
most significant SNP was retained as the active-eQTG. Finally, all
intergenic-eQTLs, inactive-eQTGs, and active-eQTGs are collectively
referred to as eQTLs. eQTLs located on the same chromosome as
their associated eGene were classified as cis-eQTLs, whereas those
located on different chromosomes were classified as trans-eQTLs. This
classification was applied only to eGenes from the Chinese Spring
reference genome.
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Synteny analysis of alien introgression segments
Synteny analysis was conducted using JCVI114 to investigate the chro-
mosomal correspondence between alien introgression segments and
the Chinese Spring reference genome. Gene sequences from three
introgressed segments (rye: (chr1R: 0–280Mb), Renan: (chr2D:
570–635Mb), andT. timopheevii: (chr5G: 435–485Mb))were subjected
to pairwise synteny searches against all annotated genes in theChinese
Spring genome using JCVI114 with default parameters. The resulting
paired gene files were subsequently used to generate macrosynteny
visualizations, and the default settings were used.

GWAS
A GWAS was performed using a linear mixed model that addressed
both population structure and kinship for all 34 field agronomic traits
and 8 seedling-stage Bgt isolate phenotypes, employing the ‘--mlma’
parameter in GCTA (v1.94.1)115. The first five principal components
were used to control for population structure. A kinship matrix was
generated on the basis of a set of independent SNPs to capture relat-
edness among individuals. If two consecutive significant SNPs were
located less than 2Mb apart, they were grouped into a single QTL. The
QTL interval was defined by SNPswith a p value < 1 × 10–4, and themost
significant SNP within the interval was designated as the lead variant.
QTLs were retained only if the lead SNP had a p value < 1 × 10–6;
otherwise, they were excluded. Genes harboring significant SNPs
within each QTL interval were identified as candidate genes.

TWAS
Transcriptome-wide association studies (TWASs) provide a framework
for identifying significant cisgenetic variant correlations between gene
expression and phenotype. For this research, Fusion software was
utilized to carry out the TWAS (http://gusevlab.org/projects/fusion/)44.
The program requires the computation of gene expression weights,
reflecting the pre-modeled relationships between SNPs and gene
expression levels, which are then integrated with GWAS data to esti-
mate the associations between genes and phenotypic traits.

For Chinese Spring genes, we computed expressionweights using
SNPs within a 2Mb window centered on each gene and their expres-
sion levels across the population. For non-Chinese Spring genes, the
genomicpositions of theirmost significant eQTL signals in theChinese
Spring reference genome were used as proxies. SNPs and expression
levels within 2Mb of the eQTL peak were used to model expression
weights. Heritability calculations were carried out using GCTA
(v1.94.1)115, and expression weights were derived from methods
including top1, blup, lasso, and enet. We subsequently extracted the
SNP data from the GWAS results of 42 traits, including A1 (first allele)
and A2 (second allele), and computed the Z-scores with the formula:

Z -scores = β=SE ð1Þ

β represents the estimated effect size of the allele on the trait, and
SE denotes the standard error of the effect size estimate.The
FUSION.test.R script from the FUSION programwas used to separately
analyze each GWAS summary dataset and expression weight file to
predict candidate genes (http://gusevlab.org/projects/fusion/). Genes
a TWAS p value < 1 × 10–3 were considered candidate genes.

SMR
We performed a summary data-based Mendelian randomization ana-
lysis (SMR) to investigate the association between gene expression and
trait variation, utilizing summary-level data from our eQTL mapping
study and GWAS results for 34 field agronomic traits and 8 seedling-
stage Bgt isolate phenotypes, employing GCTA (v1.94.1)115. For the
physical location information of non-Chinese Spring genes, we
approximated the positions of the strongest eQTL signals from Chi-
nese Spring as the physical locations. The summary-level statistics of

these two GWAS datasets were analyzed using the SMR commands
‘-cis-wind 10,000’ for cis-eQTL and ‘--trans-wind 5000’ for trans-eQTL
whose SMR p value was <1 × 10–4 were designated as candidate genes.

Validation of candidate genes using the EMS mutant library
To validate candidate genes, we identified homologs in the Kenong
9204 genomewith ≥ 98% sequence identity and ≥90% coverage relative
to the candidate genes. Homologous genes with at least five non-
synonymous mutants in the indexed Kenong 9204 EMS library were
selected for further analysis51. For eachgene, a two-tailed Student’s t test
was conducted between the mutant (n > 5) and wild-type samples
(n = 15). To account for background variation, an equal number of
control geneswithoutmutationswere randomly selected, and the same
analysis was applied. We evaluated the effects of candidate gene
mutations on seven agronomic traits, namely, spikelet number (SPN),
grain number (GN), grain area (GA), grain perimeter (GP), grain length
(GL), grain width (GW), and thousand-kernel weight (TKW). Given the
highPearsoncorrelation coefficient among the34field agronomic traits
(Supplementary Fig. 12), mutations in candidate genes affecting one
trait often influence multiple traits. Thus, candidate genes associated
with these agronomic traits were tested across all seven selected traits.

Detection of DEGs between cultivars and landraces
We identified differentially expressed genes (DEGs) between landraces
(LRs) and two cultivar groups (MCCs and USMCs) using the two-sided
Wilcoxon rank-sum test. The expression levels were normalized as
described above. DEGs were defined on the basis of an adjusted
p value < 0.05 and an absolute log2-fold change >1, where log2-fold
change represents the ratio of the mean expression between two
populations. DEGs were categorized into four types across the eight
models, with the landrace gene used as a reference. The first category
(M1 and M2) includes genes whose regulation is inconsistent between
MCCs and USMCs relative to landraces; the second category (M3 and
M4) includes genes whose regulation is consistent. The third category
(M5 and M6) consists of genes that are differentially expressed
between MCCs and landraces, with no significant differences for
USMCs and landraces. The fourth category (M7 and M8) consists of
that are differentially expressed between USMCs and landraces, with
no significant differences for MCCs and landraces. Finally, Gene
Ontology (GO) enrichment analysis was conducted for the 8models of
DEGs using TBtools109.

Dimensionality reduction of population expression
We used population-specific DEGs identified from the MCC, USMC,
and LR comparisons toperformdimensionality reduction analysis. The
expression values were normalized as described above. UMAP was
applied using the umap function from the R package uwot to visualize
expression divergence across populations116.

Population genetics analysis
Given the large LD distance and dense SNP coverage, we filtered SNPs
on the basis of the criteria from published work6, retaining 5,749,696
SNPs/InDels for principal component analysis using PLINK v1.9117. The
genetic differentiation (FST) between sub-populations (MCCs vs. LRs,
USMCs vs. LRs, USMCs vs. MCCs) was calculated using a 20-kb sliding
window and a step size of 10 kb with VCFtools (v0.1.16)118. To evaluate
the genetic differentiation of DEGs, non-DEGs, and regulatory regions
under modern breeding, we compared the FST values for these cate-
gories. To analyze the relationships between the signals of DEGs and
the most significant eQTL signals with FST value, we paired the signals
of DEGs and the most significant eQTLs signals with their corre-
sponding FST value, sorting them by FST value. A custom script119 was
used to split the data into ten bins, calculating the mean and standard
errorof the signals of theDEGs and topeQTLsignalswere calculated as
the FST value changed.
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Detection of selective sweeps between landraces and cultivars
We applied the XP-CLR method (https://github.com/hardingnj/xpclr),
a Python-based composite likelihood approach120, to identify selective
sweeps during modern wheat breeding. For this analysis, landraces
were considered the reference group, withMCCs and USMCs acting as
the query groups. We scanned for selective sweeps with a step size of
10 kb and a 20 kb sliding window across each chromosome (--size
20,000; --step 10,000). We extracted XP-CLR scores for genomic
regions containing DEGs to evaluate whether they were under selec-
tion during breeding. Additionally, XP-CLR scores were obtained for
regions harboring the most significant eQTLs of DEGs to assess
potential selection on regulatory regions. Sites with XP-CLR scores
equal to zero were excluded. The remaining scores were ranked and
divided into 20 equal bins. For each bin, the mean and standard error
of scores for both DEGs and eQTLs were calculated using a custom
script119.

Construction of gene co-expression regulatory networks
Co-expression regulatory networks for each sub-population were
constructed based on the regulatory pairs of active-eQTGs and their
corresponding eGenes identified at the population level in the study.
Active-eQTG–eGene pairs were defined as those showing significant
expression correlations across all samples (|SCC| > 0.3 and p value <
0.05). For each active-eQTG–eGene pair, expression correlations were
recalculated within each sub-populations (MCCs, USMCs and LRs).
Pairs with |SCC| > 0.3 and p value < 0.05 within a sub-population were
considered co-expressed. To ensure comparability across sub-popu-
lations, the same set of active-eQTG–eGene pairs identified at the
population level was used for all sub-population analyses.

For constructing the regulatory networks of agronomic
trait–related candidate genes, eGenes that were also differentially
expressed (LRs vs. MCCs and LRs vs. USMCs) were selected, and their
correlations with corresponding active-eQTGs were computed within
each sub-population. For the powderymildew resistance network, due
to the limited number of candidate genes, the eGenes regulated by
active-eQTGs at the population level were considered, and their cor-
relations were recalculated across sub-populations. The resulting co-
expression relationships were visualized in Gephi (https://gephi.org/).

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

Data availability
The raw RNA-seq data generated in this study have been deposited in
the Genome Sequence Archive (GSA)121 at the National Genomics Data
Center122, China National Center for Bioinformation/Beijing Institute of
Genomics, Chinese Academy of Sciences, under accession CRA022107
(328 wheat accessions), CRA025944 (6 rye accessions), and
CRA022106 (7 Th. ponticum accessions). The results, including the
sequence of pan-gene atlas, orthologous genes and eQTLs, have been
uploaded to the Figshare database [https://figshare.com/s/
ee89a74381fea08c4c4e]. Source data are provided with this paper.
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