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Abstract
Background  Climate changes pose challenges to crop production. However, the causes of phenotypic differences 
across environments remain unclear.

Results  Here, heading date (HD), flowering date (FD), and plant height (PH) were measured along with four 
environmental factors (day length (DL), growing degree days (GDD), precipitation (PRCP), and photothermal ratio 
(PTR)) to investigate the genetic basis of phenotypic plasticity of these traits in 616 wheat accessions using genome-
wide association studies. Regarding quantitative trait locus-by-environment interactions (QEIs), five known and three 
candidate genes for HD, six known and seven candidate genes for FD, and four known and eighteen candidate genes 
for PH were identified. For the genes associated with phenotypic plasticity, 10 genes exhibited responsiveness to 
alterations in diverse environmental conditions according to transcriptome data; haplotype effects of 33 genes were 
identified as significantly correlated with the changes in environmental factors; six candidate genes were identified as 
hub genes in the gene network, possibly influencing other genes and causing the phenotypic plasticity. And over-
dominant effects can explain over 50% the genetic variance of phenotypic plasticity. More importantly, one FD/HD 
candidate gene (TraesCS4A01G180700) and two PH candidate genes (TraesCS5B01G054800 and TraesCS2A01G539400) 
partly explain the phenotypic plasticity for the FD/HD and PH traits, respectively. In addition, the potential utilization 
of these genes in wheat breeding was discussed.

Conclusions  This study elucidated the genetic basis of phenotypic differences caused by environments and 
provided a foundation for addressing the impact of climate change on crop production.
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Background
Dramatic changes in the global climate pose a major 
challenge to food security, and global trends in climate 
change have negatively affected on global crop yields 
[1, 2]. Wheat (Triticum aestivum L.) is a major global 
food crop, feeding about 40% of the world’s population 
[3]. Changes in environmental conditions can affect the 
performance of wheat traits, such as high temperature, 
drought, and soil salinity [4–5]. And approximately 40% 
of the annual variation in wheat yield is due to tempera-
ture and moisture stress, with wheat yield decreasing 
by 6% for every degree of temperature increase [4–6]. 
Henan Province is a major wheat-producing region in 
China, contributing about 29% of the total wheat produc-
tion in China [7]. More importantly, wheat breeding has 
increased wheat yield, which greatly contributes to ensur-
ing food security [7]. It is of great importance to investi-
gate the genetic mechanisms of environmental factors on 
phenotypic plasticity of wheat in Henan Province. Geno-
type-by-environment interaction refers to the differential 
response of genotypes to varying environmental condi-
tions, while quantitative trait locus (QTL)-by-environ-
ment interactions (QEIs) describe how specific genetic 
loci interact with environmental factors to influence 
trait expression. Genotype-by-environment interac-
tion is an important genetic component, influencing 
trait phenotypes. However, QEIs were mainly detected 
in integrated environments, such as different locations 
or years, in previous studies [8–10]. The performance 
of a trait is mainly influenced by light, temperature and 
water environmental factors, including day length (DL), 
growing degree days (GDD), precipitation (PRCP), and 
photothermal ratio (PTR) in this study [4–6]. In detail, 
DL regulates photosynthetic efficiency and act as the 
primary photoperiodic cue synchronizing flowering ini-
tiation through circadian clock gene networks, with lon-
ger photoperiods typically accelerating floral transition 
[11–15]. GDD quantifies heat accumulation, determining 
developmental phase duration [16–17]. PRCP modulates 
water availability for wheat. PTR describes the balance 
between growth and development [18]. Li et al. [19] and 
Fu and Wang [20] used genome-wide association studies 
(GWAS) to investigate the effects of various environmen-
tal factors on plant height, flowering time, and grain yield 
in maize, wheat, and oat, and on the general and specific 
combining ability of plant height and flowering in maize, 
respectively. However, it is difficult to identify and esti-
mate their dominant effects. To address this issue, Li et 
al. [21, 22] established a compressed variance component 
mixed model that considers all possible genetic effects 
and controls for all possible polygenic backgrounds, pro-
viding a powerful tool for detecting QTLs and QEIs.

In this study, we performed the regression analysis of 
three traits, including flowering date (FD), heading date 

(HD), and plant height (PH), on four environmental fac-
tors, including DL, GDD, PRCP, and PTR, in a maximum 
correlation window, and used the regression slopes and 
intercepts as phenotypes in 616 wheat accessions to 
conduct GWAS to indirectly identify QEIs. Meanwhile, 
multi-environment joint GWAS analysis was performed 
to detect QTLs and QEIs. Around these QTLs and QEIs, 
known and candidate genes and gene-by-environment 
interactions (GEIs) were identified using transcriptome 
analysis, gene function annotation, homologous gene 
analysis, haplotype analysis, and co-expression gene net-
work. Our aim is to reveal the genetic basis of phenotypic 
differences in different environmental conditions. Thus, 
this study provides a reference for overcoming the effects 
of climate change on crop production.

Materials and methods
Plant materials and field trials
The 616 wheat accessions, comprising 351 landraces and 
265 cultivars (Supplementary Information), were sourced 
from the Wheat Institute of the Henan Academy of Agri-
cultural Sciences and employed as association mapping 
populations. The experimental materials were planted 
in two environments, namely Anyang and Zhumadian in 
Henan Province, during the 2016–2017 and 2017–2018 
growing seasons. PH: After the milky stage, 10 individual 
plants were randomly sampled and the length to the top 
of the spike, excluding awn, was measured and averaged; 
HD: Number of days after planting until 1 cm of the spike 
tip was exposed in the flag leaf sheath and this was visible 
in more than 50% of the plants; FD: The number of days 
after planting to more than 50% panicle flowering was 
calculated for the experimental material.

The phenotypic observation used in this study was 
the average across replicates in each environment. 
Individual breeding values were estimated via best lin-
ear unbiased prediction (BLUP) using the lme4 pack-
age (version 1.1.31) [23] in R. The BLUP method 
systematically disentangles GEIs, producing reliable 
estimates of heritable phenotypic variation for individ-
ual organisms. The formula for calculating heritability 
is h2 = Vg/(Vg + Ve/l), where Vg  and Ve are genetic 
and residual variances, respectively, and l is the number 
of environments. The statistical analysis of phenotypes 
across different environments was conducted using the R 
package agricolae (version 1.3-5).

SNP genotyping
Wheat 660  K microarrays were used to sequence 616 
wheat accessions, yielding 552,470 original SNPs. Bea-
gle v5.2 [24] was used for imputing missing markers, 
while Plink v1.9 [25] was employed to filter SNPs based 
on minor allele frequency (MAF ≥ 0.05). Finally, 429,721 
high-quality SNPs were selected for further analysis.
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Calculation of environment factors
The environmental data was collected from National 
Centers for Environmental Information ​(​​​h​t​t​p​s​:​/​/​w​w​
w​.​n​c​e​i​.​n​o​a​a​.​g​o​v​/​​​​​) and US Naval Observatory Astro-
nomical Applications Department (​h​t​t​p​​:​/​/​​a​a​.​u​​s​n​​o​.​n​​a​v​
y​​.​m​i​l​​/​d​​a​t​a​/​i​n​d​e​x​.​p​h​p). GDD (℉) was calculated using 

GDDi =
−
Ti −Tbase [16], PTR (h/℉) was calculated 

using PTRi = DLi/GDDi, where Tbase= 41℉ for 
wheat, and i is the i-th day after planting (DAP) [18]. The 
averages of the above four environmental factors in the 
windows were used in this study.

Genome-wide association study
The 3VmrMLM (version 1.0), BLUPmrMLM (version 
5.0.2), and Fast3VmrMLM methods [21, 22, 26] (​h​t​t​p​​s​:​/​​
/​g​i​t​​h​u​​b​.​c​​o​m​/​​Y​u​a​n​​m​i​​n​g​Z​h​a​n​g​6​5) were used to perform 
genome-wide association studies, in which 11 prin-
cipal components calculated by plink with a variance 
explanation rate > 1% was used to control for popula-
tion structure, and the kinship matrix was calculated 
by each software. The Bonferroni correction threshold 
(P = 1.16 × 10− 7) was used to determine significant QTLs 
and QEIs, while LOD = 3.0 (the P-value threshold is at 
least 10− 3) was used to determine suggested QTLs and 
QEIs [16, 17].

LD analysis
PopLDdecay v3.41 [27] was used for LD decay analy-
sis, providing access to the extent and patterns of link-
age disequilibrium in the genome. The candidate genes 
within the physical intervals of the identified QTLs were 
extracted from the IWGSC RefSeq 1.0 (​h​t​t​p​​s​:​/​​/​w​w​w​​.​w​​h​
e​a​​t​g​e​​n​o​m​e​​.​o​​r​g​/​​R​e​s​​o​u​r​c​​e​s​​/​A​n​​n​o​t​​a​t​i​o​​n​s​​/​I​W​​G​S​C​​-​R​e​f​​S​e​​q​
-​v​1​.​0​-​a​n​n​o​t​a​t​i​o​n), which was based on the decay of the 
squared correlation coefficient (r2) to half of the maxi-
mum value.

Identification of candidate genes
Differential expression analysis was based on transcrip-
tome data from public databases [28–29] using the R 
package DESeq2 (version 1.38.3) [30] with the criterion 
of|log2FC| > 1 and P-value < 0.05. In detail, public RNA-
seq data was used to check if the identified candidate 
genes from GWAS show differential expression between 
conditions (e.g., heat stress vs. control). Gene annota-
tion was performed using eggNOG-mapper (​h​t​t​p​​:​/​/​​e​g​g​n​​
o​g​​-​m​a​p​p​e​r​.​e​m​b​l​.​d​e​/) and AgBase ​(​​​h​t​t​p​s​:​/​/​a​g​b​a​s​e​.​a​r​i​z​o​n​a​
.​e​d​u​/​​​​​)​. Known rice genes were obtained from the China 
Rice Data Centre (https://ricedata.cn/gene/) and ​A​r​a​b​i​d​
o​p​s​i​s genes were obtained from TAIR ​(​​​h​t​t​p​s​:​/​/​w​w​w​.​a​r​a​
b​i​d​o​p​s​i​s​.​o​r​g​/​​​​​)​. Wheat protein sequences (​h​t​t​p​​s​:​/​​/​u​r​g​​i​.​​v​
e​r​​s​a​i​​l​l​e​s​​.​i​​n​r​a​.​f​r​/, version 1.0) and rice protein sequences 
(http://rice.uga.edu/, version 7.0) were used to find 

the homologous genes using the Othofinder [31]. The 
known wheat genes were collected from WheatOmics 1.0 
(http://202.194.139.32/) and the reported literature.

The potential candidate genes that were significant 
in the haplotype analysis using one-way or two-way 
ANOVA were considered as candidate genes. Superior 
haplotype was determined by multi-comparison. The 
haplotype effect of the gene was the trait average of the 
accessions with the gene haplotype minus the total aver-
age trait value.

Gene network analysis
WGCNA software (version 1.72.1) [32] was used to con-
duct the gene co-expression network analysis based on 
the public transcriptome data derived from Choulet et 
al. [33]. The goodSamplesGenes function was employed 
to assess and refine the data, subsequently selecting the 
median absolute deviation of genes that did not equal 
0. The pickSoftThreshold function was then utilized 
to ascertain the soft threshold as 26. Finally, the block-
wiseModules function was executed to construct the 
gene network and identify modules. The hub genes were 
selected based on the criterion of |KME| ≥ 0.8. STRING 
(https://cn.string-db.org/) was used to predict the protein 
and protein interaction based on the protein sequences. 
The minimum required interaction score was set as 0.40.

Identification of over-dominant loci
The dominance ratio is the absolute ratio of the dominant 
effect to the additive effect of each QTN, and these effects 
were obtained from 3VmrMLM and Fast3VmrMLM. 
The over-dominant locus was defined as the locus with a 
dominance ratio greater than 1.2.

Result
Phenotypic identification
To investigate the phenotypic plasticity of FD, HD, and 
PH in this study, 616 wheat accessions were planted 
in two locations: Anyang (36.05° N, 114.13° E, AY) and 
Zhumadian (32.93° N, 113.92° E, ZMD) (Fig. 1A), in the 
2016–2017 and 2017–2018. Based on variance compo-
nent estimates using the lme4 software, the heritability of 
FD, HD, and PH were 84%, 85%, and 97%, respectively, 
indicating the high quality of the phenotypic datasets, 
while the proportions of environmental variances to total 
phenotypic variances for the three traits were 62%, 57%, 
and 5%, respectively (Fig.  1B), demonstrating the influ-
ence of environmental factors on trait phenotypes. The 
significantly low environmental variance percentage (5%) 
and high heritability observed for PH may explain why 
PH is less influenced by the environment. Furthermore, 
analysis of variance showed the significant differences of 
FD, HD, and PH among environments (Fig. 1C). In detail, 
FD and HD were significantly later in 18 AY than in 17 
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AY and 17 ZMD, while PH was significantly higher in 
ZMD than in Anyang (Fig. 1C), indicating the phenotypic 
plasticity of the three traits in different environments.

Determination of environmental factors and critical 
windows
Based on the method of Fu and Wang [15], critical win-
dows of each trait under different environmental fac-
tors were determined and shown in Fig. 2. For example, 
the significant negative correlation between DL and FD 
during the critical window (61 to 180 days after planting 
(DAPs)) suggests that longer daylight exposure in this 
window accelerates flowering (Fig.  2). Furthermore, the 
critical windows were found to be consistent with the 
actual growth periods. The critical windows for FD were 
close to FD and for HD were almost 10 to 15 days before 
HD, while the critical windows for PH were almost 
always in the erecting and jointing stages. In addition, 

opposite correlation coefficients were observed between 
PH and an environmental factor and between HD and 
the same environmental factor (Fig. 2).

Although the heatmaps of HD and FD in Fig.  2 were 
roughly consistent, their critical windows were not com-
pletely consistent because the two traits may have differ-
ent environmental responses. All environmental factors 
were found to be significantly correlated with the three 
traits in the regression analysis of environmental factor 
on the trait, except for the regression coefficient of DL 
on PH (P-value = 0.0833), demonstrating the significant 
influence of environmental factors on trait phenotypes. 
The regression coefficient and intercept were used as 
phenotypes to perform GWAS.

Genetic analysis of FD, HD and PH
To investigate the phenotypic plasticity of the three 
traits, we performed two types of GWAS to identify 

Fig. 1  Phenotypic analysis of wheat accessions across different environments. A, Geographic distribution of the two experimental locations. B, Pheno-
typic variance composition. C, Variance analysis of flowering date, heading date and plant height
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QEIs. First, the regression coefficient and intercept of 
the trait on the environmental factor were used as phe-
notypes to perform GWAS to indirectly identify QEIs. 
Second, all the phenotypes in all environments were used 
to perform multi-environment joint analysis to identify 
QEIs directly. For FD, the indirectly detected QEIs and 
the directly detected QTNs and QEIs are listed in Tables 
S1, S2, S3. Around all the QEIs, 6 genes were reported to 
be associated with FD in previous studies, such as FUL3-
2B [34], PhyC-5B/5D [35], SVP3-4 [36], and WPCL1-3D 
[37] (Fig.  3A); 7 candidate genes were identified by GO 
annotation, differential expression, rice or Arabidop-
sis homologous gene, and haplotype analysis (Fig.  3A; 
Table S4). The candidate gene TraesCS3B01G070200 was 
found to be related to DL, PRCP, and GDD and could 
respond to water stress in transcriptome analysis (Table 
S4), in which its homologous gene OsPTR is affected 
by circadian, water and salt stress [38–39]. TraesC-
S4A01G180700 detected by PRCP could respond to salt, 
heat, and drought stress in transcriptome analysis (Table 
S4), where its homologous gene AtFER controls flower 

development in Arabidopsis [40]. These two genes with 
relatively sufficient evidence could contribute to the dif-
ferential FD in different environments.

For HD, the indirectly detected QEIs and the directly 
detected QTNs and QEIs are listed in Tables S5, S6, S7. 
Around all the QEIs, 5 genes were reported to be asso-
ciated with HD in previous studies, such as FUL3-2B 
[34], PhyC-5B/5D [35], and TaVRN1-5  A [41] (Fig.  3B); 
3 candidate genes were identified by GO annotation, dif-
ferential expression analysis, Arabidopsis or rice homol-
ogous genes and haplotype analysis (Fig.  3B, Table S8). 
The candidate gene TraesCS6B01G041100 was found to 
be related to all four environmental factors and could 
respond to salt, heat, and drought stress in transcrip-
tome analysis (Table S8). TraesCS4A01G180700 detected 
by PRCP in FD could respond to salt, heat, and drought 
stress in transcriptome analysis (Table S8), where its 
homologous gene AtFER controls flower development 
in Arabidopsis [40]. These two genes with relatively suf-
ficient evidence could contribute to the differential HD in 
different environments.

Fig. 2  Heatmap of correlation between traits and environmental factors. DL: day length, GDD: growing degree days, PRCP: precipitation and PTR: pho-
tothermal ratio
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For PH, the indirectly detected QEIs and the directly 
detected QTNs and QEIs are listed in Tables S9, S10, S11. 
Around all the QEIs, 4 genes were reported to be related 
to PH in previous studies, such as Rht-A1, Rht-D1 [42], 
and TaDEP1-5B [43], in which Rht-D1 was detected 7 
times and TaDEP1-5B was detected 4 times, and Rht-D1 
greatly contributed to the improvement of PH in Henan 
Province; 18 candidate genes were identified by GO 
annotation, differential expression, Arabidopsis or rice 
homologous gene and haplotype analysis (Fig. 3C; Table 
S12). The candidate gene TraesCS2A01G315700 was 
found to be related to GDD, PRCP, and PTR and could 
respond to heat and drought stress in the transcriptome 
analysis (Table S12). TraesCS2A01G539400 detected by 
PTR could respond to heat stress in the transcriptome 
analysis, where its homolog OsHIPP24 was reported 
to be related to PH in rice [44]. TraesCS7A01G549000 
detected by GDD and PRCP could respond to salt, heat, 
and drought stress in the transcriptome analysis, where 
its homolog ONAC095 was reported to be related to PH 
in rice and affected by drought, cold, salt, and abscisic 
acid [45]. In total, 7 candidate genes were found to 
respond to corresponding environmental conditions in 
the transcriptome analysis and were related to PH, which 
may contribute to the differential PH in different envi-
ronments (Table S12).

Among all the known and candidate genes around 
QEIs indirectly identified by regression parameters, gene 
haplotype effect and environmental factors were used to 

perform correlation analysis. As a result, haplotype effect 
of 33 genes were found to be significantly correlated with 
environmental factors, including three known genes for 
FD, two known genes for HD and three known genes for 
PH (Fig. 4). The results demonstrated that environmen-
tal factors influence the performance of gene haplotypes, 
resulting in the differences of traits in different environ-
ments. Furthermore, the superior haplotypes of these 
genes remained largely consistent across different envi-
ronments, despite variations in their haplotype effects. 
For example, the TraesCS4A01G180700 haplotype, indi-
cated by the ‘blue line’, consistently outperformed other 
haplotypes in different environments. However, it is 
noteworthy that a small subset of superior haplotypes 
did not maintain their advantageous status in all envi-
ronments, indicating their instability. For instance, the 
superior haplotype of TraesCS5A01G391700 exhibited 
environment-dependent performance, reflecting its con-
ditional adaptability.

Discussion
In this study, FD, HD and PH were found to have signifi-
cant differences in different environments with different 
DL, GDD, PRCP, and PTR, resulting in their phenotypic 
plasticity (Fig. 1). To dissect the genetic basis of the phe-
notypic plasticity, the regression parameters of FD, HD 
and PH on DL, GDD, PRCP, and PTR were used to indi-
rectly identify QEIs, while multi-environment joint anal-
ysis was used to directly identify QTNs and QEIs (Tables 

Fig. 3  Manhattan plot of flowering date, heading date and plant height. QTL: main effect QTLs detected by joint analysis across different environments, 
QEIs: QTL × environment interactions detected by joint analysis across different environments, DL: QEIs related to day length, GDD: QEIs related to grow-
ing degree days, PRCP: QEIs related to precipitation and PTR: QEIs related to photothermal ratio
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S1-S3, S5-S7 and S9-S11). Around these QEIs, 15 known 
and 27 candidate genes were found to be associated with 
the three traits, of which 10 candidate genes may respond 
to the changes of environmental factors in the transcrip-
tome analysis and may contribute to the phenotypic dif-
ference in different environments (Fig.  3; Tables S4, S8 
and S12). Meanwhile, in the correlation analysis between 
gene haplotype effect and environmental factor, hap-
lotype effect of 33 genes were found to be significantly 
associated with environmental factors (Fig.  4). These 
genes would be used to decipher the genetic basis of the 
phenotypic plasticity of the three traits.

Genetic basis of the phenotypic plasticity of the three traits
Phenotypic plasticity was observed in the different 
environments. In detail, FD and HD were found to be 
significantly later in 18 AY than in 17 AY and 17 ZMD 
(Fig.  1C), while GDD was significantly lower in 18AY 
than in 17AY and 18ZMD, and PTR was significantly 
higher in 18AY than in 17AY and 18ZMD (Table S13). 
To dissect the phenotypic plasticity of FD and HD, the 
main environmental factors for plant growth are light, 
temperature, and water, so that DL, GDD, and PRCP 
were used to represent the environmental conditions, 
while PTR was used to represent the environmental con-
dition because it describes the balance between growth 

and development [25]. As a result, four pieces of evidence 
were provided to explain the phenotypic plasticity as fol-
lows. First, GDD and PTR were found to be significantly 
correlated with FD and HD (Fig. 2). Then, transcriptome 
analysis revealed that TraesCS3B01G070200 and TraesC-
S4A01G180700 for FD and TraesCS6B01G041100 for 
HD were up-regulated under heat stress (Tables S4 and 
S8). Next, the rice homology gene (OsPTR) of TraesC-
S3B01G070200 was affected by circadian, water, and 
salt stress [38–39], and the homology gene (AtFER) of 
TraesCS4A01G180700 controls flower development in 
Arabidopsis [40] (Tables S4 and S8). Finally, the haplo-
types of 9 FD genes (e.g., TaELF3-D1 [46], WPCL1-3D 
[35],, TaGRP2 [47]) and 5 HD genes (e.g., TaVRN1-5  A 
[41], FUL3-2B [34]) were significantly correlated with the 
changes of environmental factors (Fig.  4). In summary, 
the later FD and HD in 18 AY can be inferred from the 
changes of environmental factors and the response of the 
above known and candidate genes.

PH was found to be significantly higher in ZMD than 
in AY (Fig. 1C), while there are the more GDD and PRCP 
and the less PTR in ZMD than in AY (Table S13). To dis-
sect the phenotypic plasticity of PH, four pieces of evi-
dence were provided as follows. First, GDD, PRCP, and 
PTR were found to be significantly correlated with PH 
(Fig.  2). Then, transcriptome analysis revealed that 7 

Fig. 4  Correlation analysis between the effect of gene haplotypes and the environmental conditions in each environment. Black lines are the phenotypic 
value, colorful lines are the effect of gene haplotypes. HD: heading date, FD: flowering date, and PH: plant height. DL: day length, GDD: growing degree 
days, PRCP: precipitation and PTR: photothermal ratio
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candidate genes for PH could respond to the changes in 
environmental conditions, the up/downregulated expres-
sion of these genes might contribute to the higher PH in 
ZMD, such as the upregulated expression of the TraesC-
S2A01G539400 under heat stress (Table S12). Next, six 
out of seven genes have homology with rice genes known 
to be related to PH (Table S12). For example, TraesC-
S2A01G539400 is the homolog of OsHIPP24, which has 
been demonstrated to cause plants to become shorter 
in rice [44], possibly leading higher PH in ZMD via the 
upregulation of TraesCS2A01G539400. Finally, the hap-
lotype effect of 20 PH-related genes was significantly cor-
related with changes in environmental factors, including 
three known PH genes (Rht-A1 [42], TaPRR73-4B [48], 
TaDEP1-5B [44]) and 16 candidate PH genes (Fig. 4). In 
summary, the shorter PH in 18AY can be attributed to 
changes in environmental factors and the response of 
known and candidate genes.

A gene network was constructed using the WGCNA 
software and STRING to measure the contribution and 
relationship of the above known and candidate genes 
to the phenotypic differences. As a result, 6 candidate 
genes were determined as hub genes (|KME| ≥ 0.8) in 
the gene co-expression network using WGCNA, includ-
ing TraesCS1A01G425100, TraesCS2A01G539600, 
TraesCS5A01G292900, and TraesCS5A01G330500 
for PH, TraesCS6B01G041100 for HD, and TraesC-
S7D01G537800 for FD (Table S14). To elucidate the rela-
tionship of the above known and candidate genes, the 
co-expression network showed that five candidate genes 
and one known gene WPCL1-3D for FD were assigned to 
the ‘Grey’ module; eleven candidate genes and one known 
SVP1-6B for PH were assigned to the ‘Grey’ module, and 
two known genes Rht-A1 and Rht-D1 and one candidate 
gene TraesCS2A01G539400 for PH were assigned to the 
‘Turquoise’ module (Figure S1). The protein and protein 
interactions predicted by STRING showed that TraesC-
S6A01G039200 was interacted with TaELF3-D1 for FD 
and TraesCS5B01G054800 was interacted with Rht-A1 
and Rht-D1 for PH, respectively (Figure S1). These find-
ings suggest PH candidates likely participate in gibber-
ellic acid signaling pathways, given their co-regulation 
with Rht genes and DELLA domain interactions, FD 
candidates might share photoperiod regulatory mecha-
nisms with WPCL1-3D through ELF3-mediated circa-
dian networks [35, 4246]. Moreover, it is speculated that 
environmental factors may cause the changes of the six 
hub genes and further affect the gene network, leading to 
phenotypic differences in different environments.

In conclusion, there were four main reasons for the 
phenotypic differences of the three traits in different 
environments. First, the different environmental condi-
tions could lead to phenotypic differences. Then, the 10 
candidate genes related to environmental responses in 

the transcriptome analysis were up-/down-regulated in 
different environments, causing phenotypic differences. 
Next, environmental conditions could influence the hap-
lotype effects of 33 known and candidate genes to cause 
phenotypic differences. Finally, environmental factors 
may influence phenotypic differences in different envi-
ronments based on the gene network analysis. It should 
be noted that these genes need further experimental 
validation.

Key genes affecting phenotypic plasticity
As described in Ravet et al. [40], AtFER, homologous 
to TraesCS4A01G180700, controls flower development 
in Arabidopsis. In our differential expression analysis, 
the expression of the FD and HD candidate TraesC-
S4A01G180700 was up-regulated by salt, heat and 
drought (Tables S4 and S8), indicating that environmen-
tal changes may regulate its expression and influence 
flower development to cause phenotypic plasticity of FD 
and HD across environments.

In Chen and Xiong [44], OsHIPP24 was reported to 
affect plant development and height in rice. In our differ-
ential expression analysis, the expression of the PH can-
didate gene TraesCS2A01G539400, which is homologous 
to OsHIPP24, was up-regulated under heat stress (Table 
S12), while ZMD has more GDD than AY due to its rela-
tively lower latitude, indicating that more GDD in ZMD 
may up-regulate the expression of TraesCS2A01G539400 
and cause higher PH than AY (Table S13).

Meanwhile, OsPIL1 was identified as a key regulator 
of internode elongation and induced rice plant shorten-
ing in response to drought stress in Todaka et al. [49]. 
In our differential expression analysis, the expression of 
the PH candidate gene TraesCS5B01G054800, which is 
homologous to OsPIL1, was down-regulated in response 
to drought in wheat (Table S12), while ZMD has more 
PRCP than AY, indicating that more PRCP in ZMD may 
up-regulate the expression of TraesCS5B01G054800 and 
cause higher PH than AY (Table S13).

In summary, the higher PRCP and greater GDD 
in ZMD likely upregulate the expression of TraesC-
S5B01G054800 and TraesCS2A01G539400, resulting in 
the increase of PH in ZMD compared to AY (Fig. 1; Table 
S13). This demonstrates how environmental factor varia-
tions influence gene expression, driving phenotypic plas-
ticity across different environments. In addition, further 
experimental validation of TraesCS2A01G539400 and 
TraesCS5B01G054800 is required in the future.

The likely designs for further experimental validation 
of TraesCS2A01G539400 and TraesCS5B01G054800 are 
as follows. The wild-type and mutant (e.g. obtained by 
CRISPR-Cas9) lines were used to measure their pheno-
types and to validate stress-responsive expression pat-
terns using qRT-PCR expression profiling under high and 
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low PRCP for TraesCS5B01G054800 and under high and 
low GDD for TraesCS2A01G539400.

Influence of over-dominant effect on phenotypic plasticity
Of all the QEIs indirectly identified by IIIVmrMLM and 
FastIIIVmrMLM for the three traits, over 70% of QEIs 
for each trait were over-dominant loci with dominance 
ratios greater than 1.2, highlighting the prevalence of 
over-dominant loci associated with phenotypic plasticity 
(Tables S1, S5 and S9). In the genetic variance of pheno-
typic plasticity, over-dominant components accounted 
for more than 50% for each trait, suggesting that over-
dominance may explain most of the genetic variation 
influencing phenotypic plasticity (Table S15). Our find-
ings indicate that over-dominance is the primary genetic 
effect driving phenotypic plasticity in wheat and may 
underlie the significant phenotypic differences observed 
across environments (Fig.  1C). This conclusion is in 
agreement with Semel et al. [50], where over-dominant 
loci were shown to contribute significantly to plant yield 
and fitness. Furthermore, heterozygous genotypes may 
exhibit greater environmental sensitivity, and heterozy-
gosity may destabilize plant phenotypes [51–52].

Inspiration for wheat breeding
Genetic improvement is a critical approach to ensure 
food security in the face of significant climate change 
[6]. The phenotypic variation in different environments 
is largely caused by GEIs, as environmental factors are 
significantly correlated with the haplotype effects of 
33 known and candidate genes in Fig. 4. We found that 
the superior haplotypes of most genes still perform well 
in different environments. These genes can be utilized 
in wheat breeding. In addition, some genes that inter-
act with environmental conditions should be used with 
caution in wheat breeding. One is that their superior 
haplotypes were changed in different environments, 
and another is that the genes were significantly up-/
down-regulated in different environmental conditions. 
Of course, in certain regions with regular environmental 
changes, the phenotypic plasticity-related genes can be 
used to breed environmentally adaptive cultivars to max-
imize the effects of genes in response to environmental 
conditions.

All the QTLs detected by the BLUP values and joint 
analysis were stable in different environments, and 8 
known and 8 candidate genes were found around these 
QTLs (Table S16 and S17). Among the 16 genes, the 
superior haplotypes of 12 genes were identified, includ-
ing one gene for FD, 4 genes for HD, and 7 genes for PH, 
which can be utilized to improve FD, HD, and PH in 
wheat breeding (Table S18).

Effect of environmental factors on wheat flowering and 
heading date
Three candidate GEIs were detected by both HD and 
FD, involving two environmental factors PRCP and PTR, 
confirming the similar impact of environmental factors 
on FD and HD (Tables S4, S8). The vernalization was one 
of the main factors influencing the FD and HD in wheat 
[53]. However, the environmental conditions related to 
vernalization like vernalization time, temperature and 
accumulated temperature were not significantly corre-
lated with FD and HD in different environments. There-
fore, environmental factors related to vernalization were 
not used in QEI detection. However, we identified some 
vernalization related genes in this study, such as known 
vernalization gene TaVRN1-5A in wheat [41] and candi-
date gene TraesCS5D01G403200 homologous to vernal-
ization gene VIP4 in Arabidopsis [54].

Conclusion
All four environmental factors were significantly cor-
related with the three traits with the exception of the 
effect of DL on PH. 6 known and 7 candidate genes for 
FD, 7 known and 3 candidate genes for HD, and 5 known 
and 18 candidate genes for PH were detected around 
QTLs and QEIs. One FD/HD candidate gene (TraesC-
S4A01G180700) and two PH candidate genes (TraesC-
S5B01G054800 and TraesCS2A01G539400) partly 
explain the phenotypic plasticity for the FD/HD and PH 
traits, respectively. The observed phenotypic differences 
across environments can be attributed to four main rea-
sons: (1) the environmental conditions differed across the 
various environments, (2) transcriptome analysis showed 
that 10 candidate genes were up-/down-regulated in 
response to the disparate environmental factors, (3) the 
environmental conditions may have influenced the hap-
lotype effects of 33 genes, and (4) the environmental 
conditions resulted in alterations to the gene network, 
with 6 candidate genes acting as hubs. Moreover, over-
dominant effects may be a crucial factor in phenotypic 
plasticity.
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