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Abstract 

Background  Cold stress significantly challenges cotton growth and productivity, yet the genetic and molecular 
mechanisms underlying cold tolerance remain poorly understood.

Results  We employed RNA-seq and iterative weighted gene co-expression network analysis (WGCNA) to investi-
gate gene and transposable element (TE) expression changes at six cold stress time points (0 h, 2 h, 4 h, 6 h, 12 h, 24 
h). Thousands of differentially expressed genes (DEGs) were identified, exhibiting time-specific patterns that high-
light a phase-dependent transcriptional response. While the A and D subgenomes contributed comparably to DEG 
numbers, numerous homeologous gene pairs showed differential expression, indicating regulatory divergence. 
Iterative WGCNA uncovered 125 gene co-expression modules, with some enriched in specific chromosomes or chro-
mosomal regions, suggesting localized regulatory hotspots for cold stress response. Notably, transcription factors, 
including MYB73, ERF017, MYB30, and OBP1, emerged as central regulators within these modules. Analysis of 11 plant 
hormone-related genes revealed dynamic expression, with ethylene (ETH) and cytokinins (CK) playing significant roles 
in stress-responsive pathways. Furthermore, we documented over 15,000 expressed TEs, with differentially expressed 
TEs forming five distinct clusters. TE families, such as LTR/Copia, demonstrated significant enrichment in these expres-
sion clusters, suggesting their potential role as modulators of gene expression under cold stress.

Conclusions  These findings provide valuable insights into the complex regulatory networks underlying cold stress 
response in cotton, highlighting key molecular components involved in cold stress regulation. This study provides 
potential genetic targets for breeding strategies aimed at enhancing cold tolerance in cotton.
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Background
As sessile organisms, plants must continuously adapt 
to environmental fluctuations, with cold stress is one of 
the most detrimental factors, especially as temperature 
extremes become more frequent due to climate change 
[1, 2]. Cold stress disrupts cellular homeostasis, causing 
membrane instability, oxidative damage, and impaired 
physiological processes [3–5]. Cotton (Gossypium spp.), 
a thermophilic crop native to tropical and subtropical 
regions, is particularly vulnerable to cold stress. Opti-
mal growth occurs between 20-30°C, while exposure to 
temperatures below 15°C during critical stages, such as 
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germination, flowering, and boll formation, can result in 
developmental delays, reduced fiber quality, and substan-
tial yield losses [6–8]. Given the increasing unpredictabil-
ity of weather patterns, understanding the physiological 
and molecular mechanisms underlying cotton cold stress 
response is essential for improving its resilience.

Plants have evolved intricate molecular pathways to 
mitigate the adverse effects of cold stress. Among these, 
the ICE-CBF-COR transcriptional cascade is one of the 
most extensively studied and is critical for cold response 
in plant species [9–11]. ICE1 (Inducer of CBF Expression 
1) functions as an upstream regulator, activating CBF 
(C-repeat binding factors), a subclass of AP2/ERF fam-
ily proteins. CBFs, in turn, bind to CRT/DRE elements 
in the promoters of cold-responsive (COR) genes, trig-
gering the expression of genes that enhance cold toler-
ance. Overexpression of CBF genes has been shown to 
significantly enhance cold tolerance in important crops, 
including Brassica napus [12], potato [13], and rice [14, 
15]. However, the cold stress response extends beyond 
the CBF pathway. Other transcription factors, such as 
ERF105, MYB4, and ZAT12, as well as hormone sign-
aling pathways, play crucial roles in modulating plant 
response to cold stress [9, 16–19]. The integration of 
these diverse pathways highlights the complexity of cold 
tolerance mechanisms, enabling plants to balance growth 
and stress resilience.

While quantitative trait loci (QTL) mapping and 
genome-wide association studies (GWAS) have identi-
fied numerous genes associated with cold tolerance [3, 
20–22], pinpointing specific resistance genes for com-
plex traits like cold tolerance remains a challenge. RNA 
sequencing (RNA-seq) has emerged as a powerful tool 
for elucidating cold-responsive gene expression and 
unraveling the molecular mechanisms underlying cold 
tolerance across diverse plant species and developmental 
stages [23–26]. Recent advances in RNA-seq, when com-
bined with weighted gene co-expression network analysis 
(WGCNA), have provided deeper insights into cold stress 
response in plant species [27–30]. WGCNA clusters 
genes with similar expression profiles into modules, ena-
bling the detection of co-regulated gene patterns and the 
identification of key regulatory genes and their interac-
tions in stress response networks. This method has been 
instrumental in identifying gene modules associated with 
cold stress and other environmental stressors. For exam-
ple, in Arabidopsis, WGCNA has identified specific gene 
modules related to cold stress response, highlighting the 
role of certain transcription factors and signal transduc-
tion pathways [31, 32]. Despite these advancements, the 
comprehensive gene networks and specific regulatory 
pathways involved in cotton cold stress response remain 
insufficiently understood.

Transposable elements (TEs), which constitute a 
substantial portion of eukaryotic genomes, have been 
increasingly recognized for their involvement in stress 
responses. Under environmental stress conditions, TEs 
can become activated and mobilized within the genome, 
potentially altering the expression of nearby genes [33–
35]. This mobilization often leads to the insertion of 
TEs near or within gene regulatory regions, where they 
can influence gene expression by creating new promot-
ers or modifying chromatin structure, thereby activat-
ing or repressing stress-responsive genes [35–37]. Such 
changes in the genomic regulatory landscape can have 
profound effects on plant response to stress. Recent stud-
ies in Arabidopsis, maize, and other plants have high-
lighted the role of TEs in mediating responses to abiotic 
stresses [37–39]. These findings suggest that TEs not only 
contribute to genome plasticity but may also serve as key 
regulatory elements that enhance stress resilience. How-
ever, the specific roles of TEs in cold stress responses 
remain less understood, particularly in species like cot-
ton. Given the significant number of TEs in the cotton 
genome, their activation under cold stress may play a piv-
otal role in regulating genes associated with cold toler-
ance, yet this area remains largely unexplored.

Here, we conducted a comprehensive analysis of the 
molecular mechanisms underlying cold stress response 
in cotton by integrating RNA-seq and iterative WGCNA. 
By identifying differentially expressed genes (DEGs) 
across multiple time points (2 h, 4 h, 6 h, 12 h, 24 h of 
cold stress), we characterized the temporal dynamics of 
gene expression during cold stress. Through the con-
struction of co-expression networks, we identified gene 
modules and key hub genes that may play a role in cold 
stress regulation. Notably, we uncovered the dynamic 
expression patterns of TEs, suggesting their potential 
regulatory roles in cold stress response. Collectively, 
our findings provide valuable insights into the regula-
tory mechanisms of cold stress response and offer useful 
information for breeding strategies to enhance cold toler-
ance in cotton.

Results
Transcriptional dynamics of cotton under cold stress
To investigate the transcriptional response of cotton 
to cold stress, we performed RNA-seq experiments on 
the leaves of G. hirsutum at six different time points, 
including 0 h (control), 2 h, 4 h, 6 h, 12 h, and 24 h 
under cold stress. These time points were selected to 
represent key stages in the cold stress response and 
capture transcriptional changes associated with the 
stress [26, 40–42]. A total of 509.3 million read pairs 
were obtained, with an average of 28.3 million read 
pairs per sample (Table  S1). The biological replicates 
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showed high correlation (Pearson correlation coef-
ficient > 0.95) and clustered together (Figure  1A, Fig-
ure S1), demonstrating the robustness and reliability of 
the data.

We identified differentially expressed genes (DEGs) 
by comparing the cold stress samples to the control (0 
h sample). A total of 3,818-16,730 genes showed differ-
ential expression (log2(Fold Change) > 1 and adjusted 
p-value < 0.05) (Figure  1B). The number of DEGs 
increased with prolonged cold stress exposure, indicating 
a trend toward progressive transcriptional reprogram-
ming in response to cold stress. Comparative analysis of 
these DEGs revealed that 9.59% (989/10,318) of the up-
regulated genes maintained their expression across all 
five cold stress time points, while nearly half (47.32%, 
4,882/10,318) were time-point-specific (Figure 1C). Simi-
larly, 4.36% (483/11,072) of the down-regulated genes 
remained consistently down-regulated across all time 
points, and approximately 49.24% (5,452/11,072) were 
specific to individual time points (Figure 1C). This find-
ing indicates the high temporal specificity of the tran-
scriptional response to cold stress in cotton.

To validate the RNA-seq results, we performed quan-
titative real-time PCR (qRT-PCR) experiments on 
twelve randomly selected DEGs, confirming the RNA-
seq findings and supporting the reliability of our data 
(Figure S2). We then performed GO and KEGG enrich-
ment analyses to elucidate the functional implica-
tions of these DEGs (Figure 1D, Figure S3). The results 
revealed that these genes were involved in processes 
such as response to hydrogen peroxide, regulation of 
ethylene−activated signaling pathway, jasmonic acid 
mediated signaling pathway, abscisic acid metabolic 
process, and thiamine metabolism, which are crucial for 
plant cold stress response [43–47]. Notably, genes with 
sustained responses and those with time-point-specific 
responses were implicated in different biological pro-
cesses (Figure S3B). For example, GH_A13G1789, a cot-
ton homolog of the Arabidopsis gene NCED3, encodes 
9-cis-epoxycarotenoid dioxygenase, consistently 
showed up-regulation at all five cold stress time points 
(Figure 1E). NCED3 is associated with carotenoid bio-
synthesis and contributes to cold stress tolerance in 
plants [48–50]. In contrast, GH_A12G2924, a cotton 
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homolog of the Arabidopsis gene CAM5, encodes a 
calmodulin involved in environmental adaptation [51–
53], showed specific up-regulation at 12 h (Figure 1E). 
These results highlight the dynamic transcriptional 
response of cotton to cold stress, where both sustained 
and time-specific gene expression changes are impli-
cated in stress tolerance.

Differential subgenome responses to cold stress
As an allotetraploid species, G. hirsutum contains two 
distinct subgenomes, A and D. To investigate whether 
there are subgenomic biases in the transcriptional 
response to cold stress, we first examined the number of 
DEGs in each subgenome (Figure 2A). No significant dif-
ference was observed between the A and D subgenomes, 
suggesting that both subgenomes contribute similarly 
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to the overall cold stress response. Next, we focused on 
homeologous gene pairs to explore potential subge-
nome-biased transcriptional regulation. Using recipro-
cal BLASTP searches, we identified 26,230 homeologous 
gene pairs between the A and D subgenomes. Among 
these, 2,386-9,218 pairs contained DEGs (Figure  2B). 
Notably, when comparing the fold change ratio between 
A-homeologues and D-homeologues, we found that a 
substantial proportion of homeologous gene pairs with 
DEGs (33.07%-44.41%) exhibited differential responses to 
cold stress, with a fold change ratio greater than 2 (Fig-
ure 2C). This indicates that both subgenomes are actively 
involved in the response to cold stress, but they display 
differential expression patterns.

To further characterize these differential responses, 
we classified the differentially responding homeolo-
gous gene pairs into five distinct categories (Figure 2C): 
(1) A-homeologues dominant, where A-homeologues 
showed a greater magnitude of upregulation or downreg-
ulation compared to D-homeologues; (2) D-homeologues 
dominant, where D-homeologues exhibited a stronger 
transcriptional response; (3) static A-homeologues with 
responsive D-homeologues; (4) static D-homeologues 
with responsive A-homeologues; and (5) discordant 
responses, where A and D homeologues responded 
oppositely to cold stress. The most prevalent categories 
were static A-homeologues with responsive D-homeo-
logues (369-1,483 pairs) and static D-homeologues with 
responsive A-homeologues (337-1,396 pairs), while the 
discordant responses were the least frequent (4-72 pairs) 
(Figure  2C). The predominance of static homeologues 
with responsive counterparts suggests that the A and D 
subgenomes may have evolved complementary roles in 
cold stress response. The rarity of discordant responses 
underscores the coordination between subgenomes. Fur-
thermore, GO and KEGG enrichment analyses revealed 
that differentially responding homeologues and non-
differentially responding homeologues are involved in 
distinct biological processes (Figure  2D, Figure  S4). For 
example, the former were linked to processes such as 
cellular response to reactive oxygen species, cellular 
response to reactive nitrogen species, cellular response 
to nitric oxide, and thiamine metabolism. In contrast, the 
latter were enriched in processes such as negative regula-
tion of signaling, negative regulation of signal transduc-
tion, and negative regulation of cell communication.

We also identified 3,997 subgenome-unique genes 
(1,951 in the A subgenome and 2,046 in the D subge-
nome). Among these, 155-617 genes were differentially 
expressed under cold stress (Figure 2E). The absence of a 
significant numerical bias between A and D subgenome-
specific DEGs further supports the idea that both sub-
genomes contribute equally to the cold stress response, 

albeit through different gene sets and mechanisms. These 
findings highlight the coordinated subgenome-specific 
transcriptional regulation in cotton during cold stress 
response.

Distinct gene co‑expression modules in cotton response 
to cold stress
To gain a deeper molecular understanding of the tran-
scriptome changes and uncover patterns of gene expres-
sion during cold stress, we employed iterative Weighted 
Gene Co-expression Network Analysis (WGCNA) to 
construct gene co-expression networks from the RNA-
seq datasets. This iterative approach provided more 
refined clustering compared to standard WGCNA [54], 
enabling us to partition 83.79% (17,492/20,877) of the 
DEGs into 125 distinct modules. These modules varied 
in size, ranging from 27 to 2,429 genes, and exhibited 
distinct expression patterns in response to cold stress 
(Figure  3A, Figure  S5, Table  S2). For example, module 
M5 comprises genes that are highly expressed under nor-
mal conditions but undergo rapid downregulation fol-
lowing cold exposure, maintaining low expression levels 
throughout the stress period. This suggests that these 
genes may be involved in processes that are suppressed 
under cold stress conditions. In contrast, module M30 
contains genes that are weakly expressed in the absence 
of stress but are activated upon cold stress, suggesting 
their involvement in cold-induced pathways. Similarly, 
module M1 is enriched with genes that are specifically 
activated at the 24 h cold stress time point, suggest-
ing their role in later stages of the cold stress response. 
Modules M18 and M86 are characterized by genes that 
are uniquely upregulated at the 2 h and 4 h time points, 
respectively, suggesting that these modules may repre-
sent early response genes. The distinct expression pat-
terns observed across the modules highlight the dynamic 
and time-specific nature of the transcriptional repro-
gramming in cotton under cold stress.

Next, to obtain a biologically oriented description of 
each module, we performed GO and KEGG enrichment 
analyses. Among the 125 identified modules, 68 showed 
significant enrichment for specific GO terms, and 45 for 
KEGG pathways (adjusted p-value < 0.05) (Figure  3B, 
Table S3). For example, module M5 showed the most sig-
nificant enrichment for GO terms related to the jasmonic 
acid-mediated signaling pathway, suggesting that these 
genes may be involved in modulating the plant response 
to stress through hormone signaling. In contrast, module 
M30 was most significantly enriched for GO terms asso-
ciated with the response to zinc ion, suggesting a poten-
tial role in metal ion homeostasis or signaling during 
cold stress. Module M1 was most enriched for GO terms 
related to the response to chitin, suggesting its potential 
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involvement in defense-related processes that may 
become critical during prolonged cold stress. Similarly, 
module M18 was most enriched for GO terms related 
to protein folding, indicating its role in maintaining pro-
tein stability and function under initial stress conditions. 
Module M86, enriched for GO terms associated with 
the response to red or far-red light, suggests a poten-
tial interaction between cold stress responses and light 
signaling pathways, which may be crucial for optimizing 
energy use and growth under stress conditions. Together, 
these findings highlight the intricate regulatory networks 
potentially employed by cotton in response to cold stress.

Chromosomal distribution of gene co‑expression modules
To systematically assess whether any modules were over-
represented on specific chromosomes, we performed 
a binomial test for each module on each chromosome. 
This analysis identified 18 modules with significant 
enrichment on particular chromosomes (p-value < 0.01) 
(Figure  4A). For example, module M1 showed notable 
over-representation of genes located on chromosomes 
A05 and D05, suggesting that these chromosomes dis-
proportionately contribute to the gene content of this 
module. Similarly, module M4, which includes genes 
involved in the early cold response (Figure S5), displayed 
significant enrichment on chromosome D07. Notably, 

chromosomes A13, D02, D05, D07, and D12 were recur-
rently enriched across multiple modules, suggesting that 
these chromosomes might be involved in coordinated 
transcriptional programs that could be important for the 
stress responses. The observed diversity in the degree of 
enrichment across different modules and chromosomes 
underscores the complexity and heterogeneity of the 
transcriptional response, with each chromosomes con-
tributing differently to the gene co-expression landscape.

We sought to determine whether genes within these 
chromosome-biased modules were clustered in specific 
chromosomal regions or dispersed across the chromo-
some. To this end, each chromosome was divided into 
500 kb windows with a 100 kb step, and a binomial test 
was performed for each module within each window. This 
analysis found that 14 out of the 18 chromosome-biased 
modules exhibited a non-random distribution of genes 
across the chromosomes (p-value < 0.01) (Figure  4B, 
Figure S6). For example, in module M1, significant gene 
clustering was observed in nine windows on chromo-
some A05 and eight windows on chromosome D05. 
Further examination of these clustered regions revealed 
their functional significance. For example, the 21.7-22.2 
Mb window on chromosome A05 contains eight genes 
from module M1 (Figure 4C), including GH_A05G2275, 
which encodes the calcium transporter protein ANN1, 
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known for its role in cold stress tolerance in Arabidopsis 
by regulating Ca2+ signals after cold shock [55, 56]. Addi-
tionally, GH_A05G2252 and GH_A05G2253 encode the 
EXORDIUM protein, which is involved in the cold stress 
response in maize [57]. GH_A05G2247 encodes the 
FBW2 protein, a key player in ABA signaling [58]. ABA 
is known to regulate the plant cold response by modu-
lating various stress pathways [59, 60]. These findings 
suggest that these regions might represent hotspots of 
co-regulated genes, highlighting the potential existence 
of localized regulatory networks operating within spe-
cific chromosomal regions.

Transcription factor regulation in gene co‑expression 
modules
Given the pivotal role of transcription factors (TFs) in 
regulating gene expression [61, 62], we sought to iden-
tify TF genes within each gene co-expression module. 
This analysis identified that 123 out of the 125 modules 
contained TF genes (except for modules M94 and M125), 

with the proportion of TFs ranging from 1.30% to 24.14% 
(Figure  S7), suggesting the widespread involvement of 
TFs in these gene networks. Notably, individual mod-
ules often contained multiple TF families (Figure  5A), 
suggesting potential coordinated regulatory interactions 
among these families. Comparative analysis between 
modules showed that the ERF family was the most 
prevalent, found in 65 modules, followed closely by the 
bHLH and MYB families, present in 57 and 56 modules, 
respectively (Figure 5A, Figure S8). This widespread dis-
tribution highlights the potential diverse regulatory roles 
of these three TF families. Further enrichment analysis, 
employing the hypergeometric test to compare TF family 
distributions within modules to the genomic background, 
revealed distinct patterns of TF family enrichment 
across modules (p-value < 0.01) (Figure  5A). For exam-
ple, module M5 showed significant enrichment for the 
C3H, CO-like, LBD, and MYB TF families. In contrast, 
module M14 was predominantly enriched for ERF and 
NAC TF families, while module M18 exhibited exclusive 
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enrichment for the Trihelix TF family. These findings 
suggest that specific TF families might be preferentially 
involved in regulating distinct gene modules, reflecting 
the complexity and specificity of transcriptional regula-
tion under cold stress conditions in cotton.

To further investigate the master regulators within each 
module, we performed FIMO analysis to predict the reg-
ulatory relationships between TFs and their target genes 
[63]. This analysis focused on the promoter regions (1 kb 
upstream of the transcription start site) of genes within 
each module. TFs were predicted to regulate a gene if 
their binding motifs were present in the gene’s promoter 
region. The TF with the highest number of target genes 
in each module was designated as the hub TF, leading to 
the identification of 77 hub TFs across the modules (Fig-
ure 5B). For example, in module M1, 91.89% (2232/2429) 
of gene promoters contained the DOF1 binding motif, 
identifying DOF1 as a critical regulator of this module. 
Similarly, in module M2, 87.25% (1006/1153) of gene pro-
moters contained the OBP3 binding motif, and in module 
M3, 88.89% (824/927) contained the TCX2 binding motif. 
These findings suggest that these TFs may play significant 

roles in regulating their respective gene networks. Nota-
bly, some TFs were involved in multiple modules (Fig-
ure  5B, Figure  S9). Among these, MYB73 was the most 
prevalent, with homologous genes found in 11 different 
modules, serving as the regulator in each, followed by 
ERF017, MYB30, and OBP1, each regulating genes in six 
modules. We constructed a regulatory network for these 
four TFs and assessed their connectivity degree within 
the network, which ranged from 379 to 2836 (Figure 5C). 
This widespread involvement highlights the importance 
of these TFs in the transcriptional response to cold stress, 
potentially orchestrating gene expression across multiple 
co-expression modules.

Differential expression of hormone‑related genes in cotton 
under cold stress
Previous studies in Arabidopsis have highlighted the key 
roles of plant hormones such as salicylic acid (SA), ethyl-
ene (ETH), jasmonic acid (JA), and strigolactones (SLs) 
in mediating plant responses to cold stress [64–66]. To 
investigate the involvement of hormone-related genes in 
cotton during cold stress, we examined the differential 
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expression of genes associated with 11 plant hormones, 
including SA, ETH, JA, SLs, auxin (AUX), cytokinin 
(CK), abscisic acid (ABA), gibberellin (GA), brassinoster-
oids (BRs), melatonin (MT), and polypeptide (PEP) hor-
mones. These genes were identified using lists from the 
Plant Hormone Gene Database (PHGD) [67]. We found 
that a substantial proportion of hormone-related genes 
exhibit differential expression during cold stress, with the 
percentages ranging from 4.82% to 39.39% (Figure  6A, 
Figure S10). The progressive increase in DEGs over time 
corresponds with the overall genomic trend of increasing 
gene expression changes under cold stress (Figure  1B). 
Notably, the proportion of DEGs varied significantly 
among different hormones, with the highest propor-
tions observed for ETH and CK (Figure 6A). Importantly, 
the number of upregulated genes in ETH and CK sig-
nificantly exceeded the number of downregulated genes, 
suggesting that these two hormones might play a promi-
nent role in orchestrating the activation of key stress-
responsive pathways in cotton. In contrast, hormones 
such as PEP and SLs exhibited a moderate response, with 
consistently lower proportions of DEGs throughout the 
cold stress exposure, suggesting a potentially limited 
role in the cold stress response. Interestingly, no DEGs 
were observed for MT at 2 h of cold exposure, but DEGs 
emerged at 4 h and beyond (Figure  S10), suggesting a 
delayed response of MT-related genes to cold stress.

To further understand the hormonal regulation under-
lying cotton response to cold stress, we examined the 
expression patterns of hormone-related genes catego-
rized by their roles in metabolism, signaling, synthesis, 
transport, and receptor activity. Distinct expression pat-
terns were observed among hormone-related genes (Fig-
ure  6B, Figure  S11). For example, in CK-related genes, 

receptor genes were downregulated under cold stress, 
while signaling genes were upregulated, particularly 
at the 24 h of exposure. In contrast, ETH receptor and 
signaling genes both exhibited upregulation under cold 
stress. JA synthesis genes were specifically upregulated at 
24 h of cold exposure, whereas AUX synthesis genes were 
suppressed at the same time point (Figure  S11). ABA 
transport genes showed high expression under normal 
conditions but were inhibited by cold stress, while ETH 
transport genes exhibited low expression in the absence 
of stress. Together, these findings highlight the complex-
ity and dynamism of the hormonal network in the cold 
stress response.

Dynamic TE expression in cotton during cold stress
As transposable elements (TEs) are highly responsive 
to environmental changes [68, 69], we investigated their 
expression during cold stress in cotton. To evaluate TE 
expression, we employed the Telescope tool [70], which 
enabled us to analyze individual TE loci by quantify-
ing the reads mapping to these loci. Given the pervasive 
nature of TEs throughout the genome and their potential 
integration into gene transcripts, distinguishing whether 
a TE-mapping read is derived from a gene or a TE may 
present challenges. To address this, we categorized TEs 
based on their positional relationship to genes, focusing 
on reads that mapped to TEs without overlapping genes 
for further analysis. This approach revealed that 15,352 
TEs were expressed (with TE-mapping read >10) in at 
least one sample, suggesting the significant involvement 
of TEs in the transcriptional response to cold stress in 
cotton.

We next conducted differential expression analysis to 
identify TEs that are transcriptionally regulated during 
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cold stress in cotton. By comparing cold stress samples to 
control samples, we observed that 1,421-7,075 TEs exhib-
ited differential expression (log2(Fold Change) > 1 and 
adjusted p-value < 0.05) (Figure  7A). qRT-PCR experi-
ments on eight randomly selected differentially expressed 
TEs confirmed the RNA-seq findings (Figure S12). Nota-
bly, the number of differentially expressed TEs increased 
with prolonged cold stress exposure, with a greater prev-
alence of up-regulated TEs compared to down-regulated 

ones. Further analysis revealed that 10.39% (512/4,928) 
of the up-regulated TEs maintained elevated expression 
across all five cold stress time points, while nearly one-
third (31.96%, 1,575/4,928) exhibited time-point-specific 
up-regulation (Figure  7B). Similarly, 6.96% (250/3,592) 
of the down-regulated TEs remained consistently down-
regulated across all time points, with approximately 
42.34% (1,521/3,592) showing time-point-specific down-
regulation. To further elucidate their response patterns, 
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we performed a clustering analysis of TE expression pro-
files, which identified five distinct temporal expression 
patterns (Figure  7C). Specifically, Cluster 1 (1,506 TEs, 
17.77%) exhibited significant up-regulation starting at 12 
h of cold stress. Cluster 2 (679 TEs, 8.01%) was notably 
activated at 4 h but subsequently suppressed. Cluster 3 
(2,853 TEs, 33.67%) remained inactive until being acti-
vated at 24 h of cold stress. Cluster 4 (1,988 TEs, 23.46%) 
was expressed under normal conditions but was immedi-
ately suppressed upon cold stress exposure. In contrast, 
Cluster 5 (1,447 TEs, 17.08%) showed expression under 
normal conditions that progressively suppressed with 
increasing cold stress duration. These findings suggest 
that TE expression is tightly regulated in a time-depend-
ent manner during the cotton cold stress response.

TEs are typically classified into two major classes: ret-
rotransposons (Class I) and DNA transposons (Class II), 
each comprising various families. To uncover the roles of 
different TE families during cold stress, we performed an 
enrichment analysis to detect over- or under-represented 
TE families within each expression cluster (Fisher’s exact 
test). Distinct enrichment patterns were observed across 
the clusters (Figure  7D). For example, the retrotranspo-
son LTR/Copia family was significantly enriched in all 
five clusters (p-value < 0.01), suggesting its extensive 
involvement in the cold stress response. LINE elements 
were enriched in four clusters (excluding Cluster 2), with 
varying degrees of enrichment as reflected by odds ratio 
values. In contrast, the LTR/Gypsy family was conspicu-
ously absent in Clusters 1, 2, and 3, suggesting its limited 
role in the later stages of the cold stress response. Among 
DNA transposons, the DNA/DTA family was consist-
ently enriched across all five clusters, whereas the DNA/
DTT family showed no significant enrichment in any of 
the clusters. Notably, the dynamic expression patterns of 
differentially expressed TEs and their closest neighboring 
genes exhibited a moderate positive correlation (mean 
Pearson correlation coefficients ranging from 0.153 to 
0.430) (Figure  S13), suggesting a potential regulatory 
relationship between TEs and adjacent genes under cold 
stress. Together, these results suggest that different TE 
families may play distinct roles in cotton response to cold 
stress.

Discussion
Cold stress presents a significant challenge to cotton, 
adversely affecting its growth and productivity. Despite 
extensiveresearch into cold tolerance mechanisms, 
a comprehensive understanding of the genetic and 
molecular networks that govern cold tolerance in cot-
ton remains limited. Previous studies have identified sev-
eral transcription factors and pathways involved in cold 
responses in plant species, but the specific regulators and 

gene networks in cotton are not fully characterized. Fur-
thermore, while transposable elements (TEs) are increas-
ingly recognized for their role in environmental stress 
adaptation, their contribution to cold tolerance in cotton 
remains largely unexplored. In this study, using RNA-seq 
and iterative WGCNA, we captured the dynamic changes 
in gene and TE expression across multiple time points 
during cold stress. This approach allowed us to unveil 
intricate regulatory networks crucial for cotton response 
to cold stress.

We identified thousands of differentially expressed 
genes (DEGs) across multiple cold stress time points, 
with a significant proportion showing time-specific 
expression patterns (Figure  1C). This temporal specific-
ity suggests that cotton employs a finely tuned, phase-
dependent transcriptional response to cold stress, similar 
to observations in Arabidopsis and rice. In these species, 
distinct waves of gene expression are triggered at dif-
ferent stages of cold exposure, coordinating immediate 
stress perception with later tolerance [71–74]. Impor-
tantly, our findings highlight the differential contribution 
of the A and D subgenomes to the cold stress response 
in G. hirsutum (Figure  2). While the overall number of 
DEGs was comparable between the two subgenomes, 
33.07%-44.41% of homeologous gene pairs with DEGs 
exhibited subgenome-biased expression patterns, sug-
gesting that the A and D subgenomes respond differen-
tially to cold stress. This observation is consistent with 
reports from other polyploid crops, such as wheat and 
Brassica napus, where subgenomes exhibit distinct tran-
scriptional responses to environmental stress [75–77]. 
Notably, the observation that one homeologue remains 
relatively static while the other exhibits dynamic respon-
siveness to stress is widespread (Figure  2C), suggest-
ing a divergence in homologous gene regulation. This 
divergence likely reflects a strategic division of labor 
between subgenomes. Indeed, such regulatory diver-
gence has been well documented in polyploid species 
[78–80], indicating that this separation of roles may con-
tribute to enhanced adaptability and resilience under 
stress conditions. Furthermore, we identified 3,997 genes 
unique to the subgenome, with no significant numerical 
bias between A and D subgenome-specific differentially 
expressed genes (Figure  2E). These subgenome-specific 
genes likely participate in specialized regulatory path-
ways that complement the stress responses mediated by 
homeologous genes. This dual strategy, integrating both 
homeologous and subgenome-specific genes, likely con-
tributes to the evolutionary advantage of polyploidy, 
enhancing the plant capacity for stress tolerance.

Compared to traditional WGCNA, iterative WGCNA 
enabled us to identify more functionally cohesive 
modules [54], offering a more nuanced view of the 
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transcriptional response to cold stress. This method 
revealed distinct temporal dynamics in gene expres-
sion, reflecting plant adaptive strategies at various stages 
of stress exposure. In total, we identified 125 modules, 
each representing specific aspects of the stress response 
(Figure  3A, Figure  S5). The clustering of early-response 
genes into specific modules, such as M18 and M86, indi-
cates a rapid transcriptional shift shortly after cold expo-
sure. These modules are enriched with genes involved 
in protein folding, sesquiterpene metabolism, and light 
responses, which have been implicated in cold stress 
responses [81–84]. These genes likely serve as key regu-
lators, orchestrating the initial activation of cold-respon-
sive pathways and preparing the plant for subsequent 
stress responses. In contrast, modules active at later time 
points, such as M1, which is enriched in genes active at 
24 h of cold stress, are involved in processes such as the 
response to chitin (Figure  3). The activation of chitin-
responsive pathways suggests cross-talk between abiotic 
and biotic stress responses, as chitin-related signaling is 
typically associated with pathogen defense but may also 
play a role in cold stress tolerance [85–87]. Interestingly, 
our analysis identified significant enrichment of some 
modules on specific chromosomes or chromosomal 
regions. For example, module M1 was notably over-
represented on chromosomes A05 and D05 (Figure 4A), 
suggesting that these chromosomes play a crucial role in 
stress response . Additionally, the non-random distribu-
tion of modules, particularly their clustering in specific 
chromosomal regions (Figure  4B), points to the pres-
ence of localized regulatory networks. Such clustering of 
stress-responsive genes likely reflects their co-regulation, 
enhancing their ability to respond efficiently to environ-
mental stresses [88].

A recent study on cotton cold stress response reports 
the physiological responses and transcriptomic changes 
in cotton leaves under varying cold stress temperatures 
(15°C, 10°C, and 4°C) over 24 hours, highlighting the role 
of transcription factors such as GhPLATZ, which acts as 
a positive regulator of cold tolerance in cotton [89]. Our 
analysis similarly highlights the significant role of tran-
scription factors (TFs) in regulating gene co-expression 
modules associated with cold stress in cotton. TF families 
such as ERF, bHLH, and MYB are notably represented 
within these modules (Figure  5A). This prominence is 
consistent with their established roles in stress responses, 
including cold stress, where they regulate various aspects 
of stress tolerance by modulating the expression of down-
stream genes [2, 90, 91]. Moreover, the identification of 
hub TFs within each gene co-expression module further 
clarifies the key regulatory nodes driving these networks. 
For example, DOF1 in module M1, OBP3 in module M2, 
and TCX2 in module M3 were pinpointed as central 

regulators due to the presence of their binding motifs 
in the majority of gene promoters within these modules 
(Figure  5B). This suggests that these TFs are critical in 
orchestrating gene expression during cold stress, serving 
as pivotal nodes within their respective networks. Nota-
bly, the extensive involvement of TFs such as MYB73, 
ERF017, MYB30, and OBP1 across multiple modules 
indicates their multifaceted functions (Figure  5B), coor-
dinating diverse stress response pathways and contribut-
ing to a robust regulatory framework for managing cold 
stress. Indeed, previous studies have demonstrated the 
involvement of several of these TFs, including DOF1, 
MYB73, and MYB30, in cold stress responses in plant 
species. For example, overexpression of Dof1 in upland 
cotton not only altered seed oil composition but also sig-
nificantly enhanced tolerance to both salt and cold stress 
[92]. MYB73, a CBF-independent first-wave transcription 
factor, is activated during cold acclimation [73, 93], while 
MYB30 has been identified as a key regulator of cuticle 
synthesis in response to cold stress [94, 95].

The dynamic expression of TEs during cold stress in 
cotton reveals an intriguing layer of gene regulation that 
may contribute to stress tolerance. Our results show that 
over 15,000 TEs are expressed in response to cold, with a 
notable increase in the number of differentially expressed 
TEs as stress duration progresses (Figure 7A). This trend, 
particularly the prevalence of upregulated TEs, suggests 
that TEs could serve as important players in shaping the 
transcriptional landscape during stress response, a phe-
nomenon previously reported in other species [96–98]. 
This raises the possibility that TEs act as regulatory ele-
ments or even stress sensors, modulating nearby gene 
expression in response to environmental cues. Such 
a mechanism could be particularly important during 
stress conditions, where rapid shifts in gene expres-
sion are essential for maintaining cellular homeostasis. 
We identified five distinct temporal expression patterns 
of TEs throughout the cold stress response (Figure 7C). 
This temporal stratification suggests that TEs may be 
activated at specific stages of stress, contributing to a 
phase-specific regulatory network. Notably, the enrich-
ment of specific TE families, such as LTR/Copia, across 
distinct clusters underscores their potentially multifac-
eted roles in cotton response to cold stress (Figure 7D). 
LTR/Copia elements are known for their ability to influ-
ence gene expression by providing regulatory sequences 
[99–101]. Their recurrent presence in multiple clusters 
suggests a broader role in initiating or amplifying stress-
responsive transcriptional programs. In contrast, the 
absence of significant enrichment of LTR/Gypsy ele-
ments in these clusters observed during cold stress sug-
gests that these TEs may not play a prominent role in 
the immediate transcriptional adjustments necessary for 
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rapid stress responses (Figure 7D). LTR/Gypsy elements 
are often concentrated in heterochromatic regions, par-
ticularly around centromeres, where they primarily con-
tribute to maintaining genome stability [33, 102]. This 
spatial organization likely limits their involvement in the 
dynamic gene regulation needed during environmental 
stress.

Tissue-specific responses to environmental stress are 
well-documented, with different tissues exhibiting dis-
tinct transcriptional profiles under stress conditions 
[90, 103–105]. Our study focused on leaves, which, due 
to their direct exposure to the external environment, 
are highly sensitive to temperature fluctuations, making 
them ideal for capturing rapid transcriptional changes in 
response to cold stress. Other tissues, such as roots, may 
respond differently under cold stress, given their unique 
physiological roles and relatively insulated environ-
ment within the soil [105, 106]. For example, in Norway 
spruce, a bHLH101-like transcription factor was found 
to be co-expressed with a root-specific subset of genes 
within the gene-regulatory network under cold stress, 
highlighting the importance of tissue-specific responses 
in cold hardiness [106]. Furthermore, recent advance-
ments in single-cell sequencing have revealed substantial 
heterogeneity in stress responses even among different 
cell types within the same tissue [107–109], emphasizing 
the complexity and specificity of stress tolerance mecha-
nisms. Future studies integrating transcriptomic analyses 
across multiple tissues and employing single-cell resolu-
tion approaches will be essential to unravel the compre-
hensive regulatory networks underlying cotton response 
to cold stress.

In summary, our study proposes a potential mechanism 
by which cotton responds and acclimates to cold stress. 
First, cold stress is likely sensed by receptors, leading to 
the activation of signal transduction pathways, as evi-
denced by the upregulation of receptor kinase-related 
genes (Figure S5, Table S3). These pathways may initiate 
cold-responsive signaling cascades. Second, transcrip-
tional regulation appears to play a pivotal role, with sig-
nificant enrichment of transcription factors such as ERF, 
bHLH, and MYB in the co-expression gene modules (Fig-
ure 5A), which may modulate downstream stress-respon-
sive genes to enhance cold tolerance. Third, metabolic 
reprogramming appears to occur, with altered expres-
sion of genes involved in carbon and nitrogen metabo-
lism, including those related to sucrose and amino acid 
metabolism (Table  S3), which may provide energy and 
osmotic protective compounds. Additionally, hormo-
nal signaling pathways, such as abscisic acid, jasmonic 
acid, and ethylene, which are known to be related to cold 
acclimation [9, 110, 111], appear to be differentially regu-
lated under cold stress (Figure 6, Figure S10-S11). These 

findings collectively suggest a comprehensive framework 
of the signaling, transcriptional, metabolic, and hormo-
nal adjustments that may underpin cotton response and 
acclimation to cold stress.

Conclusions
This study presents a comprehensive exploration of the 
molecular mechanisms potentially underlying cold stress 
response in cotton. By integrating RNA-seq with itera-
tive WGCNA, we identified co-expression networks and 
characterized key regulators, including MYB73, ERF017, 
MYB30, and OBP1, which may coordinate multiple 
stress response networks. Furthermore, we observed the 
dynamic expression of TEs during the stress response, 
particularly highlighting the potential contribution of 
LTR/Copia elements in modulating gene expression. 
These findings offer valuable insights into the regula-
tory mechanisms of cold stress response and may inform 
breeding strategies aimed at developing cold-tolerant 
cotton varieties.

Materials and methods
Plant materials and growth conditions
Cotton (G. hirsutum, TM-1) seeds were germinated and 
cultivated in a controlled greenhouse environment (13/11 
h light/dark, 28/26℃ light/dark, 60% humidity). Yan Dai 
and Jinlei Han undertook the formal identification of the 
plant material used in the study, and no voucher speci-
mens were collected. At the three-leaf and one-heart 
stage, seedlings were subjected to cold stress by transfer-
ring them to an incubator set at 4°C for varying durations 
(0 h, 2 h, 4 h, 6 h, 12 h, and 24 h). Leaf tissues were har-
vested at each time point, immediately frozen in liquid 
nitrogen, and stored at -80°C for further analysis.

RNA‑seq and data analysis
Total RNA was extracted from leaf samples (three bio-
logical replicates per time point) using the Omega Plant 
RNA kit (Omega Bio-tek, Cat. no. R6827-01) according 
to the manufacturer’s protocol. RNA-seq libraries were 
prepared using the Illumina TruSeq RNA Kit (NEB, Cat. 
no. E7530) and sequenced on an Illumina NovaSeq 6000 
system, generating 150 bp paired-end reads. Clean reads 
were mapped to the G. hirsutum reference genome (ZJU-
v2.1) using Tophat2 v.2.1.1 [112] with default parameters. 
Genome sequence and annotation files were down-
loaded from CottonGen (https://​www.​cotto​ngen.​org/). 
Gene expression levels were calculated using String-
Tie v.2.1.5 [113] as transcripts per million (TPM). For dif-
ferential expression analysis, read counts per gene were 
determined using FeatureCounts v.2.0.1 [114] and ana-
lyzed with DEseq2 [115], with significant differentially 
expressed genes (DEGs) identified based on an adjusted 

https://www.cottongen.org/
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p-value < 0.05 and |log2(fold change)| > 1. Principal com-
ponent analysis (PCA) was performed using the DESeq2 
plotPCA function. Gene Ontology (GO) and Kyoto Ency-
clopedia of Genes and Genomes (KEGG) enrichment 
analysis was conducted using clusterProfiler [116], with 
significance determined by adjusted p-value < 0.05.

Identification of homeologous gene pairs 
and subgenome‑unique genes
Homeologous gene pairs were identified as previously 
described [117, 118]. Protein sequence from the A 
and D subgenomes were used as queries in reciprocal 
BLAST searches. Gene pairs exhibiting the best recipro-
cal BLAST hits, with criteria of E-value < 1e-5, sequence 
coverage ≥ 50%, and sequence identity ≥ 50%, were clas-
sified as homeologous genes. Conversely, genes with 
little or no sequence similarities between the A and D 
subgenomes (coverage < 50% or identity < 50%) were cat-
egorized as subgenome-unique genes. A total of 26,230 
homeologous gene pairs and 3,997 subgenome-unique 
genes (1,951 A subgenome-unique genes and 2,046 D 
subgenome-unique genes) were identified.

Co‑expression network identification and chromosomal 
enrichment analysis
Co-expression networks were constructed using itera-
tive weighted gene co-expression network analysis 
(WGCNA) (https://​github.​com/​cstoe​ckert/​itera​tiveW​
GCNA) with default parameters. The resulting co-
expression networks, termed modules, were analyzed 
for chromosomal distribution. To identify whether mod-
ule genes were significantly enriched on specific chro-
mosomes, the number of genes within a given module 
located on a specific chromosome was compared to the 
total number of genes on that chromosome across the 
entire genome, using a binomial test (R function: binom.
test). A p-value < 0.01 was considered statistically signifi-
cant for enrichment. Additionally, to evaluate the enrich-
ment of module-associated genes within chromosomal 
regions, each chromosome was divided into 500 kb win-
dows with a 100 kb step, and a binomial test was applied 
to each window using the same statistical method.

Transcription factor identification and enrichment analysis
Transcription factors (TFs) were identified by perform-
ing BLAST searches of cotton protein sequences against 
the PlantTFDB database (http://​plant​tfdb.​gao-​lab.​org/). 
To assess the overrepresentation of TF families within 
specific co-expression modules, we applied a hypergeo-
metric test (R function: phyper). This test compared the 
observed distribution of TF families within each module 
to their expected distribution across the entire genome. 
Enrichment of TF families was considered significant if 

the p-value was less than 0.01, highlighting TF families 
disproportionately associated with specific co-expression 
modules.

Defining predicted binding sites for TFs
TF DNA binding motifs were obtained from PlantTFDB 
database. Potential TF binding sites were determined 
by scanning for these motifs within the regions of inter-
est using FIMO v.5.4.1 [119]. Candidate target genes for 
each TF were determined based on the presence of the 
TF binding motif in their promoter regions, defined as 1 
kb upstream of the transcription start site (TSS).

Quantitative RT‐PCR analysis
RNA was first extracted from the samples and reverse 
transcribed using the StarScript II RT Mix with gDNA 
Remover (Genstar, Cat#A224-10). qRT-PCR was per-
formed with ChamQ SYBR qPCR Master Mix (Vazyme, 
Q3331-02) on a CFX Connect Real-Time PCR Detection 
System (Bio-Rad). The 2−ΔΔCT method was used for nor-
malization and calculation of relative expression levels 
with three replicates. Cotton ubiquitin 14 (UBQ14) was 
used as an internal control. Primer sequences are detailed 
in Table S4.

TE annotation and differential expression analysis
Transposable elements (TEs) in the G. hirsutum genomes 
were annotated using the EDTA v.1.9.6 pipeline [120]. 
The resulting annotation table was parsed and hierarchi-
cally classified into two major classes: retrotransposons 
(including Gypsy, Copia, etc.) and DNA transposons 
(including hAT, CACTA, etc.). For differential expres-
sion analysis, clean reads were mapped to the reference 
genome using STAR v.2.5.2b [121] with the following 
parameters: ‐‐chimSegmentMin 10 ‐‐winAnchorMulti-
mapNmax 200 ‐‐outFilterMultimapNmax 100. The align-
ment files were then sorted and indexed using Samtools 
v1.9 [122]. Read counts for each TE were obtained using 
the Telescope tool [70]. Differential expression analysis of 
TE loci was conducted with DESeq2, applying a thresh-
old of adjusted p-value < 0.05 and |log2(fold change)| 
> 1. TEs with fewer than 10 reads in any sample were 
excluded from the analysis.

TE clustering and enrichment analysis
The normalized count matrix for differentially expressed 
TE loci was standardized using z-score transformation. 
The resulting matrix was then clustered using  k-means 
clustering with the R function kmeans, applying the 
following parameters: iter.max = 500, nstart = 50 and 
algorithm = “Lloyd”. The number of clusters was deter-
mined to be five based on visual inspection. The clustered 
matrix was visualized using a heatmap generated by the R 

https://github.com/cstoeckert/iterativeWGCNA
https://github.com/cstoeckert/iterativeWGCNA
http://planttfdb.gao-lab.org/
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function pheatmap. To assess the enrichment of TE fami-
lies within each cluster, Fisher’s exact test was conducted 
using the R function fisher.test.

Data visualization
For visualization, the filtered, sorted, and indexed BAM 
files were converted to bigwig format using the bamCov-
erage function in deepTools v.3.1.3 [123] with a bin size 
of 10 bp and RPKM normalization. Genome browser 
images were generated using the Integrative Genom-
ics Viewer (IGV) v.2.3.92 with bigwig files processed as 
described above.
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