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Abstract
Cottonseeds are rich in proteins with high nutritional value. In this study, a genome-wide association study involving six
methods was performed to dissect the genetic architecture of the cottonseed protein content (CPC) in Upland cotton
(Gossypium hirsutum L.). The CPC exhibited typical characteristics of a quantitative trait. The six methods revealed 1, 4,
4, 31, 10, and 30 CPC-related quantitative trait nucleotides (QTNs), among which 17 were detected by at least two
methods. Notably, TM40095 on A12 and TM59869 on D06 were detected by three methods, thus being considered
stable QTNs. Five QTN-by-environment interactions (QEIs) and 29 QTN-by-QTN interactions (QQIs) were detected. The
regions flanking the SNPs of two stable QTNs, five QEIs, and four significant QQIs included 49, 174, and 269 candidate
genes, respectively. A functional enrichment analysis indicated that 12 and 48 non-redundant genes related to the two
stable QTNs and five QEIs, respectively, were associated with significantly enriched functions. Moreover, eight protein
(gene)–protein (gene) interactions were predicted. According to RNA-seq expression data, GH_D06G1049 (related to
QTNs) and GH_A06G1663, GH_D13G0601, and GH_A05G0236 (related to QEIs) were preferentially expressed in multi‐
ple ovule tissues, suggesting that they may contribute to seed protein synthesis and accumulation. These findings pro-
vide new clues regarding the genetic basis of CPC and may accelerate the molecular breeding of cotton with ideal
protein content.

Key Words cottonseed protein content (CPC), quantitative trait nucleotide (QTN), QTN-by-environment interaction
(QEI), QTN-by-QTN interaction (QQI), candidate gene.

Introduction

Cottonseeds, which are the seeds of cotton plants, account
for approximately 60% of the weight of seed cotton and are
separated from seed cotton during processing. Cottonseeds
contain a high level of both oil and protein, representing a
crucial source for both edible oil and protein suitable for
human consumption, as well as animal feed (Ji et al. 1985).
The cottonseed cake and meal obtained after the extraction
of oil typically comprise 30%–50% protein, indicative of
their value as a protein resource (Gao et al. 1984). The
quality of cottonseed protein is similar to that of bean pro‐
tein, but its nutritional value is much higher than that of
cereal protein; in terms of the amino acid contents, the
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essential amino acids (except for methionine) meet or ex‐
ceed the standards recommended by the Food and Agri‐
culture Organization of the United Nations and the World
Health Organization (Zhao 2002). The cottonseed protein
content (CPC), which is 3-times greater than the rice, corn,
and wheat protein contents, is rich in various amino acids
(especially lysine) required by humans (Liu et al. 2013).
Therefore, fully exploiting seed protein resources can
increase the economic value of cotton by-products, with
financial benefits to cotton farmers, while also increasing
the efficiency of cotton production.

The cottonseed protein content is a typical quantitative
trait that is difficult to improve via traditional breeding
methods. The use of molecular markers closely linked or
significantly associated with quantitative trait loci (QTLs)
for marker-assisted selection (MAS) can substantially in‐
crease breeding efficiency. Two principal methods for QTL
identification, namely linkage mapping and association
mapping, have been extensively applied to detect QTLs im‐
portant cotton phenotypes, including yield and its compo‐
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nents (Li et al. 2008, Wang et al. 2019), fibre quality (Li et
al. 2018a, Shen et al. 2005), early maturity (Li et al. 2013a,
2018b), disease resistance (Mei et al. 2014, Zhao et al.
2014), plant architecture (Li et al. 2016, Song and Zhang
2009), and salt resistance (Saeed et al. 2014). Nevertheless,
there are relatively few reports on the genetic mechanism
underlying the CPC. On the basis of linkage mapping, Song
and Zhang (2007) identified the QTL for CPC on chromo‐
some 23 using a BC1S1 population derived from Hai7124
and TM-1. Yu et al. (2012) detected 22 QTLs for CPC on
12 chromosomes in an Upland cotton (Gossypium hirsutum
L.) × Gossypium barbadense backcross inbred line popula‐
tion. Liu et al. (2013) generated 196 Upland cotton recom‐
binant inbred lines (RILs) and detected four QTLs for CPC
on chromosomes 4, 6, and 21. Liu et al. (2015) updated a
high-density Upland cotton genetic map using RILs and
identified 13 QTLs for CPC on 13 chromosomes. Wang et
al. (2019) developed a RIL population from a cross be‐
tween Upland cotton Yumian 1 and M11 and then mapped
12 QTLs for CPC on eight chromosomes. To date, there has
been limited research conducted to identify QTL-associated
markers for CPC in cotton via association mapping.
Badigannavar and Myers (2015) detected five marker-trait
associations for CPC based on amplified fragment length
polymorphism markers. Du et al. (2018), Yuan et al. (2018)
and Hu et al. (2022) identified 16, 17 and 27 significant
single nucleotide polymorphisms (SNPs) associated with
CPC through genome-wide association studies (GWASs),
respectively.

High-throughput genotyping platforms have been widely
used for GWAS-based research that has resulted in the
identification of quantitative trait nucleotides (QTNs).
However, in most previous GWAS-based investigations,
only the allelic substitution effects were estimated, which
are functions of additive and dominance effects and allelic
frequency in random-mating populations. In these studies,
the three genotypes (aa, Aa, AA) are typically coded as
(0, 1, 2), (0, a, 2, 0 < a < 2), (–1, 0, 1), and (0, 0.5, 1) (Cho
et al. 2010, Lippert et al. 2011, Segura et al. 2012, Wang
et al. 2016, Wen et al. 2018, Zhou et al. 2013). These
different coding strategies lead to different outcomes (Li
et al. 2022). Furthermore, except for the multi-locus mixed
model described by Segura et al. (2012), GWAS methods
do not allow for the unbiased estimation of the additive and
dominance effects of QTNs. Although several approaches
and models have been used to detect QTN-by-environment
interactions (QEIs) (Casale et al. 2017, Huang and Hu
2015, Korte et al. 2012, Moore et al. 2019, Robinson et al.
2017), the methods that were used are still imperfect for
estimating additive and dominance effects or the effects
of additive-by-environment and dominance-by-environment
interactions. Epistasis is important for the genetic dissec‐
tion of quantitative traits. Zhang et al. (2015a) and Wang et
al. (2020) revealed QTN-by-QTN interactions (QQIs), but
the polygenic backgrounds were either not detected or were
relatively simple. Moreover, their methods are unfeasible

because of the excessive number of markers as reported by
Ning et al. (2018). Recently, Li et al. (2022) combined a
three-variance component model with a multilocus random
SNP-effect linear model, creating a novel methodological
framework known as the 3VmrMLM, which stands for
compressed and unified three-variance component mixed
linear model. This framework and its associated methods
(modules) can be used to detect all types of loci, with the
effects of the identified loci estimated via GWAS without
any biases. To date, 3VmrMLM has been widely applied
for genetic analyses of various crops, including diploid rice
(Zhao et al. 2023) and maize (Wen et al. 2023), allo‐
tetraploid Brassica napus (Han et al. 2022) and Upland
cotton (Han et al. 2023), and hexaploid wheat (Wei et al.
2022).

In this study, to comprehensively dissect the genetic
architecture of the CPC, several GWAS methods were used
to detect QTNs, while 3VmrMLM methods were used to
detect QEIs and QQIs in an association mapping panel
comprising 152 Upland cotton accessions. In addition, the
functions of the relevant candidate genes were predicted.
The results may be useful for clarifying the complex ge‐
netic architecture of the CPC and promoting the molecular
breeding of cotton with protein-rich seeds.

Materials and Methods

Experimental materials and field design
An assembly of 152 Upland cotton backbone cultivars

and breeding lines, either cultivated within or imported to
China, was chosen for the establishment of an association
mapping panel. Of the accessions, 59 were from the Yellow
River cotton-growing region, 25 were from the Yangtze
River cotton-growing region, 38 were from northwestern
China, 21 were from northern China, and 9 were from
abroad (Supplemental Table 1). All accessions are theo‐
retically homozygous and stable after multi-generation
successive selfing. All these accessions were grown in
northwestern China (Shihezi city, Xinjiang province) in
2019 (2019SHZ) and 2020 (2020SHZ) and in the Yellow
River cotton-growing region (Yuncheng city, Shanxi
province) in 2020 (2020YC). A randomized complete block
design was used, with single-row plots and two repetitions.
Due to differences in ecological environments, the sowing
time in the Shihezi area is at the end of April, with a row
length of 5 meters, each row containing 38 to 40 individual
plants, and a row spacing of 0.45 meters; in the Yuncheng
area, the sowing time is in mid-April, with a row length of
5 meters, each row containing 14 to 16 individual plants,
and a row spacing of 1.0 meter. Standard local agricultural
practices were applied throughout all tasks.

Trait phenotyping and statistical analysis
During the peak boll-opening stage of cotton in each en‐

vironment, 20 fully opened bolls in each row were har‐
vested manually and ginned. The seeds were air-dried
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under natural conditions. Approximately 2 g cottonseed
kernels per sample were crushed after removing the seed
shell. The CPC was measured using the Foss KjeltecTM

8400 system (Sweden) according to Kjeldahl’s method with
two technical replicates. The data were analyzed using
SPSS17.0 software. The analysis of variance (ANOVA)
and the estimation of broad-sense heritability (H2) for the
trait were carried out using the AOV function of the QTL
IciMapping software (version 3.2) (Wang et al. 2012).

SNP genotyping
For each accession, genomic DNA was extracted from

the tender leaves of randomly selected individual plants
in each row, using the DNAsecure Plant kit produced by
Tiangen Biotech (Beijing, China). The CottonSNP80K
array containing 77,774 SNPs (Cai et al. 2017), which was
developed on the basis of the TM-1 sequence (Zhang et al.
2015b) and the results of the resequencing of 100 Upland
cotton cultivars (Fang et al. 2017), was used to genotype
the 152 accessions. The analyses of image files were con‐
ducted with the GenomeStudio Genotyping Module (v1.9.4;
Illumina). A previously established approach was employed
for the genotyping of SNPs (Cai et al. 2017).

Population structure and linkage disequilibrium
analyses

Only SNPs with a minor allele frequency ≥0.05 and in‐
tegrity ≥50% were used for analyzing the population struc‐
ture and linkage disequilibrium (LD). The population
structure was assessed using the ADMIXTURE software
(Alexander et al. 2009). Pair-wise LD values for markers
were calculated as the squared correlation coefficient (R2)
of the alleles using the GAPIT program (Lipka et al. 2012).

Genome-wide association study
Regarding the GWAS of CPC, the following six methods

were used to detect QTNs: GEMMA-LM (Zhou and
Stephens 2012, https://github.com/genetics-statistics/
GEMMA), FaST-LMM (Lippert et al. 2011, https://
github.com/fastlmm/FaST-LMM), EMMAX (Sul and Eskin
2013, https://csg.sph.umich.edu//kang/emmax/download/
index.html), and three methods (modules) namely
3VmrMLM-Single_env, 3VmrMLM-Multi_env, and
3VmrMLM-Epistasis of 3VmrMLM (Li et al. 2022). Addi‐
tionally, 3VmrMLM-Multi_env and 3VmrMLM-Epistasis
were also used to detect QEIs and QQIs, respectively.
Among six methods, the first three belong to the single-
locus model, while the last three belong to the multi-locus
model. All SNPs with a minor allele frequency ≥0.05 and
integrity ≥50% were used for detecting QTNs and QEIs.
Given the substantial computational resources required for
QQI detection, the PLINK tool (Purcell et al. 2007)
(https://www.cog-genomics.org/plink/2.0/) was first em‐
ployed to filter all polymorphic markers (The command
scripts can be found in Supplemental Data 1), and the re‐
maining SNPs after filtering were then used for QQI detec‐

tion. The identification of significant associations between
markers and trait was achieved by utilizing an adjusted
P value calculated as 1/n following the Bonferroni correc‐
tion (Cai et al. 2017, Sun et al. 2017), where n represents
the overall number of SNPs; the other parameters were
set to default. For 3VmrMLM-Single_env, 3VmrMLM-
Multi_env, and 3VmrMLM-Epistasis, all of the SNPs used
to detect QTNs and QEIs and all of the marker pairs used to
detect QQIs were first scanned individually to determine
their P values, which were used to select significantly asso‐
ciated QTNs, QEIs, and QQIs (P ≤ 0.01). Next, all of the
selected effects were incorporated into a multi-locus model
to estimate the effects using an empirical Bayes method
(Xu 2010). The non-zero effects were further identified by
conducting likelihood ratio tests for true QTNs, QEIs, and
QQIs. Significant QTNs, QEIs, and QQIs were determined
after a Bonferroni correction with a P value of 0.05/n (n
represents the number of SNPs), whereas suggested QTNs,
QEIs, and QQIs were determined according to a logarithm
of odds (LOD) ≥3.0 (Wang et al. 2016, Wen et al. 2018).
Additionally, when estimating genetic effects using the
3VmrMLM method, the additive effects of the genotypes
AA, Aa, and aa were coded as (1, 0, –1), and the domi‐
nance effects were coded as (0, 1, 0). Consequently, the
coding values for the four types of interaction effects,
additive-by-additive, additive-by-dominance, dominance-
by-additive, and dominance-by-dominance, were derived
by multiplying the corresponding additive and dominance
effect coding values of the two loci. The specific steps for
using the three methods of the 3VmrMLM, namely
3VmrMLM-Single_env, 3VmrMLM-Multi_env, and
3VmrMLM-Epistasis, to detect QTNs, QEIs, and QQIs can
be found in the article by Li et al. (2022).

Identification of candidate genes related to QTNs,
and QTN-by-environment and QTN-by-QTN inter-
actions

Because the CottonSNP80K array used in this study was
developed using the Upland cotton TM-1 sequence (Zhang
et al. 2015b), the TM-1 genome was used to mine the genes
within the LD decay distance on either side of the detected
SNPs of QTNs, QEIs, and QQIs. However, to exploit the
latest information regarding the G. hirsutum genome (Hu
et al. 2019), we converted the mined genes (beginning
with Gh) to genes in the new genome (beginning with GH)
(http://cotton.zju.edu.cn/download.html). To further iden‐
tify potential candidate genes, all of the genes related to
QTNs, QEIs, and QQIs were functionally annotated based
on the Gene Ontology (GO), the Kyoto Encyclopedia of
Genes and Genomes (KEGG), and The Arabidopsis Infor‐
mation Resource (TAIR) databases. For the genes related to
QTNs and QEIs, a functional enrichment analysis was per‐
formed using OmicStudio tools (Lyu et al. 2023, https://
www.omicstudio.cn/tool). Fisher’s exact test (P < 0.05) was
used to determine the significance of the enrichment of GO
terms and KEGG pathways. Genes annotated with signifi‐
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cantly enriched GO terms or KEGG pathways were con‐
sidered to be candidate genes. Because QQI essentially
reflects the interaction between genes (genetics) and the
interaction between proteins (molecular biology), for the
QQI-related genes, their Swiss-Prot IDs were retrieved and
then protein–protein interactions were predicted using
STRING (https://cn.string-db.org/), with the Arabidopsis
protein database used as the protein library.

Results

Phenotypic data analysis
The phenotypes of 152 Upland cotton accessions were

analyzed (Table 1, Fig. 1A). There was extensive continuous
variation in the CPC in the three environments, with the
largest coefficient of variation in 2020SHZ (8.53%), fol‐
lowed by 2019SHZ (7.79%) and 2020YC (6.45%). The
variations caused by the genotype (G), environment (E),
and genotype-by-environment interaction (G × E) were
highly significant (P < 0.001); the average heritability of
the CPC in the three environments was 75.57% (Table 1).
The results of the correlation analysis show that the correla‐
tion coefficients of the CPC among the three environments
all reached the highly significant level (Supplemental
Table 2). Additionally, several materials were found to be
repeated in two or three environments among both the top
10% and bottom 10% in terms of CPC (Fig. 1B). These in‐
dicated that although the trait is influenced by the environ‐
ment, there are stable QTLs underlying its genetic control.
Accordingly, the CPC exhibited the typical characteristics
of quantitative traits, thereby necessitating additional ge‐
netic analyses.

SNP distribution, population structure, and link-
age disequilibrium

The genotypes of all accessions were examined using the
CottonSNP80K array. Of the 77,774 SNPs in the array,
49,533 were detected as high-quality SNPs with a minor
allele frequency ≥0.05 and integrity ≥50% in the popula‐
tion. These SNPs were not evenly distributed across the
G. hirsutum genome, with 25,820 and 23,830 SNPs in the
A and D subgenomes, respectively (Supplemental Table 3).
The population structure estimation showed that the lowest
cross-validation error was observed when K = 8 (Fig. 2A),
which was thus determined to be the optimum K value (K is
the number of subpopulations set when estimating popula‐
tion structure). Hence, the accessions were separated into
eight subpopulations. The LD analysis indicated the aver‐
age LD decay distance in the AD genome of our population
was approximately 550 kb (R2 = 0.42 at half the maximum
value), which was longer and shorter than the correspond‐
ing distances in the A and D subgenomes, respectively
(Fig. 2B).

QTN detection for cottonseed protein content
Of the six methods used for detecting QTNs (GEMMA-

LM, FaST-LMM, EMMAX, 3VmrMLM-Single_env,
3VmrMLM-Multi_env, and 3VmrMLM-Epistasis), the first
five were based on the data for 49,533 SNPs (detailed SNP
data are not presented), whereas the sixth was based on the
data for 10,104 SNPs after the filtering using PLINK (de‐
tailed SNP data are not presented). Ultimately, GEMMA-
LM, FaST-LMM, EMMAX, 3VmrMLM-Single_env,
3VmrMLM-Multi_env, and 3VmrMLM-Epistasis detected
1, 4, 4, 31, 10, and 30 QTNs for CPC, respectively, in the
datasets of the three environments and multi-environment.
These QTNs were located on 24 chromosomes (the excep‐

Table 1. Statistical analysis of the cottonseed protein content

Env. Range (%) Mean (%) ± SD CV (%) G (F-value) E (F-value) G × E (F-value) H2 (%)

2019SHZ 34.17–49.49 42.68 ± 3.33 7.79
146.57*** 1207.41*** 47.05*** 75.572020SHZ 32.65–48.95 41.46 ± 3.54 8.53

2020YC 36.91–50.08 43.61 ± 2.81 6.45

G: genotype; E: environment; G × E: genotype-by-environment interaction; ***: P < 0.001; H2 (%): broad-sense heritability.

Fig. 1. Frequency of cottonseed protein content (CPC) in three environments (A) and connect-the-dots diagram of accessions with the top 10%
(upper panel) and bottom 10% (lower panel) CPC across three environments (B).
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tions were A10 and D12), with phenotypic variation ex‐
plained (PVE) values of 0.29%–14.59% (Supplemental
Table 4). Moreover, 4 QTNs were detected in two datasets
(environments) simultaneously (Fig. 3A), and 15 QTNs
were detected by two methods simultaneously and 2 QTNs
were detected by three methods simultaneously (Fig. 3B).

To identify stable QTNs applicable for breeding, the
QTNs detected by three methods simultaneously were
analyzed in more detail. The QTN TM40095 on A12
was simultaneously detected by 3VmrMLM-Single_env,
3VmrMLM-Multi_env, and 3VmrMLM-Epistasis, with
additive effects of 0.53–0.98, dominance effects of –0.22–
0.29, and PVE values of 2.15%–7.13% (Table 2, Fig. 3C).
The QTN TM59869 on D06 was simultaneously detected
by FaST-LMM, 3VmrMLM-Single_env, and 3VmrMLM-
Epistasis, with additive effects of 0.77–0.86, but no domi‐
nance effect, and PVE values of 6.84%–9.76% (Table 2,
Fig. 3D). Both QTNs were identified as significant QTNs
by two of the three methods. The analysis of phenotypic
differences between different alleles showed that the elite
alleles for TM40095 were A in all three methods, and for
TM59869 were C in all three methods. Both elite alleles
could increase CPC (Table 2).

QTN-by-environment interaction detection for cot-
tonseed protein content

The multi-environment dataset was analyzed using
3VmrMLM-Multi_env to detect QEIs. Five QEIs (one sig‐
nificant and four suggested) related to CPC were detected
(Table 3, Supplemental Fig. 1). The corresponding loci
were on chromosomes A01, A05, A06, and D13, with a
PVE of 1.61%–3.13%. The five QEIs had A × E (additive-
by-environment interaction) effects, but no D × E
(dominance-by-environment interaction) effects. To sim‐
plify the table, the column for D × E was not shown in
Table 3. For example, the loci TM273 and TM9997 had
additive-by-environment interaction effects of –0.44–0.83
and –0.64–0.66, respectively. There was some inconsis‐
tency in the direction of the additive-by-environment inter‐

action effects of the five QEIs across environments.
Considered together, these results reflect the complexity of
the interaction between a quantitative trait-based genotype
and the environment.

QTN-by-QTN interaction detection for cottonseed
protein content

Using 3VmrMLM-Epistasis and the 10,104 SNPs re‐
maining after the filtering by PLINK tool, 29 QQIs associ‐
ated with CPC (4 significant and 25 suggested) with
additive-by-additive, additive-by-dominance, dominance-
by-additive, and/or dominance-by-dominance effects were
detected across three environments (Table 4, Supplemental
Fig. 2). For example, 11 QQIs for CPC were detected in
2019SHZ. The interaction between TM20 on chromosome
A01 and TM14246 on chromosome A06 had an additive-
by-additive effect of –0.32, whereas the interaction between
TM10542 on chromosome A05 and TM59085 on chromo‐
some D06 had an additive-by-additive effect of –0.03 and
an additive-by-dominance effect of 0.57. The interaction
between TM10547 on chromosome A05 and TM41538 on
chromosome A12 had an additive-by-additive effect of
–0.14 and a dominance-by-additive effect of –0.63, while
the interaction between TM13610 on chromosome A06 and
TM53119 on chromosome D02 had an additive-by-additive
effect of –0.17, an additive-by-dominance effect of –0.72,
a dominance-by-additive effect of 0.20, and a dominance-
by-dominance effect of 0.21. The 29 QQIs involved almost
all Upland cotton chromosomes, with a PVE of 0.01%–
13.07%.

Identification of candidate genes related to cot-
tonseed protein content

Considering the LD decay distance of the population
used in this study, the 550-kb regions flanking the detected
SNPs of QTNs, QEIs, and QQIs were screened for possible
candidate genes. The identified candidate genes (beginning
with Gh) were converted to genes in the new genome (be‐
ginning with GH). A total of 49 candidate genes were iden‐
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tified flanking the SNPs of the above-mentioned two stable
QTNs. Additionally, 174 candidate genes were detected
flanking the SNPs of five QEIs, whereas 269 candidate
genes were detected flanking the SNPs of four significant
QQIs. Using the GO, KEGG, and TAIR databases, the can‐

didate genes related to the above-mentioned loci were func‐
tionally annotated (Supplemental Table 5).

The significantly enriched GO terms and KEGG path‐
ways of the genes linked to QTNs and QEIs were deter‐
mined. Because the QTN or QEI loci were associated with
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Fig. 3. (A) Venn diagram of common QTNs among the four environments (datasets). (B) UpSet plot of common QTNs among the six methods.
(C) Manhattan plot for the QTN TM40095 detected by three methods. (D) Manhattan plot for the QTN TM59869 detected by three methods. In
figures (C) and (D), for the result of FaST-LMM, the y-axis shows the –log10P values obtained from a genome-wide scan of all markers, with the
threshold line set at –log10P = 4.69 (P = 1/49533); for the results of 3VmrMLM-Single_env, 3VmrMLM-Multi_env, and 3VmrMLM-Epistasis,
the left y-axis shows the –log10P values obtained from the genome-wide scan of all markers in the first step of 3VmrMLM, while the right y-axis
shows the LOD values of the QTNs obtained through the likelihood ratio test in the second step of 3VmrMLM, with the threshold line set at
LOD = 3.0.
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the same trait, the candidate genes were expected to be
annotated with the same GO terms or KEGG pathways.
Therefore, significantly enriched (P < 0.05) GO terms and
KEGG pathways for genes in at least two loci are listed in
Supplemental Table 6. The 49 candidate genes related to
the two stable QTNs included 10 non-redundant genes an‐
notated with four significantly enriched GO terms (e.g.,
vacuolar membrane, transmembrane receptor protein ser‐
ine/threonine kinase activity, cell surface receptor signaling
pathway, and oxidation-reduction process) and two non-
redundant genes annotated with one significantly enriched
KEGG pathway (tryptophan metabolism). The 174 candi‐
date genes related to five QEIs included 44 non-redundant
genes annotated with 15 significantly enriched GO terms
(e.g., cilium, telomere maintenance, and protein-arginine
omega-N asymmetric methyltransferase activity) and four
non-redundant genes annotated with one significantly en‐
riched KEGG pathway (aminoacyl-tRNA biosynthesis).

Interactions between the proteins encoded by the 269
candidate genes related to four significant QQIs were pre‐
dicted. The following eight protein–protein interactions in‐
volving three QQIs and eight gene pairs were detected:
MDC16.5 (GH_A05G1385)–PGI1 (GH_D06G0320),
TIFY11B (GH_A05G1405)–GATA24 (GH_D06G0301),
and SEC22 (GH_A05G1402)–dl3340w (GH_D06G0329) for
the TM10542-by-TM59085 QQI; FPA (GH_A02G0124)–
UBL5 (GH_D08G2269), F20B18.130 (GH_A02G0128)–
UBL5 (GH_D08G2269), HSP70-7 (GH_A02G0076)–
BAG4 (GH_D08G2298), and HSP70-7 (GH_A02G0076)–
MDIS2 (GH_D08G2303) for the TM3769-by-TM69636
QQI; and ATPQ (GH_D11G1591)–MTACP2 (GH_
D01G0704/GH_D01G0705) for the TM48233-by-TM75885
QQI (Fig. 4). Specific details regarding these interactions,

including full protein names, are listed in Supplemental
Table 7. Notably, some protein–protein interactions (e.g.,
IQD1–TIM23-1 and EFL4–ELF3 for the TM10542-by-
TM59085 QQI) were not between two SNPs of the same
QQI. These interactions were not considered.

Discussion

Cottonseeds are a source of nutritionally valuable proteins.
In cotton, many marker–trait associations have been identi‐
fied through various association analyses. However, these
traits were mainly yield and its components (Wang et al.
2019), fibre quality (Li et al. 2018a), early maturity (Li et
al. 2018b), disease resistance (Zhao et al. 2014), plant ar‐
chitecture (Li et al. 2016), and salt resistance (Saeed et al.
2014). There are few reports regarding association analysis
of CPC (Badigannavar and Myers 2015, Du et al. 2018, Hu
et al. 2022, Yuan et al. 2018). Therefore, we used multiple
GWAS methods to dissect the genetic architecture of this
important trait in depth.

A suitable panel for an association analysis should in‐
clude as much genetic variation as can be reliably analyzed
in common environments (Flint-Garcia et al. 2005). It is
especially important to select as many genetically diverse
samples as possible. In this study, 152 Upland cotton back‐
bone cultivars and breeding lines from various cotton-
growing areas in China and elsewhere were analyzed.
Although the number of materials used in this study is not
very rich, these accessions were derived from multiple pedi‐
grees, including Deltapine, Stoneville, Foster, and Uganda.
The phenotypic evaluation revealed considerable pheno‐
typic differences and the relatively high heritability of the
CPC. Additionally, 49,533 high-quality SNPs were obtained

Table 2. Stable quantitative trait nucleotides (QTNs) for the cottonseed protein content detected using three GWAS methods

SNP Chr. Posi. (bp) Method Env. LOD A D PVE (%) –log10P Sig. Elite allele

TM40095 A12 2063413 3VmrMLM-Single_env 2019SHZ 10.05 0.98 –0.16 7.13 10.05 SIG A
3VmrMLM-Multi_env Multi-env. 4.92 0.53 0.29 2.15 4.92 SUG A
3VmrMLM-Epistasis 2019SHZ 7.18 0.72 –0.22 4.26 7.18 SIG A

TM59869 D06 20608253 FaST-LMM 2020YC 9.76 4.94 SIG C
3VmrMLM-Single_env 2020YC 8.60 0.77 6.84 9.50 SIG C
3VmrMLM-Epistasis 2020YC 4.53 0.86 8.37 5.30 SUG C

LOD: logarithm of the odds; A: additive effect; D: dominance effect; PVE (%): phenotypic variation explained; Sig.: significance level; SIG:
significant; SUG: suggested.

Table 3. QTN-by-environment interactions (QEIs) for the cottonseed protein content detected by 3VmrMLM-Multi_env

SNP Chr. Posi. (bp) LOD A × E1 A × E2 A × E3 PVE (%) –log10P Sig.

TM273 A01 5351569 6.20 –0.39 –0.44 0.83 3.13 6.20 SIG
TM9997 A05 1637303 5.11 0.66 –0.02 –0.64 2.58 5.11 SUG
TM13308 A05 87093725 5.49 –0.65 –0.01 0.66 2.58 5.49 SUG
TM17169 A06 88949157 4.26 –0.68 0.28 0.40 2.11 4.26 SUG
TM80413 D13 7704380 3.41 –0.55 0.09 0.46 1.61 3.41 SUG

A × E1, A × E2, and A × E3 are the additive effects specific to 2019SHZ, 2020SHZ, and 2020YC, respectively; PVE (%): phenotypic variation
explained; Sig.: significance level; SIG: significant; SUG: suggested.
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(i.e., 63.69% of the 77,774 SNPs in the CottonSNP80K
array), indicative of substantial genetic diversity. Hence,
the association panel was appropriate for the GWAS of the
target trait. Moreover, in order to improve the detection
efficacy of associated loci, multiple GWAS methods were
used simultaneously to obtain reliable results.

In a complete mixed model framework, there should be
5, 10, and 15 variance components for the detection of

QTNs, QEIs, and QQIs, respectively, if the SNP effects are
treated as random effects (Li et al. 2022). However,
because 3VmrMLM has only three variance components
for the detection of QTNs, QEIs, and QQIs, it represents
a compressed variance component mixed model applicable
for a GWAS. In particular, all the effects that need to be es‐
timated are consolidated into a singular vector associated
with effects, the polygenic influences are unified into a sin‐

Table 4. QTN-by-QTN interactions (QQIs) for the cottonseed protein content detected by 3VmrMLM-Epistasis

Env. SNP (1) Chr. (1) Posi. (1)
(bp) SNP (2) Chr. (2) Posi. (2)

(bp) LOD A × A A × D D × A D × D PVE
(%) –log10P Sig.

2019SHZ TM20 A01 875363 TM14246 A06 21962156 4.35 –0.32 0.69 5.12 SUG
TM9071 A04 10592604 TM50134 D01 59324179 4.44 –0.08 0.10 0.60 0.19 2.16 3.39 SUG
TM9987 A05 1560769 TM55315 D03 44926173 5.53 –0.43 1.39 6.35 SUG
TM10542 A05 11394965 TM59085 D06 2960372 12.08 –0.03 0.57 2.80 12.08 SIG
TM10547 A05 11449039 TM41538 A12 46861543 3.35 –0.14 –0.63 2.70 3.37 SUG
TM13610 A06 1293713 TM53119 D02 63047297 7.13 –0.17 –0.72 0.20 0.21 0.79 5.89 SUG
TM14554 A06 34572850 TM72474 D09 41893754 4.58 0.22 –0.38 2.06 4.58 SUG
TM19243 A07 14863330 TM56550 D04 48603853 4.61 –0.66 3.84 5.39 SUG
TM29385 A08 90255032 TM37858 A11 20859202 6.09 –0.25 0.03 0.51 6.09 SUG
TM29993 A09 1604468 TM55634 D04 4704700 4.89 –0.26 0.47 2.60 4.89 SUG
TM41795 A12 57144032 TM54999 D03 38354118 3.20 –0.07 –0.17 0.04 –0.09 0.06 2.28 SUG

2020SHZ TM3769 A02 1044249 TM69636 D08 60622174 8.65 –0.05 0.01 9.55 SIG
TM4717 A02 41385385 TM75140 D10 61324931 5.30 –0.14 0.02 0.13 5.30 SUG
TM4959 A02 55806027 TM6094 A03 4553074 9.27 –0.10 0.36 1.25 9.27 SIG
TM5065 A02 67093779 TM19093 A07 13432870 5.59 0.28 0.40 0.85 5.59 SUG
TM11361 A05 28752771 TM66562 D07 49697810 4.22 –0.13 –0.64 2.92 4.22 SUG
TM13708 A06 3255855 TM36340 A10 91215767 7.77 –0.32 –0.1 0.52 7.77 SUG
TM32801 A09 53134429 TM57244 D05 12043687 7.2 0.13 0.26 0.29 0.16 0.47 5.95 SUG
TM47121 A13 68590429 TM66821 D08 264184 4.53 –0.07 0.29 0.80 4.53 SUG
TM48233 D01 7587675 TM75885 D11 15484974 12.51 0.01 0.37 0.84 12.51 SIG
TM52455 D02 55561566 TM80606 D13 18800035 8.62 0.60 0.30 0.25 0.24 1.47 7.30 SUG
TM57407 D05 18249724 TM64004 D07 17224312 6.18 0.43 0.09 0.92 6.18 SUG

2020YC TM935 A01 18871381 TM29469 A08 92545327 4.82 –0.40 –0.03 –0.03 0.32 2.23 3.74 SUG
TM938 A01 18956573 TM41305 A12 36355025 4.28 –0.58 0.78 13.07 4.28 SUG
TM5573 A02 79288246 TM19653 A07 23618377 5.12 –0.69 0.21 5.93 5.12 SUG
TM11103 A05 23962836 TM39729 A11 90257854 3.89 –0.21 0.53 4.64 SUG
TM12876 A05 78504237 TM76132 D11 22087150 4.70 0.55 3.76 5.48 SUG
TM21959 A08 4647193 TM73439 D10 5505054 3.60 0.34 –0.36 3.49 3.60 SUG
TM43738 A13 14056285 TM56002 D04 16231805 5.37 –0.75 –0.17 5.27 5.37 SUG

A × A: additive-by-additive; A × D: additive-by-dominance; D × A: dominance-by-additive; D × D: dominance-by-dominance; PVE (%): pheno‐
typic variation explained; Sig.: significance level; SIG: significant; SUG: suggested.

A B  PPI for TM4959-by-TM6094 PPI for TM48233-by-TM75885PPI for TM10542-by-TM59085 PPI for TM3769-by-TM69636 

Fig. 4. Protein–protein interaction prediction for four significant QTN-by-QTN interactions (QQIs) related to the cottonseed protein content.
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gle polygenic representation (Li et al. 2022). Most of the
existing GWAS methods have been used to detect and esti‐
mate the substitution effects of alleles. Segura et al. (2012)
used a mixed model to detect and estimate the additive ef‐
fects, controlling for the polygenic background. However,
their model did not explicitly include dominance effects or
additive-by-dominance interactions, focusing primarily on
additive genetic variance and residuals. In a recent study
conducted by Wang et al. (2020) to detect QQIs, although
the additive, dominance, additive-by-additive, additive-by-
dominance, and dominance-by-dominance effects were es‐
timated, the method was too simple to effectively control
the polygenic background. In addition, compared with
3VmrMLM, there were more variance components. Unlike
previous GWAS methods, 3VmrMLM can correctly detect
all types of loci and estimate their effects with almost no
biases (Li et al. 2022). In two recent studies on Upland cot‐
ton, 3VmrMLM was used to detect 171 QTNs and 42 QQIs
for three fibre quality traits (Han et al. 2023) as well as 288
QTNs, 14 QEIs, and 21 QQIs for three early-maturity traits
(Li et al. 2024). These results reflect the applicability of
the 3VmrMLM framework for analyzing allotetraploids. In
the current study, significantly more QTNs were detected
by the 3VmrMLM methods (3VmrMLM-Single_env,
3VmrMLM-Multi_env, and 3VmrMLM-Epistasis) than by
the other three methods (Supplemental Table 4). In addi‐
tion, five QEIs with a PVE of 1.61%–3.13% were detected
by 3VmrMLM-Multi_env, whereas 29 QQIs with a PVE of
0.11%–13.07% were detected by 3VmrMLM-Epistasis.
More importantly, many small-effect loci (PVE <1%) for
CPC were detected, with 3VmrMLM-Epistasis detecting
nearly half of the small-effect QQI loci. These QEIs and
QQIs partly address the problem of missing heritability. Al‐
though many suggested loci were detected by 3VmrMLM,
they were complementary to significant loci. Overall, the
3VmrMLM framework and its methods are suitable for the
GWAS-based detection of various types of loci.

Obtaining stable QTLs/QTNs for target traits is a prereq‐
uisite for MAS. Loci detected simultaneously in multiple
populations, environments, or using different methods tend
to be more stable. (Jia et al. 2011, Li et al. 2018b, Su et al.
2010). In the present study, six GWAS methods were used
to detect QTNs for CPC. The 17 QTNs detected by at least
two methods were highly stable. Notably, TM40095 on
A12 and TM59869 on D06, which were detected by three
methods, explained 2.15%–7.13% and 6.84%–9.76% of the
phenotypic variation, respectively. These two QTNs are rel‐
atively stable and likely suitable for the MAS of CPC. We
also compared the detected QTNs with marker loci related
to CPC identified in previous studies according to their
physical locations in the TM-1 genome (Zhang et al.
2015b). On the basis of the average LD decay distance in
our population, the loci that were within the same 550-kb
region were considered to be the same. Thus, three of these
QTNs overlapped previously reported marker loci (Supple‐
mental Table 8). Specifically, TM11103 corresponded to

BNL3992 on A05 (Yu et al. 2012), TM63795 corresponded
to BNL2734 on D07 (Yu et al. 2012), and TM71935 corre‐
sponded to BNL1672/BNL3031 on D09 (Song and Zhang
2007). It should be mentioned that the two stable QTNs
detected in this study were not detected in previous studies,
possibly because of differences in germplasm populations.
To summarize, the above-mentioned five CPC-related
QTNs detected simultaneously using multiple methods
and/or in different populations with different genetic back‐
grounds may be stable and useful for MAS. The remaining
QTNs did not correspond to any reported loci, suggestive
of their novelty. Therefore, it is essential to conduct further
validations across various populations, environment, and/or
mapping methods.

Bioinformatics methods (e.g., functional annotation, en‐
richment analysis, and protein–protein interaction analysis)
are widely used to mine for candidate genes underlying tar‐
get traits. In this study, 492 candidate genes related to the
stable QTNs, QEIs, and significant QQIs were functionally
annotated using GO, KEGG, and TAIR databases (Supple‐
mental Table 5). Subsequent analyses revealed four GO
terms and one KEGG pathway significantly enriched
among 10 and two non-redundant genes related to stable
QTNs, respectively, as well as 15 GO terms and one KEGG
pathway significantly enriched among 44 and four non-
redundant genes related to QEIs, respectively (Supplemen‐
tal Table 6). Moreover, eight protein–protein interactions
involving three QQIs and eight gene pairs were predicted
using STRING (Supplemental Table 7). These findings
may be useful for further validating potential candidate
genes related to the CPC. We conducted a literature search
to clarify the biological functions and associated metabolic
pathways of the above-mentioned candidate genes and their
homologs, but none of the genes were directly related to
protein synthesis or accumulation. Hence, we obtained Up‐
land cotton TM-1 RNA-seq data for 75 genes (12 for QTNs
and 48 for QEIs based on functional enrichment as well as
15 for QQIs based on protein interactions) for further anal‐
yses (http://cotton.zju.edu.cn/10.rnasearch.html) (Supple‐
mental Table 9). The data were derived from 18 cotton
samples at different developmental stages, including vege‐
tative growth and reproductive growth. Four of the 75
genes, including GH_D06G1049 related to QTNs and
GH_A06G1663, GH_D13G0601, and GH_A05G0236 re‐
lated to QEIs, were preferentially expressed in at least four
of the six ovule tissues in all 18 samples (top four) (Supple‐
mental Table 9). In particular, GH_D06G1049 was more
highly expressed in all six ovule tissues than in the other
tissues. Considering seeds develop from the ovule in the
ovary, these four genes may influence seed protein synthe‐
sis and accumulation. Because protein anabolism is a com‐
plex physiological and biochemical process, the potential
contributions of all of the above-mentioned genes to the
CPC will need to be verified experimentally (e.g., CRISPR/
Cas9-mediated gene knockout, gene overexpression, multi-
environment phenotypic analysis, two-dimensional gel
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electrophoresis, and yeast two-hybrid assay).
With the continuous improvement of QTL mapping in‐

formation, various attempts have been made to use molecu‐
lar markers associated with QTLs to improve breeding
efficiency, such as marker-assisted selection (Li et al.
2013b), genomic selection (GS) (Meuwissen et al. 2001),
and molecular design (Wang et al. 2007). However, in gen‐
eral, the number of loci controlling quantitative traits is
large and their effects are small, making it difficult to di‐
rectly apply them in breeding practice (Heffner et al. 2009);
GS can significantly elevate genetic gains per unit of time
within crop-breeding programs, but to increase the effi‐
ciency of GS, it is necessary to consider all relevant factors
when developing genomic prediction methodologies to im‐
prove prediction accuracy (Alemu et al. 2024). Molecular
design has been increasingly applied in crop genetic im‐
provement in recent years (Li et al. 2010). By integrating
different technologies, various factors in breeding programs
can be effectively simulated, screened, and optimized to en‐
hance breeding efficiency. Additionally, the best strategies
for selecting parents and the offspring have been proposed
to facilitate the transition from traditional “experience-
based breeding” to “genome selection breeding” (Peleman
and Voort 2003). Currently, a breeding platform based on
genomic selection for rice has been developed and applied
(Qiu et al. 2018, Xu et al. 2021). Although there are fewer
established functional markers/genes in the cotton genome
compared to the rice genome, GS in cotton does not rely on
the knowledge of functional markers or genes. Instead, it
relies on genome-wide DNA markers. The CottonSNP80K
array provides a valuable tool for this purpose. However,
the main bottleneck in implementing GS in cotton breeding
is the collection of phenotype data from a large number of
germplasms. In contrast, molecular design breeding can be
performed by using the limited number of functional mark‐
ers and the associated genetic information. Recently, Zhang
et al. (2022) developed a genetic breeding simulation and
prediction platform named Blib, whose application module
ISB can simulate the breeding processes or methods for
pure-line varieties, hybrid varieties, and clonal varieties (Li
et al. 2025). In this study, various types of loci and their ef‐
fects on CPC were determined via GWAS. Further work
will utilize the elite alleles of stable QTNs to identify sev‐
eral high-protein content parental germplasms. Subse‐
quently, based on the various types of loci and their effects
identified in this study, three input files will be constructed
using the ISB module: “genetic model” (including environ‐
ment, traits, chromosomes and loci, marker or gene loci, al‐
leles, genetic effects, interaction networks, etc.), parents of
the starting breeding population (including allele frequen‐
cies at each locus or the allelic composition of each parent
at each locus), and simulated breeding processes or meth‐
ods (including the number of replications in the simulated
experiment, the number of breeding processes, the number
of breeding cycles, the number of hybrid combinations and
mating types, etc.). Through breeding simulation, break‐

throughs in cotton molecular design breeding will be
achieved, and valuable references will also be provided for
related research in other crops.
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