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Abstract
Background  Sorghum grains are rich in phenolic compounds, which are noted for their anticancer, antioxidant, 
and anti-inflammatory properties, as well as volatile compounds (VOCs) that contribute to aroma and fermentation 
processes. There is a known close relationship between sorghum coat color and phenolic compound content (PCC), 
particularly flavonoids which are pigments that confer red and purple colors in flowers and seeds.

Results  Our results showed that black seeds had the highest total tannin content (TTC) and ketone content, which 
were measured at 457.7 mg CE g-1 and 96 g 100 g-1, respectively, which were 4.87 and 1.35 − fold higher than those 
of white seeds. L* showed a negative correlation between TTC (r = -0.770, P < 0.01) and ketone (r = -0.814, P < 0.01), 
while TFC and a* showed a strong positive correlation (r = 0.829, P < 0.001). RNA sequencing analysis identified 1,422 
up-regulated and 1,586 down-regulated differentially expressed genes. Weighted gene co-expression analysis 
highlighted two color-related gene modules: the magenta 2 module associated with TTC, TPC, VOCs and L* value, and 
the blue module associated with TFC, and a* values. Hub genes identified within these modules included ABCB28 in 
the magenta 2 module, and PTCD1 and ANK in the blue module.

Conclusions  We confirmed the relationship between PCC, VOCs, and seed coat color, with darker seed coat colors 
showing higher tannin, ketone contents and redder colors indicating higher flavonoid content. Network analysis 
helped pinpoint key genes involved in these traits. This study will provide essential data for improving the food and 
industrial use of sorghum.
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Background
Sorghum (Sorghum bicolor L.) is a widely used crop for 
feed, food, brewing materials, and biomass, such as bio-
fuel and fiber [1–3]. Sorghum grains contain a variety of 
secondary metabolites. Compared to other grains, sor-
ghum grains contain a higher content of various phenolic 
components, such as phenolic acids, 3-deoxyanthocyani-
dins, condensed tannins, and flavonoids [4, 5]. These phe-
nolic compounds have been shown to reduce the risk of 
many chronic diseases, such as obesity, diabetes, cancer, 
and cardiovascular disease [6, 7]. In addition, sorghum 
seeds contain various VOCs such as esters, alkanes, and 
alcohols [8]. These volatile compounds affect various 
flavors and ethanol fermentation when using sorghum 
seeds as tea or alcohol [8, 9]. Therefore, the metabolites 
present in sorghum play an important role in enhancing 
its health benefits and industrial value.

Sorghum grains have both nonpigmented and pig-
mented seed coats, appearing in various colors such as 
white, red, brown, and black [10]. The color of sorghum 
seeds is closely associated with their phenolic content, as 
darker seeds typically contain higher levels of phenolics 
[10]. Among these compounds, tannins are strongly cor-
related with seed coat color, with brown and red grains 
typically containing more tannins [11]. Sorghum pheno-
lic compounds and seed coat color have been extensively 
researched, with a focus on the correlation between 
phenolic compounds and antioxidant activity as well as 
differences in seed coat color among various sorghum 
varieties [12]. Studies on sorghum landraces from South 
Africa have highlighted the physical and nutritional dif-
ferences based on seed coat color and phenolic content 
[13]. In this study, unlike previous studies that focused on 
the PCC according to the seed coat color of sorghum, the 
content of phenolic and VOCs related to the seed coat 
color was explored for the first time.

RNA sequencing (RNA-seq) is a ubiquitous tool in 
molecular biology that is extensively employed to eluci-
date genomic functions in plants [14]. RNA-seq data are 
essential for research that is hypothesis-driven as well 
as for performing data-driven analyses—which generate 
novel insights and testable hypotheses, thereby direct-
ing subsequent functional studies. Primarily, RNA-seq is 
used to measure gene expression levels and analyze dif-
ferential gene expressions. RNA-seq is not only applied 
to model plant species, such as Arabidopsis [15, 16] and 
rice [17, 18], but has also been actively used in recent 
sorghum research. This technology plays a critical role in 
comprehensively understanding various aspects of sor-
ghum, including developmental stages, physiological and 
morphological characteristics, as well as stress tolerance 
and responses.

Weighted gene co-expression network analysis 
(WGCNA) is a systems biology method used to explain 

the patterns of gene correlation across different samples. 
This approach identifies gene groups (modules) that 
share similar expression patterns, analyzes the correla-
tion between sample phenotypes and modules, deduces 
regulatory networks within these modules, and identifies 
key regulatory genes [19, 20]. The adjacency calculation 
related to weighted networks provides more biologically 
relevant information [21]. WGCNA has been successfully 
employed in various crop studies, including the develop-
ment of gene models for drought and salt stress experi-
ments in Arabidopsis and rice [22–24], identification of 
desiccation-resistant genes in the herb Boea hygrometrica 
[25], and discovery of key genes involved in the growth 
and development of potato (Solanum tuberosum L.) [26]. 
Recently, WGCNA has been applied to major crops, such 
as rice and sorghum, to analyze gene networks related to 
salt and drought tolerance, contributing to the improve-
ment in important agronomic traits.

The purpose of this study is to elucidate the correla-
tion between the pericarp color and related metabolites 
in sorghum, and to identify key genes associated with 
these traits. Differential gene expression analysis (DEGs) 
was conducted using RNA-seq on four selected lines with 
different pericarp colors from a mutant sorghum popu-
lation, and important hub genes were identified using 
WGCNA and network analysis. This research will pro-
vide fundamental data for enhancing the food and indus-
trial applications of sorghum.

Methods
Plant materials
The four sorghum lines used in this study, distinguished 
by different seed coat colors (S1; white, S2; red, S3; 
brown, S4; black), were selected from a sorghum mutant 
population [27]. The mutant population was established 
by selecting domestically cultivable lines from genetic 
resources provided by the International Crops Research 
Institute for the Semi-Arid Tropics and the Rural Devel-
opment Administration of Korea in 2014 and irradiating 
them with various doses of gamma rays and protons. The 
irradiated sorghum seeds were cultivated at the Radia-
tion Breeding Research Farm of the Korea Atomic Energy 
Research Institute (Jeongeup, 35.51°N and 126.83°E, 
Republic of Korea). After M2 generation, elite lines with 
superior agricultural traits were continuously selected 
up to the M7 generation. From this mutant population, 
four lines varying in seed coat color were chosen for DEG 
analysis related to the content of metabolite compounds.

Evaluation of sorghum seed coat color and phenolic 
compound content
To accurately measure the seed coat color of sorghum, a 
color chart was positioned on top of the seeds, and LED 
lights were placed on both sides of the camera to capture 
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the image. The background color for the seed coat pho-
tography was blue, and the images were taken using a 
Sony digital camera (a6000, SONY). The captured RGB 
image data were analyzed by modifying an automated 
image extraction method initially developed for soybean 
seeds [28], which was implemented using ImageJ soft-
ware [29] to process the images and extract data. The 
extracted RGB values were converted to Lab values for 
statistical analysis. The a∗ value denotes the color com-
ponent between red and green, where a positive a* value 
indicates red, and a negative a∗ value indicates green. The 
magnitude of this value reflects the intensity of the color. 
Dried sorghum seed powder, 1 g, was mixed with 5 mL of 
80% methanol and extracted at 25 °C for one hour. Total 
anthocyanin content (TAC) was measured by adding 1% 
formic acid, ground and extracted in dark conditions at 
4 °C, followed by centrifugation at 13,000 rpm for 20 min. 
In addition, the absorbance of the supernatant was mea-
sured at 535  nm using cyanidin chloride (CCE) as the 
positive control. Total tannin content (TTC) was deter-
mined by reacting the supernatant with vanillin-HCl 
solution at 25  °C for 20  min and measuring the absor-
bance at 500 nm, with catechin (CE) used as the positive 
control. Total phenolic content (TPC) was determined 
using the Folin-Ciocalteu method by reacting the seed 
extract with 2% sodium carbonate solution and measur-
ing the absorbance at 750 nm, with tannic acid (TAE) as 
the positive control. Total flavonoid content (TFC) was 
measured by sequentially adding 1% sodium nitrite, 60% 
ethanol, 2% aluminum chloride, and 5% sodium hydrox-
ide, and then measuring the absorbance at 405 nm using 
quercetin (QE) as the positive control. The extraction and 
quantification followed previous studies, with some mod-
ifications to measure each compound’s content [30, 31].

GC-MS analysis of volatile compounds
Four samples of fresh seed powder (100 g) were extracted 
for 4 h using 500 mL of n-hexane: acetone (1:1 v/v) as the 
solvent. Anhydrous sodium sulphate was used to remove 
water from the extract, which was then filtered through 
a PVDF syringe filter (0.45-µM pore size) for gas chro-
matography-mass spectrometry (GC-MS) analysis. Three 
replicates of each sample were analyzed. The VOCs com-
positions were analyzed using GC-MS (Plus-2010, Shi-
madzu, Kyoto, Japan) equipped with an Rtx-5MS (30 m 
× 0.32  mm × 50  μm, Shimadzu, Kyoto, Japan) column. 
99.99% high-purity helium was used as the carrier gas, 
and the column flow rate was 1.37 mL/min. The sample 
was injected in spitless mode. Initially, the oven was set 
to 40 °C and was then ramped up to 300 °C, increasing at 
5 °C per min, followed by a 5 min hold at the final tem-
perature. The parameters set for the mass spectrometry 
included electron-impact ionization at 70 eV, ion source 
temperature at 230 °C, and a scan range between 40 and 

500. The detected VOCs in sorghum genotypes were ten-
tatively identified using the GC-MS analysis based on an 
NIST library similarity index greater than 90%. We fol-
lowed previous studies with some modifications to mea-
sure the content of VOCs [32].

RNA extraction
Total RNA was extracted from three biological replicates 
of sorghum seeds at the 8.5 developmental stage (stage 8; 
dough stage, and stage 9; physiological maturity), 90 days 
after emergence, representing four different seed coat 
colors: S1 (white), S2 (red), S3 (brown), and S4 (black). 
All seed samples were stored in a deep freezer immedi-
ately upon collection. The frozen seeds, weighing 100 mg 
each, were ground into fine powder under liquid nitro-
gen. Subsequently, polyphenols and polysaccharides were 
removed using Fruit-mate (Takara, Shiga, Japan), and 
RNA was extracted using TRIzol reagent (Invitrogen, 
Carlsbad, CA, USA). Then, 100 mg of ground seed pow-
der was treated with Fruit-mate, followed by mixing the 
supernatant with an equal volume of TRIzol reagent to 
separate the components. Chloroform was then added 
and vortexed to lyse the cells. Next, isopropanol was 
added and the mixture was incubated at a low tempera-
ture to precipitate the RNA. The RNA pellet was washed 
with 75% ethanol and resuspended in DEPC-treated 
water. The concentration and purity of the extracted total 
RNA were measured using a NanoDrop ND-1000 spec-
trophotometer (NanoDrop Technologies, Wilmington, 
DE, USA).

cDNA library construction and sequencing
Using the TruSeq® sample preparation kit (Illumina, San 
Diego, CA, USA), paired-end libraries were prepared. 
The quality and concentration of the libraries were 
assessed with a 2100 bioanalyzer (Agilent Technologies, 
Santa Clara, CA, USA). Sequencing was performed on 
then HiSeq X Ten system (Illumina) to produce 150  bp 
paired-end reads. Following cDNA synthesis, PCR ampli-
fication of the adapter-ligated cDNA fragments was car-
ried out with adapter-specific primers. High-throughput 
sequencing of all libraries was conducted on the Illumina 
HiSeq X platform. The raw sequencing data from three 
replicates across four genotypes have been stored in the 
NCBI Sequence Read Archive, accessible via the pro-
vided accession number: (NCBI < raw data).

Data preprocessing and classification of DEGs
Adapter sequences were removed from the transcripts 
using Trimmomatic (v. 0.39) [33]. Quality control of 
the sequence data was performed using the SLIDING-
WINDOW, LEADING, and TRAILING options as 
follows: (1) window size = 4, mean quality ≥ 15, (2) LEAD-
ING, TRAILING ≥ 3, (3) minimum read length ≥ 36  bp. 
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After these preprocessing steps, the cleaned reads were 
mapped using HISAT2 software [34], and the expres-
sion values (read counts) were calculated based on the 
total number of reads mapped to each gene using HTSeq 
(v.0.11.0) [35]. To ensure consistency in the expression 
data, normalization relative to the total counts was per-
formed using the DESeq library [36]. Gene functions 
were identified by annotating against the viridiplantae 
database of amino acid sequences in NCBI NR using 
BLASTP, with a filter criterion of e-value ≤ 1e− 10 [avail-
able online: ​h​t​t​p​​s​:​/​​/​w​w​w​​.​n​​c​b​i​.​n​l​m​.​n​i​h​.​g​o​v​/ (accessed 
on 1 June 2024)]. The DEGs among the samples were 
selected using both a two − fold change method, which 
identifies a two − fold or greater difference in expres-
sion between comparative samples, and a binomial test 
method with an adjusted P − value (FDR) ≤ 0.01. In this 
study, genes were named up-regulated if the log_2 (Fold 
Change) value was greater than 1 and down-regulated if 
it was less than − 1. To analyze the expression patterns 
of significantly expressed genes, hierarchical clustering 
analysis was conducted using the amap and gplot librar-
ies in R. This analysis employed Pearson’s correlation 
to evaluate the similarity of expression patterns among 
genes, and the “complete” method was used for grouping 
the genes.

Gene ontology and Kyoto encyclopedia of gene and 
genome enrichment analyses
Gene Ontology (GO) analysis of the selected DEGs used 
GO information provided by reference databases and was 
conducted using in-house scripts. The significance level 
was set at 0.05, and functional categories were classified 
into biological processes (BP), cellular components (CC), 
and molecular functions (MF). Additionally, annotations 
were performed using the amino acid sequences from 
the Kyoto Encyclopedia of Gene and Genomes (KEGG) 
database and BLASTP, applying a filter criterion of 
e-value ≤ 1e-100 for the best hits.

WCGNA
Based on the RNA-Seq data, a weighted gene co-expres-
sion network was constructed using the WGCNA pack-
age [37], identifying highly correlated gene clusters 
(modules). The data were normalized using the DESeq2 
package to convert them to FPKM format, followed by 
log2 transformation. Subsequently, the scale-free topol-
ogy index was calculated to determine the optimal soft-
thresholding power, and this value was used to identify 
modules through hierarchical clustering and dynamic 
tree-cutting methods. The correlation between each sor-
ghum trait and the gene modules was assessed by calcu-
lating Pearson’s correlation coefficients and statistically 
evaluated. Edge data filtering was performed based on 
the weights of the edges. In particular, to select edges 

from the magenta2 and blue modules, the 50th and 98th 
percentiles of the weight data were calculated, target-
ing the top 50% and top 2% of the weights, respectively, 
and these thresholds were used as the basis for filtering. 
For network analysis, we used the igraph package in the 
R program to generate undirected graphs and calcu-
lated the closeness centrality. The visualization used the 
Kamada-Kawai layout, and the node sizes were adjusted 
proportionally to their centrality values. The node colors 
were assigned using a color palette that transitions from 
blue to red depending on the centrality values.

Validation of gene expression
To validate the selected hub genes, sorghum seeds expe-
riencing a deepening of seed coat color between the hard 
dough and physiological maturity stages were collected 
and immediately frozen in liquid nitrogen. The extracted 
total RNA was treated with a DNA-free kit (Invitrogen, 
Grand Island, NY, USA) to remove DNA contamina-
tion. Then, the first-strand cDNA was synthesized using 
the SuperScript III First-Strand Synthesis SuperMix kit 
(Invitrogen, Grand Island, NY, USA). The transcription 
levels of DEGs were determined by qRT-PCR using Uni-
versal SYBR Green SuperMix (Bio-Rad, Hercules, CA, 
USA) on the CFX96 RT-PCR system (Bio-Rad), with 
SAMDC used as the reference gene. The PCR conditions 
were programmed with an initial denaturation step at 
95 °C for 10 min, followed by 40 cycles consisting of 15 s 
at 95  °C, 15  s at 50  °C, and 30  s at 72  °C. Each sample 
was analyzed in quintuplicate. Relative transcription lev-
els were calculated according to the 2 −∆ ∆ Ct method. 
Gene-specific primers based on the coding sequences 
of Sorghum bicolor L. were designed using Primer3Plus 
software; details of the primers are provided in Supple-
mentary Table 10.

Results
Metabolites and seed coat color profiling in sorghum
Sorghum seeds were categorized by color as white, red, 
brown, and black, and phenolic compounds were ana-
lyzed according to the seed coat color, revealing distinct 
differences across all phenolic compounds (Table  1; 
Fig. 1a). In the color space, the L* values, indicating light-
ness, ranged from 3.0 in black seeds (S4) to 73.6 in white 
seeds (S1). The S2 seeds, with a red seed coat, showed the 
highest a∗ value of 24.8. In contrast, the S3 seeds, with a 
brown seed coat, had an a∗ value of 16.1. The a∗ values 
for the S1 and S4 samples were − 0.4 and − 1.1, respec-
tively, indicating low intensity of red. Additionally, the b∗ 
value, representing the color components between yellow 
(positive) and blue (negative), was measured at 12.9 for 
the S2 samples.

The PCC analysis showed that TTC accounted for 
the largest proportion (more than 90% on average) of 

https://www.ncbi.nlm.nih.gov/
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PCC in all genotypes, while TFC accounted for the sec-
ond highest proportion (more than 7.4% on average) 
(Table S1). TTC was highest in S4 (457.7  mg CE g − 1) 
with a 4.87 − fold increase compared to white seeds (S1; 
94 mg CE g − 1), followed by S2 (353.9 mg CE g − 1) with 
a 3.76 − fold increase and S3 (206.4  mg CE g − 1) with a 
2.20 − fold increase. TFC was highest in S2 (94.9 mg QE 
g − 1; 28.76 − fold higher), followed by S3 (11.5  mg QE g 
− 1; 3.48 − fold higher) and S4 (2.3 mg QE g − 1; 0.70 − fold 
lower). All genotypes showed significant differences in 
PCC content based on seed coat color.

Each sample was analysed for VOCs (Table S2). The 
GC-MS analysis detected six VOCs in the sorghum gen-
otypes, all of which were tentatively identified by mass 
spectra and retention time based on a NIST library simi-
larity index above 90%. As shown in Fig.  1b, the VOCs 
belonged to three classes: ketones (4-methoxy-4-methyl-
2-pentanone, 3,5-dimethyl-2-cyclohexene-1-one, 
isophorone, 3,4-dihydro-3,3,6,8-tetramethyl-1(2  H)-
naphthalenone), alcohols (2-methyl-2-pentanol), and 
hydrocarbon (dehydro-cyclolongifolene oxide). Ketones 
were the dominant VOC category present in all sorghum 

Table 1  Analysis of sorghum seed coloration and inclusion of seed images with lab color space values

Fig. 1  Phenotypic and metabolite content of sorghum seeds and correlation analysis between each traits. (a) PCC in sorghum seed samples. S1, white; 
S2, red; S3, brown; S4, black; CE, catechin; QE, quercetin E; TAE, tannic acid E; CCE, cyanidin chloride. Lowercase letters above the bars indicate significant 
differences between genotypes at the 5% level according to Fisher’s LSD test (n = 3). (b) Volatile compound content released from the sorghum seed 
samples. (c) Correlation analysis between metabolite compounds and seed phenotypes. TAC, total anthocyanin content; TFC, total flavonoid content; 
TPC, total phenolic content; TTC, total tannin content; L*, lightness; a*, red/green value; b*, blue/yellow value; *, P < 0.05; **, P < 0.01; ***, P < 0.001; and ns, 
not significant
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seeds. The content of ketones in the volatiles for all sor-
ghum genotypes ranged from 71 g 100 g − 1 (S1) to 96 g 
100  g − 1 (S4). The highest alcohol content (28  g 100  g 
− 1) was observed in S1 and the lowest (1 g 100 g − 1) was 
observed in S4. As the TTC and TPC of sorghum seeds 
increased, the alcohol content decreased, and the ketone 
content increased.

Pearson correlation analysis was conducted to investi-
gate the correlation between PPC, VOCs and Lab values 
(Fig. 1c). TTC showed a strong positive correlation with 
TPC (r = 0.924, P < 0.001), ketone (r = 0.883, P < 0.001), 
and HC (r = 0.852, P < 0.001), and a strong negative cor-
relation with alcohol (r = -0.898, P < 0.001). The L* 
value showed a strong positive correlation with alco-
hol (r = 0.852, P < 0.001) and a negative correlation with 
HC (r = -0.904, P < 0.001), ketone (r = -0.814, P < 0.01), 
TTC (r = -0.770, P < 0.01), and TPC (r = -0.770, P < 0.01). 
TFC exhibited strong positive correlations with both 
the a* value (r = 0.829, P < 0.001) and b* value (r = 0.881, 
P < 0.001). These results show that there is a strong corre-
lation between lightness and TTC, TPC, and VOCs, and 
TFC is strongly positively correlated with the red (a*) and 
yellow (b*) values. In addition, the interactions between 
ketones and alcohols with other compounds reveal sig-
nificant biochemical relationships.

Analysis of transcriptome sequencing data
The RNA-seq analysis included three replicates of 
sorghum seeds at stage 8.5, when seed coat color is 
expressed (Fig. 2). In total, 155,341,865 clean reads were 
produced, having an average length of 151 bp. The per-
centage of bases with a Phred quality score of 30 (Q30) 
varied between 89.05% and 91.77%, averaging 90.34% 
(Table  2), indicating the high quality of the sequencing 
data. Following the mapping of the collected transcripts, 
we produced 134,338,393 trimmed reads, averaging 
11,194,866 reads for each sample. The reads were aligned 
to the reference open-reading sequence, achieving an 
average mapping rate of 86.45%. We then calculated 
normalized read counts using mapped reads to ascer-
tain gene expression levels. Of the 41,048 reference 
transcripts (15,601,381  bp long), 32,478 (79.12%) were 
expressed (Table S3) and annotated according to Sbicol-
orRio_v2 in the viridiplantae database of NCBI NR (Table 
S4). To evaluate the reproducibility of the results among 
the three biological replicates per sample, we executed a 
hierarchical clustering analysis to examine gene expres-
sion patterns, based on Pearson’s correlation coefficient 
(Fig.  2a). The correlation coefficients among the three 
replicates in S1, S2, S3, and S4 ranged from 0.94 to 0.98, 
indicating high reproducibility of the RNA-seq data.

Analysis of differential gene expressions in sorghum seeds 
with different seed coat color
The DEGs were analyzed by comparing S1 (white) (with 
light seed color) and S2 (red), S3 (brown), and S4 (black) 
(with dark seed color) at the 8.5 stage (Fig. 2b). A total of 
5,536 DEGs were identified in the comparison between 
S2 vs. S1, which included 2,779 up-regulated and 2,757 
down-regulated genes. In the comparison of S3 vs. S1, 
3,560 DEGs were found, of which 1,590 were up-regu-
lated and 1,964 were down-regulated. For S4 vs. S1, the 
analysis revealed 5,619 DEGs, with 2,991 up-regulated 
and 2,628 down-regulated. Across these comparisons, 
166 up-regulated DEGs were consistent, while individual 
counts for S2 vs. S1, S3 vs. S1, and S4 vs. S1 were 2,282, 
483, and 1,915 respectively (Fig.  2c). Regarding down-
regulated DEGs, 282 were consistently noted across all 
comparisons, and specific counts were 2,096, 467, and 
1,126 for S2 vs. S1, S3 vs. S1, and S4 vs. S1 respectively 
(Fig.  2d). When comparing to S1, we identified 3,008 
DEGs that shared similar expression patterns among 
genes within colored seed coats in categories cluster 2 
(1,422 up-regulated DEGs) and cluster 6 (1,586 down-
regulated DEGs), (Figure S1a, b). Moreover, 2,142, 1,032, 
and 1,586 DEGs in categories cluster 3, cluster 5, and 
cluster 6 respectively mirrored expression patterns cor-
related with TPC. Particularly, 37 DEGs in cluster 3 were 
involved in the phenylpropanoid biosynthesis pathway, 
and 48 in the flavonoid biosynthesis pathway. In category 
cluster 6, 26 DEGs pertained to the phenylpropanoid 
pathway and 3 to the flavone/flavonol biosynthesis path-
way, as detailed in Table S5.

GO and KEGG enrichment analyses of DEGs
Analysis of DEGs revealed that 1,422 genes were up-reg-
ulated (cluster 2) and 1,586 were down-regulated (cluster 
6) (Figure S1). GO analysis identified 127 GO terms asso-
ciated with cluster 2 (BP, 73; CC, 27; MF, 27) and 421 GO 
terms associated with cluster 6 (BP, 333; CC, 9; MF, 79), 
with statistical significance noted (p < 0.01). For the up-
regulated genes in cluster 2, the most critical BP was the 
SCF-dependent proteasomal ubiquitin-dependent pro-
tein degradation process (GO:0031146). The most nota-
ble CC was the nucleosome (GO:0000786), and the most 
significant MF involved was the activity of ABC-type 
cadmium transporters (GO:0015434) (p < 0.001) (Fig.  3a 
and Table S6). Regarding the down-regulated genes 
in cluster 6, the most primary BP was the regulation of 
receptor-mediated endocytosis (GO:0048259). The most 
significant CC was the replisome (GO:0030894), and 
the most crucial MF involved was the phosphatidylino-
sitol trisphosphate phosphatase activity (GO:0034594) 
(p < 0.001) (Fig.  3c and Table S6). In addition, cluster 1, 
containing 3,415 DEGs, showed enrichment in 378 GO 
terms (BP, 239; CC, 62; MF, 77), whereas cluster 3 (2,142 
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DEGs) had 268 GO terms (BP, 157; CC, 54; MF, 57). Simi-
larly, cluster 4 (887 DEGs) encompassed 85 GO terms 
(BP, 26; CC, 10; MF, 49), and cluster 5 (1,032 DEGs) com-
prised 477 GO terms (BP, 353; CC, 16; MF, 108). In all of 
these clusters, the most prominent GO terms were intra-
cellular anatomical structure (GO:0005622) and catalytic 
activity (GO:0003824) (p < 0.001) (Table S6).

Functional characterization of DEGs from the compar-
isons of S2 vs. S1, S3 vs. S1, and S4 vs. S1 also included 
KEGG enrichment analyses (Fig.  3b, d and Table S7). 
Analysis identified 102 KEGG pathways associated with 
up-regulated DEGs (cluster 2), and 118 pathways linked 
to down-regulated DEGs (cluster 6). These pathways 
were organized into five primary categories: The largest 

category, metabolism, encompassed 11 subcategories 
including metabolic processes and biosynthesis of sec-
ondary metabolites. Following this, the second-largest 
category was genetic information processing, which 
comprised six subcategories, notably protein folding. The 
third-largest category, Environmental Information Pro-
cessing, was subdivided into two subcategories, includ-
ing Signal Transduction. Cellular processes formed the 
fourth category, and organismal systems were ranked 
as the fifth category. Additionally, KEGG analysis of 
the remaining clusters revealed that cluster 1 had 129 
pathways, cluster 3 had 125 pathways, cluster 4 had 74 
pathways, and cluster 5 had 110 pathways. In these four 

Fig. 2  Comparative analyses of gene expression profiles and differential expressions. (a) Hierarchical clustering illustrating the relationships between 
samples based on Pearson correlation coefficients. (b) Comparison of the number of DEGs in S1 with those in S2, S3, and S4. (c) Venn diagram represent-
ing the up-regulated DEGs, revealed by the comparison of S1 with S2, S3, and S4. (d) Venn diagram representing the down-regulated DEGs, revealed by 
the comparison of S1 with S2, S3, and S4
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Table 2  Information on RNA-seq data from sorghum seeds at the 8.5 stage
Sample ID Raw Reads Avg. Length (bp) Total Length (bp) GC (%) Q30 (%) Clean Reads Mapping Rate

No. of Reads Percent (%)
S1_1 15,382,362 151 2,322,736,662 52.08 90.74 13,925,123 12,947,785 92.98
S1_2 13,274,896 151 2,004,509,296 52.02 91.53 12,139,330 11,343,194 93.44
S1_3 14,726,727 151 2,223,735,777 52.78 89.05 12,785,642 11,840,655 92.61
S2_1 15,344,564 151 2,317,029,164 52.26 90.42 13,632,491 12,848,970 94.25
S2_2 13,856,519 151 2,092,334,369 51.19 89.39 11,999,115 11,288,260 94.08
S2_3 14,591,565 151 2,203,326,315 52.14 90.91 13,256,824 12,449,316 93.91
S3_1 14,127,456 151 2,133,245,856 52.48 89.32 12,342,863 8,829,714 71.54
S3_2 15,537,113 151 2,346,104,063 50.99 89.39 13,481,404 10,274,658 76.21
S3_3 13,934,903 151 2,104,170,353 51.67 91.77 12,830,783 9,753,701 76.02
S4_1 14,437,349 151 2,180,039,699 52.05 90.79 13,108,022 11,046,894 84.28
S4_2 14,955,318 151 2,258,253,018 51.78 90.93 13,573,629 11,433,205 84.23
S4_3 13,904,360 151 2,099,558,360 52.04 89.88 12,266,639 10,282,041 83.82
Mean 90.34 11,194,866.08 86.45
Total 174,073,132 26,285,042,932 155,341,865 134,338,393
GC (%): GC content. Q30 (%): ratio of bases that have Phred quality score of over 30. No. Reads: Number of mapped reads

Fig. 3  GO and KEGG enrichment analyses of the DEGs in S1 vs. S2, S3, and S4 comparisons. (a, b) Enriched GO terms and KEGG categories among the 
up-regulated DEGs. (c, d) Enriched GO terms and KEGG categories among the down-regulated DEGs
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clusters, the metabolism category was the most promi-
nent (Table S7).

Identification of seed coat color-related gene 
co-expression modules by WGCNA
To identify the genes associated with seed coat color, 
we performed WGCNA by integrating data containing 
32,498 genes obtained from the S2 vs. S1, S3 vs. S1, and 
S4 vs. S1 transcriptome comparisons with the physiologi-
cal parameters PCC, VOCs, and Lab values. To deter-
mine the appropriate soft threshold value for WGCNA, 
the scale-free fit index was targeted to maintain a mini-
mum level of 0.8. According to the graph, a threshold 
of 6 or higher consistently maintained a high scale-free 
fit index, which was then used as the basis for configur-
ing the network (Fig. 4a, left). At higher thresholds, the 
network more stringently selects nodes for connection, 
incorporating only gene pairs with strong co-expression 
relationships (Fig.  4a, right). This selective approach 
enhances the precision of network analysis and enables 
clearer biological interpretations. The gene clustering 
dendrogram was constructed based on the correlation of 
gene expression. Each color represents a specific module, 
with gray indicating genes that could not be classified 
into any module. After the preliminary module division, 
the results were refined based on module eigengene simi-
larity with a threshold > 0.40, leading to the merger of 
modules with similar expression patterns. Ultimately, this 
process yielded 14 co-expressed modules (Fig. 4b). Each 
module contains the following genes: sienna1 (51 genes), 
darkseagreen2 (82 genes), blue (2,204 genes), darkgold-
rod4 (45 genes), dark olivegreen (71 genes), orange4 (50 
genes), brown1 (70 genes), mediumpurple (95 genes), 
blue1 (42 genes), brown3 (41 genes), magenta2 (64 
genes), lightcyan (415 genes), pink3 (73 genes), and grey 
(53 genes). The information on the genes belonging to 
each module is given in Table S8.

Analysis of sample expression patterns and screening of 
key modules
Pearson correlation coefficient (r > 0.5) and significance 
of p-value (p < 0.05) were used as criteria to assess the 
strength and significance of the associations between 
gene modules and traits such as sorghum seed coat 
color and PCC, and VOCs (Fig. 5a). The results showed 
that the magenta2 module had strong correlations 
with TTC (r = 0.98, P < 0.001), TPC (r = 0.95, P < 0.001), 
ketone (r = 0.78, P < 0.01), alcohol (r = -0.80, P < 0.01), 
and L* value (r = -0.70, P = 0.01). The negative correla-
tion between alcohol and L* values ​​indicates a strong 
adverse effect associated with this module. The blue 
module exhibited significant associations with TFC 
(r = 0.98, P < 0.001), a* value (r = 0.76, P < 0.01), and b* 
value (r = 0.91, P < 0.001). The light cyan module showed 
a significant correlation with TAC (r = 0.85, P < 0.001). 
Through the analysis of module membership versus gene 
significance, we confirmed how each module’s member-
ship correlates with the importance of genes for these 
traits (Fig.  5b, c). This demonstrates the significant role 
that each module plays in representing traits.

Network analysis and validation of gene expression
DEGs were selected from the magenta2 and blue mod-
ules, and their interactions were analyzed using closeness 
centrality. As a result, 12 and 16 genes were included in 
the association analysis for the magenta2 and blue mod-
ules, respectively (Table S9). Notably, in the magenta2 
module, which showed a strong correlation with TTC, 
TPC, VOCs, and L* values, the gene SbRio.02G135800.1, 
with a closeness value of 0.774, was identified as a hub 
gene. This gene encodes the ABC TRANSPORTER 
B FAMILY MEMBER 28 (ABCB28), part of the AT-
binding cassette (ABC) transporter family (Fig.  6a and 
Table S3). In the blue module, SbRio.02G242300.1 and 
SbRio.02G265800.1 were identified as hub genes, with 
closeness values of 0.491 and 0.518, respectively (Fig. 6b 

Fig. 4  Co-expression network construction by WGCNA. (a) Soft power curves, where the x-axis represents the power value, the y-axis (left) represents the 
correlation coefficient, and the y-axis (right) represents the average connectivity of genes. (b) Gene cluster dendrogram and module colors
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and Table S3). SbRio.02G242300.1 encodes the Pentatri-
copeptide Repeat Containing Domain 1 (PTCD1), which 
plays a role in the processing of mitochondrial RNA and 
maintaining its stability. SbRio.02G265800.1 encodes 
the Ankyrin repeat-containing domain (ANK), a protein 
with ankyrin repeats. qRT-PCR analysis was conducted 

to verify the expression of hub genes from each module 
(Table S10). The expression levels of ABCB28 were 2.62-, 
1.66-, and 3.15 − fold higher in S2, S3, and S4, respec-
tively, compared to S1, showing a similar expression pat-
tern to the RNA-seq results (Fig. 6c). PTCD1 expression 
increased by 2.03 − fold in S2 compared to S1, while it 

Fig. 5  Correlations between 14 modules and traits were analysed and gene significance of selected key modules were assessed (a) module-trait relation-
ships. (b, c) Correlation analysis of key module membership and gene significance
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was lower in S3 and S4, at 0.29-and 0.19 − fold, respec-
tively. ANK expression was 5.06 − fold higher in S2 and 
1.44 − fold higher in S4 but only 0.31 − fold higher in S3. 
Despite the differences, PTCD1 and ANK showed expres-
sion patterns similar to the RNA-seq results (Fig.  6d). 
Additionally, other genes in the magenta2 module, such 
as SbRio.01G476300.1 (HAT22), SbRio.06G141800.1, 
SbRio.01G323100.1, and SbRio.01G175800.1, displayed 
expression patterns consistent with the RNA-seq results 
(Figure S2). Likewise, in the blue module, genes rep-
resented by orange nodes, such as SbRio.07G145200.1 

(UGT85A24), SbRio.01G174400.1 (F3H), 
SbRio.01G568800.1 (NADP), and SbRio.02G109500.1 
(CHAF1A), also showed expression patterns similar to 
the RNA-seq results (Figure S3). The qRT-PCR data vali-
dated the RNA-seq results, thereby confirming the reli-
ability of the transcriptomic findings.

Discussion
Sorghum phenolics are predominantly concentrated 
in the testa and vary in content depending on the sor-
ghum variety and genotype [38]. Tannins and flavonoids 

Fig. 6  Co-expression network of magenta2 (a) and blue (b) modules. (c) Expression validation of selected hub genes in Magenta2 module. (d) Expression 
validation of selected hub genes in blue module. Nodes colored closer to red represent higher centrality levels, while those closer to green represent 
lower centrality levels
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are indirectly or directly associated with seed coat color. 
Sorghum contains high-molecular-weight tannins, and 
the concentration of tannins varies with the color of 
the variety [11]. Generally, as the seed coat of sorghum 
grains darkens, the content of tannins increases [39]. 
For example, red and brown sorghum have higher con-
tents of biologically active compounds such as tannins 
[40]. In a preliminary screening of 80 sorghum mutant 
lines with diverse seed coat colors, we also observed a 
negative correlation between total tannin content and 
L* value (r = -0.648, P < 0.001) (Table S11 and Figure 
S4). In the current research, the correlation between the 
numerically quantified Lab values of sorghum seed coat 
color and phenolic compounds was analyzed, reveal-
ing a significant negative correlation between TPC and 
L* value (lightness) (r = -0.770, P < 0.01). This indicates 
that as lightness decreases, tannin content increases. 
However, seed coat color should not be considered an 
absolute criterion for determining the tannin content of 
sorghum [41], and not all sorghum varieties with colored 
seed coats contain tannins. In particular, the presence of 
a colored testa (tannin-containing layer) can influence 
the presence or absence of tannins [42]. Therefore, the 
high tannin content in the sorghum varieties used in this 
research is presumed to be due to the presence of colored 
testa. Although seed coat color is not a definitive indica-
tor of tannin content, it can serve as an indirect marker 
in the breeding of high-tannin sorghum varieties. Flavo-
noids, as major secondary metabolites, provide the pri-
mary pigmentation in flowers and fruits, such as red and 
purple colors, through compounds such as anthocyanins 
and anthoxanthins [43]. Additionally, sorghum varieties 
with red seed coats showed a high correlation with the a* 
value (blue/red ratio) (r = 0.829, P < 0.001), where a posi-
tive a* value indicates redness, closely associated with fla-
vonoid content. This suggests that sorghum varieties with 
red seed coats can exhibit high flavonoid levels, provid-
ing essential foundational data for breeding health-func-
tional and industrially significant sorghum varieties.

In contrast to traditional mutant breeding approaches 
that prioritize DEGs based on expression levels alone 
[44, 45], we employed WGCNA to indicate gene mod-
ules that correlate more directly with specific pheno-
typic traits. This methodological advancement facilitates 
a deeper understanding of genetic networks influencing 
trait expression, enhancing our ability to identify critical 
genes for targeted breeding. Our analysis differentiated 
the phenolic and volatile profiles of four sorghum geno-
types with diverse seed coat colors, integrating RNA-seq 
data with phenotypic traits to discover modules and hub 
genes critical for metabolite biosynthesis. These findings 
pave the way for future research to explore the functional 
roles of candidate genes in phenolic and volatile com-
pound accumulation.

As a result of the WGCNA, we identified the magenta2 
module, which is related to TTC, TPC, VOCs and L* 
values, and the blue module, which has a strong associa-
tion with TFC and a* and b* values. Based on the DEGs 
of each module, we performed a closeness centrality 
network analysis. We applied closeness centrality to 
identify hub genes that are, on average, located closer to 
other genes within the network, thereby playing a criti-
cal role in metabolic pathways and functional interac-
tions [46]. The closeness centrality analysis revealed 12 
genes in the magenta2 module, with SbRio.02G135800.1 
having the highest centrality levels and being selected as 
the hub gene (Fig. 6a). The hub gene SbRio.02G135800.1 
encodes the ABCB28 gene. The expression levels of 
SbRio.02G135800.1 were 2.62-, 1.66-, and 3.15 − fold 
higher in S2, S3, and S4, respectively, compared to S1 
(Fig.  6c). This ABCB28 gene belongs to the ABC trans-
porter family, which is known to transport various 
molecules across cellular membranes, primarily in an 
ATP-dependent process. Furthermore, ABC transport-
ers play a crucial role in transporting various metabo-
lites across plant cell membranes, particularly flavonoids, 
which are secondary metabolites in plants [47]. These 
metabolites include antioxidants that contribute to the 
plant’s physiological response and human health benefits. 
In particular, multidrug resistance-associated protein-
type ABC transporters are involved in flavonoid trans-
port, especially in vacuolar flavonoid accumulation [48]. 
For example, in maize, the ABC transporter ZmMRP3 
is located on the tonoplast and helps accumulate antho-
cyanins [49], while in soybean roots, the plasma mem-
brane ABC transporter mediates the secretion of 
isoflavone genistein [50]. Interestingly, the overexpres-
sion of SbRio.02G135800.1 was associated with increased 
TTC and TPC levels. SbRio.02G135800.1 plays a key role 
in the transport of secondary metabolites which may 
contribute to seed coat color formation in crops. The 
increased expression of this gene could have significant 
effects on seed coat color, which may enhance consumer 
preference and market value.

Additionally, the strong association of the magenta2 
module with VOCs can be explained by underlying 
biochemical interactions. Our investigation into TTC, 
TPC, and VOCs showed a significant positive correla-
tion between these two types of compounds (Fig.  1c). 
These correlations are likely due to shared biosynthetic 
pathways from which phenolics, and certain ketones are 
derived: for example, ketones that can act as natural anti-
oxidants similar to phenolics are known to be derived 
from similar pathways. In adipocytes, compounds such as 
raspberry ketones inhibit the expression of genes related 
to lipogenesis and metabolism and exhibit antioxidant 
functions similar to those of phenolics [51]. Furthermore, 
in studies involving lemon and orange honey, the positive 
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correlation observed between phenolics and ketones [52], 
supports our results and suggests a similar mechanism 
might be at play in sorghum. Furthermore, alcohol pro-
duction via the phenylpropanoid pathway, which starts 
from amino acids such as phenylalanine, which also serve 
as precursors to phenolics, demonstrates biochemical 
interdependence. This interaction suggests that the syn-
thesis of alcohols might affect or be affected by the pro-
duction of phenolics, which in turn, responds to various 
environmental stresses, thus influencing the VOC profile 
in sorghum.

In the blue module, SbRio.02G242300.1 and 
SbRio.02G265800.1 were selected as hub genes (Fig. 6b). 
SbRio.02G242300.1 encodes the PTCD1 gene, and its 
expression level was increased by 2.03 − fold at the S2 
stage compared to S1, while it decreased to 0.29-and 
0.19 − fold at the S3 and S4 stages, respectively (Fig. 6d). 
The PTCD1 gene plays a role in mitochondrial RNA pro-
cessing and stability and has primarily been studied in 
animals. As such, there is a lack of research regarding 
PTCD1 in plants. However, since PTCD1 contains sev-
eral pentatricopeptide repeat (PPR) domains, it is likely 
to perform similar functions to other PPR domain pro-
teins, which are known to be crucial in RNA processing 
and regulation in both animals and plants. PPR domain 
proteins are found in plants and are primarily involved 
in RNA processing, editing, and translation in chloro-
plasts and mitochondria. They also play diverse roles in 
plant growth and development, including seed develop-
ment, photosynthesis, and responses to biotic and abiotic 
stresses [53]. Many secondary metabolites in plant cells 
are synthesized from primary metabolites, with precur-
sor compounds being formed through the Krebs cycle 
and shikimate pathway [54, 55]. In particular, second-
ary metabolism largely depends on primary metabolism 
for the necessary enzymes, ATP, and cellular machin-
ery [55]. Among these, ATP is essential in the shikimate 
pathway because it provides the phosphate group for the 
phosphorylation of shikimate, a key intermediate lead-
ing to the production of chorismite and, ultimately, aro-
matic amino acids [56]. Meanwhile, chloroplasts serve 
as a key metabolic center in plants, carrying out vari-
ous critical biosynthetic pathways, including amino acid 
and fatty acid biosynthesis, hormone production, and 
immune responses. Most notably, they perform photo-
synthesis, converting light energy into carbohydrates [57, 
58]. PPR proteins influence chloroplast gene function 
and expression [59, 60], and thus, may affect photosyn-
thetic efficiency. This, in turn, could directly impact ATP 
production, indirectly contributing to biochemical pro-
cesses such as the shikimate pathway that rely on ATP 
as an energy source. Since phenolic compounds are syn-
thesized through the shikimate pathway, the regulation 

of PPR genes could indirectly influence the synthesis of 
phenolic compounds, such as flavonoids.

Finally, SbRio.02G265800.1 encodes the ANK gene. 
Its expression level increased by 5.06 − fold in S2 and 
1.44 − fold in S4 compared to S1, while it was lower in S3 
at 0.31 − fold (Fig. 6d). Proteins containing ANK domains 
are involved in various physiological pathways in plants, 
including responses to abiotic stress [61], light regula-
tion [62], cell differentiation and development [63, 64], 
and organogenesis [65, 66]. In particular, ANK genes 
contain domains that play crucial roles in protein–pro-
tein interactions, which are essential for cellular signal 
transduction and developmental processes [67]. More-
over, the expression of ANK genes can be regulated by 
various plant hormones, such as auxin, salicylic acid, and 
abscisic acid (ABA) [68]. These hormones are key regula-
tors of plant stress responses and development, and the 
changes in ANK gene expression are influenced by these 
hormonal signaling pathways. Plant hormones also play 
a critical role in regulating the biosynthesis of second-
ary metabolites, such as flavonoids [69]. Previous studies 
have shown that, in Nitraria tangutorum Bobr, ABA is 
crucial for the accumulation and regulation of flavonoids 
and anthocyanins [70]. Similarly, in Fragaria × ananassa, 
ABA promotes FaMYB10 expression, which acceler-
ates the expression of flavonoid pathway genes, leading 
to increased anthocyanin accumulation [71]. Auxin, in 
contrast, regulates flavonoid biosynthesis during plant 
growth and development, enhancing the plant’s adaptive 
capacity [72]. Thus, hormonal regulation of ANK gene 
expression may impact flavonoid biosynthesis pathways, 
leading to significant changes in the physiological charac-
teristics and stress responses of plants.

Conclusion
In this study, we analyzed the relationship between sor-
ghum seed coat color, PCC, and VOCs identifying key 
genetic regions through RNA-seq and WGCNA. PCC 
and VOCs showed a significant correlation with seed 
coat color, with darker seeds showing higher phenolic 
and ketone contents. We identified important hub genes 
such as ABCB28, PTCD1, and ANK in the key module, 
providing insights into their roles in regulating phenolic 
and volatile compoun accumulation. These findings will 
not only increase our understanding of the molecular 
mechanisms of sorghum seed coat color and metabolite 
biosynthesis but also provide essential data for improving 
the food and industrial uses of sorghum.
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