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Background: Type 2 diabetes is a complex metabolic disorder characterized by insulin resistance and progressive beta-cell dysfunc-
tion. Although sex differences in type 2 diabetes prevalence, progression, and complications have been reported, the molecular 
mechanisms underlying these differences remain largely unknown. We aimed to utilize single-cell RNA sequencing to identify a be-
ta-cell cluster that is more prevalent in males than in females and exhibits distinct gene expression patterns, gene set enrichment pro-
files, and cell-cell communication compared to other clusters.
Methods: FASTQ files from four public datasets were preprocessed, aligned to the human genome (GRCh38), and integrated into a 
high-quality matrix to mitigate batch effects. We focused on beta-cells from type 2 diabetes patients, performed trajectory inference 
to identify clusters, and conducted differential gene expression and gene set enrichment analyses. These findings were validated us-
ing bulk RNA-seq datasets. Additionally, cell-cell communication analysis was performed to identify ligand-receptor interactions, 
followed by a sensitivity analysis to assess sex-specific differences.
Results: We identified a male-dominant beta-cell cluster (adjusted P value=4.2×10–6) that displayed unique gene expression pat-
terns and downregulation of pathways associated with protein metabolism and insulin synthesis. Differentially expressed genes (e.g., 
interleukin 24 [IL24], regulator of G protein signaling like 1 [RGSL1]) were confirmed through bulk analysis. Moreover, the cluster 
demonstrated distinct communication patterns with other cell types, underscoring sex-specific differences.
Conclusion: We have identified a male-dominant beta-cell cluster characterized by distinct gene expression, signaling pathways, 
and cell interactions. These findings provide insights into the pathophysiology of type 2 diabetes and may inform the development of 
more effective, sex-specific therapeutic strategies in the future.
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INTRODUCTION

Type 2 diabetes is a complex metabolic disorder characterized 
by insulin resistance and progressive beta-cell dysfunction [1]. 
The complications associated with type 2 diabetes significantly 
impact disease prognosis and are influenced by multiple factors, 
with pancreatic islet cell dysfunction playing a critical role in 
their development and progression [2]. Patients with diabetes 
mellitus are two to three times more likely to die from any cause 
[3]. Furthermore, diabetes mellitus is the second-largest contrib-
utor to the decline in global health-adjusted life expectancy [4].

Although sex differences in type 2 diabetes prevalence, pro-
gression, and complications have been documented, the molec-
ular mechanisms underlying these differences remain largely 
unexplored. Clinical studies indicate that women present with a 
higher burden of risk factors at the time of type 2 diabetes diag-
nosis, including excess weight gain and hypertension [5,6]. Fur-
thermore, female type 2 diabetes patients face a higher relative 
risk of cardiovascular complications and mortality compared to 
their male counterparts [7]. These observations suggest poten-
tial disparities in endocrine cell function between males and fe-
males with type 2 diabetes. Elucidating these differences may 
facilitate the development of novel, sex-specific treatments for 
type 2 diabetes.

Single-cell RNA sequencing of pancreatic islets is a powerful 
tool for studying the pathology of type 2 diabetes. This technol-
ogy enables researchers to analyze gene expression profiles of 
individual cells within the islets of Langerhans, including insu-
lin-producing beta-cells and other cell types [8]. By examining 
these cells at the single-cell level, specific gene expression 
changes that contribute to beta-cell dysfunction in type 2 diabe-
tes can be identified [9]. 

In our study, we integrated four public datasets to mitigate 
batch effects, focusing solely on cells derived from type 2 dia-
betes patients. Next, we performed trajectory inference analysis 
to identify dominant beta-cell clusters. We then investigated 
these clusters by comparing differential gene expression and 
signaling pathway activities between each cluster and the oth-
ers. The genes identified in these comparisons were subsequent-
ly validated using an additional bulk dataset. Given that beta-
cells comprise the majority of the Langerhans islets (60%) [10], 
we further examined how each cluster interacts with other cell 
types. Finally, we bolstered our findings on cell-cell communi-
cation by conducting a sensitivity analysis of differential gene 
and signaling pathway expression between beta-cells in males 
and females.

METHODS

Gene expression matrix construction
Sequence Read Archive (SRA) files were obtained from four pub-
lic datasets (GSE81547, GSE81608, E-MTAB-5061, GSE86469) 
and converted to FASTQ files using the sra-toolkit library [8,9, 
11-13]. The quality of the FASTQ reads was assessed using the 
fastqc and multiqc libraries [14,15]. Quality control was then 
performed using the fastp library with a Phred score threshold of 
20 [16,17]. The resulting output files were mapped to the human 
reference genome version 38 (GRCh38.111) to construct gene 
expression matrices using the STAR library [18,19]. Finally, four 
annotated data objects (anndata objects) were created from these 
matrices using the anndata library [20].

Quality control and normalization of the anndata objects
Quality control was performed on the four anndata objects fol-
lowing the guidelines [21]. Low-quality cells were filtered using 
the numpy, scanpy, seaborn, and scipy libraries [22-25]. Three 
covariates were used for cell quality control: the number of 
counts per cell, the number of genes expressed per cell, and the 
fraction of counts from mitochondrial genes per cell. The thresh-
olds for these covariates were determined using the median ab-
solute deviations (MAD); the cutoffs for the number of counts 
per cell and the number of genes expressed per cell were set at 5 
MADs, while the threshold for the mitochondrial gene fraction 
was set at 3 MADs [21]. Correction for ambient RNA was per-
formed using the anndata2ri, rpy2, and SoupX libraries [26-28]. 
This step involved first reducing the data dimensions using prin-
cipal component analysis, followed by clustering the cells on a 
k-nearest neighbors algorithm (KNN) graph with the Leiden al-
gorithm, and then applying SoupX [21]. Doublet detection was 
performed using the scDblFinder library [29]. After eliminating 
all doublets and low-quality cells, the objects were normalized 
using Scran’s pooling-based size factor estimation method via 
the Scran library [30]. The datasets were first dimensionally re-
duced using principal component analysis and clustered using 
the Leiden algorithm; the resulting clusters were then used to 
compute size factors, which were subsequently applied to nor-
malize the datasets. 

Data integration
The four datasets were merged into a single final dataset, and 
highly variable genes were selected using the scanpy library 
[23]. The dataset was then annotated with cell types, and batch 
effects were removed through batch integration using the scVI 
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and scANVI libraries [31-33]. The expression matrix is repre-
sented as log-normalized counts. Finally, the dataset was filtered 
to retain only cells derived from type 2 diabetes patients.

Trajectory inference analysis
This step was performed using the Seurat and Monocle libraries 
[34,35]. First, a Seurat object was created from a type 2 diabetes 
beta anndata object that contained only type 2 diabetes beta-
cells. This object was then converted into a CellDataSet (CDS) 
object compatible with the Monocle library. The CDS object 
was processed following the library’s tutorial and dimension re-
duction was performed using the Discriminative dimensionality 
reduction via learning a tree (DDRTree) algorithm to elucidate 
cellular trajectories. Differences in the proportions of clusters 
between sexes were examined using Fisher’s exact row-wise 
test. The threshold for the adjusted P value was 0.05.

Differential gene expression
Differential gene expression analysis was conducted using the 
scanpy library [23]. Data were expressed as log2 fold change, 
and the unpaired t test was used for statistical comparisons. 
Thresholds were set at an adjusted P value of 0.05 and a log₂ 
fold change of 0.5.

Bulk analysis
To validate the differential gene expression results between 
cluster 1 and the remaining clusters, we employed a bulk dataset 
(accession number GSE86468) and pyDESeq2 to obtain differ-
ential expression data [12,36]. Only bulk samples derived from 
type 2 diabetes patients were included. The Wald test was used 
for statistical analysis, with an adjusted P value threshold of 
0.05.

Gene set enrichment analysis
Gene set enrichment analysis was performed using the gseapy 
library to compare one cluster against the remaining clusters, 
using the BO: Biological Processes 2023 dataset [37-39]. Gene 
lists with corresponding scores from the differential gene ex-
pression analysis were utilized, and a false discovery rate (FDR) 
cutoff of 0.25 was applied [40].

Cell-cell communication
Interactions between each cluster and other cell types were ex-
amined using the CellChat library, which analyzed both the 
number and strength of interactions and identified the ligand-re-
ceptor pairs involved in these communications [41].

RESULTS

Trajectory inference of beta-cells to identify the dominant 
cluster in the type 2 diabetes group
We examined the distribution of cell types within the type 2 dia-
betes group (Fig. 1A). Clustering beta-cells based on trajectory 
analysis revealed differences in cluster proportions between 
sexes (Fig. 1B, C). Specifically, cluster 1 represented 52.67% of 
beta-cells in males, compared to 33.52% in females (Fig. 1D). 
Although cluster 4 was the second-largest cluster in both sexes, 
its proportion was higher in females (31.27%) than in males 
(21.33%). Clusters 2 and 3 exhibited similar patterns, with pro-
portions around 8% in males and 15% in females. The smallest 
cluster in females, cluster 5, accounted for approximately 10% 
(Fig. 1D). A Fisher’s exact row-wise test was performed for 
each cluster to compare sexes, revealing that cluster 1 is domi-
nant in both groups and has the smallest adjusted P value (4.2×

10–6) (Fig. 1D).

Differences in gene and signaling pathway expression 
between cluster 1 and the remaining clusters
Next, we compared gene expression and gene set enrichment 
profiles between cluster 1 and the other clusters. As shown in 
Fig. 2A, cluster 1 displayed distinct gene expression patterns, 
with vesicle-associated membrane protein 4 (VAMP4), cell di-
vision cycle 7 (CDC7), and polymeric immunoglobulin recep-
tor (PIGR) being downregulated relative to their expression in 
other clusters. This downregulation may be associated with re-
duced activity in protein transportation and protein metabolism 
processes in cluster 1 (Fig. 2B). Additionally, signaling path-
ways involved in protein metabolism and transportation—such 
as the endosomal transport pathway, transcription by RNA 
polymerase II pathway, and protein localization pathway, which 
may relate to insulin production—were downregulated in clus-
ter 1 compared with the other clusters (Fig. 2B, G, H, I). In con-
trast, when comparing cluster 2 to the remaining clusters, sig-
naling pathways related to apoptotic processes—including posi-
tive regulation of apoptotic process, regulation of apoptotic pro-
cess, and positive regulation of programmed cell death—were 
upregulated (Fig. 2C). Gene set enrichment analyses for clusters 
3 and 4 relative to the other clusters revealed similar trends re-
garding protein metabolism and transportation pathways. Spe-
cifically, pathways such as peptidyl-serine phosphorylation, 
peptidyl-serine modification, phosphorylation, and endosomal 
transport were upregulated in both clusters (Fig. 2D, E). Nota-
bly, in cluster 4, pathways related to ribosome synthesis (e.g., ri-
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Fig. 1. (A) Uniform Manifold Approximation and Projection (UMAP) representing all cell types in the type 2 diabetes group created using 
the UMAP method of the scanpy library. (B) Trajectory inference of beta-cells in both sexes created using the Monocle library. (C) Trajecto-
ry inference of beta-cells in males (left) and females (right) created using the Monocle library. These plots reveal different beta-cell clusters 
based on cell differentiation processes. (D) Stacked bar graph representing the proportion of each cluster by sex (left) and the results of Fish-
er’s exact row-wise test for differences in cluster proportions between sexes (right). Two graphs show the most dominant beta-cell cluster in 
the dataset (cluster 1).
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bosome biogenesis and ribonucleoprotein complex biogenesis) 
were downregulated, while the T-cell receptor signaling path-
way is upregulated compared to other clusters (Fig. 2E). Finally, 
in cluster 5, the endosomal transport pathway was downregulat-
ed relative to the other clusters (Fig. 2F).

Verification through bulk analysis
To validate the significant differences in gene expression be-
tween cluster 1 and the remaining clusters, bulk analysis was 
performed using an additional bulk dataset. The log₂ fold change 
cutoff was set at 0.5. Insulin receptor related receptor (INSRR) 
expression was found to be downregulated in males compared 
to its expression in females (adjusted P=0.041). In contrast, 
VAMP4, CDC7, and PIGR expression levels are upregulated in 

males compared to those in females (adjusted P=0.0004, 0.015, 
and 0.044, respectively) (Fig. 3). 

Disparities in cell-cell communication between each cluster 
and other cell types
We next examined the interactions between each cluster and oth-
er cell types. In terms of interaction count, all clusters exhibited 
the highest number of interactions with ductal cells (Fig. 4A), 
while the fewest interactions occurred with alpha-cells. Notably, 
cluster 1 displayed the largest number of interactions with most 
cell types, except for delta cells (Fig. 4A). Regarding interaction 
strength, communication between each cluster and ductal cells 
was the strongest, whereas interactions with alpha-cells were the 
weakest across all clusters. Specifically, cluster 1 demonstrated 
the strongest interaction with ductal cells among all clusters (Fig. 
4A). Analysis of ligand-receptor pairs revealed that, in addition 
to common pairs, the natriuretic peptide A (NPPA)-natriuretic 
peptide receptor 1 (NPR1) pair was uniquely employed by clus-
ter 1 to communicate with acinar cells (Fig. 4B, C). Furthermore, 
clusters 1, 2, and 4 utilized the nerve growth factor (NGF)-neu-
rotrophic receptor tyrosine kinase 1 (NTRK1) pair for interac-
tion with delta cells. In contrast, most clusters used the cell ad-
hesion molecule 3 (CADM3)-CADM3 pair for communication 
with other cell types, except for ductal cells (Fig. 4B, C). Only 
clusters 1 and 5 employed the TNF superfamily member 18 
(TNFSF18)-TNF receptor superfamily member 18 (TNFRSF18) 
pair to communicate with alpha cells and gamma cells. The 
CD160-TNF receptor superfamily member 14 (TNFRSF14) pair 
was used exclusively by clusters 1 and 5 for interactions with ac-
inar and alpha cells (Fig. 4B, C). Lastly, clusters 1 and 5 used the 
gap junction protein alpha 5 (GJA5)-GJA5 pair to interact with 
nearly all cell types, although neither cluster used this pair to 
communicate with alpha-cells (Fig. 4B, C). 

Differences in gene and signaling pathway expression 
between beta-cells in males and females
To reinforce our findings regarding ligand-receptor interactions, 

Fig. 3. Volcano plot representing the differences in gene expression 
between bulk samples in male and female patients performed using 
pyDeseq2. The cutoff for the adjusted P value and log2 fold change 
were 0.05 and 0.5, respectively. IL24, interleukin 24; RGSL1, regu-
lator of G protein signaling like 1; HORMAD1, HORMA domain 
containing 1; PSMC1P12, proteasome 26S subunit, ATPase 1 pseu-
dogene 12.
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Fig. 2. Continued. (B) Differences in gene set enrichment between cluster 1 and the remaining clusters performed by the gseapy library. The 
signaling pathways related to protein metabolism and protein transportation are downregulated in cluster 1 compared to those in other clus-
ters. (C) Gene set enrichment for cluster 2 compared to the remaining clusters conducted using the gseapy library. (D) Gene set enrichment 
for cluster 3 compared to the remaining clusters performed by the gseapy library. (E) Gene set enrichment for cluster 4 compared to the re-
maining clusters conducted by the gseapy library. (F) Gene set enrichment for cluster 5 compared to the remaining clusters performed using 
the gseapy library. The cutoff for the false discovery rate (FDR) is 0.25. Statistical details of the differences in three pathways between clus-
ter 1 and the remaining clusters: endosomal transport pathway (H), transcription by RNA polymerase II (G), and protein localization (I). All 
three gene set enrichment analysis (GSEA) plots were drawn using the gseapy library. All three pathways are downregulated in cluster 1 
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Fig. 4. (A) Heatmaps representing the number of interactions (left) and the strength of interactions (right) between each cluster (cluster 1–
cluster 5) and other cell types created using the netVisual_heatmap method of the CellChat library. Cluster 1 has the largest number of inter-
actions with most cell types. (B) Dot plot of ligand-receptor pairs used by each cluster to communicate with other cell types. This plot was 
created using using the netVisual_bubble method of the CellChat library. (C) Chord plots representing how each cluster uses six ligand-re-
ceptor pairs: cell adhesion molecule 3 (CADM3)-CADM3, CD160-TNF receptor superfamily member 14 (TNFRSF14), gap junction pro-
tein alpha 5 (GJA5)-GJA5, nerve growth factor (NGF)-neurotrophic receptor tyrosine kinase 1 (NTRK1), natriuretic peptide A (NPPA)- na-
triuretic peptide receptor 1 (NPR1), and TNF superfamily member 18 (TNFSF18)-TNF receptor superfamily member 18 (TNFRSF18) to 
communicate with other cell types. These plots were drawn using the netVisual_chord_cell method of the CellChat library.

a sensitivity analysis was conducted. We assessed differences  
in gene expression in beta-cells between males and females us-
ing cutoffs of 0.5 for log₂ fold change and 0.05 for the adjusted P 
value, as well as gene set enrichment analysis with an FDR cut-
off of 0.25. The analysis revealed significant differences in gene 
and signaling pathway expression between beta-cells in males 
and females. Notably, NGF expression was downregulated in 
males relative to females (adjusted P=0.0017). In contrast, 
TNFSF18 and CADM3 displayed the opposite pattern, with 
higher expression in males (adjusted P=0.004 and 0.036, re-
spectively) (Fig. 5A, B). Further gene set enrichment analysis 
showed that pathways related to protein transportation and me-
tabolism, such as protein localization to the membrane, positive 
regulation of intracellular protein transport, and protein auto-
phosphorylation, were downregulated in beta-cells in males 
compared to beta-cells in females (Fig. 5C-E). Notably, path-
ways associated with ribosome synthesis—specifically ribosome 
biogenesis and ribonucleoprotein complex biogenesis—were 
upregulated, while the T-cell receptor signaling pathway was 
downregulated in beta-cells in males relative to beta-cells in fe-
males (Fig. 5C, F).

DISCUSSION

Our research investigated the underlying causes of sex differ-
ences in patients with type 2 diabetes mellitus. Our results re-
veal significant differences in the pancreatic cellular patterns of 
a beta-cell cluster that extend beyond conventional blood sugar 
measurements. Specifically, we observed variations in the pro-
portion of cluster 1 beta-cells, as well as differences in gene ex-
pression, signaling pathway activity, and cell-cell communica-
tion between this cluster and the others.

Our findings are consistent with previous studies that have 
identified sex differences in type 2 diabetes pathophysiology; 
however, our study provides a more detailed view at the single-
cell level. Unlike prior research that primarily focused on blood 
sugar levels and clinical properties, we uncovered cellular pat-
terns that offer deeper insights into sex-specific disease mecha-

nisms. We found that cluster 1 beta-cells exhibit downregulated 
signaling pathways related to protein synthesis and transporta-
tion. Moreover, these cells utilize the TNFSF18-TNFRSF18 pair 
to communicate with alpha and gamma-cells—a mechanism 
that plays a critical role in the progression of autoimmune diabe-
tes [42]. The dominance of cluster 1 in males may be linked to 
the higher incidence of type 1 diabetes observed in males than in 
females [43,44]. Additionally, clusters 1, 2, and 4 use the NGF-
NTRK1 pair to interact with delta cells; NGF-NTRK1 is pivotal 
for beta-cell survival, and NGF withdrawal triggers apoptosis by 
inhibiting phosphatidylinositol 3-kinase (PI3K), protein kinase 
B, and the Bad survival pathway while activating c-Jun kinase 
[45]. The downregulation of protein metabolism and transporta-
tion pathways in males, which can lead to endoplasmic reticu-
lum (ER) stress [46], may ultimately result in cell death if pro-
longed [47-49]. This observation helps explain why female islets 
maintain greater beta-cell function during ER stress compared to 
male islets [50]. In addition to previously reported genes, we 
identified several genes encoding ligands—such as the NPPA-
NPR1 and CD160-TNFRSF14 pairs—whose roles in type 2 dia-
betes pathology remain unexplored. These ligands may regulate 
biological processes that contribute to sex discrepancies in the 
development of type 2 diabetes.

The strength of our study lies in the discovery of a male-dom-
inant pancreatic beta-cell cluster and its association with the sex 
dimorphism of diabetes. However, our study is limited by the 
relatively small number of beta-cells analyzed, which con-
strained the comprehensiveness of our analysis.

The sex-specific cellular patterns identified in our study un-
derscore the need for sex-tailored treatments for type 2 diabetes. 
These findings have the potential to enhance treatment effec-
tiveness and improve the prevention and management of com-
plications, ultimately benefiting patients’ quality of life.

Future work will further investigate the molecular mecha-
nisms underlying interactions between this beta-cell cluster and 
other cell types to deepen our understanding of type 2 diabetes 
pathophysiology.

In summary, our study reveals significant sex-specific differ-
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Fig. 5. (A) Heatmap of differential gene expression between beta-cells in males and females. (B) Volcano plot showing some genes, that are 
statistically different between cluster 1 and the remaining clusters, are downregulated or upregulated between beta-cells in males and fe-
males. The cutoff for the adjusted P value and log2 fold change are 0.05 and 0.5, respectively. The statistical test used was an unpaired t test. 
(C) Bar plot representing the differences in signaling pathways between beta-cells in males and females created using the gseapy library. 
The cutoff for false discovery rate (FDR) is 0.25. (D, E, F) Gene set enrichment analysis (GSEA) plots showing details of three signaling 
pathways related to three genes from the volcano plot drawn using the gseapy library. All three pathways are downregulated in males when 
compared to those of females. DE, differentially expressed; NES, normalized enrichment score.
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ences in the pancreatic cellular patterns of a beta-cell cluster in 
type 2 diabetes, offering new insights beyond traditional blood 
sugar metrics and clinical observations. These findings high-
light the importance of personalized medicine and lay the 
groundwork for future research into sex-specific mechanisms 
and treatments for type 2 diabetes.
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