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Abstract. The present study aimed to elucidate the roles 
and mechanisms of gene biomarkers associated with mito‑
chondrial dysfunction in the progression of Type 2 diabetes 
mellitus (T2DM). It conducted an analysis of differentially 
expressed genes related to mitochondrial dysfunction in 
T2DM and employed bioinformatics approaches to predict 
potential target drugs for key biomarkers. Additionally, the 
present study used the EPIC algorithm to examine immune 
cell infiltration in T2DM. Furthermore, the single‑cell RNA 
sequencing dataset GSE221156 was analyzed to identify 
specific cell types involved in T2DM. The expression of 
biomarkers was investigated through cellular experiments to 
assess the effect of marker genes on macrophage polariza‑
tion. A total of five biomarker genes associated with T2DM 
were identified, namely ERAP2, HLA‑DQB1, HLA‑DRB5, 
MAP1B and OAS3. The combined detection of these genes 
yielded a risk‑predictive area under the curve value of 0.833 
for T2DM. These five marker genes may serve as potential 
targets for valproic acid (VPA). During the progression of 
T2DM, there is an increase in macrophage numbers, with 
these genes being highly expressed in macrophages. In a 
high glucose‑induced RAW264.7 macrophage model, the 
expressions of MAP1B and OAS3 were upregulated. Notably, 
the knockdown of OAS3 markedly reduced M1 macrophage 
polarization, indicating OAS3 facilitates M1 macrophage 
polarization in a high‑glucose environment. The down‑
regulation of OAS3 expression attenuated M1 macrophage 
polarization by inhibiting mTORC activation. In conclusion, 
five candidate biomarkers for T2DM were identified that may 
serve as therapeutic targets for VPA and are associated with 
immune infiltration in T2DM. Among these, OAS3 enhances 

M1 macrophage polarization in a high‑glucose environment 
by regulating the mTORC1 pathway.

Introduction

Diabetes mellitus (DM) is a chronic metabolic disease char‑
acterized by persistent hyperglycemia and is divided into two 
predominant subtypes: type 2 diabetes mellitus (T2DM) and 
type 1 diabetes mellitus (T1DM) (1). DM is a serious threat 
to human health globally and it is estimated that there are 
currently 537 million adults with DM worldwide (2). The 
number of individuals with DM diabetes will increase to 643 
million by 2030, with T2DM accounting for more than 90% 
of these cases (2). T2DM is a polygenic genetic disease caused 
by genetic and environmental factors, with insulin resistance 
and defective insulin secretion from β‑cells as the two main 
pathologic mechanisms (3,4). A previous study demonstrated 
that patients with T2DM are in a state of long‑term high blood 
sugar, which can induce heart, brain, kidney and other target 
organ damage, thus leading to a variety of complications 
and seriously endangering the lives of patients (4). Studies 
have observed that weight loss through bariatric surgery, 
aggressive insulin therapy and behavioral interventions can 
lead to sustained remission of T2DM for several years; most 
T2DM patients require continuous treatment to maintain 
glycemic compliance  (5,6). In addition, there are several 
drugs  (alpha‑glucosidase inhibitors, metformin, sulfonyl‑
ureas and meglitinides) that have adverse effects in the 
current treatment of T2DM, for example, sulfonylureas can 
lead to decreased efficacy and hypoglycemia and metformin 
may trigger intestinal discomfort in patients (7). Early diag‑
nosis and intervention in T2DM, facilitated by a thorough 
understanding of its onset and progression mechanisms, can 
substantially improve patient quality of life and effectively 
reduce the risk of complications. This approach constitutes 
an essential aspect of comprehensive diabetes management. 
Nevertheless, existing screening and monitoring method‑
ologies, such as fasting blood glucose and glycosylated 
hemoglobin (HbA1c) testing, are insufficient and necessitate 
further refinement (8). 

Emerging biomarkers, including glycated albumin, 
fructosamine and 1,5‑anhydroglucitol (1,5‑AG), have shown 
enhanced prognostic value over traditional markers, offering 
a more accurate assessment of blood glucose levels (8). A 

Role and mechanism of mitochondrial dysfunction‑related gene 
biomarkers in the progression of type 2 diabetes mellitus

MENGXUE LIU1,2  and  HONG QIAO1

1Department of Endocrinology and Metabolism, The Second Affiliated Hospital of Harbin Medical University, Harbin, Heilongjiang 150086, 
P.R. China; 2Department of Endocrinology, The Fourth Hospital of Harbin, Harbin, Heilongjiang 150026, P.R. China

Received October 17, 2024;  Accepted February 19, 2025

DOI: 10.3892/mmr.2025.13523

Correspondence to: Dr Hong Qiao, Department of Endocrinology 
and Metabolism, The Second Affiliated Hospital of Harbin Medical 
University, 246 Xuefu Road, Nangang, Harbin, Heilongjiang 150086, 
P.R. China
E‑mail: qiaohong@hrbmu.edu.cn

Key words: type  2 diabetes, mitochondrial dysfunction, OAS3, 
macrophage polarization, valproic acid

https://www.spandidos-publications.com/10.3892/mmr.2025.13523


LIU  and  QIAO:   Role of MDRGs in T2DM Progression2

previous study revealed that T2DM is characterized by low 
adenosine triphosphate (ATP) levels, high reactive oxygen 
species (ROS) production and mitochondrial dysfunc‑
tion  (9). Mitochondria are bioenergetic and metabolic 
centers extensively involved in various biological processes 
with complex adaptive mechanisms (10). Alterations in the 
normal morphology and dysfunction of mitochondria are 
relevant factor pairs affecting the progression of multiple 
diseases (11). A number of researchers have identified mito‑
chondria as the intersection of key cellular pathways such as 
ROS generation, energy substrate metabolism and apoptosis 
in T2DM and mitochondria contribute to deficits in impor‑
tant functions downstream of T2DM, including cardiac 
output, hepatocyte metabolism, skeletal muscle contrac‑
tion, neuronal health and β‑cell insulin production  (12). 
Within mitochondria, the catabolism of carbohydrates and 
fatty acids results in the generation of ATP and ROS (13). 
Under physiological conditions, mitochondria regulate 
ROS concentrations via intrinsic antioxidant systems. 
However, in the context of T2DM, mitochondrial function‑
ality is compromised and energy metabolism is disrupted, 
culminating in elevated ROS production (14). Mitophagy, 
a form of selective autophagy, regulates the progres‑
sion of T2DM by specifically degrading dysfunctional or 
damaged mitochondria (15). Therefore, the present study 
conducted a screening of endoplasmic reticulum aminopep‑
tidase 2 (ERAP2), human leukocyte antigen (HLA)‑DQB1, 
HLA‑DRB5, microtubule‑associated protein 1B (MAP1B) 
and 2'‑5'‑oligoadenylate synthetases 3 (OAS3) as potential 
biomarkers and therapeutic targets for T2DM. This screening 
was based on the expression levels of genes associated with 
mitochondrial dysfunction in T2DM.

In addition to metabolic disturbances, an imbalance in 
immune homeostasis is a key feature of T2DM and can lead 
to increased inflammatory infiltration (16). Using bioinfor‑
matics analysis, it was identified that the aforementioned five 
biomarkers‑ERAP2, HLA‑DQB1, HLA‑DRB5, MAP1B and 
OAS3 are all highly expressed in macrophages. Macrophages 
are the main cells that carry out the body's intrinsic immunity 
and activated macrophages participate in the inflammatory 
response by releasing a variety of cytokines and inflamma‑
tory mediators  (17). Different phenotypes of macrophages 
have great differences in inflammatory reactions. They can 
be divided into pro‑inflammatory M1 macrophages and 
anti‑inflammatory M2 macrophages and the M1 and M2 
types of macrophages can be transformed into each other 
under appropriate conditions (17). The microenvironment of 
DM patients is in a state of inflammation. The imbalance of 
macrophage M1/M2 polarization is associated with insulin 
resistance and pancreatic islet β‑cell damage and the adjust‑
ment of macrophage polarization plays a therapeutic role in 
T2DM (17). 

The present study established a 5‑gene (ERAP2, 
HLA‑DQB1, HLA‑DRB5, MAP1B and OAS3) prediction 
model for T2DM prediction and analyzed the association of 
marker genes with the immune microenvironment. In addi‑
tion, the association of MAP1B and OAS3 with macrophages 
during T2DM pathology was explored by cellular experiments. 
The present study aided in the early diagnosis, prevention and 
treatment of T2DM.

Materials and methods

Data collection and processing. In the present study, the 
gene expression dataset GSE184050, associated with T2DM 
and the single‑cell transcriptomics dataset GSE221156, 
associated with T2DM, were downloaded from the Gene 
Expression Omnibus (GEO) database (https://www.ncbi.nlm.
nih.gov/geo/). The GSE184050 dataset includes sequencing 
results of peripheral blood samples from 50 patients with 
T2DM and 66 controls. The GSE221156 dataset includes 
sequencing results of pancreatic single‑cell suspensions from 
17 patients with T2DM, 17 control populations and 14 patients 
with pre‑diabetes (prediabetic state; PD). A total of 9,189 mito‑
chondrial dysfunction‑related genes were downloaded from 
the GeneCard database (https://www.genecards.org/) using 
the keyword ‘mitochondrial dysfunction’.

The expression matrix of T2DM‑related genes was 
extracted from the GSE184050 dataset using the R 
package ‘limma’ (version 3.2.0; https://www.bioconductor.
org/packages/release/bioc/html/limma.html) and analyzed by 
differential expression and the cut‑off criterion for differentially 
expressed genes (DEGs) was set at FC=1.3, P<0.05; volcano 
plots showed the final results. The R package ‘WGCNA’ (version 
1.73; https://cran.r‑project.org/web/packages/WGCNA/index.
html) was applied to construct and visualize the network of 
genes in the GSE184050 dataset. First, the outliers were identi‑
fied and removed by the sample clustering method and feature 
matching was performed.

Based on the 9,189 mitochondrial dysfunction‑related 
genes, DEGs screened in the GSE184050 dataset and impor‑
tant modular genes obtained by WGCNA, the intersection 
analysis was further carried out by using the ‘VennDiagram’ 
R package (version 1.7.3; https://cran.r‑project.org/web/pack‑
ages/VennDiagram/index.html) and key genes related to 
mitochondrial dysfunction in T2DM in the present study were 
identified through the Venn diagram. 

T2DM‑related single ‑cel l  t ranscr iptome data 
(GSE221156 dataset) were analyzed using the ‘Seurat’ R 
package (version 5.2.1; https://cran.r‑project.org/web/pack‑
ages/Seurat/index.html) to identify and annotate cell types and 
their subpopulations.

T2DM‑related differential gene analysis and co‑expression 
module construction. Weighted gene co‑expression network 
analysis (WGCNA) is an algorithm developed based on 
the R language, which is mainly used to mine valuable 
information in high‑throughput data. WGCNA identifies 
core genes associated with diseases in scale‑free networks 
through clustering analysis and thus helps to reveal complex 
biological mechanisms (18). The network construction was 
performed on the genes in the GSE184050 dataset. The 
Pearson correlation coefficient was used to obtain the gene 
co‑expression similarity. Then, the topological overlap 
matrix was used to filter the weak connections in the network 
construction process. When the soft threshold was set to five, 
the constructed network conformed to the scale‑free distri‑
bution and provided appropriate average connections for 
the subsequent co‑expression module building. Finally, the 
branches of the dendrogram were efficiently identified using 
the dynamic tree‑cutting algorithm, thus defining different 
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co‑expression modules and representing them differentially 
with other colors. Correlation tests were performed on gene 
modules using Pearson correlation analysis to explore the 
relationships between gene modules further.

In addition, the present study screened modules closely 
associated with T2DM by constructing module‑trait correla‑
tions. In this process, gene significance was defined by the 
association values between specific traits and gene expression 
within a module; Module eigengene and Module membership 
were used to differentiate significant modules associated with 
T2DM. Finally, modules with P<0.05 were selected for subse‑
quent in‑depth analysis.

Key gene screening and functional enrichment analysis. 
Next, the present study performed functional enrichment 
analysis on the screened key genes. Gene Ontology (GO) 
and the Kyoto Encyclopedia of Genes and Genomes 
(KEGG) can be used to identify key biological pathways. 
The present study performed GO annotation and KEGG 
pathway enrichment analysis of key genes using the R 
packages ‘org.Hs.eg.db’ (version 3.20; https://bioconductor. 
org/packages/release/data/annotation/html/org.Hs.eg.db.html)  
and ‘clusterProfiler’ (version  3.20; https://www.biocon 
ductor.org/packages/release/bioc/html/clusterProfiler.html) with  
the help of the ‘ggplot2’ package (version  3.5.1; 
https://cran.r‑project.org/web/packages/ggplot2/index.html). The 
results were visualized with the ‘ggplot2’ R package and the 
results with P<0.05 were included in the present study.

Biomarker screening and performance evaluation. In the 
present study, three machine learning algorithms were 
used to screen out the characteristic genes of T2DM, 
including Least absolute shrinkage and selection operator 
(Lasso) logistic regression, Random forest (RF) and 
Support vector machine (SVM). The Lasso logistic regres‑
sion analysis, RF algorithm and SVM algorithm were 
performed using the R packages ‘glmnet,’ (version  4.1‑8; 
https://cran.r‑project.org/web/packages/glmnet/index.html) 
‘randomForest’ (version  4.7‑1.2; https://cran.r‑project.
org/web/packages/randomForest/) and ‘e1071’ (version 1.7‑16; 
https://cran.r‑project.org/web/packages/e1071/index.html), 
respectively. Then, a Venn diagram obtained the intersection 
of the genes identified by the three algorithms and these genes 
are potential biomarkers.

After screening potential biomarkers, the expression 
differences of marker genes between normal and T2DM 
groups were further explored based on the GSE184050 
dataset. The effect of each biomarker on the risk of T2DM 
was assessed by constructing line plots with the ‘rms’ 
package (version 7.0‑0; https://cran.r‑project.org/web/pack‑
ages/rms/index.html) and the accuracy of the line plots was 
evaluated using calibration curves. At the same time, the 
R package ‘pROC’ (version 1.18.5; https://cran.r‑project.
org/web/packages/pROC/index.html) was used to plot 
the Receiver operating character istic (ROC) curve 
and to calculate the area under the curve (AUC) to assess 
the predictive efficacy of the biomarkers independently 
as well as the overall predictive efficacy of the biomarkers. 
The overall predictive efficacy of the biomarkers was 
evaluated.

Analysis of immune cell infiltration. The present study 
explored the biological functions and related pathways of each 
biomarker by gene set enrichment analysis (GSEA; http://www.
broadinstitute.org/gsea). To determine the relationship between 
infiltrating immune cells and candidate biomarkers in T2DM, 
the EPIC algorithm (http://epic.gfellerlab.org ) was applied to 
assess the abundance of immune cells in T2DM samples from 
the GSE184050 dataset. The EPIC algorithm can accurately 
quantify the proportions of the different types of immune cells 
in the samples and analyze their changes between the disease 
state and the normal state. Based on the immune infiltration 
analysis results, the expression differences of immune check‑
point genes were compared between the normal and T2DM 
groups.

Subsequently, the relationships between biomarkers, 
immune infiltrating cells and immune checkpoints were 
explored using Pearson's correlation analysis in R and the 
‘ggplot2’ R package visualized the results. P<0.05 indicates 
that the relationships were statistically significant.

Mendelian randomization (MR) analysis. Immune cells 
were used as exposure factors and significant instrumental 
variables for exposure factors (SNP) for exposure factors were 
selected from the Genome‑wide association study (GWAS; 
https://gwas.mrcieu.ac.uk/) database as instrumental vari‑
ables. To avoid the influence of strong linkage disequilibrium 
(LD) on the results, the thresholds of LD were set at r2 <0.3 
and p1 <5e‑8 (19). T2DM was used as the observed outcome 
and the outcome GWAS data GCST010118 was obtained from 
the GWAS database, including 77,418 East Asian cases and 
356,122 East Asian controls. The ‘TwoSampleMR’ program 
package (version 2.0.1; https://cran.r‑project.org/web/pack‑
ages/twosamples/index.html) in R4.2.2 was used to perform 
the two‑sample MR program method. SNP and outcome 
GWAS data were first preprocessed using the harmonise_data 
function in the TwoSampleMR program package to maintain 
a uniform format. MR Egger, Weighted median, Inverse vari‑
ance weighted, Simple mode and Weighted mode methods 
were used for analysis. A heterogeneity test was also performed 
using the MR Egger method and inverse variance weighted 
(IVW) method to evaluate the heterogeneity of instrumental 
variables according to Cochrane's Q value. MR Egger regres‑
sion equation was used to assess the horizontal polytropy of 
instrumental variables. In addition, to ensure that the results 
were not notably affected by a particular SNP, each SNP was 
removed in turn using the leave‑one‑out method. The present 
study compared the results of the IVW method with all vari‑
ants (20). Three core assumptions ensured the accuracy of the 
causal estimation: i) The genetic instrumental variables are 
strongly associated with immune cells, ii) the genetic instru‑
mental variables are independent of potential confounders 
iii)  the genetic instrumental variables must influence the 
occurrence of T2DM only through immune cells.

Drug sensitivity analysis and molecular docking. The present 
study searched each of the key genes on the CTDbase database 
(https://ctdbase.org/) to obtain information about drug interac‑
tions and diseases associated with these genes. Subsequently, 
the small molecule ligands acting on the biomarker genes 
in T2DM were analyzed. The intersecting drugs of all the 
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marker genes via Venn diagrams were selected for subsequent 
molecular docking analysis.

Regarding molecular docking, first, the 2D structure of each 
small molecule ligand drug was obtained from the PubChem 
database (PDB, https://www.rcsb.org/). These structures were 
imported into Chem3D software to calculate the minimum free 
energy and convert them into three‑dimensional structures. 
The 3D structures of the target proteins (receptors) were then 
obtained from the RCSB protein database (https://www.rcsb.
org/). The structures were imported into PyMOL (https://www.
pymol.org/) to remove water molecules and ligands. Receptors 
and ligands were prepared using AutoDock 1.5.6 (The Scripps 
Research Institute; https://autodock.scripps.edu/down‑
load‑autodock4/) to obtain their PDBQT format and 3D mesh 
boxes were created for the receptors for subsequent molecular 
docking simulations. Next, molecular docking analysis was 
performed using AutoDock Vina 1.1.2 (The Scripps Research 
Institute; https://vina.scripps.edu/downloads/) to assess the 
binding energy between the ligand and receptor. Finally, the 
best predicted binding sites were visualized using PyMOL. 
Binding energies less than‑5 kcal/mol were defined as indi‑
cating effective ligand‑receptor binding and binding energies 
less than ‑7 kcal/mol indicated strong binding activity (21).

Single‑cell sequencing analysis. First, single‑cell data were 
read using the Read10X_h5 function in the ‘Seurat’ package 
for data preprocessing, which helps to remove potentially 
low‑quality cells and dead cells to ensure the reliability 
of the analysis results. Subsequently, the batch effect was 
removed using the Integration method provided by the 
FindIntegrationAnchors function in the ‘Seurat’ package. The 
effect of batch effect removal was checked by t‑Distributed 
Stochastic Neighbor Embedding (tSNE) dimensionality 
reduction analysis to ensure the accuracy and consistency of 
the data. Next, cell clustering analysis was performed using 
the ‘Seurat’ package. The graph was then partitioned into 
highly interconnected ‘clusters’ using a graph partitioning 
algorithm. The FindClusters function was used to perform the 
graph‑based clustering analysis and the resolution parameter 
set to 0.3 to obtain different cell clusters. The cell clusters were 
also screened for differential genes using the FindMarkers 
function, in which the logfc was entered. Threshold parameter 
was set to 1 and the Wilcoxon test (test. use=‘Wilcox’) used 
to identify the characteristic genes of each cell cluster. In this 
way, it was possible to pinpoint genes that were differentially 
expressed in different cell clusters. To further annotate cell 
subclusters, the ‘SingleR’ package continued to be used for cell 
subcluster annotation. By integrating known cell type marker 
genes, each cell cluster was annotated to a specific cell type or 
subpopulation. Next, the R package ‘Cellchat’ (version 2.1.0; 
https://github.com/jinworks/CellChat) was used to infer the 
number and strength of interactions between different cell 
clusters in the samples, revealing the interaction network 
between cell clusters, which provides important information 
for understanding cell function and tissue microenvironment.

Cell culture. RAW264.7 cells were cultured in Dulbecco's 
Modified Eagle's Medium (DMEM) containing 10% fetal 
bovine serum and 1% double antibiotic (penicillin 100 U/ml + 
streptomycin 100 µg/ml) and placed in an incubator at 37˚C 

containing 5% CO2. The cell culture medium was changed 
every 2‑3 days and when the cell density was 80‑90%, the cells 
were routinely passaged.

Macrophage treatment. RAW264.7 cells were divided into 
the control group (Control), the high glucose (HG) group 
and the negative control (NG) group. The cells in the control 
group were cultured normally (containing 4.5 mmol/l glucose) 
without any treatment. The cells in the HG group were cultured 
in a DMEM medium containing HG (25 mmol/l) for 72 h. The 
cells in the NG group were cultured in a DMEM medium 
containing low glucose (5.5 mmol/l) for 72 h.

Macrophage polarization induction. To investigate the effect 
of T2DM on macrophage polarization, RAW264.7 cells were 
treated with TNF‑α to induce M1 macrophage polarization 
and with IL‑4 to induce M2 macrophage polarization. Control 
group cells were not treated in any way and were cultured 
normally. TNF‑α‑treated group cells (TNF‑α group) were 
treated with TNF‑α (20 ng/ml) for 24 h. IL‑4‑treated group 
cells (IL‑4 group) were treated with IL‑4 (20 ng/ml) for 24 h.

Cell grouping and transfection. The sequences of the small 
interfering RNA specifically targeting OAS3 (siRNA#1‑OAS3), 
siRNA#2‑OAS3, siRNA#1‑MAP1B, siRNA#2‑MAP1B and 
their negative control (siNC) are shown in Table I. RAW264.7 
cells were divided into siNC group, siRNA#1‑OAS3 
group, siRNA#2‑OAS3 group, siRNA#1‑MAP1B group, 
siRNA#2‑MAP1B group, HG + siRNA‑OAS3 group and 
TNF‑α + siRNA‑OAS3 group. The siNC group cells were 
transfected with siNC. siRNA#1‑OAS3 group, siRNA#2‑OAS3 
group, siRNA#1‑MAP1B group and siRNA#2‑MAP1B group 
cells were transfected with the corresponding siRNA, respec‑
tively. The cells in the HG + siRNA‑OAS3 group were treated 
with HG and transfected with siRNA#1‑OAS3. The cells in 
the TNF‑α + siRNA‑OAS3 group were treated with TNF‑α 
and transfected with siRNA#1‑OAS3.

For cell transfection, the siRNA was first dissolved 
into a master mix at a concentration of 20  µM and then 
RNATransMate (Beyotime Institute of Biotechnology) and 
siRNA were mixed in a serum‑free medium and incubated 
at 25˚C for 20 min to form a siRNA/RNATransMate complex. 
Subsequently, 400 µl siRNA/RNATransMate complex and 
1,600 µl serum‑free medium were mixed, added to the culture 
plate, and incubated with the cells (2x105 cells/well) at 37˚C in 
a 5% CO2 atmosphere for 24 h. A total of 48 h post‑transfec‑
tion, the medium was replaced with fresh complete medium to 
ensure cell viability.

RNA extraction and reverse transcription‑quantitative (RT‑q) 
PCR. Prior to RT‑qPCR analysis, total RNA was extracted 
from the treated cells (1x106 cells/well) by RNeasy Plus Mini 
kit (cat. no. 74134; Qiagen GmbH) according to the instruc‑
tions in the product manual. Then, the cDNA was synthesized 
with a QuantiTect Reverse Transcription kit (cat. no. 205311; 
Qiagen GmbH) according to the manufacturer's protocol. 
Finally, the RT‑qPCR reactions mix solution (including Hieff 
UNICON Universal Blue Qpcr SYBR, Green Master Mix, 
PCR Forward Primer, PCR Reverse Primer, template DNA, 
ddH2O) was prepared using the Hieff UNICON Universal 
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Blue qPCR SYBR Green Master Mix (cat. no. 11184ES08; 
Shanghai Yeasen Biotechnology Co., Ltd.) following the 
manufacturer's instructions. Next, qPCR was performed using 
the LightCycler 480 II system (Roche Diagnostics). The qPCR 
cycling conditions were as follows: Initial denaturation at 95˚C 
for 30 sec, followed by 40 cycles at 95˚C for 5 sec and 60˚C 
for 30 sec. All experiments were independently replicated 
three times. The results were analyzed and quantified using 
the 2‑ΔΔCq method (22), GAPDH was used as an endogenous 
control and sequences of all primers were listed in Table II.

Western blotting. First, PMSF (cat. no. HKW2017; Jiangsu 
Haoke Bioengineering Co., Ltd.) and phosphorylated protease 
inhibitor (cat. no. HKW2018; Jiangsu Haoke Bioengineering 
Co., Ltd.) were mixed into IP lysis buffer (cat. no. HKW2012; 

Jiangsu Haoke Bioengineering Co., Ltd.) to extract the total 
protein from the cells. Then, the BCA working solution 
was prepared using the BCA Protein Quantification Kit 
(cat. no. HKW2019; Jiangsu Haoke Bioengineering Co., Ltd.). 
After the concentration of protein samples was detected 
using the Enhanced BCA Protein Assay Kit (cat. no. P0009; 
Beyotime Institute of Biotechnology), 30  µg protein/lane 
was subjected to SDS‑PAGE on 10% gels. Subsequently, the 
separated proteins were transferred to a PVDF membrane 
(cat. no. 36125ES03; Shanghai Yeasen Biotechnology Co., 
Ltd.), after which the PVDF membrane was blocked with 5% 
skimmed milk (cat. no. SW3015, Nestle) at 25˚C for 1 h. Next, 
the PVDF membrane was incubated with diluted primary 
antibodies at 4˚C overnight and incubated with secondary anti‑
bodies at room temperature (25˚C) for 1 h. Then, the PVDF 
membrane was washed and treated with an ECL Plus working 
solution (cat. no. HKW2095; Jiangsu Haoke Bioengineering 
Co., Ltd.). The results were analyzed with the help of a 
Chemiluminescence system (Clinx Science Instruments 
Co., Ltd.) and were semi‑quantified with ImageJ software 
(version 1.53m; National Institutes of Health). All information 
on antibodies is listed in Table III.

Statistical analysis. All bioinformatics‑related statistical 
analyses in the present study were performed using R software 
4.2.2 (https://www.r‑project.org/) (23). The Pearson correla‑
tion test was used to determine the significance of correlations 
between variables and the Wilcoxon test was used to assess 
the importance of differences between the two groups. All 
cellular experimental data displays are the mean ± standard 
deviation of three biological replicates. GraphPad Prism 10.1.3 
(Dotmatics) was used for statistical analysis, data processing 
and presentation of all experiments in the present study. 
One‑way ANOVA and Tukey's post hoc test were used for 
multi‑group comparisons. P<0.05 was considered to indicate 
a statistically significant difference.

Results

Screening of DEGs in T2DM and co‑expression module 
construction. To screen for DEGs in T2DM, the present 
study first analyzed the GSE184050 database and identified 
791 DEGs in T2DM, including 769 upregulated genes and 22 
downregulated genes (Fig. 1). To further explore the key genes 
associated with T2DM, gene co‑expression modules were 
established using WGCNA and 23 co‑expression modules 

Table II. Primers for reverse transcription‑quantitative PCR.

Gene name	 Sequence

MAP1B‑Forward	 GTCTCCTTTACGCAGTCCTCC
MAP1B‑Reverse	 TGCTTTCCATTCTTCCCTTCA
OAS3‑Forward	 TGGGTGCCATGCGAATGTTGC
OAS3‑Reverse	C TCCAGAGCGGGGCTGTCCTA
CD68‑Forward	 ACCGTGACCAGTCCCTCTT
CD68‑Reverse	 TGTCGTCTGCGGGTGATGC
CD80‑Forward	 CTTTGTGCTGCTGATTCGT
CD80‑Reverse	 TTTGCCAGTAGATTCGGTC
CD86‑Forward	 ATGGGCTCGTATGATTGT
CD86‑Reverse	 TCTTAGGTTTCGGGTGAC
CD32‑Forward	 GCAAAGGAAGTCTAGGAAGGA
CD32‑Reverse	A TAATAACAATGGCTGCGACA
CD206‑Forward	 CATCACCAACGACCTCAG
CD206‑Reverse	A GTAAGCCCTCTGTCTCC
CD204‑Forward	 ACTTGATACTGACAGGAAACC
CD204‑Reverse	A TGTATAAAATTGTGAGCCAC
CD163‑Forward	 CCAGTCCAAACAACAAGC
CD163‑Reverse	CACA TTGGCATCAGTCATA
TNF‑α‑Forward	 GCGGTGCCTATGTCTCAG
TNF‑α‑Reverse	 TCCTCCACTTGGTGGTTT
GAPDH‑Forward	 GGGTCCCAGCTTAGGTTCAT
GAPDH‑Reverse	 CCAATACGGCCAAATCCGTT

Table I. siRNA sequences.

Gene name	 5'‑3'	 5'‑3'

Negative control	UUCUCC GAACGUGUCACGUTT	AC GUGACACGUUCGGAGAATT
mMap1b‑5496	 GCUAUUUGAUACAAUGCAATT	UU GCAUUGUAUCAAAUAGCTT
mMap1b‑2330	 GGAAAGUCAAAGUCAUUAATT	UUAAU GACUUUGACUUUCCTT
mOas3‑1493	 GGGAGAAGAGUGUAUACAATT	UU GUAUACACUCUUCUCCCTT
mOas3‑2418	 GGACAAAUUCAUCAGUGAATT	UUCACU GAUGAAUUUGUCCTT

siRNA, small interfering RNA.
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were identified, most of which showed positive correlations 
with each other, suggesting that they had some consistency 
in expression patterns (Fig. 2A‑C). By setting a significance 
threshold of P<0.05, the present study screened out four 
gene co‑expression modules that were highly correlated with 
T2DM, including ‘darkermagenta’, ‘floralwhite’, ‘orangered4’ 
and ‘dark grey’. Subsequently, in order to further screen 
mitochondrial dysfunction‑related genes, 9,189 mitochondrial 
dysfunction‑related genes were obtained from the GeneCard 
database. The mitochondrial dysfunction‑related genes were 
intersected with the DEGs obtained from the GSE184050 
database and T2DM‑related genes obtained from the WGCNA 
and then a total of 65 genes were obtained (Fig. 2D). The 
specific names of the genes are shown in Table IV.

Functional enrichment analysis of mitochondrial dysfunc‑
tion‑related genes in T2DM. Then, to preliminary elucidate 
the underlying regulatory mechanisms of mitochondrial 
dysfunction in T2DM, the obtained 65 genes were subjected 
to functional enrichment analysis. The results of GO enrich‑
ment analysis showed that the aforementioned 65 genes were 
involved in biological processes (BP) such as substance trans‑
port, response to stress and chemicals, regulation of biological 
quality and immune system processes (Fig. 3A); and these genes 
were mainly enriched in the regions of the endomembrane 
system, cytosol, vesicles, extracellular space and organelle 
membrane (Fig. 3B); furthermore, these genes were mainly 
associated with enzyme binding, oxidoreductase activity, active 

transmembrane transporter activity, receptor ligand activity 
and antigen binding‑related molecular processes (Fig. 3C). 
KEGG enrichment analysis showed that the aforementioned 
65 genes were mainly involved in biological pathways such 
as necroptosis, NOD‑like receptor signaling pathway, Th17 
cell differentiation, ferroptosis, D‑glutamine and D‑glutamate 
metabolism (Fig. 3D). The aforementioned findings suggest 
that mitochondrial dysfunction‑related genes in T2DM affect 
disease progression through multiple pathways.

Screening of biomarkers and validation of their predictive 
efficacy. Next, to screen T2DM biomarkers, the present 
study analyzed the key genes with a strong correlation with 
T2DM from the 65 genes mentioned aforementioned using 
three commonly used machine learning algorithms, namely 
Random forest (RF), SVM and Lasso logistic regression, 
respectively (Fig.  4A‑C). Then, five key genes associated 
with T2DM were identified by plotting Venn diagrams, which 
were ERAP2, HLA‑DQB1, HLA‑DRB5, MAP1B and OAS3 
(Fig. 4D). By analyzing the GSE184050 dataset, we found 
that ERAP2 was notably downregulated while HLA‑DQB1, 
HLA‑DRB5, MAP1B and OAS3 were upregulated in T2DM 
(Fig. 5A‑E; P<0.05). 

In addition, the performance of ERAP2, HLA‑DQB1, 
HLA‑DRB5, MAP1B and OAS3 in the prediction of T2DM 
were further analyzed. MAP1B showed the best performance 
(AUC=0.759), while HLA‑DRB5 had the worst predictive 
efficacy (AUC=0.574) in the prediction of T2DM (Fig. 5F). In 
addition, the results of the nomogram showed that the higher 
the expression levels of HLA‑DQB1, HLA‑DRB5, MAP1B 
and OAS3 and the lower the expression level of ERAP2, 
the higher the probability of T2DM occurrence (Fig. 6A). 
In addition, the calibration curves were almost identical to 
the ideal curves, indicating that our prediction model had 
high accuracy (Fig. 6B). And the overall predictive efficacy 
AUC value of the five marker genes reached 0.833, which 
was notably higher than the predictive efficacy of individual 
genes (Fig. 6C).

Target compound prediction and molecular docking. The 
present study identified target compounds for each of the five 
markers: 42 for ERAP2, 106 for OAS3, 59 for HLA‑DQB1, 
28 for HLA‑DRB5 and 170 for MAP1B. The Venn diagram 
revealed two common compounds, valproic acid (VPA) and afla‑
toxin B1 (AFB1; Fig. 7A). Since VPA is used in cancer treatment 
and AFB1 is a carcinogen, only VPA was chosen for molecular 

Table III. All antibodies information in western blotting in the present study.

Name	C atalog number	C ompany	 Molecular weight	D ilution

OAS3	 21915‑1‑AP	 Proteintech Group, Inc.	 100‑121 kDa	 1:1,000
CD86	 ET1606‑50	 Huabio	 70 kDa	 1:500
CD204	 ER1913‑21	 Huabio	 50 kDa	 1:1,000
Phospho‑mTOR (S2448)	 HA600094	 Huabio	 289 kDa	 1:1,000
GAPDH	 10494‑1‑AP	 Proteintech Group, Inc.	 36 kDa	 1:5,000
HRP Anti‑Rabbit IgG (H+L)	 SA00001‑2	 Proteintech Group, Inc.		  1:5,000
HRP Anti‑Mouse IgG (H+L)	 SA00001‑1	 Proteintech Group, Inc.		  1:5,000

Figure 1. Identification of DEGs between T2DM and normal samples. The 
blue dots represent downregulated genes and the red dots represent upregu‑
lated genes. DEGs, differentially expressed genes; T2DM, type 2 diabetes 
mellitus.
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docking with the five markers in the next study. Molecular 
docking results revealed that VPA formed stable hydrogen 
bonds with several proteins: ERAP2 (ARG185, LYS848, 
GLU813, TYR812), HLA‑DQB1 (SER139, ARG149, LEU147), 
HLA‑DRB5 (GLY1, GLY14), MAP1B (GLY1, GLY14, SER288, 
LYS375) and OAS3 (GLY66, ASN193) (Fig. 7B‑F).

Correlation analysis of biomarkers and immune micro‑
environment. T2DM is a metaflammatory disease. MR 
analysis explored the link between CD4+ and CD8+ T cells 
and T2DM. The IVW test revealed a negative correlation 
between T2DM risk and GCST90001482 (Resting CD4 
regulatory T cell), GCST90001492 (Secreting CD4 regu‑
latory T cell) and GCST90001499 (Activated and resting 
CD4 regulatory T cell), while GCST90001548 (Central 
Memory CD8+ T cell) showed a positive correlation. The 
MR analysis (Table V) revealed significant associations 

between mitochondrial dysfunction‑related genetic variants 
and T2DM risk mainly using the IVW method. Specifically, 
exposure factors GCST90001482, GCST90001548, 
GCST90001492 and GCST90001499 demonstrated causal 
effects on T2DM susceptibility (P<0.05). Additionally, 
heterogeneity tests (Table VI) indicated no substantial vari‑
ability across genetic instruments (IVW Q‑test P‑values: 
0.052‑0.806), supporting homogeneity of effect estimates. 
Horizontal pleiotropy tests (Table VII) further confirmed 
the absence of significant bias (MR Egger intercept P‑values: 
0.250‑0.843), validating the robustness of causal inferences. 
Collectively, these findings underscore mitochondrial 
dysfunction‑related genes as potential contributors to T2DM 
progression, with minimal confounding from heterogeneity 
or pleiotropy (P>0.05). The error line remained stable after 
removing each SNP (Fig. S1), confirming the reliability and 
robustness of the predictions.

Figure 2. Screening for mitochondrial dysfunction and intersection of T2DM‑related genes. (A) Determination of appropriate soft thresholds based on 
scale independence and average connectivity. (B) Results of Pearson correlation analysis of 23 co‑expression modules. (C) Results of correlation analysis 
between modules and traits in T2DM (blue: negative correlation, green: positive correlation). (D) Screening for mitochondrial dysfunction and intersection of 
T2DM‑related genes. T2DM, type 2 diabetes mellitus.
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Subsequently, the present study analyzed the expression 
levels of the aforementioned five biomarkers in immune 
cells. The results of the GSEA analysis indicated that the five 
biomarkers screened may be associated with IL‑2 and IL‑6 

pathways, suggesting that they are associated with immune 
infiltration in T2DM (Fig. S2). Therefore, a detailed analysis 
was performed of the immune infiltration of T2DM using the 
EPIC algorithm. It was found that the number of CD4+ T cells 

Table IV. Mitochondrial dysfunction‑related genes in type 2 diabetes mellitus.

Gene name	 Full name	 Gene name	 Full name

MAP1B	 Microtubule‑associated protein 1B	 RIN3	 Ras and Rab interactor 3
RAB7A	 Rab protein member 7A	 SPI1	 Spi‑1 proto‑oncogene
RHOG	 Ras homolog family member G	 IRGM	 Immunity‑related GTPase family M
HBA1	 Hemoglobin subunit alpha 1	 OAS3	 2'‑5'‑Oligoadenylate synthetase 3
HBA2	 Hemoglobin subunit alpha 2	 CHERP	 Calcium homeostasis endoplasmic
			   reticulum protein
SLC24A4	 Solute carrier family 24, member 4	 HBG2	 Hemoglobin subunit gamma 2
HBB	 Hemoglobin subunit beta	 INF2	 Inverted formin, FH2 and WH2
			   domain containing
ERAP2	E ndoplasmic reticulum aminopeptidase 2	ALO X15	A rachidonate 15‑lipoxygenase
RNPEPL1	A rginyl aminopeptidase‑like 1	C XCR3	C ‑X‑C motif chemokine receptor 3
SLC26A1	 Solute carrier family 26, member 1	 ZBTB7A	 Zinc finger and BTB domain containing 7A
MTHFS	 5,10‑methenyltetrahydrofolate synthetase	 CXCL8	 C‑X‑C motif chemokine ligand 8
TECR	 Trans‑2,3‑enoyl‑CoA reductase	 HSPB1	 Heat shock protein family B
			   (small) member 1
CASZ1	 Castor zinc finger 1	 HLA‑DQB1	 Major histocompatibility complex,
			   class II, DQ beta 1
GLUD2	 Glutamate dehydrogenase 2	 HBG1	 Hemoglobin subunit gamma 1
SLC25A22	 Solute carrier family 25, member 22	U TS2	U rotensin 2
ABCD1	 ATP binding cassette subfamily D	 TUBB2A	 Tubulin beta 2A class IIa
	 member 1
OXT	 Oxytocin/neurophysin I prepropeptide	 LTBP3	 Latent transforming growth factor
			   beta binding protein 3
TAPBP	 TAP binding protein (tapasin)	 UCP2	 Uncoupling protein 2
SERPINA1	 Serpin family A member 1	 CBFA2T3	 Core‑binding factor, runt domain, alpha
			   subunit 2; translocated to, 3 (homolog
			   of mouse)
CSF1	 Colony stimulating factor 1	 ADORA3	 Adenosine A3 receptor
PML	 Promyelocytic leukemia	 TICAM1	 Toll‑like receptor adaptor molecule 1
NPHP4	 Nephrocystin 4	 NRGN	 Neurogranin
TEX22	 Testis expressed 22	NLR P6	NLR  family pyrin domain containing 6
HBD	 Hemoglobin subunit delta	 ZFPM1	 Zinc finger protein, FOG family member 1
CD7		  PANX2	 Pannexin 2
SLC29A1	 Solute carrier family 29, member 1	 FTH1	 Ferritin heavy chain 1
MIER2	 Mesoderm induction early response 1,	DL GAP4	DL G associated protein 4
	 family member 2
OLIG1	O ligodendrocyte transcription factor 1	 TMTC1	 Transmembrane and tetratricopeptide
			   repeat containing 1
TGFB1	 Transforming growth factor beta 1	 SCAMP4	 Secretory carrier membrane protein 4
ARID1A	 AT‑rich interaction domain 1A	 HLA‑DRB5	 Major histocompatibility complex,
			   class II, DR beta 5
ELANE	 Elastase, neutrophil expressed	 AHDC1	 AT‑hook DNA binding motif containing 1
JUND	 JunD proto‑oncogene, AP‑1 transcription	 CBS	 Cystathionine‑beta‑synthase
	 factor subunit
PABPN1	 Poly(A) binding protein nuclear 1		
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and CD8+ T cells in T2DM was notably lower than that in 
the normal group; TNFRSF4, CEACAM1, PDCD1, SIRPA, 
ICOSLO, BTN2A2 and BTN2A1 were notably upregulated, 
while CD86, HLA‑DMB, HLA‑DOA and HLA‑DPB1 was 
notably downregulated in the T2DM (Fig. 8A and B; P<0.05). 
Pearson correlation analysis showed that. OAS3 and MAP1B 
were negatively correlated with CD8+ T cells, while ERAP2 
was positively correlated with CD8+ T cells (Fig. 8C; P<0.05). 
These suggested that changes in CD8+ T cells may affect the 
expression of these marker genes, which in turn affects the 
immune microenvironment in diabetes. In addition, MAP1B 
was notably correlated with all immune checkpoint genes 
except PDCD1 (Fig. 8C; P<0.05). The aforementioned find‑
ings suggested that MAP1B may regulate the development of 
diabetes by modulating the immune checkpoint pathway.

Results of single‑cell sequencing analysis. The formation 
of islet inflammatory microenvironment and the interaction 
between immune cells have gradually attracted attention. 
Therefore, T2DM single‑cell transcriptional profiles based 
on the GSE221156 dataset were analyzed. As shown in 
Fig. 9A and B, 27 cell populations were obtained by tSNE clus‑
tering analysis and seven major cell subpopulations, including 
epithelial cells, neuronal cells, smooth muscle cells, tissue 

stem cells, endothelial cells, macrophages and T cells, were 
identified by cell type annotation with the ‘SingleR’ package. 
Analysis of the results of cell interactions showed that each 
cell type was associated with each other to varying degrees, 
with tissue stem cells being the most strongly related to other 
cells (Fig. S3) and macrophages and T cells being important in 
the immune response (Fig. 9C). Subsequently, the expressions 
of the five biomarkers in cells were further analyzed and it was 
found that MAP1B was expressed in almost all cell types, but 
particularly in neuronal cells and tissue stem cells; ERAP2 
was more prominently expressed in endothelial cells and 
HLA‑DQB1, HLA‑DRB5 and OAS3 were more prominently 
expressed in macrophages (Fig. 9D). Notably, the expression 
of the five marker genes was more prevalent in macrophages, 
suggesting that the role of these marker genes in T2DM may be 
closely related to macrophage function. Therefore, subsequent 
experiments endeavored to investigate the roles of the afore‑
mentioned five biomarkers in T2DM via cellular experiments.

Detection of MAP1B and OAS3 expression levels in macro‑
phages. In the aforementioned single‑cell sequencing analysis 
results, five marker genes commonly expressed in macro‑
phages were identified. The expression of these markers in 
T2DM‑associated macrophages was then verified by cellular 

Figure 3. Functional enrichment analysis of 65 key genes. The results of GO analysis demonstrated the key genes before their critical roles in (A) MF, (B) CC 
and (C) BP. (D) Results of KEGG analysis demonstrated the key genes' important pathways. GO, Gene Ontology; MF, molecular function; CC, cellular 
component; BP, biological process; KEGG, Kyoto Encyclopedia of Genes and Genomes.
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Figure 5. Expression and predictive efficacy analysis of biomarkers in T2DM. (A‑E) Expression levels of five biomarkers in the normal and T2DM groups. 
(A) ERAP2, (B) HLA‑DQB1, (C) HLA‑DRB5, (D) MAP1B and (E) OAS3. (F) ROC curves of five biomarkers independently predicting efficacy in T2DM. 
*P<0.05, ***P<0.001 and ****P<0.0001. T2DM, type 2 diabetes mellitus; ERAP2, endoplasmic reticulum aminopeptidase 2; HLA, human leukocyte antigen; 
MAPIB, microtubule‑associated protein 1B; OAS3, 2'‑5'‑oligoadenylate synthetases 3; ROC, receiver operating characteristic; AUC, area under the curve.

Figure 4. Screening of biomarkers. (A) RF was used to screen biomarkers and rank the genes according to importance. (B) SVM was used to screen biomarkers. 
(C) Lasso logistic regression algorithm was used to screen biomarkers with different colors denoting different genes. (D) Venn diagrams was used to screen 
common potential biomarkers obtained from all three algorithms. RF, Random forest; SVM, support vector machine; Lasso, least absolute shrinkage and 
selection operator.
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experiments. Due to the absence of murine sequences for 
ERAP2, HLA‑DQB1 and HLA‑DRB5 in the NCBI database, 
only MAP1B and OAS3 were validated experimentally. The 
RT‑qPCR results showed that the expressions of MAP1B 
and OAS3 were notably increased in the HG group (Fig. 10; 
P<0.001). The results indicated that HG concentration notably 
induced the expression levels of MAP1B and OAS3 in 
macrophages.

Analysis of M1/M2 macrophage polarization in T2DM. To 
further explore the effect of T2DM on macrophage polar‑
ization, the expression of M1 macrophage markers (CD68, 

CD80, CD86 and CD32) and M2 macrophage markers 
(CD206, CD204 and CD163) were examined (Fig.  11). 
The results showed that the expression of M1 macrophage 
markers (except for CD32) was notably increased and the 
expression of M2 macrophage markers were decreased 
considerably under HG conditions (Fig. 11; P<0.01). The 
aforementioned findings suggested that in an HG environ‑
ment, M1 macrophages and pro‑inflammatory responses 
increase, while M2 macrophages and anti‑inflammatory 
responses decrease. Future studies on M1/M2 polarization 
will focus on CD86 and CD204, as they showed the most 
significant expression differences.

Figure 6. Analysis of the overall predictive efficacy of the five biomarkers. (A) A nomogram was constructed based on the five biomarkers. (B) The calibration 
curves were almost identical to the ideal curves. (C) ROC curve showing the overall prediction efficacy of the five marker genes. ROC, receiver operating 
characteristic; AUC, area under the curve; HLA, human leukocyte antigen; ERAP2, endoplasmic reticulum aminopeptidase 2; OAS3, 2'‑5'‑oligoadenylate 
synthetase 3.
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Figure 7. Biomarker targeting compounds and molecular docking results of five biomarkers VPA. (A) Biomarker targeting compounds. (B) Docking site of VPA 
with ERAP2. (C) Docking site of VPA with HLA‑DQB1; (D) Docking site of VPA with HLA‑DRB5; (E) Docking site of VPA with MAPIB; (F) Docking site 
of VPA with OAS3. VPA, valproic acid; ERAP2, endoplasmic reticulum aminopeptidase 2; HLA, human leukocyte antigen; MAPIB, microtubule‑associated 
protein 1B; OAS3, 2'‑5'‑oligoadenylate synthetases 3; ROC, receiver operating characteristic; AUC, area under the curve.
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Effects of MAP1B and OAS3 on macrophage M1/M2 
polarization. To further investigate the effects of MAP1B and 
OAS3 in macrophage polarization, the present study initially 

assessed their expression levels in M1 and M2 macrophages. 
RAW264.7 cells were stimulated with TNF‑α to induce 
M1 polarization and with IL‑4 to induce M2 polarization. 
RT‑qPCR analysis revealed a significant downregulation of 
MAP1B expression in the TNF‑α group and a marked upregu‑
lation in the IL‑4 group (Fig. 12A; P<0.001). Conversely, 
OAS3 expression was increased in the TNF‑α group and 
decreased in the IL‑4 group (Fig. 12B; P<0.01). These find‑
ings suggested that MAP1B is potentially associated with M2 
macrophage polarization, whereas OAS3 appears to be linked 
to M1 macrophage polarization.

To assess the effects of MAP1B and OAS3 on macrophage 
polarization, siRNA was used to inhibit their expression. 
RT‑qPCR showed siRNA#1‑MAP1B was more effective than 
siRNA#2‑MAP1B (Fig. 12C; P<0.001), while siRNA#2‑OAS3 
outperformed siRNA#1‑OAS3 (Fig. 12F; P<0.001). Inhibiting 

Table V. Mendelian analysis between exposure factors and type 2 diabetes mellitus.

Exposure factor	 Method	 nSNP	 b	 SE	 P‑value	 lo_ci	 up_ci

GCST90001482	 MR Egger	 11	 ‑0.070	 0.095	 0.478	 ‑0.256	 0.116
	 Weighted median	 11	 ‑0.026	 0.023	 0.250	 ‑0.071	 0.019
	I nverse variance weighted	 11	 ‑0.051	 0.023	 0.027	 ‑0.097	 ‑0.006
	 Simple mode	 11	 ‑0.020	 0.052	 0.710	 ‑0.121	 0.082
	 Weighted mode	 11	 ‑0.025	 0.025	 0.335	 ‑0.073	 0.023
GCST90001492	 MR Egger	 8	 ‑0.010	 0.005	 0.101	 ‑0.020	 0.000
	 Weighted median	 8	 ‑0.008	 0.005	 0.071	 ‑0.017	 0.001
	I nverse variance weighted	 8	 ‑0.007	 0.004	 0.049	 ‑0.015	 0.000
	 Simple mode	 8	 ‑0.007	 0.012	 0.574	 ‑0.031	 0.016
	 Weighted mode	 8	 ‑0.008	 0.004	 0.096	 ‑0.016	 0.000
GCST90001499	 MR Egger	 14	 ‑0.012	 0.022	 0.587	 ‑0.055	 0.030
	 Weighted median	 14	 ‑0.011	 0.014	 0.429	 ‑0.037	 0.016
	I nverse variance weighted	 14	 ‑0.032	 0.015	 0.031	 ‑0.060	 ‑0.003
	 Simple mode	 14	 ‑0.043	 0.026	 0.129	 ‑0.094	 0.009
	 Weighted mode	 14	 ‑0.013	 0.013	 0.356	 ‑0.038	 0.013
GCST90001548	 MR Egger	 15	 0.039	 0.020	 0.068	 0.001	 0.078
	 Weighted median	 15	 0.023	 0.016	 0.159	 ‑0.009	 0.054
	I nverse variance weighted	 15	 0.025	 0.012	 0.032	 0.002	 0.048
	 Simple mode	 15	 0.025	 0.023	 0.297	 ‑0.020	 0.070
	 Weighted mode	 15	 0.025	 0.014	 0.101	 ‑0.003	 0.053

Table VI. Risk heterogeneity test for exposure factors and type 2 diabetes mellitus.

Exposure factor	 Method	 Q	 Q‑df	 Q‑pval

GCST90001482	 MR Egger	 24.956	 9	 0.302
	I nverse variance weighted	 25.072	 10	 0.052
GCST90001492	 MR Egger	 3.233	 6	 0.779
	I nverse variance weighted	 3.767	 7	 0.806
GCST90001499	 MR Egger	 25.259	 12	 0.136
	I nverse variance weighted	 28.329	 13	 0.081
GCST90001548	 MR Egger	 13.850	 13	 0.384
	I nverse variance weighted	 14.707	 14	 0.398

Table VII. Risk level horizontal pleiotropy test for exposure 
factors and type 2 diabetes mellitus.

	 egger_
Exposure factor	 intercept	 SE	 P‑value

GCST90001482	 0.004	 0.020	 0.843
GCST90001492	 0.003	 0.004	 0.493
GCST90001499	 ‑0.007	 0.006	 0.250
GCST90001548	 ‑0.005	 0.005	 0.386
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MAP1B increased M1 macrophage marker CD86 level and 
decreased M2 macrophage marker CD204 (Fig. 12D and E; 
P<0.001), whereas reducing OAS3 lowered CD86 and raised 
CD204 levels. (Fig.  12G and H; P<0.001). These results 
indicated that MAP1B promotes M2 macrophage polariza‑
tion, whereas OAS3 promotes M1 macrophage polarization. 
Since significant M1 macrophage polarization in HG‑induced 
RAW264.7 cells was observed in the aforementioned 
experiments, which is consistent with the role of OAS3, we 
aim to investigate the mechanism of OAS3 in macrophage 
polarization in depth in a follow‑up study.

Downregulation of OAS3 expression attenuates M1 macro‑
phage polarization by upregulating phosphorylated (p‑)
mTORC level. To explore the role of OAS3 expression on 
macrophage polarization in T2DM, the expression of OAS3 
in HG‑induced macrophages was knocked down by transfec‑
tion with siRNA#2‑OAS3. HG treatment notably increased 
the expression level of the M1 macrophage marker CD86 and 
notably decreased the expression level of the M2 macrophage 
marker CD204. By contrast, inhibition of OAS3 expression 
notably reversed the effect of HG treatment (Fig. 13A and B; 
P<0.001). The aforementioned data suggested that down‑
regulation of OAS3 expression inhibited macrophage M1 

polarization and promoted macrophage M2 polarization in a 
high‑glucose environment, which attenuated the inflammatory 
response.

To further validate the role of OAS3 in M1 macrophage 
polarization, the OAS3 expression was downregulated in 
TNF‑α‑induced macrophages. The results of RT‑qPCR and 
western blotting experiments showed that TNF‑α treatment 
upregulated the expression of CD86 in macrophages and 
downregulation of OAS3 expression inhibited CD86 expres‑
sion; moreover, downregulation of OAS3 reversed the TNF‑α 
action (Fig. 13C and D; P<0.01). The results further indicated 
that OAS3 played a promoting role in M1 macrophage polar‑
ization and that downregulation of OAS3 notably inhibited 
M1‑type polarization and attenuated inflammatory responses.

To explore the potential mechanism of OAS3‑induced 
M1 macrophage polarization, GSEA was used and it was 
found that OAS3 showed activation in the mTORC1 signaling 
pathway (Fig. S2). Therefore, the effect of downregulation of 
OAS3 on proteins related to the mTORC1 signaling pathway in 
macrophages was examined. Western blotting results showed 
that there was no significant change in the levels of mTORC 
protein in each group (Fig. 13E). TNF‑α induced a significant 
decrease in p‑mTORC/mTORC protein levels in macrophages, 
whereas downregulation of OAS3 expression increased the 

Figure 8. Correlation analysis of biomarkers with immune infiltration and immune checkpoint genes. (A) Analysis of immune infiltration; (B) Difference in 
expression of immune checkpoint genes in normal and T2DM groups; (C) Pearson correlation of immune cells, immune checkpoints and marker genes, with 
blue color indicating negative correlation and red color indicating positive correlation. *P<0.05, **P<0.01, ***P<0.001, ****P<0.0001.T2DM, type 2 diabetes 
mellitus; ns, no significant difference. 
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value of p‑mTORC/mTORC (Fig. 13E; P<0.001). In addition, 
downregulation of OAS3 expression reversed the effect of 
TNF‑α, suggesting that downregulation of OAS3 expression 

attenuated macrophage M1 polarization by upregulating 
p‑mTORC levels.

Discussion

Research has shown that there are a number of factors 
contributing to the global epidemic of diabetes, including 
an aging population, a sedentary lifestyle, obesity and an 
unhealthy daily diet (24). Prolonged hyperglycemia can cause 
damage to organs and tissues such as eyes, nerves, kidneys 
and cardiovascular organs, leading to a series of complica‑
tions that pose a serious threat to human health and a huge 
burden on healthcare costs (12,25). The current classical drugs 
for the treatment of T2DM, such as metformin, sulfonylureas 
and thiazolidinediones, cause adverse reactions in patients to 
varying degrees (6). Therefore, through an in‑depth study of 
the pathogenesis of T2DM and corresponding early analysis, 
the prediction, diagnosis and development of therapeutic drugs 
are of great significance to the clinical treatment of patients.

Currently, HbA1c is extensively utilized in the diagnosis of 
T2DM (8). Despite its high stability and convenience, it may 
result in misdiagnosis in certain cases, such as those involving 

Figure 9. Analysis of cell types in T2DM based on single‑cell sequencing data. (A) Cell populations identified by the GSE221156 dataset; (B) annotation of 
cell subpopulations. (C) Interaction diagram between cell types in 7. (D) Distribution of various cell types in normal, PD and T2DM samples. PD, prediabetic 
state; T2DM, type 2 diabetes mellitus; OAS3, 2'‑5'‑oligoadenylate synthetases; MAPIB, microtubule‑associated protein 1B; ERAP2, endoplasmic reticulum 
aminopeptidase 2; HLA, human leukocyte antigen.

Figure 10. The expression levels of MAP1B and OAS3 were detected in 
RAW264.7 cells. (A) The expression of MAP1B was detected by RT‑qPCR. 
(B) The expression of OAS3 was detected by RT‑qPCR. ***P<0.001; ns, no 
significant difference. MAPIB, microtubule‑associated protein 1B; OAS3, 
2'‑5'‑oligoadenylate synthetases; RT‑qPCR, reverse transcription‑quantita‑
tive PCR; Ctrl, blank control group; NG, negative control group; HG, high 
glucose group.
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anemia or ethnic differences  (26). Fasting blood glucose 
(FPG) and the oral glucose tolerance test (OGTT) continue to 
be regarded as the gold standards for T2DM diagnosis, with 
OGTT being particularly sensitive in detecting early diabetes 
and prediabetes (27). Nevertheless, the complexity and cost 
associated with OGTT constrain its use in some regions. 
Consequently, novel biomarkers and assays for T2DM are 
being developed, which have the potential to transform future 
screening and diagnostic strategies for diabetes. Fructosamine 
and glycated albumin have been identified as valuable indica‑
tors for evaluating short‑term glycemic control, particularly 
in patients necessitating frequent monitoring (28). A previous 
study proposed that fructosamine and glycated albumin may 
offer greater predictive value than HbA1c in certain popula‑
tions (28). Furthermore, 1,5‑AG serves as an additional marker 
for assessing short‑term blood glucose fluctuations (29). 1,5‑AG 
is particularly effective in monitoring postprandial hypergly‑
cemia and its integration with HbA1c and FPG enhances the 
early detection rate of T2DM (29). These advances not only 
facilitate the early detection of diabetes but also enhance 
patient management and prognosis, thereby mitigating the risk 
of complications.

The pathogenesis of T2DM is characterized by a gradual 
loss of insulin secretion from β‑cells due to inflammatory 
factors and the development of insulin resistance (6). Recently, 
researchers have demonstrated the relationship between 
mitochondrial dysfunction and insulin resistance, suggesting 
that mitochondrial dysfunction is significant in the patho‑
genesis and progression of T2DM (12). Previous studies have 
suggested that therapeutic modalities targeting mitochondria 
may effectively treat T2DM and its secondary defects (30,31). 
The present study aimed to investigate the role and mecha‑
nisms of genes associated with mitochondrial dysfunction 
in the risk prediction and progression of T2DM. Therefore, 

it combined bioinformatics analysis and experimental valida‑
tion to investigate the role and mechanism of mitochondrial 
dysfunction‑related genes in the prediction and development 
of T2DM risk.

First, the present study obtained five key genes associated 
with mitochondrial dysfunction in T2DM by bioinformatics 
analysis, including ERAP2, HLA‑DQB1, HLA‑DRB5, 
MAP1B and OAS3. It was demonstrated that ERAP2 played 
an important role in antigenic peptide processing, which is 
involved in the maturation of proteins in the endoplasmic retic‑
ulum and influences cytotoxic immune responses (32). ERAP2 
was upregulated as a mitochondrial dysfunction‑related gene 
in obstructive sleep apnea (33). HLA‑DQB1 and HLA‑DRB5 
play an important role in the immune system by presenting 
peptides to T‑cells and are differentially expressed in type 
1 diabetes  (34,35). The HLA‑DQB1 allele is associated 
with T2DM and diabetic nephropathy in the Chinese Han 
population (36). MAP1B expression is associated with neuro‑
development and calcineurin‑10 affects the progression of 
T2DM by regulating the cleavage of MAP1B (37,38). OAS3 
expression is upregulated as a co‑immunization biomarker 
in T2DM patients  (39,40). The present study identified a 
significant downregulation of ERAP2 in T2DM, whereas the 
expressions of HLA‑DQB1, HLA‑DRB5, MAP1B and OAS3 
were upregulated. In addition, MAP1B had an improved predic‑
tive performance for T2DM (AUC value of 0.759), whereas the 
AUC value was increased to 0.833 for the combined detection 
of the aforementioned five markers.

Addressing mitochondrial dysfunction could represent a 
novel therapeutic strategy for the management of T2DM (12). 
Pharmacological agents that enhance mitochondrial function, 
including specific antioxidants and mitochondrial protec‑
tive compounds, may contribute to the restoration of normal 
metabolic processes, thereby improving insulin sensitivity 

Figure 11. Detection of M1 macrophage and M2 macrophage polarization in T2DM. (A) Detection of the expression of M1 macrophage markers CD68, CD80, 
CD86 and CD32. (B) Detection of the expression of M2 macrophage markers CD206, CD204 and CD163. **P<0.01; ***P<0.001; ns, no significant difference; 
T2DM, type 2 diabetes mellitus; Ctrl, blank control group; NG, negative control group; HG, high glucose group.
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and glycemic regulation (12,41). The present study explored 
the potential role of these five markers (ERAP2, HLA‑DQB1, 
HLA‑DRB5, MAP1B and OAS3) in the treatment of T2DM 
and the results showed that these genes collectively target 
VPA. Turnbull et al  (42) demonstrated a modest decrease 
in blood glucose levels in Wistar rats treated with VPA 

following administration of VPA, a result that was confirmed 
in subsequent preclinical studies  (43‑45). Several clinical 
studies also found lower blood glucose levels in VPA‑treated 
patients (46,47). In the present study, molecular docking results 
showed that VPA was able to bind to the five markers (ERAP2, 
HLA‑DQB1, HLA‑DRB5, MAP1B and OAS3) through the 

Figure 12. The effects of MAP1B and OAS3 on macrophage polarization. Detection of (A) MAP1B and (B) OAS3 n levels in TNF‑α and IL‑4 groups. 
RT‑qPCR to detect the levels of (C) MAP1B, (D) CD86 and (E) CD204 following transfection of siRNA#1‑MAP1B or siRNA#2‑MAP1B. RT‑qPCR to 
detect the expressions of (F) OAS3, (G) CD86 and (H) CD204 following transfection of siRNA#1‑OAS3 or siRNA#2‑OAS3; **P<0.01; ***P<0.001. MAPIB, 
microtubule‑associated protein 1B; OAS3, 2'‑5'‑oligoadenylate synthetases; RT‑qPCR, reverse transcription‑quantitative PCR; siRNA, small interfering RNA; 
NC, negative control.
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Figure 13. OAS3 modulates macrophage polarization markers (CD86/CD204) and mTOR signaling in type 2 diabetes mellitus models. (A) RT‑qPCR to detect 
the levels of CD86 and CD204. (B) Western blotting to detect the protein expression levels of CD86 and CD204. (C) RT‑qPCR to detect the expressions of 
CD86. (D) Western blotting to detect the protein expressions of CD86. (E) Protein expression levels of mTORC and p‑mTORC were detected by western 
blotting; **P<0.01; ***P<0.001; ns: no significant difference. RT‑qPCR, reverse transcription‑quantitative PCR; siRNA, small interfering RNA; NC, negative 
control; MAPIB, microtubule‑associated protein 1B; OAS3, 2'‑5'‑oligoadenylate synthetases; p‑, phosphorylated.
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formation of a stable hydrogen bond toward binding. The 
findings indicate that investigating mitochondrial dysfunction 
offers a potential target for the development of innovative 
therapeutic strategies. Furthermore, early identification and 
intervention in mitochondrial dysfunction may mitigate the 
risk of diabetic complications, thereby enhancing quality of 
life and prognosis in patients.

Metabolic disorders associated with T2DM are intri‑
cately linked to immune system function (48). The metabolic 
condition of mitochondria inf luences not only energy 
production but also modulates the activity and functionality 
of immune cells  (48). Studies have shown that immune 
system disorders are closely related to the progression of 
T2DM  (49). Accumulation of immune cells and inflam‑
matory mediators in pancreatic islets, as well as immune 
cell infiltration, is one of the key features of islet dysfunc‑
tion (50). Previous studies have demonstrated the effect of T 
cells on T2DM (51‑53). CD4+ T cells, as the main cells that 
make up the body's immune system, play a crucial role in 
the development of the disease. The helper T cells differenti‑
ated from CD4+ T cells contain three subpopulations, Th1, 
Th2 and Th17 and serum TNF‑α secreted by Th1 cells and 
IL‑4, IL‑10 secreted by Th2 cells, as well as IL‑17 secreted 
by Th17 cells, have been shown to play an important role in 
the development of diabetes (54‑56). CD8+ T cells contribute 
to the development of chronic low‑grade inflammation by 
secreting pro‑inflammatory cytokines and expressing cyto‑
toxic molecules (57,58). In addition, a number of studies have 
shown that macrophage infiltration is increased in pancreatic 
islets of T2DM patients (59‑61). The present study found a 
significant decrease in the abundance of CD4+ T cells and 
CD8+ T cells and a substantial enrichment of macrophages in 
T2DM based on bioinformatics analysis. In addition, it found 
that CD4+ T cells were notably associated with ERAP2, 
whereas CD8+ T cells were notably associated with OAS3, 
MAP1B and ERAP2. Mitochondrial dysfunction is a critical 
factor in the pathogenesis of T2DM, notably influencing the 
immune microenvironment and thereby exacerbating insulin 
resistance and metabolic disorders. A comprehensive under‑
standing of this intricate interaction is essential not only for 
elucidating the pathological mechanisms underlying T2DM 
but also for identifying potential targets for novel therapeutic 
strategies. Future research should further investigate the 
relationship between mitochondrial function and immune 
response to facilitate the development of more effective 
interventions for the management of T2DM.

Patients with T2DM develop an imbalance in macrophage 
M1/M2 polarization, which is manifested by an increase 
in pro‑inflammatory M1 macrophages and a decrease in 
anti‑inflammatory M2 macrophages (62). Chronic inflam‑
mation mediated by an imbalance in macrophage M1/M2 
polarization may be a key factor in insulin resistance and 
pancreatic β‑cell dysfunction  (62). The present study 
revealed a significant increase in the expression of the M1 
macrophage markers CD86, CD80 and CD68 and a decrease 
in the expression of the M2 macrophage markers CD204, 
CD206 and CD163 in a high‑glucose environment. ERAP2, 
HLA‑DQB1, HLA‑DRB5, MAP1B and OAS3 are closely 
associated with immune responses and previous studies have 
reported their expression in macrophages (63‑67). Since the 

murine sequences of ERAP2, HLA‑DQB1 and HLA‑DRB5 
were not retrieved from the NCBI database, MAP1B and 
OAS3 were chosen for cellular experimental validation. One 
study notes that MAP1B could be used as a prognostic marker 
for bladder cancer patients and was notably positively corre‑
lated with the M2 macrophage‑associated gene CD163 (66). 
Another study indicates that OAS3 was positively correlated 
with M1 macrophages in systemic lupus erythematosus (68). 
The present study showed that the expression of MAP1B and 
OAS3 was notably upregulated in HG‑induced RAW264.7 
cells and that the expression of MAP1B was higher in M2 
macrophages. By contrast, the expression of OAS3 was 
higher in M1 macrophages. In addition, it was found that 
OAS3 showed activation in the mTORC1 signaling pathway 
by GSEA. A previous study confirmed that mTORC1 reduces 
insulin sensitivity by inhibiting insulin signaling (69). The 
present study found that downregulation of OAS3 expression 
attenuated M1 macrophage polarization by upregulating 
p‑mTORC levels.

There are still some limitations to the present study. 
First, it obtained five biomarkers based on bioinformatics 
analysis, but since there were no mouse sequences for ERAP2, 
HLA‑DQB1 and HLA‑DRB5, Only MAP1B and OAS3 were 
experimentally validated. In addition, it was not experimen‑
tally demonstrated that VPA could target the expression of 
five biomarkers to alleviate the progression of T2DM. Future 
studies will conduct a more comprehensive analysis of the 
clinical application value and mechanism of action of the five 
biomarkers.

In conclusion, the present study screened five mito‑
chondrial dysfunction biomarkers (ERAP2, HLA‑DQB1, 
HLA‑DRB5, MAP1B and OAS3) associated with T2DM and 
the combined detection of the aforementioned five markers 
has good efficacy in T2DM prediction. In addition, the afore‑
mentioned five marker genes may be target‑regulated genes 
of VPA. Moreover, downregulation of OAS3 expression could 
attenuate the degree of M1 macrophage polarization by regu‑
lating the level of p‑mTORC and thus regulate the progression 
of T2DM.
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