
Academic Editor: Alfredo Caturano

Received: 10 September 2026
Revised: 23 October 2026
Accepted: 26 October 2026
Published: 29 October 2026

Copyright: © 2026 by the authors. 
Licensee MDPI, Basel, Switzerland. 
This article is an open access article 
distributed under the terms and 
conditions of the Creative Commons 
Attribution (CC BY) license.

Article

A Senescence-Associated Transcriptional Signature in PBMC for 
Molecular Characterization and Diagnosis of Type 2 
Diabetes Mellitus
Shangrong Wu 1 , † , Changqing Yin 2 , † , Xiaolan He 1 , Lu Xiong 1 , Yuexi Zhou 1 , Yajun Hu 1 , * and Haiqiang Ke 3 , *

1  Center of Reproductive Medicine, Wuhan No. 1 Hospital, Wuhan 430022, China; sinfly520@163.com (S.W.); 
hxl0315@whyyy.com (X.H.); xl0844@whyyy.com (L.X.); moonwishzhou@163.com (Y.Z.)

2  Huangshi Central Hospital, Affiliated Hospital of Hubei Polytechnic University, Huangshi 435000, China; 
17111220041@fudan.edu.cn

3  Reproductive Medicine Center, Tongji Hospital, Tongji Medical College, Huazhong University of Science and 
Technology, Wuhan 430030, China

* Correspondence: hyajun01@126.com (Y.H.); kehaiqiang@tjh.tjmu.edu.cn (H.K.)
†  These authors contributed equally to this work.

Abstract

Background/Objectives: Type 2 diabetes mellitus (T2DM) is a complex metabolic disorder 
associated with substantial morbidity and mortality. Peripheral blood mononuclear cells 
(PBMCs) represent an accessible cellular source for investigating systemic molecular al-
terations in T2DM. This study aimed to characterize senescence-associated transcriptional 
alterations in PBMCs and to evaluate their potential relevance to the molecular charac-
terization and diagnosis of T2DM. Methods: Publicly available PBMC RNA-sequencing 
datasets were integrated following normalization and batch-effect correction. Differentially 
expressed genes were intersected with curated senescence-associated gene sets and sub-
jected to functional enrichment analyses. Weighted gene co-expression network analysis 
was used to identify T2DM-associated gene modules, and immune deconvolution was per-
formed to characterize alterations in immune-cell composition. LASSO regression, random 
forest, and support vector machine analyses were integrated to identify candidate diagnostic 
genes. The resulting gene signature was evaluated in independent cohorts and further 
validated by RT-qPCR in clinical PBMC samples. Consensus clustering was additionally 
performed to investigate molecular heterogeneity among patients with T2DM. Results: 
Senescence-associated transcriptional alterations were enriched in pathways related to RNA 
processing, cell-cycle regulation, and metabolism. A three-gene signature comprising ICE2, 
NHLRC2, and RPS24 was identified and showed reproducible diagnostic performance 
across independent cohorts. A nomogram incorporating these genes achieved an area 
under the receiver operating characteristic curve of 0.882. RT-qPCR analysis of clinical 
PBMC samples confirmed expression patterns consistent with the transcriptomic analyses. 
Furthermore, consensus clustering identified distinct T2DM molecular subtypes charac-
terized by differential immune and inflammatory profiles. Conclusions: These findings 
identify a senescence-associated PBMC transcriptional signature with potential diagnostic 
relevance in T2DM and reveal molecular heterogeneity associated with distinct immune 
and inflammatory features. The results provide a transcriptomic framework for further 
investigation of senescence-related immune–metabolic alterations in T2DM.
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1. Introduction
Type 2 diabetes mellitus (T2DM) is characterized by chronic hyperglycemia and pro-

gressive cardiometabolic complications. In 2024, diabetes affected 11.11% of the global 
adult population. The burden was disproportionately heavy among older adults, reaching 
23.72% in those aged 65 and above and peaking at 24.79% in the 75–79 age group [1]. This 
disease imposes substantial clinical and socioeconomic burdens worldwide [2,3]. Despite 
advances in glucose-lowering therapies, many patients still develop vascular complications 
and immune-related comorbidities. This highlights the heterogeneous pathophysiology of 
T2DM and the limitations of current risk stratification strategies [4,5]. Clinical diagnosis and 
monitoring rely primarily on glycemic markers, such as fasting plasma glucose and HbA1c. 
These markers reflect metabolic status but offer limited insight into the molecular drivers of 
disease progression, immune dysregulation, and variable treatment responses [6,7].

Peripheral blood mononuclear cells (PBMCs) provide an accessible source for studying 
systemic immune–metabolic changes in T2DM [8]. PBMC transcriptomes combine signals 
from various circulating immune cells and their activation states, allowing discovery of 
molecular signatures that reveal disease mechanisms through minimally invasive sampling. 
Therefore, transcriptomic analysis of PBMCs can identify differentially expressed genes 
between patients with T2DM and healthy controls [9,10]. These genes may reflect changes 
associated with insulin resistance, systemic inflammation, oxidative stress, and mitochon-
drial dysfunction [10–12], providing insights into the immune and metabolic alterations 
associated with T2DM and potential candidate biomarkers.

However, PBMC-derived gene signatures for T2DM are not well defined, and clinically 
useful diagnostic models with clear biological interpretation are still lacking. Senescence-
associated processes have been implicated in the links between metabolic stress, chronic 
inflammation, and tissue dysfunction in T2DM [13]. Cellular senescence is commonly char-
acterized by stable cell-cycle arrest and extensive transcriptional and epigenetic changes [14]. 
A senescence-associated secretory phenotype (SASP), which includes pro-inflammatory 
cytokines, chemokines, and proteases, may contribute to immune activation and chronic 
inflammation [15]. These inflammatory factors may also impair insulin signaling and 
contribute to insulin resistance, potentially disrupting metabolic homeostasis [16].

In T2DM, hyperglycemia, oxidative stress, mitochondrial dysfunction, and lipotoxicity 
promote senescence-like programs in classic tissues such as adipose, liver, and islets. These 
programs also occur in circulating immune cells, impairing immune surveillance and 
fueling low-grade inflammation [17]. Senescence-related transcriptional changes in PBMCs 
likely reflect immune aging and disease-driven immunometabolic stress. However, these 
signatures and their potential as diagnostic markers for immune composition and pathway 
activity remain underexplored, especially through integrative frameworks.

Here, we sought to characterize senescence-associated transcriptional alterations in 
PBMCs from patients with T2DM and to evaluate their potential diagnostic and molecular 
relevance. To this end, we integrated publicly available PBMC RNA-sequencing datasets 
and combined differential expression analysis with curated senescence-associated gene 
sets, weighted gene co-expression network analysis, and functional enrichment analyses to 
identify T2DM-related senescence-associated transcriptional features. Immune deconvo-
lution was further used to characterize alterations in immune-cell composition and their 
associations with the identified transcriptional signature. We subsequently integrated mul-
tiple machine-learning approaches to derive a senescence-associated gene signature and 
constructed a diagnostic model, whose performance was evaluated across internal and 
independent external cohorts and further examined in clinical PBMC samples. In addi-
tion, consensus clustering and gene set enrichment analyses were performed to investigate 
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molecular heterogeneity within T2DM and to characterize subtype-associated immune and 
inflammatory features.

Collectively, this study aimed to characterize senescence-associated transcriptional 
alterations in PBMCs from individuals with T2DM, identify a candidate gene signature, 
assess its diagnostic potential, and explore the associations between senescence-related 
transcriptional heterogeneity and immune and inflammatory profiles. These findings may 
provide a basis for further investigation of molecular heterogeneity in T2DM.

2. Methods
2.1. Data Sources and Preprocessing

Public PBMC transcriptomic datasets for T2DM and non-diabetic controls were ob-
tained from the Gene Expression Omnibus (GEO) [18]; the datasets used in this study are 
presented in Table S1. GSE156993 and GSE15932 were integrated as the primary cohort 
for differential expression, co-expression network analysis, immune deconvolution, and 
machine-learning feature selection. GSE185011 (PBMC; healthy controls and uncompli-
cated T2DM) and GSE189005 (whole blood) were used as independent external validation 
cohorts. Neither dataset was used for feature selection or model development. All analyses 
were performed in R (version 4.3.1). Raw expression matrices were imported using GEO-
query (version 2.70.0) [19], and probe identifiers were mapped to official gene symbols 
with platform annotation packages. When multiple probes mapped to the same gene, 
probe-level values were collapsed by taking the mean expression. Expression values were 
log2-transformed when required and normalized to improve comparability across studies. 
Batch effects were corrected using ComBat [20] from the sva package [21]. The effectiveness 
of normalization and batch correction was evaluated by inspecting expression distribution 
boxplots before and after correction. An overview of the study workflow is summarized in 
Figure 1.

Figure 1. Overview of the study design. Arrows between the four modules indicate the overall 
workflow direction, and arrows within each module indicate the sequential data-processing steps.
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2.2. Differential Expression Analysis
Differential expression between T2DM and control samples was evaluated on the 

batch-corrected integrated matrix using limma with empirical Bayes moderation [22]. p val-
ues were obtained from the moderated t-statistics, and genes with p value < 0.05 were 
considered significant. Significant genes were categorized as upregulated (logFC > 0) 
or downregulated (logFC < 0) based on the direction of logFC. Results were visualized 
using volcano plots and heatmaps of representative differentially expressed genes (DEGs) 
generated with ggplot2 (version 3.4.2) and pheatmap (version 1.0.13).

Given that differential expression analysis was used as an exploratory pre-screening 
step prior to integration with WGCNA rather than as a definitive genome-wide significance 
test, genes with a nominal p < 0.05 were retained for subsequent integrative analysis.

2.3. Senescence-Associated DEG Identification and Functional Enrichment
Senescence-related candidate genes were retrieved from GeneCards (https://www.

genecards.org/, accessed 21 November 2025) using the term “senescence” [23]. Genes with 
a relevance score ≥20 were retained, duplicates were removed, and 4337 genes were used 
for subsequent analyses. Senescence-associated differentially expressed genes (DEGs) were 
defined as the intersection between PBMC DEGs and curated senescence-associated genes. 
Functional enrichment analyses were performed using clusterProfiler (version 4.10.1) [24] 
with org.Hs.eg.db, following conversion of gene symbols to Entrez Gene IDs. Gene Ontol-
ogy (GO) [25] enrichment was conducted for biological process (BP), cellular component 
(CC), and molecular function (MF) categories, and KEGG [26] pathway enrichment was 
performed using the same framework. Multiple testing correction was applied using the 
Benjamini–Hochberg method, and terms with FDR <0.05 were considered significant. En-
richment results were visualized as bar plots and dot plots ranked by gene ratio and adjusted 
significance. Protein–protein interaction (PPI) networks for senescence-associated DEGs 
were retrieved from STRING [27] using a medium confidence score >0.7 and visualized as 
undirected interaction graphs.

2.4. Weighted Gene Co-Expression Network Analysis (WGCNA)
Weighted gene co-expression network analysis (WGCNA) [28] was conducted using 

the WGCNA package (version 1.73) on the normalized PBMC expression matrix. Genes 
with low expression (bottom 25% median absolute deviation) were filtered prior to analysis. 
Soft-thresholding power (β) was selected (β = 4) based on scale-free topology fit index 
(R2  > 0.8) and mean connectivity. A signed co-expression similarity matrix was transformed 
into an adjacency matrix and topological overlap matrix (TOM), followed by hierarchical 
clustering with dynamic tree cutting (minimum module size = 50) and module merging (cut 
height = 0.4). Module eigengenes were correlated with T2DM status (binary trait) using 
Pearson correlation, with significance determined by p < 0.05. Module–trait relationships, 
eigengene dendrograms, and intramodular connectivity (kME) versus gene significance 
plots were generated using built-in WGCNA functions.

2.5. Feature Selection and Construction of a Diagnostic Signature
Three machine-learning algorithms were used in R to identify a robust diagnostic 

molecular signature that distinguished T2DM from controls. LASSO logistic regression 
(glmnet version 4.1-8) optimized the penalty parameter (λ) via 10-fold cross-validation, 
selecting sparse predictors [29]. A random forest classifier (randomForest; ntree = 1000) 
was trained with out-of-bag estimation enabled, and feature importance was assessed 
by mean decrease in node impurity (IncNodePurity) to identify informative genes [30]. 
Support vector machine–recursive feature elimination (SVM-RFE) (radial basis function 
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kernel; e1071 v1.7-16) with 10-fold cross-validation was used to select the gene subset that 
minimized the cross-validated misclassification error [31]. The final three-gene signature, 
comprising ICE2 (interactor of little elongation complex ELL subunit 2), NHLRC2 (NHL 
repeat-containing protein 2), and RPS24 (ribosomal protein S24), was defined by the 
intersection of candidate features identified by multiple feature-selection methods, with 
cross-validated performance reported as accuracy, sensitivity, specificity, and area under 
the receiver operating characteristic curve (AUC). Feature-selection stability was evaluated 
using 25 repeats of stratified four-fold cross-validation. Within each training fold, differential 
expression analysis, WGCNA, and candidate gene selection using LASSO, RF, and SVM-RFE 
were repeated, with hyperparameters tuned by inner cross-validation. Held-out samples 
were excluded from feature selection and tuning. Selection frequencies were calculated 
across successfully completed folds.

2.6. Diagnostic Model Validation and Nomogram Development
A three-gene signature (ICE2, NHLRC2, RPS24) was used to develop a diagnostic 

model for T2DM. A multivariable logistic regression model was fitted using the rms package 
and visualized as a nomogram for individualized risk estimation. Model discrimination 
was evaluated by receiver operating characteristic (ROC) analysis using Proc [32], with 
performance quantified by the area under the curve (AUC) and corresponding 95% confi-
dence intervals. The nomogram-based model [33] was further assessed in independent 
external validation datasets (GSE185011 and GSE189005) using the same ROC/AUC frame-
work. The nomogram was generated based on the multivariable logistic regression model 
incorporating ICE2, NHLRC2, and RPS24 expression levels.

2.7. Immune Cell Deconvolution and Gene-Immune Correlations
Immune cell fractions in PBMC samples were inferred from the merged expression 

matrix using CIBERSORT with the LM22 signature matrix (permutations = 100; quantile 
normalization enabled) [34]. Immune cell types with zero estimated abundance across all 
samples were removed, and relative fractions were compared between control and T2DM 
using two-sided unpaired Student’s t-tests. Within the T2DM group, Spearman correlation 
was used to evaluate immune–immune relationships and to assess associations between 
biomarker expression (ICE2, NHLRC2, and RPS24) and inferred immune cell fractions, 
with p values adjusted by the Benjamini–Hochberg method. Results were visualized as 
stacked bar plots, boxplots, correlation heatmaps, and lollipop plots using ggplot2 [35] and 
related R packages.

2.8. Single-Cell RNA-Seq Analysis (PBMCs and Pancreatic Islets)
Single-cell RNA-seq datasets from GSE280401 (PBMCs) and GSE81608 [36] (pan-

creatic islets) were analyzed to characterize the cell type-specific expression patterns of 
the diagnostic genes (ICE2, NHLRC2, and RPS24) and to evaluate diabetes-associated 
cellular programs at single-cell resolution. All analyses were performed in R using the 
Seurat package (version 5.3.0) [37,38]. Briefly, cells were subjected to standard quality 
control filtering to remove low-quality profiles, followed by library-size normalization and 
log-transformation. Highly variable genes were identified for principal component analysis 
(PCA), and a shared nearest-neighbor (SNN) graph was constructed for graph-based clus-
tering. Low-dimensional embeddings were generated using UMAP for visualization. Major 
immune cell subsets (PBMCs) and endocrine lineages (alpha, beta, delta, and PP cells) 
were annotated based on canonical marker genes. The expression distributions of ICE2, 
NHLRC2, and RPS24 were visualized using UMAP feature plots and summarized across 
annotated cell types and disease conditions (T2D vs. control/non-diabetic) using dot plots 
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and split violin plots. For the PBMC dataset, intercellular communication changes between 
T2D and controls were further inferred using a ligand–receptor interaction framework to 
quantify sender–receiver signaling strength alterations across immune populations [39,40].

2.9. Isolation of Peripheral Blood Mononuclear Cells
Peripheral blood mononuclear cells (PBMCs) were isolated by density gradient cen-

trifugation using isotonic Percoll separation medium (Cytiva, Marlborough, MA, USA). 
Peripheral blood samples were obtained from 32 outpatients with type 2 diabetes mellitus 
and 19 healthy controls recruited from either outpatient clinics or routine health examina-
tions at Wuhan No. 1 Hospital. Blood samples were collected into EDTA anticoagulant 
tubes, diluted 1:1 with phosphate-buffered saline (PBS), and gently layered onto the Percoll 
medium. After centrifugation at 600× g for 30 min at room temperature without brake, the 
PBMC layer at the plasma–Percoll interface was collected. The cells were washed twice 
with PBS by centrifugation at 450× g for 8 min to remove residual plasma and Percoll, and 
then used for subsequent experiments. This study was approved by the Ethics Commit-
tee of Wuhan NO. 1 Hospital (approval number: Scientific Ethics [2026] No. 86), and a 
waiver of informed consent was granted. All methods were performed in accordance with 
the relevant guidelines and regulations and with the Declaration of Helsinki. Participant 
demographic characteristics are shown in Table S2. Normally distributed continuous data 
were summarized as mean ± SD and compared using Student’s t-test; otherwise, data were 
presented as median (interquartile range, IQR) and analyzed with the Mann–Whitney U 
test. Categorical variables were expressed as frequencies (percentages) and examined by 
χ2  test.

2.10. Reverse Transcription-Quantitative PCR Analysis
Total RNA was extracted from PBMCs using TRIzol reagent (Thermo Fisher Scientific, 

Waltham, MA, USA) according to the manufacturer’s instructions. Subsequently, 1 μg of 
total RNA was reverse-transcribed into cDNA using the HyScriptTM IV RT All-in-One 
SuperMix (HYCEZMBIO, Wuhan, China). Quantitative real-time PCR was performed using 
SYBR Green qPCR Mix (Tsingke Biotechnology, Beijing, China) on a Molarray MA-6000 Real-
Time PCR System (Molarray, Suzhou, China). β-actin was used as the internal reference 
gene. Each experiment was performed with three replicates. Data were analyzed by the 
2−ΔΔCT  method. p < 0.05 was considered statistically significant. The primer sequences used 
for amplification are listed in Table S3.

2.11. Consensus Clustering, Subtype Characterization, and Pathway Analysis
Consensus clustering was conducted in T2DM samples using ConsensusCluster-

Plus [41] (version 1.66.0) on the expression matrix of selected genes. Hierarchical clustering 
with average linkage and a Spearman correlation-based distance was applied, evaluating 
up to K = 5 clusters. Cluster stability was assessed over 100 resampling iterations by sub-
sampling 80% of samples per iteration while retaining all features. The optimal number of 
clusters was determined by inspection of consensus matrices and cumulative distribution 
function (CDF) curves, and samples were assigned to consensus-derived clusters. Principal 
component analysis (PCA) was performed using FactoMineR (version 2.11) [42] and visu-
alized with factoextra (version 1.0.7) to confirm subtype separation. Differential expression 
between T2DM subtypes was analyzed using limma [22] with empirical Bayes modera-
tion, and genes were ranked by log2  fold change. Gene set enrichment analysis (GSEA) 
was performed on the ranked gene list using clusterProfiler [27] (version 4.10.1) against 
MSigDB C2 curated gene sets, with significance assessed by Benjamini–Hochberg-adjusted 
p values [24].
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3. Results
3.1. Identification of Differentially Expressed Genes (DEGs) in T2DM Patients

We integrated two public PBMC transcriptomic cohorts (GSE156993 and GSE15932) 
to build a T2DM diagnostic framework. Prior to integration, the overall expression dis-
tributions differed markedly between datasets, indicating substantial batch effects; after 
normalization and batch-effect correction, the distributions became well aligned across 
samples, supporting improved cross-cohort comparability (Figure 2A,B and Figure S1). 
Differential expression analysis on the corrected matrix identified a set of genes significantly 
upregulated or downregulated in T2DM relative to controls, consistent with broad tran-
scriptional remodeling in PBMCs (Figure 2C). Unsupervised clustering of representative 
DEGs further showed clear separation between T2DM and control samples, along with 
consistent expression patterns within each group (Figure 2D), providing a robust pool of 
candidate features for biomarker selection and model building.

Figure 2. Transcriptomic analysis of PBMC samples from T2DM patients and healthy controls. 
(A,B) Evaluation of transcriptomic data harmonization before and after normalization. Boxplots 
show the genome-wide expression distributions of individual PBMC samples from two independent 
datasets (GSE15932 and GSE156993) before (A) and after (B) normalization. (C) Volcano plot of 
2364 DEGs between T2DM and control groups. Red dots indicate upregulated genes, blue dots 
indicate downregulated genes, and grey dots indicate non-significant genes (p ≥ 0.05). Differentially 
expressed genes were identified using a threshold of p < 0.05. Genes with log2FC > 0 were classified 
as upregulated, while those with log2FC < 0 were classified as downregulated. In the volcano plot, 
the horizontal dashed line indicates the threshold of p = 0.05, and the vertical dashed line indicates 
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log2FC = 0 (D) Heatmap of the top 50 DEGs based on adjusted p-value shows distinct separation 
between T2DM and control samples. Each row represents a gene, each column a sample, and color 
denotes normalized expression (Z-score).

To further examine the consistency of the three candidate genes, we evaluated their 
expression patterns separately across the discovery cohorts and an independent PBMC 
dataset (Table S4). The results varied across cohorts. Although ICE2 and NHLRC2 showed 
significant differential expression in GSE15932, these findings were not consistently ob-
served in GSE156993. In the independent GSE185011 cohort, none of the three genes 
reached statistical significance after multiple-testing correction. These findings highlight 
the need for further evaluation of the reproducibility of the three candidate genes across 
independent datasets.

3.2. Senescence-Related Transcriptional Alterations in T2DM Patients
We intersected PBMC DEGs with the senescence-associated genes and identified 

502 senescence-associated DEGs (Figure 3A). This result indicates that a substantial fraction 
of T2DM-related transcriptional changes in circulating immune cells are linked to senes-
cence biology. GO enrichment highlighted processes such as RNA splicing, protein–RNA 
complex organization, DNA replication, cell-cycle functions, and translation (Figure 3C). 
These results suggest coordinated changes in core gene expression and cell proliferation 
programs. Enriched cellular components included spliceosomal and ribosomal assemblies, 
as well as other intracellular structures. Meanwhile, molecular functions reflected regula-
tory activities such as transcription factor binding and chromatin or epigenetic modulation. 
KEGG pathway analysis revealed enrichment of several diabetes-relevant pathways, in-
cluding insulin signaling, insulin resistance, inflammatory TNF signaling, FoxO signaling, 
and pathways associated with cellular senescence (Figure 3D). To evaluate whether the 
senescence-associated differentially expressed genes represent a coordinated functional 
module, we constructed a STRING-based PPI network. The observed number of interactions 
was significantly higher than expected from a random gene set of comparable size (PPI 
enrichment p = 0.000619), indicating significant functional connectivity among these genes 
(Figure 3B). This suggests the existence of a coordinated senescence- and immune-related 
module that may contribute to PBMC dysfunction in T2DM.

3.3. Co-Expression Network Analysis Reveals T2DM-Associated Modules
We applied WGCNA on the integrated PBMC expression matrix. Hierarchical cluster-

ing of samples did not identify obvious outliers, supporting the robustness of downstream 
network construction (Figure 4A). A soft-thresholding power was then selected to ap-
proximate scale-free topology, achieving a high scale-free fit while maintaining acceptable 
mean connectivity (Figure 4B). Gene co-expression analysis yielded multiple distinct mod-
ules, illustrated by the gene dendrogram and module color assignments before and after 
merging (Figure 4C). Module–trait correlation analysis identified several modules signif-
icantly linked to disease status. The blue module showed the strongest association with 
the phenotype (|r| ≈ 0.57, p ≈ 0.0048), with other modules, such as pink and magenta, 
also related to traits (Figure 4D). Inter-module relationship analysis further demonstrated 
structured correlations among module eigengenes, indicating non-random organization 
of the co-expression network (Figure 4E). Finally, within the key module, module mem-
bership was strongly correlated with gene significance (cor = 0.61, p = 1.4 × 10−81 ). This 
supports the presence of biologically meaningful hub genes that closely link to the clinical 
trait and are suitable for downstream feature prioritization (Figure 4F). The genes within 
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the T2DM-associated module were subsequently considered as candidates for downstream 
integration with senescence-associated signatures and biomarker development.

Figure 3. Functional characterization of senescence-related differentially expressed genes (DEGs) 
in PBMCs. (A) Overlap between PBMC DEGs and a curated cellular senescence-associated gene 
set. Among the identified DEGs, 502 genes overlapped with the senescence-associated gene set, 
while 1862 DEGs and 3834 senescence-associated genes were unique to each list. Senescence-related 
genes were retrieved from GeneCards using the keyword “senescence” (accessed 21 November 2025). 
After filtering for a relevance score ≥ 20 and removing duplicates, 4337 genes were retained for 
analysis [23]. (B) STRING-based protein–protein interaction (PPI) network of senescence-associated 
differentially expressed genes. The network was constructed using STRING interactions with a 
minimum confidence score of 0.7. The observed connectivity was significantly higher than expected 
by chance (PPI enrichment p = 0.000619). Colors are for visualization only (C) Gene Ontology (GO) 
over-representation analysis (Biological Process, Cellular Component, and Molecular Function) of 
the 502 genes. Each bar represents one significantly enriched GO term (FDR < 0.05), grouped into 
Biological Process, Cellular Component, and Molecular Function; bar length denotes the GeneRatio 
(the proportion of the 502 genes annotated to that term), and color indicates the FDR-adjusted p value. 
(D) KEGG pathway enrichment of the 502 genes displayed as a dot plot; dot size reflects the number 
of genes mapped to each pathway (Count) and dot color indicates the FDR-adjusted p value.
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Figure 4. WGCNA identifies T2DM-associated transcriptional modules and hub genes in PBMCs. 
Weighted gene co-expression network analysis was performed to identify coordinated transcriptional 
programs associated with T2DM. (A) Hierarchical clustering of samples showing no apparent outliers 
before network construction. (B) Selection of the soft-thresholding power based on scale-free topology 
criteria. The red numbers indicate the candidate soft-thresholding powers (β) evaluated in the 
analysis. The red horizontal line marks the reference threshold of the scale-free topology fit index 
(signed R2  = 0.80) (C) Identification of co-expression modules based on gene clustering and module 
merging. Gene clustering dendrogram with module assignments. The “Dynamic Tree Cut” and 
“Merged Dynamic” color bands show initial and merged modules, respectively; each color denotes 
a module and grey denotes unassigned genes. Module colors are arbitrary and do not encode ex-
pression direction or statistical significance (D) Module–trait correlation analysis identifying modules 
associated with T2DM status. The blue module showed the strongest association with disease status. 
(E) Module eigengene correlation analysis demonstrating relationships among identified modules. 
(F) Correlation between module membership and gene significance within the key module, supporting 
the identification of phenotype-associated hub genes.
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3.4. Feature Selection and Diagnostic Model Construction
During feature selection, we applied three complementary machine-learning ap-

proaches: LASSO regression, SVM–recursive feature elimination (SVM-RFE), and random 
forest (RF). These methods were used to identify robust diagnostic markers (Figure 5). In 
the LASSO model, regression coefficients decreased toward zero as the penalty increased, 
and the optimal λ from cross-validation retained nine non-zero features (Figure 5A,B). 
SVM-RFE further evaluated model performance across different feature set sizes. The 
lowest 10-fold cross-validation error and highest accuracy were achieved at 35 features 
(CV error = 0.175; accuracy = 0.825) (Figure 5C,D). RF analysis ranked candidate genes 
by importance (IncNodePurity) and identified a subset of highly informative predictors 
(Figure 5E). A Venn diagram summarizing overlaps across methods showed that SVM 
identified 35 features, including six shared with LASSO, two shared with RF, and three 
genes consistently selected by all three algorithms (Figure 5F), which were then priori-
tized as high-confidence candidates for subsequent diagnostic model construction and 
biological interpretation.

Figure 5. Feature selection and model construction using LASSO, Random Forest, and Support 
Vector Machine. (A) LASSO coefficient profiles of candidate genes across log (λ). Each colored 
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line represents the coefficient trajectory of an individual gene as the reg-ularization parameter (λ) 
changes. (B) Ten-fold cross-validation curve for the LASSO model. The dotted lines indicate the 
minimum cross-validation error (λ.min) and the one-standard-error criterion (λ.1se). (C) Ten-fold 
cross-validation (CV) error as a function of the number of features for the Random Forest (RF) 
classifier. The dashed line indicates the cross-validation error using all features. (D) Ten-fold CV 
accuracy versus the number of features for the RF classifier. (E) Variable importance ranking from RF 
based on mean decrease in node impurity, highlighting top contributing genes. (F) Venn diagram 
showing overlap among features selected by LASSO, SVM-based selection, and RF.

3.5. Validation of the Three-Gene Diagnostic Model in Test and Validation Cohorts
Figure 5 shows how a three-gene diagnostic signature (ICE2, NHLRC2, and RPS24) 

was developed and validated. In the integrated test dataset, all three genes were differ-
entially expressed between controls and T2DM (Figure 6A), and were combined into an 
interpretable nomogram for individual risk estimation (Figure 6B). A nomogram was con-
structed based on the three-gene logistic regression model to provide an individualized 
estimation of T2DM probability. The expression values of ICE2, NHLRC2, and RPS24 were 
transformed into corresponding point scores, and the total points were used to calculate 
the predicted probability of T2DM. The nomogram showed good discrimination in the 
integrated test set (AUC = 0.882, 95% CI 0.771–0.993; Figure 6C). It also remained predictive 
in two independent cohorts: GSE185011 (AUC = 0.880, 95% CI 0.626–1.000; Figure 6D) 
and GSE189005 (AUC = 0.981, 95% CI 0.941–1.000; Figure 6E). ROC analyses of individual 
markers further supported the diagnostic utility of each gene across datasets (Figure 6F–H). 
This indicates that the combined model offers robust and generalizable performance for 
T2DM classification.

RT-qPCR was used to validate the expression of the final diagnostic genes in clinical 
samples. ICE2, NHLRC2, and RPS24 were significantly downregulated in T2DM samples 
compared with controls (Figure 6I–K), in agreement with the transcriptomic analysis. 
We also assessed several immune-related candidate genes identified during the screening 
process. IL7R and CCL5 were significantly decreased, whereas ITGAL was increased in 
T2DM samples; CD28 showed no significant difference between the two groups (Figure 
S3). These results supported the differential expression of the three diagnostic genes and 
provided additional evidence of immune-related transcriptional changes in T2DM.

3.6. Immune Cell Composition and Its Correlation with Diagnostic Genes
Using CIBERSORT (LM22) on the merged PBMC expression matrix, we estimated 

the relative fractions of 22 immune cell subsets and observed substantial inter-individual 
heterogeneity in immune composition across both control and T2DM samples (Figure 7A). 
Spearman correlation analysis of the inferred immune fractions revealed structured co-
variation patterns, highlighting coordinated relationships among major lymphoid and 
myeloid compartments (Figure 7B). Group comparisons revealed differences in the dis-
tribution patterns of inferred immune cell fractions between T2DM and control samples, 
suggesting an altered immune landscape in PBMCs associated with diabetes (Figure 7C). 
We next assessed the associations between the three-gene signature and the immune-cell 
composition. ICE2 expression showed preferential correlations with lymphoid-related com-
ponents, particularly B-cell-associated fractions (Figure 7D). In contrast, RPS24 exhibited 
stronger coupling with T-cell and granulocyte-related signals, including naïve CD4 T-cell 
and neutrophil-associated fractions (Figure 7E). NHLRC2 displayed modest but consis-
tent correlations across several immune subsets, suggesting that it may reflect broader 
immune remodeling rather than a single lineage-specific signal (Figure 7F). Collectively, 
these results indicate that the diagnostic genes are embedded within distinct immune-
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cell programs in PBMCs and provide an immunological context for the T2DM-associated 
transcriptomic signature.

Figure 6. Validation of diagnostic genes and development of a nomogram model for T2DM classi-
fication. (A) Violin plots showing expression differences in the three candidate diagnostic genes 
(ICE2, NHLRC2, and RPS24) between T2DM and control samples in the test cohort; significance is 
indicated by asterisks. (B) Nomogram based on ICE2, NHLRC2, and RPS24 expression levels for 
individualized T2DM risk prediction. Each gene expression value is converted into a corresponding 
point score according to the scale at the top of the nomogram. The sum of the individual gene scores 
generates the total points, which are subsequently mapped to the predicted probability of T2DM. 
Higher total points indicate an increased predicted probability of T2DM. (C–E) ROC curves of the 
integrated nomogram model combining ICE2, NHLRC2, and RPS24 in the training cohort (C) and two 
independent validation cohorts, GSE185011 (D) and GSE189005 (E). (F–H) ROC curves comparing 
the diagnostic performance of individual genes (ICE2, NHLRC2, and RPS24) in the training cohort 
(F), GSE185011 (G), and GSE189005 (H). (I–K) RT-qPCR analysis of the mRNA expression levels 
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of the three diagnostic genes, ICE2 (I), NHLRC2 (J), and RPS24 (K) in control and T2DM samples. 
All reactions were carried out in triplicate. Statistical significance was determined using an unpaired 
Student’s t-test, and p values were adjusted using the Benjamini–Hochberg false discovery rate method 
for multiple comparisons. The red dashed horizontal lines indicate the mean expression levels of each 
group. ** FDR-adjusted p < 0.01. *** FDR-adjusted p < 0.001. **** FDR-adjusted p < 0.0001.

 

Figure 7. Immune cell infiltration landscape in PBMCs and its association with diagnostic genes. 
(A) Stacked bar plot of the immune-cell fractions for each sample in Control and T2DM. (B) Spear-
man correlation heatmap of inferred immune cell fractions, illustrating coordinated co-variation 
patterns among immune subsets. Asterisks indicate statistically significant correlations: * p < 0.05 
and *** p< 0.001. (C) Boxplots showing the distribution of inferred immune cell fractions across 
immune populations in Control and T2DM samples. (D–F) Correlation dot plots showing associa-
tions between ICE2 (D), RPS24 (E), or NHLRC2 (F) expression and inferred immune cell fractions. 
Dot size represents the absolute Spearman correlation coefficient (|ρ|), and dot color indicates the 
corresponding p value.
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3.7. Single-Cell Analysis Links the Three-Gene Diagnostic Signature to Immune Remodeling 
in T2DM

To examine the cellular distribution of the RT-qPCR-validated genes, we analyzed the 
PBMC single-cell dataset GSE280401. Major immune cell populations were identified using 
canonical marker genes (Figure 8A). ICE2, NHLRC2, and RPS24 showed distinct expression 
patterns across PBMC subsets. ICE2 and NHLRC2 were expressed at relatively low levels, 
whereas RPS24 was broadly expressed across multiple immune cell populations (Figure 8B 
and Figure S2C). Although RT-qPCR showed reduced RPS24 expression in bulk T2DM 
samples, single-cell analysis revealed cell type-dependent alterations of RPS24, with more 
evident changes in dendritic and myeloid-related populations (Figure 8C). Correlation 
analysis also showed stronger associations between RPS24 and representative immune 
markers than those observed for ICE2 and NHLRC2 (Figure 8D).

IL7R, ITGAL, CCL5, and CD28 were further examined as additional immune-related 
candidate genes (Figure S3). These genes also showed cell type-specific expression across 
PBMC subsets. Cell–cell communication analysis indicated an increase in inferred inter-
cellular inter-actions in T2DM, particularly involving myeloid–lymphoid signaling axes 
(Figure 8E). In the cell populations contributing to these interactions, RPS24 remained 
broadly expressed, whereas ICE2 and NHLRC2 were mainly detected at lower levels in 
selected subsets (Figure 8F). These findings suggest that the diagnostic genes, especially 
RPS24, are associated with cell type-specific immune alterations in T2DM.

3.8. Pancreatic Endocrine Cell-Resolved Validation of Diagnostic Genes
To determine whether ICE2, NHLRC2, and RPS24 also display cell type-specific pat-

terns in pancreatic islets, we analyzed the single-cell RNA-seq dataset GSE81608 and 
mapped these genes across major endocrine lineages (alpha, beta, delta, and PP) under 
T2D and non-diabetic conditions (Figure 9). This analysis aimed to determine whether 
these candidate genes display cell-type-specific expression patterns and whether their 
expression is associated with diabetic conditions. UMAP visualization confirmed clear 
separation of endocrine cell identities, whereas disease labels were broadly intermingled 
across the embedding, suggesting that global clustering was not driven solely by diabetic 
status (Figure 9A). Feature plots revealed distinct endocrine lineage-associated expression 
patterns: ICE2 and NHLRC2 showed overall low and sparse expression with enrichment in 
restricted subsets, while RPS24 exhibited broader and relatively higher expression across 
multiple endocrine cell types (Figure 9B). Consistent with the heterogeneous immune pro-
grams inferred in PBMCs (Figures 7 and 8), the dot plot summarization further highlighted 
lineage- and condition-dependent shifts in expression, with RPS24 showing more prominent 
dysregulation across endocrine populations compared with ICE2 and NHLRC2 (Figure 9C). 
Split violin analyses supported these observations at single-cell resolution, indicating that 
T2D-associated changes were not uniform across endocrine subsets and underscoring 
context-dependent regulation of the diagnostic genes within the islet microenvironment 
(Figure 9D). Collectively, these findings extend the PBMC-based immune-context evidence 
to pancreatic islets and suggest that the diagnostic signature reflects both systemic immune 
remodeling and local endocrine cell programs relevant to T2D.

3.9. Transcriptomic Heterogeneity Defines Two Molecular Subtypes of T2DM PBMCs
Consensus clustering of T2DM PBMC transcriptomes identified two reproducible 

molecular subtypes. The consensus matrix at k = 2 showed strong within-cluster co-
clustering and minimal between-cluster similarity, indicating stable sample assignments 
(Figure 10A). Consensus CDF and delta area analyses suggested that increasing k beyond 
2 provided little additional gain in stability, supporting k = 2 as the most parsimonious 
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solution (Figure 10B,D). PCA further corroborated this stratification, with the two clusters 
exhibiting discernible separation despite partial overlap (Figure 10C).

 

Figure 8. Immune cell-specific expression of diagnostic genes and altered intercellular communication 
in T2DM. (A) Dot plot showing canonical marker genes used to annotate major peripheral blood 
mononuclear cell (PBMC) populations in the GSE280401 single-cell dataset. Dot size represents the 
proportion of cells expressing each marker, and dot color indicates the average normalized expression 
level. (B) Feature plots illustrating the single-cell expression distributions of ICE2, NHLRC2, and 
RPS24 across all PBMC populations. (C) Heatmap showing cell type-specific changes in the average 
expression of ICE2, NHLRC2, and RPS24 between T2DM and control samples. Positive values indicate 
upregulation in T2DM, whereas negative values indicate downregulation. (D) Pearson correlation 
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analysis was performed between ICE2, NHLRC2, and RPS24 expression and representative immune 
signaling molecules. Correlation coefficients (r) are shown in the heatmap. (E) Ligand–receptor-
based cell–cell communication analysis was performed between PBMC populations in T2DM and 
control groups. Differential communication strength was calculated as T2DM minus control, and the 
top increased communication pairs are displayed. (F) Expression levels of ICE2, NHLRC2, and RPS24 
were evaluated in immune cell populations contributing to the altered communication networks.

Figure 9. Single-cell characterization of ICE2, NHLRC2, and RPS24 expression in pancreatic endocrine 
cells from T2D and non-diabetic individuals from GSE81608. (A) UMAP visualization of pancreatic 
endocrine cells colored by disease condition (T2D vs. non-diabetic, left) and annotated endocrine cell 
types (PP, alpha, beta, and delta cells, right). (B) Feature plots showing the expression distribution 
of ICE2, NHLRC2, and RPS24 across pancreatic endocrine cell populations. (C) Dot plots showing 
mean expression levels and the fraction of expressing cells for each candidate gene across endocrine 
cell types and disease conditions. (D) Violin plots comparing ICE2, NHLRC2, and RPS24 expression 
between T2D and non-diabetic individuals within each endocrine cell population.
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Figure 10. Transcriptomic heterogeneity defines two molecular subtypes of T2DM PBMCs with 
distinct immune pathway programs. (A) Consensus clustering matrix showing stable classification 
of T2DM PBMC samples into two molecular subtypes (k = 2). High consensus values indicate strong 
co-clustering stability among samples. (B) Cumulative distribution function (CDF) curves evaluating 
clustering stability across different numbers of clusters (k = 2–5). (C) Principal component analysis 
(PCA) demonstrating transcriptomic separation between the two identified molecular subtypes. 
(D) Delta-area analysis showing limited additional stability gain with increasing cluster numbers, 
supporting k = 2 as the optimal clustering solution. (E,F) Gene set enrichment analysis (GSEA) 
comparing biological programs between the two subtypes. Cluster 1 exhibited enrichment of adaptive 
and cytotoxic immune pathways, whereas Cluster 2 showed enrichment of innate inflammatory and 
interferon-associated programs. Normalized enrichment scores (NESs) and FDR-adjusted q values 
are provided. The gray line represents the ranked list metric; vertical bars indicate the positions of 
gene-set members in the ranked gene list.
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Importantly, GSEA based on MSigDB C2 curated gene sets revealed marked func-
tional divergence between the subtypes (Figure 10E,F). Cluster 1 showed predominant 
enrichment of adaptive and cytotoxic immune programs, exemplified by gene sets related 
to T-cell receptor signaling/CD8 T-cell downstream activation, natural killer cell signa-
tures, and B-cell-associated modules, indicating an immune-activated PBMC phenotype. 
In contrast, Cluster 2 was characterized by enrichment patterns dominated by innate im-
mune and inflammatory response programs, including interferon/IFN-stimulated gene 
modules, neutrophil-associated effector pathways (e.g., degranulation), and extracellular 
matrix-response signatures, consistent with a distinct inflammatory and remodeling-related 
immune state. Collectively, these results demonstrate transcriptional heterogeneity in T2DM 
PBMCs and provide a subtype-aware framework for downstream mechanistic analyses and 
biomarker development.

These findings indicate that T2DM PBMCs are not transcriptionally homogeneous but 
consist of distinct immune-related molecular states. The identified subtypes provide addi-
tional biological context for interpreting disease heterogeneity and may facilitate subtype-
aware biomarker discovery and mechanistic investigation.

4. Discussion
T2DM is increasingly recognized as a systemic immunometabolic disorder character-

ized not only by chronic hyperglycemia but also by persistent low-grade inflammation, 
immune dysregulation, and features of accelerated biological aging [16,43]. In the present 
study, we integrated PBMC transcriptomic datasets from multiple independent cohorts to in-
vestigate senescence-associated molecular alterations in T2DM. We identified reproducible 
transcriptional changes related to senescence-associated gene programs and derived a three-
gene signature comprising ICE2, NHLRC2, and RPS24, which demonstrated consistent 
diagnostic performance across internal testing and independent external validation cohorts. 
RT-qPCR analysis further confirmed the reduced expression of these genes in clinical PBMC 
samples from patients with T2DM, providing experimental support for the transcriptomic 
findings. Moreover, immune deconvolution, PBMC single-cell analyses, pancreatic islet 
single-cell validation, and molecular subtyping consistently linked the identified signature 
to distinct immune, inflammatory, and senescence-associated features. Together, these 
findings support the potential relevance of PBMC senescence-associated transcriptional 
alterations to the molecular heterogeneity and diagnostic characterization of T2DM.

One important finding of this study is the identification of senescence-associated tran-
scriptional patterns among T2DM-related PBMC expression changes. Chronic metabolic 
stress, including hyperglycemia, oxidative stress, lipotoxicity, and mitochondrial dysfunc-
tion, can promote senescence-like cellular states. Senescent cells may in turn amplify 
inflammation through the senescence-associated secretory phenotype, thereby contributing 
to insulin resistance and tissue dysfunction [15,44,45]. Similar changes may also occur 
in circulating immune cells, where senescence-associated programs can impair immune 
homeostasis and sustain inflammaging [43,46]. Consistently, the senescence-related DEGs 
identified here were enriched in pathways associated with senescence-related processes and 
stress adaptation, suggesting that PBMCs may capture systemic immune aging-associated 
transcriptional patterns relevant to T2DM. Our enrichment analyses further pointed to 
RNA processing, splicing, and translation-related pathways. This finding is consistent with 
the functions of the diagnostic genes, especially ICE2, which participates in small nuclear 
RNA transcription, and RPS24, a ribosomal protein involved in protein synthesis. Given 
that metabolic stress in T2DM can perturb RNA homeostasis, proteostasis, and transla-
tional capacity [47,48], the enrichment of spliceosome- and ribosome-related pathways in 
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senescence-related DEGs likely reflects an adaptive stress response in PBMCs rather than a 
set of unrelated downstream changes.

The three genes may be linked to the pathway-level findings through their roles in 
RNA metabolism, protein synthesis, and cellular stress responses. ICE2 participates in 
small nuclear RNA transcription through the little elongation complex, potentially linking it 
to RNA processing [18]. NHLRC2 has been associated with cellular homeostasis and stress-
related processes, although its precise functions remain incompletely understood [49,50]. 
RPS24 encodes a 40S ribosomal subunit protein and is required for ribosome biogenesis 
and translational capacity [51]. The three genes showed moderate positive expression 
correlations (Pearson r = 0.401–0.564, FDR < 0.05), indicating that they are not strongly 
co-expressed. The distinct functions of ICE2, NHLRC2, and RPS24 suggest possible links to 
RNA processing and translational regulation in T2DM PBMCs, although their independent 
contributions to the diagnostic model and their underlying mechanisms remain unclear.

In our RT-qPCR analysis, all three genes were significantly downregulated in T2DM 
samples, supporting their association with T2DM in the samples examined. We also eval-
uated several immune-related candidate genes that were not included in the final model. 
IL7R and CCL5 were downregulated, ITGAL was upregulated, and CD28 showed no 
significant difference between T2DM and control samples. These findings suggest that 
T2DM-associated transcriptional changes may extend beyond the three-gene panel. How-
ever, the cohort-specific analyses showed variable expression patterns across datasets (Table 
S2). Although ICE2 and NHLRC2 were differentially expressed in GSE15932, these findings 
were not consistently observed in GSE156993 or the independent GSE185011 cohort. The 
relatively small sample size of the independent cohort also limited the precision of the 
effect estimates. Taken together, the RT-qPCR findings support further investigation of 
these genes, but their reproducibility across cohorts and their potential clinical relevance 
remain to be established. They should therefore be regarded as exploratory senescence-
associated transcriptional markers rather than an established diagnostic panel. Further 
studies using gene knockdown or overexpression in human PBMC-derived immune cells, 
together with assessments of senescence markers (p16 and p21), inflammatory cytokine 
production, mitochondrial function, and oxidative stress, may help clarify whether these 
genes are functionally involved in cellular senescence or other T2DM-related processes.

The integration of WGCNA and immune deconvolution provided additional support 
for the immune relevance of the identified signature. T2DM-associated co-expression 
modules were enriched for senescence- and immune-related signals, while immune de-
convolution revealed differences in PBMC immune composition. These results indicate 
that the bulk transcriptomic changes may reflect both altered immune cell proportions and 
changes in immune cell states. Thus, the diagnostic signature should not be viewed only as 
a statistical classifier, but also as a readout of immune stress and senescence-like remodeling 
in circulating immune cells.

Single-cell analysis helped place these findings in a cellular context. In PBMC scRNA-
seq data, ICE2, NHLRC2, and RPS24 displayed cell type-specific expression patterns. ICE2 
and NHLRC2 were generally expressed at low levels, whereas RPS24 was more broadly 
expressed and showed more evident changes in dendritic and myeloid-related populations. 
Cell–cell communication analysis also suggested an increase in inferred interactions in 
T2DM, particularly along myeloid–lymphoid signaling axes. Although IL7R, ITGAL, CCL5, 
and CD28 have well-characterized immune functions, ICE2, NHLRC2, and RPS24 were se-
lected through our integrated feature-selection workflow. In Figure 8D, RPS24 showed mod-
est correlations with several immune-related genes, whereas ICE2 and NHLRC2 showed 
generally weak correlations. These results provide additional context for the immune 
associations of the selected genes but do not establish that the three-gene panel is more 
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T2DM-specific or diagnostically superior to other candidates. This cellular heterogeneity is 
consistent with previous PBMC single-cell studies reporting pro-inflammatory monocyte 
programs and altered T- and B-cell states in T2DM [8,52]. Finally, the pancreatic islet analy-
sis was exploratory and examined the expression of the three genes in a tissue relevant to 
T2DM; it was not intended to validate the PBMC-based signature. Together, these observa-
tions support the idea that the three-gene signature is related to immune-cell remodeling 
and enhanced immune cross-talk in T2DM.

Previous PBMC transcriptomic studies have reported altered gene expression and 
immune-related pathways in T2DM. Shao et al. identified changes in lncRNA and mRNA 
expression in PBMCs from patients with newly diagnosed T2DM [53]. Other transcriptomic 
studies using machine learning have identified immune-related candidate markers, includ-
ing LY96, CCR1, BLVRB, TCF3, LILRA2, and NCF1 [54]. In contrast, our study focused on 
senescence-associated transcriptional alterations and identified ICE2, NHLRC2, and RPS24 
as a candidate signature. Differences in the selected genes may reflect variations in study 
populations, analytical methods, and transcriptomic platforms.

From a translational perspective, this three-gene signature may serve as a candidate 
marker of systemic immunometabolic alterations in T2DM. It may provide information on 
inflammatory and aging-related processes not directly captured by conventional glycemic 
measures, although its additional clinical value remains to be established. The associa-
tion between T2DM and senescence biology may also have therapeutic implications, as 
senotherapeutic strategies are being investigated to reduce senescent cell burden or at-
tenuate SASP-related inflammation [55]. Although the present study does not directly 
test therapeutic applications, the identified signature provides a basis for future studies 
evaluating immune-aging molecular signatures in T2DM progression, complications, and 
treatment response.

Several limitations should be noted. First, this study was mainly based on retrospec-
tive public transcriptomic datasets, and residual confounding related to age, sex, BMI, 
medication, disease duration, and comorbidities may remain. The senescence-associated 
transcriptional signatures are complex and context-dependent, and no single gene signature 
universally captures the diverse features of cellular senescence. Therefore, the identified 
senescence-associated genes should be interpreted as senescence-related transcriptional 
features rather than definitive markers. The use of a nominal p-value threshold in the 
initial differential expression screening may increase the risk of false-positive candidates, 
although subsequent WGCNA integration, feature selection, and external validation were 
used to further refine the candidate genes. Further functional studies are needed to validate 
their roles in T2DM. Second, although RT-qPCR provided experimental validation of the 
three diagnostic genes, larger prospective cohorts are required to assess their diagnostic 
robustness and incremental value beyond established clinical indices. Third, PBMCs are 
heterogeneous mixtures of immune cells. Although immune deconvolution and single-cell 
analysis improved interpretability, longitudinal and functional studies are still needed to 
distinguish immune compositional shifts from within-cell state changes. Fourth, the single-
cell datasets used for validation were derived from specific cohorts and platforms, and 
differences in sampling, preprocessing, and disease status may influence effect sizes. Finally, 
direct mechanistic experiments are needed to clarify whether ICE2, NHLRC2, and RPS24 
contribute causally to senescence-like immune remodeling, endocrine stress responses, 
β-cell dysfunction, or immune–islet crosstalk. In addition, GSE189005 was derived from 
whole blood rather than isolated PBMCs, and differences in cellular composition may affect 
gene expression patterns and limit the comparability of results across datasets.
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5. Conclusions
In summary, our analysis identified senescence-associated transcriptional changes 

in T2DM PBMCs, particularly in pathways related to RNA processing, translation, and 
immune regulation. ICE2, NHLRC2, and RPS24 emerged as candidate markers, and the 
identified molecular subtypes suggested transcriptional heterogeneity among patients with 
T2DM. RT-qPCR analysis of clinical samples showed reduced expression of all three genes 
in the examined samples, while immune-related gene expression and pancreatic islet single-
cell analyses provided further biological context. However, the small discovery cohort, 
inconsistent expression patterns across datasets, limited clinical information, and lack 
of functional validation restrict the interpretation of these findings. Larger independent 
cohorts with detailed clinical data and functional studies are needed to confirm these 
observations and assess whether the three genes offer additional value beyond established 
clinical and glycemic measures.
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//www.mdpi.com/article/10.3390/biomedicines14112481/s1, Figure S1: Batch-effect correction im-
proves integration of PBMC cohorts. (A) PCA of GSE15932 and GSE156993 samples before batch 
correction, showing dataset-driven separation. (B) PCA after normalization and batch-effect cor-
rection, showing improved cross-cohort mixing; Figure S2: Single-cell PBMC landscape in Control 
and T2DM. (A) UMAP of integrated PBMCs colored by refined (left) and major (right) cell types. 
(B) Relative cell-type proportions in Control and T2DM at refined (left) and major (right) levels. 
(C) Feature plots showing the expression of ICE2, NHLRC2, and RPS24; Figure S3: Immune-related 
candidate genes in Control and T2DM. (A–D) RT-qPCR analysis of the mRNA expression levels of the 
four immune-related candidate genes IL7R (A), ITGAL (B), CCL5 (C) and CD28 (D) in control and 
T2DM samples. Statistical significance was determined using an unpaired Student’s t-test. * p < 0.05, 
** p < 0.01; Table S1: The information of GEO datasets in this study; Table S2: Participant baseline 
characteristics; Table S3: Primer sequences for target genes; Table S4: Cohort-specific assessment of 
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