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Background: Type 2 diabetes (T2DM) is clinically heterogeneous. A subgroup with markedly reduced C-peptide has poorer glycemic 
stability and different therapeutic needs, but the associated peripheral immune features and practical non-invasive markers are not well 
defined. We investigated whether T2DM with low C-peptide (T2DM-LowC) is associated with a distinct peripheral immune profile.
Methods: In this single-center, cross-sectional study, patients with T2DM were propensity score-matched 1:1 by disease duration into 
low C-peptide (T2DM-LowC, n=109) and preserved C-peptide (T2DM-PresC, n=109) groups. Clinical and metabolic variables were 
compared. In an exploratory sub-cohort (n=21; HC=7, PresC=7, LowC=7), transcriptomic profiling of peripheral blood mononuclear 
cells (PBMCs) was analyzed using differential expression analysis, weighted gene co-expression network analysis, and CIBERSORTx 
deconvolution. Candidate genes were validated in an independent cohort (n=40) by RT-qPCR.
Results: Compared with T2DM-PresC, the T2DM-LowC subgroup had lower BMI and triglycerides, higher alkaline phosphatase, and 
a higher systemic inflammation response index (SIRI; neutrophils × monocytes/lymphocytes). Higher SIRI remained associated with 
low C-peptide status after adjustment (OR = 2.38, p = 0.007). Exploratory PBMC transcriptomic analyses identified lower mast-cell- 
related signatures, higher resting NK-cell and resting CD4 memory T-cell signatures, and a shift toward memory B cells. CSF2RB, 
NIBAN1, and TLR1 were consistently downregulated in T2DM-LowC, and the three-gene panel discriminated the two T2DM 
subgroups in the validation cohort (AUC = 0.903; sensitivity 75.0%; specificity 90.0%).
Conclusion: In this cross-sectional dataset, low C-peptide T2DM was associated with a distinct clinical and peripheral immune 
profile. Integrating SIRI with a three-gene PBMC signature may provide a non-invasive adjunct for identifying this subgroup. These 
deconvolution-derived immune-cell findings require validation in larger and functionally characterized cohorts.
Keywords: type 2 diabetes, C-peptide, peripheral blood mononuclear cells, transcriptomics, systemic inflammation, biomarkers

Introduction
Type 2 diabetes (T2DM) is characterized by significant clinical heterogeneity, with the progressive decline of pancreatic 
β-cell function being its core pathophysiology.1 This process leads to substantial variability in disease management and 
prognosis, highlighting the necessity for precise stratification of T2DM.

Clinical studies have identified a subgroup of patients with T2DM who have markedly reduced endogenous insulin 
secretory capacity, usually reflected by low C-peptide levels. This phenotype partially overlaps with insulin-deficient 
clusters described in data-driven subtyping studies, including severe insulin-deficient diabetes (SIDD), but the present 
study focuses on a clinically defined low C-peptide phenotype identified by C-peptide-based assessment. Patients with 
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low C-peptide typically have poorer glycemic stability, greater hypoglycemia risk, and less favorable responses to 
therapies that depend on residual insulin secretion, underscoring the need for earlier recognition of this subgroup.2–7

Although the clinical importance and unique therapeutic implications of low C-peptide T2DM are increasingly 
recognized, the biological processes associated with accelerated β-cell decline in this subgroup remain incompletely 
understood. Low C-peptide has also been linked to diabetic complications independently of diabetes duration,8,9 

suggesting that this phenotype reflects more than cumulative metabolic exhaustion. Chronic metabolic inflammation is 
a plausible contributor: innate immune activation can amplify β-cell stress, and adaptive immune abnormalities have also 
been reported in subsets of patients with T2DM.10–13 Related observations in obesity- and autoimmunity-associated 
inflammatory conditions further support the relevance of immune dysregulation across chronic disease states.14–16 

Peripheral immune dysregulation could therefore influence β-cell failure through sustained inflammatory signaling, 
altered antigen presentation, and impaired tissue repair, but its relevance to the low C-peptide phenotype has not been 
systematically defined.

Accordingly, a key unresolved question is whether low C-peptide T2DM is associated with a distinct peripheral 
immune landscape and molecular signature beyond the effect of longer disease duration alone.

Early identification of this phenotype remains challenging. C-peptide testing is not routinely performed in many 
clinical settings, single measurements may be influenced by glycemic status and renal function, and thresholds defining 
severe insulin deficiency vary across studies.1,17,18 A complementary marker that reflects a more stable pathophysiolo
gical state could therefore be clinically useful.

Graphical Abstract
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Peripheral blood mononuclear cells (PBMCs) provide an accessible window into systemic immune status. Their 
transcriptomic profiles can integrate chronic inflammatory and metabolic signals and have been explored as biomarkers 
in several immune-related disorders.19–24

We therefore conducted a cross-sectional comparison of duration-matched T2DM-LowC and T2DM-PresC groups, 
integrating PBMC RNA sequencing, immune-cell deconvolution, and network analysis to characterize the peripheral 
immune landscape of the low C-peptide subgroup, identify candidate molecular markers, and assess whether these 
markers, together with systemic inflammatory indices, could aid identification of the low C-peptide subgroup.

Materials and Methods
Study Design and Ethics
This single-center, cross-sectional study was conducted in accordance with the Declaration of Helsinki and was approved 
by the Ethics Committee of the Second Affiliated Hospital of Fujian Medical University (Approval No. [2024] 666). All 
participants provided written informed consent. The study included a duration-matched clinical comparison and an 
exploratory discovery-validation workflow for PBMC transcriptomic biomarkers.

Study Population and Grouping
Clinical Analysis Cohort
Cohort selection: Between October 1, 2024 and June 1, 2025, inpatient electronic medical records were queried to define 
an initial screening frame of clinically diagnosed T2DM patients with available GADA results, before applying eligibility 
criteria (Supplementary Figure S1).

Inclusion criteria for T2DM were: (1) age 30–80 years; (2) diagnosis according to American Diabetes Association 
(ADA) criteria; (3) no prior history of diabetic ketoacidosis (DKA); (4) disease duration ≥6 months from diagnosis to 
enrollment; and (5) glycemic control maintained with lifestyle modification and/or oral antidiabetic drugs (without 
insulin) for the first 6 months post-diagnosis.

Exclusion criteria for T2DM included: (1) positive glutamic acid decarboxylase antibody (GADA) titers (indicating 
latent autoimmune diabetes or misclassification); (2) acute onset requiring immediate insulin therapy or rapid weight loss 
(>5%) within 1–3 months of diagnosis; (3) BMI <18.5 kg/m2; (4) severe hepatic or renal dysfunction (eGFR <30 mL/ 
min/1.73 m2 or ALT/AST >3 times the upper limit of normal [ULN]); (5) major infection, surgery, or acute cardiovas
cular/cerebrovascular event within the last 3 months; (6) active malignancy or hematological disorders; (7) long-term use 
of high-dose glucocorticoids or immunosuppressants; and (8) pregnancy or lactation.

Inclusion criteria for healthy controls (HC) were: age 30–80 years; no history of diabetes with FPG <7.0 mmol/L and 
HbA1c <6.5% (or 2-hour post–oral glucose tolerance test (OGTT) glucose <11.1 mmol/L if available); and exclusion of 
the same severe comorbidities and acute stress conditions as T2DM patients.

T2DM stratification: To avoid the transient suppressive effect of glucotoxicity, this study used both fasting C-peptide 
(FCP) and the fasting C-peptide to glucose ratio (FCPGR) to define subgroups. T2DM-PresC was defined as FCP ≥1.1 
ng/mL and FCPGR ≥0.15, while T2DM-LowC was defined as FCP <1.1 ng/mL and FCPGR <0.15. Patients with 
discordant FCP and FCPGR classifications were excluded.

Propensity score matching (PSM): Considering that diabetes duration is the primary time-dependent confounder 
affecting β-cell decline, while age, sex, BMI, lipids, and inflammatory markers are the potential clinical features this 
study aims to explore in relation to the low C-peptide state, a PSM strategy using only disease duration as the covariate 
was employed. Specifically, a 1:1 nearest-neighbor matching without replacement was performed between the T2DM- 
PresC and T2DM-LowC groups. Propensity scores were generated via logistic regression with disease duration, and 
a caliper width of 0.2 times the standard deviation of the logit of the propensity score was set. Successful matching was 
defined by a standardized mean difference (SMD) for duration <0.1. This design aimed to ensure comparable temporal 
exposure to β-cell decline between the two subgroups, so that post-matching differences could be interpreted with 
reduced confounding by disease duration. Concurrent glucose-lowering medications were not included in the matching 
strategy and were not incorporated as covariates in the primary regression model.
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Molecular Sub-Cohorts
From the eligible participants, 21 individuals (7 each for HC, PresC, and LowC) were selected for RNA-seq. Peripheral 
blood was collected into K2-EDTA tubes, and PBMC isolation was completed within 2 hours of venipuncture. An 
independent RT-qPCR validation cohort of 40 individuals (PresC = 20, LowC = 20) was also recruited, and samples were 
processed according to the same PBMC isolation and RNA extraction workflow. RNA quality control criteria are detailed 
in Total RNA Extraction and Quality Control.

Clinical Data Collection and Indicator Definitions
Participants fasted for at least 8 hours before testing, and venous blood was collected between 6:00 and 10:00 AM. On 
the same day, height and weight were measured to calculate the body mass index (BMI = weight/height2, kg/m2). Fasting 
plasma glucose (FPG), total cholesterol (TC), triglycerides (TG), high-density lipoprotein cholesterol (HDL-C), low- 
density lipoprotein cholesterol (LDL-C), uric acid (UA), and liver enzymes (ALT, alanine aminotransferase; AST, 
aspartate aminotransferase; GGT, gamma-glutamyl transferase; ALP, alkaline phosphatase) were measured on an auto
mated biochemical analyzer. Glycated hemoglobin (HbA1c) was determined by high-performance liquid chromatogra
phy. FCP was measured by chemiluminescence. Blood cell counts were performed by an automated hematology 
analyzer. If multiple tests were available within one week, the results from the same day as the FCP test or the most 
recent one were prioritized. FCPGR was calculated as FCP (ng/mL) / FPG (mmol/L).

Inflammatory/immune-derived indices (with cell counts in ×10^9/L) were defined as follows: Neutrophil-to- 
Lymphocyte Ratio (NLR) = Neutrophils/Lymphocytes; Platelet-to-Lymphocyte Ratio (PLR) = Platelets/Lymphocytes; 
Lymphocyte-to-Monocyte Ratio (LMR) = Lymphocytes/Monocytes; Systemic Immune-Inflammation Index (SII) = 
Platelets × Neutrophils/Lymphocytes; Systemic Inflammation Response Index (SIRI) = Neutrophils × Monocytes/ 
Lymphocytes; and Aggregate Index of Systemic Inflammation (AISI) = Neutrophils × Monocytes × Platelets/ 
Lymphocytes. Current smoking was defined as having smoked ≥100 cigarettes in a lifetime and currently smoking. 
Current drinking was defined as alcohol consumption ≥1 time per week in the past 6 months.

PBMC Isolation and Total RNA Extraction
Venous blood was collected into K2-EDTA anticoagulant tubes and processed under RNase-free conditions within 
2 hours. Whole blood was diluted 1:1 with PBS and carefully layered onto Ficoll-Paque PLUS. Centrifugation was 
performed at 1000 × g for 20 min at room temperature (brakes off). The buffy coat was collected, resuspended in PBS, 
and centrifuged at 700 × g for 15 min. This washing step was repeated twice. After the supernatant was discarded, the 
cell pellet was lysed with TRIzol (approximately 0.5–1 mL/tube), mixed, and stored at –80°C for subsequent RNA 
extraction.

Total RNA Extraction and Quality Control
Total RNA was extracted according to the TRIzol reagent (Invitrogen, Carlsbad, CA, USA; Cat# 15596018CN) 
manufacturer’s protocol (chloroform phase separation, isopropanol precipitation, 75% ethanol wash), followed by 
genomic DNA removal with DNase I and column purification. RNA purity was assessed using a NanoDrop 2000 
(Thermo Fisher Scientific) (A260/280 ratio of 1.8–2.0, A260/230 ratio ≥1.8). RNA integrity was evaluated with an 
Agilent 2100 Bioanalyzer (Agilent Technologies) (RIN ≥7.0) before library construction.

Library Construction and High-Throughput Sequencing
Strand-specific libraries were prepared using the VAHTS Universal V6 RNA-seq Library Prep Kit for Illumina® 

(Vazyme, Nanjing, China; cat#NR604-02). The process involved mRNA enrichment with Oligo (dT) magnetic beads, 
fragmentation, first- and second-strand cDNA synthesis, end repair, A-tailing, adapter ligation, magnetic bead-based size 
selection (insert size ~250–300 bp), and limited-cycle PCR amplification (~10–12 cycles). Library quantification and 
fragment distribution were assessed using a Qubit 2.0/4.0 (Thermo Fisher Scientific) and an Agilent 2100. Sequencing 
was performed on an Illumina NovaSeq 6000 platform (Illumina, San Diego, CA, USA) with a PE150 strategy.
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Bioinformatics Processing
FASTQ files underwent quality control with fastp (v0.20.1) and were then aligned to the human reference genome 
GRCh38 (Ensembl release 110) using HISAT2 (v2.2.1). StringTie (v2.1.4) was used for reference-guided transcript 
assembly and quantification. The assemblies from all samples were merged using stringtie-merge and compared against 
the Ensembl annotation with gffcompare. Novel transcripts meeting quality thresholds (MSTRG entries) were included 
for exploratory presentation only. Gene-level differential expression analysis was performed on the featureCounts matrix 
using the limma-voom workflow. Lowly expressed genes (zero counts in >50% of samples) were filtered out. The 
remaining data were subjected to mean-variance modeling and weight assignment with voom. A linear model was fitted 
with lmFit, followed by empirical Bayes moderation with eBayes. To enhance detection power in the small sample 
context (n=7/group), the primary analysis used a threshold of raw p < 0.05 and a fold change (FC) ≥1.5, which was used 
for volcano plot generation. To address the issue of Type I errors from multiple testing, Benjamini–Hochberg corrected 
FDR results and corresponding plots were also provided in the supplementary materials, and sensitivity analyses with 
stricter thresholds (eg, FDR < 0.05 and FC ≥2.0) were conducted to assess the robustness of key findings. The 
comparisons included: PresC vs HC, LowC vs HC, and LowC vs PresC. Complete differential-expression outputs for 
these three comparisons are provided in Supplementary Datasets S1–S3.

Weighted Gene Co-Expression Network Analysis (WGCNA)
Using the normalized expression matrix as input, low-variance genes were removed based on the median absolute 
deviation (MAD), and outlier samples/genes were filtered using goodSamplesGenes. An unsigned network type was 
chosen. The soft-thresholding power β was selected using the pickSoftThreshold function to achieve a scale-free 
topology fitting index (R2 > 0.85) while maintaining high mean connectivity. The adjacency matrix was defined as 
a_ij = |cor_Pearson(i,j)|^β. The topological overlap matrix (TOM) was calculated, and hierarchical clustering was 
performed using 1-TOM as the distance measure. Initial modules were identified using dynamic tree cutting (sensitiv
ity=4, minModuleSize=15). Modules with a module eigengene (ME) correlation >0.9 were merged. Pearson correlations 
were calculated between MEs and the HC/PresC/LowC traits. The two modules with the greatest separation, ranked by 
Δr=|r(PresC)−r(LowC)|, were selected. Gene significance (GS) and module membership (MM) were calculated within 
these modules. Candidate genes were screened based on |MM| ≥0.5 and |GS| ≥0.5. The module network with edge 
weights ≥0.1 was exported for further analysis.

Direction-Constrained Intersection and Protein-Protein Interaction (PPI)
Building on the limma-voom results, differentially expressed genes (DEGs) from the LowC vs PresC comparison (S1) 
were first selected. This set was then split based on the direction of change relative to HC (downregulated in PresC vs HC 
[S2], upregulated in LowC vs HC [S3]; and the reverse pattern S4/S5). The intersections S1∩S2∩S3 and S1∩S4∩S5 
were retained to obtain a direction-constrained set S6. This set was mapped to the STRING database (v12, score≥0.4) to 
construct a PPI network. The intersection of this network with the WGCNA candidate gene set (S7) yielded the final 
priority candidate gene set for validation and modeling.

Immune Cell Deconvolution Analysis (CIBERSORTx)
The relative proportions of 22 LM22 immune cell signatures were estimated using CIBERSORTx (Permutations = 100; 
quantile normalization disabled for RNA-seq data). Only samples with a deconvolution P < 0.05 were included in 
downstream analyses. The deconvolution outputs were reported as PBMC-derived estimates rather than direct cell 
counts, and the raw deconvolution output for all samples is provided in Supplementary Dataset S4. The Kruskal– 
Wallis test was used for three-group comparisons, followed by pairwise Wilcoxon rank-sum tests when the global test 
was significant. The statistical threshold was set at a two-sided P < 0.05.
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Real-Time Quantitative PCR (RT-qPCR) Validation
Total RNA was extracted from PBMCs of the independent validation cohort (T2DM-PresC = 20, T2DM-LowC = 20) as 
described in PBMC Isolation and Total RNA Extraction. cDNA was synthesized using the PrimeScript RT Reagent Kit 
(Takara, Shiga, Japan; cat#RR047A) according to the manufacturer’s instructions. Amplification and detection were 
performed using TB Green Premix Ex Taq (Takara, Shiga, Japan; cat#RR420A) on a real-time PCR system (Molarray, 
Suzhou, China; cat#MA-6000). GAPDH was used as the internal reference. Relative expression levels were calculated 
using the 2^−ΔΔCt method, with the T2DM-PresC group serving as the calibrator group. Primer sequences for all target 
and reference genes are listed in Supplementary Table 1, as in previous RT-qPCR-based expression studies.25

Statistical Analysis
Data analyses were performed using SPSS 26.0 (IBM Corp., Armonk, NY, USA), GraphPad Prism 9.0.0 (GraphPad 
Software, San Diego, CA, USA), and R 4.2.1 (R Foundation for Statistical Computing, Vienna, Austria).

The normality of continuous variables was assessed using the Shapiro–Wilk test. Normally distributed variables are 
presented as mean ± standard deviation (Mean ± SD), and comparisons between two groups were performed using 
a paired t-test. Non-normally distributed variables are presented as median (interquartile range) [Median (IQR)], and 
comparisons were made using the Wilcoxon signed-rank test. Categorical variables are presented as frequency (percen
tage) [n (%)], and comparisons were made using McNemar’s test.

In the conditional logistic regression, with the matched-pair ID as the strata variable, independent factors associated 
with the low C-peptide status were evaluated. The dependent variable was the group status, with the LowC group coded 
as 1 (event) and the PresC group as 0 (reference). For categorical variables, females were the reference category. Strongly 
right-skewed variables (TG, NLR, LMR, SIRI, AISI) were natural log-transformed. The base model included sex, age at 
diagnosis, BMI, UA, ln(TG), HDL-C, and ALP as covariates. Immune-inflammatory indices were introduced stepwise 
using the forward likelihood ratio method (Pin=0.05, Pout=0.10). The odds ratio (OR) for log-transformed variables is 
interpreted as the effect per e-fold increase; for ease of clinical interpretation, the OR per doubling was also reported 
(calculated as OR^(ln 2)).

Receiver operating characteristic (ROC) curves were constructed based on the linear predictors from the regression 
models, and the area under the curve (AUC) with its 95% confidence interval (CI) was calculated. The optimal diagnostic 
cutoff was determined by the Youden index, and the corresponding sensitivity and specificity were calculated. The 
discriminatory power of single-gene or multi-gene combination models was also assessed using ROC curves.

All statistical tests were two-sided, and a p < 0.05 was considered statistically significant.

Results
Clinical Phenotype and Low C-Peptide Status
From a pool of 418 T2DM patients, individuals were stratified into the T2DM-PresC (n=309) and T2DM-LowC (n=109) 
groups based on FCP and FCPGR criteria. Through 1:1 PSM using only disease duration as a covariate, 109 pairs were 
successfully matched. Post-matching, disease duration was well-balanced between the two groups (PresC: 10.0 [4.0– 
12.0] years vs. LowC: 10.0 [3.0–16.0] years, SMD = 0.04, p = 0.348), ensuring comparability of temporal exposure 
(Table 1).

With comparable disease duration, the LowC group exhibited a series of significant differences (Table 1): (1) 
Demographic characteristics: younger age at diagnosis (p = 0.008), lower BMI (p = 0.002), and a higher proportion of 
males (marginally significant, p = 0.053); (2) Poorer glycemic control: both HbA1c and FPG were significantly 
elevated (both p < 0.05); (3) Islet function: FCP and FCPGR were significantly lower (both p < 0.001), consistent with 
the group definitions; (4) Metabolic reprogramming: UA and TG were lower, HDL-C was higher, and ALP was higher 
(all p < 0.01), while TC and LDL-C showed no difference; (5) Increased inflammatory burden: white blood cell 
(WBC), neutrophil, and monocyte counts were elevated (all p < 0.01), and the composite inflammatory indices NLR, 
LMR, SIRI, and AISI were all significantly altered (all p < 0.05).
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These data indicate that, after matching for disease duration, the low C-peptide subgroup was associated with an 
earlier age at diagnosis, lower BMI and TG, higher ALP, and higher immune-inflammatory indices. This clinical pattern 
provided the framework for the subsequent exploratory immune-cell and transcriptomic analyses.

Table 1 Clinical and Laboratory Characteristics of the Propensity Score-Matched 
T2DM Subgroups

Parameter T2DM-PresC T2DM-LowC P-value

Demographics

Gender, n (%) 0.053

Female 41 (37.6) 28 (25.7)

Male 68 (62.4) 81 (74.3)
Smoking, n (%) 0.211

No 82 (75.2) 73 (67.0)

Yes 27 (24.8) 36 (33.0)
Drinking, n (%) 0.154

No 87 (79.8) 77 (70.6)

Yes 22 (20.2) 32 (29.4)
Age (years) 60.32 ± 11.74 58.11 ± 11.05 0.177

Duration (years) 10.00 (4.00, 12.50) 10.00 (3.00, 16.50) 0.348

Age at diagnosis (years) 51.26 ± 10.51 47.64 ± 10.38 0.008
BMI (kg/m2) 24.59 ± 3.17 23.25 ± 3.09 0.002

Glycemic and Metabolic Control

HbA1c (%) 8.00 (6.90, 9.85) 10.20 (8.65, 12.00) <0.001

FCP (ng/mL) 2.28 (1.89, 2.74) 0.70 (0.46, 1.00) <0.001
FPG (mmol/L) 7.83 ± 2.29 8.76 ± 3.48 0.021

FCPGR (ng/mL/mmol/L) 0.30 (0.23, 0.41) 0.09 (0.06, 0.11) <0.001

UA (μmol/L) 346.57 ± 87.06 294.66 ± 93.16 <0.001

Lipid Profile

TC (mmol/L) 4.38 (3.63, 5.41) 4.60 (3.65, 5.53) 0.296

TG (mmol/L) 1.53 (1.05, 2.35) 1.19 (0.82, 1.68) <0.001
HDL-C (mmol/L) 1.06 ± 0.28 1.25 ± 0.41 <0.001

LDL-C (mmol/L) 2.68 (1.89, 3.41) 2.77 (1.95, 3.62) 0.418

ApoA1 (g/L) 1.30 ± 0.24 1.36 ± 0.29 0.093
ApoB (g/L) 0.92 (0.76, 1.14) 0.94 (0.71, 1.18) 0.975

Liver Enzymes

ALT (U/L) 20.35 ± 10.07 20.72 ± 11.84 0.797

AST (U/L) 17.20 (14.30, 22.40) 18.00 (13.80, 23.35) 0.412
ALP (U/L) 66.95 ± 16.80 75.01 ± 23.23 0.006

GGT (U/L) 22.80 (15.25, 35.85) 20.20 (13.35, 32.00) 0.069

Hematology and Inflammatory Markers

WBC (109/L) 6.28 ± 1.38 6.85 ± 1.63 0.008
Neutrophil count (109/L) 3.79 ± 1.20 4.30 ± 1.42 0.009

Lymphocyte count (109/L) 1.85 ± 0.50 1.88 ± 0.75 0.759

Monocyte count (109/L) 0.41 ± 0.13 0.47 ± 0.15 0.004
Eosinophil count (109/L) 0.11 (0.07, 0.21) 0.12 (0.07, 0.18) 0.797

Basophil count (109/L) 0.03 (0.02, 0.04) 0.03 (0.02, 0.04) 0.413

RBC (1012/L) 4.65 ± 0.45 4.54 ± 0.66 0.187

(Continued)
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Clinical and Inflammatory Factors Associated with Low C-Peptide Status
To identify clinical and inflammatory factors independently associated with low C-peptide status, we performed 
conditional logistic regression analysis in the propensity score-matched cohort, using a base clinical-metabolic model 
followed by stepwise evaluation of inflammatory indices (Figure 1).

The base model (including sex, age at diagnosis, BMI, UA, ln[TG], HDL-C, and ALP) showed that lower age at 
diagnosis (OR = 0.955, 95% CI 0.920–0.992, p = 0.017), lower UA (OR = 0.996, 95% CI 0.992–0.999, p = 0.025), lower 
ln(TG) (OR = 0.436, 95% CI 0.212–0.899, p = 0.024), and higher ALP (OR = 1.028, 95% CI 1.009–1.047, p = 0.004) 
were associated with LowC status. Male sex showed a borderline association with LowC status (OR = 2.696, 95% CI 
0.995–7.301, p = 0.051).

When immune-inflammatory indices were stepwise added to the base model, only ln(SIRI) was retained in the final 
model and improved model fit (Δ−2LL = 8.934, p = 0.003). In the final model, higher SIRI remained associated with low 
C-peptide status (OR = 2.381, 95% CI 1.262–4.495, p = 0.007; approximately 1.83 per doubling), while age at diagnosis, 
UA, and ALP showed associations similar to those in the base model (Figure 1A and B).

ROC curve analysis showed that the AUC for the base model was 0.787 (95% CI 0.727–0.846), with a sensitivity of 
72.48% and specificity of 73.39% at the optimal cutoff. The addition of SIRI increased the AUC to 0.810 (95% CI 
0.753–0.867), with the model favoring high-specificity identification (sensitivity 62.39%, specificity 88.07%) 
(Figure 1C).

In summary, after accounting for disease duration, younger age at diagnosis, lower UA and TG, higher ALP, and 
higher SIRI were features associated with the low C-peptide subgroup. SIRI provided modest additional discriminatory 
value beyond baseline clinical variables in this dataset.

Co-Expression Network Analysis Identifies Subgroup-Discriminating Modules and 
Candidate Genes
Based on the PBMC RNA-seq cohort (n=7 each for HC, PresC, and LowC), WGCNA identified two modules that 
showed the greatest separation between the two T2DM subgroups: the darkturquoise module (r(PresC) = 0.37, p = 0.1; 
r(LowC) = −0.56, p = 7.8×10−3) and the lightyellow module (r(PresC) = 0.67, p = 8.9×10−4; r(LowC) = −0.46, p = 0.04). 

Table 1 (Continued). 

Parameter T2DM-PresC T2DM-LowC P-value

PLT (109/L) 231.33 ± 58.86 229.38 ± 60.19 0.809

NLR 1.90 (1.53, 2.60) 2.21 (1.61, 3.54) 0.048
PLR 120.65 (100.11, 151.21) 122.59 (91.29, 168.72) 0.848

LMR 4.57 (3.49, 6.39) 4.30 (2.81, 5.31) 0.031

SII 430.39 (308.75, 661.68) 478.75 (346.80, 733.47) 0.259
SIRI 0.77 (0.48, 1.18) 0.98 (0.66, 1.49) 0.009

AISI 180.76 (105.33, 284.05) 209.31 (134.34, 353.03) 0.035

Notes: Data are presented as mean ± standard deviation (SD), median (interquartile range, IQR), or n (%). 
The two T2DM groups were generated by 1:1 propensity score matching on diabetes duration only. P-values 
were calculated using the paired t-test for normally distributed continuous variables, the Wilcoxon signed- 
rank test for non-normally distributed continuous variables, and McNemar’s test for categorical variables. All 
tests were two-sided, and P < 0.05 was considered statistically significant. Bold row labels indicate variable 
categories. 
Abbreviations: T2DM-PresC, type 2 diabetes with preserved C-peptide; T2DM-LowC, type 2 diabetes with 
low C-peptide; BMI, body mass index; HbA1c, glycated hemoglobin; FCP, fasting C-peptide; FPG, fasting 
plasma glucose; FCPGR, fasting C-peptide-to-glucose ratio; UA, uric acid; TC, total cholesterol; TG, trigly
cerides; HDL-C, high-density lipoprotein cholesterol; LDL-C, low-density lipoprotein cholesterol; ApoA1, 
apolipoprotein A1; ApoB, apolipoprotein B; ALT, alanine aminotransferase; AST, aspartate aminotransferase; 
ALP, alkaline phosphatase; GGT, gamma-glutamyl transferase; WBC, white blood cell; RBC, red blood cell; 
PLT, platelet; NLR, neutrophil-to-lymphocyte ratio; PLR, platelet-to-lymphocyte ratio; LMR, lymphocyte-to- 
monocyte ratio; SII, systemic immune-inflammation index; SIRI, systemic inflammation response index; AISI, 
aggregate index of systemic inflammation.
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Figure 1 Factors associated with low C-peptide status and discrimination of the regression models. Forest plots showing the conditional logistic regression results for the propensity 
score-matched cohort. Vertical dashed lines in panels A and B indicate OR = 1, and the diagonal dotted line in panel C indicates the no-discrimination reference. (A) Base model 
(Model 1), including demographic and metabolic variables. Younger age at diagnosis, lower UA, lower ln(TG), and higher ALP were associated with T2DM-LowC status. (B) Integrated 
model (Model 2). Among the inflammatory indices examined, ln(SIRI) was retained in the final model. Younger age at diagnosis, lower UA, higher ALP, and higher ln(SIRI) remained 
associated with T2DM-LowC status. For log-transformed variables, the OR represents the change associated with a one-unit increase on the natural-log scale. Red dots represent ORs 
and horizontal lines represent 95% CIs. (C) ROC curves of Model 1 (blue line, AUC = 0.787) and Model 2 (red line, AUC = 0.810) for discriminating T2DM-LowC from T2DM-PresC. 
Abbreviations: T2DM-LowC, type 2 diabetes with low C-peptide; T2DM-PresC, type 2 diabetes with preserved C-peptide; PSM, propensity score matching; UA, uric acid; 
TG, triglycerides; ALP, alkaline phosphatase; SIRI, systemic inflammation response index; OR, odds ratio; CI, confidence interval; ROC, receiver operating characteristic; 
AUC, area under the curve.
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These two modules showed divergent correlations with the T2DM subgroups, with negative correlations with LowC and 
positive correlations with PresC, suggesting that their expression patterns may help distinguish the subgroups (Figure 2). 
With the LowC group as the target phenotype, 242 candidate genes were screened from these two modules using the 
criteria of |MM| ≥0.5, |GS| ≥0.5, and an edge weight ≥0.1.

Multi-Strategy Integration Identifies Key Genes Characterizing the LowC Subgroup
To identify exploratory molecular features that differentiated T2DM-LowC from both HC and T2DM-PresC, a multi- 
tiered screening strategy was applied (Figure 3).

Differential expression analysis using an exploratory threshold of raw P < 0.05 and FC ≥ 1.5 revealed 2871 
upregulated/2737 downregulated genes in PresC vs HC; 3236 upregulated/2839 downregulated genes in LowC vs HC; 
and 564 upregulated/1182 downregulated genes in LowC vs PresC (Figure 3A–D).

A “direction-constrained strategy” was used to screen for genes that simultaneously met the following criteria 
(Figure 3E and F): (1) significantly different in LowC vs PresC; and (2) exhibiting opposite expression directions 
relative to HC (ie, LowC↓/PresC↑ or LowC↑/PresC↓). This strategy yielded 12 intersection genes, all following the 
“LowC↓/PresC↑” pattern: CSF2RB, TLR1, NIBAN1, IFIT2, IFIT3, CLC, TRIM9, MS4A2, GATA2, CPA3, and two 
novel transcripts (MSTRG.13498, MSTRG.12678). No genes matching the opposite “LowC↑/PresC↓” pattern were 
identified.

MSTRG.13498 and MSTRG.12678 were novel transcripts identified by StringTie assembly with no current functional 
annotation and were included for exploratory purposes only.

PPI analysis showed that these 12 genes formed a network centered on molecules related to mast cells/eosinophils 
(Figure 3H). CPA3 was the hub node (highest degree) in the network, directly connecting to GATA2, MS4A2, and CLC, 
which together constitute a “mast cell-eosinophil” functional module involved in the FcεRI signaling pathway and 
granule protein release. IFIT2 and IFIT3 interacted with each other, belonging to a type I interferon response subnetwork. 
The remaining genes (TLR1, CSF2RB, NIBAN1, TRIM9) had low connectivity or were at the periphery of the network. 
Functional enrichment analysis indicated that these genes are mainly involved in innate immune recognition, FcεRI 
signal transduction, and granulocyte/mast cell differentiation and activation pathways.

By intersecting these 12 direction-constrained genes with the WGCNA candidate gene set (n=242), three overlapping 
genes were ultimately obtained: CSF2RB, NIBAN1, and TLR1 (Figure 3G). These three genes simultaneously satisfied 
a “triple constraint”: (1) differentially expressed in LowC vs PresC under the FDR-based sensitivity threshold (FDR < 
0.05 and FC ≥2.0; Supplementary Figure S2); (2) showing opposite expression directions relative to HC (downregulated 
in LowC, upregulated in PresC); and (3) located within the WGCNA modules with the greatest subgroup separation. 
Therefore, they were prioritized as key candidate genes for subsequent RT-qPCR validation and ROC discrimination 
analysis.

RT-qPCR Validation and Molecular Identification Model
In the independent validation cohort (T2DM-PresC=20, T2DM-LowC=20), RT-qPCR analysis confirmed that the 
expression of all three candidate genes (CSF2RB, NIBAN1, and TLR1) was significantly lower in the LowC group 
than in the PresC group (all p < 0.05), consistent with the RNA-seq results (Figure 4A–C).

Single-gene discriminatory performance: ROC curve analysis showed that CSF2RB demonstrated the best single- 
gene discriminatory power (AUC = 0.830, 95% CI 0.706–0.954; sensitivity 95.0%, specificity 60.0% at the optimal 
cutoff). NIBAN1 (AUC = 0.746, 95% CI 0.584–0.909; sensitivity 75.0%, specificity 80.0%) and TLR1 (AUC = 0.748, 
95% CI 0.597–0.898; sensitivity 65.0%, specificity 75.0%) had comparable performance (Table 2 and Figure 4D).

Multi-gene combined model: Combining any two genes improved the discriminatory power (AUC range 0.843– 
0.873). The three-gene combined model achieved the best performance (AUC = 0.903, 95% CI 0.813–0.992; sensitivity 
75.0%; specificity 90.0%; Table 2 and Figure 4E). Together, these findings indicate that combined measurement of 
CSF2RB, NIBAN1, and TLR1 provided better subgroup discrimination than any single gene in this dataset.
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Figure 2 WGCNA identifies gene modules associated with low C-peptide status. (A) Hierarchical clustering of MEs. The heatmap shows the dissimilarity (1 - correlation) 
between MEs, with red indicating high adjacency (positive correlation) and blue indicating low adjacency (negative correlation). (B) Heatmap of the correlation between MEs 
and clinical traits (HC, T2DM-PresC, and T2DM-LowC). For each cell, the upper triangle displays the Pearson correlation coefficient (color scale: dark blue = +1.0, white = 
−1.0), and the lower triangle displays the P-value (color scale: dark red = highly significant). The lightyellow and darkturquoise modules showed the most significant and 
divergent correlations with the T2DM subgroups. (C) Dendrogram of all expressed genes clustered based on a dissimilarity measure (1-TOM). The colored bars below the 
dendrogram represent the gene modules identified by dynamic tree cutting. (D and E) Scatter plots of GS for the T2DM-LowC group versus MM in the lightyellow module 
(D) and the darkturquoise module (E). A strong positive correlation between GS and MM in these modules indicates that genes highly associated with the LowC phenotype 
are also central elements of these modules. 
Abbreviations: WGCNA, Weighted Gene Co-expression Network Analysis; MEs, module eigengenes; HC, Healthy Control; GS, Gene Significance; MM, Module 
Membership. Other abbreviations are as previously defined.
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Figure 3 Identification of key DEGs associated with low C-peptide status through an integrated multi-strategy approach. (A) UMAP plot of PBMC transcriptomes from 
Healthy Controls (HC, n=7), T2DM-PresC (n=7), and T2DM-LowC (n=7) groups, showing distinct clustering of the three groups. (B–D) Volcano plots displaying DEGs for 
the comparisons T2DM-PresC vs. HC (B), T2DM-LowC vs. HC (C), and T2DM-LowC vs. T2DM-PresC (D). Genes with a raw P-value < 0.05 and FC ≥ 1.5 are highlighted 
as upregulated (red) or downregulated (blue); FDR-based sensitivity analyses are shown in Supplementary Figure S2. (E and F) Venn diagrams illustrating the “direction- 
constrained” screening strategy. (E) shows the intersection aiming to find genes with a “LowC↑ / PresC↓” pattern relative to HC. The sets are: differentially expressed genes 
in T2DM-LowC vs. T2DM-PresC (S1), genes down-regulated in T2DM-PresC vs. HC (S2), and genes up-regulated in T2DM-LowC vs. HC (S3). This intersection yielded no 
overlapping genes. (F) shows the intersection aiming to find genes with a “LowC↓ / PresC↑” pattern relative to HC. The sets are: differentially expressed genes in T2DM- 
LowC vs. T2DM-PresC (S1), genes up-regulated in T2DM-PresC vs. HC (S4), and genes down-regulated in T2DM-LowC vs. HC (S5). This intersection identified 12 key 
genes. (G) Venn diagram showing the intersection of the 12 direction-constrained genes from (F) (S6, including two novel transcripts) and the 242 candidate genes from 
WGCNA (S7). This final integration step yielded three key candidate genes: CSF2RB, NIBAN1, and TLR1. (H) PPI network constructed from the 12 identified direction- 
constrained genes. The network highlights a core module related to mast cell/eosinophil function, with CPA3 as a central hub connecting GATA2, MS4A2, and CLC. 
Abbreviations: DEGs, Differentially Expressed Genes; UMAP, Uniform Manifold Approximation and Projection; PBMCs, peripheral blood mononuclear cells; FDR, false 
discovery rate; FC, fold change; PPI, protein-protein interaction. Other abbreviations are as previously defined.
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Subgroup Differences in Deconvolution-Derived Immune Cell Signatures
To explore PBMC immune signatures associated with the low C-peptide subgroup, CIBERSORTx was used to estimate 
the relative proportions of 22 LM22 immune cell signatures from the PBMC transcriptomes (Figure 5 and Supplementary 
Table 2).

Compared to HC, T2DM patients exhibited common immune features: an increase in resting CD4 memory T cells, 
decreases in activated CD4 memory T cells, and reductions in activated mast cells and eosinophils (all p < 0.05). 
Regulatory T cells (Tregs) were suppressed in both T2DM groups relative to HC, with no difference between subgroups. 
Resting natural killer (NK) cells showed inconsistent directions between subgroups: they were decreased in PresC vs HC 
(p = 0.03) but tended to be increased in LowC vs HC (p = 0.05), with a significant overall difference among groups (p = 
8.1×10−3).

Within the T2DM cohort, the LowC subgroup presented more pronounced cellular reprogramming:
(1) Adaptive immune cells: A decrease in naïve B cells and an increase in memory B cells were observed (both p < 

0.05), suggesting a shift toward memory B cells. The proportion of resting CD4 memory T cells was elevated (p = 0.01), 
while activated CD4 memory T cells showed no difference.

Figure 4 Validation and diagnostic performance of candidate gene biomarkers in the RT-qPCR validation cohort. (A–C) Relative mRNA expression levels of CSF2RB (A), 
NIBAN1 (B), and TLR1 (C) in PBMCs from the validation cohort, comprising T2DM-PresC (n = 20) and T2DM-LowC (n = 20). Expression was quantified by RT-qPCR, 
normalized to GAPDH, and calculated using the 2^−ΔΔCt method with T2DM-PresC as the calibrator group. Data are presented as individual points with the median and 
interquartile range. Statistical significance was assessed using the Mann–Whitney U-test. *P < 0.05, ***P < 0.001. (D) ROC curves for the diagnostic performance of the 
individual gene-expression markers CSF2RB, NIBAN1, and TLR1 in discriminating T2DM-LowC from T2DM-PresC. The diagonal dotted line in panel D indicates the no- 
discrimination reference. (E) ROC curves for the diagnostic performance of the combined two-gene and three-gene models in discriminating T2DM-LowC from T2DM- 
PresC. AUC values are shown for each model. The diagonal dotted line in panel E indicates the no-discrimination reference. 
Abbreviations: RT-qPCR, reverse transcription quantitative polymerase chain reaction. All other abbreviations are as previously defined.
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(2) Innate immune cells: The resting NK-cell signature was higher in the LowC group (p = 0.01), whereas the 
activated NK-cell signature did not differ between the two T2DM groups. Monocyte signatures were numerically higher 
in LowC (p = 0.07).

(3) Granulocyte- and mast-cell-related signatures: The neutrophil-related LM22 signal was lower in LowC (p = 
0.002). Resting mast-cell signatures were also lower (p = 0.01), in parallel with reduced expression of mast-cell- 
associated genes (CPA3, MS4A2, and GATA2) in the PPI network from Multi-Strategy Integration Identifies Key 
Genes Characterizing the LowC Subgroup. Activated mast-cell signatures were not detected in either T2DM group. 
Eosinophil-related signatures were close to the lower limit of detection in both T2DM groups (PresC/LowC both 0.0 ± 
0.0), precluding subgroup comparison. These low-abundance PBMC signals were therefore treated as deconvolution- 
derived signatures rather than direct cell-count estimates.

In summary, the low C-peptide T2DM subgroup showed deconvolution patterns consistent with a shift toward 
memory B cells, higher resting CD4 memory T-cell and NK-cell signatures, a trend toward higher monocyte representa
tion, and reduced mast-cell-related signatures.

Discussion
This study examined whether the low C-peptide subgroup of type 2 diabetes (T2DM-LowC) is associated with a distinct 
peripheral immune profile after accounting for disease duration. In addition to differences in clinical phenotype and 
systemic inflammatory burden, the T2DM-LowC subgroup showed PBMC transcriptomic and deconvolution patterns 
consistent with altered peripheral immune composition. These findings support the view that, rather than representing 
a separate disease entity, low C-peptide T2DM represents a clinically relevant insulin-deficient phenotype within the 
broader heterogeneity of T2DM.

Clinical-Metabolic Phenotype and Inflammatory Burden of the Low C-Peptide 
Subgroup
By balancing disease duration through propensity score matching, we sought to distinguish features associated with the 
low C-peptide state from those attributable mainly to longer disease exposure. In this context, the LowC subgroup was 
associated with a clinical-metabolic pattern characterized by younger age at diagnosis, lower BMI, lower TG and UA, 
higher ALP, and greater inflammatory burden.

Table 2 ROC Analysis of Individual and Combined Gene-Expression Biomarkers in the 
RT-qPCR Validation Cohort

Biomarker(s) AUC 95% CI P-value Sensitivity Specificity

Single Gene Models
CSF2RB 0.830 0.706 to 0.954 0.0004 95.00% 60.00%

NIBAN1 0.746 0.584 to 0.909 0.0077 75.00% 80.00%
TLR1 0.748 0.597 to 0.898 0.0074 65.00% 75.00%

Combined Gene Models
CSF2RB + NIBAN1 0.850 0.735 to 0.965 0.0002 75.00% 80.00%
CSF2RB + TLR1 0.873 0.767 to 0.978 <0.0001 75.00% 80.00%

NIBAN1 + TLR1 0.843 0.716 to 0.970 0.0002 90.00% 75.00%
CSF2RB + NIBAN1 + TLR1 0.903 0.813 to 0.992 <0.0001 75.00% 90.00%

Notes: The table shows the discriminatory performance of individual and combined gene-expression markers, 
based on RT-qPCR data from the independent validation cohort (T2DM-PresC n = 20; T2DM-LowC n = 20), for 
differentiating the two T2DM subgroups. Sensitivity and specificity were calculated at the optimal cut-off defined by 
the Youden index. Performance estimates from this small validation cohort should be interpreted as preliminary and 
require external validation. Bold row labels indicate model categories. 
Abbreviations: ROC, receiver operating characteristic; AUC, area under the curve; CI, confidence interval; RT- 
qPCR, reverse transcription quantitative polymerase chain reaction; T2DM-PresC, type 2 diabetes with preserved 
C-peptide; T2DM-LowC, type 2 diabetes with low C-peptide.
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Figure 5 Deconvolution-derived immune cell signatures in PBMC transcriptomes among healthy controls, T2DM-PresC, and T2DM-LowC groups. Box plots show the estimated relative proportions of 22 LM22 immune cell signatures 
inferred from PBMC transcriptomes from HC (n = 7), T2DM-PresC (n = 7), and T2DM-LowC (n = 7). The y-axis represents the estimated relative proportion of each signature. Each box shows the median and interquartile range, with 
whiskers extending to 1.5 times the interquartile range. Colors indicate HC, T2DM-PresC, and T2DM-LowC groups as shown in the figure legend. Overall between-group differences were assessed using the Kruskal–Wallis test. Symbols 
above each cell category indicate the overall test result: #P < 0.05, ##P < 0.01, and ###P < 0.001. Annotation brackets indicate pairwise Wilcoxon rank-sum comparisons between the connected groups, and bracketed asterisks indicate 
pairwise significance: *P < 0.05, **P < 0.01, and ***P < 0.001. Only statistically significant overall and pairwise results are annotated; exact P-values, including nonsignificant and non-estimable comparisons, are provided in Supplementary 
Table 2. Because these values are deconvolution-derived estimates from PBMC transcriptomes, granulocyte-, eosinophil-, and mast-cell-related signatures should be interpreted cautiously. All abbreviations are as previously defined.
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Lower UA and TG together with higher ALP formed a consistent metabolic pattern in the LowC subgroup. Although 
this combination may appear counterintuitive in diabetes, it is compatible with a phenotype characterized less by classic 
obesity-related insulin resistance and more by relative insulin deficiency and reduced anabolic reserve. U-shaped 
associations between UA and adverse outcomes have been reported in diabetes, and within the physiological range 
UA also contributes to antioxidant defense; accordingly, lower UA in LowC may reflect diminished antioxidant buffering 
or altered renal-metabolic handling during progressive β-cell failure.26–28 Likewise, lower TG may be more consistent 
with reduced hepatic lipogenesis in the setting of impaired endogenous insulin action than with a metabolically favorable 
state.29 Higher total ALP may indicate accompanying hepatic, bone, or inflammatory stress, although the present data 
cannot distinguish among these sources.30 Taken together, these variables are better interpreted as metabolic correlates of 
the low C-peptide phenotype than as direct mechanistic mediators.

Consistently, the elevated absolute monocyte count and SIRI point to a more inflammatory systemic milieu in the 
LowC subgroup. This pattern is consistent with evidence of monocytosis and innate immune activation in T2DM.31,32 In 
our duration-matched analysis, ln(SIRI) remained associated with low C-peptide status (OR ≈ 2.38 per e-fold increase, 
95% CI 1.26–4.50) and modestly improved discrimination beyond the base clinical-metabolic model (AUC 0.787 to 
0.810). Because SIRI integrates neutrophils, monocytes, and lymphocytes, it may capture the balance between myeloid 
activation and adaptive immune restraint. In this setting, SIRI is best viewed as a readily accessible marker of the 
inflammatory dimension of the LowC phenotype, rather than direct evidence that systemic inflammation is the upstream 
cause of β-cell failure.

Reprogramming of the Peripheral Immune Landscape: Coordinated Dysregulation of 
Innate and Adaptive Immunity
Against this background of systemic inflammation, the LowC subgroup showed coordinated shifts in PBMC-derived 
immune signatures. Two analytical features are important for interpreting these findings. First, only samples with 
a CIBERSORTx deconvolution P < 0.05 were retained. Second, for LM22 classes with limited resolution in PBMC- 
based analysis, we placed greater weight on concordance between the deconvolution output and the corresponding gene- 
expression patterns. Accordingly, the mast-cell-, eosinophil-, and granulocyte-related findings are interpreted here as 
evidence of altered peripheral immune programs rather than direct quantification of those cell populations.

Among the deconvolution-derived signals, mast-cell-related changes were particularly notable A reverse-separation 
pattern was observed across the three groups: resting mast-cell signatures were higher in PresC than in HC, but lower in 
LowC than in PresC, whereas activated mast-cell signatures were essentially absent in both T2DM groups. This pattern 
was accompanied by reduced expression of CPA3, GATA2, MS4A2, and CSF2RB, supporting coordinated down
regulation of mast-cell-associated transcriptional programs in LowC. Similar reductions in FcεRI- and c-Kit-related mast- 
cell features have been described in adipose tissue from obese individuals with T2DM,33 suggesting that the PBMC- 
based signal may reflect a broader alteration in mast-cell biology, although it remains an indirect inference. Because 
functional assays were not performed, these data do not establish mast-cell depletion or dysfunction directly; however, 
they are compatible with impaired mast-cell maintenance or activation signaling in the low C-peptide state. Given 
experimental evidence that insulin can support mast-cell survival,34–36 relative insulin deficiency may be one plausible 
contributor to this pattern.

The NK-cell pattern also suggests altered innate immune activation in LowC. We observed higher resting NK-cell 
signatures without a corresponding increase in activated NK-cell signatures. Although deconvolution data cannot define 
function directly, this distribution is compatible with previous reports of reduced NK-cell cytotoxicity, impaired 
degranulation, and increased exhaustion-associated markers in T2DM.37–39 One possible interpretation is that the higher 
resting signal reflects relative enrichment of less responsive NK states rather than true functional quiescence. 
Compartmentalization may also contribute, with activated NK cells preferentially recruited to inflammatory tissues 
and circulating PBMC profiles remaining enriched for resting-like signatures.40–42 Overall, these findings are more 
consistent with altered NK-cell responsiveness than with preserved NK-cell activation, although functional validation is 
still required.
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Adaptive immune remodeling was also evident in the LowC subgroup. The combination of lower naïve B-cell and 
higher memory B-cell signatures suggests a shift toward antigen-experienced B-cell states, a pattern that overlaps with 
features of immunosenescence and chronic inflammatory activation.43–47 In parallel, resting CD4 memory T-cell 
signatures were increased, whereas activated CD4 memory T-cell signatures did not differ, implying that peripheral T- 
cell remodeling in LowC may involve altered activation thresholds or tissue redistribution rather than simple expansion 
of circulating effector cells. One plausible explanation is compartmentalization, whereby activated lymphocytes are 
preferentially retained in inflamed tissues such as islets, adipose tissue, or other target organs, while peripheral blood 
remains relatively enriched for resting or memory-like subsets.48–50 Although this cannot be resolved directly in the 
present PBMC dataset, the coordinated B- and T-cell changes support the view that adaptive immunity contributes to the 
immunologic distinctiveness of the LowC phenotype.

Synergistic Interpretation of Multidimensional Immune Biomarkers: From Molecular 
Signals to Systemic Inflammation
Our integrated screening strategy prioritized three genes—TLR1, CSF2RB, and NIBAN1—that were consistently 
downregulated in LowC and showed good discriminatory performance in the RT-qPCR cohort. These genes should be 
regarded as candidate markers emerging from an exploratory discovery-validation framework rather than definitive 
determinants of disease biology.

Among these genes, CSF2RB is biologically relevant because it participates in IL-3/IL-5/GM-CSF receptor signaling 
and may relate to the reduced mast-cell- and eosinophil-associated transcriptional signals observed in the discovery 
dataset.51–55 TLR1 downregulation may indicate altered innate immune sensing, whereas NIBAN1 may reflect broader 
cellular stress responses. Rather than assigning singular mechanistic roles to each transcript, we interpret the three-gene 
panel as a compact molecular readout of broader immune-associated alterations linked to the low C-peptide phenotype. 
In the validation cohort, the combined model (AUC = 0.903) showed better discrimination than any single marker, 
suggesting that these transcripts may capture partially non-overlapping biological information. However, the present data 
remain insufficient to define the mechanistic contribution of each gene individually.

At the systemic level, the elevation of SIRI complements the PBMC gene-expression findings by capturing the 
hematologic dimension of immune activation. Because SIRI integrates neutrophils, monocytes, and lymphocytes, it may 
reflect a shift toward myeloid-predominant inflammation with relative attenuation of adaptive immune balance. This is 
biologically relevant in diabetes, where higher systemic inflammatory indices have been linked to insulin resistance and 
dysglycemia.32,56 In our matched analysis, SIRI remained associated with low C-peptide status and modestly improved 
subgroup discrimination, suggesting that systemic inflammatory tone and PBMC molecular signatures provide nonre
dundant information. Nevertheless, the present data do not establish that elevated SIRI lies upstream of β-cell failure; 
rather, it may represent one measurable component of the broader immunometabolic milieu accompanying the LowC 
phenotype.

Clinical Translation and Study Limitations
From a translational perspective, the multidimensional marker framework proposed here may help refine identification of 
patients with a low C-peptide phenotype. One potential application would be a sequential assessment strategy based on 
clinical features and SIRI, followed—where feasible—by PBMC qPCR assessment of CSF2RB, NIBAN1, and TLR1, with 
formal C-peptide testing reserved for patients with a high-suspicion profile. Such a sequential strategy is attractive because it 
combines an inexpensive inflammatory index with a more specific molecular readout. At present, however, this framework 
should be regarded as hypothesis-generating and will require prospective validation before routine clinical use.

This study has several limitations. First, the cross-sectional design precludes causal inference, and duration matching 
reduces—but does not eliminate—confounding related to disease chronicity. Second, PBMC transcriptomics reflects 
systemic immune status and cannot substitute for direct assessment of islet or tissue microenvironments. Third, the RNA- 
seq discovery cohort was small (n = 7 per group), so the transcriptomic and deconvolution findings should be considered 
exploratory. Fourth, medication exposure was not incorporated into the matching strategy or primary regression model, 
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and the immunomodulatory effects of glucose-lowering therapies cannot be excluded. Fifth, immune-cell states inferred 
from CIBERSORTx were not validated with functional assays. Future prospective and mechanistic studies are needed to 
determine whether the three-gene signature and SIRI predict subsequent C-peptide decline and clinical outcomes, and to 
clarify how peripheral immune remodeling relates to progressive β-cell dysfunction.

Conclusion
In patients with type 2 diabetes and matched disease duration, low C-peptide status was associated with a distinct 
immunometabolic profile characterized by higher systemic inflammatory burden and PBMC transcriptomic/deconvolu
tion patterns consistent with altered peripheral immune composition. Integrating SIRI with PBMC expression of 
CSF2RB, NIBAN1, and TLR1 may provide a non-invasive adjunct for identifying this subgroup. Given the cross- 
sectional design and small RNA-seq discovery cohort, these findings support candidate biomarker discovery and require 
prospective validation before mechanistic interpretation or clinical application.
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