Uncovering CD248, MMP28, and SLC16A10 in Sjogren’s
disease: a machine learning-driven SHAP approach for
CD4* T cell-associated biomarkers discovery

Q. Wang!, L. He?, Y. Han®

'Department of Rheumatology, Bengbu Hospital of Traditional Chinese Medicine, Anhui;
’Department of Nephrology and Rheumatology, Shanghai Sixth People’s Hospital, Shanghai;
‘Department of Medical Oncology, The First Affiliated Hospital of Bengbu Medical College,

Anhui, China.

Abstract
Objective
Sjogren’s disease (SjD) is a highly heterogeneous autoimmune disease with substantial challenges in early diagnosis
and therapeutic intervention. We developed an integrated approach combining machine learning algorithms, SHAP
interpretable modelling, molecular docking, and single-cell analysis to facilitate early diagnosis and treatment of SjD.

Methods
Transcriptomic data and 12 machine learning algorithms were employed to identify diagnostic signature genes.
SHAP (Shapley Additive exPlanations) analysis further prioritised hub genes, followed by functional annotation using
CIBERSORT, GSVA, and GSEA. Validation was performed using clinical cohorts, single-cell RNA sequencing
(scRNA-seq), and molecular docking.

Results
The training cohort comprised 382 samples (61 healthy controls, 321 SjD patients) and 10,015 genes. Machine

learning and SHAP analysis identified three hub genes (CD248, MMP28, SLC16A10), validated in external datasets
with significant differential expression (p<0.05) and robust diagnostic performance (AUC >0.7). Immune infiltration

analysis revealed positive correlations between CD248/SLC16A10 and naive CD4* T cells (p<0.05), and between
SLCI16A10/MMP28 and memory resting CD4* T cells (p<0.05). Single-cell profiling localised CD248 predominantly
in naive CD4* T cells, while SLC16A10 and MMP28 were expressed in both naive and memory CD4* T cells subsets.
Molecular docking demonstrated stable targeting of CD248, MMP28, and SLC16A10 by azathioprine, leflunomide,

methotrexate, hydroxychloroquine, iguratimod, pilocarpine, and cevimeline.

Conclusion

Our bioinformatic study identifies CD248, MMP28 and SLC16A10 as candidate biomarkers and therapeutic targets
for SjD, with their dysregulation specifically enriched in CD4* T cell subsets, unveiling a previously underappreciated
mechanism in SjD pathogenesis. naive and memory CD4* T cells emerge as key contributors to inflammatory cascades,
with azathioprine, leflunomide, methotrexate, hydroxychloroquine, iguratimod, pilocarpine, and cevimeline predicted

to bind potently to these targets. This integrative multi-omics framework, combining machine learning, SHAP, and

molecular docking, presents a promising approach for autoimmune disease diagnostics and early therapeutic
intervention, although future experimental validation is essential to confirm its translational potential.
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Introduction

Sjogren’s disease (SjD) is a chronic
autoimmune disorder predominantly
targeting exocrine glands, such as lac-
rimal and salivary glands, leading to
symptoms including dry mouth, dry
eyes, and extra-glandular manifesta-
tions such as arthritis, arthralgia, and
fatigue (1, 2), with an estimated preva-
lence of 1-3.0% in the general popu-
lation (3), ranking as the second most
prevalent autoimmune rheumatic dis-
ease (4). Its insidious onset and elusive
aetiology, coupled with poorly under-
stood pathogenesis, pose significant
challenges for early diagnosis. Current
therapeutic strategies remain pallia-
tive, focusing on symptom alleviation
and delaying disease progression via
replacement therapies, while genetic
susceptibility, viral triggers, and im-
mune dysregulation are implicated as
key drivers of pathogenesis (3, 5, 6).
Although serological detection of Anti-
Ro/SSA antibodies and labial salivary
gland biopsies exhibit high diagnos-
tic specificity (7), the former demon-
strates limited sensitivity in early-stage
SjD identification, whereas the latter
is invasive, prone to observer bias,
and associated with procedural risks
(8-10). The absence of a diagnostic
gold standard for SjD (11) highlights
the critical need for identifying sensi-
tive and specific biomarkers to enable
early detection and the development
of precision-targeted therapies. Mean-
while, the treatment of SjD remains a
major challenge in modern rheuma-
tology. Current strategies are largely
limited to symptomatic local measures
and systemic protocols based on organ
assessment that repurpose medications
from other rheumatic diseases. These
approaches often provide limited effi-
cacy and fail to alter the natural course
of the disease, leading to widespread
patient dissatisfaction (12). Therefore,
this study aims to explore novel poten-
tial therapeutic targets to lay the foun-
dation for developing therapies that
can genuinely improve disease progno-
sis, thereby addressing this significant
unmet clinical need.

Machine learning (ML), as a robust
analytical framework integrating en-
semble models to enhance predictive

accuracy and stability, offers trans-
formative potential for identifying
pivotal molecular signatures of disease
progression. This approach facilitates
the development of precise diagnostic
tools and personalised therapeutic regi-
mens (13, 14), while also enabling the
discovery of combinatorial biomarkers
for SjD. Interpretable ML algorithms
leveraging SHapley Additive exPlana-
tions (SHAP) further bridge the gap
between predictive performance and
clinical translatability, providing clini-
cians with high-performance, transpar-
ent, and actionable decision-support
systems (15).

In this study, we aimed to identify ro-
bust diagnostic biomarkers for SjD
through an integrative bioinformatics
approach combined with interpretable
machine learning modelling. We per-
formed differential gene expression
analysis on publicly available tran-
scriptomic datasets from peripheral
blood of SjD patients and healthy con-
trols. Subsequently, multiple machine
learning algorithms were employed to
prioritise feature genes, which were
further validated via single-cell RNA
sequencing (scRNA-seq) analysis to
clarify their cell-type-specific expres-
sion and potential functional roles in
immune dysregulation.

Our findings provide new insights into
the molecular mechanisms underlying
SjD by uncovering the specific role of
these biomarkers in CD4" T cell im-
munobiology, highlighting their prom-
ising diagnostic and therapeutic po-
tential. Furthermore, we developed an
interpretable diagnostic model based
on SHAP values to facilitate clinical
translation and support future precision
medicine initiatives in SjD and other
autoimmune conditions.

Materials and methods

Data acquisition and processing

All datasets were retrieved from the
Gene Expression Omnibus (GEO) da-
tabase. RNA sequencing (RNA-seq)
expression profiles were derived from
four public datasets: GSE51092 (16)
(32 healthy controls, 190 SjD patients),
GSE66795 (17) (29 healthy controls,
131 SjD patients), GSE48378 (18) (16
healthy controls, 11 SjD patients), and
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Fig. 1. Data integration, machine learning modelling of SjD hub genes, SHAP analysis, and functional enrichment.

A-B: Sample distribution before and after data integration, highlighting batch-effect correction.

C: Principal component analysis (PCA) plots comparing data variability before and after batch-effect removal.
D: Volcano plot of differential gene expression. Downregulated genes are shown in green; upregulated genes are indicated in red.

E: Heatmap showing expression patterns of the top 30 upregulated and 19 downregulated genes.

F: Heatmap of AUC values from 113 machine learning algorithms for SjD diagnosis in the training cohort. G: SHAP force plot visualising individual feature

contributions to model predictions.

H: SHAP bee swarm plot summarising global feature importance.

I-K: Diagnostic performance (AUC) of CD248, MMP28, and SLC16A10 in the training set.

L: Gene Ontology (GO) enrichment analysis of hub genes.

M: KEGG pathway enrichment analysis.
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Fig. 2. Gene expression histograms and validation cohort diagnostic performance.

A-C: Histograms illustrating differential expression levels of the hub genes between SjD and HC groups ("p<0.05, “p<0.01, “p<0.001). (D-F) AUC of the

hub genes validation in the GSE48378 cohort.
G-I: AUC of the hub gene validation in the GSE84844 cohort.
J-L: AUC of the hub gene validation in the training, GSE48378, and GSE84844 cohort.

GSE84844 (19) (30 healthy controls, (scRNA-seq) data were obtained from
30 SjD patients) (Supplementary Ta- GSE157278 (20) (5 healthy controls
ble S1). Single-cell RNA sequencing and 5 SjD patients). Probe IDs were
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converted to gene symbols using
platform-specific annotation files. Dif-
ferentially expressed genes (DEGs)
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were identified in the training set
(GSE51092, GSE66795), followed by
feature gene screening using 12 ma-
chine learning (ML) algorithms (113
combinatorial models) and SHapley
Additive exPlanations (SHAP)-based
interpretable models, ultimately iden-
tifying three diagnostic genes. Train-
ing datasets were integrated using
the ComBat function from the ‘sva’
package to correct batch effects, while
GSE48378 and GSE84844 served as
validation sets. As all data were public-
ly available, anonymised, and de-iden-
tified, ethical approval was waived.

Identification of differentially
expressed genes (DEGs)

DEGs between SjD and Healthy con-
trols (HC) groups were identified using
the limma package (21) with thresh-
olds set at p<0.05 and llog2 fold change
(FC)I >0.585.

Machine learning algorithms

Twelve ML algorithms were employed
for binary classification: Elastic Net
(Enet), Ridge Regression, Stepwise
Generalised Linear Model (Stepglm),
Least Absolute Shrinkage and Selec-
tion Operator (LASSO), Support Vec-
tor Machine (SVM), Linear Discrimi-
nant Analysis (LDA), Generalised Lin-
ear Model Boosting (glmBoost), Partial
Least Squares Regression Generalised
Linear Model (plsRglm), Random For-
est (RF), Gradient Boosting Machine
(GBM), Extreme Gradient Boosting
(XGBoost), and Naive Bayes. A total of
113 combinatorial models were gener-
ated to mitigate overfitting.

Model performance was evaluated us-
ing the area under the receiver operat-
ing characteristic curve (AUC), with
optimal models selected to prioritise
hub genes.

SHAP-based identification

of hub genes

SHAP analysis provided both local and
global interpretability, quantifying fea-
ture contributions to model predictions
via Shapley values (22). This approach
enhanced transparency in identifying
genes critical to SjD progression (23).
SHAP-filtered genes were designated
as diagnostic biomarkers.

Clinical and Experimental Rheumatology 2025
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Validation of hub gene diagnostic
potential

The diagnostic efficacy of hub genes
was validated in two independent data-
sets GSE48378, GSE84844, with AUC
values calculated to assess discrimina-
tion between SjD and HC. Finally, a
multivariate logistic regression model
was constructed using the hub genes to
develop a diagnostic model, and the re-
sults were visualised.

Functional annotation and

pathway enrichment

Hub genes were functionally annotated
using clusterProfiler (24) for Gene On-
tology (GO) and Kyoto Encyclopedia
of Genes and Genomes (KEGG) analy-
ses. Significantly enriched terms were
defined by p<0.05 and adjusted p<0.05.

Immune infiltration analysis

Immune cell composition in tissues
was quantified via CIBERSORT (25),
with samples retained only if p<0.05.
Correlations between hub genes and
immune cell infiltration were assessed
using Pearson/Spearman coefficients.

Gene set enrichment analysis (GSEA)
and gene set variation analysis (GSVA)
GSEA evaluated pathway enrichment
using KEGG gene sets from MSigDB
(Human v2023.2.Hs) (26). GSVA (27)
(v. 2.1.6) was performed to establish
molecular signatures of SjD based on
SHAP-derived hub genes.

Naive Bayes single-cell RNA
sequencing analysis (scRNA-seq)
scRNA-seq data were processed us-
ing Seurat (v. 5), with quality control
thresholds: 300 < nFeature_ RNA <3000
and 3000 <nCount_RNA <10000. Ex-
pression matrices were normalised via
LogNormalize. Batch effects were cor-
rected using Harmony (28), while De-
contX (29) removed ambient RNA and
DoubletFinder (30) excluded doublets.
Cell types were annotated via SingleR,
CellMarker 2.0, and ScType (31-33),
CD4* T cell subpopulations were ana-
lysed for ligand-receptor interactions
using CellChat (34).

Molecular docking
3D conformations of leflunomide, aza-

thioprine, and cyclophosphamide (li-
gands) were obtained from PubChem,
while hub gene protein structures (re-
ceptors) were retrieved from UniProt
(35) and ChemSpider (36). Molecular
docking was performed using CB-
Dock2 (37), visualised via Discovery
Studio. Binding affinities < -5 kcal/mol
were considered significant (38).

Statistical analysis

All analyses were conducted in R (v.
4.4). Group differences were assessed
via Student’s t-test or Wilcoxon test,
with correlations analysed using Pear-
son/Spearman  methods. Two-tailed
p<0.05 was deemed statistically signifi-
cant ("p<0.05, “p<0.01, " p<0.001).

Results

Data integration

and differential analysis

The GSE51092 and GSE66795 datasets
were combined to establish a training
cohort. Following batch-effect correc-
tion (Fig. 1A-C), 85 differentially ex-
pressed genes (DEGs) were identified
(Suppl. Table S2), including 69 up-
regulated genes and 16 downregulated
genes in SjD compared to HC. Expres-
sion patterns of these DEGs were visu-
alised in a heatmap and volcano plot
(Fig. 1D-E).

Machine learning and SHAP analysis
The RF algorithm demonstrated su-
perior predictive performance among
the 113 tested models (Fig. 1F). Using
the 26 genes selected by RF, the diag-
nostic model achieved AUC values of
1.000, 1.000 and 0.884 in the training
set and validation cohorts (GSE48378,
GSE84844), respectively (Suppl. Fig.
S1, Table S3). The consistent perfor-
mance across all cohorts indicated a
lower risk of overfitting with the RF-
based model. SHAP analysis further pri-
oritised the top three hub genes-CD248,
MMP28, and SLCI16A10-based on
their global feature importance (Fig.
1G-H). These genes exhibited robust
diagnostic potential in the training set,
with individual AUC values of 0.723,
0.762,and 0.757 (Fig. 11-K). Validation
in independent cohorts confirmed their
reliability (AUC>0.7), solidifying their
utility as biomarkers for SjD.
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GO and KEGG enrichment analysis

GO enrichment analysis revealed that
DEGs were predominantly enriched in
viral response pathways, including re-
sponse to virus, defense response to vi-
rus, and viral processes (biological pro-
cess). Cellular component terms high-
lighted RNA polymerase II transcription
regulator complex, myosin filament,
and desmosome, while molecular func-
tions centred on ubiquitin-like protein
ligase binding and NAD+-dependent
ADP-ribosyltransferase activity (Fig.
1L, Suppl. Table S4). KEGG pathway
analysis further identified hub genes en-
richment in critical immune and inflam-
matory signalling pathways, notably the
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NOD-like receptor signalling pathway,
Toll-like receptor signalling pathway,
and JAK-STAT signalling pathway
(Fig. 1M, Suppl. Table SS5), underscor-
ing their roles in SjD pathogenesis.

Diagnostic validation of hub genes

The diagnostic validity of the identified
biomarkers was assessed in independ-
ent validation cohorts (GSE48378 and
GSE84844) using AUC analysis. Genes
with AUC>0.7 were considered robust
for SjD diagnosis, demonstrating ex-
cellent specificity and sensitivity. Ex-
pression analysis revealed significant
downregulation of CD248, MMP28,
and SLC16A10 in SjD compared to HC

(Fig. 2A-C). In the GSE48378 cohort,
these genes achieved AUC values of
0.77,0.76, and 0.90, respectively (Fig.
2D-F). Similarly, in the GSE84844 co-
hort, AUC values were 0.87, 0.84, and
0.81 (Fig. 2G-I). The multivariate re-
gression analysis revealed that the com-
bined score of CD248, MMP28, and
SLC16A10 achieved AUC values of
0.79,0.93, and 0.91 in the training set,
GSE48378, and GSE84844, respective-
ly, although future experimental valida-
tion is essential to confirm its transla-
tional potential. Collectively, CD248,
MMP28, and SLC16A10 demonstrated
robust diagnostic accuracy for both
established and early-stage SjD, sug-
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gesting their potential clinical utility as
biomarkers.

Hub gene-associated signalling
mechanisms

We conducted an in-depth analysis
of the specific signalling mechanisms
associated with the three hub genes,
CD248, MMP28, and SLC16A10, to
explore their potential roles in disease
progression and their influence on rel-
evant signalling pathways. Through
GSEA analysis, we found that high
expression of CD248 was primarily en-
riched in signalling pathways such as
cell adhesion molecules, hematopoietic
cell lineage, and primary immunode-
ficiency, whereas low expression was
mainly enriched in complement and co-
agulation cascade, lysosome, and Toll-
like receptor (TLR) signalling pathways
(Fig. 3A-B). For MMP28, high expres-
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sion was primarily enriched in basal
cell carcinoma, propanoate metabolism,
and ribosome pathways, while low ex-
pression was mainly enriched in B cell
receptor, chemokine, and complement
and coagulation cascade signalling
pathways (Fig. 3D-E). High expression
of SLC16A10 was primarily enriched
in aminoacyl-tRNA biosynthesis, ba-
sal cell carcinoma, and protein export
pathways, whereas low expression was
mainly enriched in antigen process-
ing and presentation, complement and
coagulation cascade, and graft-versus-
host disease pathways (Fig. 3G-H).
Additionally, GSVA analysis further
revealed the enrichment characteristics
of these hub genes (Fig. 3C, F, I). Spe-
cifically, low expression of CD248 was
primarily enriched in PPAR signalling
pathway and SNARE interactions in ve-
sicular transport, while high expression

was mainly enriched in purine metabo-
lism, primary immunodeficiency, and
cysteine and methionine metabolism
pathways. Low expression of MMP28
was primarily enriched in NOD-like re-
ceptor signalling pathway and Toll-like
receptor signalling pathway, while high
expression was mainly enriched in ribo-
some, alanine, aspartate and glutamate
metabolism, and arginine and proline
metabolism pathways. Low expression
of SLC16A10 was primarily enriched
in PPAR signalling pathway and Toll-
like receptor signalling pathway, while
high expression was mainly enriched in
aminoacyl-tRNA biosynthesis, spliceo-
some, and cysteine and methionine me-
tabolism pathways.

Correlation of hub genes

with immune cell infiltration in SjD
Immune infiltration analysis revealed
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that naive B cells, resting memory
CD4* T cells, activated memory CD4*
T cells, MO macrophages, and activat-
ed dendritic cells were the predominant
infiltrating immune cell populations
(Fig. 4A). Subsequently, correlations
among 22 immune cell types in SjD
were evaluated (Fig. 4B). For example,
memory B cells exhibited a negative
correlation with naive B cells. Acti-
vated memory CD4* T cells showed
negative correlations with memory B
cells and regulatory T cells (Tregs),
while MO macrophages were negative-
ly correlated with activated dendritic
cells. We further analysed correlations
between three hub genes (CD248,
MMP28, and SLC16A10) and two
significantly differential immune cell
types (naive CD4* T cells and resting
memory CD4* T cells) (Fig. 4B).

The results demonstrated that CD248
was positively correlated with naive
CD4* T cells (p=3.7e-09) (Fig. 4C and
F), MMP28 showed a positive cor-
relation with resting memory CD4+ T
cells (p=7.6e-09) Fig. 4D and G); and
SLC16A10 exhibited positive corre-
lations with both naive CD4* T cells
(p=9.3e-11) and resting memory CD4*
T cells (p=2.7e-11) (Fig. 4E and H-I).
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Single-cell profiling reveals

hub genes expression in CD4*

T cell subsets and altered cell-cell
communication

A total of 51,585 cells were retrieved
from GSE157278 dataset, with 24,349
cells from the HC group and 27,236
from the SjD group. After stringent
quality control procedures (Supple-
mentary Fig. S2A), harmony integra-
tion, and exclusion of cells in the cell
cycle (Suppl. Fig. S2B), the cell popu-
lation was reduced to 41,293 (20,344
in HC and 20,949 in SjD). Following
the removal of 2,942 doublets (Sup-
plementary Fig. S2C), 38,351 high-
quality cells remained, consisting of
17,402 in the HC group and 20,949
in the SjD group. With a resolution
set at 0.1, these cells were partitioned
into seven distinct cell clusters (Fig.
5A). Classification based on specific
marker genes identified six major cell
types, including B cells, CD4* T cells,
CD8* T cells, myeloid cells, NK cells,
and pDC (Fig. 5B). Notably, the cellu-
lar distribution patterns differed mark-
edly between the HC and SjD groups
(Fig. 5C). Using UMAP visualisation,
we mapped the distribution of these
hub genes across cell types, revealing
that CD248, MMP28, and SLC16A10

were preferentially expressed in CD4*
T cells (Fig. 5SD).

Consequently, we conducted a more in-
depth analysis of CD4* T cells. After
additional quality control, 14,432 CD4*
T cells were retained. At a resolution of
1.2, these cells were clustered into 14
subgroups, which were manually anno-
tated as 11 distinct CD4* T cell subsets,
including naive CD4* T cells, memory
CD4* T cells, central memory CD4+ T
cells, effector CD4* T cells, follicular
helper CD4* T cells, Tem/Thl CD4*
T cells, Treg CD4* T cells, and four
uncharacterised subsets (CD4* T cells
1-4) (Fig. 6A-B) . The disparity in cel-
lular composition between the HC and
SjD groups was again evident (Fig.
6C). Visualisation of hub genes expres-
sion indicated that CD248 was predom-
inantly expressed in naive CD4* T cells
and CD4* T cells 1, while MMP28 and
SLC16A10 were mainly expressed in
memory CD4* T cells and CD4* T cells
1 (Fig. 6D). To elucidate the underlying
mechanisms, we performed cell-cell
communication analysis to quantify
the interaction frequency and intensi-
ty between the HC and SjD groups.
Compared with the HC group, the SjD
group showed a decreased communica-
tion frequency but enhanced interaction

Clinical and Experimental Rheumatology 2025
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strength (Fig. 6E). Overall, cells in the
SjD group engaged in more active com-
munication with each other, with all
cell types except CD4* T cells-showing
varying degrees of increased signalling
(Fig. 6F-G).

Molecular docking and visualisation

Ligands included drugs commonly used
in SjD treatment: azathioprine, cyclo-
phosphamide, leflunomide, methotrex-
ate, hydroxychloroquine, iguratimod,
pilocarpine, and cevimeline (39). These
were docked against the three hub gene-
encoded proteins serving as receptors:
CD248, MMP28, and SLC16A10. The
binding energy, calculated using the
CB-Dock2 web tool and expressed
as binding energy, was used to evalu-
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ate the interactions. A more nega-
tive binding energy indicates stronger
binding affinity and higher complex
stability. The docking results for all
ligand-receptor pairs are shown in Fig-
ure 7A. The complexes of SLC16A10-
methotrexate, CD248-iguratimod, and
SLC16A10-iguratimod demonstrated
the highest binding affinity, with bind-
ing energies <-8.0 kcal/mol (Fig. 7A, F,
S, U). Furthermore, leflunomide, meth-
otrexate, and iguratimod showed strong
binding affinity (<-7.0 kcal/mol) with
all three receptors: CD248, MMP28,
and SLC16A10 (Fig. 7A,C,D, F,J, K,
M, R, S, U). With the exception of cy-
clophosphamide (binding energy >-5.0
kcal/mol with CD248 and MMP28), all
other ligand-receptor pairs exhibited

binding energies <-5.0 kcal/mol (Fig.
7B-W). Notably, SLC16A10 demon-
strated consistently high binding af-
finity (binding energy <-5.0 kcal/mol)
across all drugs, highlighting its role as
a central node in the drug-target inter-
action network (Fig. 7P-W). Visualisa-
tion of the binding modes confirmed
stable interactions and plausible spatial
orientations at the predicted binding
sites for all compounds, supporting the
reliability of the docking results.

Discussion

In this study, we analysed human blood
transcriptomic datasets from the Gene
Expression Omnibus (GEO) database
to identify differentially expressed
genes (DEGs). Feature genes were ex-
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tracted from DEGs using 12 distinct
ML algorithms, followed by system-
atic interrogation of their biological
functions, molecular mechanisms, and
immunological relevance in SjD patho-
genesis. An interpretable SHAP-based
diagnostic model was developed to
quantify the contributions of hub genes
to SjD initiation and progression, vali-
dated further through single-cell RNA
sequencing (scRNA-seq) data, thereby
establishing a decision-making frame-
work for precision therapeutics.

Our integrative methodology combined
DEG analysis with a multi-algorithm
ML pipeline to screen feature genes
and prioritise biologically significant
hub genes. The interpretable diagnostic
model not only enhanced diagnostic ac-
curacy but also elucidated mechanistic
insights into hub gene-driven disease
dynamics, advancing early detection
capabilities. External validation across
independent cohorts and scRNA-seq
confirmation supported their poten-
tial as robust SjD biomarkers. Finally,
molecular docking simulations with
clinically approved drugs predicted po-
tential therapeutic targets among hub
genes, suggesting a potential roadmap
for developing future precision-target-
ed interventions. This study pioneers
the convergence of multi-omics data,
interpretable ML, and computational
drug discovery to address unmet clini-
cal needs in SjD. The framework estab-
lishes a paradigm for biomarker iden-
tification, diagnostic innovation, and
therapeutic development in complex
autoimmune disorders.

The aetiology and pathogenesis of
SjD remain complex, and traditional
diagnostic approaches are limited by
invasiveness, procedural risks, and
heterogeneity in classification criteria
across geographic regions. Epidemio-
logical studies of SjD are scarce, with
over 50% of patients remaining undi-
agnosed due to inconsistent diagnostic
frameworks (40). This underscores the
urgent need for reliable, non-invasive
biomarkers to improve diagnostic accu-
racy. In this study, we employed an inte-
grative pipeline combining 12 machine
learning (ML) algorithms (113 com-
binatorial models) to identify CD248,
MMP28, and SLC16A10 as novel di-
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agnostic biomarkers for SjD, validated
through SHapley Additive exPlanations
analysis. Expression patterns of these
hub genes in independent validation co-
horts (GSE48378, GSE84844) aligned
with training set trends, confirming the
robustness of our screening strategy.
While these genes have been docu-
mented in other inflammatory contexts
(41-43), our study is the first to impli-
cate CD248, MMP28, and SLC16A10
in SjD pathogenesis through a specific
association with CD4* T cell dysfunc-
tion, opening new avenues for mecha-
nistic exploration.

Functional enrichment analyses re-
vealed that SjD-associated pathways
are closely tied to viral lifecycle regu-
lation, with KEGG highlighting criti-
cal roles for the NOD-like receptor
signalling pathway, Epstein-Barr virus
(EBV) infection, Toll-like receptor
(TLR) signalling, JAK-STAT signal-
ling and hepatitis B virus (HBV) in-
teractions. The NLRP3 inflammasome,
a key mediator of innate immunity, is
upregulated in SjD patients’ peripheral
blood mononuclear cells (PBMCs) and
ocular tissues, exacerbating disease
progression (44). EBV, a known trig-
ger of epithelial damage and immune
dysregulation, may initiate SjD by ac-
tivating both innate and adaptive im-
mune responses (45). Similarly, HBV
infection correlates with elevated B-
cell activating factor (BAFF) levels,
which drive autoantibody production
and interferon responses-hallmarks of
SjD severity (46). While TLR ligands
in SjD remain unidentified, aberrant ac-
tivation by damage-associated molecu-
lar patterns (DAMPs) likely contrib-
utes to chronic inflammation (47). The
JAK-STAT pathway further amplifies
disease via STAT1/3/5-mediated B-cell
activation, linking genetic susceptibil-
ity, viral triggers, and immune dysregu-
lation (48, 49).

Immune infiltration analysis demon-
strated strong associations between hub
genes and naive CD4* T cell /memory
CD4* T cell subsets. In SjD, naive
CD4* T cells exhibit telomere short-
ening, reduced IL-7R expression, and
senescence-associated [3-galactosidase
(SA-B-Gal) accumulation, reflecting
thymic insufficiency and impaired lym-

phopoiesis (50). Our findings align with
these observations, showing hub gene
enrichment in CD4+ T cell subpopula-
tions. However, the precise mecha-
nisms by which these genes modulate
immune homeostasis warrant further
investigation.

Our molecular docking analysis, which
included a wider range of small-mol-
ecule drugs used clinically in SjD, re-
vealed favourable binding affinities for
most compounds (except Cyclophos-
phamide) with the hub targets CD248,
MMP28, and SLCI16A10. The strong
in silico binding of azathioprine, leflu-
nomide, methotrexate, hydroxychloro-
quine, iguratimod, pilocarpine, and ce-
vimeline suggests a potential structural
basis for their established clinical ef-
ficacy, which may involve modulation
of these targets. These results provide a
preliminary computational rationale for
repurposing existing drugs to mitigate
SjD progression, which merits further
investigation in experimental settings.
However, a key finding of our study is
that these three hub genes are down-
regulated at the transcript level in SjD,
which raises a valid question regarding
the therapeutic rationale of targeting
underexpressed proteins. We hypoth-
esise that the binding of these drugs
may not follow a conventional inhibi-
tory mechanism. Instead, it could lead
to stabilisation of protein structure, al-
losteric modulation of residual activ-
ity, interference with degradation path-
ways, or indirect feedback upregulation
of gene expression. Thus, the molecular
docking presented here should not be
interpreted as evidence for inhibition,
but rather as a computational assess-
ment of binding potential, providing a
structural hypothesis for these complex
and non-canonical mechanisms of ac-
tion. This hypothesis requires rigorous
functional validation in future studies.
In conclusion, by leveraging a multi-
algorithm ML framework, we have not
only identified robust biomarkers for
SjD but also delineated their specific
involvement in CD4* T cell subsets,
offering novel insights into its immu-
nopathology and therapeutic targeting.
While this study advances precision
diagnostics and drug discovery, clinical
translation requires rigorous validation
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Fig. 7. Molecular docking and visualisation.

A: Binding affinity heatmap of molecular docking interactions. B: CD248-azathioprine. C: CD248-leflunomide. D: CD248-Methotrexate. E: CD248-
Hydroxychloroquine. F: CD248-Iguratimod. G: CD248-Cevimeline. H: CD248-pilocarpine. I: MMP28-azathioprine. J: MMP28-leflunomide. K: MMP28-
methotrexate. L: MMP28-hydroxychloroquine. M: MMP28-iguratimod. N: MMP28-cevimeline. O: MMP28-pilocarpine. P: SLC16A10-azathioprine. Q:
SLC16A10-cyclophosphamide. R: SLC16A10-leflunomide. S: SLC16A10-methotrexate. T: SLC16A10-hydroxychloroquine. U: SLC16A10-iguratimod.
V: SLC16A10-cevimeline. W: SLC16A 10-pilocarpine.

through large-scale trials to confirm
biomarker reliability and therapeutic
efficacy. This integrative approach ex-
emplifies the power of Al-driven bio-
marker discovery in addressing unmet
needs in autoimmune diseases.

Study limitations

This study has several limitations that
should be acknowledged. First, our
analysis is based solely on publicly
available genomic datasets. While we
employed robust batch-effect correc-
tion methods and validated findings
in independent cohorts, the inherent
heterogeneity in sample sources, se-
quencing platforms, and demographic
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backgrounds across these datasets may
introduce residual confounding effects
and limit the generalisability of our re-
sults. Second, and most importantly,
our conclusions are derived from in
silico bioinformatic analyses and com-
putational predictions. The absence of
experimental validation, such as qPCR
for gene expression, western blot for
protein levels, or functional assays in
cellular or animal models, means that
the diagnostic and therapeutic potential
of the identified hub genes (CD248,
MMP28, SLC16A10) remains hypo-
thetical at this stage. Finally, the mech-
anistic insights into immune dysregula-
tion and drug-target interactions, while

supported by statistical correlations
and docking simulations, require direct
biological experimentation to establish
causality. Future studies with new pa-
tient cohorts and laboratory validation
are essential to translate these findings
into clinical practice.

Conclusion
In summary, our bioinformatic study
proposes CD248, MMP28, and

SLC16A10 as candidate diagnostic
biomarkers for SjD, suggesting their
potential association with the disease.
Mechanistically, these genes likely
contribute to SjD pathogenesis by mod-
ulating immune dysregulation, particu-
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larly through functional alterations in
memory CD4* T cells and naive CD4*
T cell subpopulations. This regulatory
interplay highlights their pivotal role in
disrupting immune homeostasis, a hall-
mark of SjD progression. Collectively,
our findings not only advance the un-
derstanding of SjD immunopathology
but also hypothesise actionable targets
for developing precision diagnostics
and immunomodulatory therapies, al-
though these hypotheses require fur-
ther experimental confirmation.
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