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Abstract
Objective

Primary Sjögren’s disease (pSD) is a chronic autoimmune disease with significant heterogeneity. Pyroptosis, a highly 
inflammatory programmed cell death, plays a key role in autoimmune diseases, including pSD. However, the role and 

mechanisms of pyroptosis-related genes (PRGs) in pSD remain unclear.

Methods
This study integrated bioinformatics approaches to analyse gene expression datasets from Gene Expression Omnibus. 

Differentially expressed genes were identified, followed by weighted gene co-expression network analysis and functional 
enrichment analysis. Multi-model machine learning frameworks and SHapley Additive exPlanations were used to screen 
candidate genes. The CIBERSORT algorithm explored the correlation between hub pyroptosis-related and pSD-related 

genes (PSGs) and immune cell populations, validated by single-cell RNA sequencing data. Nomogram models were 
developed to assess pSD prevalence, and molecular docking studies predicted potential therapeutic agents targeting 

these genes.

Results
A total of 647 differentially expressed genes were identified between pSD patients and healthy controls. Through 

WGCNA and functional enrichment analysis, significant pathways related to oxidative phosphorylation, apoptosis, 
and cell adhesion were revealed. Machine learning models identified HADHA, JAK1, BRD4, ATG5, and NRAS as
 hub PSGs with high diagnostic potential. Nomogram models based on these genes showed promising diagnostic 
accuracy. Molecular docking results suggested that some compounds could modulate the activity of these key genes.

Conclusion
This study provides novel insights into the molecular mechanisms of pSD and highlights potential diagnostic 

biomarkers and therapeutic targets related to pyroptosis. The integration of bioinformatics and machine learning 
offers a robust framework for understanding the complex interplay between pyroptosis and pSD pathogenesis.
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Introduction
Primary Sjögren disease (pSD) is a 
chronic autoimmune disease distin-
guished by the infiltration of exocrine 
glands with lymphocytes, predomi-
nantly affecting the lacrimal and sali-
vary glands (SG) (1, 2). The estimated 
prevalence of pSD is 0.3/1000-1/1000, 
with 30–40% of pSD patients experi-
encing systemic complications involv-
ing multiple organs and systems, such 
as palpable purpura, cryoglobulinae-
mia-associated glomerulonephritis, 
and peripheral neuropathy, ultimately 
leading to higher mortality rates than 
the general population (3, 4). The het-
erogeneity and disabling nature of pSD 
significantly impact patients’ quality 
of life, highlighting the urgent require-
ment for enhanced diagnostic and ther-
apeutic methodologies (5). Therefore, 
revealing the pathogenesis of pSD can 
improve the diagnosis and targeted 
treatment of pSD.
Cellular pyroptosis is a highly inflam-
matory form of programmed cell death 
mediated by the pore forming activity 
of the Gasdermin family, leading to cell 
lysis and release of pro-inflammatory 
cytokines. The key role of pyropto-
sis in autoimmune diseases, including 
pSD, has attracted increasing attention 
(6). Siqi Yu et al. have observed that 
KRT14+ progenitor cells may undergo 
pyroptosis in submandibular SG, lead-
ing to functional impairments of SG 
(7). The potential role of caspase-1 in-
crease caused by type I IFN has been 
found in the pathogenesis of pSD. This 
process further stimulates the secre-
tion of pro-inflammatory cytokines, 
which promotes the infiltration and ac-
tivation of immune cells, and induces 
dysfunction in surrounding salivary 
gland epithelial cells (SGECs) (8). In 
addition, in the ductal epithelial cells 
of pSD patients, excessive damage to 
cytoplasmic DNA due to DNase1 defi-
ciency activates absent in melanoma 2 
(AIM2) inflammasomes, leading to in-
creased pyroptosis (9). However, there 
are few studies on pyroptosis-related 
genes (PRGs) in pSD, and the role and 
mechanisms of pyroptosis in pSD have 
yet to be further explored.
Understanding the role of PRGs in pSD 
is crucial for developing novel diag-

nostic and therapeutic approaches. The 
aim of this study is to comprehensively 
investigate the expression profile of 
PRGs in pSD. A multi-model machine 
learning framework and SHapley Ad-
ditive exPlanations (SHAP) were used 
to screen candidate genes with high di-
agnostic potential. Single-cell RNA se-
quencing data from patients with pSD 
were used to investigate the expression 
characteristics of pyroptosis-related 
and pSD-related genes (PSGs) and 
the potential regulatory mechanism of 
pSD. Furthermore, nomograms in two 
datasets were carried out for valida-
tion of the results. Finally, we explored 
the potential of the key gene as a drug 
target through molecular docking stud-
ies, identifying compounds that could 
modulate its activity and ameliorate 
disease symptoms. The exploration of 
the intricate relationship between py-
roptosis and pSD provides novel in-
sights into the pathogenesis of the dis-
ease and potential therapeutic targets.

Methods
Data source
The study design is depicted in Figure 
1. A comprehensive search was per-
formed on the Gene Expression Omni-
bus (GEO, https://www.ncbi.nlm.nih.
gov/geo/) to identify relevant gene ex-
pression datasets. The search terms in-
cluded “primary Sjögren disease”, “pri-
mary Sjögren syndrome”, “pSD”, and 
“pSS”. The dataset selection followed 
these criteria: 1. inclusion of clearly 
defined pSD patients and healthy con-
trols (HCs); 2. availability of whole 
blood or peripheral blood mononuclear 
cell (PBMC) gene expression profiles 
to maintain tissue consistency. Based 
on this, the dataset GSE84844, encom-
passing 30 pSD samples and 30 HCs, 
was selected for in-depth analysis. For 
validation, additional datasets were ob-
tained: GSE66795 (131 pSD patients, 
29 HCs, whole blood), GSE51092 (190 
pSD patients, 32 HCs, whole peripheral 
blood), and GSE157278 (5 pSD sam-
ples, 5 HCs, peripheral blood, single-
cell RNA). The details of the datasets 
are shown in Supplementary Table S1. 
PRGs were compiled from various bio-
informatics resources, including Gen-
eCards (https://www.genecards.org/), 
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AmiGO2 (https://amigo.geneontology.
org/amigo), MSigDB (https://www.
gsea-msigdb.org/gsea/msigdb), Gen-
clip3 (http://cismu.net/genclip3/analy-
sis.php), and relevant literature before 
February 20, 2024, resulting in a total 
of 1,539 genes (Suppl. Table S2).

Differentially expressed genes 
analysis
Differentially expressed genes (DEGs) 
were identified in GSE84844 using the 
limma R package (v. 3.58.1) with the 
threshold |log2 Fold Change| (|log2 
FC|) ≥0.5 and adj.P.Val <0.05” The re-
sults were visualised using a volcano 
plot generated by the EnhancedVolca-
no R package (v. 1.20.0).

Weighted gene co-expression 
network analysis (WGCNA)
WGCNA, a method commonly used 
for studying diseases and biological 
networks, was employed to identify 
cluster modules and construct a co-ex-
pression network matrix for pSD traits 

using the WGCNA R package (v. 1.72-
5) (10). Genes with similar expression 
profiles were clustered into modules 
via average linkage hierarchical clus-
tering. The ‘pickSoftThreshold’ func-
tion was applied to determine an opti-
mal soft threshold (range 1–20), facili-
tating the generation of an adjacency 
matrix subsequently transformed into 
a topological overlap matrix. Modules 
of co-expressed genes were identified 
through hierarchical clustering, as-
signing gene dendrograms and module 
colours based on expression similar-
ity. Pearson correlation analysis was 
conducted to ascertain the expression 
profile of each module with clinical pa-
rameters, identifying modules signifi-
cantly associated with pSD for further 
study. Within the WGCNA workflow, 
the identification of key genes hinged 
on an evaluation of gene significance 
and intramodular connectivity within 
the previously identified modules sig-
nificantly associated with pSD. The 
threshold kWithin >30 was applied to 

select genes with high intramodular 
connectivity, reflecting their central 
role within the module’s network. Ad-
ditionally, the absolute value of gene 
significance (|GS|) was set to be greater 
than 0.5, highlighting a stronger asso-
ciation between the genes and the pSD 
trait or phenotype under investigation. 
Through this integrated approach, we 
aimed to pinpoint genes that are not 
only highly connected within their re-
spective modules but also significantly 
related to pSD.

Functional enrichment analysis
Functional pathways were elucidated 
using the ClusterProfiler R package 
(v. 4.10.1), with a significant threshold 
of adjusted p-value <0.05, for Kyoto 
Encyclopedia of Genes and Genomes 
(KEGG) and Gene Ontology (GO) 
analysis (11-13). Visualisation of quan-
titative data was enhanced using the R 
packages GOplot (v. 1.0.2) and ggplot2 
(v. 3.5.1).

Predictive model construction 
usingmultiple machine-learning 
methods
Predictive models were constructed us-
ing ElasticNet, Least Absolute Shrink-
age and Selection Operator (LASSO) 
logistic regression, Support Vector Ma-
chine - Recursive Feature Elimination 
(SVM-RFE), and Random Forest (RF). 
The selection of these four machine-
learning methods was based on their 
complementary strengths in handling 
high-dimensional genomic data with a 
relatively small sample size. LASSO 
logistic regression, which performs 
cyclical coordinate descent along a 
regularisation path, was executed us-
ing the glmnet R package (v. 4.1-8) 
(14). ElasticNet logistic regression, 
which combines ridge regression and 
LASSO regression to decrease variance 
and attempt to improve prediction per-
formance, was applied in the glmnet R 
package. The RF model, an ensemble 
learning method that generates multiple 
independent decision trees, was imple-
mented using the randomForest R pack-
age (v. 4.7-1.1) (15). The SVM model, 
which seeks the optimal separation hy-
perplane for classifying instances, was 
analysed using the R packages e1071 (v. 

Fig. 1. Workflow diagram of this study.
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1.7-14) and caret (v. 6.0-94) with five-
fold cross-validation (16). The models 
were established based on the common 
genes of the training set (GSE84844) 
and the validation set (GSE66795, 
GSE51092), and the area under the 
ROC curve (AUC), sensitivity, speci-
ficity, positive predictive value (PPV), 
and negative predictive value (NPV) 
of the models in both the training and 
external validation sets were calculated 
using the pROC package (v. 1.18.5) and 
reportROC package (v. 3.6).

Model interpretation 
and feature importance
Machine learning models are often 
considered as black boxes because it is 
difficult to interpret why an algorithm 
provides accurate predictions for a par-
ticular patient cohort. Therefore, we 
employed SHAP (SHapley Additive 
exPlanations) to interpret the machine 
learning model and elucidate the con-
tribution of each feature to the model’s 
predictions. SHAP is a powerful tool 
that leverages the concept of Shapley 
values from cooperative game theory to 
quantify the importance of each feature 
in the model’s decision-making pro-
cess. For our study, we applied SHAP 
to our four models to gain insights 
into the feature importance and inter-
actions of PSGs. The SHAP summary 
plot provided a visual representation 
of the feature importance, highlighting 
which features had the most significant 
impact on the model’s output. Addi-
tionally, we examined the SHAP force 
plots to reveal how changes in feature 
values affected the model’s output. The 
plots were performed by the shapviz R 
package (v. 0.9.7).

Identification of hub PSGs
Based on the performance data (AUC, 
sensitivity, specificity, PPV, and NPV) 
of the four models, we assigned weights 
to them (ElasticNet (0.25), LASSO 
(0.23), SVM (0.26), and RF (0.26)), 
and then used the mean (|SHAP value|) 
of the top 8 important genes identified 
by the models to calculate their weight-
ed importance and the frequency of be-
ing selected by the models. Weighted_
Score_gene = Σ(mean (|SHAP value|) 
× Weight_model) / Σ(Weight_model).

Immune cell type composition 
analysis and correlation with 
hub PSGs 
We utilised the CIBERSORT (v. 0.1.0) 
package to assess the proportions of 
immune cells within tissue samples in 
GSE84844, GSE66795, and GSE51092 
(17). This package leverages the CIB-
ERSORT deconvolution algorithm, 
which integrates input gene expression 
profiles with the LM22 reference set to 
infer the immune cell composition of 
tissues. Box plots were utilised to visu-
alise the distribution of various immune 
cells between pSD and control groups, 
while heatmaps illustrated the interrela-
tionships among different immune cell 
types. Additionally, lollipop charts de-
picted the correlation between immune 
cells and hub PSGs.

Single-cell analysis
The scRNA-seq dataset GSE157278 
was obtained from the GEO database 
for single-cell analysis. Data pre-pro-
cessing and analysis were conducted 
using the Seurat R package (v. 5.0.3) 
(18). Cells with fewer than 200 ex-
pressed genes or more than 10% mito-
chondria-related genes were excluded. 
Following normalisation, the top 3000 
highly variable genes from each Seurat 
object were selected for further analysis 
using ScaleData, RunPCA, RunTSNE, 
and RunUMAP. Cell clustering was 
performed using FindNeighbors and 
FindClusters functions, and clusters 
were visualised using uniform manifold 
approximation and projection (UMAP) 
plots. Cell types were identified using 
CellMarker 2.0 (19), and the expres-
sion patterns of hub PSGs across dif-
ferent cell types were visualised using 
the ggSCvis (v. 0.0.2) and ggplot2 R 
packages.
The activities of hub PSGs were calcu-
lated using the AUCell R package (v. 
1.24.0). According to the AUC value, 
gene-expression rankings were built for 
each cell. The AUC estimates the pro-
portion of genes in the gene set that are 
highly expressed in each cell. Cells ex-
pressing many genes from the gene set 
will have higher AUC values than cells 
expressing fewer genes. Then, the cell 
clustering UMAP embedding was col-
oured based on the AUC score of each 

cell to show which cell clusters were 
active in the PSGs set.

Analysis of hub PSGs 
and construction of TF-gene 
regulatory network
The GeneMANIA website (http://gene-
mania.org) (20) was utilised to identify 
functionally similar genes to the hub 
genes and to construct a co-expression 
network. This platform facilitates the 
prediction of interactions between hub 
genes and functionally related genes, 
as well as their physiological and bio-
chemical responses, co-localisation, 
and protein-protein interaction path-
ways. Moreover, the NetworkAnalyst 
platform was used to construct the tran-
scription factor (TF)-gene regulatory 
network and the TF-miRNA regulatory 
network. The JASPAR database (htt-
ps://jaspar.elixir.no/) (21), integrated 
within the NetworkAnalyst platform, 
was utilised for the TF-gene regulato-
ry network analysis. The RegNetwork 
database (http://www.regnetworkweb.
org) (22) served as the source for the 
TF-miRNA regulatory network.

Validation of hub PSGs
In our quest to ascertain the consist-
ency and specificity of hub PSGs across 
distinct datasets, we conducted an ex-
pression level validation of these genes 
within the GSE51092 pSD expression 
profile dataset and the GSE66795 pSD 
expression profile dataset. The results 
were graphically represented using the 
ggplot2 package. Immune cell type 
composition analysis was also applied 
to verify the correlation between hub 
PSGs and immune cells.

Nomogram construction
A nomogram was developed using the 
rms R package (v. 6.8-0) to assess the 
incidence of pSD across different clus-
ters. Each predictor contributed to a cu-
mulative score, referred to as the ‘total 
score’. The predictive accuracy of the 
nomogram was appraised using calibra-
tion curves and Decision Curve Analy-
sis (DCA).

Molecular docking
To explore drug-protein interactions, we 
embarked on a series of molecular dock-
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ing analyses. Enrichr (https://maayan-
lab.cloud/Enrichr/) is a robust web-serv-
er that contains many types of datasets, 
among which we used the DisgDB data-
base to identify potential drug substanc-
es associated with our study (23, 24). 
Statistical significance was set at <0.05. 
The molecular structures of the target 
proteins and ligands were obtained 
from the UniProt database (https://
www.uniprot.org/) and the PubChem 
database (https://pubchem.ncbi.nlm.
nih.gov/). The molecular docking pro-
cess was executed with AutoDock Vina 
software (v. 1.5.7) (25) and visualised 
with PyMol software (v. 2.6.0a0) (26).

Statistical analysis
All statistical analyses were performed 
using R (v. 4.3.3). Spearman and Pear-
son correlation were adopted to analyse 
correlations between PSGs and immune 
cells. For group comparisons of hub 
gene expression in validation sets, the 
Wilcoxon-Mann-Whitney test was em-
ployed. In all analyses, a p-value <0.05 
was considered statistically significant.

Results
Identification and characterisation 
of pSD-associated gene expression 
patterns
To elucidate the molecular underpin-

nings of pSD, we performed a compre-
hensive analysis of gene expression pro-
files using the GSE84844 dataset. Dif-
ferential expression analysis comparing 
30 pSD samples with 30 HCs revealed 
647 DEGs, comprising 544 upregulated 
and 103 downregulated genes (Suppl. 
Table S3). The volcano plot illustrates 
the distribution of these DEGs, high-
lighting the substantial transcriptional 
alterations associated with pSD (Fig. 
2A). Subsequently, WGCNA was per-
formed, resulting in the identification of 
13 distinct co-expression modules, each 
represented by a unique colour. A heat-
map was generated to illustrate the rela-

Fig. 2. Differential gene expression analysis and WGCNA of GSE84844 dataset. A: The volcano plot visualises the DEGs between pSD and control samples.  
B: Analysis of the scale-free ft index and mean connectivity for various soft-thresholding powers. C: Heatmap of module-trait relationships in pSD. Each cell 
contains the corresponding correlation and p-value. D: Scatter plot of gene significance vs. module membership in the most meaningful module (turquoise 
module, Cor=0.87, p<1e-200).
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tionships between these modules and the 
disease phenotype, based on Spearman 
correlation coefficients (Fig. 2B, C). 
Notably, the ‘turquoise’ module dem-
onstrated the strongest correlation with 
pSD (Cor=0.87, p<1e-200) (Fig. 2D), 
encompassing a total of 14,385 genes 
(Suppl. Table S4). We filtered out 1,834 
important genes from this module for 
further analysis. An intersection analysis 
revealed the pSD-related genes by cross-
referencing the genes with the turquoise 
module with the identified DEGs.

Functional enrichment and 
pathway analysis of pSD-related genes
Functional enrichment and pathway 
analyses of 489 pSD-related genes 
were performed. The GO biological 
processes (BP) analysis revealed sig-
nificant alterations in cellular respira-
tion processes, including ATP synthesis 
coupled electron transport, oxidative 
phosphorylation, and mitochondrial 
gene expression. The cell component 
(CC) analysis highlighted a notable en-

richment of mitochondrial components, 
such as mitochondrial inner membrane, 
mitochondrial protein-containing com-
plex, and respiratory chain complex 
(Fig. 3A, Suppl. Table S5). Recent re-
search indicates that mitochondrial dys-
function is closely related to pyroptosis. 
Mitochondrial-related changes, such as 
alterations in the permeability of the 
inner and outer mitochondrial mem-
branes and the release of cytochrome C, 
can trigger pyroptosis (27). Meanwhile, 
the activation of inflammatosomes dur-
ing pyroptosis interacts with mitochon-
drial dysfunction, which echoes the 
significant changes in the expression 
and pathways of mitochondrial-related 
genes discovered in this study.
Furthermore, KEGG pathway analysis 
indicated significant enrichment in sig-
nalling pathways related to oxidative 
phosphorylation, apoptosis, cell cy-
cle, and cell adhesion molecules (Fig. 
3B, Suppl. Table S6). Pyroptosis has a 
complex interaction network with other 
forms of cell death, such as apoptosis 

and programmed necrosis. Under spe-
cific conditions, they can transform into 
each other or act synergously (28). The 
enrichment of related pathways, such 
as apoptosis and cell cycle, further sup-
ports the complexity and diversity of 
cell death-related mechanisms in pSD.

PRGs analyses in pSD-related 
genes and selection of hub PSGs
To identify PSGs, we intersected PRGs 
with pSD-related genes, yielding 45 
common targets (Fig. 3C), and the ex-
pression profiles of these genes were 
visualised in a heatmap (Suppl. Fig. 
S1a). Subsequently, we employed mul-
tiple machine-learning approaches to 
refine our gene selection. The dataset 
GSE84844 was used as the training set, 
and GSE66795 and GSE51092 as the 
external validation sets. We built the 
models based on the 31 common genes 
of these three datasets. LASSO regres-
sion identified 8 genes with the strong-
est correlation to pSD: HADHA, JAK1, 
NRAS, BRD4, ATG5, SPRED1, TNFS-

Fig. 3. Functional enrichment analysis of PSGs. A: GO enrichment analysis. B: KEGG enrichment analysis. Adjusted p-value <0.05 was considered sig-
nificant. C: Venn diagram of intersections between PRGs and pSD-related genes. 
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F13B, and WWP1, while ElasticNet 
identified 15 genes (Fig. 4A, B). Further 
analysis using RF (Fig. 4C) and SVM 
models (Fig. 4D) highlighted HADHA 
and JAK1 as potential hub diagnostic 
genes (Suppl. Table S7). 
The SHAP plots illustrate the impor-
tance of each feature in the machine 
models for predicting pSD, which high-
light HADHA as the most dominant 
feature across all models, consistently 
contributing the highest to the predic-
tions. Secondary features such as JAK1 
and BRD4 also play significant roles 
but vary slightly in importance depend-
ing on the model (Fig. 5A-D). To visu-
ally explain how these features affect 
the model prediction, a force plot shows 

PSGs in orange contribute to a higher 
risk of pSD (Fig. 5E).
To further screen the genes, we calcu-
lated the AUC, sensitivity, specificity, 
PPV, and NPV values of each model 
in the training set and the validation 
set and comprehensively evaluated the 
predictive performance of the models 
(Suppl. Table S8). Among them, the 
NPV was generally low in the valida-
tion cohorts, which suggests that the 
model may have limitations in exclud-
ing negative cases, possibly due to the 
scarcity of HCs in the validation co-
horts. Overall, compared with LASSO 
model, ElasticNet, RF, and SVM mod-
els have better generalisation capa-
bilities. Then, the weighted importance 

scores were calculated for the genes se-
lected by the model. The final selection 
of five genes, HADHA, JAK1, BRD4, 
ATG5, and NRAS, was based on two 
main criteria: the primary criterion 
was the frequency of a gene’s selec-
tion across models, and the secondary 
criterion was its performance-weighted 
importance score (Suppl. Table S9).

Functional and regulatory
network analysis of hub genes in pSD
The five hub genes (HADHA, JAK1, 
BRD4, ATG5, and NRAS) were further 
investigated to elucidate their biologi-
cal functions and regulatory mecha-
nisms. We constructed a comprehen-
sive gene interaction network utilising 

Fig. 4. Identification of hub PSGs through machine learning algorithm. A: LASSO model for gene target screening in the 10-fold cross-validation.                  
B: The ElasticNet model for gene target screening in the 10-fold cross-validation. C: The importance of PSGs based on RF model. A larger IncNodePurity 
indicates that the variable is more useful in identifying pSD. D: The PSGs recognised using SVM-RFE algorithm.
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Fig. 5. Identification of hub PSGs through SHAP. A: The importance ranking of the top 15 features according to the mean (|SHAP value|) of LASSO model. 
B: The importance ranking of the top 15 features according to the mean (|SHAP value|) of ElasticNet model. C: The importance ranking of the top 15 features 
according to the mean (|SHAP value|) of RF model. D: The importance ranking of the top 15 features according to the mean (|SHAP value|) of SVM model. 
E: Force plot visualised individual model prediction as result of feature contributions.
The higher SHAP value of a feature is given, the higher risk of pSD the patient would have.
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the GeneMANIA database to elucidate 
the biological functions of the identi-
fied hub genes. The network revealed 
that physical interactions accounted for 
70.90% of the connections, followed 
by physical interactions (77.64%), 
co-expression (8.01%), predicted in-
teractions (5.37%), co-localisations 
(3.63%), genetic interaction (2.87%), 
pathway (1.88%), and shared protein 
domains (0.60%) (Fig. 6A). A total of 
twenty genes associated with the five 
hub genes were identified, primarily 
linked to critical biological processes 

such as autophagosome organisation, 
macroautophagy, vacuole organisation, 
regulation of chromatin organisation, 
and response to type I interferon. The 
activation of the cGAS/STING path-
way is crucial for responding to the se-
cretion of type I interferons and pro-in-
flammatory cytokines, and is involved 
in the pyroptosis process (29).
Furthermore, we employed Network-
Analyst to predict TFs interacting with 
the hub genes, visualising the TF-gene 
regulatory network using Cytoscape 
(Fig. 6B). The network  comprised 35 

nodes and 42 edges, with several TFs 
regulating multiple hub genes. FOXC1, 
POU2F2, and YY1 indicated a higher 
degree of interaction with the hub 
genes. Additionally, we constructed a 
TF-miRNA co-regulatory network, pre-
dicting interactions among TFs, miR-
NAs, and hub genes, which included 
150 nodes and 169 edges (Fig. 6C).

Immune cell type composition 
and hub PSGs correlations in pSD
To explore immune cell type compo-
sition in pSD, we applied the CIBER-

Fig. 6. Co-expression, TF-gene interaction, and TF-miRNA co-regulatory networks of hub PSGs. A: Hub PSGs and their co-expression genes were ana-
lysed via GeneMANIA. B: Network for TF-gene interaction with hub PSGs. The highlighted red colour node represents the hub genes and other nodes 
represent TF-genes. C: Network for TF-miRNA co-regulation.
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SORT algorithm to assess immune cell 
types between pSD patients and con-
trols (Suppl. Fig. S1b). Notably, the 
proportions of CD8+ T cells, gamma 
delta T cells, and activated dendritic 
cells (DCs) were significantly elevated 
in pSD patients compared to controls 
(p<0.05) (Fig. 7A). Additionally, cor-

relation analysis between immune cell 
populations highlighted several key 
interactions. Gamma delta T cells were 
positively related to CD8+ T cells and 
NK cells, while CD8+ T cells were 
positively related to CD4+ T cells and 
memory resting (Trm) (Fig. 7B). These 
interactions suggest a distinct shift in 

immune cell dynamics associated with 
pSD pathology.
To further investigate the relationship 
between hub PSGs expression and im-
mune cell abundance, we performed 
correlation analysis for selected hub 
genes, including HADHA, JAK1, 
BRD4, ATG5, and NRAS, against im-

Fig. 7. The correlation between the hub PSGs and immune cells. A: The proportion of immune cells in the pSD and control groups. B: The correlation of 
immune cells in pSD tissues was evaluated. Blue: positive correlation; red: negative correlation. C-G: The correlation between hub PSGs and immune cells. 
(*p<0.05, **p<0.01, ***p<0.001).
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mune cell populations. HADHA, JAK1, 
and BRD4 showed positive correlations 
with T cells regulatory (Tregs), and 
negative associations with gamma delta 
T cells and CD8+ T cells. In contrast, 
ATG5 and NRAS were positively cor-
related with gamma delta T cells, CD8+ 
T cells, and DCs (Fig. 7C-G). These 
findings suggest that these hub PSGs 
may play crucial roles in modulating 
immune cell composition and immune 
responses in pSD.

Single-cell expression profiling 
of key genes in pSD
We analysed the expression of HAD-
HA, JAK1, BRD4, ATG5, and NRAS 

at the single-cell level using a subset 
of 5 pSD patients and 5 normal con-
trols from the GSE157278 dataset. The 
Seurat pipeline facilitated the identi-
fication of various cell populations, 
including naive CD4 T cells, CD4 
Treg, natural killer (NK) cells, CD4 T 
memory, gamma delta T, naive B cells, 
and pDCs (Fig. 8A). The distribution 
of HADHA, JAK1, BRD4, ATG5, and 
NRAS was visualised, revealing that 
they were broadly expressed across 
single-cell subgroups, predominantly in 
monocytes, NK cells, and CD4+ T cells 
(Suppl. Fig. S2). Violin plots further in-
dicated that HADHA, JAK1, and ATG5 
showed significant differences in ex-

pression among various immune cells, 
such as CD14 monocytes, CD4 Treg, 
and naive B cells (Suppl. Fig. S2). 
In order to further identify the cells in-
volved in hub PSGs, PSG activity for 
each cell was calculated. Cells express-
ing many genes from the gene set will 
exhibit higher AUC values than cells 
expressing fewer genes. We found two 
peaks in the AUC values of all cells, 
while 22036 cells showed relatively 
higher AUC values when the AUC val-
ue threshold was set to 0.2 (Fig. 8B). 
These cells were mainly in monocytes, 
naive B cells, plasma cells, naive CD8+ 
T cells, and naive CD4+ T cells (Fig. 
8C). These findings underscore the 

Fig. 8. Expression of hub PSGs at the single-cell level. A: UMAP visualisation GSE157278 scRNA-seq datasets. Different colours indicate distinct cell types. 
B: Score of 5 hub PSGs sets. The threshold was chosen as 0.2 and the PSG score of 22036 cells exceeded the threshold value. C: UMAP plots based on the 
PSG score of each cell. High PSG score cell clusters are highlighted.
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pivotal role of these hub genes in the 
monocyte-macrophage system’s activ-
ity and T cells, aligning with previous 
immune cell type composition analy-
ses. The comprehensive single-cell ex-
pression profiling provides insights into 
the molecular mechanisms underlying 
pSD pathogenesis.

Validation of the expression 
and prediction capacity of hub PSGs
Two external validation datasets 
(GSE51092, GSE66795) were used to 
validate the expression levels of hub 
genes. The results demonstrated that 

HADHA was significantly downregu-
lated in pSD (Suppl. Fig. S3A-B). As 
in previous correlation analysis, the 
heatmaps illustrated that hub PSGs are 
remarkably related to monocytes, ac-
tivated DCs, and gamma delta T cells 
(Suppl. Fig. S3C-D). Interestingly, 
monocytes occupy a large proportion 
of the immune microenvironment in 
validation datasets, and activated DCs 
were significantly elevated in patients 
(Suppl. Fig. S4).
To further assess and verify the predic-
tive efficiency of hub PSGs, two nomo-
grams were constructed (Suppl. Fig. 

S5). In the model, a higher nomogram 
score indicated a higher probability of 
disease onset, as shown by the exam-
ples of HCs and pSD (Suppl. Fig. S6). 
In a bid to evaluate the reliability of the 
nomogram, we established a calibration 
curve and DCA (Suppl. Fig. S5C-F). 
According to the calibration curve, the 
error between the predicted risk and the 
actual risk was very small (Suppl. Fig. 
S5C, D). Additionally, the clinical deci-
sion curve further confirmed the value 
of hub genes as diagnostic indicators 
for pSD (Suppl. Fig. S5G, H).

Molecular docking analysis 
identifies HADHA as a 
promising therapeutic target
To explore the potential of 5 hub PSGs 
as therapeutic targets, we utilised the 
DisgDB database and selected 8 can-
didate drugs based on the p-value and 
combined score to conduct molecular 
docking studies. A binding energy of 
less than -5 kcal/mol was considered 
indicative of significant binding ac-
tivity. As shown in Table I and Sup-
plementary Table S10, chlorhexidine 
(CHX) had the potentially high binding 

Table I. Molecular docking results between potential drugs and hub PSGs (top 10).

PubChem CID	 Chemical composition	 Target	 PDB ID	 Binding energy /kcal•mol-1

9552079	 CHX	 JAK1	 3EYG	 -9.2
28417	 Danazol	 HADHA	 5ZQZ	 -9.1
9552079	 CHX	 HADHA	 5ZQZ	 -9.1
28417	 Danazol	 JAK1	 3EYG	 -8.9
28417	 Danazol	 ATG5	 4GDK	 -8.6
6741	 MP	 ATG5	 4GDK	 -8.3
28417	 Danazol	 NRAS	 3CON	 -8.1
9552079	 CHX	 BRD4	 2NNU	 -8.1
9552079	 CHX	 NRAS	 3CON	 -7.7
6741	 MP	 BRD4	 2NNU	 -7.7

Fig. 9. Prediction of drug targets. A: Molecular docking diagram of CHX and JAK1 (PDB: 3EYG). B: Molecular docking diagram of CHX and HADHA 
(PDB: 5ZQZ). C: Molecular docking diagram of Danazol and HADHA (PDB: 5ZQZ). D: Molecular docking diagram of Danazol and JAK1 (PDB: 3EYG).
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affinity with JAK1, HADHA, BRD4, 
and NRAS, danazol had the potentially 
high binding affinity with HADHA, 
JAK1, ATG5, and NRAS, methylpred-
nisolone (MP) had the potentially high 
binding affinity with ATG5 and BRD4, 
and so on. Three-dimensional binding 
modes of the active compounds and 
proteins were shown in Figure 9. The 
docking interactions revealed specific 
binding sites and interactions: CHX in-
teracted with GLU-883 and ASN-1008 
of JAK1, forming hydrogen bonds with 
PHE-706, GLY-707, LEU-708, and 
PHE-710 of HADHA. Danazol formed 
hydrogen bonds with HIS-498 of HAD-
HA, and also showed interactions with 
GLU-966 of JAK1. These findings sug-
gest that these PSGs hold promise as a 
valuable target for drug therapy in pSD.

Discussion
pSD is a complex autoimmune disorder 
characterised by immune dysregulation 
and glandular dysfunction. However, 
the role and mechanisms of pyropto-
sis in pSD remain largely unclear (30). 
Our research delves into a relatively 
novel aspect of pSD pathogenesis: the 
interaction between pSD and pyropto-
sis. By integrating bioinformatics and 
machine-learning approaches, our re-
search elucidates the molecular under-
pinnings of pSD and identifies prospec-
tive therapeutic targets. The investiga-
tion into the nexus between pSD and 
pyroptosis sheds light on the immune 
dysregulation of the disease and paves 
the way for new therapeutic strategies.
In our study, we identified 647 DEGs 
between pSD patients and healthy vol-
unteers from the GSE84844 dataset 
and then determined the gene mod-
ule containing 14385 genes with the 
highest association with pSD through 
WGCNA. We obtained 459 pSD-
related genes by intersecting DEGs 
and module genes. Through GO and 
KEGG pathway enrichment analysis, 
we found that changes in signalling 
pathways were mainly enriched in oxi-
dative phosphorylation, cell apoptosis, 
cell cycle, and cell adhesion molecules. 
Subsequently, pSD-related genes inter-
sected with 1,539 PRGs, yielding 45 
common targets. Employing machine-
learning techniques, we identified 

HADHA, JAK1, BRD4, ATG5, and 
NRAS as hub PSGs.
HADHA encodes the alpha subunit of 
mitochondrial trifunctional proteins 
and plays a critical role in the beta-ox-
idation of long-chain fatty acids within 
mitochondria (31). Previous studies 
have indicated that the deacetylation of 
HADHA contributes to cardiomyocyte 
pyroptosis in septic shock (32). In this 
study, the importance score of HADHA 
was the highest, and it was consistently 
downregulated in pSD, which is asso-
ciated with impaired oxidative phos-
phorylation and ROS accumulation 
in immune cells. Mitochondrial ROS 
activates NLRP3 inflammasome, trig-
gering caspase-1-dependent pyroptosis 
and IL-1β release, thereby recruiting 
CD8+ T cells and gamma delta T cells 
(33-36). A Mendelian randomisation 
study found that mitochondrial-related 
proteins are involved in the immune 
response in autoimmune diseases by 
influencing cellular energy metabolism 
(37). This is consistent with studies on 
mitochondrial dysfunction exacerbat-
ing autoimmune inflammation through 
inflammasome activation. Its robust di-
agnostic performance and central role 
in a key pathogenic pathway position 
HADHA as a compelling candidate for 
further development as a biomarker.
JAK1, a key mediator of cytokine sig-
nalling, showed strong associations 
with immune cell dynamics, support-
ing its role in amplifying type I inter-
feron signatures observed in pSD (38). 
JAK1 is also pivotal in mediating gene 
expression related to inflammation. In 
animal models of pSD, inhibition of 
JAK1 expression has been shown to 
improve SG function and modulate B 
cell activity (39). The central role of 
JAK1 substantiates the therapeutic ra-
tionale for exploring JAK inhibitors 
in pSD, aligning with emerging clini-
cal interests. JAK1 is a central element 
of the IL-6/JAK1/STAT3 signalling 
pathway, which is a therapeutic target 
for mitigating cytokine storms. IL-6, a 
pro-inflammatory cytokine implicated 
in B cell proliferation and differentia-
tion (40), is upregulated in the SG and 
serum of pSD patients (41). Active cas-
pase-1 has been found to directly or in-
directly regulate the production of IL-6 

(42). Notably, levels of active caspase-1 
in the saliva and SG cells of pSD pa-
tients are elevated compared to those of 
healthy individuals (8). Furthermore, 
the JAK/STAT signalling pathway, a 
common downstream effector of IFN-γ, 
is associated with critical biological 
processes such as cell proliferation, 
differentiation, apoptosis, and immune 
modulation (43, 44). Dysregulation of 
the JAK/STAT pathway has been impli-
cated in the progression of several sys-
temic autoimmune diseases, including 
rheumatoid arthritis, myeloproliferative 
neoplasms, and systemic lupus erythe-
matosus (45-47). The prominence of 
JAK1 supports the investigation of JAK 
inhibitors (e.g. tofacitinib, baricitinib) 
for pSD treatment, particularly for pa-
tients with strong interferon signatures 
or IL-6 driven inflammation (48). Fu-
ture clinical trials could stratify patients 
based on JAK1 expression or related 
pathway activity to enhance therapeutic 
precision. 
BRD4 is an epigenetic regulatory fac-
tor that may drive SGEC pyroptosis by 
amplifying NF-κB-dependent NLRP3 
and IL-1β transcription (49, 50). Con-
versely, ATG5, a key autophagy pro-
tein, appears to play a protective role. 
Impaired ATG5 function can disrupt 
mitophagy, exacerbate mitochondrial 
damage, and facilitate mtDNA release, 
thereby activating the pro-pyroptotic 
cGAS-STING-NLRP3 axis in mac-
rophages (51). Therapeutically, strate-
gies to enhance ATG5-mediated au-
tophagy might mitigate pyroptosis and 
glandular damage in pSD (52). The 
inclusion of both BRD4 and ATG5 un-
derscores the complex regulatory net-
work governing pyroptosis in pSD.
NRAS is an N-ras oncogene that en-
codes a membrane protein that shuttles 
between the Golgi apparatus and the 
plasma membrane, and has intrinsic 
GTPase activity. Yang et al. believe 
that NRAS may be involved in the py-
roptosis process in ovarian cancer, but 
the specific mechanism still requires 
further verification (53). Given its po-
tential role in immune cell signalling 
and pyroptosis, NRAS warrants further 
investigation as a modifier of immune 
cell function in pSD, and its down-
stream pathways, such as MAPK/ERK 
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pathway, may represent additional 
therapeutic avenues (54).
Our immune cell type composition 
analysis revealed significant shifts in 
immune cell populations, including 
elevated CD8+ T cells, gamma delta 
T cells, and activated dendritic cells. 
These findings corroborate the hyperac-
tive adaptive immune response in pSD. 
This is consistent with some previous 
research results (55, 56). Zhang et al. 
have also found that the infiltration rate 
of activated dendritic cells in chronic 
inflammatory lesions of Sjogren’s dis-
ease (SjD) is related to certain immune 
activity characteristics and high-risk 
factors for lymphoma (57).
The divergent correlations of hub genes 
with immune subsets, HADHA/JAK1/
BRD4 with Tregs and ATG5/NRAS 
with CD8+ T cells and DCs, suggest 
distinct functional axes. For instance, 
HADHA’s negative correlation with 
gamma delta T cells implies mitochon-
drial dysfunction may dampen cytotox-
ic T-cell activity, while ATG5’s asso-
ciation with activated DCs underscores 
its role in antigen presentation and B-
cell activation. The AUC score based 
on hub genes further localised pyropto-
sis activity to monocytes, naive B cells, 
naive CD8+ T cells, and naive CD4+ T 
cells, emphasising their contribution to 
glandular inflammation and systemic 
autoimmunity. The pyroptosis process 
can connect innate immunity and adap-
tive immunity. The maturation and re-
lease of IL-1β can signal macrophages, 
activate and recruit them, and thereby 
affect the functions of immune cells, 
such as T cells, and the process of im-
mune responses. It was suggested that 
the abnormal accumulation of DNA 
in pSD patients activates the inflam-
masome of haematopoietic monocytes 
and triggers pyroptosis as well as the 
secretion of pro-inflammatory cy-
tokines IL-1β and IL-18 (58). In pSD, 
γδ T cells were significantly positively 
correlated with CASP3, indicating that 
pyroptosis may be involved in disease 
development by affecting specific im-
mune cells (30). These immune corre-
lates highlight potential biomarkers for 
monitoring disease activity and suggest 
immunomodulatory targets. 
The integration of machine learning 

(LASSO, ElasticNet, RF, SVM) with 
SHAP interpretation provided a robust 
framework for biomarker discovery. 
Notably, the nomogram incorporating 
these genes demonstrated excellent 
calibration and clinical utility, offer-
ing a practical tool for risk stratifica-
tion. Molecular docking identified 
CHX, danazol, and MP as potential 
drugs, with binding energies suggest-
ing strong inhibitory potential. CHX 
is a widely used antibacterial agent, 
mainly used for oral care and skin 
disinfection. Since oral infections are 
common in patients with pSD, they 
can be controlled by using antibacte-
rial drugs, such as CHX (59). In THP-1 
monocytes stimulated by lipopolysac-
charide, CHX significantly reduced the 
release of pro-inflammatory cytokines 
TNF, IL-1β, and IL-6, indicating that 
CHX has the potential to inhibit in-
flammatory responses (60, 61). Beyond 
its antimicrobial role, CHX’s anti-py-
roptotic potential via cytokine sup-
pression warrants exploration in pre-
clinical pSD models, particularly for 
managing oral manifestations and local 
inflammation. Danazol is a synthetic 
androgen, a derivative of the synthetic 
steroid ethisterone, that is often used 
in the treatment of endometriosis, fi-
brocystic breast disease, and hereditary 
angioedema. In autoimmune disease, 
such as pSD, it is often used to treat 
concurrent thrombocytopenia, and it 
has certain therapeutic effects in MRL/
MpJ mice (62, 63). MP, as a synthetic 
glucocorticoid, has powerful anti-in-
flammatory and immunosuppressive 
effects. It is usually used in the acute 
and critical phases of pSD (64, 65). A 
study has found that MP can reduce the 
levels of IgG, erythrocyte sedimenta-
tion rate, and rheumatoid factor, and 
increase the salivary flow rate, thereby 
improving the EULAR Sjogren’s Syn-
drome Patient Reported Index reported 
by patients with pSD (66). The molecu-
lar docking results provide a potential 
mechanism supporting its efficacy. 
However, the specific mechanism of 
action and application of these drugs 
in pSD still need to be further clarified 
through well-designed preclinical and 
clinical studies.
While our findings are promising, sev-

eral limitations warrant consideration. 
Although we used multiple datasets 
for validation, the inherent heteroge-
neity of public GEO data may impact 
the specificity of results. Addition-
ally, while single-cell RNA sequenc-
ing data helped analyse the expression 
characteristics of key genes, the rela-
tively small sample size may restrict 
a comprehensive understanding of 
cell type-specific expression patterns. 
Moreover, the molecular docking stud-
ies, although providing initial clues for 
potential drugs, require further valida-
tion through in vitro and in vivo ex-
periments to confirm their efficacy and 
safety. It is also important to note that 
our core discovery cohort was restrict-
ed to pSD, which sharpens the focus of 
our findings but necessitates caution 
when generalising to associated SjD. 
Future research can be expanded in 
several directions. First, increasing the 
sample size and using more homoge-
neous datasets, particularly with more 
pSD-specific data, will enhance the re-
liability and specificity of the findings. 
Second, integrating multi-omics data, 
such as proteomics and metabolomics, 
can provide a more comprehensive un-
derstanding of the molecular mecha-
nisms underlying pSD. Lastly, in-depth 
experimental studies, including cell 
function experiments and animal mod-
el validations, are needed to elucidate 
the mechanisms of action of key genes 
and potential drugs. Overall, we antici-
pate that these efforts will further ad-
vance the understanding of pSD patho-
physiology and accelerate the clinical 
translation of novel diagnostic markers 
and therapeutic targets.

Conclusion
Our study underscores the involvement 
of pyroptosis-associated regulators in 
pSD development, identifying HAD-
HA, JAK1, BRD4, ATG5, and NRAS 
as potential biomarkers. Their diagnos-
tic value and interaction with immune 
cells were determined, and molecular 
docking confirmed their potential as 
therapeutic targets. These findings of-
fer novel insights into the pathogenesis 
of pSD and lay the groundwork for fu-
ture investigations and therapeutic de-
velopment. 
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