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Deciphering the interferon gene
signature spectrum: association
with the clinical heterogeneity of
Sjögren’s disease
Ziyue Luo1†, Ai Chen2†, Yue Huang2†, Kaiyuan Zhang1,
Muzhi Chen3 and Xinchang Wang3*

1School of Basic Medical Sciences, Zhejiang Chinese Medical University, Hangzhou, Zhejiang, China,
2Second Clinical Medical College, Zhejiang Chinese Medical University, Hangzhou, Zhejiang, China,
3Department of Rheumatology, The Second Af�liated Hospital, Zhejiang Chinese Medical University,
Hangzhou, Zhejiang, China
Purpose: This study aimed to identify interferon (IFN)-related key genes in
patients with Sjögren’s Disease (SjD) and to elucidate their speci�c associations
with the heterogeneous clinical phenotypes and laboratory parameters of
the disease.
Methods: Bioinformatics analyses, including differentially expressed gene (DEG)
screening, weighted gene co-expression network analysis (WGCNA), and
machine learning, were conducted on dataset GSE84844 to identify IFN-related
key genes. Based on the EULAR Sjögren’s syndrome disease activity index
(ESSDAI), SjD patients with low, moderate, and high disease activity were
enrolled, with 20 in each subgroup. Quantitative real-time polymerase chain
reaction (qRT-PCR) was performed on peripheral blood mononuclear cells
(PBMCs) from the 60 SjD patients and 15 healthy controls (HCs). Expression
levels were compared between SjD patients and HCs, across disease activity
subgroups, and correlated with clinical phenotypes and laboratory indicators.
Results: DEGs in SjD were signi�cantly enriched in IFN-related signaling
pathways. Five IFN-related hub genes were identi�ed: CXCL10, DDX60L, IFIH1,
JAK2, and NMI. qRT-PCR validation con�rmed that all �ve genes were signi�cantly
upregulated in SjD patients compared to HCs (P < 0.05). However, their
expression did not signi�cantly differ among SjD subgroups with varying levels
of overall disease activity (P > 0.05). Importantly, these genes were differentially
expressed in distinct clinical manifestations. For instance, elevated CXCL10
expression was observed in patients with interstitial lung disease (ILD),
leukopenia, and anemia; JAK2 expression differed in rheumatoid arthritis
comorbidity; IFIH1 expression also showed differences in those with Raynaud’s
phenomenon and ILD. Furthermore, certain genes were highly expressed in
speci�c laboratory abnormalities: elevated erythrocyte sedimentation rate with
CXCL10 and JAK2; hyperglobulinemia with CXCL10, DDX60L, IFIH1, and JAK2;
and elevated immunoglobulin G with CXCL10, DDX60L, and IFIH1 (all P < 0.05).
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Conclusion: This study identi�es �ve IFN-related key genes (CXCL10, DDX60L,
IFIH1, JAK2, and NMI) that are upregulated in SjD. Their expression patterns are
not generalized markers of disease activity but are speci�cally linked to distinct
clinical phenotypes and serological abnormalities. These �ndings provide novel
mechanistic insights into the clinical heterogeneity of SjD and highlight CXCL10,
JAK2, and IFIH1 as potential biomarkers for speci�c disease complications and
promising candidates for targeted therapeutic strategies.
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1 Introduction

Sjögren’s Disease (SjD) is an autoimmune disease characterized
by chronic in�ammation of the exocrine glands, leading to dryness
of the oral and ocular mucosa following chronic in�ammation of
the salivary and lacrimal glands (1, 2). Global epidemiological data
indicate that the prevalence of SjD is approximately 0.6%, with rates
around 0.77% in the United States and ranging from 0.5% to 2.3%
in Europe (3). With its global incidence continuing to rise annually,
SjD exhibits remarkable clinical heterogeneity, with potential
involvement of multiple organ systems including respiratory,
cardiovascular, and haematological systems (4–6), patients may
present with a variety of systemic manifestations, including ILD,
cardiovascular disease, and kidney disease (7). This complexity
poses signi�cant challenges for the diagnosis, management, and
treatment of SjD (8, 9). Undeniably, SjD exerts a serious impact on
public health, highlighting the urgent need to elucidate the potential
mechanisms underlying the pathogenesis of SjD, identify reliable
biomarkers and therapeutic targets, thereby providing a solid
theoretical foundation for improving its diagnosis and treatment.

However, the exact etiology and pathogenesis of SjD remain
incompletely understood. Current evidence suggests that genetic
susceptibility, immune dysregulation, environmental factors, and
endocrine disorders play signi�cant roles in the initiation and
progression of SjD, which collectively contribute to the clinical
challenges in its diagnosis and treatment (10). Over the past
decades, numerous studies have reported signi�cant upregulation
of multiple IFN-related genes in the peripheral blood and target
tissues of patients with SjD, a phenomenon commonly referred to as
the “IFN signature” (11). Existing evidence suggests that these
upregulated IFN-related genes may play a crucial role in the
pathogenesis of SjD by activating key biological processes
involved in disease progression. Studies have demonstrated that
IFN-related factors are closely associated with the progression of
SjD’s systemic extra-glandular manifestations, as well as the
excessive production of autoantibodies and in�ammatory
cytokines (12, 13),which varies between patient subgroups,
linking distinct clinical phenotypes to immune and metabolic
processes (14). Therefore, inhibition of excessive IFN activation
holds promise as a potential therapeutic strategy for SjD (15).

With the increasing advancement of second-generation
sequencing technologies and bioinformatics, growing efforts have
been devoted to the identi�cation of potential key genes and
02
therapeutic targets in human diseases (16). Numerous studies
have utilized bioinformatics analysis to explore hub genes in the
pathogenesis of SjD and to validate their potential utility as
diagnostic biomarkers in SjD (17). Building on this foundation,
the present study integrates transcriptomics and bioinformatics
approaches to systematically investigate IFN-related key genes in
SjD and elucidate their underlying mechanisms. Moreover, it seeks
to delineate potential associations between these IFN-related genes
and the heterogeneous clinical phenotypes of SjD. The study
�owchart is shown in Figure 1.
2 Methods

2.1 Acquisition of RNA sequencing dataset
GSE84844

The RNA-seq dataset GSE84844 was downloaded from the
Gene Expression Omnibus (https://www.ncbi.nlm.nih.gov/) using
the GEOquery package (v 2.68.0). This dataset comprises peripheral
blood RNA-seq data from 30 patients with SjD and 30 healthy
controls (HCs).

2.2 Identi�cation and enrichment analysis
of differentially expressed genes

DEGs were identi�ed in SjD patients vs. HCs using the Limma
package (v 3.56.2), with the threshold set at adj.P.Val < 0.05 and |
log2FC| > 0.5. Heatmaps showing the expression of DEGs were
generated using the pheatmap package (v 1.0.12). Enrichment
analysis of the DEGs was performed with ReactomePA (v 1.44.0).
Furthermore, gene set variation analysis was conducted to calculate
the enrichment scores of IFN-related pathways within the DEGs.

2.3 Identi�cation of IFN-related key
modules and genes

Weighted Gene Co-expression Network Analysis (WGCNA,
v1.72.1) was used to perform network modularity analysis on the
GSE84844 dataset. Data cleaning was �rst performed by �ltering the
top 95% genes ranked by median absolute deviation, followed by
sample clustering analysis. Hierarchical clustering was performed
using the stats package (v 4.3.1) based on the mean, and outlier
frontiersin.org
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samples were removed. Next, a soft threshold of 3 selected to ensure
that the constructed network conformed to the characteristics of a
scale-free topology. The clustering effect is better when the scale-
free topology �tting index is greater than 0.85 and the slope of the
change curve changes the most. Module clustering diagrams and
module correlation heat maps were then plotted. Based on the
screening criteria of correlation coef�cients greater than 0.5, key
modules related to the IFN-related pathway in SjD were identi�ed.
Genes within these modules were further �ltered based on
correlation coef�cients greater than 0.5 with the module to obtain
IFN-related genes in SjD. Finally, a Venn diagram was constructed
to illustrate the overlap between DEGs and IFN-related genes,
de�ned as IFN-related DEGs.

2.4 Enrichment analysis of IFN-related
DEGs and construction of protein-protein
interaction network

The Search Tool for Recurring Instances of Neighbouring
Genes (STRING) database (https://string-db.org/) was employed
to perform Gene Ontology (GO), Kyoto Encyclopedia of Genes and
Genomes (KEGG), and Reactome enrichment analyses for IFN-
related DEGs. The top 10 enriched pathways were visualized using
the ggplot2 package. Furthermore, PPI network analysis of IFN-
related DEGs was conducted through the Metascape database
(https://metascape.org/gp/index.html), from which highly
intrinsically correlated functional modules were identi�ed.

2.5 Identi�cation and expression
veri�cation of IFN-related key genes

Genes with degree > 0 were �rst extracted from the PPI network
diagram and further �ltered to distinguish from SjD patients vs.
HCs using machine learning approaches. A Random Forest analysis
was conducted using the random forest package (v 4.7.1.1). The
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error rate is basically stable when the number of random trees
exceeded 200. With the increasing number of network genes, the
error rate �uctuated, and the minimal error rate was observed when
the top 13 ranked genes were selected. Subsequently, Least Absolute
Shrinkage and Selection Operator (LASSO)-Cox Proportional
Hazards Mode (Cox) proportional hazards regression was
conducted with the glmnet package (v 4.1.8), in which the
lambda.1se (representing the optimal �t for gene screening) was
used to identify target genes. Support Vector Machine (SVM)-
recursive feature elimination (SVM-RFE) was carried out with the
e1071 package (v 1.7.13), achieving the highest accuracy and lowest
error rate when the top 38 ranked genes were selected. The
intersection of the three machine learning-derived gene sets was
de�ned as IFN-related key genes. Difference between groups was
evaluated using Rank sum test, and the expression levels of the IFN-
related key genes in the original dataset were visualized
with ggplot2.

2.6 Immune in�ltration analysis of IFN-
related key genes

Cibersort analysis was performed on the GSE84844 dataset
using the Cibersortx database (https://cibersortx.stanford.edu/) to
compare the immune in�ltration scores of 22 cell types between
groups. Pearson correlation analysis was subsequently performed
using the base package (v 4.3.1) to assess the correlation between
IFN-related key genes and differential immune cells.

2.7 Clinical sample collection and grouping

This study prospectively enrolled SjD patients treated between
June 2023 and December 2024 at the Second Af�liated Hospital and
the First Af�liated Hospital of Zhejiang Chinese Medical University, as
well as the Sir Run Run Shaw Hospital af�liated to Zhejiang University
School of Medicine, and the Second Af�liated Hospital of Zhejiang
FIGURE 1

Graphical abstract.
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University School of Medicine. The diagnosis of SjD was based on
current international criteria (18). Exclusion criteria included active
infections, malignancies, acute cardiocerebrovascular diseases,
pregnancy or lactation, or any other conditions considered
inappropriate for participation by the investigators. Based on the
European League Against Rheumatism Sjögren’s Syndrome Disease
Activity Index (ESSDAI) (19), patients were categorized into three
groups according to disease activity: low (ESSDAI < 5), moderate (5 �
ESSDAI � 13), and high (ESSDAI � 14). Under the premise of
matching data between groups, 20 SjD patients were included in each
group, totaling 60 SjD patients as the disease group. Additionally, 15
baseline-matched HCs were recruited from individuals undergoing
health examinations at the Second Af�liated Hospital of Zhejiang
Chinese Medical University, and they were de�ned as the
control group.

2.8 Ethical approval

This study was conducted in strict compliance with the
Declaration of Helsinki and relevant Chinese research guidelines
for clinical trials. Prior to initiation, this study was approved by the
following listed ethical review committees:

The Second Af�liated Hospital of Zhejiang Chinese Medical
University: No. 2023-No. 003-A01; The First Af�liated Hospital of
Zhejiang Chinese Medical University: No. 2023-KLS-131-01, No.
2023-KLS-131-02; The Second Hospital Af�liated to Zhejiang
University School of Medicine: No. 2023-No. 0490; The Sir Run
Run Shaw Hospital af�liated to Zhejiang University School of
Medicine: No. 2023-No. 0262.

All participants were fully informed about the study and
provided written informed consent prior to enrollment.
Participation was voluntary, and all subjects signed the consent
forms before the commencement of the study.

2.9 Extraction of peripheral blood
mononuclear cells

Peripheral blood (4 ml) was collected from each of the 60 SjD
patients and 15 HCs into EDTA anticoagulant tubes. Fresh whole
blood was transferred into 15 ml centrifuge tubes and diluted 1:1
with phosphate-buffered saline (PBS, 4 ml). The diluted blood was
then slowly and carefully layered over 4 ml of lymphocyte isolation
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buffer in a 15 ml centrifuge tube, ensuring clear interface and
avoiding mixing of the two layers. This tube was centrifuged at
2,500 rpm for 20 min, resulting in distinct layers. PBMC layer,
appearing as a white interface, was carefully aspirated using a 1000
ml pipette and transferred to a clean 15 ml centrifuge tube. The
collected cells were washed with 10 ml PBS. The tube was then
centrifuged at 1,500 rpm for 6 min, followed by removal of the
supernatant. This washing process was repeated once. Finally, 1ml
of Trizol was added and mixed thoroughly, with the mixture
temporarily cryopreserved at -80°C ultra-low temperature
freezer (Figure 2).

2.10 Design of primer sequences

The mRNA coding sequences of key genes were obtained from
the of�cial website of the National Center for Biotechnology
Information (NCBI, https://www.ncbi.nlm.nih.gov/). Speci�c
ampli�cation primers for CXCL10, DDX60L, IFIH1, JAK2, and
NMI were designed using the primer design tool provided by
Shanghai Sangon Biotech Co., Ltd., and primers were
subsequently synthesized by the same company. The primer
sequences used for quantitative real-time polymerase chain
reaction (qRT-PCR) are detailed in Table 1.

2.11 RNA extraction

The temporarily frozen samples were placed at room
temperature for 5 min to ensure completely thawing. Chloroform
was added at a ratio of 200 ml per 1 ml of Trizol, followed by
vigorous shaking for 1 min and incubation at room temperature for
5 min. Subsequently, centrifugation was performed at 12000 rpm
for 15 min at 4°C. 400-500 ml of the supernatant in the colorless
transparent layer was carefully pipetted and transferred to a new EP
tube. Isopropanol was then added at a ratio of 500 ml per 1 ml of
Trizol, mixed by gentle inversion, and incubated at room
temperature for 10 min to precipitate RNA. The mixture was
centrifuged at 12000 rpm for 10 min at 4°C, and the supernatant
was carefully discarded without disturbing the RNA pellet. RNA
was washed with 75% ethanol prepared with DEPC-treated water
and absolute ethanol, using a ratio of 1 ml 75% ethanol per 1 ml
Trizol, mixed gently by inversion, and incubated at room
temperature for 5 min to precipitate RNA. Then, centrifugation
FIGURE 2

Schematic diagram of PBMC extraction process.
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was performed at 7500 rpm for 5 min at 4°C, and the supernatant was
carefully removed. The RNA pellet was dried at room temperature for
5 min until semi-transparent, and then dissolved in 20 ml of DEPC-
treated water pre-warmed to 60 °C. RNA concentration was
determined using a Nano-Drop spectrophotometer, and the �nal
concentration of the sample was adjusted to 200 ng/ul (Figure 3).

2.12 qRT-PCR

cDNA was synthesized using the Rapid Reverse Transcription
Kit (First-Strand cDNA Synthesis). The resulting cDNA served as
the template for qRT-PCR to detect mRNA expression levels. Two
replicate wells were set up for each sample. After spotting and
labelling on a 96-well plate, the samples were placed in a Light
cycler-96 real-time �uorescent quantitative PCR instrument for
reaction. Upon completion of the reaction, the PCR results were
exported, and the mRNA expression levels of key genes were
calculated using the 2-DDCt method, with the human ACTB
internal reference primer as the internal reference gene.
2.13 Statistical analysis

Statistical analysis and graphical representation of results were
performed using SPSS (v 27.0) and GraphPad Prism (v 8.0.2). Data
conforming to a normal or approximately normal distribution were
presented as mean ± standard deviation, whereas non-normally
distributed data were presented as median (upper quartile, lower
Frontiers in Immunology 05
quartile). For comparisons between two groups, normally
distributed data were analyzed using the independent samples t-
test while non-normally distributed data were analyzed using the
Mann-Whitney U test. For comparisons among multiple groups,
normally distributed data were analyzed using one-way analysis of
variance, and non-normally distributed data were analyzed using
the Kruskal-Wallis H test. Intergroup comparison of categorical
data was performed using the chi-square test. P < 0.05 indicates a
statistically signi�cant difference. *P < 0.05, **P < 0.01, ***P < 0.001,
and “ns” indicate non-signi�cant difference.
3 Results

3.1 Identi�cation of DEGs in SjD

By setting the screening threshold as adj.P.Val < 0.05 and |
log2FC| > 0.5, a total of 563 DEGs were identi�ed in SjD patients vs.
HCs in the GSE84844 dataset, including 524 upregulated and 39
downregulated DEGs. Volcano plots and heat maps were generated
to visualize the expression of these DEGs (Figures 4A, B).

3.2 Enrichment of DEGs in IFN-related
pathways in SjD

To further investigate the biological functions of the 563
identi�ed DEGs, enrichment analysis were performed. The DEGs
FIGURE 3

Schematic diagram of RNA extraction process.
TABLE 1 Primer sequences for qRT-PCR.

Gene Primer Primer sequence (5 ‘-3’)

CXCL10 CXCL10-F GAAGGGTGAGAAGAGATGTCTGAATC

CXCL10-R TAGACCTTTCCTTGCTAACTGCTTTC

DDX60L DDX60L-F GCTACTGAAACACTTGCCTTAGGG

DDX60L-R TCTTCCAGCACGACCAGACATC

IFIH1 IFIH1-F TCCGCTATCTCATCTCGTGCTTC

IFIH1-R ACTGTCCTCTGAATCTGCTCCTTC

JAK2 JAK2-F TGAAGAGCACCTAAGAGACTTTGAAAG

JAK2-R TTACGCCGACCAGCACTGTAG

NMI NMI-F GGACAGTGCTTCTGACAGGAATG

NMI-R TGACCACATCTACTTCTCCACCTC
F, forward primer; R, reverse primer.
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were demonstrated to be signi�cantly enriched in three IFN-related
pathways: IFN signaling, IFN-a/b signaling, and IFN-g signaling
(Figures 5A–C). Additionally, the enrichment scores for these three
IFN-related pathways were calculated within DEGs, con�rming that
all three pathways exhibited signi�cant expression differences in
SjD patients vs. HCs (Figure 5D).
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3.3 Identi�cation of IFN-related key
modules and genes

Given the signi�cant enrichment of DEGs in IFN-related
pathways, we conducted a more in-depth network modularity
analysis focusing on IFN within the GSE84844 dataset. First, all
FIGURE 5

Enrichment of DEGs in IFN-related pathways in the GSE84844 dataset. (A) Enrichment of DEGs in the IFN signaling pathway. (B) Enrichment of DEGs
in the IFN a/b signaling pathway. (C) Enrichment of DEGs in the IFN g signaling pathway. (D) Box plots illustrating the expression differences of the
three IFN-related pathways between SjD patients and HCs. Note: ***P < 0.001, ****P < 0.0001.
FIGURE 4

DEGs in SjD patients vs. HCs in the GSE84844 dataset. (A) Volcano plot illustrating the DEGs between SjD patients and HCs, with red, green, and
gray denoting upregulated genes, downregulated genes, and genes with non-signi�cant differential expression, respectively. (B) Heat map showing
DEGs between SjD patients and HCs, with light green indicating HC; pale yellow indicating SjD, deeper blue indicating lower gene expression levels,
and deeper red indicating higher gene expression levels.
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genes in the dataset were clustered, and the optimal soft threshold
and clustering performance were determined (Figures 6A–C).
Based on this, a heatmap of the module clustering results was
generated (Figure 6D), and correlations between different modules
and gene sets composed of SjD, HC, and three IFN pathways
(Figure 6E). Based on the screening criteria of correlation
coef�cients greater than 0.5, two gene modules, namely the
salmon and red modules, were identi�ed. Within these two
modules, genes with correlation coef�cients greater than 0.5 with
both the module were selected, resulting in the identi�cation of 353
IFN-related genes (Figures 6F, G). To identify IFN-related DEGs in
SjD, the 563 previously identi�ed DEGs were intersected with the
353 IFN-related genes, ultimately yielding a �nal set of 108 IFN-
related DEGs (Figure 6H).
Frontiers in Immunology 07
3.4 Enrichment analysis and PPI network of
IFN-related DEGs

Among the 108 IFN-related DEGs, we performed GO, KEGG,
Reactome enrichment analyses, as well as PPI analysis. These IFN-
related DEGs were shown to be signi�cantly enriched in pathways
including immune response, IFN signaling and NOD-like receptor
signaling pathway, which, to certain extent, con�rmed that IFN-
related DEGs may in�uence immune responses by participating in
relevant immuno-in�ammatory signaling pathways, thereby
playing an important role in the pathogenesis of SjD
(Figures 7A–E). PPI analysis was conducted to further explore the
interaction network among IFN-related DEGs, through which a
total of �ve highly internally correlated modules were obtained
FIGURE 6

WGCNA clustering results of IFN-related modules in the GSE84844 dataset. (A) Cluster results of the top 95% of genes in terms of median absolute
deviation. (B) Network construction with a soft threshold of 3 is more consistent with the characteristics of scale-free network. (C) Gene clustering
results corresponding to assigned colors. (D) Heatmap illustrating correlations among different modules. (E) Heatmap demonstrating correlations
between modules and gene sets comprising SjD, HC, and three IFN pathways. (F) Scatter plot showing gene distribution and correlations within the
red module. (G) Scatter plot showing gene distribution and correlations within the salmon module. (H) Venn diagram illustrating the overlapping
genes between DEGs and IFN-related genes.
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within the PPI network (Figures 7F, G), indicating that IFN-related
DEGs may have close gene-gene interactions that contribute
collectively to the pathogenesis of SjD.

3.5 Identi�cation of IFN-related key genes
via machine learning

From the PPI network, 62 genes with degree > 0 were selected and
subjected to machine learning to further identify IFN-related key
genes. A total of 13 (Figures 8A, B), 23 (Figures 8C, D), and 38 key
genes (Figures 8E, F) were respectively identi�ed through RF, LASSO-
ROX, and SVM-RFE analyses. Through intersection of these machine
Frontiers in Immunology 08
learning-derived key gene, we identi�ed �ve IFN-related key genes:
CXCL10, DDX60L, IFIH1, JAK2, and NMI (Figure 8G). Additionally,
expression validation in the original dataset demonstrated that all �ve
IFN-related key genes were signi�cantly upregulated in SjD patients
within the GSE84844 dataset (Figure 8H).

3.6 Investigation of the involvement of
IFN-related key genes in the immune
microenvironment of SjD

IFN has been reported to be in close association with the
immune microenvironment of SjD. Here, we explored the
FIGURE 7

Enrichment analysis and PPI network of IFN-related DEGs in the GSE84844 dataset. (A) Dot plot showing the GO-Biological Process (BP) enrichment
of IFN-related DEGs. (B) Dot plot showing the GO-Cellular Component (CC) enrichment of IFN-related DEGs. (C) Dot plot showing the GO-
Molecular Function (MF) enrichment of IFN-related DEGs. (D) Dot plot showing the KEGG pathway enrichment of IFN-related DEGs. (E) Dot plot
showing the Reactome pathway enrichment of IFN-related DEGs. (F) PPI network of IFN-related DEGs. (G) Five highly intrinsically interconnected
modules within the PPI network.
FIGURE 8

Identi�cation of IFN-related key genes in the GSE84844 dataset via machine learning. (A) Error rate corresponding to the number of trees in RF
analysis. (B) Error rate corresponding to the number of network genes in RF analysis. (C) Coef�cient distribution of different genes in LASSO-COX
analysis. (D) Gene selection results under different �tting conditions in LASSO-COX analysis. (E) Accuracy corresponding to the number of genes in
SVM-RFE analysis. (F) Error rate corresponding to the number of genes in SVM-RFE analysis. (G) Venn diagram illustrating the intersection of key
genes identi�ed by three machine learning methods. (H) Box plot demonstrating the expression differences of IFN-related key genes in SjD patients
vs. HCs. Note: ****P < 0.0001.
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