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In IgG4-related disease, the epithelial-to-mesenchymal transition of fibrob-
lasts was predominantly driven by transforming growth factor-β1 secreted from
CD19+ B cells. Reciprocally, fibroblasts facilitated CD19+ B-cell survival and acti-
vation through CXCL14–CXCR4 and CXCL12–CXCR4 signalling axes, thereby
promoting B-cell responses and subsequent antibody production.
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Abstract
Background: Major challenges exist in understanding the pathogenic mecha-
nisms and developing systemic therapeutic strategies for IgG4-related disease
(IgG4-RD) due to its rarity, unique clinical manifestations and inconsistent
response to specific treatments. To overcome these limitations, comprehensive
analysis of gene expression profiles may serve as a crucial stepping stone.
Methods: A salivary gland transcriptomic dataset encompassing both bulk tis-
sue and single-cell levels was obtained. Cellular and molecular features were
identified by analysing differentially expressed genes and performing functional
enrichment analyses. Gene regulatory and cell‒cell communication analyses
were also conducted.
Results: The most enriched processes were the epithelial‒mesenchymal tran-
sition (EMT) and extracellular matrix organisation. EMT, which was weighted
towards a mesenchymal signature, was closely associated with myofibroblasts,
extracellular matrix organisation and the transforming growth factor-β (TGF-β)
signalling pathway. Fibroblasts were the primary cell subset enriched for in the
EMT signature. Additionally, CD19+ B cells, cytotoxic T cells and regulatory T
cells were the main sources of TGF-β1. In the analysis of B cell‒fibroblast com-
munication, EMT of fibroblasts was found to be activated primarily by TGF-β1
secreted from CD19+ B cells. Reciprocally, fibroblasts supported CD19+ B cells
via CXCL14‒CXCR4 and CXCL12‒CXCR4 interactions.
Conclusions: Our findings suggest a pivotal role for TGF-β1-mediated EMT
in the pathogenesis of fibrosis associated with IgG4-RD, with CD19+ B cells
identified as a significant source of TGF-β1. This evidence substantiates the ratio-
nale for B-cell-depletion therapy as a promising therapeutic strategy for this
condition.
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1 INTRODUCTION

IgG4-related disease (IgG4-RD) is a rare fibro-
inflammatory disorder characterised by tumefactive
lesions, storiform fibrosis and polyclonal IgG4-positive
plasma cell-enriched infiltrate, and can affect various
internal organs including major salivary glands, lacrimal
gland, orbits, pancreas, bile ducts, retroperitoneum, lungs,
kidneys, aorta, pachymeninges and thyroid gland.1–4 IgG4-
RD is a chronic and relapsing condition and uncontrolled
disease flares may lead to progressive organ dysfunction
and failure.1,5
The immunopathogenesis of IgG4-RD includes oligo-

clonal expansions of autoreactive B cells in germinal
centers and subsequent elevation of serum IgG4 lev-
els, in addition to complex and multifaceted interactions
between B-cell subsets, various CD4+ and CD8+ T lym-
phocytes, macrophages and fibroblasts that drive tissue
injury and fibrosis within affected tissues.4 Cytokines
such as transforming growth factor-β (TGF-β), platelet-
derived growth factor-β (PDGF-β), interferon-γ (IFN-γ)
and interleukin (IL)-1β and IL-10 play key roles in driv-
ing profibrotic activation of fibroblasts.4 In particular, B
lymphocytes contribute directly to tissue fibrosis and extra-
cellular matrix remodelling by producing PDGF-β and
lysyl oxidase homologue 2 (LOXL2)6; the efficacy of B-
cell-depletion therapy using rituximab or inebilizumab in
IgG4-RD strongly supports the significant role of B cells
in the pathogenesis of IgG4-RD.5,7,8 However, questions
about the long-term safety, maintenance therapy formula-
tion and comparative efficacy of rituximab or inebilizumab
compared to other B-cell-targeting therapies remain to be
addressed.4,9
The coexistence of fibrotic and chronic inflammatory

components, while not diagnostic, is a prerequisite histo-
logical feature of IgG4-RD.1,4 Coupling of fibrotic processes
to preceding aberrant immunological responses or con-
comitant inflammation can vary, being either partially
coupled or uncoupled based on the underlying disease
or pathological environment.10 Fibrosis in some fibrotic
diseases such as systemic sclerosis and idiopathic pul-
monary fibrosis is not fully controlled by glucocorticoids or
immunosuppressive therapy.11,12 Further understanding of
context-dependent mechanisms of fibrosis and additional
treatment strategies to interfere with the fibrotic process
are required to effectively suppress on-going fibrosis.
Tissue transcriptome profiling, encompassing both bulk

and single-cell approaches, is an ideal tool with which to
delineate pathobiological landscapes and elucidate aber-
rant cellular and molecular signatures associated with
disease. For this study, we imported transcriptomic data
from salivary glands of patients with IgG4-RD affect-

ing the major salivary glands. We employed advanced
bioinformatic tools to analyse the cellular and molecular
characteristics of the inflammatory and fibrotic processes.
We focused on key pathogenicmechanisms, and identified
molecules associated with these processes. Finally, we elu-
cidated the core pathology of tissue fibrosis and the pivotal
role of B cells in this process, highlighting the therapeutic
potential of targeting B cells in IgG4-RD.

2 METHODS

2.1 Data collection

We imported blood transcriptomic datasets from Gene
Expression Omnibus: GSE40568 for IgG4-RD,13 GSE40611
for Sjögren’s disease (SjD) and non-SjD sicca syndrome,14
and GSE3526 and GSE7307 for healthy controls. Although
SjD and non-SjD sicca syndrome share overlapping clin-
ical manifestations with IgG4-RD, they represent distinct
disease entities requiring accurate differential diagno-
sis; accordingly, both were included as disease controls
in the present analysis. In total, salivary gland sam-
ples were collected from five patients with IgG4-RD, 22
patients with SjD, 14 patients with non-SjD sicca syn-
drome and 30 healthy controls (Tables S1–S3). A single-cell
RNA sequencing (scRNA-seq) dataset of salivary glands
from four patients with IgG4-RD was retrieved from
GSE242778.15

2.2 Preprocessing of gene expression
data

All analyses were performed using R (version 4.5.1, The
R Project for Statistical Computing, www.r-project.org).
For Affymetrix microarray data, the robust multi-array
average (RMA) method was employed for background
correction, normalisation and probe set summarisation.16
The RMA method incorporates quantile normalisation,
which equalises data distributions across arrays to ensure
comparability among samples. We specifically used the
affy package in R for this one-channel Affymetrix array
processing. Residual technical batch effects, which arise
from the integration of multiple heterogeneous datasets,
were corrected using the ComBat method.17 This method
uses either parametric or non-parametric empirical Bayes
frameworks to adjust the data for batch effects.We selected
a combination of quantile normalisation and the Com-
Bat function for quality control due to its demonstrated
superior performance compared to other methods.18,19
Principal component analysis was used to assess dataset
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quality and distribution bias. After this preprocessing,
systematic and dataset-specific biases were significantly
reduced compared with the data before normalisation and
batch correction (Figure S1).

2.3 Filtration of differentially expressed
genes

Differentially expressed genes (DEGs) were identified
using the significance analysis of microarray algorithm,
which made it possible to perform one and two class anal-
yses using either a modified t-statistic or a (standardised)
Wilcoxon rank statistic, in addition to amulticlass analysis
using a modified F-statistic.20 DEGs were defined as those
with a false discovery rate (FDR) of less than 0.05 and an
absolute fold change greater than 1.5.

2.4 Prioritisation of disease-associated
genes

To further prioritise disease-associated genes within
the human interactome, we employed the TOP‒down
Attachment of Seeds (TOPAS) algorithm.21 This iterative
approach connects the largest number of seed nodes in a
top‒down manner. It achieves this by identifying ‘connec-
tor’ nodes that ensure the highest flow of a random walk
with restart in a functional association network.

2.5 Gene-set and cell-type enrichment
analyses

A functional enrichment analysis of upregulated DEGs
was conducted using Enrichr software, which employs
adjusted p-values, odds ratios and combined scores as fea-
tured enrichment indices.22 Gene-set enrichment analysis
(GSEA) was used to identify a group of genes in a specified
list of genes overrepresented compared with a background
set of genes.23 The normalised enrichment score (NES)
was used to compare analysis results across gene sets by
accounting for variations in gene set size and correlations
between the sets and the expression dataset. The preranked
GSEA was run using the classic enrichment statistic with
1000 permutations. Gene-set information about signalling
pathways and biological processes (BP) was obtained from
the Kyoto Encyclopedia of Genes and Genomes, Gene
Ontology (GO), Reactome database and Molecular Signa-
tures Database (MSigDB).24–27 Single-sample enrichment
scores for the gene sets were estimated by gene-set vari-
ation analysis (GSVA) using the ‘gsva’ function from the
R package GSVA.28 To deconvolute cellular composition

from the tissue sample, we used a digital sorting algorithm
that deconvolves the expression profiles of a tissue into the
component profiles of each cell type using a set of marker
genes that are highly expressed in each cell type.29 Infor-
mation about all gene sets used in this study is provided in
the Supporting Information.

2.6 Epithelial‒mesenchymal transition
score

Signature genes for the generic epithelial‒mesenchymal
transition (EMT), as well as epithelial and mesenchymal
signatures were imported from the MSigDB Hallmark col-
lection and a previous study by Panchy et al.27,30 Generic
EMT, epithelial and mesenchymal scores were then calcu-
lated using the AUCell algorithm, in accordance with the
methods of previous studies.30,31

2.7 Tumour microenvironment score

Tumour microenvironment score was calculating using
the Estimation of Stromal and Immune cells in Malig-
nant Tumour tissues using Expression data (ESTIMATE)
algorithm,32 which includes two gene signatures: (1) a
‘stromal signature’ that was designed to capture the pres-
ence of stroma in tumour tissue, and (2) an ‘immune
signature’ that indicates the infiltration of immune cells in
tumour tissue.

2.8 Human protein‒protein interaction
network

A human protein‒protein interaction (PPI) network was
constructed using the FunCoup database,33 which pro-
vide a comprehensive view of the functional coupling
interactome. Nodes and edges represent proteins and
their functional or physical interactions, respectively. The
humannetwork comprises 14 739 nodes and 1 746 571 edges.

2.9 Single-cell RNA sequencing data
analysis

scRNA-seq data of salivary gland tissue from patients
with IgG4-RD was retrieved from GSE242778.15 In more
detail, scRNA-seq data of 36 601 single cells isolated from
the salivary glands of four patients with IgG4-RD were
processed using the Seurat package according to the stan-
dard protocol.34 Clustered cell types were annotated using
singleR and the CellTypist toolkits.35,36
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2.10 Gene regulatory network analysis

We employed the Single-Cell Regulatory Network Infer-
ence and Clustering (SCENIC) approach with default
parameters to identify activated regulons and their activ-
ities within each cell subtype.31 The process involves three
main steps. (1) Gene regulatory network (GRN) infer-
ence: co-expressed modules are first inferred using a
regression-per-target approach (GRNBoost2). (2) Module
pruning: indirect targets are then pruned from these mod-
ules through cis-regulatory motif discovery (cisTarget). (3)
Regulon activity quantification: the activity of these fil-
tered regulons is quantified by calculating the enrichment
of the regulon’s target genes across a ranked list of all genes
in a particular cell cluster, ordered by their expression val-
ues. This enrichment is measured as the area under the
curve (AUC).

2.11 Network-based diffusion scoring

To quantify the leverage of a specific gene on a subnetwork
through its links, we used label propagation and a network
diffusion algorithm, which models heat flow from seed
genes along the interactions in a PPI network.37 diffuStats,
an R package that provides a collection of graph kernels
and diffusion scores, and a z-scaled Monte‒Carlo method
were used with default parameters to calculate a diffusion
score for the nodes based on pathway-specific gene sets.
Information on the targetmolecules of drugs was retrieved
from DrugBank (https://go.drugbank.com/).38

2.12 Cell‒cell communication analysis

T infer of cell‒cell communication events using scRNA-
seq data, we utilised the CellChat and LIgand‒receptor
ANalysis framework (LIANA) toolkits.39,40 CellChat was
used to infer the whole interaction strength between com-
municating cell groups, with edge weights in the result-
ing network proportional to these inferred interaction
strengths. LIANA, a framework that integrates multiple
prior knowledge resources and in silico methods, was
used to generate consensus ligand‒receptor (L‒R) predic-
tions of specific cell-to-cell interactions. This was achieved
using theCellPhoneDB, Connectome, log2FC,NATMI and
SingleCellSignalR methods and then combining their pre-
dictions. To calculate consensus score, we applied the
robust rank aggregate (RRA)method to the results of these
individual tools.41 The final interaction score for each L‒R
pair was calculated by ‒log10 transforming the RRA score,
which represents a probabilistic distribution. Interactions

consistently ranked higher than random were assigned
lower scores. The magnitude of L‒R pairs was derived
from the LRscore of SingleCellSignalR, with values rang-
ing from 0 to 1.42 Interaction specificity was determined
using the specificity weight from NATMI.43 To analyse lig-
and activity, we used a featured method from NicheNet.44
This method ranks potential ligands based on how well
the enrichment of a gene set of interest corresponds with
a pre-existing prior model. Ligand activity was quantified
by calculating the area under the precision‒recall curve
(AUPR) between the observed expression pattern and the
relevant row from the ligand‒targetmatrix, with the result-
ing corrected AUPR value representing the final ligand
activity.

2.13 Statistical analysis

For continuously distributed data, between-group compar-
isons were performed using unpaired t-tests. Categorical
or dichotomous variables were compared using the chi-
squared test or Fisher’s exact test. Correlation analyses
between two variables were carried out using Pearson’s
method.

3 RESULTS

3.1 Differential enrichment of
IgG4-RD-associated pathways

In total, 101 upregulated DEGs were identified in salivary
gland samples from IgG4-RD patients and 115 interac-
tions within the human functional coupling interactome
(Figure 1A). Twenty DEGs (19.8%), including CDH11,
SNAI2 and PRRX1, were identified to be involved in the
EMT process. DEG analysis conducted on bulk tissues,
although informative for identifying broad quantitative
shifts in gene expression, often has limited capacity to
identify significant genes that are either expressed in a
cell-type-specific manner, exhibit subtle transcriptional
alterations, or undergo functional changes independent
of mRNA abundance (e.g., via post-translational modi-
fication), and therefore could have a sparse and slack
interactions between them. Thus, we prioritised disease-
associated genes using the TOPAS algorithm based on
DEGs as seed genes21 and discovered additional 23 disease-
associated genes, which included TGFB1 and CD47
(Figure 1A). In the functional enrichment analysis for gene
sets using the GO-BP, Reactome pathway and MSigDB
hallmark databases, DEGs were most enriched for extra-
cellular matrix organisation and the EMT (Figure 1B). Key
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F IGURE 1 Differentially expressed genes (DEGs) and functional enrichment analysis in IgG4-related disease (IgG4-RD) salivary glands.
(A) Protein‒protein interaction network constructed from upregulated DEGs identified by the significance analysis of microarray (SAM)
algorithm (false discovery rate [FDR] < 0.05, |fold change| > 1.5), integrated with additional disease-associated genes prioritised by the
TOP‒down Attachment of Seeds (TOPAS) algorithm within the FunCoup human interactome. Node shape denotes epithelial‒mesenchymal
transition (EMT) association; node colour indicates gene origin (seed gene vs. TOPAS-prioritised gene). (B) Functional enrichment analysis of
upregulated DEGs performed using Enrichr across Gene Ontology (GO)-biological processes (BP), Reactome and Molecular Signatures
Database (MSigDB) Hallmark databases. Dot size represents odds ratio; colour indicates adjusted p-value. (C) Heatmap of differential
enrichment of IgG4-RD pathogenic pathways across IgG4-RD, Sjögren’s disease (SjD), sicca syndrome and healthy controls, assessed by
gene-set enrichment analysis (GSEA). Colour represents the normalised enrichment score (NES), reflecting the relative degree of pathway
overrepresentation in each disease group.
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F IGURE 2 Gene-set enrichment analysis (GSEA) for epithelial‒mesenchymal transition (EMT) in IgG4-related disease (IgG4-RD). (A)
Preranked GSEA plot using the Molecular Signatures Database (MSigDB) Hallmark EMT gene set, run with the classic enrichment statistic
and 1000 permutations, comparing IgG4-RD against healthy controls. The vertical dashed line marks the peak enrichment score defining the
leading-edge subset. The barcode plot indicates hit positions of EMT genes in the ranked list, and the lower panel displays the ranking metric
score. (B) Heatmap of the top 30 leading-edge genes contributing most to EMT enrichment in IgG4-RD, with expression levels compared
between IgG4-RD and healthy controls. Colour indicates expression level; the right bar represents the rank metric score per gene.

DEGs and enrichedBPwere recapitulated using the empir-
ical Bayes-based DEG filtering approach implemented in
the limma package (Figure S2).
We collected salivary gland gene expression datasets

from patients with SjD or sicca syndrome for compar-
ison. Additionally, we conducted a literature review to
compile the BP and signalling pathways involved in the
pathogenesis of IgG4-RD.4,45 Subsequently, we performed
a GSEA to investigate the differential enrichment of BP
and pathogenic pathways across these diseases (Figure 1C).
EMT was the most enriched process (NES = 1.87,
FDR= 0.122, p-value= .017) (Figure 2A). MFAP5, IGFBP3,
PRRX1, CXCL12, SPARC, SNAI2 and POSTN were pri-
oritised among 112 leading-edge genes enriched in the
EMT (Figure 2B). MFAP5, IGFBP3, PRRX1, CXCL12 and
SNAI2 were also elements of the DEGs (Figure 1A). PDGF-
, TGFβ-, PI3K-Akt-, BMP- and Hippo signalling pathways
were also enriched in IgG4-RD. Immune-inflammatory
signalling pathways, including IFN and TLR signalling
pathways, were enriched in SjD.

3.2 Epithelial‒mesenchymal transition
towards the mesenchymal phenotype

EMT is a well-established process activated during cancer
pathogenesis and tissue fibrosis.46 Cells undergoing EMT

in adult pathological tissues commonly exhibit a transi-
tional, reversible state characterised by co-expression of
both epithelial and mesenchymal markers, often referred
to as ‘partial EMT’.46–48 To further understand the tran-
sitional state and regulatory balance of the EMT, we
computed the EMT score using generic EMT, epithelial
and mesenchymal signatures.30,49 EMT score of IgG4-RD
was significantly higher than that of SjD, sicca syndrome
and healthy controls (Figure 3A). Particularly, mesenchy-
mal score showed distinct differences across the diseases
(p= 2.42 × 10−6), whereas epithelial scores were compara-
ble (p = .0817) (Figure 3A). EMT regulation concurs with
the activation of one or several EMT-transcription factors
(TFs) such as SNAIL, TWIST, ZEB and PRRX families.46,48
Expression of PRRX1, SNAI2, TWIST1, ZEB1 and ZEB2
in IgG4-RD was significantly increased compared with
expression of these genes in SjD, sicca syndrome and
healthy controls (Figure 3B).
EMT triggered in response to injury is associated

with the activation of myofibroblasts, and extracellular
matrix deposition (mainly collagen).46,47 In cell sub-
type deconvolution analysis, enrichment of fibroblasts,
particularly myofibroblasts, was significantly higher in
IgG4-RD than in SjD, sicca syndrome and healthy con-
trols (p = 1.697 × 10−3 and 7.101 × 10−4, respectively)
(Figure 3C). Pairwise comparison using unpaired t-tests
revealed that myofibroblast enrichment was significantly
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F IGURE 3 Epithelial‒mesenchymal transition (EMT) scores and EMT-associated molecular signatures across diseases. (A) Generic
EMT, epithelial and mesenchymal scores computed using the AUCell algorithm with Molecular Signatures Database (MSigDB) Hallmark and
previously published EMT signature gene sets, compared across disease groups. Left boxplot shows generic EMT scores; right scatter plot
shows epithelial versus mesenchymal scores per sample. (B) Expression levels of EMT-transcription factors across disease groups, compared
by analysis of variance (ANOVA) test. (C) Fibroblast and myofibroblast enrichment scores estimated by the digital sorting algorithm (DSA)
cell-type deconvolution method and compared across groups. Scores across the groups were compared by ANOVA test. (D) Pearson
correlation analysis between per-sample EMT enrichment scores and scores of collagen formation, extracellular matrix organisation,
myofibroblasts and transforming growth factor-β (TGF-β) signalling pathway. (E) Stromal and immune signature scores estimated by the
ESTIMATE algorithm and compared across disease groups. Scores across the groups are compared by ANOVA test.

 27680622, 2026, 3, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/ctd2.70160 by E

w
ha W

om
ans U

niversity L
ibrary, W

iley O
nline L

ibrary on [30/09/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



8 of 14 BAEK et al.

greater in IgG4-RD than in SjD (p= .0028), whereas fibrob-
last abundance was comparable between the two groups
(p = .409) (Figure S3). In correlative analysis, EMT was
significantly correlated with collagen formation and extra-
cellular matrix organisation (γ = 0.9939, p = 5.579 × 10−4
and γ = 0.9905, p = .0011) (Figure 3D). EMT also has
a significant correlation with myofibroblasts (γ = 0.9375,
p = .0185) and the TGF-β signalling pathway (γ = 0.8865,
p = .0450).
IgG4-RD exhibits tumour-like features in its pathology

as well as clinical manifestations.2,4 Expanded stromal
cells and infiltrating immune cells form the tumour
microenvironment, which impacts tumour aggressive-
ness and treatment response.50,51 EMT and extracellu-
lar matrix remodelling are also active processes within
this environment.50,51 We estimated the fraction of stro-
mal and immune cells based on this line of reasoning
using the ESTIMATE algorithm.32 The stromal signature
score was significantly higher in IgG4-RD than in SjD,
sicca syndrome and healthy controls (p = 2.10 × 10−8),
whereas immune signature score was highest in SjD
(p = 2.97 × 10−6) (Figure 3E).

3.3 Cell‒cell interactions among
immune cells in IgG4-RD

We imported GSE2428778, a scRNA-seq dataset of sali-
vary gland tissue obtained from patients with IgG4-RD.15
In cell-type-specific, pathway-driven enrichment analysis
using GVSA, fibroblasts showed the strongest enriched
signals for the EMT, extracellular matrix organisation
and signalling by PDGF as compared to other cell types
(Figure 4A). In GRN analysis using SCENIC, TCF7L2,
NFIC, TWIST1, PLAGL1 and ZEB1 were identified as
key regulons in fibroblasts (Figure 4A). Next, we inves-
tigated cell-type-specific features and the interaction net-
work among cell types using CellChat,39 LIANA40 and
NicheNet44 toolkits. Fibroblasts were the major cell type
sending and receiving the signals in cell‒cell interact-
ing network (Figure 4B). We focused on the relation-
ship between fibroblasts and CD19+ B cells because a
recent clinical trial of B-cell-depletion therapy using inebi-
lizumab targeting CD19 in patients with active IgG4-RD
reported promising results.5 In UMAP, clusters annotated
with naïve B cells expressed CD19 and were the major
cell type expressing TGF-β1 and CXCR4 together with
cytotoxic or regulatory T cells (Figure 4C). In L‒R pair-
ing analysis, CD19+ B cells stimulated fibroblasts through
TGFB1‒TGFBR3 interaction,whichwas further assisted by
co-receptors including LPP, EGFR, ENG, CAV1 and SDC2
(Figure 5A). We examined aggregated ranks of L‒R inter-
actions between two cell types using a robust rank aggre-

gation method in the LIANA toolkit and assessed the pre-
dictability of the prioritised ligands for the EMT gene set
compared to the background of expressed genes in fibrob-
lasts using ligand activity analysis in the NicheNet toolkit.
TGFB1 ligation showed the strongest activity for EMT
signatures in fibroblasts (Figure 5B). In turn, fibroblasts
support CD19+ B cells primarily through CXCL14‒CXCR4
andCXCL12‒CXCR4 interactions (Figure 5C).We assessed
the activity of the prioritised ligands for chemokine sig-
nalling pathway genes in CD19+ B cells. CXCL12 ligation
from fibroblasts to CD19+ B cells showed the highest lig-
and activity (Figure 5D). Cytotoxic T cells and regulatory
T cells were the primary subsets interacting with fibrob-
lasts (Figure 4B). Notably, regulatory T cells were found
to stimulate fibroblasts through multiple ligands, includ-
ing TGFB1, calmodulin family members (CALMs) and
CD40LG. TGFB1 ligation had the strongest activity for
EMT signatures in fibroblasts (Figure S4).

4 DISCUSSION

In this study, we retrieved the gene expression profiles of
patientswith IgG4-RDaffecting salivary glands at bulk and
single-cell levels and analysed these profiles to elucidate
the cellular andmolecular features of IgG4-RD, with a par-
ticular focus on fibrotic processes. We identified EMT as a
key pathologic process in the fibro-inflammatory microen-
vironment of IgG4-RD and found that the EMT closely
correlatedwith extracellularmatrix organisation and TGF-
β signalling pathways. Fibroblasts were the main cell
subset enriched in the EMT signature, while CD19+ B cells,
along with cytotoxic T cells, and regulatory T cells, were
the main sources of TGF-β1. The EMT in fibroblasts was
activatedmainly byTGF-β1 fromCD19+ Bcells and in turn,
fibroblasts supported CD19+ B cells via CXCL14‒CXCR4
and CXCL12‒CXCR4 interactions.
EMT was the most enriched pathological process in

salivary gland IgG4-RD. Organs commonly affected by
IgG4-RD including salivary glands, lacrimal glands and
the pancreas are primarily composed of epithelial cells
and could therefore be more susceptible to the EMT.
EMT is a partial but direct contributor to the fibroblast
and myofibroblast pools during fibrogenesis.52 Lineage-
tagging experiments and bone marrow transplant studies
have demonstrated that, during the progression of kidney
fibrosis in mice, approximately 12% of fibroblasts originate
from the bone marrow, while about 30% arise through the
EMT of tubular epithelial cells of the kidney.52 Fibroblasts
are likely derived partly from epithelial cells in salivary
gland IgG4-RD because fibroblasts subsets were the most
enriched for the EMT process. These fibroblasts may have
pro-fibrosing capacity because they exhibited increased
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F IGURE 4 Single-cell level molecular signatures and cell‒cell communication network in IgG4-related disease (IgG4-RD). (A) Upper:
cell-type-specific enrichment of fibrosis-associated pathways assessed by gene-set variation analysis (GSVA) using single-cell RNA sequencing
(scRNA-seq) data from IgG4-RD salivary glands (GSE242778). All p-value for the pathway enrichment scores across the cell types were
<2 × 10−16 by analysis of variance (ANOVA). Lower: regulon activity scores in each cell subtype inferred by SCENIC, identifying key
transcriptional regulators active in fibroblasts. Regulon activity scores represent the proportion of cells within each cell type in which the
regulon is active, as determined by the SCENIC binary activity matrix; ranging from 0 to 1, with higher values indicating greater regulon
activity in a certain cell type. (B) Cell‒cell communication network inferred by CellChat, with edge width proportional to interaction
strength, illustrating the overall signalling topology among annotated cell types. (C) Left: UMAP of scRNA-seq data with cell-type annotations
determined by SingleR and CellTypist. Right: feature plots show the expression distribution of CD19, TGFB1, CXCR4, CXCL12 and CXCL14
across cell types, with purple intensity representing relative expression level.

expression of EMT-TFs, including PRRX1, SNAI2, TWIST1,
ZEB1 andZEB2, favouring themyofibroblast phenotype. In
gene regulatory analysis at the single-cell level, TCF7L2,
NFIC and PLAGL1, in addition to TWIST1 and ZEB1, were
identified as key regulons in fibroblasts. TCF7L2, NFIC
and PLAGL1 have been implicated in the EMT process,

contributing to cancer metastasis.53–55 There is strong evi-
dence supporting the role of sustained and irreversible
EMT as a driver of fibrosis independent of induction
from epithelial cells to fibroblasts. EMT promotes the
secretion of TGF-β and inflammatory cytokines from dam-
aged epithelial cells to respectively promote myofibroblast
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F IGURE 5 Ligand‒receptor interaction analysis between CD19+ B cells and fibroblasts. (A) Ligand‒receptor pairs from CD19+ B cells
(source) to fibroblasts (target) identified by LIgand‒receptor ANalysis framework (LIANA), which integrates five methods (CellPhoneDB,
Connectome, log2FC, NATMI and SingleCellSignalR) and ranks pairs by robust rank aggregation. Dot size indicates interaction specificity;
colour represents expression magnitude. (B) Left: aggregate rank heatmap of ligand‒receptor pairs between CD19+ B cells and fibroblasts by
LIANA. Right: ligand activity assessed by NicheNet using area under the precision‒recall curve (AUPR) against the epithelial‒mesenchymal
transition (EMT) gene set expressed in fibroblasts. (C) Ligand‒receptor pairs from fibroblasts (source) to CD19+ B cells (target), ranked by the
same LIANA framework. (D) Left: aggregate rank heatmap of ligand‒receptor pairs between fibroblasts and CD19+ B cells. Right: NicheNet
ligand activity assessed by AUPR against the chemokine signalling gene set expressed in CD19+ B cells.

activation and immune inflammation, leading to tissue
fibrosis.46 We found that the EMT showed a strong correla-
tive relationship with myofibroblasts, extracellular matrix
organisation and TGF-β signalling despite the small size of
our IgG4-RD sample.
Glucocorticoids are the recommended first-line ther-

apy for IgG4-RD if there are no contraindications;
response rates to glucocorticoids have been estimated

to exceed 85%.4 They are also effective in reducing
relapse rates when used as maintenance therapy.56,57
Glucocorticoids were reported to ameliorate the TGF-
β1-mediated EMT of the airway epithelium through
MAPK and Snail/Slug signalling pathways.58,59 The
therapeutic efficacy of glucocorticoids in IgG4-RD
might be attributable partly to suppression of the
EMT.
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Based on current knowledge, oligoclonally expanded B
cells and plasmablasts contribute to fibroblast activation
through secretion of PDGF-β and LOXL2.4,6,45 TGF-β, the
key cytokine mediating the EMT and fibroblast activa-
tion, is known to be derived from infiltrated CD4+ T cells
and macrophages in the affected tissues of IgG4-RD.4,45,60
B-cell depletion using rituximab attenuated serological
biomarkers of fibrosis and myofibroblast activation in
patients with IgG4-RD61 and the good outcomes achieved
by depleting B cells with inebilizumab in IgG4-RD patients
further underscore the importance of B cells in the patho-
physiology of IgG4-RD.5,9 In our single-cell analysis, we
identified CD19+ B cells, together with cytotoxic and reg-
ulatory T cells, as major sources of TGF-β1. B cells are not
usually the source of pathologic TGF-β in fibrotic diseases
though B cells produce relatively low levels of both the
precursor and active forms of TGF-β under physiological,
healthy conditions.62,63 Possible roles of TGF-β-producing
B cells in some autoimmune diseases, cancer and allergic
diseases have been investigated,63 but TGF-β-producing
CD19+ B cells in IgG4-RD is a novel finding. It is unclear
how similar or different the TGF-β+ CD19+ B cells in IgG4-
RD are from the previously designated TGF-β-secreting
regulatory B cells.63 It would be intriguing to investigate
a potential pathogenic link between IgG4 production and
TGF-β generation from B-lineage cells in IgG4-RD.
Typical microscopic findings of IgG4-RD include dense

and usually tumefactive lymphoplasmacytic infiltrates
associated with a variable degree of fibrosclerosis and
increased numbers of IgG4-expressing tissue cells. Stori-
form fibrosis is a characteristic finding of IgG4-RD and
involves spindle cells, which are either fibroblasts or
myofibroblasts.64,65 Storiform fibrosis is typically buried
within the lymphoplasmacytic infiltrates, which comprise
B and T lymphocytes.64,65 This implies that fibroblasts are
contiguous to B cells and have high chance of close inter-
actions in the IgG4-RD microenvironment. In cell‒cell
communication analysis, TGF-β ligation was the most
active signal that CD19+ B cells delivered to fibroblasts.
This suggests that anti-CD19 therapymay have therapeutic
efficacy in IgG4-RD considering the major role of TGF-
β in the EMT process and tissue fibrosis. Conversely, we
found that fibroblasts deliver CXCR4 signals to CD19+ B
cells by ligation of CXCL12 andCXCL14. TheCXCR4 axis is
critically involved in B-cell responses, including antibody
production, and also promotes B-cell viability.66 Therefore,
through this feed-forward interaction, B cells and fibrob-
lasts might form the backbone of the IgG4 deposition and
fibrotic process in IgG4-RD.
This study has several limitations that need to be

addressed. First, we did not investigate the relationship
betweenmolecular features and clinical or histopathologi-
cal characteristics of IgG4-RDdue to insufficiently detailed

clinical and histopathological information at the individ-
ual level. Second, transcriptomic data were available for
only five salivary gland tissue samples from the data repos-
itory. A small sample size is susceptible to selection bias. To
mitigate this effect, a sufficient number of healthy control
samples were secured for comparison. IgG4-RD is a rare
and unique fibroinflammatory disease, and tissue samples
are extremely scarce. However, despite these limitations,
these samples are the only consistent source of tissue for
new investigative analyses. A third limitation of our study
is that our findings are based on a cohort of patients with
IgG4-RDprimarily affecting the salivary glands. Therefore,
future studies are required to determine if similar results
can be replicated in IgG4-RD affecting other tissues or
organs.
Our major findings are the EMT is an active process

involved in the fibrosis of IgG4-RD and that TGF-β1, a
key cytokine that drives the EMT, is produced by CD19+
B cells. Furthermore, we revealed that a supportive inter-
action between CD19+ B cells and fibroblasts that appears
to play a pivotal role in the pathogenesis of IgG4-RD. The
role of deposited IgG4 in IgG4-RDs remains enigmatic.67
Within the tumour microenvironment, EMT confers can-
cer cells with increased tumour-initiating and metastatic
potential, as well as greater resistance to various thera-
peutic regimens. Similarly, the TGF-β1-mediated EMT in
IgG4-RD may have diverse impacts on disease pathobiol-
ogy and the clinical response to therapy. Our findings not
only address a significant knowledge gap, but also provide
supporting evidence for the therapeutic value of B-cell-
depletion therapy in IgG4-RD and offer novel insights for
developing effective strategies.
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SUPPORT ING INFORMATION
Additional supporting information can be found online
in the Supporting Information section at the end of this
article.
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