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SUMMARY

Autoimmune pathologies arise from dysregulated immune activation, yet conserved molecular programs 
across autoimmune contexts remain incompletely characterized. Here, we analyzed integrative single-cell 
RNA sequencing data of over 1.3 million cells from 239 samples spanning six autoimmune diseases, revealing 
disease-specific and cell type-specific transcriptional programs. Systematic immune profiling identified 41 
functionally annotated gene clusters (GCs) with cross-disease activation. We identified a cytotoxic CD8 + 

T cell-enriched gene cluster (GC40) that drives enhanced cytotoxic function and clonal expansion across 
four autoimmune diseases. In parallel, we identified a secretory granule lumen-associated GC08 that is highly 
expressed in CD14 + monocytes and promotes plasma cell activation through upregulation of TNFSF13B 
secretion. Furthermore, we leveraged a disease classifier to discriminate autoimmune disease types and 
healthy states. Our study provides both a resource and a predictive framework at the single-cell level, sup-

porting future targeted therapies for autoimmune diseases.

INTRODUCTION

The immune system, comprising specialized organs, cells, and 

signaling molecules, serves as a robust defense against patho-

genic threats. 1 Autoimmune diseases represent a spectrum of 

immune dysregulatory conditions arising from compromised 

self-tolerance mechanisms, clinically manifesting through auto-

antibody production and heterogeneous pathological presenta-

tions. 2 Currently, researchers have discovered over 150 distinct 

autoimmune disorders affecting multiple organ systems, 

including prototypical conditions such as systemic lupus erythe-

matosus (SLE), rheumatoid arthritis (RA), inflammatory bowel 

disease, multiple sclerosis (MS), systemic sclerosis (SSc), and 

primary Sjö gren’s syndrome (pSS). 3 As central mediators of 

autoimmune pathogenesis, immune cells exhibit dual function-

ality in maintaining immunological homeostasis and driving path-

ological responses. 4–6 While emerging therapies targeting im-

mune cell pathways are advancing through preclinical and 

clinical development, systematic comparative analyses of their 

pathogenic mechanisms across different autoimmune diseases 

remain critically underexplored. 7–9

Autoimmune pathogenesis involves multiple immune cell line-

ages, including T lymphocytes, NK cells, B cells, myeloid popu-

lations, and platelets. Recent studies have highlighted critical 

roles of immune cells and their interactions in driving disease 

pathogenesis and progression. 2 Among these, CD8 + cytotoxic

T lymphocytes (CTLs) emerge as central pathogenic mediators 

through targeted cytolysis of autoantigen-presenting cells. 4 In 

type 1 diabetes and MS, CTLs mediate tissue-specific destruc-

tion of pancreatic β-cells and oligodendrocytes, respectively, 

leading to progressive functional impairment. 10,11 Sustained 

CTL activation perpetuates chronic inflammatory cycles and cu-

mulative tissue damage, thereby amplifying disease progres-

sion. The cytotoxic specificity of CTLs positions them as key 

therapeutic targets for interventional strategies mitigating auto-

immune tissue injury. 12 Additionally, myeloid cells, such as 

monocytes, macrophages, and dendritic cells (DCs), play a 

pivotal role in the development and progression of system in 

autoimmune diseases like SLE, RA, and SSc. 6 In these diseases, 

myeloid cells contribute to immune responses by secreting pro-

inflammatory cytokines and chemokines, as well as promoting 

the activation of autoreactive T and B cells. 13 Overexpression 

of TNFSF13B (BAFF) is critical to autoimmune pathology, as it al-

lows autoreactive B cells to escape deletion, thereby promoting 

autoantibody production and correlating with increased disease 

activity in conditions such as SLE and MS. 14–16 However, precise 

characterization of immune cell subpopulation heterogeneity 

across autoimmune conditions requires systematic delineation. 

Despite multiple integral pan-cancer single-cell RNA 

sequencing (scRNA-seq) analysis of immune cells having been 

performed in diverse cancer types, 17–20 scRNA-seq technology 

also provides the opportunity to investigate fluctuations in cell
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status and the strength of cell plasticity and it is increasingly 

applied in autoimmune diseases. 21,22 scRNA-seq profiling of ce-

rebrospinal fluid in MS has identified localized T and B cell inter-

actions as critical disease mediators, exemplified by the upregu-

lation of the BAFFR-driven non-canonical NF-κB pathway in 

memory B cells during active disease, which confirms active 

TNFSF13B (BAFF) signaling within the central nervous sys-

tem. 23,24 In RA, analyses of synovial tissue have delineated 

distinct cellular and molecular pathways underlying seropositive 

versus seronegative disease subtypes. 25 Studies on SLE 

demonstrate three hallmark features: upregulation of type I inter-

feron-stimulated genes (ISGs) in monocytes, a concomitant 

reduction of naive CD4 + T cells correlating with monocytic ISG 

expression, and the expansion of clonally restricted CD8 + 

GZMH + cytotoxic T cells. 26 What is more, SLE stratification 

based on TNFSF13B and IFN-I bioactivity for biologics and impli-

cations of TNFSF13B produced by glomeruli in lupus nephritis. 27 

Research on UC has identified disease-specific CD8 + T cell phe-

notypes with clonal expansion patterns and characterized termi-

nally differentiated, dysfunctional IL-26-expressing CD8 + T cell 

populations. 28 However, it is important to note that current 

scRNA-seq investigations remain constrained by limited sample 

sizes and disease-specific focus, raising concerns about the 

generalizability of these findings across the broader autoimmune 

disease spectrum.

Previous single-cell studies in pan-autoimmunity have provided 

valuable insights by focusing on either circulating cells (peripheral 

blood mononucleal cells), 29 or specific, isolated immune lineages, 

such as CD4 + T cells 30 or myeloid cells. 31 However, these studies 

have largely centered on specific aspects of the immune system, 

a more comprehensive immune landscape that integrates multiple 

cell lineages and tissues remains to be established.

In this study, we integrated public and in-house scRNA-seq 

data to construct the immune landscape across 6 distinct auto-

immune diseases, characterizing the molecular features of 

various immune cell types. 25,28,32–38 This provides a more 

comprehensive atlas than previous works by integrating data 

from all major immune lineages. Critically, we also included sam-

ples from local disease-affected tissues, not just peripheral 

blood, allowing us to construct a more complete single-cell 

map of the immune state in patients with autoimmune disease. 

We developed a practical disease classifier to distinguish auto-

immune diseases using random forest algorithm. Our compre-

hensive immune cell compendium would provide an unprece-

dented resource for understand the global properties of the 

immune cells and guide the development of immunotherapies 

for multiple human autoimmune diseases.

RESULTS

Landscape of immune cells in 6 autoimmune diseases 

revealed by single cell RNA analysis

To characterize immune cells in autoimmune diseases, we 

compiled scRNA-seq data from both our newly generated data-

set with 12 patients diagnosed with one of the four autoimmune 

diseases and ten additional published datasets. These data 

covered six autoimmune diseases, including 239 samples 

from 123 patients and 54 healthy controls (HCs) (Figure 1A,

Tables S1 and S2). In total, our integrated atlas contains 41 sam-

ples with scTCR-seq information (Table S3). However, the public 

data within this set was limited almost exclusively to ulcerative 

colitis (UC). Our 12 in-house samples, which are included in 

this total, make a critical contribution by providing high-quality, 

paired scRNA-seq and scTCR-seq data for pSS, SLE, and RA. 

This addition was indispensable, as it uniquely allowed us to 

quantify clonal expansion and directly link transcriptional states 

to specific clonotypes, enabling a cross-disease T cell analysis 

that was not previously possible. After strict quality control and 

filtering, we collected a total of 1,332,505 high-quality cells 

derived from local tissues and peripheral blood across six auto-

immune diseases (Figure 1B).

To unbiasedly reveal the population features of immune cells 

in autoimmune diseases, we integrated all datasets using the 

batch effect correction algorithm Harmony and performed unsu-

pervised clustering with Seurat. As excepted, unsupervised 

clustering on immune cells revealed five distinct populations 

of T cells, NK cells, B cells, myeloid cells, and platelets 

(Figure S1A). Our integration validation confirms that technical 

batch effects (‘‘Dataset’’) were successfully removed while true 

biological structure (‘‘Disease’’ and ‘‘Tissue’’) was preserved 

(Figures 1D, S1B, and S1C). Therefore, our integration is robust, 

and our downstream analyses reflect genuine biological signals. 

Further clustering of the aforementioned groups gave rise to 

12 T cell subpopulations, two NK cell subpopulations, 17 

myeloid cell subpopulations, six B cell subpopulations, and 

one platelet cell subpopulation, totaling 38 subpopulations, 

which were identified by differential expression of canonical 

cell markers (Figures 1C, 1D, and S1D–S1F). Specifically, 

T cells were identified by expression of CD3D, NK cells by 

FCGR3A and XCL1, B cells by CD79A, macrophages by CD68, 

pDC by CLEC4C, and plasma by MZB1 and XBP1 expression 

(Figures S1G–S1J). The Jaccard index results between our iden-

tified cell annotations and the original article’s clustering annota-

tions demonstrate the stability of the clustering (Figure S2).

To systematically delineate shared and divergent immune dys-

regulation across autoimmune pathologies, we employed propor-

tionality analysis of our integrated datasets. This approach re-

vealed pan-disease enrichment of CD8T_CT_1, B_Naive cells, 

and non-classical monocytes compared to HCs, while other 

myeloid subpopulations exhibited disease-specific distribution 

patterns with distinct pathological enrichment profiles across 

different disorders. Specifically, patients with SSc showed an 

enrichment of the Macro_CXCL2 subpopulation, whereas the 

CD14Mono_AMBRA1 subpopulation was prominent in MS, pSS, 

and UC. Although AMBRA1 is not canonical, this finding is biolog-

ically robust: AMBRA1 regulates autophagy, a process implicated 

in autoimmunity, 39 and is linked to myeloid cell infiltration. 40 Mean-

while, the CD14Mono_LYZ subpopulation was distinctly enriched 

in patients with SLE (Figure 1E). In summary, we constructed a 

detailed transcriptomic landscape of immune cells at single-cell 

resolution across multiple autoimmune diseases.

Characterization of disease- and cell type-specific 

transcriptional features across autoimmune diseases 

To identify shared and disease-specific transcriptional programs 

across diverse autoimmune pathologies, we developed a
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framework to group co-regulated genes. We first calculated 

differentially expressed genes within each cell type-disease-tis-

sue combination and then applied hierarchical clustering to 

group genes with similar expression patterns (see STAR

Methods for details). This systematic approach identified 41 

distinct gene clusters (GCs), which we define as modules of 

genes that exhibit coordinated transcriptional behavior across 

different cell types and pathological conditions (Figures 2A and
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Figure 1. Overview of the pan-autoimmune disease immune cell atlas

(A) Schematic overview of the methodology of construction of the atlas, from data curation, through processing to analysis.

(B) Bar graphs representing the number of samples (top) and the number of cells (bottom) for each disease, stratified by tissue of origin.

(C) UMAP visualization of immune cells in the atlas.

(D) UMAP showing the distribution of data sources.

(E) Bubble plots show the expansion of cell subsets in the disease tissue relative to the healthy state. The bubble size represents the proportion of that cell subset 

to all cells in the disease of the corresponding tissue, and the bubble color represents the scaled fold change of the disease of the corresponding tissue relative to 

the change in the proportion of cells in the healthy person of the corresponding tissue.

See also Figures S1 and S2 and Tables S1, S2, S3, and S4.
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Figure 2. Identification of gene cluster (GC) through cross-comparison of autoimmune disease immune cell atlas

(A) Heatmap of gene cluster scores in different tissue disease cell subsets, asterisk indicates a gene cluster with p value <0.05, Mann-Whitney test, and |log2(fold 

change) of gene cluster score (disease vs. HC)| > 0.5.

(B) Annotation information of gene cluster and its representative genes.

(C) Bar plot of variance contributions for gene-list covariates, including cell subgroup, disease, and tissue, ranked from largest to smallest contribution by cell 

subgroup covariate.

(legend continued on next page)
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S3A; Table S5). Furthermore, to ensure our GCs were robust to 

technical artifacts, we performed a variance contribution anal-

ysis (see Method details). This analysis (Figure S3B) confirmed 

that the variance explained by ‘‘Dataset’’ (batch) was minimal 

for all GCs (less than 0.15). Subsequent association analyses 

of these GCs revealed distinct, cell type-specific patterns. Eight 

GCs were associated with myeloid cells and were enriched in 

interferon responses (GC26), secretory granule lumen (GC08), 

and signal transduction pathways (GC09 and GC41), along 

with other clusters spanning metabolic, inflammatory, and regu-

latory processes while five GCs were correlated with NK cells, 

including cell chemotaxis (GC34) and cell rolling (GC28). More-

over, six GCs were correlated with T cell biology, including cyto-

lytic granule (GC40) and T cell activation (GC33), while three GCs 

showed B cell linkage, involving B cell activation pathways 

(GC22). The remaining GCs lacked specific cellular associations, 

suggesting potential tissue-specific or disease-agnostic func-

tions (Figure 2B).

To quantify the relative contributions of disease status, cellular 

identity, and tissue origin to transcriptional variation, a systematic 

variance partitioning analysis was conducted. Three distinct pat-

terns emerged: (1) GC40 and GC08 exhibited predominant asso-

ciations with cellular identity (CD8 + T cells and CD14 + mono-

cytes, respectively) alongside additional contributions from 

disease status; (2) GC10, GC37, GC21, and GC13 demonstrated 

strong disease-driven regulation, representing conserved tran-

scriptional programs across pathologies; and (3) a substantial 

proportion of GCs displayed hybrid regulatory influences, 

indicating complex interplay between biological variables 

(Figure 2C). To resolve the cell type-specific functional architec-

ture of prioritized GCs, we then scored the GCs with a variance 

contribution score higher than 0.65 for each cell type and visual-

ized the scores of each GC on the UMAP plot and boxplot. Cyto-

toxic GC40 demonstrated exclusive enrichment in CD8 + T cell 

compartments, aligning with their effector roles (Figure 2D). 

Conversely, myeloid-enriched clusters (GC08) showed peak ac-

tivity in CD14 + monocytes, mirroring their functional specializa-

tion in secretory granule lumen (Figure 2E). Quantitative validation 

through boxplot analyses confirmed these distribution patterns 

with statistical rigor, demonstrating significant differences in 

GC activity scores across cellular subsets. Collectively, our 

data delineated disease-specific transcriptional networks from 

constitutive cellular processes while revealing conserved patho-

genic modules across immune disorders, establishing a mecha-

nistic hierarchy of transcriptional regulation through systems-

level resolution.

Enhanced cytotoxicity and clonal expansion of 

CD8T_CT_1 cells in autoimmune diseases

Given the central role of CD8 + T cells in adaptive immunity, 41 we 

conducted quantitative scoring analyses to delineate the associ-

ation between CD8T-associated GC40 and CD8 + T subpopula-

tions. Systematic evaluation revealed CD8T_CT_1 as the 

dominant subset exhibiting the strongest GC40 correlation 

(Figures 3A–3C). In CD8T_CT_1 subgroup, we found significant 

differences in GC40 scores between MS, RA, SLE, pSS, and 

healthy subjects (Figure S4A). To molecularly validate this asso-

ciation, we performed gene ontology(GO) enrichment analysis, 43 

demonstrating concordant enrichment of both CD8T_CT_1 up-

regulated genes and GC40 components in cytolytic granule 

pathway (Figure S4B). Expanding this observation to disease 

contexts, single-cell profiling revealed significant elevation of 

GC40 scores in autoimmune conditions compared to HCs, 

particularly across cytotoxicity and TCR signaling pathways 

(Figure 3D and Table S6), suggesting conserved pathogenic acti-

vation patterns. Consistent with this, quantification of cytotoxic 

molecule expression between morbid and healthy subpopula-

tions confirmed disease-specific functional upregulation 

(Figure 3E). UMAPs show the expression of representative cyto-

toxic molecules, GZMA and GZMH, across disease conditions, 

further supporting the disease-specific activation of cytotoxic 

programs (Figure S4C).

To delineate the functional trajectory of autoimmune-associ-

ated cytotoxic T cell populations, we conducted longitudinal 

profiling of clonal dynamics across disease progression stages. 

Notably, comparative cellular indexing demonstrated preferen-

tial expansion of CD8T_CT_1 within the CD8 + T cell compart-

ment (Figure 3F), hinting at clonal proliferation dynamics. This 

hypothesis was substantiated by TCR repertoire analysis, where 

CD8T_CT_1 exhibited the most pronounced clonal expansion 

signature in pathological states (Figure 3G). Collectively, these 

findings establish enhanced cytotoxic functionality coupled 

with clonal expansion as hallmark features of CD8 + T cells in 

autoimmune pathogenesis. 44–47

To trace the developmental origins of CD8T_CT_1, we inte-

grated STARTRAC lineage tracing with single-cell trajectory 

modeling (Figure S5A), showing that the transition probability 

(pIndex.tran) from CD8T_naive to the CD8T_CT_1 state was 

stronger in disease patients than in HCs. Computational decon-

volution revealed naive T cells as the predominant precursors 

differentiating into cytotoxic effectors under disease conditions. 

Careful analysis of individual TCR clonal distribution revealed 

identical clonotypes shared between the CD8T_naive population 

and its terminally differentiated progeny, CD8T_CT_1 progeny 

(Figure 3H). Spatiotemporal validation through CellRank pseu-

dotemporal ordering delineated a progressive differentiation tra-

jectory from naive states to CD8T_CT_1 (Figure 3I). When exam-

ining each disease individually, CD8 + T cells exhibited the same 

transition trend from CD8T_Naive subset to CD8T_CT_1 subset 

(Figures S5B and S5C). Furthermore, pseudotemporal analysis 

along this trajectory (Figure 3J) revealed distinct pathogenic dy-

namics: ‘‘Disease’’ cells exhibited a more rapid upregulation of 

the cytotoxic marker GZMA, concurrent with a faster loss of 

the naive marker IL7R, compared to HCs.

(D) Boxplot showing the distribution of GC40 score (left). UMAP showing the distribution of GC40 score (right). (Data are represented as median and interquartile 

range, with whiskers extending to 1.5×IQR).

(E) Boxplot showing the distribution of GC08 score (left). UMAP showing the distribution of GC08 score (right). (Data are represented as median and interquartile 

range, with whiskers extending to 1.5×IQR).

See also Figure S3 and Table S5.
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Figure 3. T cells are significantly expanded and their cytotoxicity function is upregulated in patients with autoimmune diseases

(A) UMAP plots showing distribution of CD8 + T cell subsets.

(B) UMAP plots as in (A) but showing distribution of GC40 score.

(C) Boxplot showing the GC40 score in different CD8 + T subsets. (Data are represented as median and interquartile range, with whiskers extending to 1.5×IQR).

(D) UMAP showing cytotoxicity score (up left) and TCR pathway score (bottom left) in different diseases. Boxplot showing the cytotoxicity scores (up right) and 

TCR pathway scores (bottom right) between autoimmune disease and healthy control T cells. (Data are represented as median and interquartile range, with 

whiskers extending to 1.5×IQR, Mann-Whitney test, *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001).

(E) Mean expression of cytotoxicity molecules in disease and healthy states. Rows represent individual genes, and columns represent individual samples. The 

color scale indicates relative gene expression levels, ranging from low (purple) to high (yellow).

(F) UMAP showing the distribution of clonal expansion in T cells. Cells with a clonal expansion number greater than three are shown in orange, and the remaining 

cells are shown in blue.

(G) Proportion of subsets with clonal expansion greater than 3 within CD8 + T cell subsets between autoimmune disease and healthy control. (Data are repre-

sented as median and interquartile range, with whiskers extending to 1.5×IQR, t test, *p < 0.05).

(legend continued on next page)
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Mechanistically, CD8T_CT_1-mediated immunopathology 

appears driven by stromal crosstalk. Comparative interactome 

profiling demonstrated disease-specific intensification of 

CD8T_CT_1-stromal interactions as assessed by CellChat 

(Figure S6A). NicheNet network analysis of differentially ex-

pressed ligand-receptor pairs identified a conserved upregula-

tion of IFNG signaling in CD8T_CT_1 subsets across multiple pa-

thologies, with parallel activation of cognate receptor pathways 

in stromal compartments (Figure S6B). Cross-disease validation 

confirmed IFNG hyperactivation in pSS and SLE microenviron-

ments (Figure S6C), positioning IFNG-mediated T cell-stromal 

communication as a central axis of cytotoxic effector function 

in autoimmune pathogenesis. Thus, our findings identified 

GC40-associated cytotoxic transcriptional programming and 

CD8T_CT_1 clonal expansion as central drivers of autoimmunity, 

unified through IFNG-mediated stromal crosstalk.

Secretory CD14 + monocytes subpopulations drive 

enhanced TNFSF13B signaling in autoimmune diseases 

To visualize the distribution of disease-associated gene pro-

grams, we focused on the myeloid populations, which we clus-

tered into distinct subtypes (Figure 4A). Our integration analysis 

shows that circulating monocyte populations are well-integrated 

across datasets, while the biological separation of tissue-resi-

dent/disease-specific macrophages is correctly preserved 

(Figures S7A–S7C). This confirmed that these subtypes repre-

sent robust biological entities, not technical artifacts. Having 

validated this UMAP, we then projected the GC08 gene score, 

revealing its specific enrichment pattern within these myeloid 

subtypes (Figure 4B). To further elucidate myeloid cell subtypes 

associated with disease clusters GC08, we performed GC08 

gene scores across myeloid subpopulations. CD14Mono popu-

lations received the highest enrichment scores (Figure 4C). 

Comparative assessment across disease cohorts and HCs re-

vealed significant upregulation of GC08 in MS, SLE, and pSS pa-

tients (Figure 4D). GO enrichment analysis 43 provided molecular 

validation for this association, revealing a shared enrichment of 

upregulated genes in CD14 + monocytes and GC08 constituents 

within the secretory granule lumen (Figure S7D and Table S6). 

The secretory granule lumen acts as a crucial reservoir within 

myeloid cells, concentrating and storing pre-synthesized cyto-

kines. This enables the cell to mount a rapid and massive 

response by releasing these potent signaling molecules immedi-

ately upon immune stimulation through a process called degran-

ulation. Building on this principle, we compared the expression 

of cytokine-related genes across different myeloid cell subsets 

to identify their specific cytokine profiles. By highlighting genes 

expressed in over 20% of cells within a given subpopulation 

(fraction of cells in group >0.2), our analysis revealed that 

CD14 + monocytes predominantly express a distinct set of cyto-

kines, including TNFSF13B, CCL5, PPBP, IL32, TNFSF12, and 

IL1B. Notably, TNFSF13B emerged as a key factor, demon-

strating particularly high and widespread expression throughout

the CD14 + monocyte population (Figure S7E). To investigate the 

clinical relevance of these cytokines characteristically secreted 

by CD14 + monocytes, we compared their gene expression levels 

under various disease states. We found that the vast majority of 

these cytokines were upregulated in MS, RA, SLE, and pSS rela-

tive to HCs. Specifically, the expression of TNFSF13B was 

elevated in MS, SLE, and pSS compared to healthy individuals, 

highlighting its potential role in the pathology of these autoim-

mune diseases (Figure S7F).

Recognizing the functional convergence of secretory mecha-

nisms in intercellular communication, we performed a system-

atic interaction analysis using CellChat. This revealed that, 

compared to HCs, disease states were characterized by a 

notable increase in both the strength and number of interactions 

between the CD14 + monocyte population and both plasma cells 

and macrophages (Figure S7G). Delving into the specific outgo-

ing signals driving this change, we identified a notable upregula-

tion in the TNFSF13B-TNFRSF17 interaction between CD14 + 

monocytes and plasma cells, as well as in the PPIA-BSG interac-

tion between CD14 + monocytes and macrophages, in disease 

states relative to HCs (Figure 4E).

Our interaction analysis identified significant signaling from 

CD14 + Monocytes to Plasma Cells, which was enriched in dis-

ease states. The primary drivers of this predicted interaction 

were the TNFSF13B (BAFF) and APRIL signaling pathways. Sub-

sequent NicheNet analysis focusing on the plasma cells 

(receiver) and CD14 + monocytes (sender) populations identified 

TNFSF13B as the second-ranked ligand, based on area under 

the precision-recall curve (AUPR) analysis, along with 

augmented TNFSF13B-TNFSF17 ligand-receptor interactions 

(Figure S7H, left). Dissecting these CellChat results at the individ-

ual disease level, we found that the interaction between CD14 + 

monocytes and plasma cells was significantly upregulated in 

MS, pSS, and SSc relative to HCs—a trend consistent with the 

GC08 score behavior across these conditions (Figure 4F). A 

more granular analysis of the contributing ligand-receptor pairs 

confirmed that this enhanced crosstalk was predominantly 

driven by TNFSF13B-mediated signaling, specifically through 

the TNFSF13B-TNFRSF17 and TNFSF13B-TNFRSF13C inter-

actions. Our study elucidates a key pathogenic mechanism 

wherein CD14 + monocytes, through the upregulation of the 

secretory ligand TNFSF13B, drive enhanced cellular crosstalk 

with plasma cells across a spectrum of autoimmune diseases. 

Building on our finding of enriched monocyte-to-plasma cell 

communication, we propose a key pathogenic mechanism. 

The over-expression of TNFSF13B (BAFF) and APRIL by acti-

vated CD14 + monocytes likely creates a pro-survival niche. 

This excessive signaling can rescue auto-reactive plasma cell 

clones from apoptosis, allowing them to persist and secrete 

pathogenic auto-antibodies. 48 This mechanism is consistent 

with the well-documented role of BAFF in autoimmune patho-

genesis 49 and the clinical efficacy of BAFF-inhibiting therapies 

in conditions like SLE. 50

(H) UMAP showing the distribution of the same clones in T cells.

(I) Developmental trajectory of T subsets inferred by CellRank. 42

(J) The patterns of gene expression along with the pseudotime. (Data are represented as the mean expression level). 

See also Figures S4–S6 and Table S6.
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Figure 4. Secretory CD14 + monocytes drive enhanced TNFSF13B signaling in autoimmune diseases

(A) UMAP plots showing distribution of myeloid cell subsets.

(B) UMAP plots as in (A) but showing distribution of GC08 score.

(C) Boxplot showing the GC08 score in different myeloid subsets. (Data are represented as median and interquartile range, with whiskers extending to 1.5×IQR).

(D) Differential number and strength of interactions between autoimmune disease and healthy subpopulations in CD14 + monocytes. Red lines indicate in-

teractions number upregulated in the disease state, blue lines indicate interactions upregulated in the healthy state, and line width reflects interaction strength.

(E) The bubble plot shows significantly upregulated communications in autoimmune disease samples compared to healthy controls. Each row corresponds to a

ligand-receptor pair, and each column represents an interaction from CD14 + monocytes source cell to other cells. The color indicates the communication

(legend continued on next page)
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Application of random forest classifier in predicting 

autoimmune diseases

Recent advancements in artificial intelligence have revolution-

ized tumor classification methodologies and deepened our un-

derstanding of disease pathogenesis. 51–54 Building upon the 

newly identified shared and disease-specific gene signatures, 

we developed a machine learning framework for the automated 

classification of autoimmune diseases through a two-stage hier-

archical approach. 55,56 The primary screening step effectively 

differentiates between patients and HCs, while the secondary 

subclassification module enables the precise identification of 

specific autoimmune conditions, including MS, RA, SLE, SSc, 

pSS, and UC (Figure 5A). The model demonstrated exceptional 

performance with near-perfect accuracy in distinguishing auto-

immune patients from HCs. Disease-specific classification 

achieved robust accuracy, with scores exceeding 0.8 for major 

autoimmune conditions. However, it showed limited efficacy in 

differentiating UC from HCs (Jaccard index = 0.70), a finding 

that may be attributed to genetic and phenotypic similarities be-

tween UC and non-disease states (Figure 5B). To rule out batch 

effects, we performed a ‘‘leave-one-study-out’’ cross-validation 

using our pSS cohort. We held out one pSS dataset 

(‘‘GSE157278’’) and re-trained the classifier on the remaining 

data, including another pSS dataset (‘‘HRA003613’’). The model 

demonstrated strong generalization when predicting the held-

out ‘‘GSE157278’’ samples (Figure 5C), confirming it learned a 

robust biological signature for pSS. To test the generalizability 

of our classifier, we projected an external dataset from an un-

seen autoimmune disease not included in our training data: pso-

riasis (PS) (Table S8). 57–66 As shown in Figure 5C (left and mid-

dle), cells from this novel disease mapped almost entirely 

within our ‘‘unlabeled’’ (general disease) region. We quantified 

this projection using a Jaccard index heatmap (Figure 5C, right), 

which confirmed that 91% of the PS cells were correctly classi-

fied as ‘‘unlabeled’’ (the general disease state).

We further evaluated the classifier’s performance using ROC 

curves, accuracy, and precision metrics (Figures 5E–5G). 

Consistent with the Jaccard index results, the classifier effec-

tively differentiated between disease and non-disease states, 

achieving an overall prediction accuracy of 95%. Additionally, 

the model’s ROC-AUC for classifying HCs was 0.87, a result 

likely constrained by the low discriminability between HC and 

UC, the pair with the poorest classification performance. This 

robust performance across multiple evaluation parameters con-

firms that our disease-differentiating gene signatures effectively 

capture critical pathophysiological features of autoimmune dis-

orders. To ensure methodological rigor, we validated our find-

ings using two distinct random forest implementations (SCVI

and Seurat), both of which demonstrated performance compa-

rable to our primary classifier (Figure S8). These consistent re-

sults across multiple analytical platforms highlight the reliability 

of our model. Taken together, we present an efficient random 

forest classifier for the prediction of autoimmune diseases, 

showcasing its potential as a valuable tool for disease diagnosis 

and classification.

DISCUSSION

Our comprehensive analysis of over 1.3 million cells from 239 

samples across six autoimmune diseases systematically delin-

eates the previously underappreciated complexity of immune 

cell heterogeneity, providing new insights into disease-specific 

and cell type-driven transcriptional reprogramming. By inte-

grating single-cell transcriptomic profiling with functional anno-

tations, we reveal how distinct immune cell subsets contribute 

to autoimmune pathogenesis through divergent molecular 

mechanisms and intercellular crosstalk.

The identification of 41 GCs with cell lineage- and disease 

state-specificity provides a granular view of autoimmune-asso-

ciated transcriptional dysregulation. Variance decomposition 

further highlights a critical bifurcation in regulatory control: while 

clusters such as GC40 and GC08 reflect cell-intrinsic signatures 

(e.g., T cell cytotoxicity or myeloid secretory responses), sug-

gesting their potential utility as context-dependent biomarkers. 

A central finding is the clonal expansion of cytotoxic 

CD8T_CT_1 cells from naive precursors in autoimmune states, 

marked by heightened expression of effector molecules 

(GZMB and GZMK) and TCR signaling activation. This observa-

tion aligns with emerging paradigms of antigen-driven T cell pa-

thology in autoimmunity 67,68 and positions CD8T_CT_1 as a 

therapeutic target for mitigating cytotoxic tissue damage. 44 In 

line with previous studies, CD8T-CT_1 was found to interact 

with stromal cells 47,69,70 through interferon gamma. 71,72 Simi-

larly, interferons have been highlighted as critical mediators in 

autoimmune disease pathogenesis. 73–76 Complementary 

myeloid analyses reveal that CD14 + monocytes orchestrate in-

flammatory cascades via GC08-associated secretory programs 

and TNFSF13B-TNFRSF17/TNFRSF13C-mediated crosstalk 

with plasma cells. 72 Previous studies have shown that upregula-

tion of TNFRSF17 signaling in autoimmune diseases is associ-

ated with disease development and progression. 14–16,24,27,77–80 

Our comprehensive single-cell atlas across six autoimmune dis-

eases identifies two complementary arms of immunopathology. 

We reveal the antigen-driven clonal expansion of cytotoxic CD8 + 

T cells, alongside the orchestration of inflammatory networks by 

CD14 + monocytes through TNFSF13B-mediated crosstalk with

probability in autoimmune disease group, with red denoting higher strength. The dot size corresponds to the p value from the differential analysis, where larger 

dots indicate more significant upregulation in autoimmune disease. (One-sided permutation test, p values are shown according to the size of the circles in the 

figure).

(F) Differential number and strength of interactions between six diseases and healthy subpopulations in CD14 + monocytes. Red lines indicate interactions number 

upregulated in the disease state, blue lines indicate interactions upregulated in the healthy state, and line width reflects interaction strength.

(G) The bubble plot shows significantly upregulated communications in pSS, MS, and SLE samples compared to healthy controls. Each row corresponds to a 

ligand-receptor pair, and each column represents an interaction from CD14 + monocytes source cell to other cells. The color indicates the communication 

probability in autoimmune disease group, with red denoting higher strength. The dot size corresponds to the p value from the differential analysis, where larger 

dots indicate more significant upregulation in autoimmune disease (one-sided permutation test, p < 0.01).

See also Figure S7 and Table S6.
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plasma cells. These bidirectional interactions may create self-

sustaining inflammatory circuits, offering mechanistic explana-

tions for disease chronicity.

Our machine learning framework advances autoimmune diag-

nostics by achieving >90% classification accuracy for MS, RA, 

SSc, and SLE through large-scale data integration. The model’s 

reduced efficacy in distinguishing UC from HCs (Jaccard index = 

70%) is likely due to overlapping transcriptional signatures, 

echoing recent reports of UC’s unique molecular proximity to 

non-disease states. 81,82 This limitation highlights the necessity 

of incorporating proteomic, metabolomic, or epigenetic layers 

to resolve phenotypically ambiguous conditions.

In conclusion, our study advances the current understanding 

of autoimmune diseases from an integrative perspective, shed-

ding light on the heterogeneity of immune cells and developing 

a scRNA-sequencing data-based disease classifier. We hope 

that our comprehensive dataset will serve as a valuable resource 

for understanding immune cells in various autoimmune diseases 

and contribute to new immune cell-targeted therapy develop-

ment and application in the future.

Limitations of the study

Although our study provides proof of principle as the first single-

cell analysis of multiple autoimmune diseases, it has several 

limitations. First, the limited sample size and lack of compre-

hensive clinical information from public datasets may affect 

the generalizability of our findings. In particular, the predomi-

nant female representation in our cohort, while reflecting the 

epidemiology of autoimmune diseases, limits our ability to eval-

uate sex-specific differences or generalize findings to male pa-

tients. A larger cohort with matched clinical information is ex-

pected to improve the robustness of our results. Second, we 

only proved the possible alternative origin of CD8T_CT_1 

mainly through bioinformatic trajectory analyses. It would 

be interesting to explore the spatial relationship between 

CD8T_CT_1 and naive T cells through mIHC with specific 

markers. Third, our analysis relies exclusively on transcriptomic 

data. It is well-established that mRNA levels do not always 

perfectly correlate with protein expression and subsequent 

cellular function. Therefore, future studies should incorporate 

proteomics and direct functional assays to validate that the 

observed transcriptional changes in pathways like cytotoxicity 

and cytokine secretion translate to functional cellular actions. 

Finally, distinguishing autoimmune diseases has been achieved 

through random forest classifier. In future enhancements, the 

accuracy and efficiency will need to be tested with extended

autoimmune disease dataset and to compare with other ma-

chine learning approaches.
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Figure 5. Two-stage random forest classifier in predicting autoimmune diseases

(A) Two-stage random forest classifier workflow.

(B) UMAP showing the distribution of predicted disease (left) and true disease (middle) using autoimmune disease data, the heatmap shows the Jaccard index of 

the predicted results and reference values (right).

(C) UMAP showing the distribution of predicted disease (left) and true disease (middle) using autoimmune disease data, the heatmap shows the Jaccard index of 

the predicted results and reference values (right) with leave-one-out way of the SCVI-tools results.

(D) UMAP showing the distribution of predicted disease (left) and true disease (middle) using psoriasis (PS) data, the heatmap shows the Jaccard index of the 

predicted results and reference values (right).

(E) ROC curves for predicting different autoimmune diseases.

(F) Prediction accuracy by true value of different autoimmune diseases. Data are represented as the classification accuracy score for each group.

(G) Prediction precision by true value of different autoimmune diseases. Data are represented as the classification precision score for each group.

See also Figure S8 and Tables S7 and S8.
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C.V.R., Menche, J., and Boztug, K. (2023). AutoCore: A network-based 

definition of the core module of human autoimmunity and autoinflamma-

tion. Sci. Adv. 9, eadg6375. https://doi.org/10.1126/sciadv.adg6375.

83. Xiang, N., Xu, H., Zhou, Z., Wang, J., Cai, P., Wang, L., Tan, Z., Zhou, Y., 

Zhang, T., Zhou, J., et al. (2023). Single-cell transcriptome profiling reveals 

immune and stromal cell heterogeneity in primary Sjogren’s syndrome. iS-

cience 26, 107943. https://doi.org/10.1016/j.isci.2023.107943.

84. Stanley, S., Vanarsa, K., Soliman, S., Habazi, D., Pedroza, C., Gidley, G., 

Zhang, T., Mohan, S., Der, E., Suryawanshi, H., et al. (2020). Comprehen-

sive aptamer-based screening identifies a spectrum of urinary biomarkers 

of lupus nephritis across ethnicities. Nat. Commun. 11, 2197. https://doi. 

org/10.1038/s41467-020-15986-3.

85. Wolf, F.A., Angerer, P., and Theis, F.J. (2018). SCANPY: large-scale single-

cell gene expression data analysis. Genome Biol. 19, 15. https://doi.org/ 

10.1186/s13059-017-1382-0.

86. Qiu, X., Mao, Q., Tang, Y., Wang, L., Chawla, R., Pliner, H.A., and Trapnell, 

C. (2017). Reversed graph embedding resolves complex single-cell trajec-

tories. Nat. Methods 14, 979–982. https://doi.org/10.1038/nmeth. 

4402980.

87. Wolock, S.L., Lopez, R., and Klein, A.M. (2019). Scrublet: Computational 

Identification of Cell Doublets in Single-Cell Transcriptomic Data. Cell 

Syst. 8, 281–291.e9. https://doi.org/10.1016/j.cels.2018.11.005.

88. Korsunsky, I., Millard, N., Fan, J., Slowikowski, K., Zhang, F., Wei, K., Ba-

glaenko, Y., Brenner, M., Loh, P.R., and Raychaudhuri, S. (2019). Fast, 

sensitive and accurate integration of single-cell data with Harmony. Nat. 

Methods 16, 1289–1296. https://doi.org/10.1038/s41592-019-0619-0.

89. Baran, Y., Bercovich, A., Sebe-Pedros, A., Lubling, Y., Giladi, A., Chom-

sky, E., Meir, Z., Hoichman, M., Lifshitz, A., and Tanay, A. (2019). MetaCell: 

analysis of single-cell RNA-seq data using K-nn graph partitions. Genome 

Biol. 20, 206. https://doi.org/10.1186/s13059-019-1812-2.

90. Virtanen, P., Gommers, R., Oliphant, T.E., Haberland, M., Reddy, T., Cour-

napeau, D., Burovski, E., Peterson, P., Weckesser, W., Bright, J., et al. 

(2020). SciPy 1.0: fundamental algorithms for scientific computing in Py-

thon. Nat. Methods 17, 261–272. https://doi.org/10.1038/s41592-019-

0686-2.

91. Hoffman, G.E., and Schadt, E.E. (2016). variancePartition: interpreting 

drivers of variation in complex gene expression studies. BMC Bioinf. 17, 

483. https://doi.org/10.1186/s12859-016-1323-z.

92. Zhang, L., Yu, X., Zheng, L., Zhang, Y., Li, Y., Fang, Q., Gao, R., Kang, B., 

Zhang, Q., Huang, J.Y., et al. (2018). Lineage tracking reveals dynamic re-

lationships of T cells in colorectal cancer. Nature 564, 268–272. https:// 

doi.org/10.1038/s41586-018-0694-x.

93. Efremova, M., Vento-Tormo, M., Teichmann, S.A., and Vento-Tormo, R. 

(2020). CellPhoneDB: inferring cell-cell communication from combined 

expression of multi-subunit ligand-receptor complexes. Nat. Protoc. 15, 

1484–1506. https://doi.org/10.1038/s41596-020-0292-x.

94. Browaeys, R., Saelens, W., and Saeys, Y. (2020). NicheNet: modeling 

intercellular communication by linking ligands to target genes. Nat. 

Methods 17, 159–162. https://doi.org/10.1038/s41592-019-0667-5.

95. Jin, S., Guerrero-Juarez, C.F., Zhang, L., Chang, I., Ramos, R., Kuan, C.H., 

Myung, P., Plikus, M.V., and Nie, Q. (2021). Inference and analysis of cell-

cell communication using CellChat. Nat. Commun. 12, 1088. https://doi. 

org/10.1038/s41467-021-21246-9.

96. Prevoo, M.L., van ’t Hof, M.A., Kuper, H.H., van Leeuwen, M.A., van de 

Putte, L.B., and van Riel, P.L. (1995). Modified disease activity scores 

that include twenty-eight-joint counts. Development and validation in a 

prospective longitudinal study of patients with rheumatoid arthritis. 

Arthritis Rheum. 38, 44–48. https://doi.org/10.1002/art.1780380107.
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STAR★METHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Biological samples

Peripheral blood mononuclear cells, fully anonymized The First Affiliated Hospital 

of University of Science and 

Technology of China

N/A

Critical commercial assays

Chromium Single Cell 5 ′ Library and Gel Bead kit 10× Genomics Cat #PN-1000006

Chromium Single cell V(D)J Enrichment Kit.Human T cell 10× Genomics Cat #PN-1000005

Chromium i7 Multiplex kit 10× Genomics Cat #PN-120262

Dynabeads MyOne SILANE Thermo Fisher Scientific Cat #PN-2000048

Chromium Single Cell 5 ′ Library Construction kit 10× Genomics Cat #PN-1000020

Nuclease-free Water Thermo Fisher Scientific AM9937

Ethanol, Pure (200 Proof, anhydrous) Millipore Sigma E7023-500 ML

SPRIselect Reagent Kit Beckman Coulter B23318

Qiagen Buffer EB Qiagen 19086

Deposited data

Raw and analyzed data This paper GSA-human: HRA011522

pSS Analyzed public RNA-seq data Xiang et al. 83 HRA003613

pSS Analyzed public RNA-seq data Hong et al. 36 GSE157278

RA Analyzed public RNA-seq data Wu et al. 25 HRA000155

UC Analyzed public RNA-seq data Smillie et al. 34 SCP259

SLE Analyzed public RNA-seq data Stanley et al. 84 SDY997

UC Analyzed public RNA-seq data Boland et al. 28 GSE125527

SSc Analyzed public RNA-seq data Valenzi et al. 33 GSE128169

SLE Analyzed public RNA-seq data Mandric et al. 37 GSE137029

MS Analyzed public RNA-seq data Schafflick et al. 38 GSE138266

MS Analyzed public RNA-seq data Kaufmann et al. 32 GSE144744

PS Analyzed public RNA-seq data Francis et al. 63 GSE228421

PS Analyzed public RNA-seq data Frost et al. 62 GSE221648

PS Analyzed public RNA-seq data Gao et al. 58 GSE162183

PS Analyzed public RNA-seq data Kim et al. 66 GSE278330

PS Analyzed public RNA-seq data Kim et al. 60 GSE198805

PS Analyzed public RNA-seq data Kim et al. 61 GSE183047

PS Analyzed public RNA-seq data Ma et al. 59 GSE173706

PS Analyzed public RNA-seq data Peng et al. 65 GSE248121

PS Analyzed public RNA-seq data Reynolds et al. 57 E-MTAB-8142

PS Analyzed public RNA-seq data Zhu et al. 64 GSE230842

Software and algorithms

Cell Ranger (v5.0.1)(Cell Ranger Single-Cell Software Suite) 10× Genomics https://www.10xgenomics.com/support/

software/cell-ranger/latest

Scanpy(1.9.3) Wolf et al. 85 https://scanpy.readthedocs.io

SCVI(0.20.3) Gayoso et al. 56 https://github.com/scverse/scvi-tools

Seurat(4.1.0) Hao et al. 55 https://satijalab.org/seurat/

Monocle(2.20.0) Qiu et al. 86 http://cole-trapnell-lab.github.io/monocle-

release/

(Continued on next page)
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Human samples and ethical permission

This study was approved by the medical research ethics committee of The First Affiliated Hospital of University of Science and Tech-

nology of China (approval No.2025-KY-217), and all patients provided signed informed consent accordingly before the blood 

sampling.

Patients with autoimmune diseases were eligible for enrollment only if they had not previously received hormonotherapy treat-

ments. Peripheral blood samples (<5 mL) were collected using EDTA anticoagulant tubes.

Clinical data, including disease activity scores (referred to as ‘‘severity of illness score’’ in Table S3), were collected at the time of 

sampling. Disease activity was assessed using validated, disease-specific clinical indices: the Disease Activity Score 28 (DAS28) for 

Rheumatoid Arthritis (RA) patients, 96 the SLE Disease Activity Index (SLEDAI) for Systemic Lupus Erythematosus (SLE) patients, 97,98 

and the EULAR Sjö gren’s Syndrome Disease Activity Index (ESSDAI) for Primary Sjö gren’s Syndrome (pSS) patients. 99

A total of 12 individuals were recruited for this study, including 3 patients with Systemic Lupus Erythematosus (SLE), 3 with Rheu-

matoid Arthritis (RA), 3 with Primary Sjö gren’s Syndrome (pSS), and 3 healthy controls. The cohort consisted of 11 females and 1 

males, ranging in age from 17 to 59 years. Detailed demographic and clinical characteristics of the study participants are provided 

in Table S3. Consequently, statistical analysis of sex-specific differences was not feasible in this specific dataset due to the limited 

number of male participants. We acknowledge this as a limitation of the study’s generalizability regarding sex-based comparisons.

METHOD DETAILS

Single cell collection, sorting, library preparation and sequencing

Peripheral blood was collected using blood collection tubes and carefully layered onto Solarbio Ficoll Plus 1.077 (Catalog No.: 

P4350-200 mL) for density gradient centrifugation. The sample was centrifuged at 400g (∼1500 rpm, 15 cm radius, horizontal rotor) 

for 20 min, and the whitish lymphocyte ring layer was carefully aspirated. The second layer of cells was collected and transferred into 

a tube containing 4–5 mL of physiological saline, mixed thoroughly, and centrifuged again at 400g (∼1500 rpm) for 20 min. A cryo-

preservation medium was prepared by mixing serum and DMSO at a 9:1 ratio. After cell counting, the cells were resuspended in the 

cryopreservation medium at a concentration of 5 × 10 6 to 1 × 10 7 cells/mL, and 1–1.5 mL of the suspension was aliquoted into cryo-

vials for freezing.

To thaw cryopreserved cells, remove the cryovial from liquid nitrogen storage and quickly place it in a 37 ◦ C water bath. Gently swirl 

the vial until the contents are almost completely thawed (approximately 1–2 min). Carefully transfer the thawed cell suspension into a 

15 mL centrifuge tube and slowly add 8–10 mL of pre-warmed RPMI-1640 medium (GIBCO) dropwise while gently mixing to minimize 

osmotic shock. Centrifuge the tube at 500g for 5 min to pellet the cells, discard the supernatant, and gently resuspend the cell pellet in 

1–2 mL of fresh complete medium.

Single cell suspensions were stained with antibodies against CD45 and DAPI for FACS sorting, performed on a sony SH800S in-

strument. Based on FACS analysis, single cells were sorted into 1.5 mL tubes (Eppendorf) and counted manually under the micro-

scope. The concentration of single cell suspensions was adjusted to 500–1200 cells/ul. Cells were loaded between 7,000 and 15,000 

cells/chip position using the 10× Chromium Single cell 5 ′ Library, Gel Bead & Multiplex Kit and Chip Kit (10× Genomics, V2 barcoding

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Scrublet(0.2.3) Wolock et al. 87 https://github.com/swolock/scrublet

Harmony(1.2.1) Korsunsky et al. 88 https://github.com/immunogenomics/

harmony

Metacell(0.7.0) Baran et al. 89 https://tanaylab.github.io/metacell/

Scipy(1.8.0) Virtanen et al. 90 https://scipy.org/

GSEApy(0.10.8)) Fang et al. 43 https://github.com/zqfang/GSEApy

variancePartition(1.22.0) Hoffman et al. 91 https://github.com/GabrielHoffman/

variancePartition

CellRank(1.5.1) Lange et al. 42 https://github.com/theislab/cellrank

STARTRAC(0.1.0) Zhang et al. 92 https://github.com/Japrin/STARTRAC

CellphoneDB(2.0.0) Efremova et al. 93 https://github.com/Teichlab/cellphonedb

NicheNet(2.2.0) Browaeys et al. 94 https://github.com/saeyslab/nichenetr

CellChat(2.1.2) Jin et al. 95 https://github.com/sqjin/CellChat

Custom scripts for this study This paper https://github.com/QuKunLab/

pan-autoimmune_disease
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chemistry) according to the manufacturer’s instructions. All the subsequent steps were performed following the standard manufac-

turer’s protocols. Purified libraries were analyzed by an Illumina Hiseq X Ten sequencer with 150-bp paired-end reads.

Single-cell RNA-Seq datasets collected in this study

We obtained scRNA-seq data on immune cells in 160 samples from 160 patients diagnosed with one of the 6 common autoimmune 

diseases (Figure 1B and Table S1). 29 of these samples also included TCR information. Data from 177 patients (239 samples) were 

obtained from published studies, including those previously generated by us. To supplement the publicly available data and cover the 

cancer types that have not been adequately studied, we collected an additional cohort of 12 treatment-naive patients of 4 autoim-

mune diseases and 4 health doners, and obtained the scRNA-seq data for 160 samples derived from these patients using the 10× 

Genomics platform.

Single-cell RNA-seq data processing

The newly generated scRNA-seq data from 10× Genomics were aligned and quantified using the Cell Ranger Single-Cell Software 

Suite against the GRCh38 human reference genome. The preliminary filtered data generated from Cell Ranger were used for down-

stream analysis. Further quality control was applied to cells based on three metrics step by step, including the total UMI count, num-

ber of detected genes and proportion of mitochondrial gene count per cell. Specifically, cells with less than 2000 UMI count and 500 

detected genes were filtered, as well as cells with more than 10% mitochondrial gene count. To remove potential doublets, cells with 

UMI count above 40,000 and detected genes above 5,000 are also filtered out. Notably, we removed potential doublets predicted by 

Scrublet. For other collected scRNA-seq datasets, we applied the same filtering steps to all datasets. After quality control, we applied 

the library-size correction method to normalize the raw count by using normalize_total function in Scanpy. 85 Then the logarithmized 

normalized count matrix was used for the downstream analysis.

Integration of multiple scRNA-seq datasets by Harmony

We run Harmony, an algorithm that could identify and merge shared cell types among multiple datasets. To remove the batch effects 

within scRNA-seq datasets of 6 autoimmune diseases, group.by.vars were set to Dataset\Tissue1\Sample, and lambda = c(1.2,0.8, 

0.8). The results from Harmony integration and batch correction were then used as input data for scRNA-seq analysis, including high-

ly-variable gene identification and dimension reduction.

Correlation analysis

To quantify the similarity between cell phase states and cell type annotations, we computed the Jaccard Index (JI) between each pair 

of Celltype3 and Celltype1 categories. For each phase-cell type combination, the JI was calculated as the size of the intersection 

divided by the size of the union of the corresponding cell indices. The resulting JI matrix reflects the degree of overlap between tran-

scriptional phase progression and cell identity.

Differential expression analysis

To identify differentially expressed genes between two groups of clusters, we used wilcox.test in R to evaluate the significance of 

each gene, with multiple hypothesis correction using the Benjamini-Hochberg procedure. Genes with adjusted p-value less than 

0.05 and the log2 fold change (log2FC) > 1.0 were considered as differentially expressed genes.

Autoimmune disease up-regulated gene set

Here, according to the disease-tissue-cell type, we compared the differentially up-regulated genes in different tissues and cell types 

of patients with different diseases compared with healthy people, and added the up-regulated genes that directly distinguished 

different diseases and healthy people. The obtained differentially up-regulated genes were merged to obtain the autoimmune disease 

up-regulated differential gene set.

Metacell

To identify MetaCells, the MetaCell R package was used. For cells from different data sources, facilitates analysis of single cell RNA-

seq UMI matrices by computing partitions of a cell similarity graph into small (50) homogeneous groups of cells which are defined as 

metacells (MCs). The derived MCs are then used for building different representations of the data, allowing matrix or 2D graph visu-

alization forming a basis for analysis of cell types, subtypes, transcriptional gradients, cell-cycle variation, gene modules and their 

regulatory models and more.

Gene clusters

The average expression of celltype differential gene list specific for each disease subgroup was calculated for metacell relative to 

foldchange for healthy subgroups to obtain gene score X Celltype tissue Disease foldchange matrix. Hierarchical clustering analysis 

and visualization were performed on gene score X Celltype tissue Disease foldchange matrix, generated using a random number 

generator to simulate example data. The clustering was conducted using a heatmap approach implemented with the sns.clustermap 

function from the Seaborn library. Data normalization was applied along columns using Z score normalization (z_score = 1), and
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hierarchical clustering was performed using Ward’s method. The clustering result was visualized with a heatmap, using the colormap 

RdBu_r to display normalized values ranging from − 1 to 1. The dendrogram associated with the hierarchical clustering was used to 

extract row clustering order and the corresponding linkage matrix. To define discrete clusters from the hierarchical tree, the fcluster 

function from the SciPy library was employed, using a distance threshold of 70.0 to segment the dendrogram into distinct clusters. 

The resulting clusters were analyzed, and row indices corresponding to each cluster were identified and reported. Finally, the heat-

map and dendrogram were visualized using Matplotlib for further interpretation of the clustering results.

Scoring celltype by using signature genes for each subset

To perform gene set enrichment analysis, a predefined list of genes (genelist) was compared to differentially expressed gene (DEG) 

lists (degs_list) for each cluster. For each cluster, the overlap between the predefined gene list and the DEG list was calculated 

using the intersect function. Hypergeometric testing was then conducted for each cluster using the phyper function to compute 

the probability (p-value) of observing the overlap by chance, considering the total number of genes in the dataset, the size of the 

DEG list for the cluster, and the size of the predefined gene list. The hypergeometric test was one-tailed (lower.tail = FALSE) to 

identify clusters with significant enrichment. The resulting p-values, along with the overlap count, were compiled into a data frame 

and sorted by significance to rank the clusters by their level of enrichment. This analysis was implemented in R using the dplyr 

package for data manipulation. To evaluate the characteristic subgroups of gene clusters, we used two methods, one of which 

was gene scoring using scanpy.tl. The Score_genes function calculates a gene expression score for each cell based on a prede-

fined list of genes associated with the analysis. This method calculates the average expression of selected genes per cell and then 

subtract the average expression of the control gene set to reduce noise. Cells were then grouped according to their respective cell 

type, and the average gene score was calculated for each cell type. The cell type with the highest mean genetic score was iden-

tified, and cells in this subgroup were extracted as the target high-score subgroup for further analysis. This approach enabled the 

identification of cell subtypes with the most significant expression of selected genes for downstream analysis. The second is that 

differential genes were calculated for large subgroups and cluster genes was compared to differentially expressed gene (DEG) lists 

(degs_list) for each cluster. For each cluster, the overlap between the predefined gene list and the DEG list was calculated using 

the intersect function. Hypergeometric testing was then conducted for each cluster using the phyper function to compute the 

probability (p-value) of observing the overlap by chance, considering the total number of genes in the dataset, the size of the 

DEG list for the cluster, and the size of the predefined gene list. The hypergeometric test was one-tailed (lower.tail = FALSE) to 

identify clusters with significant enrichment. The resulting p-values, along with the overlap count, were compiled into a data frame 

and sorted by significance to rank the clusters by their level of enrichment. This analysis was implemented in R using the dplyr 

package for data manipulation.

Gene ontology enrichment analysis

Gene Ontology (GO) enrichment analysis was performed using the GSEApy Python package (version 0.10.8). The input gene sets 

were analyzed against the latest GO reference gene sets, including GO_Biological_Process_2023, GO_Cellular_Component_2023, 

and GO_Molecular_Function_2023, obtained from the Enrichr database.

Enrichment was assessed using a Fisher’s exact test (overrepresentation analysis), and p values were adjusted for multiple 

testing using the Benjamini–Hochberg method. GO terms with a false discovery rate (FDR) < 0.05 were considered statistically 

significant.

Gene set variance partition analysis

We performed Gene Set Variance Partition Analysis using the variancePartition R package 91 to quantify the contributions of biological 

and technical factors to gene expression variability. Specifically, the analysis was conducted to evaluate the relative contributions of 

three key variables—disease, tissue, and cell type—to the expression of genes in a predefined gene list. The mixed-effects model 

framework implemented in variancePartition was used, allowing for the decomposition of gene expression variability into proportions 

attributed to each factor. For each gene in the gene list, a linear mixed-effects model was fitted, where the variables disease, tissue, 

and cell type were included as fixed effects, and random effects accounted for other sources of variation such as batch effects. The 

variance explained by each factor was quantified and normalized to obtain variance fractions. Genes with a high variance fraction for 

a specific factor were identified as strongly associated with that factor. The results were summarized across the gene list to identify 

dominant contributors to the variability in gene expression.

Gene cluster score calculation and disease-wise comparison

To quantify defense response activity at the single-cell level, we used the score_genes function from Scanpy to compute a module 

score for the predefined gene sets. The resulting scores were averaged per sample within each annotated cell subset. Each sample’s 

disease status was annotated based on metadata. For each cell subset, we compared the average predefined gene sets scores be-

tween disease and healthy samples using the Mann-Whitney U test. Results were visualized as boxplots with overlaid significance 

levels, and outliers were excluded for clarity. This analysis enabled the identification of cell types exhibiting significantly altered pre-

defined gene sets in disease conditions.
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Monocle

To characterize the developmental origins of CD8 + T, we applied the Monocle (version 2.14.0) algorithm 86 with the top 400 signature 

genes calculated by differentialGeneTest function. The CD8 + T cell differentiation trajectory was inferred with the default parameters 

of Monocle after dimension reduction and cell ordering.

CellRank analysis of differentiation potential

To infer cellular differentiation trajectories and fate potentials independent of RNA velocity, we applied the CytoTRACEKernel imple-

mented in the CellRank framework (version 1.5.1). 42 This approach estimates cell plasticity based on transcriptional entropy and 

gene count complexity. The analysis was performed in the backward mode, allowing the reconstruction of developmental origins 

by computing transition probabilities toward progenitor-like states. A soft thresholding scheme was used to compute the transition 

matrix, and the resulting transition probabilities were projected onto the precomputed UMAP embedding to visualize fate dynamics 

across cell populations. Cell fate directionality was visualized using streamline plots, with cells colored by annotated subtypes (Cell-

type3), providing insights into pseudotemporal progression within the immune landscape.

TCR clone calculation

TCR clone calculation was performed to assess clonal diversity and expansion in single-cell TCR sequencing data. TCR sequences, 

including CDR3 regions and V(D)J genes, were extracted and annotated from the dataset. Clones were defined based on identical 

CDR3 nucleotide sequences and V(D)J gene usage. For each clone, the frequency of occurrence across cells was calculated to 

quantify clonal expansion. Clonal diversity was further analyzed using metrics such as clonality, Shannon entropy, and Simpson’s 

diversity index to evaluate the extent of TCR repertoire variation. Visualization of clonal distribution was performed using bar plots 

and scatterplots, highlighting dominant clones and their association with specific cell types or phenotypes. This analysis provides 

insights into T cell dynamics, immune responses, and potential antigen-specific expansions.

STARTRAC

The STARTRAC Transition Index was computed using the STARTRAC R package with default parameters. Results were visualized 

using heatmaps and network plots, where nodes represent clusters or tissues, and edge weights represent the Transition Index be-

tween clusters. These visualizations highlight clonal migration patterns, providing insights into the mobility and functional relevance 

of T cell clones across different microenvironments.

CellphoneDB analysis

The statistical_analysis method was run with default parameters. It evaluates ligand-receptor interactions by computing expression 

scores between interacting cell types. A permutation test (default: 1000 permutations) was performed to calculate p-values for each 

ligand-receptor pair, based on the null hypothesis that ligands and receptors are randomly distributed across cell types.

NicheNet analysis

We also performed NicheNet analysis with default parameters, 94 an algorithm that predicts ligand-receptor-mediated intercellular 

communication by linking ligands expressed in sender cells to target genes expressed in receiver cells. NicheNet uses a comprehen-

sive ligand-receptor interaction database combined with a downstream signaling and regulatory network to infer the regulatory 

impact of ligands on target gene expression. This analysis complements other trajectory and communication studies by providing 

a ligand-target-centric perspective to identify key signaling pathways mediating intercellular communication in the tissue 

microenvironment.

CellChat analysis

We also performed CellChat analysis with default parameters, 95 a computational framework that infers and analyzes intercellular 

communication networks by integrating single-cell RNA sequencing data with a curated database of ligand-receptor interactions. 

CellChat uses a probabilistic model to quantify the likelihood of communication between cell types based on the expression levels 

of ligands, receptors, and their cofactors. The analysis provides a comprehensive overview of signaling pathways active in the tissue 

microenvironment, including the identification of major sender and receiver cell populations, dominant signaling pathways, and the 

strength of intercellular communication networks. This method complements other trajectory and functional analyses, providing in-

sights into the signaling dynamics that regulate tissue organization and cell behavior.

Two-stage classification

The analysis was performed using SCVI or Seurat, with single-cell data serving as the reference and previously enriched differential 

genes guiding the process. In the first stage, a binary label (‘‘Disease’’ vs. ‘‘Healthy’’ status) was used as the reference label to distin-

guish between disease and healthy states with selected genes (Table S7). In the second stage, a multi-class disease label (e.g., RA, 

SLE, MS) was employed as the reference label to classify different disease states with intersection genes of all gene clusters, allowing 

for the identification and labeling of specific diseases in newly added single-cell data.
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Leave-one-study-out cross-validation

To validate the classifier’s robustness against study-specific batch effects, we performed a leave-one-study-out validation using the 

pSS cohort, which was represented by two independent studies (‘‘HRA003613’’ and ‘‘GSE157278’’). A new training dataset was 

created by excluding all pSS samples from the ‘‘GSE157278’’ study. The classifier was re-trained on this modified dataset using 

the same parameters as the original model. The model’s performance was then evaluated by predicting the disease labels of the 

held-out ‘‘GSE157278’’ pSS samples.

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical test

All statistical tests used to analyze the data are specifically described in the main text and figure legends or Methods section. Sta-

tistical tests included two-sided t test, two-sided Mann-Whitney U test, two-sided Wilcoxon rank-sum test, two-sided Fisher’s exact 

test, and Pearson or Spearman cor.test. Unless otherwise specified, boxes show the median and the interquartile range (IQR); the 

lower whisker indicates Q1 – 1.5 × the IQR; the upper whisker indicates Q3 + 1.5 × the IQR. Significant p values were indicated as 

follows: p ≤ 0.05 (*), p ≤ 0.01(**) and p ≤ 0.001(***), p ≤ 0.0001(****).
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