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A B S T R A C T

Objectives: Understanding the molecular events underlying systemic lupus erythematosus (SLE)
onset and progression can facilitate early intervention strategies. We explored transcriptomic
changes during progression from preclinical to clinical and advanced SLE, and assessed their
potential reversibility by targeted agents.
Methods: This includes multicentre prospective study of individuals with nondiagnostic features
suggestive of SLE. Baseline blood RNA-sequencing was performed in groups who progressed to
classifiable SLE or not (n = 36 each), and compared with healthy (n = 42) and early SLE
(n = 43). Transcriptome analysis included supervised methods, gene module-based clustering,
and drug reversibility/repurposing pipelines with publicly available data. An independent at-
risk cohort (n = 15 progressors, n = 20 nonprogressors) was used to validate molecular
classifiers.
Results: At-risk individuals exhibited deregulated metabolic, cytokine signalling, haematologic,
and stress-response pathways. Progressors vs nonprogressors showed heightened interferon
(IFN)-alpha (α)/gamma (γ) and inflammatory cytokine activity, corroborated by Gene Set
Enrichment Analysis and coexpression analysis, and intensified during SLE classification. Unsu-
pervised modelling of gene module-eigengene patterns revealed molecular heterogeneity among
progressors, differing in p53/insulin activity and Toll-like receptor (TLR) signalling. Impor-
tantly, we characterised a 17-gene susceptibility signature that predicted transition with an area
under the curve 0.80 of the receiver operating characteris (95% CI: 0.65-0.94) in the external
cohort. Analysis across the continuum—from healthy and at-risk states to early SLE and lupus
nephritis—revealed stepwise upregulation of IFN-α/γ, haem metabolism, and oxidative phos-
phorylation pathways, with additional IFN-related genes activated in established disease. SLE
susceptibility and progression signatures demonstrated in silico reversibility by anifrolumab and
belimumab.
Conclusions: IFN-α/γ and inflammatory cytokine signatures characterise evolving/early SLE,
whereas amplification of IFN signalling and oxidative phosphorylation denotes severity. Blood
molecular profiling may aid risk stratification and rationalise early biologic approaches.
WHAT IS ALREADY KNOWN ON THIS TOPIC

� Systemic lupus erythematosus (SLE) is preceded by a preclini-
cal phase characterised by nonspecific autoantibodies and/or
elevated inflammatory mediators, yet prediction to full-blown
disease remains suboptimal.

� The molecular programmes driving transition from lupus
at-risk state to early SLE, and its progression to severe forms,
remain poorly defined—hindering targeted prevention
strategies.

WHAT THIS STUDY ADDS

� Irrespective of clinical outcome, individuals at risk for SLE
exhibit substantial blood molecular deregulation.

� The baseline transcriptome of those transitioning to classifiable
SLE is marked by activated interferon-alpha, interferon-
gamma, and inflammatory cytokine signalling pathways.

� The at-risk state and its evolution to clinical SLE demonstrate
molecular heterogeneity, differing in the activation of Toll-like
receptor (TLR) and insulin/p53 signalling pathways.

� A compact gene set—enriched in interferon and inflammatory
cytokine pathways—predicted transition to SLE with an area
under the curve of 0.80 (95% CI: 0.65-0.94) in an external vali-
dation cohort.

� Progressive amplification of interferon-alpha/-gamma, haem
metabolism, and oxidative phosphorylation signatures underlie
the continuum from healthy to at risk, early SLE, and severe
disease (lupus nephritis).

� Belimumab and anifrolumab may counteract molecular pertur-
bations underlying evolution from lupus at risk to clinical dis-
ease, and its progression to full-blown/severe forms.
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HOW THIS STUDY MIGHT AFFECT RESEARCH, PRACTICE OR
POLICY

� Blood transcriptome profiling holds potential in identifying
individuals at high risk for SLE and its severe forms.

� Type I/II interferon and oxidative phosphorylation pathways
may represent actionable targets by existing and novel
therapies towards the prevention or delay of SLE disease
progression.

INTRODUCTION

Systemic lupus erythematosus (SLE) develops in a multistep
fashion, starting with asymptomatic self-reactivity and inflam-
mation and advancing to full-blown disease [1]. This is evi-
denced by antinuclear antibodies (ANAs) being detectable on
average 2.3 to 3.3 years before clinical onset, with ANA sub-
types reactive to specific nuclear components accruing closer to
diagnosis [2,3]. Circulating inflammatory hallmarks, including
interferon (IFN)-associated mediators, gradually accumulate in
individuals moving towards SLE classification/diagnosis [4,5].
However, early signs of autoimmunity such as ANAs may be
present in otherwise healthy subjects (14%-27%), some of
whom exhibit other lupus-related immune/serologic abnormali-
ties [6]. Consistently, ANA-positive individuals exhibit signifi-
cant gene expression deregulations in blood [7]. These data
suggest that progression from at-risk state to manifest SLE is
dynamically regulated by factors that accelerate or slow disease
development.

Previously, we mapped the transcriptional landscape of
patients with established SLE and defined signatures linked to
the disease and its activity [8]. Dysregulated genes involved in
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neutrophil activation and humoral responses denoted kidney
involvement [8]. We also characterised coexpression gene mod-
ules that correlated with clinical traits, including the cumulative
number of classification criteria, presence of anti-DNA antibod-
ies, and overall or organ-specific activity [9]. These findings sug-
gest quantifiable molecular variability among individuals in
different clinical states. Nonetheless, how blood immune dereg-
ulations evolve across the disease spectrum—from healthy to at-
risk, early full-blown, and severe lupus autoimmunity—remains
ill-defined.

Here, we leveraged a prospective cohort of individuals at risk
for SLE, of whom approximately 20% progressed to classifiable
disease during follow-up [10]. To uncover molecular features of
subclinical autoimmunity and early SLE, we performed blood
RNA-sequencing (RNA-seq) on a nested case-control sample of
progressors and nonprogressors, followed by differential expres-
sion and modular transcriptomic analyses by clinical trajectory.
Unsupervised clustering identified molecular subgroups within
the at-risk population, and predictive modelling using concise
gene sets derived in this study was externally validated for their
association with transition. We extended the analysis across the
full spectrum from health to lupus nephritis, revealing stage-spe-
cific transcriptional programmes and immune cell shifts. Finally,
we integrated transcriptomic data with pharmacological data-
bases to nominate candidate targets for early interception.
METHODS

At-risk cohort and subjects

This is a nested analysis within a multicentre prospective
cohort of adults presenting with nondiagnostic signs and symp-
toms suggestive of SLE. Between 10/2016 and 12/2021, partici-
pating centres consecutively enrolled individuals based on
criteria reflecting a spectrum of at-risk states (Supplementary
Table S1). Eligibility was determined by ANA positivity in com-
bination with additional features (Supplementary Table S2), or
a family history of SLE accompanied by suggestive serologic
or clinical findings. Individuals were monitored regularly for
≥12 months (median 18 months) using a prespecified protocol
that included reassessment of the classification criteria. Progres-
sors were defined as those who accrued sufficient features to
meet the 1997 American College of Rheumatology (ACR) [11]
or 2019 European Alliance of Associations for Rheumatology
(EULAR)/ACR [12] criteria. Subjects who did not evolve to clas-
sifiable SLE were defined as nonprogressors, though they could
still have been diagnosed with undifferentiated autoimmune dis-
ease. This analysis was conducted in a balanced subcohort of
progressors and nonprogressors (n = 36 each) on the basis of
sample availability. Control groups included healthy individuals
(n = 42) and patients with early SLE (n = 43), defined as physi-
cian-diagnosed cases meeting classification criteria, with a dura-
tion of ≤3 years since diagnosis/classification and active disease
(Supplementary Table S3).
RNA isolation, library preparation, and sequencing

Blood was stored in PaxGene tubes, and total RNA was
extracted using the RNeasy kit (Qiagen). Following quality con-
trol, libraries were prepared using the NEBNext Ultra II direc-
tional RNA library prep kit. Sequencing was performed on
Illumina NovaSeq6000 platforms. Preprocessing and alignment
pipelines are provided in Supplementary Methods.
3

Differential expression analysis

DESeq2 [13] was used for pairwise transcriptome compari-
sons. Genes with an average read count of ≤5 across all samples
were filtered out. Batch effects were corrected using limma [14].
P value <.05 and an absolute log2-fold change (FC) > 0.58
defined differentially expressed genes (DEGs). In addition to the
Wald test, the likelihood ratio test was applied to identify gene
sets whose expression varied across the healthy, at-risk, and
early SLE groups. Overrepresentation analysis (ORA) of DEGs
and gene set enrichment analysis (GSEA) of the ranked gene lists
were performed with clusterProfiler.

Coexpression analysis

CEMiTool [15] was used to identify reproducible gene coex-
pression modules and generate gene-gene interaction networks
within each module [16]. Module activity across sample groups
was assessed using sample annotation metadata. Genes in each
module were subjected to ORA using clusterProfiler and Enrichr.

Cell-type estimation

Immune cell composition was inferred using CIBERSORTx
[17] (Supplementary Methods).

Prioritisation of IFN-related genes, predictive modelling, and
external validation

To identify informative IFN-related genes, we applied elastic-
net regression with 5-fold cross-validation across a grid of α and
λ values. Model stability was assessed by refitting the elastic-net
in 100 bootstrap resamples, and genes selected in ≥60% of itera-
tions were retained. To extend the analysis to pathway-level rep-
resentations, we used pathMED [18] to summarise gene
expression profiles into Z-scored activity for various gene sets
derived from our differential expression analyses. These activity
scores were used as features in machine-learning classifiers to
evaluate their relative predictive contribution. For gene-level
modelling of the core-susceptibility signature, elastic-net regres-
sion was applied to variance-stabilised and batch-corrected
expression data, with 5-fold cross-validation used to select opti-
mal penalisation parameters. The final classifier was trained on
our data and tested in an independent RNA-seq dataset from the
Leeds at-risk cohort [7]. Details are described in the Supplemen-
tary Methods.

Gene signature reversibility analysis

We assessed the reversibility of gene signatures by interrogat-
ing publicly available blood RNA-seq data from patients with
SLE treated with belimumab or anifrolumab. For belimumab,
we analysed transcriptomic changes in clinical responders
(meeting SLE Responder Index-4 and Lupus Low Disease Activ-
ity State) from an observational cohort, by comparing RNA pro-
files at baseline and after 6 months of treatment [19]. A second
dataset, obtained from the TULIP-1/2 (Treatment of Uncon-
trolled Lupus via the Interferon Pathway) trials, compared tran-
scriptomes of anifrolumab- vs standard therapy-treated patients
at 52 weeks [20]. Drug-responsive genes were defined using |
log2FC| > 0.58 and P <.05. To evaluate whether these genes
were enriched in the transcriptional profiles of progressors vs
nonprogressors, we performed GSEA using fgsea [21]. The sus-
ceptibility-associated gene list was ranked by log2FC, and
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enrichment was tested using the parameters: minSize=10, max-
Size= 500, and nperm= 1000.

Drug-repurposing analysis

We explored potential drug candidates using 2 complemen-
tary resources based on the Library of Integrated Network-Based
Cellular Signatures L1000 dataset: the L1000CDS2 search engine
[22] and the Connectivity Map (CMap) [23]. Both frameworks
compare multigene differential expression signatures against
large-scale perturbagen profiles, enabling gene set-level infer-
ence of compounds predicted to mimic or reverse the observed
transcriptional patterns, as detailed in the Supplementary Meth-
ods.

Statistical analysis

Group comparisons were performed using the Mann-Whitney
and Fisher’s exact test. Generalised linear models linked module
M1-M5 eigengene expression to demographic, clinical, and sero-
logic features. To identify latent clusters based on standardised
module eigengenes, we applied finite mixture modelling using a
Gaussian Mixture Model framework (Supplementary Methods).
All analyses were performed using the statistical software
STATA (version 19.0)..

Patient and public involvement

Patients and/or the public were not involved in the design,
conduct, reporting, or dissemination plans of this research.

RESULTS

Individuals at risk for SLE exhibit extensive molecular
deregulations irrespective of their clinical outcome

The characteristics of individuals at risk who progressed
(n = 36) or did not (n = 36) to SLE are summarised in Table. At
inclusion, nonprogressors had a lower frequency of ANA positiv-
ity, but other clinical features were comparable to those of pro-
gressors. Progressors met the 1997 ACR (n = 23) and/or the
2019 EULAR/ACR (n = 30) criteria, and primarily accumulated
mucocutaneous, musculoskeletal, haematological, and immuno-
logical manifestations. We first analysed the baseline blood tran-
scriptome in the entire cohort of at-risk individuals and
compared it to that of healthy individuals. A total of 1256 genes
showed deregulation (≥1.5-fold gene expression difference: |
log2FC| > 0.58, adjusted P <.05), with 902 upregulated and
359 downregulated genes in the former vs the latter group
(Fig 1A, Supplementary Table S4A). Genes with differential
expression in at-risk subjects were associated with haem metab-
olism, oxidative phosphorylation (OxPhos), reactive oxygen spe-
cies pathway, IFN-alpha/-gamma response, DNA repair and
apoptosis (Fig 1B). Comparing progressors and healthy subjects,
we identified 1622 DEGs (Fig 1C, Supplementary Table S4B).
Genes with higher expression in progressors were enriched in
heme metabolism, coagulation, IFN-alpha response, KRAS (Kirs-
ten Rat Sarcoma Viral Oncogene Homolog) signalling, OxPhos,
the p53 pathway, and myogenesis (Fig 1D). By contrast, genes
with lower expression in progressors were associated with
androgen response, tumour necrosis factor alpha (TNFα) signal-
ling via NF-κB (Nuclear Factor kappa-light-chain-enhancer of
activated B-cells), mitotic spindle (cell division), protein secre-
tion, and UV response.
4

A similar comparison between nonprogressors and healthy
subjects revealed 1020 DEGs (Fig 1E, Supplementary Table
S4C). Activated genes in non-progressors were linked to haem
metabolism, coagulation, myogenesis, epithelial-to-mesenchy-
mal transition, and OxPhos (Fig 1F), whereas genes with lower
expression were associated with early 2 factor targets (cell cycle
regulation), TNFα signalling, and protein secretion. Collectively,
broad molecular perturbations occur in the at-risk population—
regardless of clinical evolution—spanning metabolic, cytokine
signalling, haematologic, cell cycle, and stress-response path-
ways. Among the shared processes, progressors showed both a
higher number of associated genes and stronger overexpression
patterns compared to nonprogressors (Supplementary Table S4,
Supplementary Fig S1A−G).

IFN and inflammatory cytokine gene signatures are present in the
at-risk state evolving to SLE

To quantify these differences and delineate signatures specifi-
cally associated with imminent SLE, we examined the overlap of
DEGs in progressors and nonprogressors using the healthy tran-
scriptome as a reference. Consistent with the common clinical
and immunological characteristics of the 2 at-risk groups, we
found many shared DEGs (n = 790; Fig 2A). DEGs exclusively
upregulated in progressors (n = 368) were over-represented in
the IFN-alpha pathway, whereas downregulated DEGs
(n = 464) were involved in protein secretion, UV response, and
androgen response (Fig 2B).

We directly compared progressors and nonprogressors, to
examine transcriptional differences within the at-risk state.
Nominal P values (P <.05) and an absolute log2FC > 0.58 were
used to retain sensitivity to subtle signals suggested by the clini-
cal similarities between the 2 groups (Table, Fig 2A). Using
these criteria, we identified 91 susceptibility DEGs (Fig 2C, Sup-
plementary Table S4D). Among the most upregulated (log2FC ≥
1) were genes involved in IFN response (FI27, IFI44, IFI44L,
IFIT1, ISG15, RSAD2, SIGLEC1, USP18, CMPK2, OAS3, and
HERC5), complement (C1QC), epithelial cell structure/keratini-
sation (KRT8, KRT79), and extracellular matrix remodelling
(FAM83A, S100A16). The top downregulated genes (log2FC ≤
−1) participated in extracellular matrix organisation and fibrosis
(MMP2, DCN, FN1, and COL3A1). GSEA supported these pat-
terns (Fig 2D). Notably, a subset of 14 IFN-related genes (Fig S2)
demonstrated predictive capacity for progression, with an odds
ratio per 1-standard deviation increase in the composite IFN
gene score of 4.96 (95% CI: 2.00-12.27) (Fig 2E).

To assess the reproducibility of our findings, we analysed an
external RNA-seq dataset from peripheral blood mononuclear
cell of at-risk individuals (Leeds cohort) [7]. Using an identical
workflow, GSEA reproduced the top enrichment of the IFN-
related pathways, with 14 of 21 enriched Hallmark pathways
showing concordant trends across cohorts (Fig S3A,B), indicat-
ing that these represent consistent transition-associated signa-
tures. Analysis of log2FC for genes expressed in both datasets
demonstrated a positive correlation among DEGs (Pearson
r = 0.547; R2 = 0.299), with 17 shared DEGs representing a
highly significant overlap (P= 1.2 × 10−22) (Fig S3C). Nonethe-
less, given the within-state comparison context, our gene-level
findings were interpreted as exploratory and used primarily for
downstream analyses. When applying an adjusted P value <.05
threshold, 4 DEGs were detected (Supplementary Table S4D).

Twenty-eight DEGs (24 upregulated) were common to both
progressors vs healthy and progressors vs nonprogressors but
absent in nonprogressors vs healthy comparisons. This core-



Table
Demographic and clinical characteristics of individuals at risk for SLE who evolved or not into classifiable SLE

Nonprogressors (n = 36) Progressors (n = 36) P valuea

Age (y) 34.8 (10.2) 2 36.9 (11.1) .448
Sex (female) 32 (88.9%) 36 (100.0%) .115
Body mass index (kg/m2) 23.8 (3.5) 25.1 (4.2) .147
Race (White) 36 (100.0%) 36 (100.0%) −
FDR(s) with SLE 5 (13.9%) 5 (13.9%) 1.000
FDR(s) with other autoimmune disease 12 (33.4%) 11 (30.5%) .800
Nulliparous 11 (34.4%) 15 (44.1%) .459
Smoking
Never 16 (44.4%) 16 (44.4%)
Past 8 (22.2%) 6 (16.7%)
Current 12 (33.3%) 14 (38.9%) .803

Baseline Cumulative Baseline Cumulative

1997 ACR criteria
Malar rash 5 (13.9%) 5 (13.9%) 8 (22.2%) 15 (41.7%) .541
Discoid rash 0 0 1 (2.8%) 1 (2.8%) 1.000
Photosensitivity 8 (22.2%) 8 (22.2%) 12 (33.3%) 13 (36.1%) .430
Mucosal ulcers 3 (8.3%) 4 (11.1%) 5 (13.9%) 8 (22.2%) .710
Synovitis 11 (30.6%) 16 (44.4%) 12 (33.3%) 33 (91.7) 1.000
Serositis 0 0 2 (5.6%) 2 (5.6%) .493
Renal 0 0 0 0 −
Neurological 0 1 (2.8%) 1 (2.8%) 2 (5.6%) 1.000
Haematological 9 (25.0%) 10 (27.8%) 7 (19.4%) 13 (36.1%) .778
Immunological 9 (25.0%) 9 (25.0%) 7 (19.4%) 14 (38.9%) .778
ANA 25 (69.4%) 25 (69.4%) 34 (94.4%) 35 (97.2%) .012
Total number 1.9 (0.6) 2.2 (0.5) 2.5 (0.7) 3.8 (0.9) <.001

2019 EULAR/ACR criteria
Fever score 0.1 (0.3) 0.1 (0.3) 0.0 (0.0) 0.0 (0.0) .321
Cutaneous score 1.5 (2.4) 1.6 (2.3) 2.0 (2.6) 3.4 (2.7) .393
Synovitis score 1.8 (2.8) 2.7 (3.0) 2.0 (2.9) 5.5 (1.7) .804
Neurological score 0.0 (0.0) 0.1 (0.5) 0.1 (0.8) 0.2 (1.0) .321
Serosal score 0.0 (0.0) 0.0 (0.0) 0.3 (1.3) 0.3 (1.3) .158
Haematological score 0.8 (1.5) 0.9 (1.5) 0.7 (1.4) 1.0 (1.6) .745
Renal score 0.0 (0.0) 0.0 (0.0) 0.0 (0.0) 0.0 (0.0) 1.000
Antiphospholipid score 0.2 (0.6) 0.2 (0.6) 0.2 (0.6) 0.2 (0.6) .838
Complement score 1.3 (1.7) 1.6 (1.8) 1.3 (1.7) 2.1 (1.8) 1.000
Autoantibodies score 0.3 (1.4) 0.3 (1.4) 0.3 (1.4) 0.9 (2.1) .238
Total score 6.0 (3.4) 7.3 (3.3) 6.9 (2.7) 13.7 (3.6) .238

Immunological features
All subjects
Anti-RNP 0 1 (2.8%) 0 0 −
Anti-Ro/SSA 3 (8.3%) 1 (2.8%) 5 (13.9%) 4 (11.1%) .710
Anti-La/SSB 0 0 0 1 (2.8%) −
Low C3/C4 14 (38.9%) 3 (8.3%) 13 (36.1%) 8 (22.2%) .808
Anti-dsDNA 3 (8.3%) 0 3 (8.3%) 5 (13.9%) 1.000
Anti-Sm 0 0 0 0 −
Antiphospholipid Abs 7 (19.4%) 0 8 (22.2%) 1 (2.8%) .772
Direct Coombs 0 0 1 (2.8%) 2 (5.6%) 1.000

ANA-negative subjects
Anti-RNP 0 0 0 0 −
Anti-Ro/SSA 0 0 0 0 −
Anti-La/SSB 0 0 0 0 −
Low C3/C4 8 (72.7%) 0 2 (100%) 0 1.000
Anti-dsDNA 1 (9.1%) 0 0 0 1.000
Anti-Sm 0 0 0 0 −
Antiphospholipid Abs 2 (18.2%) 0 1 (50.0%) 0 .432
Direct Coombs 0 0 0 0

ANA, antinuclear antibody; ACR, American College of Rheumatology; dsDNA, double-stranded DNA; EULAR, European Alliance of Associations for Rheu-
matology; FDR, first-degree relative; La/SSB, La/Sj€ogren’s-syndrome-related antigen B autoantibodies; SLE, systemic lupus erythematosus; Sm, Smith
antigen; RNP, ribonucleoprotein; Ro/SSA, Ro/Sj€ogren’s-syndrome-related antigen A autoantibodies.

a Comparison of baseline characteristics between progressors and nonprogressors. The Mann-Whitney test was used for numerical variables and Fisher’s
exact test for categorical variables.
b Data are presented as median (IQR) values or n (%).
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susceptibility signature showed enrichment in IFN-alpha, IFN-
gamma, and inflammatory responses (Fig 2F), highlighting their
central role in SLE evolution. Among the upregulated DEGs, 2
were specific to IFN-alpha, 1 to IFN-gamma, and 6 were com-
mon to both pathways.
5

To corroborate these findings, we took advantage of available
RNA-sequencing data from a subset of progressors (n = 4) sam-
pled both at baseline and at the time of SLE classification. A total
of 589 genes were differentially expressed (|log2FC| > 0.58,
P <.05; Supplementary Table S4E), the majority (n = 424)



Figure 1. Perturbations in blood transcriptome and biological processes in individuals at risk for SLE as compared to healthy subjects. (A) Volcano
plot showing differential gene expression between the entire cohort of at-risk individuals (n = 72) and healthy counterparts (n = 42). A total of 1256
genes were significantly deregulated (|log2-fold change [FC]| >0.58; adjusted P value <.05), including 902 upregulated and 359 downregulated
genes. Purple and green dots denote significantly upregulated and downregulated genes, respectively. The x-axis shows log2FC; the y-axis shows
−log10 of adjusted P values. (B) Gene set enrichment analysis (GSEA) of all genes ranked by log2FC in at-risk individuals vs healthy controls, using
Hallmark C50 gene sets (MSigDB). Positively and negatively enriched pathways are ranked by normalised enrichment score (NES) and colour-coded
by false discovery rate (FDR) q-value. Colour intensity reflects statistical significance. (C) Volcano plot of differentially expressed genes (DEGs)
between individuals at risk who transitioned to classifiable SLE (progressors; n = 36) and healthy subjects. A total of 1622 DEGs reached statistical
significance (adjusted P value <.05), with 993 upregulated (log2FC >0.58; red) and 629 downregulated (log2FC < −0.58; green). (D) GSEA of all
genes ranked by log2FC in progressors vs healthy controls, using Hallmark C50 gene sets. Positively and negatively enriched pathways are ranked by
NES and colour-coded by FDR q-value. Colour intensity reflects statistical significance. (E) Volcano plot showing DEGs between individuals at risk
who did not transition to SLE (nonprogressors; n = 36) and healthy subjects. A total of 1020 DEGs reached statistical significance (adjusted P value

6
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<.05), with 781 upregulated (log2FC >0.58; red) and 239 downregulated (log2FC < −0.58; green). (F) GSEA of all genes ranked by log2FC in non-
progressors vs healthy controls, using Hallmark C50 gene sets. Pathways are ranked by NES and coloured by FDR q-value, with intensity reflecting sta-
tistical significance. KRAS, kirsten rat sarcoma viral oncogene homolog; NFKB, nuclear factor kappa-light-chain-enhancer of activated B cells; SLE,
systemic lupus erythematosus; TNFA, tumor necrosis factor alpha; UV, ultraviolet.

Figure 2. Type I/II interferon and inflammatory cytokine signatures underlie the transition from the at-risk state to SLE. (A) Venn diagram showing
the overlap of differentially expressed genes (DEGs: |log2FC| >0.58; adjusted P value <.05) derived from the comparisons of progressors vs healthy
and nonprogressors vs healthy counterparts. A total of 625 genes were commonly upregulated and 165 downregulated. The diagram also displays
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being upregulated (Fig 2G). These genes were enriched in IFN-
alpha, IFN-gamma, and inflammatory response pathways
(Fig 2H), suggesting their intensification as SLE becomes immi-
nent. interleukin-6/Janus kinase/Signal Transducer and Activa-
tor of Transcription 3 and TNFα signalling via NF-κB pathways
were also activated.
Unsupervised gene modular analysis reveals biological processes
accelerating or protecting against transition from at risk to lupus
classification

To explore the broader biological context of the at-risk state
and its potential progression to SLE, we applied CEMiTool
[15,16] to the full dataset of healthy and at-risk RNA profiles.
This tool enables the integrated discovery and functional analy-
sis of coexpressed gene modules and their networks. Five mod-
ules were identified, consisting of 591, 165, 75, 43, and 34
genes, respectively (Fig 3A). Of particular interest was Module
M4, positively enriched in progressors (normalised enrichment
score [NES] = 2.76) and negatively enriched in nonprogressors
(NES = −2.75). M4 genes were involved in IFN-alpha/gamma
and broader cytokine signalling pathways, with interaction net-
work analysis highlighting the RNA-sensor DDX58/RIG-I
(Fig 3B).

Module M1 was positively enriched in healthy individuals but
negatively enriched in nonprogressors and progressors. M1
genes were involved in the TLR signalling (Fig 3A,B). Modules
M2, M3, and M5 were enriched in progressors and suppressed in
healthy individuals, with nonprogressors showing intermediate
activation of M3/M5 and mild suppression of M2. Functionally,
M2 was linked to haematopoiesis and MHC class I antigen pre-
sentation; M3 to mRNA translation, splicing, and regulation; M5
to cAMP (cyclic adenosine monophosphate)/protein kinase A
signalling, particularly in the regulation of insulin secretion, and
the p53 pathway (Fig S4A−F). Using the module eigengenes to
represent the overall expression pattern of each module, we
observed modest relationships with demographics or classifica-
tion criteria items (Fig S5). Altogether, analysis of coexpressed
genes reveals distinct biological processes underlying the stable
or evolving at-risk state and reinforces the role of IFN gene sig-
natures in progression to SLE.
Modular transcriptomic clustering reveals heterogeneous at-risk
states associated with progression

Although enrichment scores differed between progressors
and nonprogressors (Fig 3A), module eigengenes were not
uniquely upregulated and downregulated genes in each at-risk group (progr
uniquely upregulated or downregulated in progressors vs healthy individuals
ratio and statistical significance (adjusted P value). (C) Volcano plot showing
total of 91 genes were significantly deregulated (|log2FC| >0.58; P value <
Gene set enrichment analysis (GSEA) of genes ranked by log2FC in progresso
negatively enriched pathways are ranked by NES and colour-coded by FDR q-
14 IFN-related genes selected through elastic-net regression and stability ana
the predictor, allowing estimation of both predicted probabilities (with 95%
across quartiles. The figure illustrates the graded increase in progression ris
genes displaying differential expression (same thresholds as above) in both p
progressors vs healthy subjects. The cnetplot function was used to illustrate e
genes, highlighting also shared gene-pathway relationships. (G) Volcano plot
line and at the time of SLE classification. A total of 589 genes were significa
lated (dark orange) and 165 downregulated (mint). (H) GSEA of genes ranked
Hallmark gene sets. Pathways are ranked by NES and coloured by FDR q-va
expressed genes; log2FC, log2-fold change; NES, normalised enrichment score
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individually associated with progression (Supplementary Table
S5). Moreover, their intercorrelations (Supplementary Table S6)
suggested partially overlapping transcriptional programmes. We
therefore applied Gaussian Mixture Modelling to identify tran-
scriptional subgroups within the at-risk population that might
better reflect clinical trajectories.

Four clusters were recognised as optimal, with cluster A
being the largest (n = 46) (Fig 3C,D). Compared with this clus-
ter, clusters B (n = 8) and C (n = 7) exhibited overall lower
average activity in modules M2-M4. Module M1 activity was
elevated in cluster C but suppressed in clusters B and D
(n = 11), whereas M5 activity was increased in both clusters C
and D. Notably, progressors were significantly over-represented
in clusters A/D compared with clusters B/C (Fig 3D). These find-
ings suggest that the at-risk condition evolving to SLE−enriched
in clusters A and D—may represent a molecularly heterogeneous
state unified by elevated IFN/cytokine signalling (M4) and rela-
tively preserved activity in haematopoiesis/antigen processing
(M2) and mRNA translation/splicing (M3), while differing in
other immuno-transcriptional features such as dampened TLR
signalling (M1) or elevated insulin secretion/p53 pathway activ-
ity (M5).
Transcriptional dynamics across healthy, at-risk, and early SLE
reveal progressively amplified immune-metabolic signatures
linking susceptibility to severity

Progressors and nonprogressors shared gene signatures,
with a gradient of enrichment linked to clinical outcome
(Fig 3A). Moreover, certain signatures unique to progressors
were intensified upon disease classification (Fig 2G,H). These
observations prompted us to examine how the molecular
landscape evolves from health to the preclinical phase and,
ultimately, to established disease. We expanded our blood
RNA-sequencing to include 43 patients with early, active SLE
(Supplementary Table S3), including 9 with kidney involve-
ment. Applying a likelihood ratio test, we identified 6 non-
overlapping gene clusters with differential expression
patterns across the entire spectrum: healthy individuals, non-
progressors, progressors, early SLE, and lupus nephritis
(Fig 4A, Fig S6A, Supplementary Table S7).

Cluster 1 genes (n = 525) demonstrated stepwise activa-
tion across the spectrum. These transcripts were enriched in
IFN-alpha and IFN-gamma, heme metabolism, and OxPhos
pathways, implicating them in both early and advanced
stages of lupus (Fig 4B). Two genes were unique to the IFN-
alpha pathway, 12 to IFN-gamma, and 21 were shared by
essors, nonprogressors). (B) Overrepresentation analysis (ORA) of genes
was performed using Hallmark gene sets. Pathways are ranked by gene
differential gene expression between progressors and nonprogressors. A
.05), including 68 upregulated (red) and 23 downregulated (blue). (D)
rs vs nonprogressors using Hallmark gene sets (MSigDB). Positively and
value. (E) An interferon-related gene score (IFN-score) was derived from
lysis. A logistic regression model was applied using IFN-score quartiles as
CIs) of being a progressor and the corresponding odds ratios (95% CI)

k across IFN-score quartiles. (F) ORA was performed in a core set of 28
rogressors vs healthy and progressors vs nonprogressors, but not in non-
nriched Hallmark pathways (adjusted P value <.05) and their associated
showing blood transcriptome changes in 4 progressors, assessed at base-
ntly deregulated (|log2FC| >0.58; P value <.05), including 424 upregu-
by log2FC between the SLE classification and baseline timepoints using

lue, with intensity reflecting statistical significance. DEGs, differentially
; SLE, systemic lupus erythematosus.



Figure 3. Unsupervised detection and functional annotation of coexpressed gene modules reveal biological processes that potentially accelerate or
protect against the at-risk-to-SLE transition. (A) Gene set enrichment analysis (GSEA) of each study group (healthy, nonprogressors, progressors)
across modules of coexpressed genes identified by the CEMiTool package as detailed in Methods. Modules M1−M5 contain 591, 165, 75, 43, and 34
genes, respectively. Functional annotations were derived via overrepresentation analysis (ORA), identifying key biological pathways associated with
each module (outlined in the adjacent table). (B) For Modules M1 and M4, left panels present the top enriched pathways from the ORA, ranked by
−log10(adjusted P value). Right panels display gene coexpression networks, highlighting the top 10 hub genes. One network graph is shown per mod-
ule. M1 genes were involved in TLR signalling, with interaction network analysis highlighting TLR4. M4 genes were implicated in interferon (both
interferon-alpha and -gamma) signalling with interaction network analysis revealing a key role for DDX58 (encoding the viral RNA-sensor retinoic
acid-inducible gene I [RIG-I]) and the mitochondrial gene CMPK2 (encoding for cytidine/uridine monophosphate kinase 2). (C) Gaussian Mixture
Modelling (GMM) of modules M1−M5 eigengenes in the full at-risk cohort identified 4 clusters (A−D) as outlined in the Methods. The heatmap
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displays the mean standardised expression of M1−M5 eigengenes across these clusters. (D) Frequency of progressors (grey) and nonprogressors
(white) within each GMM-derived cluster (A−D). Clusters A and D contained significantly more progressors than clusters B and C (odds ratio [OR]
5.5; 95% CI: 1.4-21.9). DEGs, differentially expressed genes; FADD, Fas-associated death domain; JAK-STAT3, Janus kinase-signal transducer and activa-
tor of transcription 3; KRAS, Kirsten rat sarcoma viral oncogene homolog; IL6, Interleukin-6; MYC, MYC proto-oncogene; MHC, major histocompatibility
complex; MDA5, melanoma differentiation-associated protein 5; NF-κB, Nuclear Factor kappa-light-chain-enhancer of activated B cells; NES, normalized
enrichment score; SLE, systemic lupus erythematosus; TLR, Toll-like receptor; TRAF3, Tumor necrosis factor receptor-associated factor 3.

Figure 4. Transcriptional dynamics across healthy individuals, at-risk individuals, and individuals with early SLE reveal layered molecular pro-
grammes underlying susceptibility and progression to severe disease. (A) Gene aggregation scores were calculated for each individual as the sum of
normalised expression values for all genes within each of the 6 clusters identified by likelihood ratio testing. Dot plots show group-specific expression
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both. A transcription factor-regulatory network analysis pre-
dicted upstream regulators of this cluster (Fig 4C). The heat-
map in Fig 4D illustrates the relative expression of pathway-
enriched genes across disease stages. A similar stepwise
trend across all groups, albeit with decreasing expression,
was observed in Cluster 7 genes (n = 175), which showed
nominally significant overrepresentation in IL2/STAT5 (P
=.0398) (Supplementary Table S7) implicated in regulatory
T-cell function [24].

Cluster 2 comprised 109 genes specifically activated in
overt disease, enriched in IFN-alpha and IFN-gamma
(adjusted P ≤ 4.32 × 10⁻¹⁰), complement activation (adjusted
P =.008), and inflammatory response pathways (P =.0482)
(Fig S6B). Among the IFN-responsive transcripts, 2 were
unique to the IFN-alpha pathway, 5 to IFN-gamma, and 11
were shared by both. Notably, these differed from the IFN-
driven genes in cluster 1, suggesting that beyond the gradual
upregulation of IFN signalling, a qualitative expansion of IFN
signature is associated with SLE establishment. Cluster 4
(n = 70 genes), and to a lesser extent cluster 3 (n = 77
genes), comprised genes induced in progressors but downre-
gulated in full-blown disease. These were enriched in the
p53 pathway and glycolysis-related processes, respectively
(nominal P <.05).

The above-described molecular patterns were mirrored by
shifts in CIBERSORT (Cell-type Identification By Estimating
Relative Subsets Of RNA Transcripts)-inferred immune cell
populations across disease stages (Fig S7). Collectively, these
data support the concept of SLE as a multistep disease pro-
cess, marked by the progressive emergence and amplification
of immune cell abnormalities and transcriptomic changes,
predominantly involving IFN-signalling, inflammation, and
metabolic pathways.
A compact gene signature distinguishes progressors from
nonprogressors with external validity

To assess whether transcriptional patterns could aid in
predicting transition from the at-risk state to SLE, we
applied pathMED [18], which summarises gene-level expres-
sion into module activity scores (Fig 5A). Across 7 gene sets
identified above, machine-learning classifiers prioritised the
core-susceptibility signature (Fig 2F) as the most informative
(Fig S8). To examine the performance of this signature at
the gene level, we trained an elastic-net regression model
on our dataset using 5-fold cross-validation to select optimal
penalisation parameters. For external validation, we used
the Leeds cohort of ANA-positive individuals at risk for SLE
(15 progressors, 20 nonprogressors) [7]. Of the 24 core-sus-
ceptibility DEGs, 7 were expressed in both datasets and
were used as model features. The resulting classifier
achieved an area under the curve of 0.797 (95% CI: 0.649-
patterns across healthy, nonprogressors, progressors, early SLE, and early lup
responds to 1 gene cluster. Horizontal lines indicate median values. Statistical
rection; false discovery rate (FDR) q-values are shown. (B) Cnetplot showing fu
Edges link genes to their enriched pathways, based on overrepresentation a
was performed based on TRRUST-inferred regulators of cluster 1 genes. TFs
work shows TF-target gene interactions, with TF nodes coloured by −log10 (P
potential coregulation. Key upstream regulators included GATA1, SPI1, IRF1,
genes involved in the interferon-alpha response (23 of 97 genes), interferon-gam
and haem metabolism (20 of 200 genes), showing expression across groups. E
cific patterns. Eight of the 24 upregulated core-susceptibility signature ge
belonged also to Cluster 1. ANOVA, analysis of variance; IFN, interferon; SLE
tionships unraveled by sentence-based text mining.
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0.944) in the external cohort (Fig 5B). Thus, a compact
gene set captures transcriptional tendencies associated with
imminent SLE and maintains good discriminatory capacity
in an independent dataset.
Potential modulation of the SLE susceptibility and progression
gene signatures by existing biologics and candidate agents

Having defined signatures underlying the evolution from at-
risk state to SLE and to severe forms, we assessed whether thera-
peutic compounds could induce transcriptional changes oppo-
site to these signatures. We retrieved blood RNA-sequencing
data on transcripts downregulated in patients with active SLE
following treatment with belimumab (n = 242 genes [19]) or
anifrolumab (n = 219 genes [20]). Testing their enrichment
within a ranked list of genes from the progressors vs nonprogres-
sors comparison, we found significant enrichment for both ani-
frolumab (NES = 3.28, P <.0001) and belimumab (NES = 2.28,
P <.0001) (Fig 6A, Fig S9), suggesting that these agents may
counteract key molecular programmes underlying evolution
from at-risk-to-SLE state. We next examined whether the progres-
sion-associated signatures may be potentially modulated by
these biologics. For this, we tested for enrichment of cluster 1
genes in drug-response gene rankings, where genes were
ordered by expression changes (log2FC) in anifrolumab- or beli-
mumab-treated patients. Anifrolumab showed significant nega-
tive enrichment of cluster 1 (NES = −2.38, P <.001) and
positive enrichment of cluster 7 (NES = 2.13, P <.001), indicat-
ing transcriptional responses opposite to both progression-associ-
ated signatures (Fig 6B). Belimumab showed a similar,
nonsignificant trend for cluster 1 (NES = −1.01, P =.46) and
reversal for cluster 7 (NES=1.82, P < 0001) (Fig 6C).

Drug-repurposing analysis using L1000CDS2 identified
fedratinib (TG-101348) and thiostrepton (T8902) as candi-
date small molecules predicted to reverse molecular perturba-
tions associated with at-risk-to-SLE transition (Supplementary
Table S8). Using CMap, 105 compounds were predicted to
induce expression changes opposite to the susceptibility DEGs
(Supplementary Table S9). The top 20 were visualised and
grouped by mechanism of action (Fig 6D), including MG-132
(proteasome inhibitor), PFI-1 (BET inhibitor), and everolimus
(mTOR inhibitor). Enrichment analysis of drug classes and
pathways associated with these perturbagens highlighted bro-
modomain inhibitors and agents modulating NF-κB activation
in B-cells (Fig 6E).

DISCUSSION

We characterised molecular alterations in individuals at
risk for SLE, stratified by clinical trajectory, and identified
targetable signatures underlying disease susceptibility and
progression. Compared to healthy controls, the at-risk state
us nephritis (LN). Each dot represents an individual, and each panel cor-
significance was assessed using 1-way ANOVA with multiple testing cor-
nctional enrichment of cluster 1 genes using the Hallmark C50 gene sets.
nalysis. (C) Transcription factor (TF)−gene regulatory network analysis
were selected by enrichment significance (Q < 0.05). The bipartite net-
value). Target genes regulated by 2 or more TFs are labelled to indicate
STAT1, STAT3, NF-κB, CREB5, and POU2AF1. (D) Heatmap of Cluster 1
ma response (33 of 200 genes), oxidative phosphorylation (23 of 200 genes)
xpression values are z-score scaled and clustered to highlight group-spe-
nes (IFI44L, EPSTI1, MT2A, MT1L, CEACAM6, OTOF, EIF2AK2, LY6E)
, systemic lupus erythematosus; TRRUST, transcriptional regulatory rela-
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showed deregulation of metabolic, cytokine signalling, hae-
matologic, cell cycle, and stress-response pathways, whereas
imminent SLE was marked by activation of type I/II IFN and
inflammatory gene sets. Gene-module analysis clustered at-
risk individuals into molecularly distinct subsets, and predic-
tive modelling approaches indicated that blood transcrip-
tomic features may aid risk stratification. Notably,
perturbations evident in the at-risk stage—such as IFN-α/γ
12
signalling and OxPhos—also characterise active established
and severe SLE and may be reversed by biologics, supporting
their potential for early intervention.

SLE is preceded by a phase in which clinical and/or immuno-
logical features are present but insufficient for definitive diagno-
sis or classification [1,25]. We found that the blood
transcriptome in these individuals diverges substantially from
that of healthy controls, with deregulation of multiple immune



Figure 5. External validation of the core-susceptibility gene signature in distinguishing at-risk individuals who progressed or did not progress to clas-
sifiable SLE. (A) Overview of the feature selection workflow and external validation strategy used for the prediction model. Illustration was created in
Biorender. (B) For gene-level modelling of the susceptibility signature, elastic-net regression was applied to variance-stabilised and batch-corrected
expression data, with 5-fold cross-validation used to select optimal penalisation parameters. The final classifier was trained on the present study data-
set and evaluated in an independent RNA-seq cohort [7]. Details of preprocessing, model fitting, and validation procedures are provided in the Supple-
mentary Methods. AUC, area under the curve; DESeq2, differential expression analysis based on the negative binomial distribution; IFN, interferon;
NP, non-progressors; P, progressors; PBMC, peripheral blood mononuclear cells, RNA-seq, RNA-sequencing; SLE, systemic lupus erythematosus; VST,
variance stabilizing transformation.
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and nonimmune pathways. This aligns with previous studies
showing that ANA-positive or incomplete lupus subjects exhibit
diverse cellular and molecular alterations [6,7,26−28]. These
changes are consistent with the clinical burden often reported in
this population [25,29].

Using supervised and unsupervised approaches, we implicate
both type I and type II IFNs in the at-risk state progressing to
SLE. This is consistent with prior transcriptomic [7,30] and
proteomic [5,31,32] studies assessing type I IFN bioactivity, sup-
porting its pathogenic role in SLE [33,34]. Our findings align
with those of Munroe et al [5] who reported elevated type II IFN
mediators and autoantibodies preceding a surge in IFN-α activ-
ity closer to SLE classification. These data are also in line with
the shift towards CD4⁺ Th1 cells with IFN-γ production, previ-
ously observed in patients with undifferentiated connective
tissue disease, who progressed to definitive diseases including
SLE [28].

By analysing coexpressed gene modules, we observed hetero-
geneity within the at-risk state transitioning to SLE. A subset of
these individuals exhibited dampened TLR4 signalling, possibly
reflecting skewing towards type-2 immunity or representing a
compensatory mechanism [35]. This group was also character-
ised by increased p53 signalling, a finding previously reported
in patients with SLE [8], which might relate to the multifaceted
immune effects of p53 [36]. Our observation of stepwise induc-
tion of specific gene signatures from health to active SLE and
lupus nephritis merits discussion. Chiche et al [37] showed
sequential activation of IFN-related modules in longitudinal SLE
samples, where a basal module remained stable, whereas a
high-threshold module (induced by type I and II IFNs) tracked
with renal flares. These data align with our implication of both
IFN types in evolution from health to mild and severe autoim-
munity. High baseline expression of IFN-stimulated genes has
been linked to more severe or active disease trajectories
13
[38,39], supporting a role in disease progression beyond acute
flares [40−42].

Genes involved in OxPhos showed progressive perturba-
tion across disease stages. This aligns with prior RNA-
sequencing data from our group implicating this pathway in
active/severe SLE, including nephritis [8]. Similarly, Nakano
et al [43] identified OxPhos as a core SLE signature across
multiple cell types. Mitochondrial metabolism has been
linked to functional maladaptation of T-cells [44], B-cells
[45], and monocytes [46] in SLE. The specific cellular and
functional impact of upregulated OxPhos gene expression
requires further investigation.

Given the clinical similarity of the 2 at-risk groups, relaxed
statistical thresholds were applied to preserve sensitivity to sub-
tle transcriptional differences. While this increases the likeli-
hood of uncertain or false�positive signals, the consistency of
our findings was supported by convergent evidence from GSEA,
coexpression analysis, and validation in an independent dataset.

We previously showed that belimumab treatment in active
SLE suppresses transcriptional perturbations related to B-cell
activation, type I/II IFN signalling, interleukin-6/Signal Trans-
ducer and Activator of Transcription 3, and neutrophil pathways
[19]. Similarly, anifrolumab modulates multiple lupus-related
processes, including apoptotic, innate, and adaptive mecha-
nisms [20]. We demonstrate that both agents are associated
with transcriptional shifts that oppose the core molecular pro-
grammes linked to progression from the at-risk state to classifi-
able and severe SLE. These findings suggest potential relevance
for modifying early disease trajectories but require formal vali-
dation before therapeutic conclusions can be drawn.

Recent studies of preclinical/at-risk SLE converge on path-
way-level alterations, including type I/II IFN signalling, TNF/
mitogen-activated protein kinase/NF-κB pathways, and immu-
nometabolic rewiring (including autophagy/OxPhos), observed



Figure 6. Predicted reversibility analysis of SLE susceptibility and progression signatures by approved biologics and candidate compounds identified
through drug-repurposing pipelines. (A) Gene set enrichment analysis (GSEA) of 2 gene signatures: (i) genes significantly downregulated (n = 219,
log2FC < −0.58; P value <.05) in anifrolumab-treated patients vs placebo (at 52 weeks) and (ii) genes significantly downregulated (n = 242, log2FC
< −0.58; P value <.05) in belimumab responders after 6 months of treatment vs baseline. Both signatures were tested against a ranked gene list (by
log2FC) from the progressor vs nonprogressor comparison. The anifrolumab response signature (purple) and the belimumab response signature
(orange) showed significant enrichment, with normalised enrichment scores (NES) of 3.28 (P <.0001) and 2.28 (P <.0001), respectively. (B) GSEA of
Cluster 1 (blue) and Cluster 7 (pink) genes against the ranked gene list (by log2FC) from the anifrolumab vs placebo comparison showed strong nega-
tive enrichment for cluster 1 (NES = −2.23, P value <.0001) and strong positive enrichment for cluster 7 (NES = 2.13, P value < 0.0001). (C) GSEA
of Cluster 1 (green) and Cluster 7 (red) genes against the ranked gene list (by log2FC) from the belimumab (6-month vs baseline) comparison showed
strong positive enrichment for cluster 7 (NES = 1.82, P value <.0001) and negative—yet nonsignificant—enrichment for Cluster 1 (NES = −1.01, P
value =.46). (D) Bar plot showing the top 20 compounds predicted to reverse the susceptibility signature (progressor vs nonprogressor comparison),
as identified by CMap analysis. The input included 91 DEGs (|log2FC| >0.58; P value <.05). Compounds are grouped vertically by annotated mecha-
nisms of action. The x-axis indicates the normalised connectivity score (norm_cs); bar colour reflects prediction confidence (−log10 FDR). (E) Pathway
enrichment analysis of drug signatures identified by the CMap query. Enriched pathways were derived from compounds with significant negative con-
nectivity (FDR <0.05; norm_cs < −1), indicating the potential of each corresponding drug class to reverse the susceptibility signature. CMap, Connec-
tivity Map; DEGs, differentially expressed genes; FDR, false discovery rate; log2FC, log2-fold change; NES, normalised enrichment score; SLE, systemic
lupus erythematosus; NES, normalized enrichment score; MTOR, mechanistic target of rapamycin; MYC, MYC proto-oncogene; NF, nuclear factor;
VEGFR1, vascular endothelial growth factor receptor 1.
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across proteomic and single-cell modalities [47−50]. Our find-
ings concord to these reports and extend them by demonstrating
reproducible, ranked-list pathway signals in an independent
cohort and by linking these signals to drug-reversal analyses.

In conclusion, our study defines molecular events driving the
transition from health to early and severe SLE, anchored in type
I/II IFN signalling and OxPhos that intensify with disease pro-
gression. These signatures, detectable before clinical classifica-
tion, are both prognostic and potentially actionable. Through
system-level analysis and pharmacologic mapping, we highlight
therapeutic targets—including belimumab, anifrolumab, and
repurposed agents—that could be explored for early intercep-
tion in high-risk individuals.
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