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Background:To promote a treat-to-target goal of tofacitinib, one ofJanus kinase inhibitors(JAKi)
therapyinrheumatoid arthritis (RA)patients,there are unmet needs to predict therapeutic response.Currently,
the choice of JAKIi relies ona trial-and-error strategy, resulting in a poorresponse in 30-40% of RApatientsin
the first six months.Thus,there is an unmetneed to identify biomarkersfor predicting efficacyto JAKi in RA
patients.

Methods: We enrolled(1) 106patients, includingtwelve patients underwentPhIP-Seq
analysis(peptidomics)and ninety-four patients were validated withELISA, and (2) 242patients, including
94patients underwentwhole exon sequencing (genomics) analysisand 148 patientswere validated withRT-PCR
assaysor Sanger sequencing.Disease activity was assessed using the 28-joint disease activity score-erythrocyte
sedimentation rate (DAS28-ESR), and therapeutic response at week24 using EULAR response criteria, and
was considered remission if DAS28-ESR <2.6.

Results: PhIP-Seq analysis identified antibodies to sucrose non-fermenting-related kinase (SNRK) and
HUWEZ1(ubiquitin E3 ligase) as peptidebiomarkers for discriminating good-responders (58.3%) from non-
good responders.Plasma levels of anti-SNRK and anti-HUWEL1 antibodiesat the cut-off value of 0.381and
0.362revealedan accuracy of 79.8 and 70.2% (p<0.0001 and p<0.001), respectively.WES analysis identified
ten variants of RIN3, NLRC3, and SLX4 genes for predicting remission.Using multiplexed one-step RT-PCR
assay, thispanel predictsremission with a high specificity 97.0% and accuracyof 88.0%.

Conclusion: Using multi-omics technology, we have identified novel biomarkers and integrated into one-step
platform (ELISA andmultiplex PCR), which enables precision treatment with JAKIi.
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Identification of CNTNAP2 as a potential candidate gene in difficult-to-treat rheumatoid arthritis: A

GWAS and transcriptomic study
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Background: Rheumatoid arthritis (RA) is clinically heterogeneous, and difficult-to-treat RA (D2T RA)
remains challenging due to inadequate response to standard therapies. Recent findings highlight that
mechanisms beyond immune dysregulation—particularly nociception and neuro-immune interactions—may
significantly influence D2T RA clinical manifestations, although these pathways remain underexplored. To
investigate genetic underpinnings, we performed an exploratory genome-wide association study (GWAS) in
a Taiwanese cohort and validated candidate genes using GEO transcriptomic datasets.

Methods: A case-control study was conducted at Tri-Service General Hospital under the Taiwan Precision
Medicine Initiative. D2T RA was defined by the 2021 EULAR consensus: persistent disease activity despite
failure of at least two b/tsDMARDs with different mechanisms, and substantial management difficulty as
perceived by physician and/or patient. Candidate genes from GWAS were validated using peripheral blood
transcriptomic data from the SMART cohort (GEO: GSE54629), comparing gene expression profiles between
D2T RA (nonresponders) and good responders at both baseline and week 24.

Results: Among 428 participants, 29 had D2T RA. Our GWAS identified 12 SNPs associated with D2T RA,
notably rs2538993 on chromosome 7 (odds ratio 6.07; 95% CI 3.12-11.80; —log10 p=5.75) and rs2710123,
both mapped to CNTNAP2. Additional mapped genes included KAZN, PRDM2, TRIM42, CCSER1, OLFM1,
IRX5, and GRIN2A. Transcriptomic validation showed significant CNTNAP2 upregulation in D2T RA versus
controls (logFC=0.095, adj. P=0.049); other genes showed no significant differences.

Conclusion: Our study identifies CNTNAP2 as a novel candidate gene potentially involved in the
pathogenesis of D2T RA. Further functional studies are needed to elucidate its specific role.
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Fig. 2 The GWAS results presented as a Manhattan plot and QQ plot.
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Background: Janus kinase inhibitors (JAKi) have emerged as effective therapeutics for rheumatoid arthritis
(RA), yet response rates vary significantly among patients. Despite their widespread use, molecular predictors
of treatment response remain poorly understood. Our objective was to discover predictive biomarkers for JAKi
response using integrated multi-omics analysis and to investigate the drug-specific mechanisms of action.

Materials and Methods: In this prospective study, 42 RA patients receiving tofacitinib (n=14), baricitinib
(n=12), or upadacitinib (n=16) were analyzed before treatment. We employed Olink Explore 384 proteomics
platform for comprehensive protein profiling and single-cell RNA sequencing for cell-type specific
transcriptional analysis. Treatment response was assessed using ACR/EULAR criteria, with patients
categorized as good or non-responders.

Results: Proteomic analysis identified IL-12B, interferon-gamma (IFN-y), and IL-17A as differentially
expressed proteins across all JAKi responses, with drug-specific patterns. IL-17A levels significantly
predicted response to tofacitinib, while IL-12B and IFN-y were statistically significant predictors for
baricitinib response. Single-cell transcriptomics validated these findings, showing concordant pathway
activation particularly in B cells, CD4+ T cells, and CD8+. Integration of baseline proteomic and
transcriptomic data revealed distinct inflammatory pathway signatures that predicted 6-month therapeutic
responses, suggesting drug-specific signaling pathways for therapeutic efficacy.

Conclusion: This integrated analysis reveals a cytokine signature centered on IL-12B, IFN-y, and IL-17A that
predicts JAKIi response in RA patients, with drug-specific associations. These findings offer fresh perspectives
on JAKI biology in RA and could inform the selection of personalized therapies tailored to patients' molecular
profiles.



Figure 1. Summary of study result. (A) - (C) Differential protein expression patterns in JAK inhibitor response;
(D) Differential protein expression and pathway analysis in JAK inhibitor treatments; (E) — (G) Single-cell
transcriptomic analysis
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Using Explainable machine learning to predict disease flare in patients with systemic lupus
erythematosus
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ABSTRACT

Background and objectives:

Systemic Lupus Erythematosus (SLE) is a common systemic autoimmune disease. Disease flares,
characterized by a sudden increase in disease activity, can lead to severe complications and decreased quality
of life in patients with SLE. Accurately predicting the onset and severity of flares remains a substantial clinical
challenge. Using explainable machine learning, we utilized data from electronic medical records (EMR) in a
medical center to develop a predictive model for SLE disease flares.

Methods:

Using EMR data of patients with SLE (ICD-9: 710.0 or ICD-10: M32) between 2012 and 2023, we analyzed
clinical conditions of all ambulatory visits, which were classified into four severity categories based on
medication records: non-flare; mild flare (a. initiation of any of the following: hydroxychloroquine [HCQ], an
oral corticosteroid with prednisolone [Pd]-equivalent dose of <7.5 mg/day or non-steroidal anti-inflammatory
drugs [NSAIDs], or b. increase dose of HCQ or NSAIDs compared with that in prior 60 days); moderate-flare
(a. initiation of any of the following: an oral corticosteroid with Pd-equivalent dose >7.5mg/day but <30
mg/day, biologics [i.e., belimumab, rituximab, abatacept], or immunosuppressive agent other than
cyclophosphamide, or b. increase dose of biologics or immunosuppressant other than cyclophosphamide;
severe flare (a. initiation of any of the following: an oral glucocorticoid with Pd-equivalent dose>30mg/day,
cyclophosphamide, or b. increase dose of cyclophosphamide) [1]. Treatment was considered to be “initiated”
if there were no filled prescriptions in the prior 60 days for all medication except cyclophosphamide (denied
as no cyclophosphamide prescription in prior 100 days) [1].

Features included patient demographics, laboratory results, medication usage patterns, comorbidities, and
time-related derived features, such as the number of days since the last corticosteroid use and outpatient visit
frequency within the past 90 days. We used EMR data from 2012 to 2022 with 5-fold cross-validation to
develop explainable machine learning models, including XGBoost, LightGBM, and CatBoost, to predict four
categories (non-flare, mild flare, moderate flare, severe flare) and two different binary categories (i.e., non-
flare vs. mild/moderate/severe flare; non-flare/mild flare vs. moderate flare/severe flare). We used EMR
datasets in 2023 to conduct testing for ML models. We performed receiver operating characteristic (ROC)
analysis, calibration curve analysis, and decision curve analysis to determine the discrimination, accuracy, and
applicability of the predictive ML models in the testing datasets. Bayesian optimization was used for
hyperparameter tuning. Among all models, we select the model with the best AUROC in the testing datasets
as the main result.

Results:

A total of 5,692 patients diagnosed with SLE were included in the analysis. After data preprocessing,
medication integration, and disease flare labeling, the final dataset contained 573,592 visits. As shown in
Table 1, we finally included 143 features from five domains (demographics, laboratory data, comorbidities,
medication patterns, and time-dependent variables). The distribution of flare severity was 66.1% non-flare,
7.3% mild, 18.0% moderate, and 8.6% severe. Among all ML models, the LightGBM model achieves the best
performance for binary classification for non-flare/mild flare and moderate flare/severe flare. As shown in
Table 2, for the binary classification task (non-flare/mild flare vs. moderate flare/severe flare), the LightGBM
model achieved an AUC of 90.54%, an accuracy of 85.21%, a sensitivity of 77.71%, and a specificity of
87.11% in the 2023 test set. Fig. 1A presents the feature importance rankings, highlighting the contribution of



corticosteroid and visit-related features, and Fig. 1 B shows the decision curve analysis (DCA), demonstrating
the clinical utility of the LightGBM model.

Conclusion:

This study developed promising predictive models for SLE flares, particularly for identifying moderate to
severe flares. The established flare classification and feature engineering provide a robust framework. The
models demonstrate potential for proactive clinical flare management; however, continuous monitoring and
retraining are crucial for maintaining performance, given the evolving nature of clinical practices.

Keywords: systemic lupus erythematosus; disease flare, machine learning, electronic medical records.
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Table 1. Features used for the development of explainable machine learning prediction models for flare severity in patients with systemic
lupus erythematosus at Taichung Veterans General Hospital.

Quantity Type Description
8x9-2=70 LAB statistics: mean, standard | C3, WBC, PLT, ALT, ESR, HGB, C4, CREAT, dsDNA
deviation, variance, | ( SLEDAI, IGG, CRP, and the missing values of ESR variance and standard

maximum/minimum value, median, | deviation exceed 30%. )
MAD, uniformity
4x11=44 Drugs: outpatient (out), emergency | Steroid, Rituximab, Belimumab, Abatacept, Methotrexate, Leflunomide,
(em), hospitalization (hos), discharge | Azathioprin, Hydroxychloroquine, CICLOSPORIN, Cyclophosphamide, MMF
medication (dt)
17 Comorbidities Myocardial infarction, Congestive heart failure, Peripheral vascular disease,
Cerebrovascular disease, Dementia, Chronic pulmonary disease, Rheumatic disease,
Peptic ulcer disease, Mild liver disease, Diabetes without chronic complication,
Diabetes with chronic complication, Hemiplegia or paraplegia, Renal disease, Any
malignancy, including lymphoma and leukemia, except malignant neoplasm of skin,
Moderate or severe liver disease, Metastatic solid tumor, AIDS/HIV

2 others Gender, Age

10 Time-related derivatives Use of mild immunosuppressants, Use of moderate immunosuppressants, Use of
severe immunosuppressants, Use of corticosteroids, Total number of other
immunosuppressants used, Corticosteroid monotherapy, Days since last
corticosteroid use, Number of visits within 90 days, Current immunosuppressant
intensity level, Previous immunosuppressant intensity level




Table 2. Performance of LightGBM models to predict flare severity in patients with systemic lupus
erythematosus (SLE), with 2023 data used for model testing.

Sensitivi | Specifici | Accurac AUC Precisio | F1-

Method Type ty ty y n Score

Original four-class

model Test [52.15% (86.94%  [66.55%  [81.81%  143.92%  @44.37%

Four-class model
e Time-related
derived features Test 53.48% 88.09% 69.78% 82.91%  46.90%  [46.33%

« Bayesian
optimization

Binary classification
(flare vs. no flare)
o Time-related
derived features
o Bayesian
optimization

Test 70.91%  |86.50%  [82.45%  |86.90%  [64.84% |67.74%

Binary classification
(non-flare + mild vs.
moderate + severe)

e Time-related Test 77.71% 87.11% 85.21% 90.54% 60.54% 68.06%

derived features
« Bayesian

optimization
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Figure 1. Fig. 1A reveals the top 20 features based on the feature importance of the LightGBM model
for predicting moderate to severe flares; Fig. 1 B displays the corresponding decision curve. The blue
line indicates the net benefit of the LightGBM model across different threshold probabilities, compared to
treating all patients (dotted red) or none (black).



