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Systemic lupus erythematosus (SLE) relapse is clinically heterogeneous, and small
prediction studies are vulnerable to leakage, correlated predictors and causal
overinterpretation. This study addressed the lack of a compact relapse model
accompanied by an explicit evidence audit. The objective was to develop and
critically evaluate a leakage-aware machine-learning framework using routinely
recorded variables. A retrospective cohort of 120 patients, including 41 relapses,
was divided into 96 training and 24 held-out records. Preprocessing and feature
selection were fitted only on training data. Logistic regression, random forest,
multilayer perceptron and CatBoost were screened; the selected CatBoost model
was evaluated using Shapley additive explanations (SHAP), an Explainable Boosting
Machine (EBM), exploratory double machine learning (DML) and a remission-
interval sensitivity analysis. The final model used lowest haemoglobin, complement
component 3 (C3) status and anti-double-stranded DNA status. It produced
precision 0.714, recall 0.625, specificity 0.875, accuracy 0.792 and an F1-score of
0.667. Standard and conditional SHAP preserved the same predictor ranking, while
SHAP and EBM converged on a haemoglobin transition of 11.75-11.95 grams per
decilitre. Exploratory DML found the strongest evidence compatible with a possible
causal relationship for anti-double-stranded DNA positivity (estimate 0.426, 95%
confidence interval 0.175-0.677; p<0.001), without establishing causation.
Reintroducing remission interval reduced the Fl-score to 0.429 and produced
discordant thresholds. The framework therefore separates predictive performance,
explanation robustness, exploratory causal evidence and leakage sensitivity.
Prospective multicentre validation, calibration and clinical-utility assessment are
required before deployment.
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1. Introduction

Systemic lupus erythematosus (SLE) is a heterogeneous autoimmune disease with a relapsing-
remitting course. Flares can affect multiple organ systems, require treatment escalation and
contribute to irreversible damage. The clinical challenge is not merely to identify patients who have
already relapsed, but to recognise an increased-risk state early enough to intensify surveillance while
avoiding unnecessary intervention in lower-risk patients.

SLE pathophysiology and clinical heterogeneity complicate relapse surveillance [1]. In a
multicentre longitudinal study, McElhone et al., [2] documented frequent early flares despite active
management. A focused review found that demographic, disease-related and serological predictors
varied substantially between cohorts [3]. A prospective follow-up study likewise identified severe-
flare predictors but did not establish a universal marker [4]. Complement component 3 (C3), anti-
double-stranded DNA (anti-dsDNA), blood counts, albumin, treatment exposure and prior disease
activity therefore require interpretation as a combined and context-dependent signal.

Empirical studies have examined different parts of this risk landscape. Kakati et al., [5] described
regional patterns and determinants of flare in a North-East Indian cohort. Ji et al., [6] synthesised
relapse risk after glucocorticoid withdrawal, addressing a treatment-specific setting. Ramirez et al.,
[7] examined infection-associated flares and highlighted the interaction between immune activity,
treatment and care processes. Li et al., [8] evaluated significant relapse and maintenance treatment
in SLE-associated immune thrombocytopenia. These studies contribute clinically useful but setting-
specific evidence, and their differences in populations, outcomes and follow-up limit direct transfer
of any single rule.

Machine-learning research offers a way to represent nonlinear relations, missingness and
correlated predictors, but it introduces additional sources of bias. Ceccarelli et al., [9] reviewed
applications across diagnosis, activity and outcomes and identified both promise and methodological
heterogeneity. Zhan et al., [10] emphasised the opportunity for machine learning in lupus medicine
while noting the need for interpretable, clinically evaluated systems. Neither predictive accuracy nor
a visually persuasive explanation alone establishes transportability, calibration or clinical benefit.

Transparent reporting guidance requires leakage prevention, uncertainty reporting and explicit
limits on intended use [11]. Risk-of-bias guidance further requires development and evaluation
procedures that match the intended clinical setting [12]. Calibration is essential because
discrimination can remain acceptable while predicted risks are systematically wrong [13]. Decision-
curve analysis evaluates whether predictions provide net clinical benefit [14]. Broader prediction-
model assessment also requires complementary performance measures rather than a single accuracy
statistic [15]. An earlier analysis of the same Hospital Canselor Tuanku Muhriz cohort used Shapley
additive explanations (SHAP) with CatBoost and reported approximately 79% accuracy, but it
retained remission interval and did not test explanation stability under dependent predictors or
distinguish predictive importance from exploratory causal evidence [16].

The research gap is therefore the absence of a compact SLE relapse model accompanied by an
explicit audit of leakage, explanation dependence, threshold reproducibility and causal
overinterpretation. The primary objective was to develop a relapse model from routinely recorded
variables using training-only preprocessing and feature selection. Secondary objectives were to
compare explanation methods, identify clinically readable transition regions, explore adjusted
relationships without claiming causal proof and challenge remission interval as a potentially unsafe
predictor. The novelty is the integration of these checks into one evidence chain. The study is
significant because this audit makes the model's limitations visible and provides a reusable
framework for safer clinical prediction research in small, heterogeneous datasets.
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2. Methodology
2.1 Study Design, Cohort and Outcome

This retrospective study used 120 medical records of patients with SLE managed by the
Rheumatology and Nephrology services at Hospital Canselor Tuanku Muhriz (HCTM), Kuala Lumpur
[16]. Patients fulfilled the 2019 European League Against Rheumatism/American College of
Rheumatology (EULAR/ACR) classification criteria [17]. They also fulfilled the 2012 Systemic Lupus
International Collaborating Clinics (SLICC) classification criteria [18]. For patients with multiple
relapses within 24 months, the most recent episode was selected. Forty-one patients (34.2%) were
classified as relapse and 79 (65.8%) as non-relapse. Table 1 summarises the cohort structure and
design safeguards.

Each record used a group-specific reference date: the selected relapse visit for patients classified
as relapse and the last recorded clinic visit for those classified as non-relapse. The parent
documentation states that demographic and laboratory data were extracted 12 months before
relapse for relapse records and at the last recorded clinic visit for non-relapse records [16]. Thus, for
relapse records, the fields labelled 12-month C3 status and 12-month anti-dsDNA status refer to
status 12 months before the selected relapse date; for non-relapse records, the corresponding status
was abstracted at the last recorded visit. The parent report described flare as a measurable increase
in disease activity in one or more organ systems with new or worsening clinical signs, symptoms
and/or laboratory measurements, but did not document one activity-index threshold for assigning
the binary outcome [16]. The source study did not specify a separate future outcome window; this is
a retrospective case-referenced design rather than a uniform prospective prediction time point.

Table 1
Cohort structure and design safeguards
Element Specification Why it matters
Cohort 120 patients; 41 relapses (34.2%) Defines event prevalence and limits model complexity
Primary split Stratified 80:20; random state 42 Preserves relapse prevalence across development and
held-out sets
Training set 96 patients Only source for imputation, transformation, feature
selection and tuning
Held-out set 24 patients; 8 relapses and 16 non-  Used for provisional performance and explanation
relapses analyses
Leakage Remission interval and downstream  Prevents outcome-timing information from entering the
exclusion age/timing fields removed primary model
Explicit third Category 2 denotes the relevant Preserves a variable-specific care-process state distinct
categories test/procedure not performed or from physiological categories

treatment/medication not received

2.2 Leakage-Aware Data Pipeline

The dataset was split before preprocessing. Numeric missing values were replaced using medians
estimated from the training set. For binary clinical variables, unrecorded source cells were encoded
as an explicit third category (2): the relevant test or procedure was not performed, or the treatment
or medication was not received, depending on the variable. Category 0 and 1 meanings were retained
from each variable's data definition rather than assigned one universal interpretation; non-binary
categorical gaps used the training mode. Continuous variables with substantial skew and influential
extreme observations were transformed according to their distributions: lowest haemoglobin and
lowest albumin underwent Box-Cox transformation, while highest C-reactive protein, lowest white-
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cell count and lowest neutrophil count were log-transformed. All transformation parameters were
learned from the training set and applied unchanged to the held-out set. Extreme observations were
retained because they may contain clinically meaningful disease information; transformation
reduced their disproportionate influence on model fitting rather than deleting or winsorising them.
A one-hot encoded unscaled branch supported tree and EBM models, and a scaled branch supported
logistic regression and the multilayer perceptron. Remission interval, age at relapse and other
downstream fields were excluded from the primary feature matrix. The complete workflow is shown
in Figure 1.

SLE-RelapseX Framework

Leakage-aware and clinically auditable Al workflow for SLE relapse prediction
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Fig. 1. SLE-RelapseX converts model development into a sequence of explicit evidence challenges
2.3 Model Development and Feature Selection

Four model families were evaluated because they represent different bias-variance and
interpretability profiles: least absolute shrinkage and selection operator (L1)-regularised logistic
regression, random forest, multilayer perceptron (MLP) and base CatBoost. Feature selection was
matched to each model rather than imposed as a universal filter. L1 coefficients selected 10 encoded
predictors for logistic regression; Boruta selected lowest haemoglobin for random forest; a two-of-
three consensus retained five encoded features for the MLP; and BorutaSHAP retained three source
predictors for CatBoost. Initial held-out screening did not identify CatBoost as universally superior:
MLP achieved the highest screening F1-score (0.533) and recall (1.000) but specificity was 0.125,
whereas base CatBoost achieved precision 0.600, recall 0.375, specificity 0.875 and an Fl-score of
0.462. CatBoost was advanced because it offered high precision and specificity with a compact
predictor set and natively handled categorical variables [19]. The general SHAP framework supported
a coherent downstream explanation audit [20], while its tree-specific implementation enabled
efficient CatBoost explanations [21]. This was a methodological selection rather than an equal-
budget algorithm victory.

CatBoost hyperparameters were selected using five-fold cross-validation within the 96-patient
training set. The final settings were depth 3, learning rate 0.03, L2 leaf regularisation 3 and 300
iterations. The 24-patient held-out set was not used to fit preprocessing parameters or model
weights. Because several models and analysis stages were nevertheless compared against the same
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small held-out set, all test estimates are described as provisional internal performance rather than
definitive validation.

2.4 Multi-Layer Explanation and Threshold Triangulation

Standard TreeSHAP quantified each predictor's contribution to the final CatBoost output using
the general SHAP additive-attribution framework [20]. Its tree-ensemble algorithm provided
efficient, consistent feature attribution [21]. Because standard feature attribution can redistribute
importance when predictors are dependent, the same 24 records were also explained with the shapr
package's conditional inference tree (CTREE) approach [22]. Conditional inference trees estimate
contributions while respecting dependencies between mixed predictors [23]. All eight coalitions for
the three-predictor model were evaluated with 1,000 Monte Carlo samples. Additivity was checked
by reconstructing the CatBoost raw margin for every held-out record; all 24 residuals were within
numerical tolerance.

An Explainable Boosting Machine (EBM) was then trained with the same source predictor groups.
EBM is a glass-box generalised additive model that exposes the learned shape of each feature
contribution [24]. Its purpose was not external validation because it used the same cohort and held-
out records, but independent algorithmic triangulation: a transition was treated as more credible
when SHAP and EBM identified a similar region and direction.

2.5 Exploratory Causal Analysis and Leakage Sensitivity

Double/debiased machine learning (DML) was used to explore whether each selected predictor
retained evidence compatible with a possible causal relationship with relapse after adjustment for
the other measured selected variables. The analysis used five-fold cross-fitted residualisation within
the 96-patient training set: CatBoost nuisance models estimated the relapse outcome and each
candidate predictor from the remaining candidate covariates in out-of-fold observations. The
relationship between outcome and predictor residuals was then estimated using heteroskedasticity-
consistent type 3 (HC3) robust standard errors [25]. For binary indicators, estimates approximate
adjusted risk-difference contrasts; continuous haemoglobin was restored to its clinical scale before
DML. Because the data are observational and the analysis was post-selection, unmeasured
confounding, weak overlap, model misspecification and ambiguous timing cannot be excluded. DML
results are therefore exploratory evidence of possible causal relationships, not proof of causation.

A secondary sensitivity analysis reintroduced remission interval using the same split, model
settings and explanatory tools. This variable was deliberately kept outside the primary model
because the duration of remission can be entangled with when the relapse outcome is observed. The
sensitivity analysis was designed as a challenge: a useful baseline predictor should improve or
preserve performance and produce stable transitions across explanation methods.

3. Results
3.1 Held-Out Predictive Performance

The tuned CatBoost classified 19 of 24 held-out patients correctly: 5 true positives, 14 true
negatives, 2 false positives and 3 false negatives. Precision was 0.714, recall 0.625, specificity 0.875,
accuracy 0.792, balanced accuracy 0.750 and the Fl-score was 0.667. Wilson 95% confidence
intervals (Cls) were 0.359-0.918 for precision, 0.306-0.863 for recall, 0.640-0.965 for specificity and
0.595-0.907 for accuracy. These wide intervals are a direct consequence of the small test set and



Semarak International Journal of Public Health and Primary Care
Volume 8, Issue 1 (2026) 1-13

should accompany, rather than be hidden behind, the point estimates. Table 2 summarises these
results, and Figure 2 visualises the trade-offs.

Table 2
Held-out model comparison

Selected - -
Model predictors* Precision Recall Specificity F1
CatBoost (tuned) 3 0.714 0.625 0.875 0.667
CatBoost (base) 3 0.600 0.375 0.875 0.462
MLP 5 encoded 0.364 1.000 0.125 0.533
Random forest 1 0.300 0.375 0.563 0.333
Logistic regression 10 encoded 0.167 0.125 0.688 0.143

*Predictor counts reflect model-specific feature-selection spaces. Logistic regression, random forest, MLP
and base CatBoost are initial screening benchmarks; tuned CatBoost followed training-only cross-validation.
These rows should not be interpreted as an equal-budget hyperparameter contest.

Held-out performance on 24 patients (8 relapses)

1.0 1.00
0.88
0.8
0.69
0.6
0.4
0.2
0.0
CatBoost CatBoost MLP Random Logistic
tuned base forest regression
Il Precision M Recall B Specificity Il Fl-score

Fig. 2. Initial screening showed complementary trade-offs: MLP maximised recall but produced 14 false
positives, while base CatBoost combined precision 0.600 with specificity 0.875. Training-only tuning then
improved CatBoost to precision 0.714, recall 0.625 and F1 0.667

3.2 Compact Predictor Set and Explanation Stability

BorutaSHAP retained only three source predictors: lowest haemoglobin, 12-month C3 status and
12-month anti-dsDNA status. This compact set is operationally attractive because all three variables
arise from routine lupus monitoring. Standard and Conditional SHAP produced the same order:
lowest haemoglobin first, C3 status second and anti-dsDNA status third. Spearman and Kendall rank
correlations were both 1.00. Conditional attribution increased the mean absolute contribution of C3
from 0.635 to 0.732 but did not alter feature order, showing rank stability but not magnitude
equivalence. Figure 3 compares standard and dependence-aware attribution magnitudes.
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Feature order remained stable under dependence-aware explanation

Lowest haemoglobin oo
12-month C3 status o ¢
12-month anti-dsDNA status 9

0.50 0.55 0.60 0.65 0.70 0.75 0.80

Mean absolute contribution on the CatBoost raw-margin scale
@ Standard TreeSHAP € Conditional SHAP

Fig. 3. Dependence-aware SHAP preserved the three-feature order while changing attribution magnitude,
particularly for C3 status

3.3 Haemoglobin Transition

Lowest haemoglobin was selected by all four model-specific feature-selection pipelines. Standard
SHAP identified an observed sign-change interval of 11.5-12.0 g/dL with a midpoint of 11.75 g/dL.
EBM identified its largest interpretable transition at 11.95 g/dL. Both methods assigned higher
predicted relapse risk below the transition and lower risk above it; the relative threshold difference
was 1.7%. The 11.75-11.95 g/dL band is therefore the strongest internally triangulated threshold-like
finding, but it remains model-derived and must not be presented as a treatment cutoff. Figure 4
shows the convergent threshold evidence.

LOWEST HB Relapse-Risk Thresholds: Standard SHAP vs EBM

A. Standard SHAP B. Explainable Boosting Machine

© Patient-level SHAP
Transition: 11.50-12.00
== SHAP threshold: 11.75

~@~ EBM risk curve
—— EBM threshold: 11.95

1.0 d

0.5

Standard SHAP value
EBM contribution to relapse log-odds

o
o
E.
-]

®

e

8 10 12 14 8 10 12 14
LOWEST HB (clinical scale) LOWEST HB (clinical scale)

Fig. 4. SHAP and EBM converged on a narrow haemoglobin transition band with the same risk direction
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3.4 Predictor-Level Evidence Triangulation

Table 3

Cross-method interpretation of the final predictors

Predictor

Predictive evidence

Exploratory causal
evidence

Defensible interpretation

Lowest
haemoglobin

Rank 1 in standard and
conditional SHAP; SHAP/EBM

Effect -0.055; 95% CI -
0.122 t0 0.012; p=0.110

Strong nonlinear predictive
marker; no clear DML

transition at 11.75-11.95 g/dL evidence of an
independent causal

relationship

Anti-dsDNA Rank 3; positive category Effect 0.426; 95% C1 0.175 = Strongest evidence in this

positive contribution to 0.677; p<0.001 study consistent with a
possible causal
relationship; not causal
proof

Low C3 C3 source feature ranked 2 Effect 0.063; 95% Cl - No clear DML evidence of

0.183 to 0.308; p=0.617 an independent causal
relationship

Statistically significant
testing/care-process
relationship; not protective

C3 biology

C3 not tested Effect -0.238; 95% Cl -

0.435 to0 -0.041; p=0.018

High EBM importance within the
C3 group

The distinction between low C3 and C3 not tested is critical. In this dataset, category 2 means
that the C3 test was not performed; it is an explicit care-process category, not a physiological value.
Only 61 of 120 patients underwent 12-month C3 testing in the analysis dataset underlying the earlier
cohort manuscript [16]. Category 2 is therefore not a physiological complement state. Its negative
DML coefficient must not be described as protective C3 biology; it may instead reflect testing
patterns, clinical workflow, patient selection or other care processes.

3.5 Exploratory Causal Findings

Anti-dsDNA positivity produced a positive statistically significant DML estimate (0.426, 95% ClI
0.175-0.677; p<0.001), providing the strongest evidence in this study consistent with a possible
causal relationship with relapse after measured-variable adjustment. This remains exploratory and is
not causal proof. Lowest haemoglobin did not show clear DML evidence of an independent causal
relationship despite being the strongest predictor. This is not a contradiction: prediction can exploit
nonlinear risk patterns, proxy information and interactions even when a selected variable does not
retain a stable residual relationship after adjustment. Low C3 likewise showed no clear DML evidence
of an independent causal relationship. The C3-not-tested category had a statistically significant
negative coefficient (p=0.018), but because it denotes that testing was not performed and was not
corrected for multiple comparisons, it is interpreted as a possible testing, workflow, selection or care-
process relationship rather than biological protection. Figure 5 summarises these exploratory DML
estimates and confidence intervals.
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Exploratory DML estimates after measured-variable adjustment

Anti-dsDNA positive vs negative e s
Low C3 vs normal B — . s
Anti-dsDNA not tested vs negative 0
Lowest haemoglobin —-
C3 not tested vs normal B s

-06 -04 -02 00 0.2 0.4 0.6
Exploratory effect (95% HC3 confidence interval)

Observational estimates are not proof of causation

Fig. 5. Exploratory DML evidence was strongest for a possible anti-dsDNA relationship, while the C3-not-
tested coefficient may reflect testing or care processes rather than C3 biology

3.6 Remission-Interval Sensitivity Analysis

Reintroducing remission interval did not strengthen the model. Precision fell to 0.500, recall to
0.375 and F1-score to 0.429; the confusion matrix contained 13 true negatives, 3 false positives, 5
false negatives and 3 true positives. Both explanatory models associated shorter remission with
higher predicted relapse risk, but SHAP identified a transition near 24 months (observed interval 20-
28 months) whereas EBM identified 16 months. The direction agreed but the threshold did not.
Performance deterioration and threshold discordance support the original decision to exclude
remission interval from the primary model rather than convert it into a clinical rule.

4. Discussion
4.1 Principal Contribution

SLE-RelapseX advances the earlier cohort analysis by converting a compact relapse model into an
auditable clinical-Al framework. Its principal contribution is an explicit evidence chain that tests
leakage, explanation dependence, threshold reproducibility, exploratory causal evidence and
temporal sensitivity within a single workflow. RelapseX prevents major preprocessing leakage, tests
explanations under predictor dependence, asks an interpretable model to reproduce the principal
threshold, uses DML to explore possible causal relationships under explicit assumptions, and rejects
a clinically attractive variable when its timing and sensitivity behaviour are unsafe.

This design responds directly to the concern that black-box performance is insufficient in high-
stakes healthcare [26]. It also demonstrates that interpretability is not a single plot. SHAP answered
which variables drove CatBoost predictions; Conditional SHAP tested whether their order depended
on unrealistic independence; EBM asked whether a transparent model learned a similar risk
transition; DML explored whether predictors retained evidence compatible with possible causal
relationships after measured-variable adjustment, without treating those estimates as proof; and the
remission sensitivity analysis attempted to falsify, rather than merely confirm, the preferred model.



Semarak International Journal of Public Health and Primary Care
Volume 8, Issue 1 (2026) 1-13

4.2 Clinical Interpretation

The three final predictors are clinically plausible. A focused review found repeated associations
between anti-dsDNA and disease activity or flare risk [3]. A prospective follow-up study separately
identified predictors of severe flare [4]. Haematological abnormalities are common in active SLE, and
lower haemoglobin may integrate inflammation, renal involvement, haemolysis, marrow
suppression, treatment burden or chronic disease. Complement consumption is biologically relevant,
but the present study does not show a clear independent low-C3 signal. Biomarkers can therefore be
informative at the population level while remaining inconsistent for individual relapse prediction.

The haemoglobin transition deserves prospective testing because two different explanatory
models converged within 0.20 g/dL. It should nevertheless be treated as a hypothesis-generating
monitoring region. A clinician could reasonably view a haemoglobin value below approximately 12
g/dL as a prompt to inspect trajectory, renal status, haemolysis, inflammation and treatment context,
but RelapseX does not establish that correcting haemoglobin will prevent relapse.

4.3 Evolution Beyond the Predecessor Model

Table 4
What RelapseX changes relative to the earlier cohort analysis

Dimension Earlier analysis [16] SLE-RelapseX Why the change matters
Primary Remission interval, Haemoglobin, 12-month C3 = Removes an outcome-timing
predictors haemoglobin, status, 12-month anti- variable and reduces the model to

immunosuppressant use,
disease duration

dsDNA status

routine surveillance data

Held-out profile

Accuracy 0.79; precision
0.64; recall 0.88; F1 0.74

Accuracy 0.792; precision
0.714; recall 0.625;
specificity 0.875; F1 0.667

Shows a shift toward fewer false
positives, not universal
performance superiority

Explanation Standard SHAP Standard plus Conditional Tests attribution robustness
SHAP; complete additivity under feature dependence
audit

Threshold SHAP patterns SHAP plus EBM Separates an isolated plot from

evidence convergence cross-model triangulation

Causal Conventional association Exploratory DML for Distinguishes prediction from

assessment and model importance possible causal evidence compatible with
relationships with explicit causation without claiming proof
assumption limits

Leakage Remission interval retained = Remission interval analysed = Makes temporal deployability part

challenge separately and rejected of the model-selection decision

4.4 Innovation and Translational Value

The competition value of RelapseX rests on four characteristics. First, it is feasible: the final model
uses three routinely available variables rather than expensive omics or imaging. Second, it is
transparent: every headline predictor is accompanied by an explanation-stability result and an
evidence grade. Third, it is self-critical: remission interval and the C3-not-tested care-process
category are reported as threats to validity rather than converted into promotional claims. Fourth, it
is reusable: the same audit sequence can be transferred to other small clinical datasets in which
leakage, incomplete measurement and correlation are more dangerous than algorithmic complexity.

A safe translational pathway has four gates. Gate 1 is a locked, clinically defined prediction time
point with prospective data collection. Gate 2 is nested internal validation with calibration, threshold

10
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uncertainty and decision-curve analysis. Gate 3 is external multicentre validation with subgroup
assessment across sex, ethnicity, organ involvement and treatment strata. Gate 4 is human-in-the-
loop implementation in which preprocessing, category semantics and model versioning are packaged
together and predictions support, rather than replace, specialist judgment. This pathway aligns the
project with United Nations Sustainable Development Goal 3 (SDG 3): Good Health and Well-Being
while avoiding premature automation.

4.5 Limitations

The study is retrospective, single-centre and small. Predictor anchoring differed between relapse
and non-relapse records, and the source study did not specify a uniform future outcome window;
performance therefore represents retrospective discrimination under a case-referenced design, not
validated real-time forecasting. Only 24 patients, including 8 relapses, were available for held-out
evaluation; performance intervals are consequently wide. The held-out set was used across several
model and explanation comparisons, which can create optimistic selection if repeated iteration
responds to test results. No external validation, calibration curve, area under the receiver operating
characteristic curve (ROC-AUC), decision-curve analysis or net-benefit evaluation was available in the
consolidated outputs. The cohort is predominantly female and drawn from one Malaysian tertiary
centre, limiting transportability.

Testing and care processes are not neutral. The importance of the C3 source feature is partly
driven by the explicit C3-not-tested category, which may encode clinical workflow, patient selection
or care processes rather than disease biology. Standard and Conditional SHAP rank agreement is
based on only three final predictors and does not quantify resampling uncertainty. EBM is an
independent algorithmic check, not an independent dataset. DML was performed after feature
selection on 96 observations, without a prespecified causal graph, a broad confounder set, overlap
diagnostics or multiplicity correction; unmeasured confounding and model misspecification remain
possible, so its estimates are exploratory evidence rather than proof of causation. Finally, the current
saved CatBoost artefact does not encapsulate the haemoglobin transformation and category
dictionary, so direct entry of raw clinical values would be unsafe until preprocessing is packaged and
verified.

5. Conclusions

SLE-RelapseX produced a compact three-predictor CatBoost model with provisional held-out
precision 0.714, recall 0.625, specificity 0.875 and F1-score 0.667. Lowest haemoglobin was the most
stable predictive marker, with SHAP and EBM converging on a model-derived transition around
11.75-11.95 g/dL, but DML did not provide clear evidence of an independent causal relationship.
Anti-dsDNA positivity provided the strongest exploratory evidence in this study consistent with a
possible causal relationship after measured-variable adjustment, whereas low C3 did not. The
significant negative C3-not-tested coefficient was interpreted as a testing or care-process
relationship rather than protective biology. Remission interval failed the leakage sensitivity challenge
and remained excluded. The principal innovation is therefore not a claim of clinical readiness or
causal proof, but a reusable audit framework that converts prediction into transparent, contestable
evidence. Prospective multicentre validation, calibration, clinical-utility testing and end-to-end
preprocessing are required before deployment.

11
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