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Abstract

Machine learning applied to Irritable Bowel Syndrome (IBS) frequently reports
high diagnostic performance despite small cohorts and heterogeneous preprocess-
ing. We present a four-stage responsible Al workflow applied to the MARS-IBS-
2020 dataset (n = 73 at baseline), demonstrating that leakage ablation, harmonized
preprocessing, and learning-curve diagnostics expose structural overfitting behind
nominally high ROC-AUC values. A single evaluation yielded AUC 0.985 under
temporal filtering, yet bootstrapped resampling (N = 50) reveals a mean AUC of
only 0.63 with 95% CI spanning [0.10, 1.00], and memorisation persists across
all sample sizes. SHAP attribution consistently surfaces bile acid and tryptophan
metabolites as dominant predictors, aligning with established IBS biology. The
study offers a transparent methodological template for evaluating small-cohort
biomedical ML systems where traditional performance metrics are unreliable.

1 Introduction

Irritable Bowel Syndrome (IBS) affects 5-10% of the global population and carries a substantial
quality-of-life burden [12]. Diagnosis remains symptom-based (Rome IV criteria), and IBS patho-
physiology involves altered microbial composition, disrupted metabolic pathways, and gut-brain axis
dysregulation [1]. Metabolomic studies highlight bile acid and tryptophan disturbances as hallmarks
of the disease [15]. Machine learning has been proposed to decode these complex multi-omic sig-
nals, yet reproducibility remains a critical concern. High AUC values (>0.90) have been reported
in datasets with fewer than 100 subjects, raising questions about methodological validity [14, 9].
Systematic reviews confirm that subject-level data leakage, non-standardized feature engineering,
and absent external validation routinely inflate performance by 0.15-0.30 AUC points [2, 11].

This work applies a four-stage responsible Al framework to the MARS-IBS-2020 cohort [8, 10].
Through this case study, we demonstrate the utility of combining established practices into a cohesive
workflow: (1) applying a Progressive Leakage Ablation protocol that quantifies performance inflation
under increasingly strict validation; (2) learning-curve diagnostics revealing overfitting persistence
across sample sizes; and (3) SHAP-based biological plausibility analysis as a stability measure when
predictive metrics are unreliable.

2 Methodology

Figure 1 summarises the four-stage workflow from data harmonization to biological plausibility
validation.

Dataset. The MARS-IBS-2020 dataset [8, 10] contains longitudinal fecal samples from 305 IBS
subjects (across subtypes) and 139 healthy controls, with paired 16S rRNA sequencing and untargeted
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Figure 1: Four-stage responsible Al workflow: (1) data harmonization; (2) leakage mitigation;
(3) overfitting diagnostics; (4) biological plausibility validation.

LC-MS metabolomics. Filtering for the first time-point (1) yields 73 unique subjects with complete
multi-modal data (51 IBS cases, 22 healthy controls; median age 34 years, 79% female).

Feature engineering and harmonisation. Raw taxonomic strings were mapped to GTDB genus-
level identifiers. Genera present in fewer than 10% of samples or with variance < 0.01 were removed;
the remainder underwent Centred Log-Ratio (CLR) transformation. Metabolomics data were log-
transformed, quantile-normalised, and imputed via KNN (k£ = 5). The final harmonised set comprised
53 features (10 genera, 43 metabolites).

External validation cohorts. To assess generalisability, three independent public microbiome
datasets were used: Franzosa (N = 56) [4], Jacobs (N = 36) [5], and iHMP (N = 278) [6].
Because these cohorts lacked aligned metabolomics data, they were used strictly to evaluate the
microbiome-only variant of the model.

Validation framework. Performance was evaluated under four increasingly strict schemes:

1. Sample-level split (leakage): random 70/15/15 split allowing the same subject across folds.
2. Subject-isolated split: each subject appears in exactly one fold.

3. Temporal filtering: restriction to 7 removes longitudinal leakage and establishes a baseline
diagnostic capacity without the confounding temporal variance of disease progression,
though this limits the exploration of temporal dynamics.

4. Harmonised feature space: model trained on the reduced 53-feature set.

An XGBoost classifier (learning rate 0.05, depth 5, subsample 0.8) was trained with 5-fold cross-
validation and 50 bootstrap iterations. Bootstrapped learning curves (n = 20-73) were computed by
re-fitting preprocessing and model parameters in each iteration. SHAP (tree explainer) was used for
interpretability [7, 3].

3 Results

3.1 Progressive leakage ablation

Table 1 reports AUC across the four validation stages. A single evaluation suggested a paradoxical
AUC increase from 0.936 to 0.985 as leakage was progressively eliminated. Bootstrapped resampling
(N = 50), however, reveals that subject-isolated and temporal-filtered stages produce mean AUCs of
only ~0.63 with 95% ClIs spanning nearly the full range (Table 1), confirming that single-run metrics
in small cohorts are deeply unreliable. Only Stage 1 (with leakage) yields a stable estimate (0.944,
CI [0.884, 0.986]).

Silhouette analysis on standardised features confirmed that class separability is near-zero in both the
full dataset (s = —0.009, n = 444) and the T subset (s = —0.011, n = 73), indicating the AUC
paradox reflects memorisation of non-separable clusters rather than genuine discriminability.



Table 1: Progressive leakage ablation: single-run AUC vs. bootstrapped mean AUC with 95%
confidence intervals (N = 50 iterations).

Stage Validation scheme Single-run  Bootstrap AUC (95% CI)
1 Sample-level split (leakage) 0.936 0.944[0.884,0.986]
2 Subject-isolated split 0.963 0.6371[0.228,0.979]
3 Temporal filtering (75) 0.985 0.631[0.103, 1.000]
4 Harmonised feature space 0.985 0.6311[0.103, 1.000]
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Figure 2: Progressive leakage ablation: single-run AUC appeared to increase (0.936—0.985) as
leakage was removed; bootstrap analysis reveals this as a sampling artefact (Table 1).

To assess whether the overfitting pattern is model-specific, we compared XGBoost against simpler
baselines under identical 5-fold stratified CV on the full dataset: Logistic Regression achieved
AUC 0.725 (train 0.860, gap 0.134), Linear SVM scored AUC 0.703 (train 0.835, gap 0.131), and
XGBoost reached AUC 0.793 (train 1.000, gap 0.207). All three models exhibited substantial train—
test gaps, confirming that overfitting is a dataset-level phenomenon rather than an artefact of model
complexity.

3.2 Learning-curve diagnostics

Bootstrapped learning curves (Figure 3) confirm structural overfitting. Training AUC remained
at 1.0 across all sample sizes (n = 20 to 73), while validation AUC improved but the gap never
closed. Visual extrapolation provides a heuristic suggesting that cohorts of at least n >= 150 may be
required.
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Figure 3: Bootstrapped learning curves: training AUC is high at all sample sizes while validation
AUC improves; the gap persists, indicating continued overfitting.

3.3 Biological signal and external generalisation

Despite statistical limitations, SHAP attribution (Figure 4) consistently identified biologically plausi-
ble features: bile acid metabolites (glycocholic acid, glycodeoxycholic acid — 35% of top features),
consistent with bile acid malabsorption in IBS-D [13]; tryptophan metabolites (tryptamine and
serotonin precursors — 35%), reflecting gut—brain axis signalling; and microbial genera (Fae-
calibacterium, Blautia — 15%), matching known dysbiosis patterns. Bootstrap stability analysis
(N = 50 iterations) confirmed that the top two features (Prevotella and hypoxanthine) appeared in
the SHAP top-10 in 98% of iterations, and three further features exceeded 60% stability, supporting



the robustness of biological attribution even when AUC is unstable. External evaluation on three
independent cohorts (Franzosa N = 56 [4], Jacobs N = 36 [5], iHMP N = 278 [6]) revealed that
the microbiome-only model correctly identified all healthy controls but misclassified all IBD samples
as IBS, indicating non-specific dysbiosis signal rather than IBS-specific discrimination.
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Figure 4: SHAP feature importance: bile acids dominate, followed by tryptophan metabolites and
selected microbial genera.

4 Discussion and Conclusion

This study illustrates a fundamental tension in small-cohort biomedical ML: when n < 100, high
AUC reflects memorisation, not generalisation. While a single evaluation suggested a paradoxical
AUC increase under stricter validation, bootstrapping exposed this as a sampling artefact — the true
mean AUC collapsed from 0.94 to 0.63 once subject leakage was removed, with 95% Cls spanning
nearly the full range. Silhouette scores near zero (s ~ —0.01) confirm negligible class separability,
and simpler baselines (Logistic Regression, Linear SVM) exhibited comparable overfitting gaps,
demonstrating that the phenomenon is dataset-level rather than model-specific.

Critically, biological plausibility proved more stable than performance metrics under these conditions.
SHAP attribution reproducibly surfaced bile acid and tryptophan pathways across validation schemes,
providing independent corroboration aligned with established IBS mechanisms. This suggests that
interpretability tools can serve as a secondary validation signal when hold-out metrics are unstable.

Three actionable findings emerge: (1) performance metrics alone are insufficient for small-cohort
biomedical ML; leakage ablation and learning-curve analysis must accompany any AUC claim;
(2) biological plausibility via feature attribution offers complementary stability evidence; (3) disease
controls are essential during training to avoid confounding IBS-specific signals with general gut
dysbiosis shared with IBD.

The main limitations are the small sample size (n = 73), absence of demographic fairness analysis,
and the inability to include metabolomics features in external validation due to cross-cohort feature
misalignment. Priorities for future work include multi-disease modelling frameworks that explicitly
separate IBS from inflammatory disorders, larger harmonised cohorts with matched metabolomics,
psychosocial covariates and longitudinal sampling, and fairness audits across demographic subgroups.
The translational potential of fecal bile acid profiling as a complement to Rome IV criteria warrants
prospective validation in IBS-D populations who may benefit from bile acid sequestrant therapy.

5 Supplementary Material

Code and figures are available at https://github.com/nathanyaqueby/ibs-framework
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