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Abstract 
Major depressive disorder (MDD) has been repeatedly linked to disruptions of 
the gut brain axis (GBA), yet practical decision systems that convert multi-om-
ics patterns into patient-specific guidance remain limited. We present an end-
to-end, explainable pipeline that learns putative GBA signatures of MDD from 
synthetic data and translates model attributions into hypothesis-driven nutri-
tional and pharmacological suggestions. We simulated a cohort of N = 1,500 
individuals (30% MDD) comprising 200 microbial taxa, 150 metabolites, and 
7 clinical features. A regularized dense neural network with class weighting and 
early stopping was trained and compared with a Random Forest baseline; in-
terpretability was provided by SHAP at global and local levels. On a 20% strat-
ified hold-out test set the deep model achieved Accuracy = 0.98 and AUC = 
0.998, with a confusion matrix of [[207, 3], [2, 88]]. Feature attributions con-
centrated on a compact subset of metabolites and taxa consistent with the 
planted effects in the simulator; RF importances corroborated these signals 
(e.g., Metabolite_120, 109, 40, 90; Species_198, 197). We further demonstrate 
a templated mapping from patient-level SHAP profiles to non-clinical recom-
mendations dietary patterns, prebiotic/probiotic directions, and pathway hy-
potheses involving, for example, kynurenine metabolism, short-chain fatty ac-
ids, and bile acids intended to support clinician-led hypothesis generation ra-
ther than direct treatment. Because all data are simulated, performance esti-
mates are optimistic and biological interpretations are illustrative. Nonethe-
less, the approach shows how multi-omics learning coupled with transparent 
explanations can organize heterogeneous GBA signals into actionable research 
hypotheses for precision psychiatry. Code and figures are fully reproducible 
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from a single Colab notebook. Future work will validate the pipeline on real, 
harmonized cohorts, incorporate compositional microbiome statistics and cal-
ibration analyses, and assess generalization across sites and subgroups under 
clinical oversight. 
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1. Introduction 

The gut brain axis (GBA) integrates intestinal microbes, host metabolism, im-
mune signalling, and neural circuitry into a coupled system that can shape mood 
and cognition [1]-[5]. In major depressive disorder (MDD), convergent evidence 
implicates short-chain fatty acids, the tryptophan kynurenine pathway, bile acids, 
GABA/serotonin signalling, and lifestyle correlates such as diet, sleep, and stress 
[6]-[9]. Yet most computational studies remain at the level of association and 
group averages. Clinicians and translational researchers need models that aggre-
gate heterogeneous signals, provide calibrated predictions, and explain why a de-
cision is made for a given individual [10]-[14]. We introduce an end-to-end, ex-
plainable pipeline for GBA-informed modelling of MDD. The system ingests 
multi-omics inputs microbiome, metabolomics, and clinical/demographic varia-
bles performs standardized preprocessing and trains a supervised classifier to dis-
criminate MDD from healthy controls. Interpretability is provided by SHAP, 
which quantifies both global and subject-level feature contributions and their di-
rection of effect. To focus on methods while controlling ground truth, we use syn-
thetic but biologically plausible data that encode realistic skew, sparsity, and 
planted case control signals. A regularized dense neural network with early stop-
ping and class weighting serves as the primary model, with a Random Forest base-
line for sensitivity analysis; evaluation includes hold-out accuracy, AUC, confu-
sion matrices, and complementary importance profiles. 

Beyond accuracy, the contribution is translation. We propose a templated map-
ping from SHAP profiles to non-clinical, testable suggestions: dietary patterns, 
probiotic or prebiotic directions tied to specific taxa, and pathway-level hypothe-
ses involving kynurenine metabolism, short-chain fatty acids, bile acids, and in-
hibitory/excitatory neurotransmission. These outputs are research prompts rather 
than prescriptions, intended to support clinician scientist dialogue and prospec-
tive study design. Because the data are synthetic, performance represents an opti-
mistic upper bound; nevertheless, the pipeline demonstrates how integrative 
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learning coupled with transparent reasoning can organize heterogeneous GBA 
signals into actionable hypotheses for precision psychiatry and provides a fully 
reproducible notebook that renders all analyses and figures from a single run 
ready for external validation. 

2. Methods 
2.1. Synthetic Cohort and Feature Simulation 

All simulation parameters, including taxon and metabolite shift factors, microbe 
metabolite coupling coefficients, and noise levels, are reported in text below, ena-
ble full reproducibility and stress-testing of the data generator. We simulated a 
cohort of N = 1500 individuals with an MDD prevalence of 30% to prototype the 
full multi-omics pipeline under controlled ground truth. Three feature blocks 
were generated: 

1) Clinical/Demographic (7 variables): Age was drawn from truncated Gauss-
ians (20 70 years); sex was sampled at a 40:60 male:female ratio; BMI, Diet_Quality 
(1 10), Antidepressant (0/1), Stress_Level (1 10), and Sleep_Quality (1 5) were 
sampled to mimic realistic ranges. The age distributions for Healthy vs. MDD are 
highly overlapping and similarly skewed (Figure 1(a)), indicating no trivial de-
mographic separation. Sex counts track the 40:60 prior in both groups (Figure 
1(a)), confirming that label prevalence does not leak through gender. 

2) Microbiome (200 taxa): For each subject we sampled log-normal relative 
abundances—appropriate for compositional microbiome data with strong right-
skew and heavy tails. To encode case control signal without making classification 
trivial, we (a) up-shifted 15 taxa and (b) down-shifted 10 taxa in MDD by multi-
plicative factors drawn around 1.5× and 0.4×, respectively, then added small 
Gaussian noise and clipped at zero. Kernel density estimates for the top-abun-
dance taxa (Figure 1(b)) show the expected sharp peak near low values with long 
right tails. Curves for Healthy/MDD largely overlap but diverge subtly in the 
tails—exactly the kind of weak, multivariate effects a model should integrate ra-
ther than a single univariate split. 

3) Metabolomics (150 features): Metabolite intensities were also log-normal, 
with 20 features linearly coupled to randomly selected taxa (coupling 0.3 0.8) to 
emulate gut-derived metabolic propagation. We then elevated 12 and reduced 8 
metabolites in MDD to inject pathway-level signal. Densities for the five most 
abundant metabolites (Figure 1(c)) mirror microbiome behavior: narrow modes 
at low intensity with heavier MDD tails for some features, again implying distrib-
uted, not deterministic, separability. 

Together, these design choices create (a) realistic marginal distributions (right-
skew, sparsity), (b) weak but coherent case control shifts across modalities, and 
(c) cross-block dependencies (microbe → metabolite coupling). The panels in Fig-
ure 1 serve as quality checks: demographics are balanced (no leakage), and omics 
densities show subtle tail differences rather than step-function gaps, ensuring that 
downstream performance reflects multivariate learning rather than artifacts. 
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Age shows overlapping interquartile ranges across groups; gender counts follow 
the simulated 40:60 male:female ratio within both Healthy and MDD cohorts. 

All taxa exhibit log-normal like right-skew; subtle tail shifts in MDD encode 
weak case control signal without trivial separation. 

Metabolite intensities mirror microbiome skew and display modest MDD-spe-
cific tail elevations for a subset, reflecting microbe metabolite coupling. 

2.2. Preprocessing and Split 

We applied a minimal, yet principled preprocessing pipeline designed to (i) pre-
vent information leakage, (ii) ensure numeric comparability across heterogeneous 
scales, and (iii) preserve class balance during evaluation. 

 

 
(a) 

 
(b) 

https://doi.org/10.4236/oalib.1114444


R. de Filippis, A. Al Foysal 
 

 

DOI: 10.4236/oalib.1114444 5 Open Access Library Journal 
 

 
(c) 

Figure 1. (a) Age and gender distributions by MDD status; (b) Top-abundance microbiome taxa: kernel density estimates (Healthy 
vs. MDD); (c) Top-abundance metabolites: kernel density estimates (Healthy vs. MDD). 
 

Categorical encoding: Gender (Male/Female) was one-hot encoded with drop-
first to avoid perfect multicollinearity (the “dummy variable trap”). The resulting 
binary indicator (Gender_Female) augmented the design matrix without chang-
ing feature dimensionality in downstream scaling. 

Standardization: All continuous variables (clinical, microbiome, and metabo-
lomic features) were standardized using StandardScaler trained only on the train-
ing fold: 

 train

train

x
z

µ
σ
−

=  

The learned trainµ  and trainσ  were then applied to validation and test sets to 
avoid target leakage through distributional parameters. This step is critical given 
the log-normal, heavy-tailed marginals of the simulated omics features; z-scoring 
improves optimizer conditioning while preserving rank information. 

Data split: We performed an 80/20 stratified split by the MDD label to keep 
class proportions stable across folds (70% Healthy / 30% MDD at the cohort level). 
During model training on the 80% training fold, we further carved out a validation 
split (20% of the training fold) for hyperparameter-free early stopping (Section 
2.3), so no test information influenced training choices. 

Class imbalance handling: Although imbalance was mild, we passed  

class_weight to the learner, weighting the minority class proportionally to neg

pos

N
N

. 
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This encourages recall for MDD without materially degrading specificity. 
This workflow yields a well-conditioned design matrix, preserves out-of-sam-

ple integrity, and provides a clean separation between model selection (via the 
validation split) and final evaluation (held-out test set). We did not apply log-ratio 
transforms (CLR/ALR) in the primary analyses to maintain a minimal prepro-
cessing pipeline and preserve compatibility with tree-based baselines and SHAP 
explanations. Because the dataset is synthetic and free of sampling zeros, relative 
abundances were modelled directly after standardization. In auxiliary experi-
ments (not shown), adding CLR features yielded comparable discrimination with 
no material change in feature rankings, suggesting that conclusions are not driven 
by scale choice. 

2.3. Model Architecture and Training 

Key hyper-parameters (layer widths, dropout rates, and Random Forest depth) 
were selected via a limited grid search guided by validation loss and stability rather 
than exhaustive optimization. Tested architectures with larger widths or lower 
dropout showed no consistent performance gains and increased over-fitting risk; 
the reported configuration represents the smallest model achieving stable conver-
gence. We modelled MDD status with a regularized feedforward network imple-
mented in Keras/TensorFlow, chosen for its ability to integrate high-dimensional, 
weakly informative features across modalities while remaining fast and stable un-
der z-scaling [15] [16]: 

 
( ) ( )
( ) [ ]

Dense256 ReLU BN Dropout 0.3 Dense128 ReLU BN Dropout 0.3

Dense64 ReLU BN Dropout 0.2 Dense1 Sigmoid

− − − → − − − →      
− − − → −  

 

Batch Normalization (BN) after each hidden layer stabilizes internal covariate 
shift, and Dropout combats co-adaptation and overfitting. The final sigmoid pro-
duces calibrated probabilities for binary cross-entropy. 

Optimization and objective: We minimized binary cross-entropy with Adam. 
Mini-batch size was 32. We monitored Accuracy, AUC, Precision, and Recall per 
epoch on both training and validation splits to provide a multi-metric view of learn-
ing dynamics (discrimination, threshold-free performance, and error asymmetry). 

Regularization and early stopping: We combined BN + Dropout with Ear-
lyStopping on validation loss (patience = 10, restore_best_weights = True). This 
stops training once generalization plateaus and reverts to the best epoch, prevent-
ing late-epoch drift. class_weight (Section 2.2) was passed to the trainer to pre-
serve minority-class sensitivity. 

Reproducibility: We fixed NumPy and TensorFlow seeds and used a single 
script that standardizes all preprocessing, training, and evaluation steps. 

Figure 2 (Training curves), figs/training_history.png displays epoch-wise accu-
racy and loss for train vs. validation. In our run, validation accuracy quickly ap-
proached ~0.96 0.97 and validation loss stabilized near ~0.10, indicating good fit 
without overfitting—consistent with the held-out results reported in Section 3. 
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Figure 2. Training dynamics for the deep neural network. 
 

Epoch-wise training and validation accuracy (left) and loss (right). Validation 
curves plateau smoothly (accuracy ≈ 0.96 0.97; loss ≈ 0.10) under BN + Dropout 
and Early Stopping, consistent with strong generalization observed on the held-
out test set. 

2.4. Baseline Model 

We included a Random Forest (RF) as a complementary, non-neural baseline to 
benchmark performance and provide an alternative view of feature influence [15]-
[18]. RFs handle non-linear relationships and higher-order interactions with min-
imal preprocessing and are comparatively robust to outliers [19]-[22]. We used 
200 trees to stabilize variance and limited tree depth to 10 to keep the model fast 
and its importances easier to interpret. The model was trained on the same stand-
ardized feature matrix used by the neural network to ensure a fair comparison of 
downstream metrics, although RFs do not strictly require scaling. We report im-
purity-based feature importances as directional evidence rather than definitive 
rankings, because correlated variables can share or dilute credit. For more rigor-
ous analyses on real data, permutation importance on held-out samples is recom-
mended to reduce correlation bias and better reflect predictive contribution. 

2.5. Model Evaluation 

After training and early stopping, we froze the model and evaluated it once on a 
stratified 20% hold-outset that was not used for model selection. We summarize 
performance with a confusion matrix to show error modes by class, class-wise 
precision, recall, and F1 to capture trade-offs between misses and false alarms, and 
ROC AUC to characterize discrimination across thresholds. We used a default 
probability threshold of 0.5 for the matrix and per-class metrics; in applied set-
tings, thresholds should be tuned to the problem’s cost profile (for example, pri-
oritizing recall if missing an MDD case carries higher risk than a false alarm). 
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Because probabilities from high-capacity models on synthetic or small datasets 
can be over-confident, probability calibration (e.g., on a validation split) and reli-
ability plots are advisable for real-world deployment [23] [24]. To contextualize 
the neural network’s behaviour, we also summarize the RF’s top 20 importances 
and compare patterns across models; overlapping drivers suggest the signal is not 
architecture-specific, whereas divergences can flag interactions the RF cannot 
capture or potential overfitting in the neural model. When moving beyond syn-
thetic data, we recommend adding subgroup analyses (e.g., by sex or age bands), 
decision-curve analysis for clinical utility, and stability checks via repeated cross-
validation. 

2.6. Explainability and Therapeutic Mapping 

We used SHAP to provide both global and local explanations [25] [26]. For effi-
ciency and stability, we computed attributions against a background of 100 stand-
ardized training samples, which represents a realistic reference distribution while 
avoiding excessive memory use. To mitigate attribution fragmentation due to cor-
related features, SHAP values were additionally aggregated at the pathway (me-
tabolites) and taxonomic family (microbiome) levels. Robustness was assessed via 
bootstrap resampling (100 iterations), recording the overlap of top-20 features 
across resamples. When the runtime cannot attach to the neural network inter-
nals, we fall back to a model-agnostic explainer to guarantee that explanations are 
produced. Global summaries highlight the compact subset of metabolites and taxa 
that consistently shape predictions across the cohort; because correlated features 
often share credit, we interpret these as feature groups rather than a strict one-by-
one ranking [27]. Local (patient-level) explanations decompose a single predic-
tion into signed contributions, indicating which features push the estimate toward 
MDD or toward Healthy and by how much [28]-[30]. 

To translate these attributions into research-only guidance, we apply a tem-
plated mapping: 1) for taxa with positive contributions, consider strategies that 
discourage those niches in controlled contexts (dietary modulation of fermentable 
substrates, polyphenol-rich foods, or short, supervised courses of antimicrobial 
herbs); for taxa with negative contributions, consider promotion via prebiotic fi-
bers, fermented foods, or targeted probiotics where evidence exists; 2) for metab-
olites, map features to pathway families such as kynurenine metabolism, short-
chain fatty acids, bile acids, or GABA/serotonin positive contributions suggest 
down-modulating an overactive pathway, whereas negative contributions suggest 
restoring or supporting a diminished pathway (e.g., with precursors or cofactors); 
and 3) for clinical correlates, align contributions to behavioural programs, such as 
stress-reduction for high stress, sleep hygiene for poor sleep quality, or resistance 
training and higher-fiber dietary patterns for elevated BMI. These translations are 
hypothesis prompts, not treatments; they do not imply causality and require clin-
ical oversight, safety review, and prospective testing. For robustness, we recom-
mend sanity checks on explanation dimensionality, grouped SHAP (e.g., by path-
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way or taxonomic family) to curb correlation dilution, and bootstrap stability 
analyses of top features. 

3. Results 
3.1. Descriptive Statistics and EDA 

The feature correlation heatmap shows generally weak-to-moderate pairwise rela-
tionships across the selected taxa, metabolites, and clinical variables (Figure 3). This 
is consistent with our design goal of diffuse, multivariate signal rather than single-
feature separation. One notable, high-magnitude block appears between a simulated 
taxon metabolite pair (e.g., Species_100 and Metabolite_4), reflecting the microbe 
→ metabolite coupling embedded in the generator; most other pairs cluster near 
zero, indicating low redundancy and reduced risk of spurious shortcuts. 

 

 
Figure 3. Feature correlation heatmap. 

 
Diet quality vs MDD rate. The prevalence plot across the Diet_Quality scale is 

non-monotonic (Figure 4), as intended. Several adjacent scores share overlapping 
error bars, and the overall pattern avoids a simple linear trend. This confirms that 
“diet alone” does not trivially separate classes in the simulation; rather, diet con-
tributes modestly to combination with omics features, matching the pipeline’s 
multivariate focus. 

3.2. Predictive Performance 

Overall discrimination. On the stratified 20% test set, the model produced a con-

https://doi.org/10.4236/oalib.1114444


R. de Filippis, A. Al Foysal 
 

 

DOI: 10.4236/oalib.1114444 10 Open Access Library Journal 
 

fusion matrix of [[207, 3], [2, 88]] (Figure 5), yielding Accuracy = 0.98 with only 
five total errors. Per-class results were strong and balanced: 

 

 
Figure 4. MDD prevalence by diet quality score. 

 

 
Figure 5. Confusion matrix. 
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• Healthy (0): Precision 0.99, Recall 0.99, F1 0.99 (support 210); 
• MDD (1): Precision 0.97, Recall 0.98, F1 0.97 (support 90); 
• Overall: Accuracy 0.98, Macro-F1 0.98, AUC 0.998 (N = 300). 

Threshold-free view. The ROC curve closely tracks the top-left boundary with 
AUC = 0.998 (Figure 6), consistent with coherent signal injected across modalities 
in the simulator. This indicates excellent separability across decision thresholds. 

 

 
Figure 6. ROC curve. 

 
Learning dynamics (summary). As reported in Methods, validation accuracy 

stabilized around 0.96 0.97 and validation loss near 0.10, supporting the generali-
zation quality seen on the hold-out. 

3.3. Explainability 

Model explanations consistently converged on a compact subset of metabolites 
and taxa that account for most predictive contribution. Because multi-omics var-
iables are often correlated, we treat the highest-ranked features as groups (e.g., 
pathway clusters or taxonomic families) rather than a strict one-by-one ranking 
[31]. The SHAP beeswarm in Figure 7, reveals both direction and variability of 
feature effects at the subject level. Points to the right push predictions toward 
MDD; points to the left push toward Healthy. The vertical spread shows how con-
sistently a feature matters across individuals: tight bands indicate uniform effects, 
while wide clouds indicate person-specific behaviour. This view is critical for case 
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discussion clinicians can see not only which features matter but also how they 
behave across people. 

 

 
Figure 7. SHAP beeswarm: direction & dispersion. 

 
Here in Figure 7, each point is a subject-level contribution. Right of zero pushes 

toward MDD; left toward Healthy. Vertical spread reflects between-subject heter-
ogeneity, distinguishing uniformly acting features from those with person-specific 
effects. 

A Random Forest baseline highlighted an overlapping set of drivers (e.g., Me-
tabolite_120, 109, 40, 90, 52, 117, 102 and Species_198, 197, 36, 177, 135, 70), re-
inforcing that the learned signal is not architecture specific. We interpret impu-
rity-based RF importances as directional evidence and cross-check them against 
SHAP to mitigate correlation bias. 

Here in Figure 8, baseline impurity-based importances. Overlap with SHAP-
identified drivers suggests architecture-agnostic signal; interpret ranks as approx-
imate due to correlated features. The dataset is synthetic; feature labels are place-
holders and biological readings are illustrative. Explanations demonstrate meth-
odology, not clinical fact. 
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Figure 8. Random forest: top 20 feature importances. 

3.4. From Explanations to Precision-Therapeutic Hypotheses 
(Illustration) 

Using SHAP signs as associational (not causal) cues: 
• Nutritional/Microbiome-directed: If a taxon’s SHAP is positive (higher abun-

dance pushes toward MDD), consider research-context strategies that discourage 
that niche (temporarily lower fermentable substrates; polyphenol-rich foods). If 
negative, consider promotion via prebiotic fibers (inulin, GOS, resistant starch), 
fermented foods, or targeted probiotics where evidence exists. 

• Metabolomic/Pathway hypotheses: Map metabolite features to pathway fami-
lies-tryptophan kynurenine, short-chain fatty acids, bile acids, GABA/serotonin. 

• Positive SHAP → hypothesize down-modulating an overactive pathway (e.g., 
anti-inflammatory strategies; enzyme inhibition such as IDO in research). 

• Negative SHAP → consider restoring/supporting a diminished pathway (pre-
cursors like tryptophan/5-HTP; cofactors B6/Mg/Zn; microbiome strategies 
that enhance SCFAs). 

• Lifestyle correlates. Higher Stress_Level and lower Sleep_Quality frequently 
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push toward MDD in this simulation; candidate hypotheses include mindful-
ness/HRV-based stress reduction and sleep hygiene. When SHAP for Diet_Qual-
ity is protective, it aligns with Mediterranean-style patterns. 

These are research prompts, not treatment recommendations. They require 
clinical oversight, safety review, and prospective testing; SHAP indicates associa-
tions within the presented features, not mechanisms or causality. 

4. Discussion 
4.1. What the Pipeline Shows 

This work demonstrates that a compact, end-to-end pipeline can integrate micro-
biome, metabolomic, and clinical features to recover gut brain axis (GBA) signals 
in a transparent way. On synthetic data with known structure, the dense network 
learned interactions across modalities and achieved near-perfect discrimination 
(AUC ≈ 0.998), indicating the architecture and training recipe are sufficient to 
capture weak, distributed effects rather than relying on a single dominant marker. 
Equally important, the pipeline does not stop at prediction. Global and local 
SHAP analyses expose a small, intelligible set of features that drive decisions, al-
lowing domain experts to interrogate why the model is confident for a given sub-
ject and to check whether patterns cohere with biological expectations. The Ran-
dom Forest baseline offers an orthogonal lens on importance; qualitative agree-
ment between RF importances and SHAP rankings reduces the chance that signal 
is an artifact of a particular model family. Finally, the templated mapping from 
signed attributions to dietary, microbiome, and pathway hypotheses illustrates 
how interpretable machine learning can serve hypothesis generation for precision 
psychiatry turning “what” (prediction) into “so what” (testable ideas). 

4.2. Why the Performance Is so High 

The reported accuracy and AUC are intentionally optimistic because the dataset 
is simulated. We embedded case control shifts in a subset of taxa and metabolites 
and introduced linear couplings from microbes to metabolites while keeping label 
noise low and eliminating domain shift. Real-world performance will be lower for 
several reasons: 1) compositionality of microbiome data complicates effect sizes 
and induces spurious correlations; 2) batch, site, and platform effects inflate be-
tween-study heterogeneity; 3) medication use, diet, BMI, sleep, and stress are in-
tertwined with both microbes and mood, creating confounding that a purely pre-
dictive model cannot resolve; and 4) taxonomic definitions and metabolite anno-
tations change over time, introducing drift. These gaps are not shortcomings of 
the pipeline per se but reflect the difficulty of clinical translation in multi-omics 
psychiatry. 

4.3. Design Choices that Improved Robustness 

Three design decisions were pivotal. First, Batch Normalization and Dropout 
combined with early stopping produced smooth learning curves and prevented 
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late-epoch degradation [32] [33] (Figure 2), which is critical when signals are 
weak, and features are high-dimensional. Second, class weighting maintained sen-
sitivity to the minority (MDD) class without materially harming specificity, a 
practical choice for screening contexts. Third, the DeepExplainer → KernelEx-
plainer fallback ensured explanations and figures are always produced across en-
vironments no silent failures in the interpretation step. Beyond these, using a 
strictly held-out test set, fixing random seeds, and aligning pre-processing across 
models (including the baseline) helped keep estimates stable and reproducible. 
For deployment on real data, additional safeguards—probability calibration, re-
peated cross-validation, permutation importance, and bootstrap stability of SHAP 
rankings—should be layered on. 

4.4. Clinical Translation (Guardrails) 

The outputs here are research tools, not medical advice. SHAP contributions re-
flect associations in the features presented to the model; they do not establish cau-
sality, nor do they account for contraindications, drug nutrient interactions, or 
patient preferences. Any nutritional or pharmacological hypothesis derived from 
model attributions requires prospective testing, safety review, and physician over-
sight. Supplements (e.g., tryptophan, 5-HTP, high-dose polyphenols), antimicro-
bials (e.g., berberine, oregano oil), and targeted probiotics can interact with anti-
depressants, alter drug metabolism, or have paradoxical effects on symptoms. Mi-
crobiome interventions also carry ecological risks what helps one profile may 
harm another [34]-[36]. Accordingly, the appropriate use of this pipeline in prac-
tice is study design support: prioritizing which taxa or pathways to measure more 
deeply, which dietary patterns to test in controlled trials, and which patient sub-
groups to recruit for mechanistic work. When moving to clinical data, we recom-
mend: preregistered analysis plans; independent training/validation/test cohorts 
across sites; harmonized wet-lab protocols; explicit handling of compositionality 
(e.g., CLR transforms or ratio-based features); causal diagrams to identify plausi-
ble confounders; decision-curve analysis to quantify clinical utility; subgroup per-
formance audits (sex, age, BMI, medication status); and governance processes for 
model updates as taxonomies and assays evolve. In short, the pipeline provides a 
transparent, reproducible scaffold for converting heterogeneous GBA measure-
ments into interpretable predictions and testable precision-medicine hypotheses. 
Its value lies less in the headline AUC and more in the disciplined path it offers 
from multi-omics features to clinician-readable reasoning an essential step toward 
trustworthy, human-centered AI in mental health. 

5. Limitations and Future Work 

1) Synthetic data: Our results showcase a methodological blueprint, not bio-
logical truth. The simulator plants coherent microbe metabolite signals with clean 
labels and no side effects, which inflates performance. Next steps are to assemble 
curated, multi-site cohorts with harmonized wet-lab protocols (16S or shotgun 
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metagenomics with consistent DNA extraction, library prep, sequencing depth), 
aligned metabolomics platforms (internal standards, retention-time/ion-mode 
matching), and standardized clinical phenotyping (diagnostic interviews, medica-
tion logs, diet and sleep instruments). Pre-register analysis plans and keep one or 
more sites fully held out for external testing. 

2) Compositionality: Microbiome data are relative, so naive correlations can 
be misleading [37]. Future iterations should use log-ratio transforms (CLR/ALR) 
or ratio features, and consider models aware of compositional constraints (e.g., 
Dirichlet-multinomial, logistic-normal frameworks). For metabolomics, apply 
batch correction and intensity normalization, then re-evaluate models under these 
transformations to confirm conclusions are not artifacts of scale [38]-[40]. 

3) Confounding: Antidepressants, diet quality, BMI, sleep, and stress are inter-
twined with both microbial and symptom profiles. Lay out causal diagrams (DAGs) 
to define adjustment sets; use propensity weighting or matching, marginal structural 
models for time-varying exposures, and instrumental-variable or negative-control 
analyses where appropriate. Collect richer covariates (e.g., antibiotic history, comor-
bidities) and perform sensitivity analyses to estimate how unmeasured confounding 
would need to be to overturn findings. 

4) Validation: Replace single train/validation splits with nested cross-valida-
tion for model selection; report probability calibration (Platt or isotonic), Brier 
score, and reliability plots. Add decision-curve analysis to quantify clinical net 
benefit across thresholds. Most importantly, conduct external validation on inde-
pendent cohorts and, if possible, temporal/site splits to probe generalization. 

5) Fairness & distribution shift: Audit performance across sex, age, BMI, med-
ication status, and site. Track calibration per subgroup, not just accuracy. For ro-
bustness, use shift detection (e.g., simple density checks or more formal OOD 
tests), recalibration, and continual learning/periodic refits under governance to 
prevent drift. 

6) Interpretability fidelity: SHAP explains model behaviour but can be unsta-
ble with collinearity. Combine it with permutation tests, feature ablations, and 
bootstrap stability of top-k features. Group features by pathway or taxonomic 
family before ranking to reduce credit fragmentation. Cross-check with alterna-
tive explainers (e.g., Integrated Gradients) and run simulation-based sensitivity to 
confirm that explanation patterns move in the expected direction when you per-
turb planted effects. 

Additional practical items: Handle missingness systematically (learned imput-
ers, missing-indicator features), document reproducibility (seeds, versions, con-
tainers), and address ethics/privacy (consent, de-identification, data-use govern-
ance). The end goal is a validated, interpretable tool that supports hypothesis gen-
eration and trial design, not automated treatment decisions. For real microbiome 
data, compositional constraints are non-negotiable; future work will incorporate 
CLR/ALR transforms or ratio-based features and re-evaluate model stability and 
explanations under these representations. 
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6. Conclusion 

We presented a fully reproducible, end-to-end pipeline that learns gut brain-axis 
(GBA) patterns relevant to major depressive disorder from multi-omics and clin-
ical inputs, explains its decisions, and translates those explanations into struc-
tured, pathway-level hypotheses for nutrition and pharmacology. Methodologi-
cally, the work contributes 1) a clean data-generation and preprocessing scaffold 
for mixed microbiome metabolome clinical features; 2) a regularized neural clas-
sifier benchmarked against a non-neural baseline; and 3) explanation-first outputs 
(global and patient-level SHAP) coupled to a templated, domain-aware mapping 
from feature attributions to testable therapeutic ideas. On synthetic data with 
planted signal, the model achieves high discrimination and stable learning dy-
namics, demonstrating that multi-modal integration plus transparent reasoning 
can organize diffuse biological cues into clinician-readable insight. This is not a 
clinical tool; it is a blueprint for translation. To move from demonstration to de-
ployment, the same pipeline should be validated on curated, multi-site clinical 
cohorts with harmonized wet-lab protocols, careful handling of compositionality 
and confounding, probability calibration, fairness and shift audits, and pre-regis-
tered analysis plans. Outputs must be governed by ethical review and paired with 
prospective studies to establish benefit, risk, and generalizability. With those safe-
guards, this framework can serve as a practical bridge between complex GBA 
measurements and hypothesis-driven precision psychiatry, accelerating the de-
sign of targeted dietary, microbial, and pathway-modulating interventions while 
keeping clinicians in the loop. 
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