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ABSTRACT

Prostate cancer remains a major cause of mortality, and reliable molecular diagnostics are
needed to complement PSA testing and Gleason grading. Although machine learning (ML) and
deep learning (DL) models show promise, they often lack cross-platform reproducibility and
interpretability. We present an invariant gene-selection and ensemble-learning framework
that combines statistical dependency measures, graph-based filtering, and three classifiers:
elastic-net logistic regression, LightGBM, and a shallow attention-guided neural network.
Trained on TCGA-PRAD and externally validated on GSE21034, the model achieved an AUC
of 0.92, outperforming classical and deep learning baselines while offering improved calibra-
tion, robustness, and reduced cross-platform divergence. SHAP values and pathway enrich-
ment highlighted key drivers (AR, KLK3, and MYC) and confirmed enrichment in androgen
signaling, PI3K-AKT, MAPK, and DNA repair pathways. Overall, the integration of invariant
feature selection with interpretable ensembling provides both strong predictive accuracy
and biologically meaningful insight, supporting reproducible molecular diagnostics for
prostate cancer.

KEYWORDS
gene expression analysis, invariant feature selection, ensemble learning, interpretability,
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1  INTRODUCTION

Prostate cancer is one of the most commonly diagnosed malignancies in men
and remains a leading cause of cancer-related mortality [1, 2]. Early and accu-
rate diagnosis is essential [3], yet current clinical tools—PSA testing and Gleason

10.3991/ijoe.v22i03.58593

Bouazza, S. H. (2026). Causal-Invariant Multi-Criteria Feature Selection with Graph-Guided Filtering and Ensemble Classification for Robust Prostate
Cancer Diagnosis across TCGA and GEO Platforms. International Journal of Online and Biomedical Engineering (ilOF), 22(3), pp. 133-148. https://doi.org/

Article submitted 2025-09-10. Revision uploaded 2025-11-18. Final acceptance 2025-12-18.
© 2026 by the authors of this article. Published under CC-BY.

1J0E | Vol. 22 No. 3 (2026)

International Journal of Online and Biomedical Engineering (iJOE) 133


https://online-journals.org/index.php/i-joe
https://online-journals.org/index.php/i-joe
https://doi.org/10.3991/ijoe.v22i03.58593
https://doi.org/10.3991/ijoe.v22i03.58593
https://online-journals.org/
https://online-journals.org/
https://orcid.org/0000-0002-5592-0168
mailto:S.Haddoubouazza@emsi.ma
https://doi.org/10.3991/ijoe.v22i03.58593

Bouazza

134

grading—sulffer from limited specificity and inter-observer variability [4, 5]. This has
motivated the development of transcriptomic biomarkers that better capture tumor
heterogeneity [6].

Machine learning (ML) and deep learning (DL) have been widely applied to
gene-expression data for cancer classification [7, 8]. Classical methods such as
LASSO, SVMs, and random forests, as well as neural networks, have shown strong
performance [9, 10]. More advanced architectures, including CNNs and GCNs,
attempt to capture higher-order gene interactions [11, 12]. However, major chal-
lenges persist: (i) poor cross-platform reproducibility between RNA-seq (TCGA)
and microarray (GEO) datasets; (ii) limited interpretability, as many ML/DL models
function as black boxes; and (iii) overfitting risks posed by high dimensionality and
small sample sizes.

To address these gaps, we propose an invariant gene-selection and
ensemble-learning framework for prostate cancer diagnosis. The method inte-
grates: (i) invariant feature selection across TCGA and GEO via statistical depen-
dency measures and graph-based causal discovery; (i) a robust ensemble
combining elastic-net logistic regression, LightGBM, and a shallow attention-based
neural network; and (iii) interpretability through SHAP and pathway enrich-
ment linking selected genes to androgen signaling, cell-cycle control, and DNA
repair. The framework is trained on TCGA-PRAD [13] and externally validated on
GSE21034 [14].

Section 2 reviews related work; Section 3 describes datasets, preprocessing, and
invariant selection; Section 4 presents experimental results; Section 5 discusses
implications and limitations; and Section 6 concludes.

Rather than introducing a single new algorithm, our contribution is a causal-
invariance pipeline. TCGA-PRAD is partitioned into clinical environments (Gleason
groups and tissue sites); genes are scored by cross-environment stability (effect size,
AUC, HSIC, and MI); and graph-guided filtering highlights upstream drivers. A cali-
brated three-model ensemble then mitigates platform shift (TCGA RNA-seq — GEO
microarray), achieving lower divergence, higher external AUC, and biologically
coherent gene panels.

2  RELATED WORK
2.1 Classical machine learning approaches

Classical machine learning has long been applied to gene expression-based
cancer classification. Methods such as LASSO [15] and elastic-net [16] perform
efficient feature selection in high-dimensional settings while preserving predictive
power [1, 2]. Support vector machines (SVMs) with linear or nonlinear kernels [17]
also perform well on gene-expression data [3], and tree-based models such as random
forests (RF) [17] capture nonlinear relationships and provide feature-importance
estimates.

Despite these strengths, their performance often drops on independent datasets,
indicating limited cross-platform reproducibility. Moreover, aside from LASSO’s
interpretable coefficients, models such as RF and SVM remain black boxes, offering
limited biological insight.
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2.2 Deep learning for cancer transcriptomics

Deep learning has broadened cancer classification through multilayer percep-
trons (MLPs), convolutional neural networks (CNNs), and recurrent neural networks
(RNNs) [10, 18, 19]. CNNs capture local genomic patterns, while RNNs model for
sequential gene-gene dependencies. These models often surpass classical methods
in TCGA evaluations, achieving higher accuracy and AUC.

In prostate cancer, deep networks have been applied to progression and Gleason
grade prediction [20]. Although they learn complex nonlinear relationships, they
require large sample sizes, are computationally intensive, and remain in black boxes
with limited interpretability.

2.3 Graph-based and network-driven methods

Graph-based methods have recently gained traction in cancer classification,
leveraging biological networks to guide feature aggregation [21]. Approaches such
as graph convolutional networks (GCNs) and graph attention networks (GATSs) inte-
grate PPI or co-expression graphs to model higher-order gene dependencies [22, 23],
making them attractive due to their alignment with biological priors.

In prostate cancer, these models have shown promise for stratification and
outcome prediction, but their performance is inconsistent across platforms. They
remain largely in black-box systems and can be computationally demanding for
large transcriptomic datasets.

2.4 Relation to domain generalization and invariant learning

Recent advances in domain generalization (DG) motivate models that remain
stable across heterogeneous datasets. Following this principle, our framework par-
titions TCGA-PRAD into clinically meaningful environments (Gleason groups, tissue
sources) and selects genes whose discriminative power remains consistent across
them, enabling reliable transfer from TCGA (RNA-seq) to GEO (microarray).

Unlike deep or graph-based models (CNNs, GCNs, and GATs) that depend on latent
representations, our method enforces invariance directly during feature selection
using multi-criteria scoring (effect size, M1, and HSIC) combined with causal graph-
guided filtering. This hierarchical design improves cross-platform calibration and
interpretability while maintaining strong accuracy.

Conceptually, the framework aligns with invariant prediction and causal repre-
sentation learning, which posit that features stable across environments better cap-
ture true biological mechanisms rather than dataset-specific artifacts—an idea that
distinguishes our approach from purely empirical ensemble methods.

2.5 Multi-omics integration approaches

In parallel, multi-omics integration has emerged as a promising direction for
cancer classification [24]. By combining RNA-seq with DNA methylation, copy
number variation, or proteomic data, several studies have achieved more accurate
patient stratification. Such integrative approaches are particularly relevant for
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prostate cancer, where molecular heterogeneity complicates diagnosis. Despite these
advantages, multi-omics data are not always available, and integration frameworks
remain challenging to implement in practice.

3 MATERIALS AND METHODS
3.1 Datasets

The TCGA-Prostate Adenocarcinoma (TCGA-PRAD) cohort includes ~500 tumor
and ~50 adjacent normal samples profiled by RNA-seq (Illumina HiSeq). Raw counts
were normalized to TPM, log,(TPM+1) transformed, and z-scored. Clinical metadata—
Gleason score and tissue source site (TSS)—were used to define environments.

For external validation, we used the GSE21034 dataset from Memorial Sloan-
Kettering (218 tumors, 30 normals; Affymetrix Human Exon 1.0 ST). Expression
values were processed with RMA (background correction + quantile normalization).

To ensure platform comparability, we intersected HGNC-annotated genes from
both datasets, yielding ~12,000 shared genes, and z-scored each dataset inde-
pendently. Labels were defined as tumor (1) and normal (0). TCGA samples were
then partitioned into four environments based on Gleason groups and TSS, enabling
stability analysis without leaking information from the external GEO dataset.

3.2 Notation

Let X e RP"represent the expression matrix, where p is the number of genes and
n the number of samples. Each sample is associated with a binary label ye {0, 1},
with 0 for normal and 1 for tumor. Samples are partitioned into environments
ee{l, .., E}, reflecting clinical subgroups such as Gleason grade or tissue source site.
For gene g, in environment e, the mean expression for tumor and normal samples
is denoted as , . and y,, and the pooled standard deviationis 6, ;.-
Our objective is to identify invariant genes that retain predictive associations
across environments, refine them through graph-based biological filtering, and use

them for classification across independent datasets.

3.3 Data preprocessing

TCGA-PRAD RNA-seq samples were normalized to TPM [25], log,(TPM+1) trans-
formed, and z-scored. GSE21034 microarray data were processed using RMA,
then log -transformed and z-scored. To ensure reproducibility, we removed genes
expressed at <1 TPM in >80% of samples, applied no batch correction since all TCGA
samples came from one platform, and confirmed no missing values (kNN imputa-
tion k = 5 would otherwise have been used). Only ~12,000 HGNC-annotated genes
shared by both datasets were retained, yielding a clean, comparable feature space.

3.4 Multi-criteria invariance scoring

We designed a stability score that integrates four complementary criteria: effect
size (Cohen’s d), discriminative ability (AUC), nonlinear dependence (HSIC), and
information-theoretic relevance (mutual information).

International Journal of Online and Biomedical Engineering (iJOF) iJOE | Vol. 22 No. 3 (2026)


https://online-journals.org/index.php/i-joe

1J0E | Vol. 22 No. 3 (2026)

Causal-Invariant Multi-Criteria Feature Selection with Graph-Guided Filtering and Ensemble Classification

Cohen’s d stability. The standardized expression difference between tumor and
normal samples [26] is presented in Equations (1) and (2):

M, —H
d _ 1l,e 0,e , (1)
8.e o
pooled e

Si- ‘dgj ~a,std(|d,,

g

) )

d,, measures how many pooled standard deviations apart tumor and normal
means are in environment e. The score S; rewards genes with large effect sizes but
penalizes variability across environments. We set o, = 0.5 after a grid search over
{0.25, 0.5, 1.0}.

AUC stability. For each gene, we trained a univariate logistic regression within
each environment and aggregated the resulting ROC AUC values [27], as shown in
Equation (3).

Suwe=AUC - a .Std(AUC, ) (3)
g g.e auc g.e

Here, AUC,_ is the ROC AUC from a univariate logistic regression classifier
using gene g in environment e. This score rewards genes with consistently high
discriminative power. o, = 0.5 was chosen after tuning.

HSIC stability. The Hilbert-Schmidt Independence Criterion (HSIC) measures
nonlinear gene-outcome dependence using Gaussian kernels [28], as defined in
Equation (4):

S;zsic — HSICg,e — ahsic'Std(HSInge) 4)

Genes with stable nonlinear relationships across environments achieve higher
scores. We used the median heuristic for kernel bandwidth selection, and ¢, ;. = 0.5.
Mutual information stability. Mutual information quantifies how much gene
expression reduces label uncertainty [29] (Eq. 5). MI was estimated using a kNN

method (k = 5) with weighting ¢, .= 0.5.

Sgli =1(g; ), —a, .stdI(g;y),) (5)

Final score. The composite invariance score was obtained by averaging the four
criteria (Eq. 6).

S :l(sd_i_sauc +ShsiC+Smi) (6)
& 478 g g g

This integrated scoring ensured that only genes with stable effect sizes, strong dis-
crimination, nonlinear associations, and high information relevance were retained.
3.5 Graph-gquided causal filtering

To remove spurious associations and retain biologically meaningful genes,

we applied graph-based filtering. A co-expression network was first inferred
using Graphical Lasso [30] (4 = 0.05), with high-degree nodes prioritized as
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potential regulators. We then applied the PC algorithm for causal skeleton discovery
[31] (e=0.01, conditioning sets < 3), prioritizing genes identified as causal parents.
Together, these steps ensure that selected genes are both statistically stable and
biologically plausible.

3.6 Rank aggregation and panel size selection

To improve robustness, we combined the invariance ranking with classical
selectors: mRMR (high relevance, low redundancy), ReliefF (k = 10 neighbor com-
parison), and LASSO logistic regression (L1 penalty tuned by 5-fold CV). These rank-
ings were merged using Robust Rank Aggregation (RRA) [32], highlighting genes
consistently ranked highly.

From the aggregated list, we selected the top 150 genes, based on ablation results
showing that 50 genes (AUC = 0.88) and 100 genes (AUC = 0.91) underperformed,
while 200 genes (AUC = 0.90) introduced noise. The 150-gene panel achieved the
best external AUC (0.92), offering an effective balance between performance and
interpretability.

3.7 Ensemble classification

With the invariant gene panel, we trained elastic-net logistic regression, LightGBM,
and a shallow attention-based neural network, then combined their outputs via soft
voting for greater robustness.

Elastic-net logistic regression. Logistic regression offers strong interpretability
by modeling tumor vs. normal log-odds as a linear function of selected genes [33]. To
address multicollinearity, we used an elastic-net penalty (L1 + L2) with 11_ratio=0.5
and tuned C = 1.0 via cross-validation, using the SAGA solver for high-dimensional
efficiency. Class imbalance was handled with class_weight = “balanced”. This
elastic-net formulation provides both sparsity and stability, yielding interpretable
and robust gene-based predictions.

LightGBM (Light Gradient Boosting Machine). LightGBM is a gradient boosting
method that models nonlinear and hierarchical gene interactions [34]. We set num_
leaves =31 and max_depth = 8 to limit complexity and tuned the learning rate (0.05)
and n_estimators (100). Randomness was introduced via feature_fraction = 0.8 and
bagging_fraction=0.8. LightGBM was chosen for its efficiency with high-dimensional
data and its ability to capture interactions missed by linear models.

Shallow neural network with attention. The neural network captures complex
patterns using a shallow architecture—Dense(64) — Dropout(0.3) — Dense(32) —
Attention — Sigmoid—to limit overfitting. Early stopping and Glorot initialization
were applied, and the model was trained with Adam (Ir = 1e — 3). The attention layer
provides interpretability by highlighting the most influential genes.

Ensemble integration. The classifiers outputs were integrated through soft
voting, as formulated in Eq. (7):

P(y=1=

W=

(P +P s +Py) (7)

ogit '~ LGBM NN

Where P P and P,, denote the predicted probabilities from logistic

logit’ * LGBM’
regression, LightGBM, and the neural network. This ensemble combines the
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strengths of each model: interpretability from logistic regression, nonlinear
pattern modeling from LightGBM, and representation learning from the
neural network.

3.8 Interpretability and biological validation

To ensure interpretability, we used SHAP (SHapley Additive exPlanations) [35] to
quantify each gene’s contribution to predictions. TreeSHAP was applied to LightGBM
for exact tree-based explanations, while KernelSHAP was used for logistic regres-
sion and the neural network. Genes with consistently high SHAP values across all
three classifiers were considered the most influential, reinforcing their biological
relevance.

Pathway enrichment using KEGG [36] and GO [37] (hypergeometric test,
FDR < 0.05) further validated the invariant panel. The selected genes were signifi-
cantly enriched in pathways central to prostate cancer, including androgen receptor,
PI3K-AKT, MAPK, and cell-cycle regulation. The agreement between SHAP insights
and pathway-level evidence confirms that the framework identifies mechanistically
meaningful features rather than statistical artifacts.

3.9 Evaluation metrics and validation strategy

Internal validation used stratified five-fold cross-validation on TCGA, repeated
three times for stability. External validation relied solely on the independent
GSE21034 dataset, with all feature selection and tuning performed only on TCGA to
avoid leakage.

We evaluated performance using AUC, F1, MCC, accuracy, sensitivity, specificity,
precision, PR-AUC, and Brier score; calibration with curves and the Hosmer—
Lemeshow test; and clinical utility with DCA [38-40].

Distributional shift was quantified using maximum mean discrepancy (MMD),
KL divergence, and energy distance. Robustness was tested via bootstrap resampling
(100 iterations) with the Jaccard index for gene overlap and ablation experiments
removing each module.

4  RESULTS
4.1 Stability and gene selection

The invariance scoring produced ~12,000 ranked genes, from which 150 were
selected after graph-based filtering, as ablation showed this panel size offered the
best generalization. These genes showed significantly higher stability (p < 0.001)
and included key drivers such as AR, KLK3, MYC, CDK1, and BRCA1. Exploratory
analyses confirmed their biological relevance: AR and KLK3 clearly separated
tumor and normal samples, and MYC/CDK1 were consistently upregulated. PCA on
raw data showed overlap (18% variance; Figure 1a), while PCA on the selected genes
improved separation and variance capture (39%; Figure 1b). UMAP also showed
clearer clustering and cross-platform mixing (Figure 1c), and the variance explained
by the first five PCs nearly doubled (Figure 1d).
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Fig. 1. PCA, UMAP, and variance analysis before and after invariant feature selection

4.2 Internal validation (TCGA cross-validation)

In stratified five-fold cross-validation on TCGA-PRAD, the ensemble consistently
outperformed all single models (refer to Table 1). It achieved the highest accuracy
(0.95) and AUC (0.97), with balanced sensitivity (0.93) and specificity (0.94). Compared
with the next best model, elastic-net logistic regression (AUC = 0.95, accuracy = 0.93),
the ensemble showed better discrimination and calibration (Brier: 0.09 vs. 0.11).
LightGBM and the attention-based network performed well (AUC = 0.94) but were less
stable (MCC 0.82 and 0.81 vs. 0.88). LASSO lagged behind (AUC = 0.92, accuracy = 0.90).
Overall, soft-voting integration improved accuracy and stability across validation folds.

Table 1. Internal validation performance (TCGA, 5-fold CV)

Method Accuracy  Sensitivity ~ Specificity = Precision =~ AUC (95% CI) F1 MCC PR-AUC Brier
Ensemble (ours) 0.95 0.93 0.94 0.95 0.97(0.96-0.98) | 094 | 0.88 0.96 0.09
Elastic-Net Logistic Reg. 0.93 091 0.92 0.93 0.95(0.94-0.96) | 092 | 0.84 0.94 0.11
LightGBM 0.92 0.90 0.91 091 0.94(0.93-0.95) | 091 | 0.82 0.93 0.12
NN with Attention 0.92 0.89 0.91 0.92 0.94(0.93-0.95) | 0.90 | 0.81 0.93 0.12
LASSO baseline 0.90 0.87 0.89 0.90 0.92(0.91-0.93) | 0.89 | 0.75 0.90 0.14

DeLong’s test confirmed that the ensemble achieved a significantly higher AUC
than the strongest baseline (p < 0.01). On TCGA, the ROC curve (Figure 2a) and PR
curve (Figure 2c¢) show that the ensemble outperformed all baselines across the full
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threshold range, with superior discrimination and precision-recall balance. On the
independent GEO dataset (GSE21034), the ensemble again led all models, achieving
an external AUC of 0.92. The ROC curve (Figure 2b) shows clear tumor-normal sep-
aration, while the PR curve (Figure 2d) demonstrates consistently higher precision.
Together, these results confirm strong cross-platform generalization and consistent
superiority over baseline methods.

(a) ROC on TCGA (b) ROC on GSE21034
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Fig. 2. Receiver operating characteristic (ROC) and precision—recall (PR) curves

4.3 External validation (GSE21034)

On the external GEO dataset (GSE21034), the ensemble maintained strong cross-
platform performance, achieving 0.88 accuracy and 0.92 AUC (95% CI: 0.89-0.95), out-
performing all baselines. It exceeded the next best model, elastic-net logistic regres-
sion (AUC = 0.89), with better calibration (Brier 0.12 vs. 0.14) and higher reliability
(MCC 0.71 vs. 0.66). LightGBM and the attention-based network reached AUC = 0.88
but showed lower stability. Overall, the ensemble delivered both higher accuracy
and more robust generalization across the external cohort (refer to Table 2).

Table 2. External validation performance (GSE21034)

Accuracy  Sensitivity  Specificity  Precision =~ AUC (95% CI) F1 PR-AUC  Brier

Ensemble (ours) 0.88 0.85 0.89 0.88 0.92(0.89-0.95) | 0.87 | 0.71 0.90 0.12
Elastic-Net Logistic Reg. 0.85 0.82 0.86 0.85 0.89(0.86-0.92) | 0.84 | 0.66 0.87 0.14
LightGBM 0.84 0.81 0.85 0.84 0.88(0.85-0.91) | 0.83 | 0.64 0.86 0.15
NN with Attention 0.83 0.80 0.84 0.83 0.88 (0.85-0.91) | 0.82 | 0.63 0.86 0.15
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Subgroup analysis showed consistent robustness across Gleason grades
(AUC = 0.91 for =8, 0.90 for 7, and 0.88 for <6). Most false negatives occurred in low-
grade tumors, reflecting their molecular similarity to normal tissue, while false pos-
itives were mainly linked to inflammation-related expression. ROC and PR curves
further confirmed the ensemble’s superior discrimination and precision-recall
performance during external validation.

4.4 Distribution shift analysis

Feature selection significantly improved alignment between TCGA and GEO,
reducing divergence scores (e.g, MMD: 042 — 0.25, KL: 1.35 — 0.88, Energy:
0.56 — 0.33). PCA and UMAP confirmed better platform overlap (Figure 1), and
the cross-platform coefficient of variation dropped from 0.34 to 0.19, indicating
enhanced stability.

4.5 Robustness and ablation

Bootstrap resampling showed a mean Jaccard index of 0.72, confirming repro-
ducible gene selection. Ablation studies demonstrated the importance of each com-
ponent: removing HSIC/MI reduced external AUC to 0.89, removing the graph filter
to 0.88, and using only logistic regression to 0.86. Panel-size analysis identified
150 genes as optimal (AUC = 0.92), with smaller or larger panels lowering perfor-
mance. Random 150-gene sets achieved only ~0.65 AUC, indicating that gains stem
from biologically informed selection rather than chance.

4.6 Calibration and clinical utility

Calibration curves (Figure 3a) showed strong agreement between predicted
and observed probabilities, with the ensemble closely following the diagonal while
baselines appeared miscalibrated. The Hosmer-Lemeshow test was non-significant
(p > 0.1), and the ensemble achieved the lowest Brier score (0.12).

(a) Calibration Curve (b) Decision Curve Analysis
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Fig. 3. Calibration and decision curve analysis (DCA)
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Calibration analysis showed that the ensemble closely matched the ideal
diagonal, whereas baselines were visibly miscalibrated. Decision curve anal-
ysis (DCA) further confirmed its clinical utility, with the ensemble providing
the highest net benefit across relevant threshold probabilities (0.2-0.8) (see
Figure 3b).

4.7 Interpretability and biological validation

SHAP analysis highlighted AR, KLK3, MYC, CDK1, and BRCA1 as the most influen-
tial genes (see Figure 4a). AR and KLK3 showed the strongest contributions, consis-
tent with androgen signaling biology, and dependence plots confirmed that higher
AR and MYC expression increased tumor probability (see Figure 4b). These find-
ings validate the biological relevance of the selected genes and demonstrate that the
model provides interpretable, mechanism-aligned insights.

(a) SHAP summary plot (Top 10 genes) (b) SHAP dependence plots
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Fig. 4. SHAP-based interpretability of selected genes

Network analysis revealed three functional modules: androgen signaling
(AR, KLK3, TMPRSS2), cell cycle (CDK1, CCNB1, CCND2), and DNA repair (BRCA1,
RADS51, ATM). Pathway enrichment (FDR < 0.05) confirmed activation of andro-
gen signaling, PI3K-AKT, MAPK, cell-cycle, and DNA-repair pathways. Survival
analysis further supported clinical relevance, with high AR, MYC, and CDK1
expression linked to shorter progression-free survival in TCGA-PRAD (log-rank
p <0.01).

5  DISCUSSION
5.1 Benchmarking against classical and recent methods

We compared our framework with classical, deep learning, and graph-based
models, all re-implemented and tuned under identical TCGA cross-validation

settings. External performance was assessed solely on the independent GSE21034
dataset (refer to Table 3).

International Journal of Online and Biomedical Engineering (iJOE) 143


https://online-journals.org/index.php/i-joe

Bouazza

Table 3. Benchmarking of proposed framework against classical and recent methods

Method Key Parameters AUC  Accuracy F1 MCC  PR-AUC
Proposed Ensemble Elastic-net LR (C = 1.0,11_ratio = 0.5); LightGBM 0.92 0.88 0.87 0.71 0.90
(num_leaves =31, depth =8,
Ir = 0.05, n_estimators = 100); Shallow NN (64 — 32,
dropout = 0.3, attention, Adam Ir = 1e — 3)
LASSO Logistic Regression Penalty =1, 0.84 0.82 0.80 0.60 0.82
C=1.0, solver = liblinear
SVM (RBF kernel) C=1.0, gamma = scale, kernel = RBF 0.83 0.81 0.79 0.58 0.81
Random Forest 500 trees, max_features = \/p, min_samples_leaf=1 | 0.82 0.81 0.79 0.58 0.81
ReliefF + Logistic Regression k=10 neighbors, logistic regression (C = 1.0) 0.80 0.80 0.78 0.56 0.80
Deep Neural Network (MLP) 3 hidden layers (128-64-32), dropout = 0.5, ReLU, 0.86 0.84 0.83 0.65 0.86
Adamlr=1e-3
CNN (1D convolutional network) | 2 conv layers (filters = 64, kernel = 3), max pooling, | 0.87 0.85 0.84 0.67 0.87
dense 128, AdamIr=1e -4
Graph Convolutional 2-layer GCN, hidden = 64, dropout = 0.3, 0.88 0.85 0.84 0.68 0.87
Network (GCN) Adam Ir=5e -4

The ensemble outperformed all competing models, achieving the highest AUC
(0.92), accuracy (0.88), and MCC (0.71). It exceeded the strongest recent baseline,
the GCN (AUC = 0.88, accuracy = 0.85), with a 4-point AUC gain and better stabil-
ity and calibration. Classical ML methods such as LASSO and SVM reached only
0.83-0.84 AUC, while CNNs and MLPs improved to 0.86-0.87 but still lagged behind
in calibration and precision-recall performance.

5.2 Critical appraisal of benchmarking

Although our method achieved the strongest performance (AUC = 0.92,
accuracy =0.88), several points deserve consideration. All baselines were fairly tuned,
but our framework gains power from combining stability scoring, graph-based fil-
tering, and an ensemble, making it more complex than single-model baselines. We
also reported additional metrics (F1, MCC, PR-AUC), offering a more complete view
of performance in imbalanced settings. The novelty lies in integrating established
methods into a causal-invariant pipeline; ablation results show that removing any
module reduces external AUC to 0.86-0.89.

Interpretability is another strength: SHAP and pathway enrichment provide
transparency that deep and graph-based models lack. Compared to prior studies
reporting AUCs of 0.84-0.88, our approach improves accuracy by 4-7 points and
reduces platform divergence by ~40%. The main limitation is that validation was
limited to GSE21034, highlighting the need for additional external cohorts.

5.3 Biological and clinical insights

The invariant gene panel included key drivers such as AR, KLK3, MYC, CDKI,
and BRCA1, forming coherent modules in androgen signaling, cell-cycle regulation,
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and DNA repair. Pathway enrichment (PI3K-AKT, MAPK) and SHAP plots confirmed
both biological relevance and direct predictive influence.

Clinically, the ensemble delivered strong discrimination (AUC = 0.92), good cal-
ibration, and higher net benefit on DCA, indicating meaningful diagnostic value
alongside PSA and Gleason grading.

5.4 Limitations and future work

Several limitations remain. The study uses only one external cohort, so broader
multi-cohort validation is needed. Interpretability is improved through SHAP and
enrichment, but causal insight from expression data alone is limited, highlighting
the value of adding methylation, proteomic, or clinical features. Runtime (~3 hours)
may also restrict clinical use, suggesting the need for cloud deployment or model
distillation.

Future work will expand validation to additional datasets, integrate multi-omics
data, and assess clinical utility alongside PSA and Gleason score in prospective studies.

6  CONCLUSION

We presented an invariant gene selection and ensemble learning framework for
prostate cancer classification that combines robustness, accuracy, and interpretability.
Unlike many existing models, our approach demonstrated cross-platform reproduc-
ibility between TCGA and GEO, while maintaining high diagnostic performance and
providing biologically meaningful insights.

While the framework outperformed both classical and deep learning baselines,
several limitations remain. Interpretability relies on SHAP values, which capture
associations but not causality, and validation was limited to a single external data-
set. Broader multi-cohort and multi-omics evaluations, together with prospective
studies, are needed before translation into clinical use.

Overall, this work shows that robust and interpretable Al pipelines can bridge
the gap between molecular profiling and clinical diagnostics, moving beyond
black-box prediction toward biologically grounded, clinically actionable models for
precision oncology.
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