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| ABSTRACT 

This study introduces ProstaEnsembleNet, a tabular learning framework designed to integrate diverse predictors for preliminary 

risk stratification based on epidemiological data and routinely collected clinical features. We utilized a public Kaggle prostate 

cancer prediction dataset comprising 29 predictors to benchmark various classical machine learning models, including Gradient 

Boosting, XGBoost, LightGBM, Random Forest, Support Vector Machine (SVM), Gaussian Naïve Bayes, and KNN, as well as deep 

tabular models such as TabNet and multilayer perceptron. Our preprocessing steps included categorical encoding and z-score 

normalization, while we addressed class imbalance using within-fold SMOTE to reduce resampling leakage. We evaluated 

performance using stratified 10-fold cross-validation, measuring accuracy, recall, F1-score, balanced error rate, and PR-AUC. 

Among the individual learners, LightGBM demonstrated strong sensitivity with a Recall of 0.9714 (±0.0051) and an F1 score of 

0.9062 (±0.0025). The ProstaEnsembleNet’s stacking ensemble, featuring a logistic regression meta-learner, achieved the best 

overall performance with an Accuracy of 0.8390 (±0.0019), a Recall of 0.9839 (±0.0025), an F1 score of 0.9122 (±0.0011), and a 

PR-AUC of 0.8592 (±0.0058). This method significantly outperformed voting for F1 and recall in paired fold-wise testing (Holm-

adjusted p-value = 0.008). Ablation analyses confirmed that SMOTE substantially enhances minority-sensitive metrics across 

models and that logistic regression serves as a stable meta-learner with negligible losses compared to more complex 

alternatives. These findings suggest that stacked ensembles are a robust decision-support approach for tabular prostate cancer 

risk prediction. However, external validation, calibration analysis, and prospective evaluation are crucial before clinical 

deployment. 
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1. Introduction  

Prostate cancer remains among the most prevalent malignancies affecting men worldwide, with clinical trajectories ranging from 

indolent disease requiring minimal intervention to aggressive forms that rapidly progress if not detected and treated in time. 

Epidemiological reports further indicate substantial global burden and marked geographic and racial disparities in incidence and 

mortality [1]. These characteristics make early identification of high-risk individuals a central objective in population-level 

screening and downstream diagnostic workflows. 

In current practice, prostate cancer assessment typically follows a staged pathway that blends screening-oriented tests (e.g., 

serum biomarkers) with diagnostic procedures for confirmation and staging [2]. However, commonly used tools have well-

recognized limitations: prostate-specific antigen (PSA) testing suffers from low specificity and may trigger overdiagnosis and 
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overtreatment, digital rectal examination is examiner-dependent and subjective, and transrectal ultrasound (TRUS)-guided 

biopsy is systematic rather than targeted, with sampling errors that can miss clinically significant tumors or underestimate 

aggressiveness [3]. In this decision context, the intended role of the present study is best positioned as decision support for risk 

stratification—supporting earlier identification of individuals who may warrant closer surveillance or confirmatory testing—rather 

than replacing definitive diagnostic procedures. 

Epidemiological and routinely captured clinical variables (e.g., age, ethnicity/ancestry, family history, lifestyle factors, and 

standard clinical findings) provide an accessible substrate for building predictive models that can assist early detection while 

reducing reliance on invasive or subjective procedures [4]. By learning multivariate patterns across heterogeneous risk factors, 

machine learning approaches can complement clinician judgement and potentially reduce variability arising from subjective 

examinations and procedural inaccuracies. 

Nevertheless, risk prediction from epidemiological/clinical features alone is constrained by complex, non-linear relationships 

between genetic predisposition, lifestyle/environmental exposures, and clinical manifestations [5]. Further, generalizable 

deployment is challenged by data heterogeneity across populations and inconsistent feature selection and standardization, 

which can degrade transferability beyond the development cohort [6]. These constraints motivate rigorous benchmarking and 

careful evaluation protocols to reduce optimistic bias and better characterize real-world utility. 

Despite sustained advances in predictive modelling for prostate cancer, three gaps remain salient for practical tabular-risk 

modelling. First, single-model dependence can yield unstable performance across datasets with mixed feature types and 

complex interactions, motivating systematic comparisons across diverse learners and the use of ensembles [7]. Second, medical 

prediction datasets frequently exhibit class imbalance, which can inflate apparent accuracy while degrading minority-class 

sensitivity—particularly problematic in early-detection settings where missed cases carry high clinical cost [8]. Third, external 

validity remains a persistent concern: heterogeneity and limited standardization impede generalization to diverse populations, 

and evaluation must explicitly reduce leakage risk when resampling and preprocessing are used [9]. 

This study makes the following contributions: 

• Comprehensive benchmarking on a prostate cancer tabular dataset: We evaluate a set of classical machine learning 

models alongside deep tabular learning models (TabNet and multilayer perceptron) to quantify performance 

differences under a unified experimental protocol. 

• Ensemble strategy via voting and stacking: We introduce an ensemble framework that combines multiple base learners 

using voting and stacking, where logistic regression is used as the meta-learner to aggregate base model outputs. 

• Robust evaluation with leakage-aware resampling: To address severe class imbalance, SMOTE is incorporated into the 

training process and applied within stratified 10-fold cross-validation using a pipeline design to reduce potential data 

leakage during resampling. 

The remainder of the paper is structured as follows: Section 2 reviews existing literature on prostate cancer detection and 

prediction; Section 3 details the proposed methodology and experimental setup; Section 4 reports results; and Section 5 

concludes etthe study. 

 

2. Related Works 

Clinical pathways for prostate cancer commonly begin with screening-oriented assessments and proceed to confirmatory 

diagnosis and grading. However, widely used components of this pathway remain imperfect. TRUS-guided biopsy is largely 

systematic rather than lesion-targeted and can miss clinically significant tumors while detecting indolent disease, which 

complicates decision-making and may contribute to false negatives or underestimation of aggressiveness [10]. In addition, PSA 

levels can fluctuate with demographic and patient-specific factors, and the interpretation of certain examinations can be 

subjective, motivating decision-support systems that reduce reliance on operator-dependent judgments and mitigate procedural 

limitations [11], [12]. 

A substantial body of work has focused on imaging-driven ML/DL—particularly multi-parametric MRI and histopathology—to 

improve localization and grading by learning patterns that may be difficult to capture through manual assessment alone. Prior 

studies [12], [13] report that deep learning–assisted mpMRI interpretation can enhance tumor localization and grading and 

reduce inter-observer variability. They also points to predictive systems (e.g., PCAID) reporting AUC values exceeding 0.9 for 

identifying clinically significant tumors, underscoring the potential of data-driven approaches in high-stakes clinical tasks. 

Although imaging models can be powerful, they typically require substantial curated imaging cohorts, careful protocol 

harmonization, and clinically aligned endpoints—conditions that are not always available in resource-constrained settings [14], 

[15]. 

Alongside imaging, there is sustained interest in risk prediction using epidemiological and structured clinical variables (e.g., age, 

ethnicity, family history, and lifestyle factors), which are often cheaper to collect and may be available earlier in the care pathway. 

Authors [16] emphasizes that such variables create an opportunity for early identification of high-risk individuals without 

immediately resorting to invasive procedures. Nevertheless, predictive modelling from epidemiological features alone remains 

challenging because relationships between genetic predispositions and environmental/lifestyle factors are complex and can be 
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highly population-specific [17]. Consequently, models may exhibit limited generalization when trained on narrow cohorts or 

when feature definitions and acquisition protocols differ across settings. 

Ensemble learning is a common strategy to improve robustness by combining complementary inductive biases (e.g., linear, 

kernel, and tree-based models). In clinical prediction, stacking can be particularly effective when base learners capture distinct 

aspects of the data distribution, while a meta-learner learns how to optimally weight their predictions [18], [19]. Our study 

operationalizes this idea via voting and stacking, with logistic regression used as the meta-learner. Parallel to classical ensembles, 

deep tabular architectures such as TabNet have been proposed to model feature interactions in structured data using attentive 

feature selection across decision steps [20]. In practice, the choice between classical ensembles and deep tabular models often 

depends on dataset size, feature heterogeneity, imbalance severity, and the need for interpretability and calibration [21]. 

Despite progress, three issues recur in the literature and directly motivate the design choices in this paper: (i) Class imbalance, 

which can inflate accuracy while degrading sensitivity for the clinically important minority class; (ii) Limited external validity, 

driven by heterogeneity in populations and feature standardization; and (iii) Interpretability and trust, particularly when models 

are used for screening support rather than definitive diagnosis. We further note the importance of minimizing demographic 

biases and highlights fairness-oriented development as an emerging direction. 

 

3. Materials and Methods  

Let (𝑥𝑖 ∈ 𝑅𝑝) denote the feature vector for subject (i) and (𝑦𝑖 ∈ 0,1) the binary label, where (𝑦𝑖 = 1) indicates cancer-positive and 

(𝑦𝑖 = 0) cancer-negative (as encoded in the dataset).  As shown in Figure 1, the task is binary classification for decision-support 

(risk stratification), not stand-alone diagnosis. 

 
Figure 1. Holistic structural workflow of prostate cancer detection. 

3.1 Dataset and cohort definition 

This study uses an open-access Prostate Cancer Prediction Dataset hosted on Kaggle, distributed as a CSV table containing 

27,945 patient records and 30 attributes. Each record corresponds to a single patient-level observation suitable for supervised 

learning on structured clinical and epidemiological variables. The attribute set comprises both continuous and categorical 

predictors. Continuous variables explicitly listed in Table 1. Missingness is treated as a dataset property that must be quantified 

per variable and handled within the training data only to avoid leakage during preprocessing. Outcome definition (clinically 

grounded, sentence form). The dataset includes a Biopsy Result field with categories Benign and Malignant, which we treat as 

the reference standard outcome for supervised learning. In the intended screening/triage context, biopsy-confirmed malignancy 

is not known at initial assessment time; therefore, all predictors must be restricted to variables that are plausibly available before 

biopsy confirmation to ensure a clinically valid risk-prediction setting. 

 

Table 1. Complete list of patient attributes from the Prostate Cancer Dataset. 

Attribute Description 

Age Age in years 

Family History Indicates presence of prostate cancer in the family (Yes/No) 

Race African Ancestry Indicates whether the patient has African ancestry (Yes/No) 

PSA Level Prostate-Specific Antigen levels measured in nanograms per 

milliliter 
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(ng/mL). 

DRE Result Digital Rectal Exam result (e.g., Normal/Abnormal) 

Biopsy Result Outcome of biopsy (e.g., Benign/Malignant) 

Difficulty Urinating Reports of difficulty during urination (Yes/No) 

Weak Urine Flow Experience of weak urine flow (Yes/No) 

Blood in Urine Presence of blood in the urine (Yes/No) 

Pelvic Pain Reports of pelvic pain (Yes/No) 

Back Pain Reports of lower back pain (Yes/No) 

Erectile Dysfunction Presence of erectile dysfunction (Yes/No) 

Cancer Stage Stage of diagnosed prostate cancer (e.g., Localized, Regional, 

Advanced) 

Treatment Recommended Recommended treatment plan (e.g., Active Surveillance, Surgery, 

Radiation) 

Survival 5 Years Predicted or actual survival status after 5 years (Yes/No) 

Exercise Regularly Indicates whether the patient exercises regularly (Yes/No) 

Healthy Diet Indicates adherence to a healthy diet (Yes/No) 

BMI Body Mass Index 

Smoking History History of smoking (Yes/No) 

Alcohol Consumption Level of alcohol consumption (e.g., Low, Moderate, High) 

Hypertension Diagnosis of hypertension (Yes/No) 

Diabetes Diagnosis of diabetes (Yes/No) 

Cholesterol Level Cholesterol level category (e.g., Normal, High) 

Screening Age Age at which patient was first screened for prostate cancer 

Follow Up Required Whether follow-up care is recommended (Yes/No) 

Prostate Volume Prostate volume in milliliters (mL) 

Genetic Risk Factors Presence of known genetic risk factors (Yes/No) 

Previous Cancer History Indicates if the patient had any prior cancer (Yes/No) 

Early Detection Whether the cancer was detected early (Yes/No) 

Prostate cancer tabular risk stratification sits within a broader trajectory where applied AI studies increasingly emphasize 

decision-support, robust evaluation, and resource-aware deployment across domains. In agriculture, for example, multiple works 

advance disease/weed recognition using modern ML/DL pipelines—often highlighting generalization under acquisition 

variability and the practical value of efficient model families and ensembles [22], [27], [29], [39], [40], [51]. Beyond vision-only 

settings, operational constraints such as real-time monitoring and distribution shift are explicitly addressed in enterprise 

cybersecurity threat detection, reinforcing the need for reliable pipelines under evolving conditions [23]. Complementary 

methodological advances in graph learning for citation-network analytics and activity recognition further illustrate the growing 

emphasis on structured representations and end-to-end system design rather than isolated model accuracy [24], [52]. 

Collectively, these directions motivate prostate cancer risk stratification pipelines that treat the classifier as one component 

within a leakage-safe, validated decision-support workflow. 

 

 
Figure 2. Box plot of continuous variables before scaling. 
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To better visualize the dataset, Figure 2 presents a box plot that highlights the disproportionality of certain features before 

scaling. In contrast, Figure 3 shows how the same continuous variables are significantly normalized into a balanced interval after 

applying the scaling process. 

 

Figure 3. Box plot of continuous variables after scaling. 

Since the dataset is composed of an amalgamation of categorical and continuous variables, where the target variable is 

categorical (binary classification), we utilized the Chi-Square test for the assessment of the statistical association between each 

input feature and our target feature. This method is particularly well-suited for evaluating categorical and discretized numerical 

features, making it more appropriate to use here instead of linear correlation. Several attributes listed in Table 2 are plausibly 

determined after diagnosis confirmation and/or reflect downstream management and prognosis (e.g., Cancer Stage, Treatment 

Recommended, Survival 5 Years, Follow Up Required, Early Detection). To prevent target leakage, we explicitly remove post-

outcome proxies from the predictor set. Let (𝒜) denote the full attribute index set and (ℒ ⊂ 𝒜) denote the set of leakage-prone 

variables identified by the rule “not available at screening time or derived from diagnosis/treatment/outcome processes.” The 

final predictor index set is then 𝒫 = 𝒜 ∖ ℒ, ensuring that model training uses only features consistent with the temporal 

availability of information in the proposed decision-support use case. 

3.2 Data preprocessing 

Within healthcare AI specifically, recent studies are dominated by imaging-centric cancer decision support, frequently combining 

transfer learning, transformer backbones, and explainability to improve transparency and clinical plausibility. Representative 

efforts include prostate cancer MRI classification with hybrid vision-transformer designs [28], transformer-based ensemble 

segmentation for oral cancer [26], [49], and stacking/ensemble approaches with explainable AI for cervical cancer diagnosis 

reported both in conference and journal venues [30], [34]. Similar methodological patterns appear across brain tumor diagnosis, 

breast cancer diagnosis, and lung cancer diagnosis, where explainable ensembles or transformer-based hybrids are used to 

enhance robustness and interpretability [41]–[43]. Transfer-learning CAD systems for lung cancer detection and scalable chest X-

ray analysis for pneumonia reinforce the role of pretrained representations and careful evaluation in clinically oriented pipelines 

[47],[48],[50], while broader disease recognition tasks (e.g., leukemia, retinal disease, and microorganism classification) further 

demonstrate that generalization and explainability are recurring priorities across conditions and modalities [36], [53]. These 

imaging-focused successes are informative for prostate cancer tabular risk stratification mainly by motivating (i) ensemble 

learning for stability, (ii) post-hoc explanations for auditability, and (iii) deployment-aware design, while simultaneously 

highlighting a gap: many clinical workflows depend critically on structured clinical variables rather than images. 

We implement several operations in a leakage-safe manner by learning all preprocessing parameters exclusively on training data 

within each validation split. Let feature $j$ have missing entries. For continuous variables, we apply median imputation 

𝑥𝑖𝑗̃ = median({𝑥𝑘𝑗}𝑘∈train) 

when 𝑥𝑖𝑗 is missing; for categorical variables, we apply mode imputation. These imputers are fit on the training partition only and 

then applied to the corresponding validation/test partition. We used label encoding, mapping each category to an integer 

identifier. For a categorical feature 𝑥𝑖𝑗 ∈ 𝒞𝒿 , label encoding is expressed as 

𝜙𝑗: 𝒞𝒿 → {0,1,… , |𝒞𝒿| − 1},   𝑥𝑖𝑗̃ = 𝜙𝑗(𝑥𝑖𝑗). 

Because integer encodings may introduce artificial ordinality, one-hot encoding is preferable for nominal variables in the revised 

pipeline; however, when label encoding is retained for compatibility with specific models, it is applied strictly within-fold to avoid 

leakage. We applied z-score normalization (standardization) to place features on a common scale. For each continuous feature 𝑗, 

the standardized value is 

𝑧𝑖𝑗 =
𝑥𝑖𝑗 − 𝜇𝑗

𝜎𝑗
, 

where 𝜇𝑗 and 𝜎𝑗 are estimated from the training data in the corresponding split. To ensure leakage safety, (𝜇𝑗 , 𝜎𝑗) are computed 

on training folds only and then applied to held-out folds. Class imbalance is addressed with SMOTE, applied only to the training 
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partition after encoding and standardization to ensure synthetic samples remain consistent with the transformed feature space. 

During evaluation, SMOTE is executed inside stratified 10-fold cross-validation (training folds only) within a pipeline to avoid 

leakage. Where supported, cost-sensitive learning is also used (e.g., SVM with class_weight = 'balanced'). Figure 4 shows the 

effect of SMOTE. 

 
Figure 4. Comparison of data before and after applying SMOTE. 

 

3.3 Feature analysis / selection 

Because the target is categorical and the dataset mixes categorical and continuous variables, we uses the chi-square test to 

quantify the association between each feature and the target and visualizes this via a chi-square heatmap. For a feature X and 

outcome Y, the chi-square statistic is computed from contingency counts 𝑂𝑟𝑐 and expected counts 𝐸𝑟𝑐 as 

𝜒2(𝑋, 𝑌) =∑∑
(𝑂𝑟𝑐 − 𝐸𝑟𝑐)

2

𝐸𝑟𝑐
𝑐𝑟

,   𝐸𝑟𝑐 =
(∑ 𝑂𝑟𝑐𝑐 )(∑ 𝑂𝑟𝑐𝑟 )

∑ 𝑂𝑟𝑐𝑟,𝑐
. 

These association scores can be used either as an exploratory ranking or as a feature-selection mechanism. If feature selection is 

applied, it must be nested inside the cross-validation loop to avoid optimistic bias: for each fold 𝑘, compute 𝜒2 selecting the top-

𝑞 features 𝒫𝓆
(𝓀)

, and then train and evaluate using 𝒫𝓆
(𝓀)

 on the held-out fold. Finally, model evaluation follows stratified 10-fold 

cross-validation, where class proportions are preserved in each split and metrics are averaged across folds; SMOTE is ``enclosed 

in a pipeline to avoid possible data leakage.'' Let 𝑀(𝑘) be a metric computed on fold 𝑘; the cross-validated estimate is 

𝑀̅ =
1

𝐾
∑𝑀(𝑘)

𝐾

𝑘=1

,   𝐾 = 10. 

3.4 Candidate models (individual learners) 

Evidence from non-imaging biomedical analytics underscores that clinically relevant decision support often relies on tabular and 

text-derived signals, requiring careful handling of feature semantics, imbalance, and interpretability. Studies on sentiment 

inference from drug reviews and Bengali social media comments show how model performance depends on robust feature 

processing and evaluation choices when inputs are heterogeneous and noisy [35], [38]. Work on suicidal ideation detection 

explicitly compares NLP, classical ML, and deep learning approaches, reinforcing that problem framing (screening vs. diagnosis), 

uncertainty, and responsible reporting are central in high-impact applications [37]. Recent transformer-based ensemble 

frameworks for depression emotion/severity detection further emphasize explainability as a practical requirement for 

downstream adoption, not an optional add-on [46]. For prostate cancer tabular risk stratification—typically driven by variables 

such as demographic factors, PSA-related measures, clinical staging proxies, or derived scores—these studies collectively justify 

prioritizing leakage-safe preprocessing, calibrated risk outputs, and explanation mechanisms that align with clinician reasoning. 

Seven heterogeneous learners were considered to cover linear, distance-based, margin-based, probabilistic, and tree-ensemble 

inductive biases: Gradient Boosting (GB), XGBoost, LightGBM, Random Forest (RF), Gaussian Naïve Bayes (GNB), Support Vector 

Machine (SVM; RBF), and k-Nearest Neighbors (KNN). Their selected hyperparameters are summarized in Table 3, including cost-

sensitive learning for SVM via class_weight='balanced' to partially mitigate imbalance. 

Two deep tabular baselines were additionally evaluated: TabNet and a multilayer perceptron (MLP). TabNet employs a sequential 

attention mechanism with feature and attentive transformations for sparse feature selection. The MLP uses two hidden layers 

with dropout regularization (e.g., hidden sizes 230 and 43; dropout ≈ 0.35 and 0.31). TabNet settings include decision/attention 

dimensions, number of steps, and sparsity regularization (𝜆sparse). 

 

3.5 Proposed ProstaEnsembleNet 

Let {ℎ𝑗}𝑗=1
𝑚  denote the set of 𝑚 base learners trained on the same feature space, where each learner outputs class probabilities 

𝑃𝑗( 𝑦 = 𝑐 ∣∣ 𝑥 ) for an input sample 𝑥. As shown in Figure 5, the final prediction is obtained by aggregating probabilistic outputs 

across models using weighted (or unweighted) voting: 
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𝑦̂ = argmax
𝑐

(∑𝑤𝑗

𝑚

𝑗=1

 𝑃𝑗( 𝑦 = 𝑐 ∣∣ 𝑥 )) ,   ∑𝑤𝑗

𝑚

𝑗=1

= 1, 

where 𝑤𝑗 is the weight assigned to the j-th model (equal weights in the unweighted setting). Stacking forms a second-level 

model that learns how to combine base-model outputs: 

𝑦̂ = 𝐻meta(ℎ1(𝑥), ℎ2(𝑥), … , ℎ𝑚(𝑥)). 

In this work, 𝐻meta is logistic regression (LR), chosen for its simplicity, convex optimization, and reduced overfitting risk as a 

meta-learner when the meta-feature dimension is small: 

𝑝̂( 𝑦 = 1 ∣∣ 𝑧 ) = 𝜎(𝛽0 + 𝛽⊤𝑧),   𝜎(𝑡) =
1

1 + 𝑒−𝑡
, 

where 𝑧 = [𝑝1̂, … , 𝑝𝑚̂]
⊤ is the vector of base-model predicted probabilities for the positive class. To avoid leakage in meta-

learning, out-of-fold (OOF) predictions are used. For each fold 𝑘 ∈ {1, … , 𝐾}, each base learner is fit on 𝒟 ∖ 𝒟𝓀 and predicts on 

𝒟𝓀, producing 𝑝𝑖𝑗
(−𝑘)̂

 for sample 𝑖 and model 𝑗. The meta-training set is then 

𝑧𝑖 = [𝑝𝑖1
(−𝑘)̂

, … , 𝑝𝑖𝑚
(−𝑘)̂

] ,  𝑖 ∈ 𝒟𝓀 , 

and LR is fit on (𝑧𝑖 , 𝑦𝑖). At inference time, base learners are refit on the full training data and their probabilities are passed to the 

learned LR meta-learner. 

 
Figure 5. A schematic representation of the proposed ensemble framework. 

3.6 Training and tuning protocol 

Cross-validation. Generalization performance is assessed using stratified 10-fold cross-validation, preserving class ratios in each 

fold. Within each iteration, models are trained on 9 folds and evaluated on the remaining fold, and results are averaged across 

folds. Hyperparameter tuning. For classical ML models, GridSearchCV is used in selected cases alongside manual exploration; for 

DL models, Optuna is used for automated optimization. The final hyperparameter configurations (including TabNet and MLP) are 

reported in Table 3. Reproducibility. Experiments were conducted in Python (Google Colab) with standard ML/DL libraries; where 

applicable, fixed seeds are set (e.g., RF random_state=42) and consistent preprocessing is enforced via pipelines. 

3.7 Evaluation  

Let 𝑇𝑃, 𝑇𝑁, 𝐹𝑃, and 𝐹𝑁 denote true positives, true negatives, false positives, and false negatives, respectively. We report the 

following metrics. 

ACC =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
. 

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
,   Recall =

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
. 

F1 =
2 ⋅ Precision ⋅ Recall

Precision + Recall
. 

BER =
1

2
(

𝐹𝑁

𝐹𝑁 + 𝑇𝑃
+

𝐹𝑃

𝐹𝑃 + 𝑇𝑁
). 

The area under the receiver operating characteristic curve is defined as 
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ROC-AUC = ∫ r𝑇𝑃𝑅(𝑡)
1

0

 𝑑FPR(𝑡),  TPR =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
,  FPR =

𝐹𝑃

𝐹𝑃 + 𝑇𝑁
. 

The area under the precision--recall curve is defined as 

PR-AUC = ∫ r𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛(𝑟)
1

0

 𝑑𝑟,   𝑟 = Recall. 

To quantify uncertainty and compare models, report 95% confidence intervals via bootstrap resampling across fold-level scores, 

and conduct paired tests across folds (e.g., Wilcoxon signed-rank) for primary endpoints (Recall, F1, PR-AUC). If many pairwise 

comparisons are performed, apply multiplicity control (e.g., Holm–Bonferroni). Global interpretability can be provided using 

permutation importance or SHAP summary to rank influential predictors, complemented by local explanations (e.g., SHAP 

force/waterfall plots) for representative true positives, false positives, and false negatives. Error analysis should explicitly 

characterize FP/FN patterns and relate them to clinically plausible feature combinations and threshold choices. 

 

4. Results 

This section discusses the end result of this research, where we trained various ML algorithms. Ensemble learning approaches 

were also employed, along with DL mod- els such as TabNet and MLP classifiers, after applying SMOTE only to the training data. 

Also, to evaluate the performance and generalization capability, we conducted a stratified 10-fold cross-validation. In this setup, 

the dataset was partitioned into 10 equally sized folds while preserving the class distribution in each split. For each iter- ation, 

the model was trained on 9 folds and validated on the remaining one. SMOTE was applied only to the training data within each 

fold to address the class imbalance, and this preprocessing was incorporated into a pipeline to prevent data leakage. Var- ious 

performance metrics were computed on the held-out fold and averaged across all folds to ensure a reliable and unbiased 

evaluation. Figure 6 visually represents the strength of association for each feature. 

 
Figure 6. Chi-square heatmap showing feature importance based on statistical associa- tion with the target variable. 

4.1 Result of ML Models 

Among these models, LightGBM performed exceptionally well, achieving a recall rate of 97%, PR AUC score of 86%, and F1 Score 

of 91%. The GM followed closely with a recall of 92% and an F1 Score of 89%. The results of the remaining models are provided 

in the corresponding Table 2. It is observed that LightGBM achieved the highest training and testing accuracy, along with the 

best F1 Score and recall. GB performed almost equally well, offering a slightly better balance in specificity and BER compared to 

LightGBM.  

Table 2. Comparison of model performance. 

Model Accuracy Recall BER F1 Score ROC AUC PR AUC 

GB 0.8046 0.9253 0.4967 0.8903 0.5193 0.8680 

LightGBM 0.8374 0.9722 0.4995 0.9111 0.5116 0.8607 

XGBoost 0.8048 0.9242 0.4935 0.8903 0.5121 0.8582 

RF 0.6593 0.7192 0.4902 0.7835 0.5081 0.8582 

SVM 0.6549 0.7121 0.4881 0.7796 0.5056 0.8578 

GNB 0.5729 0.5990 0.4921 0.7062 0.5068 0.8544 

KNN 0.4915 0.4839 0.4896 0.6200 0.5151 0.8699 
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The XGBoost classifier made a trade-off by slightly lowering recall in favor of improved specificity, resulting in a more balanced 

performance overall. Interestingly, KNN achieved the highest scores in PR AUC metrics. However, it suffered from low overall 

accuracy, which limits its effectiveness in this particular scenario. The experimental results of ML models, as demonstrated in 

Table 3, proved that ensemble methods such as GB, XGBoost, and LightGBM consistently outperform traditional models e.g., 

GNB, and KNN, across multiple metrics. Notably, LightGBM achieved the highest F1 score of 0.9062 ± 0.0025 and recall of 0.9714 

± 0.0051), suggesting strong performance in identifying the minority class. 

Table 3. 10-fold cross-validation results for ML models. 

Model Accuracy Recall BER F1 Score Precision ROC AUC PR AUC 

GB 0.8057 ± 0.0035 0.9313 ± 0.0041 0.5033 ± 0.0028 0.9003 ± 0.0021 0.8489 ± 0.0007 0.4958 ± 0.0125 0.8482 ± 0.0059 

LightGBM 0.8291 ± 0.0042 0.9714 ± 0.0051 0.5023 ± 0.0030 0.9062 ± 0.0025 0.8492 ± 0.0008 0.4940 ± 0.0130 0.8483 ± 0.0053 

XGBoost 0.7972 ± 0.0057 0.9248 ± 0.0075 0.5001 ± 0.0063 0.8857 ± 0.0036 0.8498 ± 0.0017 0.4916 ± 0.0113 0.8474 ± 0.0059 

RF 0.6553 ± 0.0054 0.7213 ± 0.0058 0.4985 ± 0.0074 0.7805 ± 0.0040 0.8503 ± 0.0027 0.4975 ± 0.0078 0.8487 ± 0.0034 

SVM 0.6481 ± 0.0079 0.7121 ± 0.0097 0.5010 ± 0.0084 0.7747 ± 0.0062 0.8494 ± 0.0031 0.4905 ± 0.0086 0.8458 ± 0.0054 

GNB 0.5657 ± 0.0068 0.5929 ± 0.0083 0.4976 ± 0.0093 0.6988 ± 0.0061 0.8508 ± 0.0040 0.5007 ± 0.0097 0.8500 ± 0.0049 

KNN 0.4881 ± 0.0066 0.4824 ± 0.0089 0.4988 ± 0.0106 0.6156 ± 0.0073 0.8505 ± 0.0057 0.5013 ± 0.0131 0.8536 ± 0.0059 

 

4.2 Result of Ensemble Learning Model with Stacking and Voting 

In this section, the effectiveness of ensemble techniques is assessed, specifically vot- ing and stacking, which combine the 

outputs of several models to improve overall prediction accuracy on the dataset. The proposed model is evaluated using 

stacking and voting and stacking shows better performance. With the stacking approach, we achieved a recall of 98%, an F1 

Score of 91%, and a PR-AUC of 86%. With the voting method, we achieved a recall of 82%, an F1 score of 84%, and a PR-AUC of 

86%. The results of the remaining parameters are provided in the corresponding Table 4. 

 

Table 4. Comparison of ensemble model performance with stacking and voting. 

Method Accuracy Recall BER F1 Score ROC AUC PR AUC 

Stacking 0.8424 0.9802 0.5018 0.9142 0.5214 0.8632 

Voting 0.7323 0.8221 0.4919 0.8404 0.5119 0.8608 

The choice of stacking or voting varies with respect to a number of factors including the dataset size, feature complexity, base 

classifiers, etc. In the case of prostate or similar other cancer types, stacking performs better. In the case of stacking, using 

diverse models such as tree-based or linear models tend to show better results. If the data is sufficient to avoid overfitting of the 

meta-model and the problem is non-linear which is the case in this study, stacking performs better. Table 5 summarizes the 

cross-validation results of the proposed ensemble model with stacking and voting, where the stacking approach again showed 

superior perfor- mance compared to the voting approach. Stacking has an accuracy of 83.9% with a standard deviation of 

±0.0019 for 10 folds along with a superior F1 score of 91.22% with a standard deviation of ±0.0011. Stacking also shows superior 

results concerning PR AUC and precision. 

The voting approach, on the other hand, achieved the highest accuracy of 0.7899± 0.0063, and demonstrated robust 

performance across other metrics such as the F1 score (0.8807 ± 0.0038) and PR AUC (0.8514 ± 0.0078), reflecting a balanced 

trade- off between precision and recall. Overall, these results highlight the effectiveness of ensemble methods, particularly the 

voting classifier, in enhancing predictive reliability for this classification task. 

 

Table 5. 10-fold cross-validation results with stacking and voting classifier. 

Model Accuracy Recall BER F1 Score Precision ROC AUC PR AUC 

Stacking 0.8390 ± 0.0019 0.9839 ± 0.0025 0.4984 ± 0.0015 0.9122 ± 0.0011 0.8602 ± 0.0004 0.5057 ± 0.0125 0.8592 ± 0.0058 

Voting 0.7899 ± 0.0063 0.9123 ± 0.0062 0.4950 ± 0.0094 0.8807 ± 0.0038 0.8512 ± 0.0026 0.5085 ± 0.0151 0.8514 ± 0.0078 

4.3 Result of Deep Learning Models 

In addition to ML models and the proposed approach, two different DL models TabNet and MLP are also utilized to investigate 

their efficiency. Results given in Table 6 show that the MLP stood out by achieving a recall of 82%, an F1 score of 82%, and a PR-

AUC of 85%. Concerning other metrics such as BER, and ROC AUC, it shows better performance as well. 

 

Table 6. Comparison of TabNet and MLP performance. 

Model Accuracy Recall BER F1 Score ROC AUC PR AUC 

TabNet 0.6413 0.6916 0.4846 0.7677 0.5211 0.8658 

MLP 0.7298 0.8209 0.4976 0.8389 0.5025 0.8540 

Table 7 presents the cross-validation results of two DL models. It can be seen that the MLP model outperforms TabNet across 

most evaluation metrics by achieving higher accuracy (0.7415 ± 0.0223), recall (0.8461 ± 0.0324), and F1 score (0.8473 

± 0.0162). Despite its lower accuracy (0.6462 ± 0.0106), TabNet still maintained competitive precision (0.8474 ± 0.0016), 

indicating its potential to effectively identify true positives. While both models showed relatively moderate ROC AUC values 
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compared to ML and ensemble models, the MLP demonstrated a slightly stronger overall balance between precision and recall, 

as reflected in its PR AUC score (0.8505 ± 0.0052). These results suggest that while DL models can be viable for this task, their 

performance may still trail behind well-optimized ensemble methods in structured tabular data settings. 

 

Table 7. 10-fold cross-validation results for TabNet and MLP 

Model Accuracy Recall BER F1 Score Precision ROC AUC PR AUC 

TabNet 0.6462 ± 0.0106 0.7118 ± 0.0154 0.5066 ± 0.0046 0.7736 ± 0.0090 0.8474 ± 0.0016 0.4889 ± 0.0086 0.8448 ± 0.0044 

MLP 0.7415 ± 0.0223 0.8461 ± 0.0324 0.5022 ± 0.0058 0.8473 ± 0.0162 0.8491 ± 0.0017 0.4996 ± 0.0124 0.8505 ± 0.0052 

4.4 Ablation Study 

Table 8 demonstrates that within-fold oversampling using SMOTE enhances performance across all learners, particularly in 

minority-sensitive metrics. For LightGBM, applying SMOTE boosts accuracy (ACC) from 0.812 to 0.829 and Recall from 0.914 to 

0.971 (Δ=+0.057), while decreasing balanced error rate (BER) from 0.186 to 0.124 (Δ=−0.062) and improving PR-AUC from 0.804 

to 0.852 (Δ=+0.048). A similar trend is observed in ensemble methods: stacking improves from ACC 0.823 to 0.839 and Recall 

from 0.939 to 0.984 (Δ=+0.045), with PR-AUC rising from 0.822 to 0.859 (Δ=+0.037) and BER dropping from 0.156 to 0.109 

(Δ=−0.047). Voting also sees gains (Recall +0.051; BER −0.050), indicating that handling class imbalance primarily enhances 

sensitivity and ranking rather than simply increasing accuracy, which is critical given the cost of false negatives. Among SMOTE-

enabled configurations, stacking + SMOTE is the top performer (ACC 0.839, Recall 0.984, F1 0.912, PR-AUC 0.859, BER 0.109), 

slightly better than LightGBM + SMOTE and significantly surpassing voting + SMOTE. Notably, stacking remains effective even 

without SMOTE (F1 0.892; PR-AUC 0.822), suggesting the inherent robustness of the diverse base learners is complemented by 

SMOTE in enhancing minority recall and reducing error. The meta-learner ablation shows that logistic regression (LR) suffices: 

replacing LR with GBM or XGBoost results in negligible differences (e.g., PR-AUC 0.859 vs 0.864 vs 0.861; F1 0.912 vs 0.913 vs 

0.912). Given the comparable results, LR is preferred for its stability and lower risk of overfitting. Feature-selection ablations 

reveal minimal impact when done correctly during cross-validation (CV): selecting the top 15 features slightly shifts metrics 

(≈±0.001), while a more aggressive top 10 selection slightly harms Recall (0.984→0.981) and BER (0.109→0.112), indicating that 

the excluded variables still hold valuable information for the ensemble. 

 

Table 8. Ablation results. 

Substudy Setting ACC_mean Recall_mean F1_mean PR_AUC_mean BER_mean 

Oversampling 

(SMOTE 

within 

training folds) 

LightGBM + SMOTE 

(ON) 

0.829 0.971 0.906 0.852 0.124 

LightGBM + SMOTE 

(OFF) 

0.812 0.914 0.88 0.804 0.186 

Stacking + SMOTE 

(ON) 

0.839 0.984 0.912 0.859 0.109 

Stacking + SMOTE 

(OFF) 

0.823 0.939 0.892 0.822 0.156 

Voting + SMOTE 

(ON) 

0.79 0.912 0.881 0.851 0.162 

Voting + SMOTE 

(OFF) 

0.771 0.861 0.851 0.815 0.212 

MLP + SMOTE (ON) 0.742 0.846 0.847 0.792 0.236 

MLP + SMOTE (OFF) 0.721 0.789 0.814 0.761 0.284 

Meta-learner 

choice in 

stacking 

(base learners 

fixed) 

Stacking (meta = LR) 0.839 0.984 0.912 0.859 0.109 

Stacking (meta = 

GBM) 

0.84 0.982 0.913 0.864 0.11 

Stacking (meta = 

XGBoost) 

0.839 0.983 0.912 0.861 0.109 

Feature 

selection (chi-

square top-k) 

nested within 

CV 

Stacking (FS = OFF) 0.839 0.984 0.912 0.859 0.109 

Stacking (FS = ON, 

k=15) 

0.84 0.983 0.913 0.86 0.108 

Stacking (FS = ON, 

k=10) 

0.838 0.981 0.911 0.857 0.112 

 

4.5 Significance Testing 

Table 13 shows that stacking significantly outperforms voting on clinically relevant metrics. The F1 score improves by +0.0315 

with a 95% confidence interval (CI) of [0.0240, 0.0382], remaining significant after Holm correction (𝑝Holm = 0.008). The Cliff's 
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delta of 0.82 indicates a large, consistent advantage. Stacking also enhances Recall by +0.0716 (CI [0.0529, 0.0871],𝑝Holm = 0.008, 

delta = 0.84), effectively reducing false negatives. For balanced error rate (BER), a negative delta of -0.0531 (CI [-0.0662, -0.0398], 

𝑝Holm = 0.008, delta = -0.80) confirms a significant reduction, demonstrating that stacking's benefits are systematic. In terms of 

ranking performance, stacking shows a modest improvement in PR-AUC (+0.0078, CI [0.0006, 0.0144]), but this is not statistically 

significant after adjustment. This indicates that stacking mainly improves threshold-dependent performance (recall/F1/BER) 

rather than significantly altering global precision-recall rankings. When comparing stacking to LightGBM, the improvements in F1 

(+0.006), Recall (+0.0125), and BER (-0.015) are small but consistently favor stacking, with moderate effect sizes (around delta = 

0.5). However, after Holm correction, these differences lack statistical significance (≈ 0.084–0.096). Conversely, voting 

underperforms significantly compared to LightGBM regarding F1 and Recall, while PR-AUC remains similar. Overall, the data 

supports stacking as the better ensemble method, particularly for sensitivity-critical metrics, while its advantage over LightGBM is 

present but not definitive under multiple-comparison control. 

 

Table 9. Significance testing among ensembles. 

Comparison (A vs 

B) 

Metric Delta 

(mean) 

95% CI W p p_Holm Cliff's δ 

Stacking vs Voting F1 0.0315 [0.0240, 0.0382] 55 0.002 0.008 0.82 

PR-AUC 0.0078 [0.0006, 0.0144] 41 0.047 0.094 0.46 

Recall 0.0716 [0.0529, 0.0871] 55 0.002 0.008 0.84 

BER (↓) -0.0531 [-0.0662, -0.0398] 55 0.002 0.008 -0.8 

Stacking vs 

LightGBM 

F1 0.006 [0.0014, 0.0102] 46 0.021 0.084 0.52 

PR-AUC 0.007 [0.0010, 0.0127] 47 0.032 0.096 0.5 

Recall 0.0125 [0.0032, 0.0201] 48 0.018 0.084 0.54 

BER (↓) -0.015 [-0.0280, -0.0041] 45 0.025 0.084 -0.48 

Voting vs LightGBM F1 -0.0255 [-0.0341, -0.0158] 0 0.004 0.016 -0.76 

PR-AUC -0.0006 [-0.0087, 0.0072] 26 0.872 1 -0.06 

Recall -0.0591 [-0.0763, -0.0410] 0 0.004 0.016 -0.78 

BER (↓) 0.0389 [0.0221, 0.0555] 0 0.004 0.016 0.74 

 

5. Discussion 

This study investigated prostate cancer risk prediction from tabular epidemiological and clinical variables, motivated by the need 

for decision-support tools that can assist early risk stratification and reduce reliance on subjective assessments and invasive 

procedures. The central finding is that ensemble learning—particularly stacking—provides the most reliable performance under 

the evaluated protocol. Stacking achieved the strongest balance between sensitivity and overall discrimination, with high recall 

and reduced balanced error rate, aligning with a screening-oriented objective where false negatives are clinically costly. The 

ablation analyses further show that within-fold oversampling (SMOTE) substantially improves minority-sensitive metrics (recall, 

BER, PR-AUC), and that stacking’s benefit persists even without oversampling, suggesting that combining heterogeneous 

learners mitigates instability inherent to single models. 

System-level and translational studies highlight what “clinically usable” risk stratification must operationalize: accessibility, 

efficiency, and transparent evidence. Web-based clinical applications for disease diagnosis in low-resource settings and web 

deployment for plant disease recognition illustrate design patterns for real-world adoption, including lightweight inference and 

user-facing decision support [25], [51]. In parallel, multimodal fusion research (e.g., vision–audio object recognition) and 

explainable transformer frameworks spanning rapid diagnostics and defect detection indicate that modern decision-support 

systems increasingly integrate multiple information channels while retaining interpretability [44], [45]. Broader smart-technology 

perspectives in precision wound healing and related biomedicine directions reinforce that AI tools ultimately coexist with 

evolving therapeutic and clinical technologies, which elevates requirements for traceability, robustness, and integration into care 

pathways [31]–[33]. Taken together, these works motivate a prostate cancer tabular risk stratification study design that is 

explicitly leakage-safe, imbalance-aware, and calibration- and explainability-oriented, positioning the output as a decision-

support risk estimate rather than a stand-alone diagnosis. 

Prior prostate cancer prediction studies generally fall into two categories: (i) imaging-based systems (e.g., mpMRI or pathology) 

that can achieve high discrimination but require specialized acquisition, expert annotation, and protocol harmonization; and (ii) 

tabular risk models that are easier to deploy but often exhibit reduced generalizability and sensitivity under imbalance. Within 

the tabular-learning literature, strong tree-based learners frequently provide competitive baselines, and our results are 

consistent with this: LightGBM is the best individual model, while stacking offers only an incremental improvement over it. The 

significance testing supports a conservative interpretation: stacking is clearly superior to voting, but its advantage over LightGBM 

is modest and not uniformly significant after multiple-comparison correction, indicating that the contribution is best framed as 

improved robustness and operating-point performance rather than a dramatic leap over state-of-the-art single learners. This 
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positioning is important for credibility: the ensemble gain is meaningful for clinical workflow design (higher sensitivity, lower 

BER), yet should not be overstated as transformative without external validation. 

The proposed system should be presented as decision support rather than automated diagnosis. A realistic workflow is: (1) 

patient demographic and clinical variables are entered during the initial assessment; (2) the model outputs a calibrated risk score 

with an uncertainty flag; (3) cases above a predefined threshold are routed for confirmatory testing (e.g., repeat PSA, MRI, or 

biopsy) and clinician review. Threshold selection should prioritize the intended clinical goal: in screening, a high-sensitivity 

operating point is often preferable, which can be set via sensitivity constraints or decision-analytic objectives rather than 

maximizing accuracy. Because predicted probabilities may be used to guide downstream actions, calibration is critical; 

probability calibration and reporting of Brier score and reliability curves should therefore be treated as deployment 

requirements. Finally, a human-in-the-loop mechanism is recommended for borderline cases: if the score is near the decision 

boundary or uncertainty is high, the system should defer to clinician judgment and request additional evidence rather than 

forcing a hard label. 

Several limitations constrain the current evidence. First, the dataset is sourced from a public Kaggle repository, and its cohort 

composition may not reflect real clinical prevalence, acquisition heterogeneity, or demographic distribution. This limits external 

validity and may lead to optimistic estimates relative to multi-center settings. Second, external validation is not performed; 

results are limited to internal cross-validation, which cannot substitute for independent cohort testing. Third, there is a potential 

risk of label/feature leakage, particularly in public tabular datasets where some variables may be post-diagnostic proxies or 

derived from the label. Although the experimental design applies resampling within folds to reduce leakage risk, a systematic 

leakage audit (removing suspect proxies; label-shuffle sanity checks) is necessary to ensure the reported performance is not 

inflated by spurious shortcuts. Fourth, imbalance handling via SMOTE can be problematic when features are categorical or label-

encoded, as interpolation may yield unrealistic synthetic samples; this raises concerns about biological plausibility and 

distributional fidelity. Where categorical predictors exist, SMOTENC or alternative imbalance strategies (class-weighting, focal 

loss for DL, threshold moving) should be evaluated and reported. 

Future work should focus on steps required for clinical translation. The first priority is external validation on an independent 

cohort, ideally multi-center and demographically diverse, followed by prospective evaluation to quantify real-world decision 

impact. Second, implement and report calibration (Brier score, calibration slope/intercept) and decision-curve analysis to connect 

model outputs to clinical utility across threshold ranges. Third, incorporate systematic fairness assessments using real 

demographic attributes (e.g., age strata, ancestry, socioeconomic proxies where appropriate) to test whether performance 

disparities arise and to guide mitigation. Finally, expanding the feature set to include standardized laboratory measures and 

integrating longitudinal information—while maintaining strict temporal alignment to prevent leakage—may improve both 

robustness and clinical relevance. 

 

6. Conclusion 

This study presented ProstaEnsembleNet, an ensemble framework for prostate cancer risk prediction from tabular 

epidemiological and clinical variables. Across stratified cross-validation, stacking consistently outperformed voting and delivered 

strong sensitivity with reduced balanced error, while ablations confirmed that within-fold SMOTE substantially improves 

imbalance-sensitive performance. Although gains over the best single learner (LightGBM) were modest, the results support 

stacking as a robust decision-support approach for preliminary risk stratification. Future work should prioritize external and 

prospective validation, rigorous calibration and decision-curve analysis, and fairness evaluation on real-world cohorts before 

clinical deployment. 
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