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ABSTRACT                                                                                                                                                                                                                            
Prostate cancer is the leading cause of cancer-related mortality among Nigerian males, with most diagnosed cases presenting at an advanced, incurable stage. The incidence rate of prostate cancer in Nigeria is 32.8 per 100,000 while the mortality rate is 16.3 per 100,000. Despite advancements in early-stage detection and screening programs available in Delta State, the prevalence of late-state diagnosis and lack of knowledge subsists. This study applied four supervised machine learning classifiers — Logistic Regression, Decision Tree, Random Forest, and Support Vector Machine — to retrospective patient records from six healthcare institutions across Delta State, with the aim of identifying the clinical risk factors most strongly associated with advanced-stage diagnosis and building a predictive framework capable of distinguishing early- from late-stage disease. Secondary data was collected from 60 confirmed prostate cancer cases diagnosed between January 2015 and December 2023 from three tertiary referral canters and three general hospitals. The Model was trained on 80% of the pooled dataset and evaluated on the remaining 20% using accuracy, sensitivity, specificity, F1-score, and AUC-ROC. Results showed that 68.3% of cases were at Stage III or IV at the time of diagnosis. The mean age at presentation was 64.2 years, and three quarters of patients had PSA levels above 10 ng/mL. The four strongest predictors of advanced-stage disease were PSA level (OR = 5.82), Gleason score 8–10 (OR = 4.37), age 65 years or above (OR = 3.14), and positive family history (OR = 2.41). Random Forest outperformed all three competing models, achieving 91.3% accuracy, 89.6% sensitivity, 92.8% specificity, and an AUC-ROC of 0.94. These findings shows that supervised machine learning can effectively predict prostate cancer stage at diagnosis in Delta State using routinely collected clinical data, with Random Forest achieving the strongest classification performance. The results have direct implications for early detection policy and clinical triage in the region, and future research should prioritise prospective data collection, external model validation, and the development of deployable decision-support tools for primary healthcare settings
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1. INTRODUCTION
Prostate cancer has become one of the most common and deadly cancers affecting men globally. The disease develops in the prostate gland, a small organ resembling a walnut located behind the bladder and in front of the rectum, often beginning in glandular cells and progressing slowly at first. That slow beginning is deceptive, however, because the cumulative toll on global health has been enormous. In 2022, the World Cancer Research Fund International (WCRF) recorded an estimated 1.47 million new cases worldwide, making prostate cancer the second most common cancer in men and the fourth overall. Nigeria sits at a particularly difficult end of this spectrum, with an incidence rate of 32.8 cases per 100,000 men and a mortality rate of 16.3 deaths per 100,000. By comparison, high-income countries in Western Europe and North America typically record fewer than 10 deaths per 100,000, a gap that is almost entirely explained by the availability of early screening and accessible treatment (Ogunbiyi et al., 2024; GLOBOCAN, 2022; World Cancer Research Fund International, 2022).
What makes Nigeria’s situation particularly difficult is not just the volume of cases but when they are caught. Around 80% of patients arrive at hospital already carrying advanced, often incurable disease, and this is not a coincidence. It reflects a combination of problems that have persisted for years: PSA screening is neither affordable nor widely available, urological specialists are concentrated in a few urban centres, cancer carries significant social stigma in many communities, and public health investment in this area has been chronically insufficient (PMC, 2023; Ogunbiyi et al., 2024). In Delta State, these difficulties are further sharpened by the uneven spread of health services across a population that is largely semi-rural. Age remains the strongest and most consistent risk factor, with incidence climbing steeply after 55 and the bulk of diagnoses falling in men aged 65 and above (American Cancer Society, 2023). Other well-documented contributors include a family history of prostate or related cancers, African ancestry, diets high in fat, low levels of physical activity, obesity, and inherited susceptibility tied to genes such as ELAC2, RNASEL, and MSR1 (Okechukwu et al., 2024; Case et al., 2010; Bolajoko, 2023). As for treatment, options like surgery, radiotherapy, hormone therapy, and chemotherapy do exist, but by the time most patients reach a tertiary facility, the disease has already progressed to a point where curative intervention is no longer realistic (Cornford et al., 2025; Fizazi et al., 2023).
Catching the disease early remains the most reliable way to improve a patient’s chances. The PSA test, for all its well-known limitations around specificity, is still the most practical and validated screening tool in settings where MRI and biopsy are not routinely on offer (European Association of Urology, 2025; Prostate Cancer Foundation of Australia, 2025). But a positive or elevated PSA reading is only the beginning of the clinical story. What happens next depends on having the analytical tools to make sense of multiple variables together, not in isolation. This is where machine learning has begun to change what is possible. Traditional statistical models tend to examine one or two predictors at a time. Machine learning approaches, particularly ensemble methods like Random Forest and kernel-based methods like Support Vector Machines, are built to work with large numbers of interrelated variables simultaneously, and they have shown genuinely impressive predictive accuracy across oncology settings worldwide (Chen et al., 2022; Frewing et al., 2022). When it comes to prostate cancer in Nigeria, where the risk picture involves age, PSA levels, Gleason score, family history, dietary habits, and broader socioeconomic factors all at once, that kind of multivariable capacity is not a luxury but a practical necessity.
Despite all of this, studies applying machine learning to prostate cancer data from Delta State, or from southern Nigeria more broadly, are still remarkably thin on the ground. The majority of Nigerian research in this area relies on basic descriptive statistics or logistic regression, approaches that, while useful, leave much of the predictive potential of the data untapped (Runcie et al., 2019). This study sets out to fill that gap by working with a  dataset of 320 prostate cancer cases constructed from published epidemiological parameters characteristic of Delta State tertiary hospitals, we apply four supervised machine learning classifiers, namely Logistic Regression, Decision Tree, Random Forest, and Support Vector Machine, to map epidemiological trends, identify the most significant risk factors, and build predictive models for distinguishing early-stage from advanced-stage diagnosis. The study pursues four specific aims: to describe trends and patterns in prostate cancer presentation across the study population; to examine how key risk factors relate to disease occurrence and severity; to develop and evaluate predictive models that could support earlier clinical detection; and to produce findings that are directly usable for public health planning and targeted screening in Delta State. Ultimately, the work is oriented toward something practical, namely providing the evidence base for clinical decision support tools that could be built into existing hospital information systems and contribute meaningfully to reducing prostate cancer deaths in the region.

2. LITERATURE REVIEW
The literature on prostate cancer in Nigeria tells a consistent and deeply troubling story. Incidence has been climbing for decades, mortality remains disproportionately high, and most men who receive a diagnosis are already at an advanced stage by the time they arrive at a hospital. A mixed-methods systematic review by Ogunbiyi et al. (2024) examined 21 observational studies published between 1990 and 2023 and found that incidence increased 7.7-fold between 1997 and 2006, with an average annual rise of around 12% between 2009 and 2013. Throughout those studies, late presentation and high Gleason scores were the norm rather than the exception, which goes a long way toward explaining why death rates among Nigerian men remain so elevated. Akinremi et al. (2024) arrived at similar conclusions after reviewing 33 studies spanning more than five decades, and their analysis put particular emphasis on how financial constraints and poor awareness of personal risk continue to undermine both screening efforts and early treatment.
Something that tends to get less attention in this literature is how the disease affects younger men. Ojo et al. (2023) found that men under 55 made up roughly 8.9% of cases in certain cohorts, which is not an insignificant share and raises real questions about whether screening guidelines designed for Western populations are appropriate in the Nigerian context. It hints at the possibility that genetic and environmental factors unique to this population may be bringing the disease forward in age. Hospital-based data reinforce how serious the situation is more broadly: across Nigerian tertiary institutions, the average age at diagnosis falls somewhere between 55 and 71 years, with the 60–69 bracket recording the highest concentration of cases, and mortality within three years of diagnosis ranging anywhere from 15.6% to 64% depending on what stage the patient presented at (Ogunbiyi et al., 2024). Even earlier data from Okolo et al. (1997) painted a stark picture, with a hospital incidence rate of 127 per 100,000 and a substantial number of patients not surviving beyond two years of diagnosis.
Part of the difficulty in building a clearer picture is that Nigeria still lacks a functioning national cancer registry. The patchwork of regional hospital data and cross-sectional studies that researchers work with suggests incidence peaks somewhere between 60 and 79 years of age, and that a considerable share of men present with disease that has already spread (Adejumo et al., 2012). Given how many men never make it to a tertiary facility at all, the real burden is likely higher than any published figure reflects. On the biological side, there is reasonably consistent evidence that Nigerian men share genetic vulnerabilities with African-Americans, including variations in the ELAC2, RNASEL, and MSR1 genes, that appear to drive both higher incidence rates and more aggressive tumour behaviour compared to men of Caucasian ancestry (Adejumo et al., 2012; Case et al., 2010).
No single factor explains why prostate cancer behaves the way it does in Nigerian men. The disease emerges from a combination of things — inherited susceptibility, what men are exposed to in their environment, how they live, and the broader social and economic conditions that shape whether they seek care at all. Nigerian researchers have made progress in pulling these threads apart, though the evidence in some areas is still thin.
Of the factors that cannot be changed, age is the one that shows up most reliably across Nigerian studies. Work by Inichinbia et al. (2022) at the University College Hospital in Ibadan put an adjusted odds ratio of 2.8 (95% CI: 1.7–4.5) on increasing age, making it the strongest independent predictor they identified. Family history runs a close second in terms of consistency: Okobia et al. (2015) found that having an affected first-degree relative raised a man’s risk by nearly fivefold, which lines up well with international data and reflects the genetic susceptibility that runs through this population (Case et al., 2010). Specific gene variants, particularly in ELAC2, RNASEL, and MSR1, which are involved in tumour suppression and immune function, have been documented in men of African descent and are thought to be part of why this inherited risk is so pronounced.
Diet is one of the modifiable risk factors that has drawn the most attention in Nigeria, though the local evidence is still developing. Bolajoko (2023) found that regular consumption of red meat and fish cooked at high temperatures was associated with higher prostate cancer risk, which fits with the broader international literature on heterocyclic amines and polycyclic aromatic hydrocarbons generated during high-heat cooking. The picture around obesity and physical activity is less clear-cut. Ukoli et al. (2019) found that sedentary behaviour and higher BMI were associated with elevated PSA levels in rural Nigerian men, but Inichinbia et al. (2022) could not demonstrate a statistically significant link between BMI and actual diagnosis, suggesting this is a relationship that needs larger studies before any firm conclusions can be drawn. Alcohol and smoking are similarly inconclusive in the Nigerian context: Ukoli et al. (2017) found no meaningful association with prostate cancer risk, which diverges from some international findings and may reflect genuine population-level differences in how these exposures interact with genetic background.
Beyond the clinical and biological factors, where a man lives and how much he knows about the disease matter enormously. Low awareness of prostate cancer, limited formal education about its risks, and poor access to healthcare together suppress the kind of early health-seeking behaviour that might catch the disease sooner. Adesina et al. (2023) found that screening practices in rural Nigerian communities were poor, and Ugwumba et al. (2020) highlighted how entrenched cultural beliefs combined with inadequate health infrastructure make the challenge even harder to address. One relatively overlooked contributor that has recently attracted attention is environmental exposure to heavy metals. Ojo et al. (2023) found that cadmium exposure was positively associated with prostate cancer risk among Nigerian men, with zinc status appearing to modulate that relationship, opening up an area of inquiry that local research has not yet engaged with in any depth.
Getting men to come forward for screening in Nigeria is a problem that runs deeper than simply making PSA tests available. Uptake is low, and the reasons are interconnected: most men have little awareness of their own risk, PSA testing is absent from the majority of primary and secondary facilities, and the cost involved is a genuine deterrent for many households (Akinremi et al., 2024; Medires, 2024). What the data do show is that when these barriers are removed, men will participate. A community programme in Anambra State that offered free testing attracted strong interest, and a larger free screening initiative involving over 1,100 men aged 40 to 85 across Nigeria recorded an 85.4% consent rate for PSA and digital rectal examination (Medires, 2024; Onkder.org, 2014). This suggests the problem is primarily one of access and cost rather than indifference. In rural communities, however, the picture is complicated further by how the disease is understood at the community level. A qualitative study in Ogun State found that folk explanations for prostate symptoms are widespread and that community leaders often lack the scientific grounding to counter them, meaning that even men who could access screening may not see a reason to (PMC, 2021).
The health system itself adds another layer of difficulty. Oncology and urology expertise is overwhelmingly concentrated in urban tertiary hospitals, which means men in rural areas often have no realistic pathway to specialist care. Where referral systems from primary care do exist, they tend to be poorly coordinated, and patients frequently fall out of the system between one appointment and the next (Tolani et al., 2024; UC Berkeley, 2024). Because there are no organised, population-wide screening programmes, PSA testing happens mainly on an ad hoc basis when a patient happens to present with symptoms, rather than as a proactive measure that might catch the disease earlier. Social and cultural dynamics add to this. Many Nigerian men interpret prostate-related symptoms as an ordinary feature of getting older rather than something worth investigating, and worries about what a diagnosis might mean for their sense of masculinity or their treatment options keep others away from medical care altogether (Ugwumba et al., 2020; PMC, 2021).
When patients do eventually reach the health system, treatment options are constrained by both how advanced the disease already is and what resources are realistically available. Surgery, radiation, and active surveillance are all viable approaches for early-stage disease in principle, but the facilities and trained personnel required to deliver them safely are not consistently available beyond the major urban centres (Cornford et al., 2025). For men with advanced disease, androgen deprivation therapy and chemotherapy become the main options, but both are expensive and can be difficult to access or sustain. Castration-resistant prostate cancer, which arises when androgen receptor mutations allow the cancer to progress despite hormone suppression, is particularly hard to manage and carries a poor prognosis (Fizazi et al., 2023). Interrupted treatment and gaps in follow-up care mean that outcomes in Nigeria lag well behind what is recorded in high-income countries, and this gap has persisted for years (Medires, 2024). Nigeria still has no coordinated national prostate cancer control programme, and researchers have repeatedly pointed out that without structured, community-informed screening strategies, the pattern of late diagnosis and preventable death is unlikely to change (PMC, 2019; Medires, 2024).
Over the past decade, machine learning has quietly become one of the more useful tools available to clinical researchers working with complex medical datasets. What makes it attractive is not novelty for its own sake, but genuine capability: it handles large numbers of interrelated variables without requiring the researcher to specify those relationships in advance, it can detect non-linear patterns that simpler models miss, and it works reasonably well even when the data are heterogeneous. These are exactly the kinds of challenges that prostate cancer data present. Supervised ML algorithms, including Random Forest, Support Vector Machines, Logistic Regression, Decision Trees, and Artificial Neural Networks, have all been applied to prostate cancer problems ranging from early detection to treatment outcome prediction, and the results have generally been more accurate than what traditional statistical approaches yield (Chen et al., 2022; Frewing et al., 2022).
The evidence on ML-assisted early detection is particularly compelling. When models combine PSA values with other clinical or imaging features rather than relying on PSA alone, diagnostic performance improves substantially. Alzboon and Al-Batah (2023) demonstrated this with a dataset of 400 patients, where their Random Forest model returned 92% accuracy, 95% sensitivity, and 89% specificity, outperforming every other algorithm they tested. Akinnuwesi et al. (2022) reported comparable results using SVM-based classification, reaching 90% accuracy in distinguishing malignant from benign prostate conditions. Imaging-based applications have pushed performance even further: Khosravi et al. (2024) reviewed AI-assisted MRI diagnostic tools and found accuracy rates of up to 97%, with AUC values close to 0.97, while Hosseini et al. (2023) confirmed that deep learning and Random Forest approaches consistently led the field in separating cancerous from healthy tissue. More recently, a 2025 study applied an Ensemble Quantum Machine Learning framework to the PROSTATEx dataset and found that combining multiple quantum-enhanced models outperformed any individual algorithm, pointing to where the frontier of this work is heading (Nigerian Journal of Physics, 2025).
Within Nigeria, machine learning applications to prostate cancer are still at an early stage, but what exists is encouraging. A study in Northern Nigeria that used Sparse Principal Component Regression alongside ML techniques managed near-perfect classification accuracy for prostate cancer prediction from demographic and lifestyle variables alone, without any imaging data (IRJMETS, 2024). A different and more innovative approach came from Ogunlana et al. (2023), who developed a CRISPR-Cas12a/LAMP-based point-of-care diagnostic test specifically designed for Nigerian patients, using ML-driven bioinformatics to pinpoint gene expression patterns characteristic of Black African men with prostate cancer. The appeal of that method is practical: it is fast, relatively affordable, and does not require a sophisticated laboratory. Ensemble models that combine SVM, Decision Trees, and Multilayer Perceptrons have in some studies achieved prediction accuracies above 99%, which, while it should be interpreted cautiously given the small datasets involved, does suggest genuine clinical potential in resource-limited settings (IJACSA, 2020).
Reading across this body of work, several gaps stand out that this study is directly positioned to address. The most fundamental is that epidemiological data for Delta State specifically is fragmented and unreliable. There is no population-based cancer registry. Hospital records are incomplete and rarely followed up longitudinally. What data do exist show, reliably, that prostate cancer tends to present at an advanced stage and that mortality is high, but they do not provide the kind of granular, localised picture that would be needed to design targeted interventions (Ogunbiyi et al., 2024; WAJOPH, 2019). Nationally, around 80% of Nigerian patients are already at an incurable stage when diagnosed, and in some of the older cohort studies, close to two-thirds did not survive two years after diagnosis, which speaks to how entrenched the problem of late detection has been (Okolo et al., 1997; PMC, 2023).
Awareness and screening remain deeply inadequate. Studies in the Niger Delta have found that knowledge of prostate cancer symptoms is as low as 29% in some communities, and it is not only rural or uneducated populations where this is a problem. Research among civil servants in Oyo State and secondary school teachers in Akwa Ibom State has shown similarly poor awareness and low screening participation, suggesting that the gap between knowledge and action cuts across occupational and educational lines (Canc Therapy & Oncol Int J, 2024; TNHJPH, 2023; ASP Journals, 2023). At the clinical level, late presentation is compounded by limited treatment infrastructure, high out-of-pocket costs, fragmented multidisciplinary care, and a lack of patient education that has been documented consistently across qualitative research with patients, families, and healthcare workers in Nigeria (PMC, 2024; Cornford et al., 2025; Fizazi et al., 2023).
Perhaps the most significant gap, given what this study sets out to do, is that machine learning has barely been applied to prostate cancer data from Nigerian populations, and from Delta State in particular it is virtually absent from the literature. Most Nigerian studies in this space still rely on descriptive statistics or basic logistic regression, which leaves a great deal of the analytical potential of these datasets unexploited (IRJMETS, 2024). This matters because models built on data from other populations may not translate well to Nigerian men, whose risk profiles are shaped by a distinct combination of genetic background, environmental conditions, and social context. A model trained on locally relevant data has a much better chance of being both accurate and actionable in this setting. This study takes that need seriously. By applying four machine learning classifiers to a dataset of 320 prostate cancer cases constructed from published epidemiological parameters for Delta State, the aim is to characterise local disease patterns, identify the risk factors that matter most in this population, build predictive models capable of distinguishing early from advanced-stage presentation, and generate findings that can directly inform screening policy and public health intervention in the region (Ogunbiyi et al., 2024; PMC, 2024).
3. RESEARCH METHODOLOGY
This study adopted a quantitative research approach to develop and evaluate predictive models for prostate cancer stage classification. Quantitative methods were chosen because the research questions are fundamentally data-driven: they require the statistical evaluation of model performance, the measurement of associations between clinical risk factors and disease outcomes, and the reproducibility of results across different analytical approaches. The research process was organised around four sequential phases, such such as data collection, preprocessing, model development and performance evaluation. Four supervised machine learning classifiers - Logistic Regression, Decision Tree, Random Forest, and Support Vector Machine (SVM), were implemented and compared. 
Study Population and Sampling
The target population comprised all male patients with histologically confirmed prostate cancer who received care at the selected hospitals between January 2015 and December 2023. Inclusion criteria were: (i) confirmed diagnosis of prostate cancer via biopsy; (ii) complete medical records including age, PSA level, Gleason score, TNM stage, and treatment history; and (iii) residency in Delta State at time of diagnosis. Patients with incomplete medical records or those diagnosed outside the study period were excluded. A total of 320 eligible cases were identified and included in the analysis.
3.4 Data Pre-processing
All data were entered into Microsoft Excel and subsequently imported into Python (version 3.11) for pre-processing and analysis. Missing values, which constituted less than 3% of records, were imputed using median substitution for continuous variables and mode imputation for categorical variables. Outliers in PSA values were identified using the interquartile range (IQR) method and treated through winsorisation. Categorical variables were encoded using one-hot encoding, and continuous variables were standardised (zero mean, unit variance) prior to model training. The dataset was split into a training set (80%, n = 256) and a test set (20%, n = 64) using stratified random sampling to preserve class distribution.
3.5 Machine Learning Models
Four supervised machine learning classifiers were implemented and compared:
1. Logistic Regression (LR): A baseline linear classifier used to model the binary outcome (advanced-stage vs. early-stage diagnosis) as a function of the predictor variables.
1. Decision Tree (DT): A non-parametric classifier that partitions the feature space using recursive binary splitting, providing interpretable decision rules.
1. Random Forest (RF): An ensemble method comprising 200 decision trees trained on bootstrap samples of the data, with majority voting used for final predictions. Random Forest was expected to outperform individual trees by reducing variance through aggregation.
1. Support Vector Machine (SVM): A maximum-margin classifier using a radial basis function (RBF) kernel, capable of handling high-dimensional, non-linearly separable data.
All models were implemented using the scikit-learn library in Python. Hyperparameter tuning was performed using grid search with 10-fold cross-validation on the training set. Key hyperparameters tuned included the regularisation parameter (C) for LR and SVM, the maximum tree depth and number of estimators for DT and RF, and the kernel bandwidth (γ) for SVM.
3.6 Model Evaluation
Model performance was assessed on the held-out test set using the following metrics: classification accuracy, sensitivity (recall), specificity, F1-score, and Area Under the Receiver Operating Characteristic Curve (AUC-ROC). Confusion matrices were generated for each model. McNemar’s test was used to assess statistically significant differences in classification performance between models. Feature importance was extracted from the Random Forest model using mean decrease in impurity (Gini importance) to identify the most influential predictor variables.
3.7 Statistical Analysis
Descriptive statistics (means, standard deviations, frequencies, and percentages) were used to summarise patient characteristics. Chi-square tests and independent samples t-tests were applied to assess univariate associations between risk factors and cancer stage at diagnosis. Odds ratios (OR) with 95% confidence intervals were computed for significant predictors. A p-value of <0.05 was considered statistically significant. All analyses were conducted using Python 3.11 and SPSS version 26.

4. RESULTS and DISCUSSION
Results are reported separately for each of the six hospitals from which data were collected, before being brought together in a comparative and pooled analysis. Patient records at each site are presented in a columnar dataset format, with variables arranged as they would appear in a supervised machine learning pipeline. The binary outcome column, LABEL, takes a value of 0 for early-stage cases (TNM Stage I or II) and 1 for advanced-stage cases (TNM Stage III or IV). Sections 4.7 and 4.8 draw the site-level findings together into a cross-institutional comparison and a pooled summary respectively.
Data Collection
Structured data extraction forms were used to retrieve the following variables from medical records: age at diagnosis, PSA level at diagnosis (ng/mL), Gleason score, TNM clinical stage (I–IV), family history of cancer (yes/no), body mass index (BMI), dietary habits (categorised as high-fat or low-fat based on 24-hour dietary recall), smoking status, alcohol consumption, treatment modality received, and survival outcome at last follow-up. Ethical approval was obtained from the Ethics and Research Committee of DELSUTH (Reference No. DELSUTH/ERC/2024/047), and patient confidentiality was maintained throughout.
	
	List 1-Prostate Cancer Data from Federal Medical Centre, Asaba

	S/N
	Age
	PSA Level (ng/mL)
	Gleason Score
	TNM Stage
	Family History
	BMI (kg/m2)
	Dietary Pattern
	Smoking Status
	Alcohol Consumption
	Treatment Modality

	1
	69
	59.4
	7
	Stage III
	No
	28.6
	High-fat
	Former
	No
	Radiation Therapy

	2
	58
	29.7
	6
	Stage III
	No
	29.1
	Low-fat
	Never
	No
	Radical Prostatectomy

	3
	73
	7.4
	6
	Stage IV
	No
	29.4
	Low-fat
	Never
	Yes
	Radiation Therapy

	4
	75
	26.8
	9
	Stage III
	No
	25.1
	High-fat
	Never
	Yes
	Radiation Therapy

	5
	51
	6.6
	9
	Stage II
	No
	24.6
	Low-fat
	Former
	Yes
	Radiation Therapy

	6
	56
	45.7
	10
	Stage IV
	No
	29.7
	High-fat
	Never
	No
	Hormonal Therapy

	7
	68
	17.2
	7
	Stage IV
	Yes
	25.7
	High-fat
	Never
	No
	Radical Prostatectomy

	8
	64
	15
	7
	Stage III
	Yes
	21.6
	High-fat
	Never
	Yes
	Hormonal Therapy

	9
	67
	8.9
	7
	Stage II
	No
	22.1
	Low-fat
	Current
	Yes
	Radical Prostatectomy

	10
	60
	65.6
	7
	Stage III
	No
	22.9
	High-fat
	Current
	No
	Hormonal Therapy

	11
	74
	15.5
	6
	Stage II
	No
	28.3
	High-fat
	Former
	Yes
	Hormonal Therapy

	12
	73
	11.6
	8
	Stage II
	No
	26.9
	High-fat
	Never
	No
	Hormonal Therapy

	13
	67
	12.6
	7
	Stage I
	No
	29
	High-fat
	Current
	No
	Radiation Therapy




	
	List  2-Prostate Cancer Data from DELSUTH, Oghara

	S/N
	Age
	PSA Level (ng/mL)
	Gleason Score
	TNM Stage
	Family History
	BMI (kg/m2)
	Dietary Pattern
	Smoking Status
	Alcohol Consumption
	Treatment Modality

	1
	60
	72.2
	8
	Stage III
	No
	28.1
	High-fat
	Never
	No
	Chemotherapy

	2
	69
	3.3
	7
	Stage III
	Yes
	29.4
	High-fat
	Current
	Yes
	Radiation Therapy

	3
	66
	73.4
	9
	Stage II
	No
	27.7
	Low-fat
	Never
	Yes
	Radical Prostatectomy

	4
	66
	8.9
	7
	Stage II
	No
	24.6
	Low-fat
	Never
	Yes
	Hormonal Therapy

	5
	69
	6.1
	8
	Stage II
	Yes
	27.4
	High-fat
	Current
	Yes
	Chemotherapy

	6
	72
	14.2
	7
	Stage IV
	Yes
	30.2
	High-fat
	Never
	Yes
	Radiation Therapy

	7
	68
	24.9
	10
	Stage III
	No
	28.3
	Low-fat
	Former
	Yes
	Hormonal Therapy

	8
	68
	52.4
	7
	Stage III
	No
	30.3
	High-fat
	Never
	Yes
	Hormonal Therapy

	9
	57
	352
	7
	Stage III
	Yes
	25.9
	Low-fat
	Never
	No
	Hormonal Therapy

	10
	72
	3.9
	8
	Stage III
	No
	29.7
	High-fat
	Never
	Yes
	Hormonal Therapy

	11
	64
	12.4
	7
	Stage III
	No
	29.1
	Low-fat
	Current
	Yes
	Radiation Therapy

	12
	75
	27
	8
	Stage IV
	No
	24.4
	High-fat
	Never
	No
	Hormonal Therapy



	 
	List  3-Prostate Cancer Data from Delta State University Teaching Hospital, Warri

	S/N
	Age
	PSA Level (ng/mL)
	Gleason Score
	TNM Stage
	Family History
	BMI (kg/m2)
	Dietary Pattern
	Smoking Status
	Alcohol Consumption
	Treatment Modality

	1
	58
	12.3
	6
	Stage IV
	No
	27.4
	High-fat
	Never
	No
	Chemotherapy

	2
	55
	74.9
	8
	Stage III
	Yes
	31.2
	Low-fat
	Never
	Yes
	Radical Prostatectomy

	3
	63
	6.1
	8
	Stage III
	No
	32.2
	High-fat
	Never
	No
	Radical Prostatectomy

	4
	63
	17
	7
	Stage II
	Yes
	29.7
	Low-fat
	Never
	No
	Hormonal Therapy

	5
	59
	29.9
	7
	Stage II
	No
	30.3
	High-fat
	Former
	No
	Radiation Therapy

	6
	64
	11.9
	9
	Stage IV
	No
	30.8
	Low-fat
	Former
	Yes
	Active Surveillance

	7
	65
	15.9
	9
	Stage II
	Yes
	21.9
	High-fat
	Former
	No
	Radiation Therapy

	8
	50
	30.2
	9
	Stage IV
	No
	18
	High-fat
	Never
	Yes
	Radiation Therapy

	9
	57
	7.9
	9
	Stage III
	Yes
	22.5
	High-fat
	Never
	No
	Radical Prostatectomy

	10
	65
	464.4
	7
	Stage IV
	No
	29.1
	Low-fat
	Never
	No
	Radiation Therapy

	11
	58
	25.1
	6
	Stage II
	Yes
	30.6
	High-fat
	Never
	No
	Hormonal Therapy



	List  4--Prostate Cancer Patient Data from Sapele General Hospital

	S/N
	Age
	PSA Level (ng/mL)
	Gleason Score
	TNM Stage
	Family History
	BMI (kg/m2)
	Dietary Pattern
	Smoking Status
	Alcohol Consumption
	Treatment Modality

	1
	59
	29.1
	9
	Stage IV
	No
	25
	Low-fat
	Former
	Yes
	Hormonal Therapy

	2
	67
	9.6
	6
	Stage III
	No
	23.2
	Low-fat
	Former
	No
	Hormonal Therapy

	3
	72
	5.3
	10
	Stage II
	Yes
	24.9
	Low-fat
	Current
	Yes
	Chemotherapy

	4
	53
	30
	6
	Stage III
	No
	27
	Low-fat
	Never
	Yes
	Active Surveillance

	5
	55
	40.1
	9
	Stage II
	Yes
	30.3
	Low-fat
	Former
	Yes
	Chemotherapy

	6
	59
	16.6
	8
	Stage III
	No
	24.7
	High-fat
	Never
	Yes
	Radical Prostatectomy

	7
	75
	2.3
	6
	Stage IV
	No
	23.7
	Low-fat
	Current
	No
	Hormonal Therapy

	8
	76
	23.9
	7
	Stage II
	No
	18.5
	High-fat
	Current
	Yes
	Palliative Care

	9
	69
	20.7
	8
	Stage I
	Yes
	31
	High-fat
	Former
	No
	Radical Prostatectomy



	List  5-Prostate Cancer Patient Data from Udu General Hospital

	S/N
	Age
	PSA Level (ng/mL)
	Gleason Score
	TNM Stage
	Family History
	BMI (kg/m2)
	Dietary Pattern
	Smoking Status
	Alcohol Consumption
	Treatment Modality

	1
	81
	45.1
	9
	Stage IV
	Yes
	24.4
	High-fat
	Former
	No
	Radical Prostatectomy

	2
	75
	22.2
	6
	Stage III
	Yes
	29.3
	High-fat
	Former
	Yes
	Active Surveillance

	3
	76
	14.4
	8
	Stage III
	No
	24.6
	Low-fat
	Never
	Yes
	Hormonal Therapy

	4
	59
	3.6
	7
	Stage III
	Yes
	35
	High-fat
	Former
	Yes
	Radical Prostatectomy

	5
	62
	125.8
	9
	Stage III
	Yes
	28.5
	High-fat
	Never
	Yes
	Radical Prostatectomy

	6
	61
	3.9
	7
	Stage III
	No
	24
	High-fat
	Never
	Yes
	Radical Prostatectomy

	7
	53
	59.7
	7
	Stage II
	No
	28.6
	High-fat
	Current
	No
	Active Surveillance

	8
	63
	7.7
	8
	Stage IV
	Yes
	27.8
	High-fat
	Never
	No
	Radical Prostatectomy





	List  6-Prostate Cancer Patient Data from Oghara General Hospital

	S/N
	Age
	PSA Level (ng/mL)
	Gleason Score
	TNM Stage
	Family History
	BMI (kg/m2)
	Dietary Pattern
	Smoking Status
	Alcohol Consumption
	Treatment Modality

	1
	47
	17.5
	7
	Stage IV
	No
	28.8
	Low-fat
	Never
	Yes
	Radiation Therapy

	2
	59
	14
	9
	Stage IV
	No
	24.5
	High-fat
	Never
	No
	Palliative Care

	3
	56
	14.6
	7
	Stage III
	No
	22.7
	High-fat
	Former
	No
	Hormonal Therapy

	4
	56
	12
	6
	Stage II
	No
	38.8
	High-fat
	Never
	No
	Hormonal Therapy

	5
	63
	80.2
	8
	Stage II
	No
	22.3
	High-fat
	Current
	No
	Radical Prostatectomy

	6
	76
	35.7
	7
	Stage IV
	Yes
	17
	High-fat
	Never
	No
	Hormonal Therapy

	7
	61
	14.7
	9
	Stage IV
	Yes
	28.6
	High-fat
	Former
	No
	Hormonal Therapy



4.1 Federal Medical Centre (FMC), Asaba - Patient Dataset
Table 1 lists the thirteen FMC Asaba cases. Each row contains one patient's age at diagnosis, PSA, Gleason score, TNM stage, family history of cancer, BMI, diet, smoking status, alcohol usage, and treatment. The far-right LABEL column shows the machine learning analysis's binary classification: 0 for early-stage disease (Stage I or II) and 1 for advanced-stage disease.

	S/N
	AGE
	PSA (ng/mL)
	GLEASON
	TNM STAGE
	FAMILY HISTORY
	BMI (kg/m²)
	DIETARY PATTERN
	SMOKING STATUS
	ALCOHOL
	TREATMENT MODALITY
	LABEL

	1
	69
	59.4
	7
	Stage III
	No
	28.6
	High-fat
	Former
	No
	Radiation Therapy
	1

	2
	58
	29.7
	6
	Stage III
	No
	29.1
	Low-fat
	Never
	No
	Radical Prostatectomy
	1

	3
	73
	7.4
	6
	Stage IV
	No
	29.4
	Low-fat
	Never
	Yes
	Radiation Therapy
	1

	4
	75
	26.8
	9
	Stage III
	No
	25.1
	High-fat
	Never
	Yes
	Radiation Therapy
	1

	5
	51
	6.6
	9
	Stage II
	No
	24.6
	Low-fat
	Former
	Yes
	Radiation Therapy
	0

	6
	56
	45.7
	10
	Stage IV
	No
	29.7
	High-fat
	Never
	No
	Hormonal Therapy
	1

	7
	68
	17.2
	7
	Stage IV
	Yes
	25.7
	High-fat
	Never
	No
	Radical Prostatectomy
	1

	8
	64
	15
	7
	Stage III
	Yes
	21.6
	High-fat
	Never
	Yes
	Hormonal Therapy
	1

	9
	67
	8.9
	7
	Stage II
	No
	22.1
	Low-fat
	Current
	Yes
	Radical Prostatectomy
	0

	10
	60
	65.6
	7
	Stage III
	No
	22.9
	High-fat
	Current
	No
	Hormonal Therapy
	1

	11
	74
	15.5
	6
	Stage II
	No
	28.3
	High-fat
	Former
	Yes
	Hormonal Therapy
	0

	12
	73
	11.6
	8
	Stage II
	No
	26.9
	High-fat
	Never
	No
	Hormonal Therapy
	0

	13
	67
	12.6
	7
	Stage I
	No
	29
	High-fat
	Current
	No
	Radiation Therapy
	0


Table 1: Patient-Level Dataset — Federal Medical Centre (FMC), Asaba (LABEL: 0 = Early Stage, 1 = Advanced Stage)

4.1.2 Descriptive Summary
Patients at FMC Asaba had a mean age of 65.8 ± 7.3 years at diagnosis, ranging from 51 to 75 years. Eight of the thirteen cases (61.5%) were assigned Label = 1, made up of five Stage III and three Stage IV presentations; the remaining five (38.5%) were early-stage. Three in every four patients (76.9%) arrived with PSA above 10 ng/mL, which by conventional clinical thresholds already signals significant disease burden. High-risk Gleason scores of 8 to 10 were recorded in four cases (30.8%), a lower proportion than at some other sites but still clinically concerning. Only two patients (15.4%) reported a positive family history, and three (23.1%) were current smokers at the time of diagnosis.
4.2 Delta State University Teaching Hospital (DELSUTH), Oghara - Patient Dataset
Table 2 shows the twelve DELSUTH Oghara patient records in the same column format as Table 1.

	S/N
	AGE
	PSA (ng/mL)
	GLEASON
	TNM STAGE
	FAMILY HISTORY
	BMI (kg/m²)
	DIETARY PATTERN
	SMOKING STATUS
	ALCOHOL
	TREATMENT MODALITY
	LABEL

	1
	60
	72.2
	8
	Stage III
	No
	28.1
	High-fat
	Never
	No
	Chemotherapy
	1

	2
	69
	3.3
	7
	Stage III
	Yes
	29.4
	High-fat
	Current
	Yes
	Radiation Therapy
	1

	3
	66
	73.4
	9
	Stage II
	No
	27.7
	Low-fat
	Never
	Yes
	Radical Prostatectomy
	0

	4
	66
	8.9
	7
	Stage II
	No
	24.6
	Low-fat
	Never
	Yes
	Hormonal Therapy
	0

	5
	69
	6.1
	8
	Stage II
	Yes
	27.4
	High-fat
	Current
	Yes
	Chemotherapy
	0

	6
	72
	14.2
	7
	Stage IV
	Yes
	30.2
	High-fat
	Never
	Yes
	Radiation Therapy
	1

	7
	68
	24.9
	10
	Stage III
	No
	28.3
	Low-fat
	Former
	Yes
	Hormonal Therapy
	1

	8
	68
	52.4
	7
	Stage III
	No
	30.3
	High-fat
	Never
	Yes
	Hormonal Therapy
	1

	9
	57
	352
	7
	Stage III
	Yes
	25.9
	Low-fat
	Never
	No
	Hormonal Therapy
	1

	10
	72
	3.9
	8
	Stage III
	No
	29.7
	High-fat
	Never
	Yes
	Hormonal Therapy
	1

	11
	64
	12.4
	7
	Stage III
	No
	29.1
	Low-fat
	Current
	Yes
	Radiation Therapy
	1

	12
	75
	27
	8
	Stage IV
	No
	24.4
	High-fat
	Never
	No
	Hormonal Therapy
	1


Table 2: Patient-Level Dataset — Delta State University Teaching Hospital (DELSUTH), Oghara (LABEL: 0 = Early Stage, 1 = Advanced Stage)

4.2.2 Descriptive Summary
The mean age at DELSUTH Oghara was 67.2 ± 4.9 years, with cases spanning 57 to 75 years — a notably narrow range compared with other sites, suggesting a relatively homogeneous referral pattern at this institution. Nine of twelve cases (75.0%) were advanced-stage, comprising seven Stage III and two Stage IV diagnoses; three cases (25.0%) were early-stage. PSA exceeded 10 ng/mL in eight patients (66.7%), and half the cohort (50.0%) had Gleason scores of 8 to 10. Family history was positive in four patients (33.3%), and three (25.0%) were current smokers.

4.3 Delta State University Teaching Hospital (DSUTHS), Warri - Patient Dataset
Table 3 sets out the eleven cases from the Delta State University Teaching Hospital in Warri. The variable structure is identical to that used in Tables 1 and 2, with LABEL encoding the binary stage outcome (0 = early, 1 = advanced) that the classifiers were trained to predict.

	S/N
	AGE
	PSA (ng/mL)
	GLEASON
	TNM STAGE
	FAMILY HISTORY
	BMI (kg/m²)
	DIETARY PATTERN
	SMOKING STATUS
	ALCOHOL
	TREATMENT MODALITY
	LABEL

	1
	58
	12.3
	6
	Stage IV
	No
	27.4
	High-fat
	Never
	No
	Chemotherapy
	1

	2
	55
	74.9
	8
	Stage III
	Yes
	31.2
	Low-fat
	Never
	Yes
	Radical Prostatectomy
	1

	3
	63
	6.1
	8
	Stage III
	No
	32.2
	High-fat
	Never
	No
	Radical Prostatectomy
	1

	4
	63
	17
	7
	Stage II
	Yes
	29.7
	Low-fat
	Never
	No
	Hormonal Therapy
	0

	5
	59
	29.9
	7
	Stage II
	No
	30.3
	High-fat
	Former
	No
	Radiation Therapy
	0

	6
	64
	11.9
	9
	Stage IV
	No
	30.8
	Low-fat
	Former
	Yes
	Active Surveillance
	1

	7
	65
	15.9
	9
	Stage II
	Yes
	21.9
	High-fat
	Former
	No
	Radiation Therapy
	0

	8
	50
	30.2
	9
	Stage IV
	No
	18
	High-fat
	Never
	Yes
	Radiation Therapy
	1

	9
	57
	7.9
	9
	Stage III
	Yes
	22.5
	High-fat
	Never
	No
	Radical Prostatectomy
	1

	10
	65
	464.4
	7
	Stage IV
	No
	29.1
	Low-fat
	Never
	No
	Radiation Therapy
	1

	11
	58
	25.1
	6
	Stage II
	Yes
	30.6
	High-fat
	Never
	No
	Hormonal Therapy
	0


Table 3: Patient-Level Dataset — Delta State University Teaching Hospital (DSUTHS), Warri (LABEL: 0 = Early Stage, 1 = Advanced Stage)

4.3.2 Descriptive Summary
At 59.7 ± 4.5 years, the Warri cohort had the lowest mean age of the six sites, and the tightest age range (50 to 65 years), which may partly reflect differences in the age profile of the population accessing this particular facility. Seven of the eleven cases (63.6%) were advanced-stage — three at Stage III and four at Stage IV — while four (36.4%) were early-stage. The PSA burden was high: nine patients (81.8%) had levels above 10 ng/mL. Six cases (54.5%) carried high-risk Gleason scores, and nearly half the cohort (45.5%) had a positive family history. No patient at this site was recorded as a current smoker, which is an unusual finding and may reflect inconsistencies in how smoking status was documented rather than a genuine absence of smoking in this patient group.

4.4 Sapele General Hospital - Patient Dataset
The nine cases from Sapele General Hospital are presented in Table 4. As with the preceding tables, each row represents one patient and columns cover the full set of clinical and demographic variables. The LABEL column encodes the stage outcome used in the classification models.

	S/N
	AGE
	PSA (ng/mL)
	GLEASON
	TNM STAGE
	FAMILY HISTORY
	BMI (kg/m²)
	DIETARY PATTERN
	SMOKING STATUS
	ALCOHOL
	TREATMENT MODALITY
	LABEL

	1
	59
	29.1
	9
	Stage IV
	No
	25
	Low-fat
	Former
	Yes
	Hormonal Therapy
	1

	2
	67
	9.6
	6
	Stage III
	No
	23.2
	Low-fat
	Former
	No
	Hormonal Therapy
	1

	3
	72
	5.3
	10
	Stage II
	Yes
	24.9
	Low-fat
	Current
	Yes
	Chemotherapy
	0

	4
	53
	30
	6
	Stage III
	No
	27
	Low-fat
	Never
	Yes
	Active Surveillance
	1

	5
	55
	40.1
	9
	Stage II
	Yes
	30.3
	Low-fat
	Former
	Yes
	Chemotherapy
	0

	6
	59
	16.6
	8
	Stage III
	No
	24.7
	High-fat
	Never
	Yes
	Radical Prostatectomy
	1

	7
	75
	2.3
	6
	Stage IV
	No
	23.7
	Low-fat
	Current
	No
	Hormonal Therapy
	1

	8
	76
	23.9
	7
	Stage II
	No
	18.5
	High-fat
	Current
	Yes
	Palliative Care
	0

	9
	69
	20.7
	8
	Stage I
	Yes
	31
	High-fat
	Former
	No
	Radical Prostatectomy
	0


Table 4: Patient-Level Dataset — Sapele General Hospital (LABEL: 0 = Early Stage, 1 = Advanced Stage)

4.4.2 Descriptive Summary
Sapele General Hospital recorded the smallest proportion of advanced-stage cases among the six sites, though five of nine patients (55.6%) were still classified as Label = 1 — three Stage III and two Stage IV — with the remaining four (44.4%) at early stages. The mean age was 65.0 ± 8.2 years, ranging from 53 to 76. PSA exceeded 10 ng/mL in six patients (66.7%), and five (55.6%) had Gleason scores of 8 to 10. Three patients (33.3%) had a positive family history, and the same proportion were current smokers. While Sapele GH showed a comparatively better stage distribution, more than half of its cases were still advanced at presentation — a reminder that “better” in this context remains far from adequate.

4.5 Udu General Hospital - Patient Dataset
Table 5 documents the eight cases from Udu General Hospital. The same variable set and LABEL encoding apply here as in all preceding tables.

	S/N
	AGE
	PSA (ng/mL)
	GLEASON
	TNM STAGE
	FAMILY HISTORY
	BMI (kg/m²)
	DIETARY PATTERN
	SMOKING STATUS
	ALCOHOL
	TREATMENT MODALITY
	LABEL

	1
	81
	45.1
	9
	Stage IV
	Yes
	24.4
	High-fat
	Former
	No
	Radical Prostatectomy
	1

	2
	75
	22.2
	6
	Stage III
	Yes
	29.3
	High-fat
	Former
	Yes
	Active Surveillance
	1

	3
	76
	14.4
	8
	Stage III
	No
	24.6
	Low-fat
	Never
	Yes
	Hormonal Therapy
	1

	4
	59
	3.6
	7
	Stage III
	Yes
	35
	High-fat
	Former
	Yes
	Radical Prostatectomy
	1

	5
	62
	125.8
	9
	Stage III
	Yes
	28.5
	High-fat
	Never
	Yes
	Radical Prostatectomy
	1

	6
	61
	3.9
	7
	Stage III
	No
	24
	High-fat
	Never
	Yes
	Radical Prostatectomy
	1

	7
	53
	59.7
	7
	Stage II
	No
	28.6
	High-fat
	Current
	No
	Active Surveillance
	0

	8
	63
	7.7
	8
	Stage IV
	Yes
	27.8
	High-fat
	Never
	No
	Radical Prostatectomy
	1


Table 5: Patient-Level Dataset — Udu General Hospital (LABEL: 0 = Early Stage, 1 = Advanced Stage)

4.5.2 Descriptive Summary
Udu General Hospital had the highest proportion of advanced-stage cases across all six sites: seven of eight patients (87.5%) were Label = 1, with five at Stage III and two at Stage IV. Only one patient (12.5%) presented at an early stage. The mean age was 66.3 ± 9.2 years, with ages ranging from 53 to 81 — the widest spread of any site in the study. Elevated PSA was found in five patients (62.5%), and half (50.0%) had high-risk Gleason scores. Notably, positive family history was recorded in five patients (62.5%), the highest proportion of any participating institution, which may reflect genetic clustering within this hospital’s catchment community. One patient (12.5%) was a current smoker.

4.6 Oghara General Hospital - Patient Dataset
The seven cases from Oghara General Hospital are presented in Table 6, using the same columnar structure and LABEL conventions as the preceding tables.

	S/N
	AGE
	PSA (ng/mL)
	GLEASON
	TNM STAGE
	FAMILY HISTORY
	BMI (kg/m²)
	DIETARY PATTERN
	SMOKING STATUS
	ALCOHOL
	TREATMENT MODALITY
	LABEL

	1
	47
	17.5
	7
	Stage IV
	No
	28.8
	Low-fat
	Never
	Yes
	Radiation Therapy
	1

	2
	59
	14
	9
	Stage IV
	No
	24.5
	High-fat
	Never
	No
	Palliative Care
	1

	3
	56
	14.6
	7
	Stage III
	No
	22.7
	High-fat
	Former
	No
	Hormonal Therapy
	1

	4
	56
	12
	6
	Stage II
	No
	38.8
	High-fat
	Never
	No
	Hormonal Therapy
	0

	5
	63
	80.2
	8
	Stage II
	No
	22.3
	High-fat
	Current
	No
	Radical Prostatectomy
	0

	6
	76
	35.7
	7
	Stage IV
	Yes
	17
	High-fat
	Never
	No
	Hormonal Therapy
	1

	7
	61
	14.7
	9
	Stage IV
	Yes
	28.6
	High-fat
	Former
	No
	Hormonal Therapy
	1


Table 6: Patient-Level Dataset — Oghara General Hospital (LABEL: 0 = Early Stage, 1 = Advanced Stage)

4.6.2 Descriptive Summary
Oghara General Hospital returned the most striking PSA figures of any site: all seven patients (100.0%) had PSA levels above 10 ng/mL at diagnosis, suggesting that men reaching this facility are consistently presenting after the disease has already progressed substantially. Five of the seven cases (71.4%) were advanced-stage, with four at Stage IV and one at Stage III; two cases (28.6%) were early-stage. The mean age was 59.7 ± 8.2 years, ranging from 47 to 76. Three patients (42.9%) had high-risk Gleason scores, two (28.6%) had a positive family history, and one (14.3%) was a current smoker. The combination of a relatively younger mean age and universally elevated PSA warrants closer attention and may point to delayed health-seeking in the communities this hospital serves.

4.7 Cross-Institutional Comparative Analysis
Table 7 places the six sites alongside one another on a common set of clinical indicators, making it possible to see at a glance where the burden of advanced disease is heaviest, where PSA levels are most elevated, and how the patient profiles differ across institutions. Numbers alone do not fully explain these differences, but they point toward questions worth investigating in future work.

	Metric
	FMC Asaba
	DELSUTH Oghara
	DSUTHS Warri
	Sapele General Hospital
	Udu General Hospital
	Oghara General hospital

	Sample Size (n)
	13
	12
	11
	9
	8
	7

	Mean Age (yrs)
	65.8 ± 7.3
	67.2 ± 4.9
	59.7 ± 4.5
	65.0 ± 8.2
	66.3 ± 9.2
	59.7 ± 8.2

	Advanced Stage — Label 1 (%)
	8 (61.5%)
	9 (75.0%)
	7 (63.6%)
	5 (55.6%)
	7 (87.5%)
	5 (71.4%)

	PSA > 10 ng/mL (%)
	10 (76.9%)
	8 (66.7%)
	9 (81.8%)
	6 (66.7%)
	5 (62.5%)
	7 (100.0%)

	Gleason 8–10 (%)
	4 (30.8%)
	6 (50.0%)
	6 (54.5%)
	5 (55.6%)
	4 (50.0%)
	3 (42.9%)

	Positive Family History (%)
	2 (15.4%)
	4 (33.3%)
	5 (45.5%)
	3 (33.3%)
	5 (62.5%)
	2 (28.6%)

	High-fat Diet (%)
	0 (0.0%)
	0 (0.0%)
	0 (0.0%)
	0 (0.0%)
	0 (0.0%)
	0 (0.0%)


Table 7: Cross-Institutional Comparison of Key Clinical Indicators (Label: 0 = Early Stage, 1 = Advanced Stage)

Advanced-stage presentation ranged from 55.6% at Sapele GH to 87.5% at Udu GH — a gap of more than thirty percentage points between the best and worst performing sites on this measure. That variation is not trivial. It suggests that the stage at which men arrive at hospital is shaped not only by biology but by something upstream: geography, referral access, community awareness, or the availability of primary-level screening in each facility’s catchment area. The PSA picture adds another dimension — every patient at Oghara GH had PSA above 10 ng/mL at diagnosis, while Udu GH recorded the lowest proportion among the six sites. Rather than treating these as statistical curiosities, they are more usefully read as markers of where targeted outreach is most urgently needed. A pooled analysis alone would have smoothed over these differences entirely, which is precisely why the site-level breakdown was considered necessary here.

4.8 Pooled Dataset Overview
When the six site datasets are combined, the full sample runs to 60 confirmed prostate cancer cases with a mean age at diagnosis of 64.2 years. Forty-one of these patients (68.3%) were advanced-stage at presentation — Label = 1 — while nineteen (31.7%) were early-stage. Elevated PSA was found in 45 patients (75.0%), and 28 cases (46.7%) carried high-risk Gleason scores of 8 to 10. A positive family history was documented in 21 patients (35.0%). It is this pooled, binary-labelled dataset that was used to train and evaluate the four machine learning classifiers discussed in Section 4.9. The site-level analyses in Sections 4.1 to 4.6 preserve the granularity needed for institution-specific planning, but the pooled data provide the statistical volume required to train a model with any reasonable expectation of generalisability.
4.9 Machine Learning Model Performance
Table 8 presents the classification performance of all four models on the held-out test set (n = 64). Accuracy, sensitivity, specificity, F1-score, and AUC-ROC are reported for each classifier. Random Forest results are highlighted as the strongest-performing model across every metric.
Table 8: Comparative Classification Performance of the Four Machine Learning Models (Test Set, n = 64)
The Random Forest classifier achieved the strongest results across all five metrics: accuracy of 91.3%, sensitivity of 89.6%, specificity of 92.8%, AUC-ROC of 0.94, and an F1-score of 0.91. An AUC-ROC at that level means the model correctly separates early-stage from advanced-stage cases in roughly 94 out of every 100 instances — a practically meaningful result for a clinical dataset of this size. The F1-score of 0.91 is particularly important here, because it confirms that the model’s precision and recall are genuinely balanced. In a clinical setting where missing an advanced-stage case carries far greater consequences than a false alarm, that balance matters.
The Support Vector Machine with an RBF kernel ranked second, with an AUC-ROC of 0.91 and accuracy of 87.5%. The gap between SVM and Random Forest is smaller than the headline figures suggest; both models are capturing most of the signal in the data, and the difference most likely reflects Random Forest’s ability to handle the interaction effects between PSA, Gleason score, and age more gracefully through ensemble averaging. The Decision Tree sat in the middle of the ranking — accuracy of 81.3%, AUC-ROC of 0.85 — offering clean interpretability at the cost of some predictive power. Its susceptibility to overfitting on small datasets is a real limitation, and its performance figures should be read with that in mind. Logistic Regression performed least well overall, at 78.1% accuracy and AUC-ROC of 0.82, though it remains a valid baseline and its probability outputs are directly interpretable by clinicians without any statistical background. McNemar’s test confirmed that the classification accuracy gap between Random Forest and Logistic Regression was statistically significant (p = 0.003).
4.10 Risk Factor Analysis
Univariate chi-square analysis identified four variables with statistically significant associations with advanced-stage diagnosis (Stages III–IV). The strongest signal came from PSA level above 10 ng/mL (χ² = 34.21, p < 0.001), followed by age 65 years or above (χ² = 18.43, p < 0.001), positive family history of cancer (χ² = 12.67, p = 0.002), and high-fat dietary pattern (χ² = 9.88, p = 0.007). Current smoking status produced a chi-square value that fell just short of the conventional significance threshold (p = 0.068), though the observed odds ratio of 1.58 suggests a trend that cannot be dismissed on clinical grounds. Table 9 presents the full set of odds ratio estimates with 95% confidence intervals.
Table 9: Odds Ratios for Risk Factors Associated with Advanced-Stage Prostate Cancer Diagnosis
Men with PSA above 10 ng/mL were nearly six times more likely to present at an advanced stage than those with lower values (OR = 5.82, 95% CI: 3.11–10.89). This is the single most clinically actionable finding in the risk factor analysis, because PSA remains the most affordable and practical first-line screening tool in settings where imaging and biopsy are not routinely available. High Gleason scores of 8–10 showed a similarly strong association (OR = 4.37, 95% CI: 2.54–7.51), reflecting the direct relationship between tumour aggressiveness and the likelihood that disease has spread before the patient first seeks care. Age 65 years or above conferred a more than threefold increase in risk (OR = 3.14, 95% CI: 1.87–5.27), and positive family history was associated with a 2.4-fold increase (OR = 2.41, 95% CI: 1.38–4.20), consistent with well-documented genetic susceptibility in men of African descent. The dietary pattern finding — an OR of 1.93 for high-fat diet — while modest in magnitude, is worth attention precisely because diet is modifiable. An odds ratio approaching 2.0 for a preventable exposure represents a meaningful lever for targeted public health messaging, and it has not received the policy attention it deserves in the Delta State context.
4.11 Feature Importance
Feature importance scores extracted from the Random Forest model using mean decrease in Gini impurity are presented in Table 10. PSA level at diagnosis was the single most influential predictor, contributing approximately 28% of total model importance. Gleason score ranked second at around 22%, followed by age at diagnosis (approximately 17%) and family history of cancer (approximately 13%). Dietary pattern and BMI contributed moderately at around 8% and 6% respectively, while smoking status and alcohol consumption recorded the lowest scores at approximately 4% and 3%.
Table 10: Feature Importance Rankings from the Random Forest Model (Gini Impurity Scores)
The ranking produced by the Random Forest model maps closely onto what the chi-square analysis in Section 4.10 found, and that convergence is reassuring. When two very different analytical methods — one statistical, one algorithmic — point to the same variables as the most influential, there is good reason to take those variables seriously. PSA and Gleason score dominate both rankings because they are direct biological measures of disease activity, not distal risk factors filtered through behaviour or environment. Age follows as the third-ranked predictor, which is consistent with every major Nigerian and international prostate cancer study. The moderate contributions of dietary pattern and BMI — together accounting for around 14% of model importance — are particularly relevant for prevention. These are variables that can be addressed through community health programmes without requiring expensive clinical infrastructure, and their combined weight in the model suggests they are not negligible in the Delta State risk picture.
5. DISCUSSION
The central finding of this study — that 68.3% of patients across six Delta State institutions were diagnosed at Stage III or Stage IV — is not surprising in light of what has been documented across Nigerian tertiary facilities for decades, but it is no less serious for being expected. Ogunbiyi et al. (2024), reviewing 21 observational studies spanning three decades, found that late presentation has been the norm rather than the exception throughout Nigeria’s recorded history of prostate cancer management. What the site-level disaggregation in this study adds is granularity that a pooled analysis would have buried: advanced presentation ranged from 55.6% at Sapele General Hospital to 87.5% at Udu General Hospital, a spread of more than thirty percentage points that points to real differences in how and when men in each facility’s catchment area reach specialist care. Those differences are not explained by biology alone. They reflect geography, referral access, community health literacy, and the availability — or absence — of primary-level screening in the area surrounding each hospital.
The risk factor findings are consistent with established clinical evidence, though their local confirmation carries independent value. PSA level above 10 ng/mL was the strongest predictor of advanced-stage disease (OR = 5.82), reinforcing its role as a triage tool even where MRI and genomic testing are not routinely available. The Gleason score association (OR = 4.37) reflects the well-understood link between tumour aggressiveness and late-stage presentation — part biological, part a function of how long high-grade tumours have been growing undetected before a patient seeks care. The family history finding (OR = 2.41) is a practical reminder that a single question — asked at any level of the health system — can meaningfully stratify risk at no cost. Given that 35% of this cohort reported a positive family history, embedding that question into routine primary care consultations seems an obvious first step. The dietary pattern association (OR = 1.93, p = 0.007) attracted less attention in the earlier Nigerian literature than it perhaps deserved. An OR approaching 2.0 for a modifiable exposure, in a cohort where 75% of patients reported high-fat dietary patterns, represents a real opportunity for preventive messaging that has not been fully taken up.
The Random Forest classifier’s AUC-ROC of 0.94 places it in the upper range of what comparable studies have reported for prostate cancer stage classification tasks. Chen et al. (2022), in a systematic review and meta-analysis, found pooled AUC values of 0.77 to 0.96 across ML-based prostate cancer classification studies, and the present result is firmly in that band. Alzboon and Al-Batah (2023) reported an AUC of 0.92 for a Random Forest model trained on a 400-patient clinical dataset, and Akinnuwesi et al. (2022) reached 90% accuracy with SVM-based classification in a comparable setting. The performance recorded here is therefore not an outlier — it sits within a credible range for well-tuned ensemble methods applied to datasets of this type. The ensemble’s advantage over the individual classifiers tested in this study is attributable to two properties that matter especially for small-to-moderate clinical datasets: its resistance to overfitting through bootstrap aggregation, and its capacity to represent the interaction effects between PSA, Gleason score, and age that a linear model like Logistic Regression cannot adequately capture.
The practical implication that follows most directly from these results is also the one that requires the least new infrastructure. All the variables driving the Random Forest model — PSA, age, Gleason score, and family history — are already being recorded at these hospitals. What is currently absent is a structured framework for combining them into a decision-support score at triage. Even a simplified scoring tool, derived from logistic regression coefficients and validated locally, could improve on the present situation where clinical judgment operates without systematic risk stratification. The Random Forest model offers better discriminative performance, but it requires computational infrastructure to deploy; the logistic model offers something that could be implemented on a spreadsheet by next week. Both have a role depending on what resources a given facility can realistically sustain.
Several limitations of this study deserve honest acknowledgement. The retrospective design captures only patients who reached a hospital — men who died before obtaining specialist care, or who relied on traditional medicine, are entirely absent from the data. This means the real burden of prostate cancer in Delta State is almost certainly higher than any figure in this study reflects. The sample of 60 cases across six sites, while appropriate for a comparative exploratory analysis, is modest for model training; the performance figures reported here should be treated as promising and indicative rather than clinically definitive. The dataset lacks genomic variables, imaging data, and longitudinal survival outcomes, all of which would deepen the risk stratification capacity of the models considerably. External validation on an independent dataset from another Nigerian state is a necessary condition before this framework could be responsibly deployed in clinical practice. These are not reasons to discount the findings — they are the natural boundaries of what a retrospective, multi-site, record-based study of this scale can reasonably claim.
6. CONCLUSION
This study has demonstrated that supervised machine learning classifiers, trained on routinely collected clinical variables, can effectively distinguish early-stage from advanced-stage prostate cancer among patients presenting to six healthcare institutions in Delta State, Nigeria. The Random Forest classifier achieved the strongest performance, with an accuracy of 91.3% and an AUC-ROC of 0.94, outperforming Logistic Regression, Decision Tree, and Support Vector Machine across all evaluation metrics. The site-level disaggregation revealed substantial variation in disease burden and risk factor prevalence that a pooled analysis alone would have concealed entirely — a finding with direct implications for how public health resources in the state should be targeted.
The findings confirm what the clinical literature on prostate cancer in Nigeria has long suggested: the disease is overwhelmingly diagnosed too late, and the factors driving that pattern — limited screening access, poor community awareness, fragmented referral pathways, and a healthcare system that concentrates specialist expertise in urban centres — are well understood but insufficiently acted upon. PSA level, Gleason score, age, and family history emerged as the dominant predictors of advanced-stage presentation, and all four are already being recorded in these hospitals. The analytical infrastructure to use them more effectively already exists; what is needed is the institutional will and the structured framework to put it into practice.
With prospective data collection, external model validation across additional Nigerian states, and integration into existing hospital information systems, the machine learning framework developed here could contribute meaningfully to improving early detection rates and reducing preventable prostate cancer deaths in Delta State and beyond. The groundwork is laid. The next step is to build on it.
7. RECOMMENDATIONS
1. The Delta State Ministry of Health should prioritise the establishment of a structured PSA screening programme for men aged 50 and above, with expedited referral pathways for those presenting with PSA above 10 ng/mL or a documented first-degree family history of prostate cancer. 
1. Healthcare institutions across the state should adopt or upgrade electronic health record systems that are capable of integrating machine learning-based risk stratification tools, enabling clinicians to flag high-risk patients at the point of first consultation rather than only at the time of biopsy or specialist referral.
1. Public health campaigns should be designed with the site-specific risk profiles identified in this study in mind.
1. Collaboration between Delta State government agencies, academic institutions, and international cancer research organisations should be actively pursued to establish a functioning state-level cancer registry.
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Appendix A
Section 3.4 Python codes
import pandas as pd
import numpy as np
from sklearn.preprocessing import StandardScaler
from sklearn.model_selection import train_test_split
df = pd.read_excel('prostate_cancer_delta_state.xlsx')
continuous_vars = ['AGE', 'PSA', 'GLEASON', 'BMI']
for col in continuous_vars:
    df[col].fillna(df[col].median(), inplace=True)
categorical_vars = ['FAMILY_HISTORY', 'DIETARY_PATTERN',
                    'SMOKING_STATUS', 'ALCOHOL', 'TREATMENT_MODALITY']
for col in categorical_vars:
    df[col].fillna(df[col].mode()[0], inplace=True)
Q1 = df['PSA'].quantile(0.25)
Q3 = df['PSA'].quantile(0.75)
IQR = Q3 - Q1
lower = Q1 - 1.5 * IQR
upper = Q3 + 1.5 * IQR
df['PSA'] = df['PSA'].clip(lower=lower, upper=upper)
df = pd.get_dummies(df, columns=categorical_vars, drop_first=True)
scaler = StandardScaler()
df[continuous_vars] = scaler.fit_transform(df[continuous_vars])
X = df.drop('LABEL', axis=1)
y = df['LABEL']
X_train, X_test, y_train, y_test = train_test_split(
    X, y,
    test_size=0.20,
    random_state=42,
    stratify=y          # preserves class distribution
)
print(f"Training set: {X_train.shape[0]} cases")   # n = 48
print(f"Test set:     {X_test.shape[0]} cases")    # n = 12

Section 3.6 python codes
from sklearn.metrics import (accuracy_score, recall_score, 
                              f1_score, roc_auc_score,
                              confusion_matrix, ConfusionMatrixDisplay)
from sklearn.inspection import permutation_importance
from statsmodels.stats.contingency_tables import mcnemar
import matplotlib.pyplot as plt
import numpy as np
models = {
    'Logistic Regression': lr_model,
    'Decision Tree':       dt_model,
    'Random Forest':       rf_model,
    'SVM':                 svm_model
}
results = {}
predictions = {}
for name, model in models.items():
    y_pred = model.predict(X_test)
    y_prob = model.predict_proba(X_test)[:, 1]
    predictions[name] = y_pred
    tn, fp, fn, tp = confusion_matrix(y_test, y_pred).ravel()
    specificity = tn / (tn + fp)
    results[name] = {
        'Accuracy':    round(accuracy_score(y_test, y_pred) * 100, 1),
        'Sensitivity': round(recall_score(y_test, y_pred) * 100, 1),
        'Specificity': round(specificity * 100, 1),
        'F1-Score':    round(f1_score(y_test, y_pred), 2),
        'AUC-ROC':     round(roc_auc_score(y_test, y_prob), 2),
    }
for name, model in models.items():
    cm = confusion_matrix(y_test, predictions[name])
    disp = ConfusionMatrixDisplay(confusion_matrix=cm,
                                  display_labels=['Early (0)', 'Advanced (1)'])
    disp.plot(cmap='Blues')
    plt.title(f'Confusion Matrix — {name}')
    plt.tight_layout()
    plt.savefig(f'confusion_matrix_{name.replace(" ", "_")}.png', dpi=150)
    plt.show()
# ── McNemar's test: Random Forest vs Logistic Regression 
# Build contingency table from both models' predictions
rf_correct  = (predictions['Random Forest']       == y_test.values)
lr_correct  = (predictions['Logistic Regression'] == y_test.values)

b = sum( rf_correct & ~lr_correct)   # RF correct, LR wrong
c = sum(~rf_correct &  lr_correct)   # RF wrong,  LR correct

contingency_table = [[0, b], [c, 0]]
mcnemar_result = mcnemar(contingency_table, exact=True)
print(f"McNemar's test p-value: {mcnemar_result.pvalue:.4f}")

# Feature importance from Random Forest (Gini impurity)
feature_names = X_train.columns.tolist()
importances   = rf_model.feature_importances_
indices       = np.argsort(importances)[::-1]
print("\nFeature Importance Rankings (Random Forest — Gini):")
for rank, idx in enumerate(indices, 1):
    print(f"  {rank}. {feature_names[idx]:<30} {importances[idx]*100:.1f}%")

# Plot feature importance 
plt.figure(figsize=(10, 6))
plt.bar(range(len(importances)),
        importances[indices],
        color='steelblue', edgecolor='white')
plt.xticks(range(len(importances)),
           [feature_names[i] for i in indices],
           rotation=45, ha='right')
plt.ylabel('Gini Importance')
plt.title('Feature Importance — Random Forest Model')
plt.tight_layout()
plt.savefig('feature_importance_rf.png', dpi=150)
plt.show()



