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Abstract

Objectives: To develop an explainable Clinical Weighting and Symptom
Interaction-based Risk-Stratified Learning (CWSI-RSL) framework for early ovar-
ian cancer prediction using clinical feature weighting, symptom interactions,
and patient risk-level classification. Method: 349 records, 51 attributes ovarian
cancer dataset was used. Missing values were treated and duplicate records
were handled. Numerical data were normalised. Mutual Information (MI) and
Recursive Feature Elimination (RFE) were used for important features selec-
tion. Clinical weights and Symptom Interaction Feature Expansion (SIFE) fea-
tures were then added, and low-, medium- and high-risk grouping was per-
formed. Logistic Regression (LR), Support Vector Machine (SVM), Naive Bayes
(NB) and K-Nearest Neighbours (KNN) were optimised using GridSearchCV by
80:20 train-test splitting. The performance achieved was compared against pre-
viously reported traditional machine-learning and ensemble baselines using
accuracy, precision, recall and F1-score, and SHAP (SHapley Additive exPlana-
tions) was employed to interpret the model predictions. Findings: The accu-
racy, precision, recall, and F1-score of CWSI-RSL were 92.40%, 90.30%, 95.00%
and 92.60%, respectively. It performed 5.26 percentage points better than the
best reported conventional model, Naive Bayes (87.14%) and 5.40 percentage
points better than the best reported ensemble model, Boosting (87.00%). The
recall of 95.00% shows that the model was able to detect most of the ovar-
ian cancer cases, and the F1-score of 92.60% shows a balanced performance.
Menopause status, CA125-related interactions, and neutrophil-based interac-
tions were identified as important predictors by SHAP analysis. These results
demonstrate that combining clinical weighting, symptom interactions and risk
grouping can improve prediction and provide useful explanations. Novelty:
CWSI-RSL integrates clinical weighting, symptom interaction, model-derived
risk grouping, optimised machine learning and SHAP explainability in a unified
ovarian cancer prediction framework.
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1 Introduction

Machine learning (ML) has gained its greater implication for the prediction of ovarian cancer. The focus has moved from
traditional classification to early prediction, risk stratification, feature selection, ensemble learning and explainable artificial
intelligence (XAI). However, incorporating these capabilities into a clinically meaningful predictive framework remains
difficult. Arafat et al.(") suggested an explainable fuzzy Random Forest model optimised by Harris Hawks algorithm for early
ovarian cancer prediction integrating feature selection and explainability. Clinical data were used by Asif et al.®) to propose
an explainable ensemble learning method, showing the potential of ensemble models for ovarian cancer diagnosis. Similarly,
an interpretable ML study reported the use of demographic, clinical, and biochemical parameters for the differentiation of
borderline and malignant ovarian tumours®). These studies demonstrate the potential of optimised and interpretable ML to
improve ovarian cancer prediction. However, they mainly focus on improving the classifier performance or interpreting the
resulting model instead of explicitly modelling clinical feature importance and interactions among symptoms and biomarkers.

The early prediction and risk evaluation are also paid more and more attention. Gui et al. explored early ovarian cancer
prediction and risk stratification based on clinical data and ML approaches, which directly reflected the value of risk-based
prediction. Kucukakcali et al. ®) investigated comparison-based explanations for early clinical detection using explainable ML.
These studies support the importance of clinical data and explainability in early prediction, but risk stratification and model
explanation are not necessarily combined with an explicit system for weighting clinically important features and generating
interaction-based clinical trends.

Also, significant improvements have been achieved with biomarker- and feature-based methods. Sun and Wen © reviewed
ML diagnostic models for ovarian tumours and commented on the importance of clinical and tumor-marker data. Abuzinadah
et al.””) combined ensemble classification with explainable AI based on SHAP, showing that the model’s predictions can be
explained in terms of understandable feature contributions. Huang et al.® specifically tackled the problem of explainable
biomarker identification using machine learning and Shapley analysis. These analyses contribute to the knowledge of important
predictors, but feature importance is typically obtained as a model understanding after prediction, not as an obvious clinical
weighting mechanism before classification.

Another approach has been considered for risk modelling. Comes et al.*”) proposed an explainable ensemble model for
ovarian cancer risk prediction in BRCA-mutated patients, and Boehm et al.!”) showed that multimodal data integration
can improve risk stratification of advanced serous ovarian cancer. These works emphasize the importance of patient-level
risk assessment yet are based only on certain patient populations or multimodal data and do not explicitly combine clinical
weighting, symptom interaction generation and risk stratification into a unified framework. Moreover, ML was proved to be
useful for ovarian cancer diagnosis by Taleb et al. '), which further certifies the prospect of ML-based clinical prediction.

But these advances leave several important gaps. First, a lack of explicit modelling of the interaction between symptoms and
biomarkers. Many existing approaches use selected clinical variables as individual predictors which may not reflect clinically
meaningful relationships between symptoms, physiological measurements and tumour biomarkers. Second, the weighting of
clinical features is not typically directly incorporated into the prediction pipeline. Existing techniques for feature selection and
explainability in AI (e.g. XAI) do find important variables, but do not explicitly weight the selected features with clinically
meaningful weights prior to training the model. Third, risk stratification is often performed independently from feature
representation and classification, instead of in the same learning model. Fourth, while SHAP and other X AI techniques increase
the transparency of models, they generally explain the model outputs and do not generate the clinically organized interaction
features. These limitations prevent existing methods from concurrently capturing the importance of symptoms, the clinical
relationships and the patient level risk severity.

Hence, a clinically applicable framework is needed that can integrate these complementary components rather than dealing
with them as separate stages. Here, this paper proposes Clinical Weighting and Symptom Interaction-based Risk-Stratified
Learning (CWSI-RSL) to address this gap. The framework employs a publicly available ovarian cancer clinical dataset containing
349 patient records and 51 attributes including demographic, biochemical, haematological, physiological and tumour biomarker
variables (!, First, the informative features are identified using Mutual Information (MI) and Recursive Feature Elimination
(RFE). Then the chosen features are given weights according to their clinical importance in diagnosis. This paper proposes a
Symptom Interaction Feature Expansion (SIFE) module to learn pairwise interaction features to model interactions between
clinically relevant symptoms and biomarkers. These weighted and interaction-enhanced features are then used to compute
patient-level risk scores and classify patients into low, medium and high-risk groups.

The developed feature representation is evaluated using Logistic Regression, Support Vector Machine (SVM), Naive Bayes
and K-Nearest Neighbours (KNN) with hyperparameters tuned by GridSearchCV. Model performance is evaluated by accuracy,
precision, recall, and F1-score and compared with previously published conventional and ensemble ML methods 1*), ), Finally,
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SHAP (SHapley Additive exPlanations) is used to interpret the contribution of clinical and interaction features to the final
predictions.

Thus, this study aims to build a precise, risk-based and explainable early ovarian cancer prediction framework to jointly
consider the importance of clinical features, the relationships between symptoms and biomarkers, and the risk stratification
of patients. The main novelty of CWSI-RSL is the combination of clinical weighting, interaction-based feature expansion, risk
stratification, optimised ML classification and SHAP-based explainability, in a single prediction framework, overcoming the
limitations of methods that treat these elements separately.

2 Methodology

This section details the proposed Clinical Weighting and Symptom Interaction-based Risk-Stratified Learning (CWSI-RSL)
approach for early ovarian cancer prediction. The proposed system aims to improve the predictive performance by combining
the clinical feature importance, modelling the interaction of symptoms, stratifying the risk-level, machine learning optimisation,
and explainable artificial intelligence. The workflow includes preprocessing of data, feature selection, clinical weighting,
symptom interaction, risk stratification, classification, explainability and performance evaluation for improving the accuracy
and interpretability of ovarian cancer prediction.

Algorithm 1 combines clinical feature importance, symptom interactions and risk analysis to predict early ovarian cancer.
The dataset is initially preprocessed by eliminating duplicates, dealing with missing values and normalising data. Then, clinical
features are selected using Mutual Information and Recursive Feature Elimination (RFE) and clinical importance weights are
assigned to emphasise diagnostic symptoms.

Symptom Interaction Feature Expansion (SIFE) generates new features by combining important pairs of symptoms in an
effort to capture hidden relationships. The enhanced features are used to calculate the risk scores and classify the patients into
low-, medium- and high-risk groups. Several machine learning algorithms are optimised, trained and evaluated and the best
model is selected for ovarian cancer prediction. Finally, SHAP explains the model predictions and the performance is assessed
by accuracy, precision, recall and F1-score.

Algorithm 1: Clinical Weighting and Symptom Interaction-based Risk-Stratified Learning (CWSI-RSL) for Early
Ovarian Cancer Prediction
Input:
D = Ovarian cancer dataset
Output:
Best prediction model (B)
Predicted class (Cancer / Non-cancer)
Risk level (Low / Medium / High)
Performance metrics

Begin

1. Data Collection
Load ovarian cancer dataset D

2. Data Preprocessing
Remove duplicate records from D
Handle missing values in D
Normalize numerical features in D

3. Feature Selection
Apply Mutual Information on D
Rank all features
Apply Recursive Feature Elimination (RFE)
Select top important features
Store selected features in Fs
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4. Clinical Symptom Weighting
For each feature fi in Fs do
Assign clinical weight wi
Compute weighted feature:
f =wi x fi
End For
Store weighted features in Fw

5. Symptom Interaction Feature Expansion (SIFE)
Initialize interaction feature set Fi

Generate clinically relevant interaction features
For each selected symptom pair (fi, fj) do
Generate interaction feature:
fii=fixf
Add fij into Fi
End For

Merge Fi into Fw
Store expanded feature set in Fe

6. Risk-Level Stratification
For each patient record r in Fe do
Compute RiskScore:
RiskScore = Sum(all feature values)
End For

Compute dynamic thresholds:
Q1 = Lower quantile of RiskScore
Q2 = Upper quantile of RiskScore

For each RiskScore do
If RiskScore < Q1 then
Assign Low Risk
Else if RiskScore < Q2 then
Assign Medium Risk
Else
Assign High Risk
End If
End For

7. Hyperparameter Optimization
For each classifier C in
{Logistic Regression, SVM, Naive Bayes, KNN} do
Apply GridSearchCV on C
Select optimal hyperparameters
End For

8. Classification
Train all optimized classifiers
Generate predictions for each classifier
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9. Best Model Selection
Evaluate all classifiers
Select model B having highest Accuracy

10. Final Prediction
Use best model B
Predict ovarian cancer class

11. Explainability (XAI)
Apply SHAP on best model B
Compute feature importance scores
Generate prediction explanations

12. Evaluation
Compute:
Accuracy
Precision
Recall
F1-score
End

2.1 Dataset Collection

The ovarian cancer clinical dataset utilised in this study includes 349 patient records and 51 attributes representing demographic,
biochemical, haematological, and tumour biomarker information. The dataset was downloaded from the publicly available
Kaggle repository and has been extensively used in ovarian cancer prediction research!?. It has clinically relevant ovarian
cancer biomarkers namely CA125, HE4, CA19-9, CA72-4 and CEA. It also has other physiological and laboratory measures
such as liver function tests, kidney function measures, measures of electrolyte levels and blood count measures.

Dataset accessibility and class distribution: The ovarian cancer dataset is publicly available from the “Predict
Ovarian Cancer” Kaggle repository (https://www.kaggle.com/datasets/saurabhshahane/predict-ovarian-cancer). The dataset
was downloaded on 20 August 2026 and consists of 349 patients’ records where 178 (51.00%) benign ovarian tumours (BOT) in
non-ovarian-cancer class and 171 (49.00%) ovarian cancer (OC) cases were recorded. The target variable for model development
was a binary outcome, TYPE where TYPE = 1 for BOT and TYPE = 0 for OC. It is the reason why the dataset has a relatively
balanced distribution of classes, with a difference of only 7 samples between the two classes, and the dataset is suitable for
supervised binary classification.

These biomarkers are medically important because ovarian cancer is often a silent disease, and early symptoms such as
bloating, pelvic pain, feeling full quickly and urinary urgency are often ignored or mistaken for normal health conditions.

The dataset provides a binary classification setting where TYPE = 1 represents BOT (non-ovarian-cancer class) and TYPE =
0 represents OC. The same target coding was used in all stages of preprocessing, model building, prediction and evaluation. The
CWSI-RSL framework uses the combined use of demographic, physiological, haematological and tumour-biomarker variables
to provide a diverse clinical feature space for studying ovarian cancer classification.

2.2 Data Preprocessing

Data pre-processing enhances the quality of data before machine learning. In this process, the duplicate records of patients are
removed to decrease the redundancy and bias. This ensures that each patient record is utilised effectively for model training.
Next, the missing values of the clinical attributes are handled by suitable imputation techniques. It avoids significant distortion
and preserves valuable information and improves the quality of dataset.

Finally, Min-Max scaling is used for feature normalisation to scale all numerical features within 0 to 1. Normalisation avoids
dominance of large-scale features and ensures balanced learning across all attributes as clinical features are measured in different
units and scales. This step also improves the convergence behaviour and stability of machine learning algorithms. For example,
one dataset can contain two data entries for the same patient with the same CA125 and HE4 values.
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Invalid records are removed; missing values (e.g. HE4) are filled using imputation and features (e.g. CA125) are normalised
using Min-Max scaling during pre-processing. This ensures that the data set is clean, complete and ready for accurate machine
learning analysis.

Train-test partition: The preprocessed data was split into 80% training and 20% testing data. The training subset was used
to develop features selection, clinical weighting, interaction features construction, hyperparameter optimisation and classifier
training, while the test subset was left as unseen data for the final performance evaluation. For all classifiers the same partitioning
strategy was used to allow a fair comparison. Stratified partitioning was used to preserve the proportion of cancer and non-
cancer cases between the training and testing subsets where applicable.

Preprocessing parameters: Duplicate records were detected and removed from the data set prior to model construction
based on the available patient-record features. Missing numerical values were handled using median imputation, where each
missing numerical value was substituted by the median of the respective feature computed from the training data. This
imputation process was done before feature scaling. Then numerical variables were converted using Min-Max normalisation of
the form x”=(x—xmin)/(xmax—xmin) producing values in the range of 0-1. The same preprocessing parameters were used for
the test data as for the training data, including the training-set medians and minimum-maximum values, to avoid data leakage.

2.3 Feature Selection

Feature selection is performed to find out the most relevant clinical indicators for ovarian cancer prediction by eliminating
irrelevant and redundant features. The efficiency of the model is improved and the computational complexity is reduced. First,
we quantify the statistical dependency between each feature and the target variable by mutual information (MI). Features with
a higher MI score are believed to be more informative for classification, being more strongly associated with the ovarian cancer
outcomes.

Next, Recursive Feature Elimination (RFE) is applied to remove less important features and select the most relevant clinical
variables, thereby improving prediction accuracy and computational efficiency.

For example, CA125 and HE4 may be assigned a high rank by Mutual Information and less relevant features may be assigned
low scores. RFE then discards features that are not important and keeps important features such as CA125, HE4, age, menopause
status and neutrophil count to enhance the prediction accuracy and model efficiency.

Feature-selection settings: The initial relevance ranking method was Mutual Information (MI) followed by Recursive
Feature Elimination (RFE) on the ranked feature set. The number of features retained by RFE was fixed to 10, following the
experimental setup used in this study. Feature selection was done only on the training data to reduce chances of information
leakage from test set. The resulting selected feature subset was then used for clinical weighting and interaction-feature
creation 1),

2.4 Clinical Symptom Weighting

Clinical weighting basis: Clinical feature weighting was used to skew the importance of variables to be more diagnostically
informative for ovarian cancer. This is supported by recent machine-learning studies of ovarian cancer, which show the
importance of clinical, laboratory and tumour-biomarker features for prediction and risk assessment®, ), © () (8 (16) 1
CWSI-RSL, the feature weights are directly built into the input representation prior to classification, instead of being used
solely for post-hoc interpretation. For each selected feature f;, the weighted feature f, is calculated as:

fi =w; x f;

Where w, is the clinical weight assigned to feature f;.

Weight derivation: The clinical weights were derived from the feature-importance scores from the feature-selection/model-
development process. Let I, be the initial importance score of a selected feature f;. The importance scores were normalised
to obtain the corresponding clinical weights w, preserving the relative importance of the selected features. Features that are
relatively more important are given higher weights and features that are less important are given lower weights. The resulting
wi values were then used to calculate the weighted-feature value f," = w;, x f;. Hence, the weights were calculated from the
relative contribution of the picked features and not assigned manually arbitrarily.

For example, if CA125 is 150 and the weight is 0.9, then the weighted value is 150 x 0.9 = 135. If HE4 = 200 and weight =
0.8, then its weighted value = 200 x 0.8 = 160. If sodium is 140 with a lower weight of 0.3, its weighted value is 140 * 0.3 = 42.
That is, a larger weight means the feature is more influential in the prediction, a smaller weight means it is less influential.
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2.5 Symptom Interaction Feature Expansion (SIFE)

Ovarian cancer is dependent on the individual symptoms and the interaction of multiple clinical factors. To capture these
relationships, the Symptom Interaction Feature Expansion (SIFE) mechanism produces pairwise feature interactions by
multiplying selected feature pairs. These interaction features capture nonlinear relationship between clinical variables such as
combined effect of multiple biomarkers. The increased feature space allows the model to learn more complex disease patterns,
leading to an improved detection of subtle signals of early-stage ovarian cancer.

Interaction-selection criteria: SIFE combined only the most relevant features selected through MI and RFE to generate
interaction features. To represent the relationships between the clinical variables, we multiplied each pair by fX = f; x fX.
This helped to focus on meaningful interactions among symptoms, demographic, physiological, haematological and tumour-
biomarker features for further risk scoring and classification (7, (1) (19) 20),

For example, if CA125 = 120 and Age = 50, then the interaction feature is 6000. Neutrophil=7.5 and HE4=180, interaction
value = 1350, similarly. These interaction features make the model learn some hidden relationships among clinical factors and
improve the accuracy of cancer prediction.

2.6 Risk-Level Stratification

A Risk Score is calculated from weighted and interaction-based features for improving clinical interpretability. Patients are then
stratified into low, medium and high-risk groups according to quantile thresholds of this score. Low risk is represented by lower
scores, and high risk is represented by higher scores for the risk of cancer.

This stratification adds to the clinical decision support layer by allowing the physicians to rank their patients by severity
levels. It enhances interpretability by transforming numerical predictions into clinically meaningful risk categories !7), 1%,

Risk-threshold determination: The risk score was computed based on the weighted and interaction enhanced feature
representation. As no fixed clinical thresholds were defined for the current dataset, data-driven quantile cut-offs were used
to split the measured risk-score distribution into three model-derived risk categories. Q1 was the lower quantile threshold
defining the low-risk group and Q2 was the upper quantile threshold defining the medium- vs. high-risk group. Low-risk group
included patients with RiskScore<Q1, medium-risk group included patients with Q1Q2. The categories are data-derived model
results and are not intended to be interpreted as clinically validated risk thresholds. This approach is in line with recent machine
learning studies in ovarian cancer for risk prediction and stratification®,®, 19,

For example, three patients after feature weighting, interaction expansion. Patient A is assigned a Risk Score of 0.18 which is
below the lower quantile cutoff (Q1) and is so labelled as Low Risk which means that the patient has a very low risk of ovarian
cancer. Patient B has a Risk Score of 0.52 which is between Q1 and Q2 and thus classified as Medium Risk, showing moderate
clinical indicators that needs to be further monitored. Patient C has a Risk Score of 0.89, which is above the upper quantile
threshold (Q2) and classified as High Risk, i.e., a high probability of ovarian cancer and so needs urgent clinical attention and
detection confirmation.

2.7 Hyperparameter Optimization

Using GridSearchCV, the proposed approach tunes the hyperparameters of Logistic Regression, SVM, Naive Bayes, and KNN
to improve the performance and generalisation of the model. It systematically tests different combinations of parameters and
uses cross-validation to find the best configuration for each classifier.

The best set of hyper-parameters is chosen to maximise the classification accuracy, so that each model is working at its best.
This step greatly improves the predictive stability and reduces the risk of underfitting or overfitting.

Hyperparameter search and validation: A GridSearchCV was run with 5-fold cross-validation, using only the training data.
Parameter grids were defined separately for Logistic Regression, SVM, KNN and Naive Bayes based on the hyperparameters
pertaining to each classifier. Logistic Regression was optimised using its regularisation parameter C, SVM was evaluated using
candidate regularisation and kernel settings including the radial basis function (RBF) kernel, KNN was evaluated using k=3,5,7
and 9, and Naive Bayes was optimised using its model specific smoothing parameter. The final model was trained with the
combination of parameters that had the highest mean cross-validation accuracy. The test set was held out completely from the
hyperparameter optimisation and used solely to evaluate the final performance.
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2.8 Classification

The chosen machine learning algorithms are then trained on the expanded feature set developed from clinical weighting
and symptom interaction modelling after optimisation. The data is divided into train and test sets to objectively assess the
performance of the model.

The trained models then make predictions on the unseen test data, predicting patients as cancer or non-cancer. The multiple
classifiers allow us to compare different learning strategies like probabilistic, linear and distance-based methods. This multi-
model method guarantees a strong evaluation and provides insights on the most appropriate algorithm for prediction of ovarian
cancer.

Following training, each classifier makes a different prediction for the patient. Logistic Regression relies on feature
relationships. SVM uses decision boundaries. KNN uses nearest neighbours. Naive Bayes is based on probability distributions.
Different predictions are evaluated to select the best performing model 7, 19,

Classifier comparison: Logistic Regression, SVM, Naive Bayes and KNN were selected as they utilise different classification
methods. The same preprocessed, weighted and interaction-enhanced features were used in all four models, and evaluated using
the same train-test split and metrics for a fair comparison of the proposed CWSI-RSL approach.

Complementary supervised learning classifiers such as Logistic Regression, SVM, Naive Bayes, and KNN were used as
they represent different learning principles and have been utilised in ovarian cancer prediction and diagnosis research.
Previous studies in ovarian cancer have evaluated conventional machine learning classifiers and comparative learning strategies
for cancer predictionV,!3 (14 1n this study, the same selected, clinically weighted and interaction-enhanced feature
representation was used for these classifiers under identical training, optimisation and testing conditions, to give a regulated
evaluation of the proposed CWSI-RSL framework.

2.9 Baseline and Comparative Evaluation

To contextualise the performance, the results of the proposed CWSI-RSL framework were compared with the machine-learning
and ensemble approaches reported previously for the prediction of ovarian cancer'®,), Traditional approaches are Support
Vector Machine (SVM), Random Forest (RF), Decision Tree (DT), Logistic Regression (LR), Naive Bayes (NB), K-Nearest
Neighbours (KNN). Ensemble approaches are Max Voting, Stacking, Bagging, and Boosting'®,(¥), These approaches are
relevant reference points as they are representative of common individual and ensemble learning strategies for ovarian cancer
prediction.

The comparison was performed using the same evaluation measures as for CWSI-RSL, i.e. accuracy, precision, recall and F1-
score. The experimental procedure reported in this study was used to evaluate CWSI-RSL while previously reported results were
used as common-dataset reference values. CWSI-RSL also includes MI-RFE, clinical feature weighting, SIFE, risk stratification
and hyperparameter optimisation prior to final classification.

The comparison is used as a performance benchmark rather than a direct head-to-head evaluation, as differences in
preprocessing, feature selection, hyperparameter settings, and evaluation methods may affect the results. Hence, the results
are carefully discussed to show how CWSI-RSL performed in comparison to previous reports on the same dataset.

2.10 Ablation Study Design

An ablation-based internal analysis was developed to understand whether the individual components of CWSI-RSL lead
to the prediction performance. The complete CWSI-RSL model was used as the reference configuration, and the main
components were removed one by one, keeping the other experimental conditions unchanged. This paper evaluated the
following configurations: (i) baseline selected features without clinical weighting or interaction expansion, (ii) feature selection
with clinical weighting but without Symptom Interaction Feature Expansion (SIFE), (iii) feature selection with SIFE but without
clinical weighting, (iv) the weighted and interaction-enhanced representation without risk stratification, and (v) the entire
CWSI-RSL configuration. The same training/testing partition was used to evaluate each configuration, and the same accuracy,
precision, recall, and F1-score measures were used. This internal control was included to check if the performance improvement
was due to the combined CWSI-RSL components and not to classifier selection alone.

2.11 Best Model Selection

The optimised classifiers were tested on the predefined test set with the performance indicators of accuracy, precision, recall and
Fl-score. The classifier with the best classification accuracy under the same experimental conditions was selected as the best
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performing model. The experimental evaluation led to the selection of SVM as the final classifier for CWSI-RSL. The selected
model was subsequently used for final ovarian cancer class prediction and SHAP-based explainability analysis.

2.12 Explainability Using SHAP

SHAP (Shapley Additive Explanations) is used to explain the best-performing model by showing the contribution of each feature
to the final prediction. SHAP identifies the most important features affecting ovarian cancer prediction and explains the model’s
decisions, which enhances interpretability and clinical trust. SHAP shows how features such as CA125, menopause status, and
neutrophil interactions increase cancer prediction, while normal liver enzyme levels decrease it. The key factors influencing the
prediction are the contributions of CA125 interactions and menopausal status, which can help clinicians understand and trust
the model’s decision.

2.13 Clinical usefulness and reliability of CWSI-RSL

This study investigates the clinical utility of CWSI-RSL by converting heterogeneous clinical measures into a structured
representation that reflects feature importance, clinically relevant interactions, and patient-level risk categories. The risk-
stratification component does not output a binary cancer/non-cancer result, but rather low-, medium- and high-risk groups,
allowing for prioritisation for further clinical assessment. The SHAP analysis also gives feature level explanations which allow
the identification of important clinical and interaction variables that contribute to individual predictions.

To improve accuracy of early prediction, many controlled steps are taken: removing duplicate records, handling missing
values, normalising numerical data, performing MI-RFE feature selection, fixing the train-test split, performing cross-
validated hyperparameter optimisation, comparing multiple classifiers, and evaluating using multiple complementary metrics
for performance. The use of an unseen test set for final evaluation reduces the possibility to evaluate the performance only on
data used for model development. In addition, the ablation analysis provides an internal control to assess the contribution of
clinical weighting, interaction expansion and risk stratification.

2.14 Performance Evaluation

The performance of the proposed system is evaluated using standard classification metrics like Accuracy, Precision, Recall and
F1-score. These metrics provide a complete evaluation of predictive performance. Accuracy is a measure of overall correctness.

Accuracy = ITP+TN (1)
Y T TPYTN+FPLFN

Precision and recall are measures of false positive and false negative rates respectively.

Precision = —— L @)
ecisio = TP+ PP
TP
— _ 3
Recall TPLFN (3)

The F1-score balances precision and recall.

Precisi
Fl —9 recision X Recall

* — (4)
Precision + Recall

Taken together, all these metrics provide a comprehensive and robust assessment of the proposed system. The overall workflow
of the proposed CWSI-RSL system is a systematic process comprising of dataset collection, data preparation, feature selection,
clinical weighting, symptom interaction feature expansion, risk stratification, hyperparameter optimisation, classification, best
model selection, explainability analysis, and performance evaluation. Figure 1 represents the flowchart of the proposed CWSI-
RSL approach.

These components constitute a clinically interpretable machine learning pipeline that enhances early ovarian cancer
prediction with improved accuracy and interpretability.
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Fig 1. Flowchart of proposed CWSI-RSL approach

3 Results and Discussion

The proposed CWSI-RSL approach was evaluated on an ovarian cancer clinical dataset for early prediction, and compared
with traditional machine learning and ensemble models in terms of accuracy, precision, recall and F1-score. The results of the
evaluation indicate that the proposed CWSI-RSL approach improves ovarian cancer prediction and outperforms traditional
machine learning and ensemble models.

3.1 Experimental Setup

The experiments have been carried out in the Python programming environment because of its wide support of machine
learning, data pre-processing, optimisation and explainability analysis. The full implementation was done by Spyder integrated
development environment (IDE) within Anaconda 3 platform that provides effective package management and scientific
computing libraries. Different Python libraries were used like NumPy for numerical computation, Pandas for manipulating data,
Scikit-learn to develop machine learning algorithms, GridSearchCV for hyperparameter optimisation, SHAP for explainability
analysis.

The dataset was preprocessed by removing duplicates, missing values and Min-Max scaling. Mutual Information and
Recursive Feature Elimination (RFE) are used for feature selection. The data set was split into training and testing sets with
a ratio of 80:20 to validate the model. Multiple classifiers were trained and optimised under similar experimental conditions to
ensure fair comparison, namely Logistic Regression, Support Vector Machine, Naive Bayes and K-Nearest Neighbours.

The relative performance of CWSI-RSL compared to the reported baseline and ensemble models in terms of accuracy,
precision, recall and F1-score are shown in Figures 2-5. The baseline results were taken from the corresponding published
studies 3,14 The baseline results of SVM, RE, DT, LR, NB, and KNN were taken from O. Ikani et al., and the ensemble
learning results of Max Voting, Stacking, Bagging, and Boosting were taken from S. L. JM and P. Subbulakshmi ¥, ), The
CWSI-RSL model was performed better with an accuracy of 92.4%, precision of 90.3%, recall of 95.0% and F1-score of 92.6%,
which outperformed all the existing models.
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The prediction of CWSI-RSL is better than the traditional and ensemble models reported before on the common dataset. The
improvement can be attributed to the incorporation of clinical weighting, SIFE, risk stratification and classifier optimisation.
Stratifying risk level is clinically relevant and SHAP provides explainability. Together, these building blocks lead to better
accuracy and interpretability than standard models.

3.2 Discussion

The accuracy comparison of all baseline models, ensemble models and the proposed CWSI-RSL is shown in Figure 2. Accuracy
is the overall correctness of the classification. It is the total number of correct predictions. The visual comparison clearly shows
the highest accuracy of 92.4% for the proposed CWSI-RSL model and it is better than all the comparative methods such as
Naive Bayes (87.14%) and Boosting (87%).

Accuracy Comparison
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Fig 2. Accuracy Comparison

The high accuracy of CWSI-RSL is due to its ability to enhance clinically important features through weighted representation
and derive additional interaction-based clinical knowledge. Traditional models generally only rely on the direct features. The
proposed method increases the feature space by including the symptom interactions, which increases the capability of the model
to differentiate cancer and non-cancer cases more efficiently. This richer feature representation impacts directly to better overall
prediction correctness.

The models are evaluated and compared in terms of the precision shown in Figure 3. Precision is the ratio of true positives
to the total number of positive predictions. The proposed CWSI-RSL obtained a precision of 90.3% which is higher than all the
baseline and ensemble approaches, showing its capability to reduce false positive predictions.

The proposed model improves the precision with a clinical weighting mechanism that emphasises important bio-markers
and reduces irrelevant noise. This means that predictions will be more accurate and the chance of misclassifying cancers will be
lessened. High precision is important to avoid unnecessary anxiety and medical procedures. Figure 4 compares the recall values
for all the models. Recall is the ability to identify true positive ovarian cancers. The proposed CWSI-RSL gained the highest
recall of 95.0%, which presented great sensitivity in discovering cancer.

The proposed model improves recall by symptom interaction modelling and risk level stratification. SIFE enables to identify
hidden clinical patterns and risk stratification allows to accurately identify high-risk patients. Figure 5 shows comparison of
F1-score for all models. The proposed CWSI-RSL achieved the highest F1-score of 92.6%, indicating a balanced classification
performance.

The high F1-score represents a good trade-oft between false positive and false negative of the proposed model. CWSI-RSL
achieves reliable performance by feature weighting, interaction-based learning and classifier optimisation. SHAP summary plot
is shown in Figure 6 to explain the contribution of clinical and interaction features in the prediction of ovarian cancer. SHAP
values indicate whether features support the prediction of cancer or non-cancer and the colours indicate the feature values.
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Figure 6 illustrates the significance of interactions between menopause, CA125, neutrophils and age-related features in
the prediction of ovarian cancer. SIFE module effectively identifies hidden clinical relationships. SHAP analysis improves the
interpretability of the models. To summarise, CWSI-RSL provides reliable, interpretable and accurate early ovarian cancer
prediction.

3.3 Ablation Analysis

To study the contribution of the main components of the proposed CWSI-RSL framework, we conducted an ablation analysis.
The baseline configuration with only the selected features reached an accuracy of 86.20%, a precision of 84.70%, a recall of
88.10%, and an F1-score of 86.36%. The accuracy was improved to 88.70% by adding clinical weighting, and the precision,
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recall and F1-score were improved to 87.10%, 91.00% and 89.01%, respectively. The accuracy, precision, recall, and F1-score
of the model without clinical weighting when SIFE was presented were 89.50%, 88.20%, 92.00%, and 90.06%, respectively. The
combination of clinical weighting and SIFE further improved the performance to 91.10% accuracy, 89.80% precision, 94.00%
recall and 91.85% F1-score. Finally, the best performance was achieved by including the risk stratification in the complete CWSI-
RSL framework with 92.40%, 90.30%, 95.00% and 92.60% accuracy, precision, recall and F1-score respectively. The results are
shown in Table 1.

Table 1. Ablation Study of CWSI-RSL Components

Configuration Clinical SIFE Risk Accuracy Precision Recall Fl1-score
Weighting Stratification (%) (%) (%) (%)

Baseline selected X X X 86.20 84.70 88.10 86.36
features

+ Clinical Weighting v X X 88.70 87.10 91.00 89.01
+ SIFE X v X 89.50 88.20 92.00 90.06
Weighting + SIFE v v X 91.10 89.80 94.00 91.85
Complete CWSI-RSL v v v 92.40 90.30 95.00 92.60

The ablation results show that each component can improve the prediction performance of CWSI-RSL. Clinical weighting
only improved the accuracy from 86.20% to 88.70%, an increase of 2.50% points. Thus, increasing the weight of clinically
important features can improve classification performance. SIFE improved larger when used alone with accuracy going from
86.20% to 89.50% an improvement of 3.30 percentage points indicating that modelling interactions between selected clinical
variables provides further predictive information to individual features. The accuracy was further improved to 91.10% when
clinical weighting was used with SIFE, which shows the benefit of integrating feature importance with interaction-based
representations.

The complete CWSI-RSL produced the best results, increasing accuracy, precision, recall and F1-score by 6.20, 5.60, 6.90 and
6.24 percentage points, respectively. And the recall of 95.00 % means most cases of cancer were detected correctly. The results
suggest that clinical weighting, symptom interactions and risk stratification contributed to the improved performance.

3.4 Cross-validation and Reliability

Five-fold cross-validation was performed with GridSearchCV to improve the reliability of model optimisation and reduce the
dependence on a single data split. In each fold the training data were divided into 5 roughly equal subsets, four of which were

https://www.indjst.org/ 2340


https://www.indjst.org/

Gajendran & Kurus Malai Selvi / Indian Journal of Science and Technology 2026;19(33):2328-2343

High
SUBJECT_ID -'—-J- i

Menopause |
CA125_X_Menopause -« - wo . ®.eee s e ‘
NEU_X_Menopause .......|

CA125_X_Age smce .....|.|
Menopause_X_ALB .....|
CA125

NEU_X_Age
Age_X_Menopause

ALB_X_PDW
Menopause_X_LYM%

CA125_X_ALB

HE4
Risk_Level
Age_X_PDW
HE4_X_ALB
NEU_X_CA125
NEU_X_LYM%
LYM%_X_PDW
Age_X_ALB

Feature value

45 -10 -5 0 5  Low
SHAP value (impact on model output)

Fig 6. SHAP Summary Plot of Feature Importance

used to train the model and the other subset was used to validate the model. Each subset was used once as the validation set
and repeated five times. The independent test set was not used in the cross-validation procedure but was held out for the final
evaluation only.

Performance of cross-validation was calculated in terms of accuracy, precision, recall and F1-score. Five folds results were
reported as mean + standard deviation (SD) for each metric. The mean is the average performance across the five validation
folds and the SD is the variability of the model across different folds. The results are given in Table 2.

The CWSI-RSL framework attained the highest mean performance in all four-evaluation metrics, with an accuracy of
91.68+1.21%, precision of 89.74+1.46%, recall of 94.214-1.35%, and F1-score of 91.91+1.18%. The relatively low standard
deviations suggest that the performance was consistent across the five validation folds. Specifically, the recall variation was
within 4-1.35%, which demonstrates the robustness of the framework to identify ovarian cancer cases across different validation
subsets. These cross-validation results support the reliability of CWSI-RSL beyond a single train-test partition.
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Table 2. Five-fold cross-validation results of CWSI-RSL

Model Accuracy (%) Precision (%) Recall (%) F1-score (%)
Logistic Regression ~ 86.72 + 1.84 86.31 £+ 1.96 8824 +215 8721 +1.72
SVM 85.48 4 2.03 85.91 4+ 1.87 86.74 +2.24 86.20 4 1.95
Naive Bayes 87.06 + 1.72 87.42 4+ 1.64 88.13 +1.89 87.72 4+ 1.51
KNN 78.36 £ 2.68 78.02 4291 80.15 +2.74 78.98 4 2.53
CWSI-RSL 91.68 4+ 1.21 89.74 4+ 1.46 9421 +£135 919141.18

3.5 Comparison with Previous Studies

The performance of CWSI-RSL was compared with recent ovarian cancer machine learning studies and the reported baseline
models©®, 7, ® ) (10) (13) (14 Naive Bayes and Boosting achieved 87.14% and 87.00% accuracy respectively 1¥), (14 while
CWSI-RSL achieved 92.40% accuracy, 90.30% precision, 95.00% recall and 92.60% F1-score !¥). Thus, CWSI-RSL increased the
accuracy by 5.26 and 5.40 percentage points respectively. Previous works have been mostly focused on classification, biomarkers,
risk prediction and explainability©,?,® ©) (19 CWSI-RSL integrates these components with clinical weighting, symptom
interactions, risk stratification and SHAP.

The proposed CWSI-RSL was compared to previously reported machine learning and ensemble models tested on the same
ovarian cancer dataset. The baseline results for SVM, Random Forest, Decision Tree, Logistic Regression, Naive Bayes and
KNN were taken from Ikani et al.1® and the Max Voting, Stacking, Bagging and Boosting results were taken from JM and
Subbulakshmi®. In this common-dataset comparison, CWSI-RSL achieved the highest accuracy of 92.40%, with 90.30%
precision, 95.00% recall and 92.60% F1-score. These results demonstrate a better predictive performance compared to the
previously reported models on the same dataset.

Recently, ovarian cancer detection, early prediction, analysis of clinical and genetic data, risk stratification and
survival prediction have been performed using machine learning and XAT(4, 1 (22) (23 @9 (1) (2) (25 (4) ) These methods
include XAl-based prediction,),@ ) clinical and genetic feature integration®?, early-stage detection®,®, and
risk-stratification and multimodal learning(24),(4). ML-based studies demonstrate the usefulness of feature selection and
biomarkers ??,?”), CWSI-RSL provides a unified framework that integrates clinical weighting, SIFE, risk grouping,
optimisation, and SHAP explainability.

3.6 Clinical Interpretation and Novelty

CWSI-RSL achieved a high recall of 95.00%, which means it accurately detected most of the ovarian cancer cases in the
evaluated dataset. The F1-score of 92.60% indicates balanced prediction performance. Clinical weighting gives more importance
to selected features, SIFE captures relationships between clinical variables and risk grouping gives low-, medium- and high-risk
groups derived from the model. SHAP also helps in explaining important predictors such as menopause status, CA125-related
interactions and neutrophil-based interactions. The major innovation of CWSI-RSL is the incorporation of clinical weighting,
symptom interaction modelling, risk stratification and explainable machine learning into one framework for early ovarian
cancer prediction.

4 Conclusion

In this study, the CWSI-RSL framework was developed for early ovarian cancer prediction combining clinical feature weighting,
symptom interaction modelling, risk stratification, machine learning and explainable artificial intelligence. The proposed
framework could achieve the accuracy of 92.40%, the precision of 90.30%, the recall of 95.00% and the F1-score of 92.60%,
achieving the objective of improving the prediction performance and providing interpretable results. The ablation study also
demonstrated that the inclusion of clinical weighting, SIFE, and risk stratification incrementally increased accuracy from 86.20%
t0 92.40%. SHAP elucidated that the most significant features that impacted the predictions were menopause status, interactions
with CA125 and neutrophils. CWSI-RSL combines clinical weighting, feature interactions, risk stratification, and explainable
ML to make the overall early risk prediction more transparent; however, it should not be used as a clinically validated diagnostic
tool at the current time. Future work should include validation of the framework with larger and independent datasets and
prospective clinical testing, as well as further model refinement with more clinical data and advanced learning techniques.
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