TAES International Journal of Artificial Intelligence (I1J-AI)
Vol. 14, No. 6, December 2025, pp. 4802~4813
ISSN: 2252-8938, DOI: 10.11591/ijai.v14.16.pp4802-4813 O 4802

Multi-phase feature selection for detection of epithelial ovarian
cancer using ensemble machine learning techniques

Suma Palani Subramanya, Suma Kuncha Venkatapathiah
Department of Electronics and Communication Engineering, Ramaiah Institute of Technology, Affiliated to Visvesvaraya Technological
University, Belagavi, India

Article Info ABSTRACT

Article history: Epithelial ovarian carcinoma is one of the most prevalent causes of death.
) Timely ovarian cancer diagnosis is significant for bettering patient outcomes

Received Jan 30, 2025 and rates of survival. For prognostic and diagnostic evaluation of

Revised Sep 12, 2025 malignancies, Al-based machine learning algorithms are used. This novel

Accepted Oct 18, 2025 technique is undoubtedly an effective tool that may aid in selecting the best

course of action. The collection of data comprising 150 patients contained an

extensive selection of clinical characteristics and markers of tumors. The
Keywords: recursive feature elimination (RFE) and correlation coefficient feature
selection techniques were assimilated to pick the features for the machine
learning model, such as age, CA-125, tumor laterality, size, tumor type,
grade of tumor, and International Federation of Gynecology and Obstetrics

Correlation coefficient
Ensemble classifier

Machine learning (FIGO) stage. The study’s findings indicate that the base model accuracy
Ovarian cancer was around 96%, sensitivity 93%, and specificity 100%. Using ensemble
Recursive feature elimination classification, accuracy was around 96%, sensitivity 98%, and specificity

94% for the RFE technique. By obtaining a deeper understanding of their
decision-making process, explainable artificial intelligence makes
sophisticated machine learning methods easier to explain. Before beginning
treatment, this research offers crucial data for the diagnosis and prognosis
assessment of individuals with epithelial ovarian cancer (EOC).

This is an open access article under the CC BY-SA license.

Corresponding Author:

Suma Palani Subramanya

Department of Electronics and Communication Engineering, Ramaiah Institute of Technology
Affiliated to Visvesvaraya Technological University

Belagavi-590018, India

Email: sumap1994@gmail.com

1. INTRODUCTION

Ovarian cancer remains a major health concern because of the difficulties in treating it, which are
mostly related to delayed identification and the intricacy of its disease detection. India is expected to see
49,644 new cases of ovarian cancer in 2025 [1]. This is a minor rise over the 43,886 instances that were
predicted for 2020. Additionally, the five-year survival rate from 2015 to 2021 was 51.6% [2], [3]. These
outcomes highlight the implication of early detection and therapeutic strategies, an area of continuous
research need to be developed [4], [5].

The diagnostic methods that are employed to identify ovarian cancer include lower abdomen tests,
medical imaging procedures such as transvaginal ultrasound (TVUS), magnetic resonance imaging (MRI),
and blood tests. The most prevalent biomarkers are cancer antigen 125 (CA-125), CA19-9,
carcinoembryonic antigen (CEA), and human epididymis protein 4 (HE4). The most responsible technique
for determining ovarian cancer is histopathology because it examines tissue samples at the cellular level [6].
The reliability of TVUS and pelvic examination in segregating between benign and malignant tumors is very
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low. Similarly, it may be difficult for MRI to reliably identify whether a tumor is malignant, but it can
produce precise images of the ovaries and the surrounding tissues. HE4, carbohydrate antigen 72-4
(CAT72-4), and carbohydrate antigen 125 (CA-125) are important cancer biomarkers that can identify female
pelvic tumors [7]-[9].

A typical course of medication for ovarian cancer involves surgery followed by chemotherapy [10].
But most of the patients eventually experience a recurrence of the disease that is usually incurable, primarily
as a consequence of the formation of drug resistance. Because of the severe side effects and expense of
chemotherapy, precision medicine aims to classify patients whose malignancies are resistant to the treatment.

Artificial intelligence (Al) is essential in the therapeutic industry for cancer diagnosis and detection
[11]. In a rising number of medical applications, Al is emerging as a feasible alternative for decision-making
algorithms. In the medical field, machine learning is frequently used to evaluate patient data and provide
carly disease diagnoses. The machine receives the patient's key characteristics as input and outputs a precise
diagnosis [12]. Innovative approaches using machine learning algorithms hold significant promise for
diagnosing cancer and forecasting the course of disease. Many researchers have worked on machine learning
algorithms in order to accurately detect ovarian cancer using these biomarkers. Arezzo et al. [12] used
machine learning algorithms on ultrasound images to calculate the 12-month survival period for ovarian
cancer patients. Further five-fold cross-validation was used to train and validate three distinct machine
learning algorithms, logistic regression (LR), random forest (RF), and k-nearest neighbors (KNN) to forecast
a 12-month survival period. The highest performance accuracy was 93.7%. Ziyambe et al. [13] applied a
convolution neural network to histopathological images to predict and diagnose ovarian cancer and achieved
an accuracy of 94%.

The principal intent of this research is to employ ensemble-based machine-learning algorithms to
assess the pre-operative status of those diagnosed with ovarian cancer. The most important features, such as
age, tumor laterality, size, tumor type, tumor grade, International Federation of Gynecology and Obstetrics
(FIGO) stage, and CA-125, are selected using two feature selection techniques. There is a close association
between the clinical factors and the effective tumor marker CA-125. This will allow the doctors to treat the
patients appropriately, which will increase patients' longevity.

The paper is designed as follows: the prior investigations conducted for the diagnosis and detection
of ovarian cancer are covered in section 2. A thorough explanation of each element of the suggested
framework is given in section 3. Section 4 presents the findings and an analysis of the research. Section 5
presents the study's conclusions.

2. LITERATURE SURVEY

The recent studies employed machine learning models on significant biomarkers for the detection of
ovarian cancer. Different machine learning algorithms proposed by Lavanya and Pasupathi [14] include KNN,
support vector machine (SVM), decision trees (DT), followed by max voting, boosting, bagging, and stacking.
Data was collected from Kaggle. To select the features minimum redundancy maximum relevance (MRMR)
algorithm was used. SVM has 85% accuracy, and stacking 89%. Wibowo ef al. [15] discussed the classification
of ovarian cancer using KNN and SVM and achieved a classification accuracy of 90.47% for KNN.

Ahamad et al. [16] focused on ensemble models in addition to machine learning techniques to
categorize between healthy and cancerous patients. Various significant Biomarkers used in the study are
CA-125, HE-4, CEA, and CA19-9. Overall, this work attained an accuracy of 91%. A machine learning
model, proposed by Taleb et al. [17], uses machine learning algorithms to progress in the precision of ovarian
cancer diagnosis. The model is simulated using MATLAB 2021a. Performance is assessed using a variation
of statistical metrics using the proposed model, with an accuracy of 97.16%.

Ahamad et al. [16] identify major blood biomarkers like CA-125, CA 19-9, CEA, and HE-4,
along with other critical parameters. The study discusses the application of several machine learning
methods, emphasizing the need for early identification to improve patient outcomes, including DT, RF,
SVM, gradient boosting machine (GBM), LR, light gradient boosting machine (LGBM), and extreme
gradient boosting (XGB), in categorizing ovarian cancer patients based on clinical data with an accuracy of
91%. Wang et al. [18] performed initial screening of ovarian cancer based on the risk of ovarian malignancy
algorithm (ROMA). The biomarkers HE-4, CA-125 were used and obtained an AUC of 0.91 for ROMA.
Bast et al. [19] talk about using biomarkers to diagnose ovarian cancer early, such as CA-125, microRNAs,
ctDNA, and methylated DNA. A performance of 98% is achieved for all the control subjects.

Wibowo et al. [15] main objective was to classify ovarian cancer using machine learning
procedures, namely KNN and SVM. This paper explains how well machine learning processes such as KNN
and SVM categorize ovarian cancer cases; in this particular research, KNN performed better than SVM with
an accuracy of 90.47%. To increase the current biomarker combination model's ability to classify ovarian
cancer, Song et al. [20] aim to include menopausal data. The area under the ROC curve of 0.985 specifies
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that the typical with menopausal data achieves better than the model without clinical data in the study's
evaluation for ovarian cancer screening.

To increase the detection accuracy Abuzinadah ef al. [21] used ensemble models such as bagging
and boosting which include 50 features. Combining ensemble models lowers the variance for precise ovarian
cancer detection, and the resulting accuracy of 96.87% was achieved. In order to generate a new predictive
diagnosis, Paik et al. [22] assessed the accuracy of gradient boosting (GB) using conventional statistical
methods. The research presented how machine learning techniques, particularly GB, can surpass
conventional statistical methods in precisely forecasting the individual outcomes of epithelial ovarian cancer
(EOC) patients with an area under the curve (AUC) value of 0.830. Nayak et al. [23] described RF as a
machine learning classifier which resulted in an accuracy of 91%. Table 1 details about the work carried out
in the recent literature.

The most recent study focused on detecting ovarian cancer solely through biomarkers. However, in
order to offer a meaningful diagnostic tool for evaluating the pre-operative condition of ovarian cancers, clinical
characteristics and biomarkers must be integrated. Therefore, the key contribution of this work as follows: i) to
choose the best clinical characteristics that are essential for the prompt detection of ovarian cancer, two feature
selection strategies are used, i) machine learning and ensemble models are employed to achieve the early
diagnosis and prognosis of ovarian cancer, and iii) machine learning algorithms are further enhanced by
explainable artificial intelligence (XAI), which makes the decision-making procedures explicit, comprehensible
and effective.

Table 1. Synopsis of pertinent research

Ref. Method used Sample size Performance parameters Limitations

[24] LR, SVM,RF, DT, 350 patients in the Accuracy from RF was 90.4% with Accurate identification of
KNN Kaggle dataset, and the top features selected were age, ovarian cancer necessitates a

among the 50 CA-125, menopause, HE-4, better comprehension of the
parameters are age, neutrophils (NEU), and with random disease's pathophysiology.
menopause, and type.  features, accuracy was around 81.9%.

[25]  GB machine, SVM, RF, 101 individuals with ~ RF gave the best accuracy and AUC, Robust validation and clinical
conditional RF (CRF), normal ovarian  of 69.0% and 0.760, respectively. implementation  initiatives,
naive Bayes (NB), neural  tymors  and 334 external validation in
network, and ElasticNet.  atients with EOC. potential groups is required.

[26]  RF algorithm witha 10- 157 serum samples Five biomarkers, Apolipoprotein  Focused solely on diagnostic
fold c.ross-validation from healthy non- [Apo] Al, ApoA2, HE-4, CA-125, accuracy rather than
technique. cancer controls and and cancer antigen 15-3, showed forecasting  response  to

143 from ovarian 93.71% sensitivity and 93.63% therapy or survival
cancer patients specificity

[27]  An additional benefitis ~ Women above 50  Sensitivity and specificity of CA-125 Lack of a detailed dataset
multivariate analysis years are defined with CA 19-9, EGFR, G-CSF, specification, missing
with tumor biomarkers Eotaxin, IL-2R, ¢cVCAM, and MIF information about the disease
in addition to were 98.2% and 98.7%, respectively.  stages, unknown imaging
ultrasonography. inputs, or biomarkers

[28]  RF, DT, Gaussian NB, 349 patients RF classifier had the greatest Lack of clarification regarding
AdaBoost, and LR. validation accuracy at 99%. the data sources, such as

imaging, biomarkers, or clinical
records. No mechanism for
integrating clinical procedures

[29]  Parameter optimization 235 patients With KNN, 97.24% accuracy and The inability to comprehend
and feature weighting for 96.48% (mean) accuracy with SVM the optimization processes
ovarian cancer detection. makes clinical
Weights maximization- implementation difficult.
i;agt 2556(21;;;% S};rlire]:lr(;‘t%i Lack of testing to verify
(LASSO) _ regularization robustness on a separate
and adverse drug event cohort.

(ADE)  with  cross-
validation error.
[30]  Multiclass SVM, ANN, 493 data from the Multiclass SVM=98% Provides a summary of

and Naive

cancer genome atlas
program (TCGA)
portal

previous research. Does not
assess whether the assessed
machine learning models are
clinically applicable.

3. METHODOLOGY

The following are the key phases that are necessary in the diagnosis of ovarian cancer: pre-processing,
feature selection techniques, machine learning models, and model explanation process, as indicated in the
Algorithm 1. As shown in Figure 1, pre-processing the data is the initial step in the process. It involves the
dropna () method to replace the missing values of the required feature column from the dataset. Following the
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pre-processing, the data is divided into two sections as testing and training. Using an assortment of feature
selection and machine learning techniques, the suggested model is evaluated using standard metrics to
determine the pre-operative state of ovarian cancer. To improve interpretability, the consequence of the
chosen features is demonstrated using an XAI technique.

Algorithm 1. Structured machine learning workflow for ovarian cancer biomarker classification with dual

feature selection strategies
1. Preprocess and load the data using
load data ('DATASET 1.xlsx'")
2. Set up features and target
X=data.drop ('CAl125'"); y=(data ['CAl25'] >35)
3. Data split (50% testing, 50% training)
split (X, y)=X train, X test, y train, y test

4. Select features:

i) Based on correlation (threshold=0.1)

ii) Based on the recursive feature elimination (RFE)
5. Develop and assess models:

i) Using features chosen by correlation

ii) On features chosen by RFE
6. Use SHAP to interpret the optimal model.
7. Create graphs of related performance metrics

- Machine . :
Estimation Model

Fre: Splitting Feature Selection N - > P E
: 2 arameters L) Explanation
Processing k3 ihe Dotaset i Techniques Ensemble P

Models Process
Handling 2
Missi 40% Testing R seumsvs Brapus -Accuracy
v o Bl nabion -Precision
Values L SHAP
-fi Score
o= o Correlation h
60% Training 2
2 Co-efficient

Figure 1. Flow diagram of the proposed work

3.1. Dataset

Databases from Ramaiah Medical College, Bangalore, were used in this study. It has a total of
28 characteristics, including the tumor marker CA-125. Seven most significant features are selected, such as
age, tumor laterality, size, tumor type, tumor grade, and FIGO stage. There are 84 cases of ovarian cancer
and 66 cases of non-ovarian cancer among the 150 individuals in the dataset.

3.2. Pre-processing

Throughout the data assessment process, we preserved as much of the original data as possible to
guarantee that it could be used completely. The size column was missing 10% of the value. To deal with the
missing values, the median is specifically calculated.

3.3. Separating the dataset

The dataset was collected from Ramaiah Medical College, Bangalore. It was divided into training
and testing phases. Specifically, 60% of the data was used for training, while the remaining 40% was used for
testing.

3.4. Feature selection techniques

The feature selection methods are a more understandable and practical way for model creation by
taking pertinent information out of the raw data. The optimal feature technology can differ because of the
specific dataset, the issue being solved, and the algorithms employed. It often requires a deep comprehension
of the facts and extensive domain expertise. To determine the efficacy of the features that are created,
iterative feature engineering necessitates testing and validation.

3.4.1. Recursive feature elimination technique

The least important characteristics are progressively removed using RFE, a backward elimination
feature selection method [31]. It performs grading of each feature according to the way the model performs.
By progressively removing features, RFE reduces predictor dependence.
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3.4.2. Correlation coefficient

The linear relationship among features and the desired variable is measured by the correlation
coefficient [31]. High correlation features around +1 is deemed significant. When characteristics have linear
predictive power, it works best.

3.5. Machine learning and ensemble models

The features chosen by feature selection approaches are used by machine learning models, which
are crucial for decision-making. Further to improve the performance from base models, ensemble approaches
are used. There are two stages in this section.

3.5.1. Stage 1: machine learning models

This method allows machine learning algorithms to learn and identify patterns in the data
collectively by providing them with access to the training database [32]. Various machine learning
algorithms are employed in this work. These include SVM, KNN model, DT, and LR.

3.5.2. Stage 2: ensemble models

Ensemble models such as voting classifier, staking, bagging and boosting are used to progress the
performance of base models [32]. When a complex dataset is unavailable, machine learning models should
be used instead of deep learning models. Also, Ensemble models are found to be better performing than
individual base machine learning models for the abovementioned reason. Figure 2 indicates different
ensemble models obtained by combining independent base machine learning models' predictions. The
ensemble models are elaborated in this section:

—  Voting classifier: voting classifiers [22] are machine learning models that predict an output class based
on which model has the best chance of producing the target class.

—  Bagging: a meta-algorithm called bootstrap aggregating, sometimes referred to as bagging [22], aims to
increase the accuracy and consistency of machine learning techniques used in analytical regression and
classification. It reduces variance and helps avoid overfitting. In accordance with (1) and (2), DT
techniques are typically applied with it. One special application of the model averaging approach is

bagging.
Manhattan = Y;_1|pr — il M
1
Minkowski = (Ejeey (i — 4 2)

—  Stacking: in order to increase prediction performance, stacking is an ensemble learning strategy [22] in
machine learning that integrates base models, also known as base learners. The goal is to create a better
overall model by strategically combining the outputs of many models and utilizing their respective
strengths.

—  Boosting: XGB is another technique for enhancing machine learning [22]. An extreme variant of the
GB technique is the extreme GB algorithm, sometimes known as XGB. GB and XGB differ primarily in
that the former employs a regularization technique. It is a regularized form of the currently employed
gradient-boosting technique. This explains why XGB outperforms a traditional GB method.
Additionally, it performs better in datasets that contain both numerical and categorical variables.

Support Vector
Machine
Voting
K-Nearest Classifier
Neighbor
— Stacking
Logistic
regression Baraing
i Boosting
Decision Tree (XGBOOST)

Figure 2. Block diagram of ensemble model

3.6. Performance indicators
The effectiveness of the machine learning methods that have been implemented is evaluated using
four different criteria. They are:
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4.

True positive (Tp): it is used to forecast the event value more precisely.
False positive (Fp): in essence, this technique is employed to ascertain the erroneous value of an occurrence.
True negative (Tn): the purpose of this metric is to predict when an event value will not occur.

False negative (Fn): this is used when the no event value is wrongly predicted.

Precision, recall, F1-score, and accuracy are the four performance indicators.
Precision: the model's quality is referred to as precision. In simple terms, the most genuinely positive
out of all favorable predictions as per (3) [23].

. T
Precision = —2 3)
Ty+Fp

Recall: the ratio can be calculated as shown in (4) [23].

_ D
Recall = Tt En 4

Fl-score: erroneous positive and erroneous negative results are also taken into consideration in this
performance. Therefore, it works effectively with both balanced and imbalanced data sets as per (5) [23].

2(PrecisionxRecall)
Fl—score=——

)

Precision+Recall

Accuracy: this is computed by dividing the total number of samples by the number of examples that
were correctly identified.

RESULTS AND DISCUSSION
The presence of ovarian cancer was determined by analyzing a number of medical characteristics

that were included as part of the dataset. The most important features, such as age, CA-125, tumor laterality,
size, tumor type, grade of tumor, and FIGO stage, for the analysis were selected. Table 2 gives the detailed
information on the patients in the dataset.

Table 2. Key information of the patients in the dataset

Parameters Categories Total no. of patients (N=150)  Percentage

Age >50 63 42
>50 63 42
CA-125 >35 U/mL 84 56
<35 U/mL 66 50
Size >4.8 cm 134 89
<4.8 cm 16 10

Tumour laterality Unilateral 125 83
Bilateral 25 17

Tumour type Serous 98 65
Endometroid 27 18
Clear cell 6 40

Germ cell 0 0

Sexcord

Brenner 4 3
Mucinous 15 10

Grade of tumour Grade [ 8 5
Grade 11 114 76

Grade III 5 3

Grade IV 23 15
Figo stage group Stage [ 60 40
Stage 11 6 4

Stage 111 82 55

Stage IV 2 1

In this study, Python (3.8) is the core programming language. The following Python libraries are

used: Pandas for loading and processing, NumPy to perform basic operations, scikit-learn for machine
learning algorithms, and plots were created using Matplotlib. SciPy was used to calculate p-values, and a
Shapley additive explanations (SHAP) plot was utilized for the model explanation process. The
hyperparameters used for machine learning models are discussed in Table 3.

The statistical importance of a feature's association with the target variable is determined in feature

selection using a p-value. The clinical features are classified as highly significant, marginally significant, and
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non-significant based on the p-values. The following features are highly significant (p <0.001): tumor type
(p=3.28e-07), tumor laterality (p=6.69¢-08), grade of tumor (p=1.05¢-05), FIGOSTAGEGROUP _IIIC
(p=1.21e-26). The following features are marginally significant (0.01 <p <0.05): size (p=0.040),
FIGOSTAGEGROUP _IIB (p=0.013). The following features are least significant (p >0.05): age (p=0.242),
FIGOSTAGEGROUP_IC3 (p=0.083).

Table 3. Hyperparameters for machine learning model

Model Hyperparameters
LR max _iter, penalty, C, solver
SVM kernel, C, gamma, probability
KNN n_neighbors, weights, metric
DT max_depth, min samples split, criterion
Voting classifier estimators, voting
Bagging classifier ~ estimator, n_estimators, max_samples, bootstrap
Boosting n estimators, learning rate, base estimator
Stacking classifier estimators, final estimator

4.1. Relationship between tumor stage, size, laterality, and CA-125

The most commonly reported tumor marker is CA-125, which has been linked to a number of
histological abnormalities that may aid in early detection. Ovarian cancer is typically detected in the later
stages and is undiagnosed in its early stages. CA-125 levels greater than 35 U/ml are regarded to be elevated.
Figure 3 infers that the patients in the advanced stage have smaller tumors and high levels of CA-125. This
fact would be beneficial to the doctors to check the metastasis condition.

Also, the next parameter, bilateral EOC, had a worse prognosis than unilateral EOC. Additionally, as
illustrated in Figure 4, we can see that CA-125 is high for the bilateral EOC. Moreover, serous and
endometroid carcinomas comprise the bulk of the population. Compared to endometrioid carcinoma, serous
carcinoma typically exhibits greater aggression and a poorer prognosis. Survival rates are greatly impacted by
the fact that it is typically identified at stages that are more advanced. Therefore, a greater CA-125 level is seen
for serous carcinoma, which is indicated as type 1 and type 2 indicates serous and endometroid carcinoma as
per Figure 5. The essential features are vital for precise classification and prediction. The results of various
classifiers, such as LR, DT, SVM, KNN, stacking, bagging, and voting classifiers, were used for the prediction
of ovarian cancer. The results of various classifiers are discussed in sections 4.2 and 4.3.
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Figure 3. Influence of high level of CA-125 on tumor size
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Figure 4. Investigation of laterality with CA-125 Figure 5. Association of tumor type with CA-125
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4.2. Base models

Accuracy, precision, recall, F1-score, sensitivity, and specificity were the primary measures used in
the performance evaluation. The following are the performance results that were attained. Table 4 lists all the
evaluation metrics, it is observed that the LR from the RFE technique outperforms the other feature selection
algorithms in terms of accuracy of 96% and other performance parameters. Accuracy, which is measured as
the percentage of correctly categorized cases in a dataset, was the primary evaluation metric employed in this
review procedure.

Table 4. Evaluation metrics of base models

Feature selection technique Base models  Accuracy Precision Recall Fl-score  Sensitivity Specificity
RFE technique SVM 92 100 85 92.1 85.83 100
KNN 78.6 94.2 67.5 78.17 67.5 93.81
DT 94.6 95.28 93.06 95.28 95.28 93.81
LR 96 100 93.06 96.31 93.06 100
Correlation coefficient SVM 88 95 83 88.7 83.6 93.81
KNN 92 93 93 929 93.06 90.95
DT 93.33 95.56 93.06 94.12 93.06 94.29
LR 88 95.28 83.61 88.74 83.61 93.81

4.3. Ensemble models

There is a noticeable improvement in accuracy, precision, recall, Fl-score, sensitivity, and
specificity when compared to the base models. Notably, the boosting model shows the highest accuracy of
96% from the RFE technique. Table 5 shows all the evaluation metrics scores of the ensemble model. The
aim of this investigation is to determine the optimal and most efficient approach for the detection of ovarian
cancer tumors, as well as the elements that contribute to the superior performance of a specific ensemble
learning strategy over others.

Al-based machine learning algorithms are employed for the prognostic and diagnostic assessment of
cancers. Figure 6 presents the comparative performance of different models used in this study. As illustrated in
Figure 6(a), base models have a sensitivity of 93.06% and specificity of 100%, while Figure 6(b) demonstrates
that ensemble models have a sensitivity of 97.7% and specificity of 93.85% with an accuracy of 96%.

Table 5. Accuracy of ensemble models

Feature selection technique Base models Accuracy  Precision  Recall  Fl-score Sensitivity  Specificity

RFE technique Voting classifier 93 100 88 93.46 88 100
Bagging 94.6 97.7 93.06 95.27 93.06 96.67
Boosting 96 95.56 97.7 96.6 98 94
Stacking 933 95.2 93.06 94.1 93.06 93.81

Correlation coefficient Voting classifier 88 95.2 83.6 88.7 83.6 93.8
Bagging 89.3 95.2 88.6 91.7 88.6 90.9
Boosting 933 95.5 93.06 94.12 93.06 94.29
Stacking 92 93.3 93.06 93.07 93.06 90.9

05 B Accuracy B specificity Sensitivity g M Accuracy M Specificity Sensitivity
k4 g
= £ 100
2 =
o o 95
o =}
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£ 2 90 —
£ £
=]
Tt 13
85 —
= &
80 - E it =l - 1l
KNN DT 3 Voting Bagging Boosting Stacking
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ML Base Models ENSEMBLE MODELS
(a) (b)

Figure 6. Performance evaluation for RFE techniques of (a) base models and (b) ensemble models
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4.4. Model interpretations

XAl facilitates the visualization of whether a certain feature is linked to a model's predictions. The
model projections are displayed on the y-axis, while the value distribution of the feature is displayed on the
x-axis. Based on the SHAP plot, positive values represent higher prediction risk, whereas negative value
indicates a decrease in the prediction risk. The SHAP plot, as shown in Figure 7, provides an overview of the
features influencing the model’s prediction. Figures 7(a) and 7(b) indicate that the tumor size, laterality, and
FIGO third stage (IIIC) have the greatest influence on the prediction and are most significant in relation to
CA-125. The model's predicted accuracy will be degraded to a greater or lesser degree based on age towards
the left.

High High
FIGOSTAGEGROUP IIC NTV N FIGOSTAGEGROUP lIC [0+ s
FIGOSTAGEGROUP_IA ‘- -4 ¢ e FIGOSTAGEGROUP_IA g 9o
TUMOURLATERALITY [ o s @ TUMOURLATERALITY }-e o
FIGOSTAGEGROUP_IC2 e $ 4 o SIZE I~ LIE
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Figure 7. SHAP plot for (a) correlation coefficient and (b) RFE

4.5. Comparative analysis with the existing results

Table 6 presents a comparison between the proposed strategy for medical dataset diagnosis and
previous investigations. The results show that the proposed method outperforms earlier studies. The accuracy
of prediction is the highest for the proposed work, reaching 96%.

Table 6. Comparison with existing results

Ref No. of selected features Methods Accuracy
[25] 8 features (retrospective study) GBM, SVM, RF, CRF, NB, neural network, and Highest accuracy was obtained
Elastic Net from RF with 69%
[14] Top 18 features were selected ~ KNN, SVM, DT, and ensemble learning techniques Highest accuracy with base
from Kaggle database such as max voting, boosting, bagging, and stacking. model-85% and ensemble model
-89%
Proposed Top 7 features were selected KNN, SVM, and DT along with ensemble models Highest accuracy with base
Work  (Ramaiah Medical College) such as max voting, boosting, bagging, and stacking model-96% and ensemble

model-96%

4.6. Discussion

One of the most difficult pathological types is EOC; treatment choices diverge depending on the
type of tumor. But in practice, failing to forecast the type of tumor often leads to either a poorly planned
operation or a misdiagnosis of the pathological type, both of which can have a substantial impact on the
patient. Ovarian malignancies must therefore be diagnosed as soon as possible.

This study intends to determine the best feature selection technique for predicting the preoperative
diagnosis of ovarian cancer, by merging it with machine learning algorithms. Among the many facets of
ovarian cancer are several histotypes with varying grades and clinical stages. Therefore, a crucial tactic for
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delivering individualized, optimal healthcare is predicting the clinical characteristics of ovarian cancer using
preoperative data and categorizing patients based on prognosis.

According to Table 6, the majority of research was conducted utilizing machine learning approaches
to perform classification on biomarkers alone, such as age, CA-125, menopause, HE-4, and NEU [14], [25].
In addition to classification, determining the preoperative status is the primary goal, which is contingent upon
the several forms of EOC, including serous, endometroid, clear cell, and mucinous carcinoma. These forms
also impact in prognosis as well. So, CA-125 is considered the gold tumor marker, which has dependencies
on various other clinical factors [22], [23]. Therefore, in this work, CA-125 readings are considered along
with several other features, such as tumor size, laterality, FIGO stage, and tumor type.

The dataset used in this study makes it clear that patients in stages of cancer II, III, and IV had
smaller tumors and significantly higher CA-125 levels than those in stage I, which is in the metastatic
condition. This information on staging assists the doctors in deciding further treatment, such as surgery,
chemotherapy, and other treatments, which also helps to analyze the aggressiveness of the cancer. These
findings further emphasize the need to consider both the bilateral and unilateral elements, with bilaterality
being more commonly seen in those who are at the evolved stage. This data about the origin of the tumor
and its potential for spread can be inferred from its size and laterality, or whether it is on either or both of the
ovaries. Knowing the type of tumor, aids physicians in determining the best course of therapy and forecasting
the patient's prognosis. The dependencies of the above parameters with CA-125 readings are evident from
Figures 3 to 5.

Therefore, using effective feature selection procedures, this work takes into account every potential
parameter for an effective diagnosis and prognosis of ovarian cancer, including age, CA-125, tumor
laterality, size, tumor type, grade of tumor, and FIGO stage. The best accuracy of 96% with sensitivity 93%
and specificity 100% for LR and 96% with sensitivity 98% and specificity 94% for boosting classifiers under
the RFE technique were projected by ensemble classifiers in conjunction with base machine learning
classifiers. As per Table 6, this study achieves the highest accuracy of 96% in predicting the pre-operative
analysis of ovarian cancer compared to other previous studies. These results, however, imply that Al could
offer useful preoperative biomarker based diagnostic data, enabling a customized treatment plan prior to the
main clinical approach in EOC.

5.  CONCLUSION AND FUTURE WORK

Early detection can improve the prognosis of ovarian cancer, an aggressive condition. Therefore, in
order to deliver personalized, optimal healthcare, it is essential to use preoperative data to anticipate the
clinical characteristics of ovarian cancer and to classify patients according to their prognosis. This research
uses real-time data from Ramaiah Medical College in Bangalore to investigate the application of pre-
operative analysis in the successful detection of ovarian cancer. There are 150 patient records in the
databases, and each one has 28 features. The dataset consists of 66 records for non-cancerous patients and
84 records for cancerous patients. Seven most significant characteristics from the dataset age, CA-125, tumor
laterality, size, tumor type, grade of tumor, and FIGO stage were chosen using two feature selection methods:
RFE and correlation coefficient approach. To get the best result in forecasting the pre-operative state,
machine learning algorithms are used in conjunction with ensemble models, including voting classifiers,
stacking, bagging, and boosting. Our test findings show that, for LR, we obtained 96% accuracy for the base
model and 96% accuracy for the boosting ensemble for the RFE feature selection technique. With the aid of
XAl, this analysis offers valuable insights into feature selection, model complexity, and accuracy, offering
guidance for enhancing machine learning methods utilized in cancer outcome prediction decision-making.
Since histology is regarded as the gold standard in the diagnosis of ovarian cancer, this work can be further
enhanced by integrating histopathology images with biomarkers for the same individuals. Additionally, to
improve the classification accuracy, a bespoke model can be created using an FPGA and a GPU-based
system. As a result, EOC can be detected and classified more quickly, potentially extending the patients'
lifetime.
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