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Abstract  

Ovarian cancer is one of the most dangerous genecology cancers because it does not show any symptoms in the early 

stages and there aren’t any good tests to find it. Early detection is important for increasing patient survival, but traditional 

diagnostic methods often don't have the right level of sensitivity and specificity. This study looks into how machine 

learning (ML) and deep learning (DL) can be used to find ovarian cancer early and accurately. We looked at five models: 

Decision Tree (DT), Random Forest (RF), Support Vector Machine (SVM), Artificial Neural Network (ANN), and Elman 

Recurrent Neural Network (ERNN). We did this before and after using the RF algorithm to select features.  The results 

show that feature selection made all of the models work much better. The ERNN model performed the best overall, with 

accuracy going from 89.8% to 92.5% and AUC-ROC going from 0.94 to 0.96 after feature selection. In the same way, 

ANN and RF got 92.1% and 91.0% accuracy, respectively, with big improvements in precision, recall, and F1-score. 

These results show how important it is to optimize features to make models work better. They also confirm that 

intelligent ML-based systems could be used to reliably find ovarian cancer early.   

1. Introduction  

As the fifth most common cause of cancer-related death 

in women, ovarian cancer is a serious global health 

issue.  Early symptoms are vague and nonspecific, 

making it a silent killer that is diagnosed at an advanced 

stage when treatment results are subpar.  Early-stage 

ovarian cancer can have a five-year survival rate of over 

90%, but late-stage detection has a five-year survival 

rate of less than 30%.  In order to increase patient 

survival rates and quality of life, this start contrast 

highlighted the vital need for early and precise 

diagnostic techniques.  Physical examinations, CA-125 

biomarker testing, and transvaginal ultrasound are 

examples of conventional ovarian cancer diagnostic 

techniques. [1]. Although these methods are helpful, 

they usually don't have the sensitivity and specificity 

required for early detection. Additionally, non-

malignant conditions may raise CA-125, leading to 

false positive results. Computational intelligence (CI) 

and data-driven approaches are becoming more and 

more popular in the medical research community.  

When used on large clinical datasets, machine learning 

models have demonstrated significant promise in 

improving diagnostic accuracy.   

ML techniques are offered that can learn from data and 

make decisions without needing to be specifically 

programmed for particular tasks.  In complex datasets, 

machine learning algorithms can uncover hidden 

patterns that traditional statistical techniques might miss 

[2].  Many ML methods have been applied for ovarian 

cancer detection, ranging from classical models such as 

DT, RF, SVM, ANNs, and ERNN.  The DT approach is 

a simple and powerful method that mimics human 

decision-making through a series of if-then rules.  Its 

suggestions high interpretability and is frequently used 

as a baseline method. Though, DTs are likely to to 

overfitting and may have poor generalization accuracy 

to unseen data. RF is an ensemble learning method that 

builds multiple decision trees and aggregates their 

prediction, leading to enhance accuracy, robustness, and 

struggle to overfitting.  SVM is another approach which 

performance well in both linear and nonlinear data by 

utilizing kernel functions, making it suitable for 

biomedical applications where data is often complex 

and not linearly separable.  But, SVMs can be 
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computationally intensive when taking large datasets.  

ANNs simulate the biological neural networks of the 

human brain and are talented of modeling complex 

nonlinear relationships. However, their performance is 

highly dependent on the quality of data, the 

architecture, and hyperparameters.   

The ERNN is a kind of recurrent neural network (RNN) 

which is suitable for time-series analysis or sequence 

data [3].  ERNN is useful for applications involving 

dynamic and sequential patterns, like gene expression 

profiles or changes in biomarker levels over time, 

because it adds a context layer that allows it to retain a 

memory of prior inputs. Notwithstanding their promise, 

ERNNs can be difficult to train and may have problems 

like vanishing gradients.  The use of these ML models 

in the detection of ovarian cancer has been investigated 

in a number of studies in recent years. These studies 

have used a variety of data types, such as blood 

biomarkers, gene expression data, proteomics, and 

medical imaging. This study's main goals are to create 

and assess different machine learning and deep learning 

models for the early detection of ovarian cancer and 

look into how feature selection affects model 

performance. Finding the best model in terms of 

accuracy, sensitivity, specificity, and overall diagnostic 

capability is the main goal of the study.  The 

contribution of the paper is as follows,  

 Five models— DT, RF, SVM, ANN, and ERNN—

were implemented and evaluated on an ovarian 

cancer dataset. 

 The study explores the effect of feature selection on 

each model’s performance, demonstrating its role 

in improving predictive accuracy and model 

robustness. 

 Detailed evaluation was performed using key 

metrics such as accuracy, precision, recall, F1-

score, and AUC-ROC, both before and after feature 

selection. 

 The ERNN model was identified as the best-

performing classifier, particularly after feature 

selection, due to its superior ability to learn 

sequential and temporal patterns. 

Remaining sections of the paper is organized as follows: 

Section 2 discussed recent research papers.  Section 3 

shows the research methods.  Section 4 shows the 

experimental results with details results analysis.  

Section 5 discusses about the conclusion, limitations, 

and future enhancements of research work   

2. Related works  

Researchers have been working for detecting ovarian 

cancer and provided understanding information through 

thorough learning and research. The goal of continuing 

research in this area is to offer more efficient methods 

for getting the best results. Some recent methods that 

deal with the prediction of ovarian cancer are listed 

below.  Kumar et al. (2022) [4] developed a machine 

learning-based ovarian cancer screening model using 

risk factors.  Highest accuracy of 85.7% achieved using 

RF classifier which is an effectively integrates genetic, 

lifestyle, and clinical risk factors for robust prediction.  

Provides interpretable results aiding early identification 

of high-risk patients.  Supports cost-effective screening 

by reducing unnecessary invasive tests.  Enhances early 

detection and patient stratification in ovarian cancer 

prevention programs.  Singh et al. (2024) [5] proposed 

an innovative early prediction method for ovarian 

cancer by combining machine learning with 

Explainable Artificial Intelligence (XAI) techniques. 

The developed method achieved a highest accuracy of 

90.8% using an optimized Gradient Boosting model 

combined with XAI for interpretability.  This method 

enabled clear and understandable predictions, serving 

clinicians comprehend model conclusions.   

Chen et al. (2023) developed a novel fuzzy DL method 

for detection of ovarian cancer and it achieving a 

highest accuracy of 91.3%. The developed model 

efficiently handled the inherent uncertainty and 

inaccuracy present in data by integrating fuzzy logic 

with DL particularly noisy and imperfect clinical data.  

The developed method improves accuracy, robustness 

and interpretability when compared to traditional ML 

methods.   Zhang et al. (2024) [6] proposed an 

advanced multi-modality DL approach that integrates 

imaging, clinical, and genetic data to improve diagnosis 

accuracy. The developed approach achieved a highest 

accuracy of 93.1%, significantly outperforming 

conventional models.  The model achieved enhanced 

precision and sensitivity by leveraging DL methods 

capable of capturing complex and non-linear 

relationships across diverse data types.  This 

comprehensive integration facilitated early and reliable 

detection of ovarian cancer, which is crucial for timely 

intervention and effective treatment planning.  

Reddy et al. (2023) [7] presented a hybrid approach to 

ovarian cancer detection that blends traditional machine 

learning techniques with Genetic Algorithms (GA) for 

feature extraction and selection. By optimizing feature 
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subsets before classification to improve model 

performance, the developed method achieved the 

highest accuracy of 89.6%. Finding the most pertinent 

features in high-dimensional datasets is made possible 

by GA, which also effectively lowers computational 

complexity and increases classification accuracy.  When 

combined with GA-optimized features, SVM and RF, 

which were used as classifiers, demonstrated a strong 

ability to differentiate between cancerous and non-

cancerous cases.   Rani et al. (2023) used adaptive 

differential evolution (ADE) for feature selection and 

hyperparameter tuning to create an optimal machine 

learning approach for ovarian cancer detection.  By 

using ADE to dynamically adapt mutation and 

crossover approaches, the study aims to improve the 

performance of traditional classifiers and successfully 

identify the most discriminative features subset from 

complex datasets.  The SVM and RF models 

outperformed their non-optimized approach, achieving 

an accuracy of 90.7%. The developed model reduced 

training time and model complexity while achieving the 

highest accuracy. 

H. R. Farhan et al. (2024) [8] present an efficient 

technique for ovarian cancer identification using an 

ERNN, which can identify cancer from mass 

spectrometry data,. The topology of the network 

consists of two output nodes to show the status, five 

neurons for the context and hidden layers, and 100 input 

neurons for data reception. The suggested technique 

makes use of reduced-size characteristics, such as ion 

concentration levels at particular mass/charge values, 

which are trained using a variety of learning algorithms 

to choose the optimal one. 

3. Research methods  

DT, RF, SVM, ANNs, and ERNN are widely used ML 

models for classification and prediction tasks. DT and 

RF are tree-based models, with RF offering better 

accuracy through ensemble learning. SVM excels in 

high-dimensional spaces with a clear margin of 

separation. ANN can model complex nonlinear 

relationships, while ERNN, a type of recurrent neural 

network, is particularly effective for sequential or time-

dependent data. Each model has unique strengths and 

limitations, making them suitable for different types of 

problems.  The following subsection discusses about 

each in details.   

3.1 Random forest (RF)  

RF is an ensemble learning technique that builds a 

"forest" of multiple decision trees during training and 

merges their outputs to produce more accurate and 

stable predictions [9]. By employing distinct subsets of 

data and random subsets of features for every tree split, 

it adds unpredictability, which aids in decorrelating 

individual trees and minimizing overfitting. RF is made 

extremely robust by this ensemble approach, which also 

enhances generalization performance.  The capacity of 

RF to manage high-dimensional datasets with thousands 

of input variables without feature selection is one of its 

main advantages. Additionally, it offers feature 

importance scores, which are helpful for figuring out 

which variables have the biggest impact on the 

prediction. But compared to a single decision tree, it can 

be more computationally demanding and less 

interpretable, which could be problematic for 

applications that demand model transparency. In spite of 

this, it is still the method of choice for many real-world 

issues, such as image analysis, bioinformatics, and 

fraud detection. 

3.2 Decision tree (DT)  

A supervised machine learning technique that looks like 

a flowchart is called a DT[10]. It begins at a root node 

and branches out according to feature-value-based 

decision rules until it reaches leaf nodes, which 

represent classes or results. The traits that best separate 

the data are selected to build the tree using metrics such 

as Information Gain, Gini Index, or Entropy. DT are 

particularly useful in industries like healthcare and 

finance where explainability and transparency are 

essential because they are simple to comprehend and 

visually interpret.  Despite its interpretability and ease 

of use, DT has several disadvantages. They are prone to 

overfitting, especially when the data is noisy or the tree 

grows very deep. 

3.3 Support vector machine (SVM)  

SVM is an effective supervised learning model for tasks 

involving regression and classification. It operates by 

locating the best hyperplane in a high-dimensional 

space that maximally divides data points of various 

kinds [11]. SVM employs kernel functions to convert 

the input space into a higher dimension where a linear 

separator may exist when the data is not linearly 

separable. The crucial components of the training set 

that affect the hyperplane's position are the support 

vectors. Text categorization and gene expression data 

analysis are two applications that can benefit from 
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SVM's ability to perform effectively in high-

dimensional spaces and even when there are more 

dimensions than samples. SVM, however, can be 

memory-intensive and slow when used on big datasets. 

Its performance is also heavily influenced by the kernel 

selection and hyperparameter adjustment, such as the 

kernel coefficient (gamma) and regularization 

parameter (C). However, its excellent classification 

accuracy and capacity to represent intricate boundaries 

make it an effective machine learning tool. 

3.4 Artificial neural network (ANNs) 

The composition and operations of the human brain 

serve as an inspiration for ANNs[12]. They are made up 

of layers of nodes, or "neurons," where each node 

applies a non-linear activation function after applying a 

weighted sum of inputs. By using a technique known as 

backpropagation, in which errors are propagated 

backward to modify weights, ANNs can learn intricate, 

non-linear correlations in data. They are quite adaptable 

and may be applied to a variety of domains for both 

classification and regression problems.  demands 

significant computer resources and a significant volume 

of labeled data. Furthermore, ANNs may overfit, 

necessitating the use of regularization strategies such 

batch normalization and dropout. Notwithstanding these 

difficulties, they are essential to contemporary AI 

systems due to their adaptability and scalability. 

3.5 Elman recurrent neural network (ERNN)  

Elman proposed in 1990 a typical method called the 

ERNN [13].  ERNN framework shows in Figure 1.  The 

recurrent layer based on the hidden layer of the BPNN 

model is added to the ERNN, one type of feedback 

neural network; it can be thought of as a delay operator 

and introduces a memory function.   It maintains 

stability around the world and allows the network to 

adjust to dynamic, time-varying characteristics.   The 

ERNN model's topological structure typically consists 

of four layers: The signal is passed from an input layer, 

whose neurons are typically linear, to the hidden layer, 

where it is translated or increased using an activation 

function.  The connecting layer's responsibility is to 

accept the hidden layer's output and provide feedback 

with the information matching the previous instance to 

the hidden layer to create a local ring structure. The 

output value of the neural network is more by the real 

development trend of the data because the connecting 

layer unit has a delayed memory impact on the features 

contained in past data.  The findings are finally output 

via the output layer.   The ERNN is based on the 

BPNN’s structure, but it joins the output of the hidden 

layer to its input automatically according to the context 

layer's delay and storage functions.  This internal 

feedback process can enhance the neural network's 

capacity to handle dynamic information because how 

this joining happens is sensitive to the historical data of 

the neural network itself.  The system can adjust to 

time-varying characteristics based on this mapping of 

the dynamics to a stored internal state.   A recurrent, an 

output, a hidden layer, and an input layer make up an 

ERNN.   One or more neurons are present in each layer, 

and they transmit data or samples by computing a 

nonlinear function of the weighted sum of the input 

samples.  The definition of the input layer's 

mathematical model is 

Xit(k) = ∑ Xit(k − 1)n
i=1                                                              

(1) 

Here, itX  - denote an input at time t with n  number of 

neurons.  The input model for each neuron in the hidden 

layer is as follows: 

netjt(k) = ∑ WijXit(k − 1) +n
i=1 ∑ Cjrjt(k)

p
j=1                                              

(2) 

ijW - weights between input and hidden layer.  jC - 

weights between hidden and recurrent layers.  The 

hidden layer's output is as follows: 

Zjt(k) = f(netjk(k) =

∑ WijXit(k − 1) +n
i=1 ∑ CjRjt(k)

p
j=1

                                  (3)

            

 

The recurrent layer is defined as follows: 

Rjt(k) = Zjt(k − 1)                                                               

(4) 

The output layer is defined as follows: 

Yt(k) = f(∑ VjZjt(k)
p
j=1                                                              

(5) 

The network errors of ERNN are as follows,  

E = ∑ (tt − yt)
2m

k=1                                                               

(6) 

Here, tt – target value and yt – predicted value.  The 

updating of each weight matrix may be calculated using 

the following formula to reduce E.   

W(t + 1) = W(t) − μ
∂E

∂w(t)
                                                 

(7) 

Here, μ  is the learning rate.   
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4. Experimental results analysis 

The analysis of results plays a critical role in evaluating 

the effectiveness, reliability, and clinical relevance of 

machine learning models applied to ovarian cancer 

detection. By systematically comparing the 

performance of various classifiers such as DT [14], RF 

[15], SVM [16], ANNs [17], and ERNN across key 

metrics like accuracy, precision, recall, F1-score, and 

AUC-ROC, the study identifies not only the most 

promising model but also the conditions under which 

each model performs best.  The parameters setting of 

ERNN shows in Table 1 and Figure 2 shows the 

overview of proposed method.   

 
Figure 1 : Overview of proposed method  

4.1 Data collection  

Here, we have selected 349 individuals with OC 

from the Kaggle website 

(―https://www.kaggle.com/saurabhshahane/predict-

ovarian-cancer‖), comprising 178 cases of benign 

ovarian cancer and 171 cases of OC from the Third 

Affiliated Hospital of Suzhou University between July 

2011 and July 2018 [2].  The data set is split into two 

sections: 30% of OC patients make up the testing set, 

while 70% of OC patients make up the training set.   

The selected data set consists of 49 predictor variables, 

including age, menopause, six tumor markers, 22 

general chemical tests, and 19 normal blood tests. None 

of the patients had prior radiation or chemotherapy, and 

all patients obtained a case 146 diagnosis following 

their operation. The World Health Organization's 

criteria were used to classify the histological type of 

diagnosis [18].  Raw data must be normalized before 

the prediction phase with numerical data spanning 

significantly different ranges. Then, using the min-max 

normalization approach, all data will be turned into 

values between 0 and 1, as seen below [19, 20].  

x =
x−min(x)

max(x)−min(x)
                                                  (8)  

The present value is denoted by x, whereas the 

maximum and minimum values are represented by 

max(x) and min(x).      

Table 1: Performance measures 

ERNN 

Parameter Value 

Training method Adam 

Objective functions MSE 

Learning rate 0.05 

Activation  
TanH, 

Sigmoid 

Number of training epochs 1000 

Error condition 0.0005 

Range of weights [-0.5- 0.5] 

4.2 Performance measures  

Performance analysers are employed to assess the 

efficacy of ML techniques.  This study compares the 

performance of prediction algorithms using four 

performance indicators: accuracy, precision, recall, and 

F-measures.  A list of them is given below [21],  

 Accuracy: a model's accuracy, which measures its 

correctness, may be stated as follows: 

Accuracy =
TP+TN

TP+FP+TN+FN
                                             

(9) 

 Precision: The proportion of correctly recognized 

samples (positive) inside all identified samples 

https://www.kaggle.com/saurabhshahane/predict142ovarian-cancer
https://www.kaggle.com/saurabhshahane/predict142ovarian-cancer
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(positive) is known as precision [22], and it may be 

expressed as follows: 

Precision =
TP

TP+FP
                                                (10) 

 Recall: Recall conveys the classifier's ability to 

accurately categorize samples inside a specific 

class, which is as follows: 

Recall =
TP

TP+FN
                                                    

(11) 

 F-Measures: By balancing Precision and Recall, the 

F1-score is employed in situations where there is a 

class imbalance in the data, which is as follows: 

F − Measures =
2 ×Precision × Recall

Precision+Recall
                               

(12) 

False negative (FN) indicates diseases that were not 

correctly predicted, while false positive (FP) indicates 

mistakenly assumed normal. True negative (TN) 

indicates accurately anticipated normal, while true 

positive (TP) indicates effectively predicted disease.   

4.3 Discussions  

The comparative evaluation of machine learning and 

deep learning models for ovarian cancer detection, as 

presented in Tables 2 and 3 and Figures 4 and 5, reveals 

the significant impact of feature selection on 

classification performance. Before feature selection, the 

DL models—particularly the ANN and ERNN—

outperformed traditional machine learning models in all 

performance metrics. The ERNN model achieved the 

highest AUC-ROC value of 0.94 and maintained high 

precision and recall, indicating its strong capability to 

learn temporal and sequential patterns from the data.  

ANN also demonstrated strong results with a 89 % 

accuracy and an F1-score of 87.1%. 

After applying feature selection, all models exhibited 

performance improvements, confirming that irrelevant 

or redundant features can negatively affect model 

generalization and learning efficiency. The optimal 

features are selected based on feature importance score 

using RF algorithm which is shows in Figure 3.  Feature 

selection enhanced the discrimination ability of the 

models by reducing noise and dimensionality. The 

ERNN model again stood out, with its accuracy 

increasing to 92.5%, and AUC-ROC improving to 

0.96—the highest among all models—demonstrating its 

robustness and adaptability when trained on optimized 

feature sets. Similarly, ANN and RF showed 

considerable gains, with ANN reaching 92.1% accuracy 

and an AUC of 0.95, while RF achieved 91.0% 

accuracy and an AUC of 0.94. SVM and DT also 

showed measurable improvements, although they 

remained slightly behind the deep learning-based 

models. 

These findings highlight two key insights: (1) DL 

models, especially ERNN, are highly effective in 

handling complex, high-dimensional datasets like those 

involved in cancer diagnosis, and (2) feature selection is 

a critical preprocessing step that can substantially boost 

model performance across all types of learning 

algorithms. The synergy between optimized input 

features and advanced learning architectures can 

significantly improve diagnostic reliability, making this 

combination highly promising for early-stage ovarian 

cancer detection. 

 

Figure 2 : Feature important score obtained by RF 

algorithm 

Table 2 : Performance results based on different ML 

methods before selection  

Mode

l 

Accurac

y (%) 

Precisio

n (%) 

Recal

l (%) 

F1-

Scor

e 

(%) 

AUC

-

ROC 

DT 85.2 83.5 84.5 84.0 0.86 

RF 89.8 87.9 88.8 88.3 0.92 

SVM 88.3 86.3 87.5 86.9 0.91 

ANN 89 87.7 88.6 87.1 0.93 

ERN

N 
89.8 88.2 89.3 88.7 0.94 

 

Table 3 : Performance results based on different ML 

methods after feature selection 

Mode

l 

Accurac

y (%) 

Precisio

n (%) 

Recal

l (%) 

F1-

Scor

e 

(%) 

AUC

-

ROC 

DT 87.3 85.4 86.2 85.8 0.88 
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RF 91.0 89.6 90.2 89.9 0.94 

SVM 89.5 87.4 88.5 87.9 0.93 

ANN 92.1 90.8 91.5 91.1 0.95 

ERN

N 
92.5 91.2 91.9 91.5 0.96 

 

 

Figure 3 : Performance results based on different ML 

methods before selection 

 

Figure 4 : Performance results based on different ML 

methods after feature selection 

5. Conclusions  

This study demonstrates the effectiveness of ML and 

DL models for the early detection of ovarian cancer. 

Among the five models evaluated—DT, RF, SVM, 

ANN and ERNN—the deep learning-based ERNN 

model achieved superior results in terms of accuracy, 

F1-score, and AUC-ROC. The application of feature 

selection techniques significantly improved the 

performance of all models by eliminating irrelevant 

attributes and enhancing learning efficiency. Notably, 

the ERNN model reached an accuracy of 92.5% and an 

AUC-ROC of 0.96 after feature selection, indicating its 

strong potential in medical diagnostic applications. 

These results highlight that integrating optimized 

feature selection with advanced learning models can 

lead to highly reliable and accurate diagnostic tools for 

ovarian cancer.   
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