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ABSTRACT

Recently, there has been a significant increase in the quantity of research focusing on the use of machine learning
techniques to develop a model for PCOS detection. Given that the illness frequently affects women who are of
reproductive age and results in infertility, the reasoning for this development is understandable. PCOS symptoms
can fluctuate over a patients’ lifetime, making it difficult to diagnose. Irregular menstrual cycles, acne, hirsutism,
and alopecia are common symptom, but their severity and presence can vary widely among patients. This study
proposes investigating the workability of Random Forest (RF) in Polycystic Ovary Syndrome detection. The study
utilized five models of random forest based on these parameters; estimators, bootstrap, depth, maximum features,
maximum leaf nodes which was examined during the experimentation to ascertain the viability of the model. Model
3 of the random forest outperformed other models with an accuracy of 87.96% at 300 estimators, a true bootstrap,
zero depth, maximum features is square root, and zero maximum leaf nodes.

KEYWORDS: Polycystic Ovary Syndrome (PCOS), Random Forest (RF), Bootstrap, Depth, maximum features,
maximum leaf nodes.
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1. INTRODUCTION

Stein-Leventhal Syndrome, often known as Polycystic Ovarian Syndrome, is an endocrine disorder that affects 5-
10% of women of reproductive age. ( Wang et al., 2022; Roy & Alvi, 2022; Chen et al., 2023; Harish et al., 2023
;Mojahed et al., 2023). Today's female population is significantly impacted by problems such as preterm abortions,
infertility, anovulation, and other factors. Infertility have been shown to be significantly influenced by the condition
known as Polycystic Ovary Syndrome (PCOS), which is frequent in women of reproductive age (Ekundayo et al.,
2022). Almost 60-70% of women with PCOS have hypothyroidism, 60-80% have raised testosterone levels, and 70-
80% have metabolic problems such as obesity and an increased BMI (Hassan & Mizra, 2020).

Patients suffer from physical and psychological difficulties such as menstrual disruption, infertility, hirsutism, acne,
obesity, insulin resistance, hypertension, mental problems, lipid disorders, diabetes, cancer, hair loss, metabolic
syndrome, excessive levels of androgen, cardiovascular disease, bipolar disorder, hormonal imbalance, sexual
dysfunction, extreme weight gain, depression, anxiety disorders are all symptoms of the chronic and diverse
endocrine condition known as Polycystic Ovary Syndrome (Kaushik and Mishra, 2023; Ganie et al., 2023; Wu et
al., 2023; Mogos et al., 2024; Khushal and Fatima, 2024). A variety of endocrine and metabolic disorders that
impair fertility are present in Polycystic Ovary Syndrome, a condition with an unclear cause. In addition to having
trouble getting pregnant, PCOS women are more likely to miscarry, develop gestational diabetes, preeclampsia,
pregnancy-induced hypertension, and greater fetal morbidity than other women. The pancreatic hormone insulin,
widely known for its crucial function in glucose metabolism, also plays a key part in reproduction. PCOS patients
with concomitant insulin resistance (and resulting hyperinsulinemia) experience poor preghancy outcomes and
problems with fertility (lonescu et al., 2023; Rahman et al., 2024).

Several clinical techniques, such as in vitro fertilization (I\VF), have been developed and employed to get around this
problem. The increasing number of couples seeking in vitro fertilization (IVF) globally has made infertility a global
health concern, highlighting the devastation caused by this issue. Due to incorrect diagnosis, some couples have
multiple 1VF cycles and are still childless. There are more dangers and costs associated with IVF for women.
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Polycystic Ovary Syndrome (PCOS), a complicated disease with a range of phenotypes involving problems in
metabolism, reproduction, and endocrine function, is one of the most common illnesses affecting premenopausal
women (Hussein & Karami, 2023). However, in order to ensure accurate and suitable identification of disease
indicators, various research projects have focused on the use of cutting-edge technologies based on artificial
intelligence and machine learning.

Artificial intelligence (Al), particularly machine learning models, is a pioneering example of such technologies.
They have the ability to categorize and forecast the probability of PCOS condition. A few of these models are
Support Vector Machine (SVM), XGBoost, Logistic Regression (LR), Adaboost (AD), Gradientboost (GB) Naive
Bayes (NB), K-Nearest Neighbor (KNN), Random Forest (RF), and Multi-Layer Perceptron (MLP) (Kumari et al.,
2023 ; Mou et al., 2023; Prasher et al., 2023; Jaiswal et al., 2024 ; Kumar et al., 2024). Of course, numerous
scholars in this field have attempted on multiple occasions to apply these models to efficiently detect the condition
given the facts at hand. Unfortunately, because of the unbalanced nature of the datasets, the precision has been
distorted and constrained.

This study will look into the practicality of employing random forest to diagnose polycystic ovarian syndrome. This
would be achieved by severally tuning the hyperparameters of the dataset obtained from the work of Sreejith et al.,
(2022) via kaggle repository. The experiment to conduct the viability of random forest in this given dataset leverages
on five parameters that is, bootstrap, depth, maximum features, maximum leaf nodes, and more importantly, the
estimators. The choice of random forest is motivated by Simi et al., 2017; Mehr & Polat, 2021; Sreejith et al., 2022;
Tiwari et al., 2022; Mridul et al., 2024 in these literatures it has been proven that random forest is effective in terms
of reducing overfitting and improves overall accuracy, suitable for datasets with many features, less sensitive to
noisy data and can handle missing values in data.

In this research, Random Forest assists clinicians in making faster and more accurate diagnoses, thereby reducing
the time and cost associated with the diagnosis. Five models of random forest based on the five parameter of
estimators, bootstrap, depth, maximum features, and maximum leaf nodes are examined during the experimentation
to ascertain the viability of the model. Therefore, the remaining sections of the research are organized as follows:
section 2 presents the account of the related works, and the proposed methodology is presented by section 3. Others
are results discussion and conclusion, which are presented by sections 4 and 5 respectively.

2. LITERATURE REVIEW

Based on literatures, there are different approaches to PCOS prediction. However, machine learning approach has
been identified to have a significant contribution in mitigating the flaws associated with PCOS prediction based on
other approaches. In view of this development, this review article has investigated systematically the application of
optimization algorithms to predict PCOS but considering textual datasets in this context. Several approaches such as
optimization algorithms to aid the prediction of the disease at an early stage have been reported in literatures.
Sreejith et al., (2022) aims to create a classification framework for the creation of a clinical decision support system
that will help doctors keep track of PCOS. The selection of features was done via a wrapper method which
comprises of Red Deer Algorithm (RDA) and a random forest classifier. The RDA was utilized by researchers to
identify the best characteristics and the random forest was used to assess them. From the kaggle repository, a total of
541 data points with 37 instance were obtained. The preprocessing subsystem handles the dataset's outliers and noise
using the z-score statistical metric. The evaluation matrices used in this study are accuracy, specificity and
sensitivity.

Early detection and prognosis of PCOS are extremely important Denny et al., (2019) used a sample size of 541 to
detect and predict PCOS at an early stage, focusing on an ideal and minimal but promising metabolic and clinical
parameter.. Six traditional machine learning models were used which are Naive Bayes classifier method, Logistic
Regression, K-Nearest Neighbor (KNN), Classification and Regression Tree (CART), Random Forest classifier,
Support Vector Machine (SVM). The RFC outperformed other learning models used in terms of accuracy (89.02%).
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Out of the 541 samples gotten from the city of Thrissur 364 cases were non-PCQOS and 177 cases had PCOS. 23
features were listed out of which 8 features were finally considered after PCA (Principal Component Analysis) was
used for feature transformation. Spyder Python was used for model formation, HTML with SQL for designing a
proper interface for inputting of patient data into the system and PCOS status is being obtained as an output. SPSS
V22.0 was used for establishing the relevance of the features. Further studies can be done on impact of PCOS on
preterm abortions, effects of vitamin D on PCOS patients, attempts to unveil the number of lean PCOS patients.
However, it was admitted by the researchers that the accuracy obtained in this study is relatively low compared to
other literatures reviewed in this study a better accuracy can be obtained by enhancing the weight parameters of
classifiers performance.

The work of Prapty & Shitu, (2020) aim at detecting the presence of PCOS in a patient by developing an efficient
decision tree and also by comparing the performance analysis of different traditional machine learning models. A
total of 542 dataset with 31 features was obtained from ten different hospitals out of which 177 patients are PCOS
positive and 365 patients are PCOS negative. The Principal Component Analysis (PCA) was employed as the feature
selection technique in this study. The researchers employed four different traditional machine learning models in this
study which are SVM,RF,KNN and Naive classifiers. Out of these algorithms Naive classifiers and Random Forest
performed best with accuracies of 93% and 93.5% respectively. This study considered Accuracy, Precision, Recall
and F1 score as the confusion matrix employed.

The literature of Inan et al., (2021) aim at integrating XGBoost algorithm to classify future instances of PCOS data.
A total of 540 samples with 41 features was gotten from Kaggle repository. Seven machine learning algorithms such
as: SVM, KNN, RF, MLP, NB, adaboost and XGBoost were used in this study. It can be deduced that XGBoost
outperformed other ML algorithms used in terms of accuracy, recall, precision and F-score for both PCOS and non-
PCOS cases. SMOTE and and ENN (Edited Nearest Neighbor) was used in this study as the technique for data
preprocessing. Further studies can be done by including CNN in an optimized form to improve our model and also
an extensive hyper parameter tunning of ML models and more improved feature selection can be worked on to
obtain a better performance. However, the researchers equally admitted that the size of the sample data set used in
this research is relatively small.

There are many features which helps in determining the PCOS status of a patient to this end Nandipati et al., (2020)
discover which machine learning model is more effective at detecting the PCOS disease, as well as the features that
contribute to the disease’s prognosis. In this study a dataset with a total of 541 from surveys, doctor consultations,
and clinical examinations was taken into account. Eight features were taken from a total of 23 features, which
included clinical and metabolic data using SPSS V.2.0. KNN, SVM, RF, NB, NN, Bagging and Adaboost are the
sedven machine learning techniques utilized in this study to assess the disease. For Rapidminer’s accuracy
(93.12%), random forest performed best. The data were preprocessed using Synthetic Minority Oversampling
Technique (SMOTE). Future research recommends using 10 features and all available attributes to create a better
model for the PCOS data set. Rapidminer, cannot however, be employed as a general rule in machine learning
algorithms, it was also acknowledged, as performance depends on dataset, sampling and preprocessing procedures.

Bharati et al., (2020) focuses on the data driven diagnosis of PCOS in women. From the Kaggle library, a total of
541 samples with 43 attributes were obtained. Different machine learning models, including, GB, RF, LR and a
hybrid of RF and LR were used. The feature selection method utilized in this study to determine the importance of
the characteristics and their scores was a Univariate Feature Selection algorithm. Using 40-cross fold validation, the
hybridized model outperformed other models in terms of recall and accuracy. Data preprocessing steps in this study
include data labeling and encoding non-numeric columns. The classification accuracy of machine learning models
can be improved in the future research by creating a variety of hybrid techniques. The literature of Raut et al.,
(2022) literature aims to help in early identification and prediction of PCOS therapy from an optimal and minimal
collection of criteria that have been statistically examined.
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It was reported that the researchers made use of seven machine learning models (RF, DT, SVC, LR, K-NN, XGBRF,
CatBoost classifier). The data set used in this study was gotten from Kaggle repository. The platform used for the
machine learning models implementation in this study is the Jupyter Notebook and python programming language.
The data used in this study was cleaned using the Pandas and Numpy2. Out of all the seven machine learning
classifiers used in this study the CatBoost classifier performed best with an accuracy of 92.64%.

The literature of Duttal et al., 2021 aim at detecting and predicting PCOS using machine learning models and
SMOTE. 541 records having 14 attributes were gotten from the UCI repository. Five machine learning models (RF,
LR, DT, SVM and KNN) were used in this study. Principal Component Analysis (PCA) was used for feature
extraction. Data was preprocessed using the standard scalar technique and SMOTE was used as the optimization
technique. The SMOTE based LR performed best in terms of accuracy, training time, F1 score, recall, prediction and
area under the ROC (97.11%, 0.010 sec., 98%, 98%,98% and 95.6%). Future studies can be done by embedding IOT
technology with the proposed model that so patient’s health parameters can be incidentally call the shots for
developing a compelling health care system. However, the researchers admitted that the size of dataset used in the
course of the study is small.

Nowadays, Polycystic Ovary Syndrome (PCOS) affects many women of reproductive age, making it a prevalent
concern. It is a hormonal disorder that causes irregular, delayed, or absent menstrual cycles in the female body.
However, the study of Rahman et al., (2024) aim to employ machine learning models to identify patterns in this
disorder. The dataset used for this research contains records for 541 patients. The information learned is then
inputted into various algorithms to assess accuracy, specificity, sensitivity, and precision using different ML models,
such as Logistic Regression (LR), Decision Tree (DT), AdaBoost (AB), Random Forest (RF), and Support Vector
Machine (SVM). The research utilized the Mutual Information model for feature selection and compared the models
to determine the most accurate one. The pitfall of this study is that the data set used is obtained from a single source.
Early detection and treatment are critical for avoiding long-term problems from polycystic ovarian syndrome. The
study of Kumar et al., (2024) proposes a thorough data preprocessing, feature engineering, and exploratory data
analysis (EDA). The refined dataset was used to classify PCOS using several default machine learning (ML)
techniques such as LR, LDA, GNB, SVM, XGB, DT, AB, RF, and KNN. To improve the model's performance, this
study combined all of the ML models with Particle Swarm Optimization (PSO). Remarkably, the proposed
LR+PSO model attained the best accuracy of 96.30%, indicating excellent competency with an 80:20 train-test ratio.
It increased sensitivity to 94.44%, indicating better detection of positive cases, while maintaining the greatest
specificity (97.22%) and accuracy (94.44%) among other models. Overfitting is possible, especially if the model is
well tuned for training data but performs poorly on unseen data, which is a common problem with complex swarm
intelligence algorithms.

Polycystic Ovary syndrome (PCOS) is the most common serious health problem in women worldwide. The study of
Kumari et al., (2023) proposes a SmS: SMOTE-Stacked hybrid model, for the early diagnosis of PCOS. This study
combined the ensemble technique °‘stacking’ with oversampling technique Synthetic minority oversampling
technique. In the Stacking ensemble technique, training is performed at two levels: base level and meta level. This
study utilized six machine learning classifiers LR, SVM, DT , RF, NB, and AdaB as base leaners at the base level
and consider each of these classifiers separately at the meta-level to implement SmS hybrid models: Stack-LR,
Stack-SVM, Stack-DT, Stack-RF, Stack-NB and Stack-AdaB. Standardization, SMOTE and Backward Feature
Elimination (BFE) are performed before training the classifiers. The performance of the individual classifiers was
evaluated and hybrid models on PCOS dataset (Imbalanced) taken form the Kaggle Repository and observe that
Stack-AdaB shows the most encouraging results. Its key drawback is its dependency on SMOTE-based synthetic
data augmentation, which can introduce noise into the dataset even though it is useful for addressing class
imbalance. The model's capacity to effectively generalize to real-world situations may be hampered by this noise.
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3. METHODOLOGY
The proposed methodology in this study is characterized as a multi-stage strategy that starts with the data source and
ends with the model validation. The explanation and the stages involved are shown in Figure 1.

[ Data Source H Data Analysis J—{
b
[ Model Training ]4—{ Feature Selection }—[ Data Balancing J

Data Preprocessing }

A

[ Model Validation

Figure 1: Multi-Stages Methodology

The multi-stage approach adopted in this study began with data collection which was obtained from the Kaggle
Repository with a size of five hundred and thirty-eight (538) data points and forty-one (41) features and ended with
model validation. Basically, this study focuses on the model training. Figure 2 depicts the numbers of random
forest’s models considered in this work. Figure 2 depicts the five models used for experimenting the random forest
(RF) and the number of estimators used by each of the models. Models 1 and 3 made used of 300 estimators each.
Models 2 and 4 employed 200 estimators each. Model 5 made use of 100 estimators. The depth is another critical
parameter considered in this study during the hyperparameter tuning of the algorithm. Models 1 and 3 had a zero
depth, models 2, 4, and 5 had a depth of 20 respectively. All the models had a true bootstrap, maximum leaf nodes
for all models are none, and the maximum features used are square root. The algorithmic representation for the best
model of RF is shown in Table 1.

. Y Model 1 | Model 2
Model Training i (Estimators=300) i (Estimators=200)
A
Model 5 < Model 4 " Model 3
(Estimators=100) (Estimators=200) (Estimators=300)

Figure 2: Random Forest and the Number of Estimators Used

From the algorithm as shown in Table 1, the raw PCOS dataset is inputted where each and all of the inputted text is
preprocessed to eliminate unwanted text; consequently, the text produced is known as candidate terms (tc) as shown
by lines 1 to 3. Thereafter, the candidate terms (tc) were fed into the enhanced red deer algorithm, and the selected
feature text (tr) was produced as shown in line 4. Initialization of the counter (i) and number of models (n) was done
as shown in line 5. Then a while loop was introduced in line 6. Then a mathematical model to calculate the model
output was formulated in line 7, where d; is the bootstrap, dk is the number of estimators, and [a is the accuracy. If
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the model counter is greater than M. it prints the best model as shown in line 9. From lines 11 to 13 the if, while
and for loops were terminated.

Table 1: Algorithmic Design for a Five Based Model of Random Forest.

Algorithm 1: A Five Based Model of Random Forest

Input: t
Output: Returns My
Parameters: ~ Python  Packages  and  classes  such as  edu.  Standford.nlp.tagger.maxent....,

py.io.BufferedReader,py,io.FileReader (list); PCOS dataset (t), Preprocess Fxn ();Accuracy (a), candidate term
(tc), best model (Ms), counter (i), number of models (n),seledted feature text (t;), model output (My), bootstrap (),
estimators (ox),max_leaf (m;),max_leaf _node(mn), depth (mgq), enhanced red deer algorithm (eRDA), accuracy (acc),
model counter (m;)

1. Inputt

2. Forall t preprocess Fxn (t)
3. t. < preprocessTxn (t)
4, t <— eRDA(t)

5. i=0,n=5

6. While (i< =n)

7. Mo: 5b/ 5k . .[acc

8. If Mi> Mi+1 Then
9. { Print My
10. Else If i++
11. End If

12. WEND

13. End

4. SUMMARY AND DISCUSSION

This section discusses the results obtained from the experiment carried out on random forest based on the five major
parameters that is, estimators, bootstrap, depth, maximum features, and maximum leaf nodes. Table 2 shows the
results of hyperparameter tuning for the five models of the algorithm.

Table 2: Random Forest’ Models Results

Model Estimators Bootstrap Depth Maximum Maximum Accuracy
features Leaf Nodes (%)
Model 1 300 True None Square Root None 87.04
Model 2 200 True 20 Square Root None 86.11
Model 3 300 True None Square Root None 87.96
Model 4 200 True 20 Square Root None 87.07
Model 5 100 True 20 Square Root None 87.04

Table 2 shows the result of the random forest models. Models 1 and 3 used a total of 300 estimators, had a true
bootstrap, they had no depth and no maximum leaf nodes and the maximum features used by both models is square
root. Models 2 and 4 used 200 estimators, they both had a true bootstrap, a depth of 20, no maximum leaf nodes and
a maximum features of square root. Model 5 used a total of 100 estimators, a true bootstrap, a depth of 20, no
maximum leaf node, and a maximum feature of square root. Models 1, 2, 3, 4, and 5 achieved and accuracy of
87.04%, 86.11%, 87.96%, 87.07%, and 87.04% respectively. However, surprisingly model 3 gains a better accuracy
compared to the previous models. This gain would have been attributed to the number of estimators but conversely,
the accuracy of model 1 does not suggest it; this is because both models used the same number of estimators. Thus,
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model 3 outperformed the other models. Figure 3 shows the number of estimators used each of the models. Figure 3
shows the number of estimators used by each model of the algorithm. At model 1 and model 3 a total of 300
estimators were used.

Estimators
350
300
250
200
150
100
0
Model 1 Model 2 Model 3 Model 4 Model 5

Figure 3: The Number of Estimators used by each Models of the Algorithm

Models 2 and 4 used 200 estimators each and model 5 used 100 estimators. Each of the models presents it result in
confusion matrix, hence for emphasis sake; Figure 4 shows a graph of the accuracies obtained by each of the
models. Figure 4 depicts the accuracies obtained by each random forest models. Models 1 aand 5 had an accuracy of
87.04%, model 2 had an accuracy of 86.11%, model 4 had an accuracy of 87.07%, and model 3 achieved an
accuracy of 87.96%. The model 3 outperforms other models of random forest in terms of accuracy. Figure 5 shows
the random forest’s confusion matrix model 3 being the best model that reported the highest accuracy.

Accuracy (%)

88.5

88
87.5

87
86.5

86
85.5 I

85

Model 1 Model 2 Model 3 Model 4 Model 5

Figure 4: Accuracies obtained by each of Random Forest Models

Figure 5 shows the random forest confusion matrix for model 3. The experiment is conducted to determine the
performance of random forest which leverages on five parameters that is, estimators, bootstrap, depth, maximum
features, and maximum leaf nodes. Model three is the model that performed best in terms of accuracy 87.96%
utilizing 300 estimators, a true bootstrap, nil depth, maximum features as square root, and a nil maximum leaf node.
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Random Forest Confusion Matrix - Model 3
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Figure 5: Random Forest Confusion Matrix for Model 3

5. CONCLUSION

Polycystic Ovary Syndrome (PCOS) is a common cause of infertility in women, affecting many of them at
reproductive age and sometimes continuing long after they reach childbearing age. It is an indisputable fact that
there have been ongoing efforts in recent times to utilize different traditional machine learning techniques in early
detection of Polycystic Ovary Syndrome. To this end, this research aim to experiment the performance of random
forest in Polycystic Ovary Syndrome Detection by rigorously considering the five models of random forest based on
the five parameters that is the estimators, bootstrap, depth, maximum features, and maximum leaf nodes. Models 1
and 3 used a total of 300 estimators, had a true bootstrap, they had no depth and no maximum leaf nodes and the
maximum features used by both models is square root. Models 2 and 4 used 200 estimators, they both had a true
bootstrap, a depth of 20, no maximum leaf nodes and a maximum features of square root. Model 5 used a total of
100 estimators, a true bootstrap, a depth of 20, no maximum leaf node, and a maximum feature of square root.
Models 1, 2, 3, 4, and 5 achieved and accuracy of 87.04%, 86.11%, 87.96%, 87.07%, and 87.04% respectively.
However, surprisingly model 3 gains a better accuracy compared to the previous models. This gain would have been
attributed to the number of estimators but conversely, the accuracy of model 1 does not suggest it; this is because
both models used the same number of estimators. Thus, model 3 outperformed the other models.
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