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ABSTRACT: 

Polycystic ovary syndrome (PCOS) affects women of childbearing age. PCOS is a condition 
where women have irregular menses, obesity, hyperandrogenism, type 2 diabetes mellitus, 
cardiovascular diseases, etc. Awareness of PCOS has been one of the most important concerns 
for female fertility as PCOS patient has different risks associated with health, among the above-
listed risks, the major risk is infertility. In this study, we developed a Model for predicting 
PCOS among adolescent girls. The questionnaire was prepared by considering different 
symptoms related to PCOS and applying machine-learning techniques to detect and raise 
awareness of PCOS. A total of 21 features were available then feature selection techniques 14 
best features among them were selected, we used, SMOTE(Synthetic Minority Oversampling 
Techniques) with under sampling to solve the problem of class imbalance, and then traditional 
and Ensemble ML models were created, we compared output from both conventional and 
ensemble models, and select the best model among them. We split the dataset 80:20, and results 
showed that the ensemble technique did better than a traditional method, where Extra Trees 
had 91.70% and BRF achieved an accuracy of 90.30%. 
 

Keywords: Machine Learning, Polycystic ovarian syndrome (PCOS, feature selection, disease 
prediction. 

 

I. INTRODUCTION 

Polycystic ovarian syndrome is one of the common endocrinopathy disorders during women’s 
reproductive phase, which leads to infertility [1]. Ovaries play an important part in the 
reproductive system; Women have 2 ovaries that grow eggs and secrete estrogen and 
progesterone hormones. The ovaries make the egg that is released each month as part of a 
healthy menstrual cycle. If women have PCOS, the egg may not develop as it should, or it may 
not be released during ovulation as it should be [2]. PCOS was first reported by Stein and 
Leventhal in 1935.[42] 

In the Medical field, bulk of data is generated regularly, which consists of all the information 
related to patients, So the paper is part of research where the author follows questions when 
doctors examine patients through physical examination and questions. In this Model prediction 

mailto:priyanka_pariyawala@yahoo.com
mailto:pydesai@vnsgu.ac.in


system, all the parameters that are important for predicting the disease are included, so it is 
possible to predict the disease efficiently and more accurately. Our research provides model 
descriptions to confirm efficiency, effectiveness, and trust in the developed model. The model 
works on traditional ensemble model techniques. Feature selection techniques are compared 
with different ML models, and proposed models to forecast PCOS in adolescent girls. 

This paper's primary contributions are as follows. 

1. Developed a simple, automated, accurate, and reliable machine-learning model for 
predicting PCOS in adolescent Girls 

2. Applying feature selection (FS) to reduce data dimensionality and select the optimal 
feature, and applying SMOTE for class imbalance, 

3. We build a traditional model and an ensemble model to predict PCOS and select the 
best model out of them based on accuracy, precision (P), recall (R), F1 score (F1), and 
area under the receiver operating characteristic (ROC) (AUC) curve. 

This paper is divided into five sections: Section 2 describes existing research and review, 
Section 3 and Section 4 methodology and results compared with traditional and ensemble 
techniques, and Section 5 Conclusion. 

2 Background Study 

PCOS leads to many health problems, including anovulation, type 2 diabetes, cardiovascular 
problems, hypertension, insulin resistance, and so on[10-12].The past studies related to 
predicting PCOS are analyzed in this section. Our major reviewed papers from 2018 to 2024,  
180 papers were reviewed, and 30 papers for this study were finalized. PCOS condition is most 
challenging for young women as it directly affects infertility at a later stage [3]. Polycystic 
ovary syndrome or PCOS is an illness that impacts women of childbearing age and is 
characterized by several features[23,24]. Anyone suffering from the condition needs to go 
through an appropriate diagnosis as the first step to receiving the right therapy for PCOS. 

 [4] described symptoms, causes, and treatment for PCOS. She has to describe various data 
mining techniques such as fuzzy logic, Machine learning techniques, statistics, and Rough set 
techniques. The Author also stated that ANN will be used for future work. Emir et al [5] 
developed a predictive model from six-week observation data to predict the response to 
pregabalin for the treatment of neuropathic pain. The training dataset had information about 
9,187 patients and the testing dataset contained 6,114 patient information. They used 8 
predictors to analyze resu5k, 54lts. The prediction suggested that adhering to a pregabalin 
medication regimen is essential for an ideal end-of-treatment result.  

[13]compared different models, ANN, CNN, SVM, DT, and KNN also applied feature selection 
methods to diagnose PCOS. They get the highest accuracy from RF. [14] used Gini importance 
to select features. They applied different ML models: KNN, DT, SVM, LR, and NB, to detect 
PCOS. Based on the accuracy, DT recorded the highest rate. For feature selection, Agrawal et 
al. Author [15] has applied Chi-Square, ANOVA, and Mutual Information to identify 
insignificant features from the data. Author used selected features to detect PCOS by applying 
SVM, LR, DT, NB, XGBRF, RF, and CatBoost. The CatBoost classifier performed with the 
best accuracy.To determine whether a woman had PCOS, they used SVM, LR, NB, and KNN 



in [21]. The top 30 characteristics were chosen using chi-square feature selection techniques. 
The maximum rate of accuracy has been attained by RF. 

[22] carried out a study to improve to understand which clinical factors play the biggest role in 
determining a woman’s risk of developing Polycystic Ovary Syndrome (PCOS). They used a 
public dataset available from Kaggle, which included medical details from 541 women and 
covered 44 different clinical features, along with information on whether or not each individual 
was diagnosed with PCOS. The data came from ten hospitals across Kerala, giving the study a 
diverse and well-rounded sample where a hybrid model combining a Multilayer Perceptron 
(MLP) and a Support Vector Machine (SVM) with a radial basis function (RBF) kernel, which 
achieved an impressive 93% accuracy in predicting PCOS. 

[24] suggested that a machine learning model based on late fusion that achieved 96% accuracy 
in identifying β-Thalassemia carriers on a dataset comprising 5066 cases. 

3. Proposed Methodology and Implementation: 

The proposed paper predicts PCOS. The Prediction is based on important parameters affected 
by PCOS. We build different traditional and ensemble ML models that combine with feature 
selection techniques to get good results. 

 Dataset: The author has collected questionnaire data from adolescent girls from different 
colleges in Surat City. The study's sample size is 1086. Among them, 748 are Negative PCOS, 
and 335 are positive PCOS.21 attributes were present in the dataset. A questionnaire was 
prepared with the help of a team of gynecologists. Once the data was collected, 50% was 
classified and validated by a gynecologist; the rest of the dataset was classified by the semi-
supervised machine learning for annotation, and the doctor again validated the entire dataset. 
An Exploratory Data Analysis EDA was performed with Python programming, where 
anomalies, outliers, and missing values were removed. After EDA, data columns that have 
categorical features were converted to binary. Python supports great libraries, visualization, 
and plotting & framework for machine learning, so we chose Python. Table 1 shows the answer 
summary of different girls. 

Table 1: Respondent’s Answers Summary 

Features Percentage 

Age (Years old) 17-19 72% 

20-22 25% 

23-25 3% 

Do you have periods 
regularly? 

YES 85% 

No 15% 

 

 

Periods Flow  

2 Days 3% 

3 Days 19% 

4 Days 28% 

More than 4 Days-
6 Days 

50% 

Do you have pain in 
your periods 

Yes 80% 

No 20% 

Yes 9% 



Do you take medicine 
during periods? 

No 91% 

Do you use tempon? Yes 6% 

No 94% 

Are you suīering from 
weight gain? 

Yes 29% 

No 71% 

Are you suīering from 
Skin Darkning issues? 

Yes 45% 

No 55% 

Are you suīering from 
Hair Loss issues? 

Yes 69% 

No 31% 

Do you exercise 
regularly? 

Yes 14% 

No 86% 

Do you have pimples? Yes 64% 

No 36% 

Do you have any 
Outside food cravings? 

Yes 70% 

No 30% 

Do you have Sleep 
Disorder? 

Yes 30% 

No 70% 

Do you have any family 
history of Diabetes? 

Yes 26% 

No 73% 

 

Procedure to convert the object to an integer 

 

Figure 1: Code for Conversion in Python(Source: Self) 

We observed that dataset is highly imbalanced, so we have combined the Synthetic Minority 
Oversampling Technique (SMOTE) + under-sampling =hybrid sampling method to resolve 
the class imbalance problem. 



Figure 2: Before applying Smote (Source: 
Self) 

 
Figure 3: After applying Smote (Source: 

Self) 
 

 

Table 2: Importance Scores of PCOS Features 

Priority Attributes Importance 

1 Height     0.093115 

2 BMI    0.141593 

3 Weight     0.172187 

4 Do you have periods regularly?     0.055553 

5 Age     0.056754 

6 Do you have pain in your periods?     0.021521 

7 Do you take medicine during periods?     0.041638 

8 Do you use tampon? 0.023451 

9 Are you suffering from weight gain?     0.035065 

10 Are you suffering from Skin darkening issues?    0.047469 

11 Are you suffering from Hair Loss issues?     0.028060 

12 Do you exercise regularly?    0.027356 

13 Do you have pimples?     0.033998 

14 Do you have any Outside food cravings?     0.033794 

15 Do you know about PCOS?     0.033449 

16 Do you have Sleep Disorder?     0.046100 

17 Do you have any family history of Diabetes?     

 

0.059403 

18 Have you ever visited a gynecologist?     0.032520 

 

In Table 2 Importance of features is collected with feature importance = (rf_importance + 
et_importance + xgb_importance) / 3, then data frame has been created for ranking. 



 

Figure 4. Shows the Visualization of feature importance rank Chi-Square, ANOVA, 
Mutual Info, RFE, Random Forest, Lasso. (Source: Self) 

 

Figure 5. Feature correlation Heatmap(Source: Self) 



 

Figure 6. Feature importance (Source:  Self) 

 

In Figure 5 Heatmaps use color to depict the strength of correlations, with red representing a 
positive correlation and blue indicating a negative correlation. The color's intensity reflects the 
correlation's strength: colors closer to red or blue denote stronger correlations [25], while white 
signifies no correlation. Weight (0.45), BMI (0.30), Do you have periods regularly? All have a 
significant good relationship. Weak or No Correlation is Are you interested in further studies? 
Have you visited a gynecologist? Has zero correlation with outcome. 
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Figure 7 Data Distribution of all features (Source: Self) 

 

In this paper, we have compared the traditional ML model with the Ensemble ML Model.  

 

Algorithm 1: Working Procedure of PCOS Prediction 

Input: Collected Dataset from Different colleges  

Output: Outcome Predicted as PCOS Positive/Negative 

1. Begin 

2.   data             Load dataset 
3.    If the dataset value is empty or nan apply data imputation 

4.           Replace it with mean imputation  
5.     Data pre-processing 

6.          If data.dtypes is equal to object /string 

7.                   Perform encoding of data 

8. x              data.drop[target=Outcome]   
9. y      data.target 
10. xtrain,ytrain-80% of  dataset 
11. xtrain,ytrain-20% of dataset 
12. Ensemble Learning, Traditional Learning methods and Algorithms 

Models=[All] 
13. Model             applies different classifiers 

14. Predict  find out the best accuracy 

15. Compute performance matrix 

16. End 



 

 

Table 3. Traditional ML Model Performance(Source: Self) 

In Table 3 shows comparison of Traditional Model, here We can see that Logistic Regression 
84.1%  has Highest AUC-ROC, which distinguishing best between PCOS and non-PCOS girls. 
Random Forest has high accuracy and good balance between precision and recalls has lower 
recall but also avoided falls positive. Naïve Bayes has lowest recall 29.2% so it fails to predict 
PCOS girls, whereas Weakest model is KNN Lowest AUC-ROC: 71.9% shows poor 
classification ability. 

 

Figure 8 Boxplot Traditional Model Performance (Source: Self) 

Model Accuracy 
in % 

Precision Recall F1 
Score 

AUC-
ROC 

Observations 

Logistic 
Regression 

76.9% 75.0% 37.5% 50.0% 84.1% Best AUC-ROC, but low recall 
So misses many PCOS cases. 

Random 
Forest 79.5% 72.2% 54.2% 61.9% 83.6% 

Balanced performance, robust 
choice. 

SVM 
79.5% 83.3% 41.7% 55.6% 79.9% 

High precision but low recall 
So it misses many positives. 

KNN 74.4% 61.1% 45.8% 52.4% 71.9% 
Weakest model with lowest 
AUC-ROC. 

Decision Tree 74.4% 58.3% 58.3% 58.3% 77.3% 
Simple but out performed by 
Random Forest. 

Naïve Bayes 74.4% 70.0% 29.2% 41.2% 76.5% 
Poor recall; fails to detect 
many PCOS cases. 

Tuned 
Random 
Forest 

78.2% 70.6% 50.0% 58.5% 82.3% 

Slight improvement over 



 

Figure 9. The graph to show Performance(Source: Self) 

 

 

Figure 10. Heatmap of Traditional Model Performance(Source: Self) 

 

 

 

 



 

 

Figure 11 ROC Curve of Traditional Model (Source: Self) 

Model Hyperparamter Default Values 

Logistic 
Regression 

max_iter, solver, C, penalty, tol, 
multi_class 

max_iter=1000, solver='lbfgs', 
C=1.0, penalty='l2' 

Random 
Forest 

n_estimators, max_depth, 
min_samples_split, 
min_samples_leaf, max_features 

n_estimators=200, 
max_depth=10, 
min_samples_split=2 

SVM C, kernel, gamma, degree, probability C=1.0, kernel='rbf', 
probability=True 

KNN n_neighbors, weights, algorithm, p, 
metric 

n_neighbors=3, 
weights='uniform', 
algorithm='auto' 

Decision Tree max_depth, min_samples_split, 
min_samples_leaf, criterion, splitter 

max_depth=5, criterion='gini', 
splitter='best' 

Naive Bayes var_smoothing var_smoothing=1e-9 

Tuned 
Random 
Forest 

n_estimators, max_depth, 
min_samples_split, 
min_samples_leaf, max_features 

n_estimators=best (from 
GridSearchCV), 
max_depth=best 

Table 4: Parameters and Default Values Used in Traditional Model (Source: Self) 



In Table 5, Ensemble Model Developed and Compared, Metrix shows that Balanced RF leads 
with an accuracy of 90.28% and AUC-ROC with 96.97% and excellent recall of 95.12%, 
whereas Gradient Boosting has good precision and recall. Extra Trees has an amazing recall of 
97.2% and 91.67% accuracy, and AdaBoost and Bernoulli NB will not perform well. So, the 
best model proved here was the Extra Tree. 

    

  Table 5. Ensemble Model Performance (Source: Self) 

Model Accuracy 

in %  

Precision Recall F1 

Score 

AUC-

ROC 

Key Observation 

AdaBoost[43] 

79.17% 79.55% 85.37% 82.35% 86.51% 

Good recall, but 

slightly lower 

performance 

overall. 

Balanced 

RF[44,45] 90.28% 88.64% 95.12% 91.76% 96.97% 

Best overall 

performance 

across all metrics. 

Gradient 

Boosting[46] 86.11% 86.05% 90.24% 88.1% 90.79% 

Well-rounded, 

with good precision 

and recall. 

Extra 

Trees[47] 91.67% 88.89% 97.56% 93.02% 97.17% 

Excellent recall 

and F1 score, strong 

performance. 

MLP[48] 

86.11% 84.44% 92.68% 88.37% 87.1% 

Decent performance 

but less recall than 

Extra Trees. 

Bernoulli 

NB[49] 68.06% 75% 65.85% 70.13% 74.51% 

Least effective 

across all metrics, 

low recall. 



 

Figure 12. Box Plot of Ensemble Model Performance(Source: Self) 

 

 

Figure 13 Heatmap of Ensemble Model Performance (Source: Self) 

 

 



 

 

Figure 14 Graph Traditional Model VS Ensemble Model (Source: Self) 

Model Hyperparameters Default Values  Settings 

AdaBoost n_estimators, learning_rate, 
algorithm 

n_estimators=100, learning_rate=1.0, 
algorithm='SAMME.R' 

Balanced RF n_estimators, max_depth, 
min_samples_split, 
min_samples_leaf, class_weight 

n_estimators=100, max_depth=None, 
min_samples_split=2, 
class_weight='balanced' 

Gradient 
Boosting 

n_estimators, learning_rate, 
max_depth, subsample, 
min_samples_split 

n_estimators=100, learning_rate=0.1, 
max_depth=3 

Extra Trees n_estimators, max_depth, 
min_samples_split, 
min_samples_leaf, max_features 

n_estimators=100, max_depth=None, 
max_features='auto' 

MLP (Multi-
Layer 
Perceptron) 

hidden_layer_sizes, activation, 
solver, alpha, learning_rate_init 

hidden_layer_sizes=(50, 50), 
activation='relu', solver='adam', 
max_iter=500 

Bernoulli 
Naive Bayes 

binarize, fit_prior, class_prior binarize=0.0, fit_prior=True 

 

Table 6: Parameters and Default Values Used in Ensemble Model (Source: Self) 



 

Figure 15 ROC Curve of Ensemble Model (Source: Self) 

  

Table 6 lists models AdaBoost, Balanced Random Forest, Gradient Boosting, Extra Trees, 
Multi-Layer Perceptron (MLP), and Bernoulli Naive Bayes with specific settings that impact 
their performance. The parameters control features like the number of estimators, learning 
rates, depth, feature selection, activation functions, and optimization strategies. Understanding 
and tuning these hyperparameters is crucial for optimizing model performance, particularly in 
tasks like PCOS classification. 

Model Type Details 

AdaBoost[28] Boosting Sequentially adds weak learners to 
reduce errors. 

Balanced Random 
Forest (BRF) [30] 

Bagging + Sampling Modified Random Forest with class 
balancing during sampling. 

Gradient Boosting[28] Boosting Builds models sequentially; excellent 
for structured data tasks. 

Extra Trees[32] Randomized Tree 
Ensemble 

Similar to Random Forest but with 
more randomization for splits. 

Multilayer Perceptron 
(MLP)[22,31] 

Neural Network Deep learning model, not based on 
ensemble techniques. 



Bernoulli Naïve 
Bayes[31] 

Probabilistic 
(Generative Model) 

Assumes feature independence; not an 
ensemble method. 

   

Table 7: Type of Ensemble Model Followed (Source: Self) 

 

Model Category Notes 

Logistic 
Regression[33,34] 

Linear Model Widely used for binary classification; 
interpretable and efficient. 

Random Forest[35] Ensemble 
(Bagging) 

Traditional ensemble method using 
multiple decision trees. 

SVM (Support Vector 
Machine)[36] 

Margin-based 
Classifier 

Effective for high-dimensional data; can 
use kernels (e.g., RBF). 

KNN (K-Nearest 
Neighbors)[37] 

Instance-Based 
Learning 

Simple, non-parametric; classification 
based on nearest neighbors. 

Decision Tree[38] Tree-Based Simple and interpretable; it forms the base 
for many ensemble methods. 

Naïve Bayes[39,40] Probabilistic 
Model 

Based on Bayes theorem; fast, assumes 
feature independence. 

Tuned Random 
Forest[41] 

Ensemble 
(Optimized) 

Same as Random Forest but with 
hyperparameters tuned for better 
performance. 

 

Table 8: Category of traditional Model They Follow (Source: Self) 



 

Figure 16: System Architecture of our Model (Source: Self) 

 

Ethical Compliance 

All methods were carried out in accordance with relevant guidelines and regulations. The data 
used in this study were collected through a structured questionnaire and anonymized prior to 
analysis. As the study involved secondary analysis of non-identifiable data, formal ethical 
approval was not required as per institutional policies. 

 CONCLUSION  

Predicting the disease earlier can improve female health. Early detection of PCOS can reduce 
long-term complications. We use traditional ML models and ensemble models to predict PCOS. 
As a combined we use(LR, RF, SVM, KNN, DT,NB, AdaBoost, BRF, Gradient Boosting, Extra 
Trees, MLP). Among evaluated models, Extra Trees, Balanced Random Forest, Gradient 
Boosting, and Multi-Layer Perceptron (MLP) emerged as top-performing models, where Extra 
Trees has 91.70%, Extra Trees builds decisions using random splits and observed unseen data 
as well, and BRF has achieved an accuracy of 90.30%, BRF did an excellent balance between 
catching positive cases and avoiding false cases. 

This Paper aims to predict diseases based on symptoms. The Model takes the patient's 
symptoms as input and gives a prediction based on that. This model can help reduce the cost 
of dealing with this disease and improve the recovery process & patients can reduce the money 
required for treatment and can save time. In the future, we can add more diseases to the existing 



prediction system. We can try to improve the accuracy of the disease prediction to reduce 
mortality also work on biochemicals and ultrasound images, which create primary data sources. 
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