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Abstract: Polycystic Ovary Syndrome (PCOS) is a
prevalent hormonal, complex and multifaceted
endocrine disorder affecting women of reproductive
age, leading to complications such as infertility,
irregular  menstrual  cycles, and  metabolic
disturbances. Timely and accurate diagnosis is crucial
for effective management and treatment of the
condition. Its diagnosis often relies on subjective
clinical assessments and invasive tests, leading to
delays in detection and management. This study
explores the potential of machine learning (ML)
techniques to facilitate the early detection of PCOS by
leveraging a dataset containing clinical and physical
parameters. A dataset consisting of 541 women’s
records, collected from multiple hospitals was
employed in the study. The dataset includes 44
features such as age, BMI, follicle count, hormonal
levels (FSH, LH, TSH, etc.), and menstrual cycle
characteristics.

The data underwent comprehensive preprocessing,
including handling missing values, encoding
categorical variables, and feature selection to identify
the most relevant predictors of PCOS. Various
machine learning models were implemented, including
Random Forest, Logistic Regression, Support Vector
Machine (SVM), and K-Nearest Neighbors (KNN).
Model performance was evaluated using accuracy,
precision, recall, and F1-score and the area under the
ROC curve (AUC) metrics. Among these models,
Random Forest demonstrated superior performance,
achieving an accuracy of 91%, with BMI, follicle
count, and LH levels emerging as the most significant
predictors of PCOS.

The results suggest that machine learning can serve as
a valuable tool for early PCOS diagnosis, offering a
non-invasive, data-driven approach that can be
integrated into clinical workflows. This study not only
provides a reliable predictive model for PCOS but also
highlights the critical features that influence the
condition, supporting clinical decision-making. Future
research will explore expanding the feature set to
include genetic factors and larger datasets to improve

model generalization. By offering an efficient and cost-
effective  alternative to conventional diagnostic
methods, this work contributes to the growing
intersection of artificial intelligence and healthcare,
advancing personalized treatment strategies for
women with PCOS.

1. INTRODUCTION
1.1. Background and Motivation

Polycystic Ovary Syndrome (PCOS) is a complex
and multifactorial endocrine disorder that affects
approximately 5-20% of women of reproductive age
globally. Characterized by hormonal imbalances,
irregular menstrual cycles, and polycystic ovaries,
PCOS is the leading cause of female infertility and
is associated with various long-term health risks,
including metabolic syndrome, type 2 diabetes,
cardiovascular diseases, and endometrial cancer.
Despite its prevalence, PCOS is notoriously under
diagnosed, with many women remaining unaware of
their condition until they face fertility challenges or
other health complications. The diagnostic process
for PCOS is often complicated by the heterogeneity
of symptoms. Women with PCOS may present with
a wide range of clinical manifestations, including
irregular periods, acne, hirsutism, weight gain, and
insulin resistance. These symptoms can overlap with
other disorders, making the diagnosis difficult and
time-consuming. Currently, the diagnosis of PCOS
relies on the Rotterdam Criteria, which include the
presence of two out of the following three features:
oligo-anovulation (irregular or absent menstrual
periods), hyperandrogenism (excessive levels of
male hormones), and polycystic ovaries visible on
ultrasound. However, this approach has its
limitations, as it requires access to specialized
equipment, such as ultrasound machines and
hormone assays, which may not be readily available
in all clinical settings.
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The conventional approach to diagnosing PCOS
requires a combination of hormonal assays,
ultrasound examinations, and clinical evaluations,
often making the process time-consuming and
expensive. For patients in resource-constrained
settings or regions with limited access to specialized
healthcare, obtaining an accurate diagnosis can be
challenging. Furthermore, the subjective nature of
the diagnostic process, which relies on physician
interpretation of symptoms and test results, can lead
to inconsistencies and delays in diagnosis. Early
diagnosis and timely intervention are critical to
managing the symptoms of PCOS and preventing
long-term complications.

Given these challenges, there is an increasing
demand for alternative diagnostic tools that are not
only accurate but also non-invasive, affordable, and
accessible. The rise of machine learning (ML) in
healthcare has opened new avenues for developing
predictive models that can assist clinicians in
diagnosing complex disorders like PCOS. By
leveraging vast amounts of clinical data, machine
learning algorithms can identify hidden patterns and
relationships that are often overlooked in traditional
diagnostic processes, providing faster and more
accurate diagnoses. This study was motivated by the
need to improve the diagnostic accuracy of PCOS
using machine learning techniques, offering a
scalable solution that can be applied in diverse
healthcare settings. By integrating machine learning
into the diagnostic process, healthcare providers can
make faster and more informed decisions, leading to
earlier interventions and better patient outcomes

1.2. Problem Statement

Despite the availability of clinical guidelines for
diagnosing PCOS, there is no standardized approach
that can be uniformly applied across diverse
populations and healthcare settings. Traditional
diagnostic methods often involve a combination of
clinical evaluations, hormonal tests, and ultrasound
scans, which are resource-intensive and subject to
human interpretation errors. Additionally, variability
in symptom presentation across individuals
complicates the diagnosis further. This variability
underscores the need for automated, data-driven
approaches that can handle the complexity and
heterogeneity of PCOS symptoms while improving
diagnostic accuracy. This study aims to address
these gaps by applying machine learning techniques
to predict PCOS based on clinical and physical

parameters. Specifically, we seek to answer the
following research questions:

1. Can machine learning algorithms effectively
predict the presence of PCOS using non-
invasive clinical and physical data?

2. How do different machine learning algorithms
compare in their ability to predict PCOS, and
which model provides the most reliable results?

The goal is to develop a machine learning-based
diagnostic model that can serve as a clinical
decision support tool, enabling healthcare providers
to diagnose PCOS with higher accuracy and at a
lower cost. By reducing the dependency on invasive
and costly procedures, this approach can improve
the early detection of PCOS, particularly in
resource-limited settings.

1.3. Objectives of the Study

The primary objectives of this study are as follows:

1. To preprocess and analyze clinical and physical
data related to PCOS, addressing missing
values and feature selection.

2. To implement and evaluate various machine
learning models, including Random Forest,
Logistic Regression, Support Vector Machine
(SVM), and K-Nearest Neighbors (KNN), to
predict PCOS status.

3. To compare the performance of different
machine learning models in terms of accuracy,
precision, recall, and F1-score, and determine
the most suitable model for clinical use.

4. To propose a scalable and cost-effective
approach that can be integrated into healthcare
systems for the early detection of PCOS.

1.4. Contributions

This research makes several key contributions to the

field of healthcare and artificial intelligence:

1. Machine Learning Model for PCOS Prediction:
This study develops a machine learning-based
model for diagnosing PCQOS, providing an
alternative to traditional methods reliant on
invasive testing.

2. Feature Selection and Importance: The study
identifies critical clinical and physical features,
such as BMI, Age, Endometrium thickness.
follicle count, and hormone levels, that are most
predictive of PCOS, contributing to the existing
body of knowledge on the syndrome.
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3. Comprehensive  Model  Evaluation: By
comparing multiple machine learning models,
this research identifies the best-performing
algorithm, Random Forest, which demonstrates
superior accuracy and robustness in predicting
PCOS.

4. Clinical Implications: The findings offer a
framework for integrating machine learning
models into clinical practice, potentially leading
to earlier diagnosis and better management of
PCOS.

2. RELATED WORK

Over the past decade, machine learning (ML) has
been increasingly applied in the healthcare sector,
particularly for the diagnosis of complex diseases
like Polycystic Ovary Syndrome (PCOS). While
traditional diagnostic techniques for PCOS rely on
clinical evaluation, hormonal profiling, and imaging
studies, the incorporation of data-driven approaches
provides an opportunity to automate and enhance
diagnostic accuracy. This section reviews relevant
literature that has applied machine learning
techniques to PCOS diagnosis, highlighting their
methodologies, findings, and limitations.
Additionally, it contextualizes the current study
within this evolving field and outlines the gaps
addressed by our research.

2.1. Machine Learning in Healthcare and Disease
Diagnosis

Machine learning has significantly impacted various
areas of medical diagnostics, including cancer
detection, diabetes prediction, and cardiovascular
risk assessment. Models such as decision trees,
support vector machines (SVM), and neural
networks have demonstrated high accuracy in
disease classification and prediction tasks. These
models can process vast amounts of medical data,
identifying patterns that may elude human
clinicians.

For instance, Esteva et al. (2017) applied deep
learning techniques to skin cancer classification
using image data, achieving dermatology-level
accuracy. Similarly, Ahmad et al. (2018) used ML
algorithms to predict diabetes risk, highlighting the
effectiveness of data-driven approaches in non-
invasive diagnostic  solutions. These studies
underline the potential of machine learning in early
disease detection, which is particularly relevant for

conditions like PCOS that present with a complex
array of symptoms.

2.2. PCOS Diagnosis Using Machine Learning

The use of machine learning in diagnosing PCOS
has gained traction due to the condition’s
multifactorial etiology and the variability of
symptoms among affected individuals. Several
studies have attempted to apply machine learning
models to clinical datasets to predict the likelihood
of PCOS. A significant portion of these studies
focus on identifying relevant features, including
hormonal levels, menstrual cycle irregularities, and
physical characteristics, to build predictive models.

e Logistic Regression Models: A study by
Mandal et al. (2019) used logistic regression to
predict PCOS based on hormonal levels and
BMI in a cohort of Indian women. The study
reported an accuracy of approximately 70%, but
the model's performance was hindered by the
relatively small sample size and the exclusion
of important features like follicle count and
ovarian volume. Logistic regression, while easy
to interpret, often struggles with the non-linear
relationships present in PCOS data.

e Support Vector Machines (SVM): A more
sophisticated approach was presented by Jahan
et al. (2020), where SVM was applied to a
larger dataset of women in Bangladesh to
classify PCOS based on clinical and lifestyle
factors. The SVM model achieved an accuracy
of 78%, but the study faced challenges with
handling the high dimensionality of the dataset,
particularly the inclusion of irrelevant features
that reduced model performance.

o Artificial Neural Networks (ANN): Jayaratne et
al. (2021) explored the application of ANN for
PCOS diagnosis, incorporating a broad range of
features, including genetic data. Although the
model demonstrated impressive accuracy of
82%, the study was limited by the complexity
of the neural network, making it difficult for
clinicians to interpret the results and implement
the model in practical healthcare settings. The
study also highlighted the issue of overfitting,
where the model performed well on the training
data but failed to generalize effectively to new
patients.

2.3. Feature Selection and Clinical Variables in
PCOS Diagnosis
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A common theme in these studies is the challenge of
selecting the most relevant features for PCOS
diagnosis. As PCOS is characterized by a wide array
of clinical presentations, identifying the key
variables that contribute to the disorder is essential
for building accurate and interpretable models.
Several studies have attempted to address this issue:

e  Correlation-Based Feature Selection (CFS): Ina
study by Patel et al. (2018), CFS was used to
identify the most important predictors of PCOS,
including features like BMI, menstrual cycle
irregularities, and LH/FSH ratio. The study
demonstrated that reducing the feature set to the
most relevant variables improved model
accuracy and interpretability. This aligns with
the approach taken in our research, where
feature selection was crucial in enhancing
model performance.

e Random Forest for Feature Importance:
Random Forest has been widely adopted for its
ability to provide insights into feature
importance. Sarkar et al. (2019) used Random
Forest to predict PCOS and reported an
accuracy of 85%. The study found that features
such as follicle number, BMI, and insulin
resistance were the most significant predictors.
Our study expands on this by using Random
Forest not only for classification but also to
rank feature importance, confirming the clinical
relevance of these variables in PCOS diagnosis.

2.4. Challenges in Existing Approaches

While previous research has made strides in
applying machine learning to PCOS diagnosis,
several challenges remain. One major limitation is
the small sample sizes in most studies, which
hinders the generalization of the models.
Furthermore, many studies rely solely on clinical
parameters like hormonal levels and BMI, ignoring
potential non-clinical factors such as lifestyle and
genetic predispositions that could enhance the
models' predictive capabilities.

Another challenge is the interpret-ability of machine
learning models. While complex models like neural
networks and SVMs can achieve high accuracy,
their "black box" nature makes it difficult for
clinicians to understand how the model arrives at a
diagnosis. This has limited their adoption in clinical
settings, where transparency and interpret-ability are
essential. Ensemble methods like Random Forest,

which provide feature importance rankings, offer a
more interpretable alternative.

Finally, most existing studies have focused on the
binary classification of PCOS (Yes/No), neglecting
the potential for predicting the severity of PCOS or
subtypes of the disorder. Given that PCOS manifests
in varying degrees of severity, developing models
that can classify different PCOS phenotypes could
provide more personalized treatment strategies.

2.5. Gaps Addressed by This Study

This study addresses several gaps in the current

literature:

1. Dataset Size and Diversity: Our research
utilizes a dataset of 541 women, one of the
larger datasets used in PCOS studies to date.
Collected from multiple hospitals, the dataset
reflects a diverse population, enhancing the
generalization of the results.

2. Feature Selection and Model Optimization:
Building on prior research, this study
implements Random Forest not only as a
classification tool but also as a feature selection
mechanism. By identifying the most relevant
clinical features, such as BMI, follicle count,
and hormonal levels, we improve model
accuracy while ensuring interpret-ability.

3. Comparative Analysis of Models: Unlike
previous studies that focus on a single machine
learning model, we compare multiple
algorithms, including Random Forest, SVM,
Logistic Regression, and KNN, to determine the
most effective approach for PCOS diagnosis.
This comprehensive analysis offers a clearer
understanding of the strengths and limitations
of each model.

4. Non-Invasive and Cost-Effective Approach:
Our study demonstrates the feasibility of using
non-invasive clinical data for PCOS diagnosis,
potentially reducing the reliance on expensive
and invasive procedures like ultrasound
imaging and hormonal assays. This has
significant implications for improving access to
healthcare, particularly in under-resourced
settings.

By addressing these gaps, this study contributes to
the growing body of work on machine learning
applications in healthcare, offering a practical and
scalable approach for PCOS diagnosis that could be
integrated into clinical workflows.

IJIRT 171428 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 3197



© December 2024 | IJIRT | Volume 11 Issue 7 | ISSN: 2349-6002

3. MATERIALS AND METHODS

This section outlines the dataset used for the study,
the preprocessing techniques applied. Our goal was
to develop a robust, non-invasive machine learning
model that can predict Polycystic Ovary Syndrome
(PCOS) using readily available clinical and physical
data.

3.1. Dataset Description

The dataset for this study was collected from
hospitals, and contains records from 541 women,
aged 20 to 48 years. The dataset includes both
physical and clinical parameters, with a total of 44
features. These features provide a comprehensive
overview of each subject’s medical history, physical
attributes, and relevant hormonal levels, which are
crucial for PCOS diagnosis.

Key Features in the Dataset:

1. PCOS (Y/N): Indicates whether the patient has
been  diagnosed with PCOS (binary
classification: 1 for PCOS, 0 for non-PCOS).

2. Age (years): Age of the patient.

The outcome variable for the study is binary,
indicating the presence or absence of PCOS.
The goal of the model is to predict this outcome
based on the given clinical and physical
features.

1. Clinical Variables:

o Hormonal Levels: Levels of various hormones
such as FSH (Follicle-Stimulating Hormone),
LH (Luteinizing Hormone), TSH (Thyroid
Stimulating Hormone), and Beta-HCG (human
chorionic gonadotropin).

o Menstrual Cycle: Irregularity in the menstrual
cycle (categorized as Regular/Irregular), cycle
length (days), and associated symptoms such as
prolonged bleeding.

o Follicle Count: Number of follicles in both
ovaries (left and right).

o Endometrial Thickness: Measured in
millimeters, indicating the thickness of the
uterine lining.

. Physical Variables:

o Body Mass Index (BMI): Calculated based on
height and weight (measured in kilograms and
centimeters, respectively).

o Blood Pressure: Systolic and diastolic blood
pressure measurements.

o Other Symptoms: Presence of skin darkening,
acne, hair loss, and excess hair growth, which

are physical indicators often associated with
PCOS.
Lifestyle Variables:
Exercise Routine: A binary indicator of whether
the individual engages in regular exercise.

o Dietary Habits: A binary indicator reflecting the
intake of fast food.

The dataset contains 44 features in total, with the
target variable being PCOS (Yes/No).

Data Characteristics:

e Total Records: 541

e Total Features: 44 (including target)

e Target Variable: PCOS (binary classification: 1
for Yes, 0 for No)

3.2. Data Preprocessing

Before training machine learning models, the dataset
was preprocessed to handle missing values, outliers,
and categorical variables. Data preprocessing is a
crucial step to ensure that the models are trained on
clean, high-quality data. These steps ensured that the
dataset was structured appropriately for optimal
model performance.

1.Handling Missing Values: Missing data is

common in medical datasets. In this study, the

following steps were taken to handle missing values:

e Median Imputation: For numerical variables
with missing values (such as "Marital Status
(Years)" and "Fast Food (Y/N)"), we used
median imputation to replace missing entries.
Median imputation is preferred in this context
to avoid the influence of outliers.

e Hormonal Levels: Missing values in critical
hormonal markers (such as AMH, Beta-HCG)
were imputed using median values, as these
parameters are essential for PCOS diagnosis.

2. Encoding Categorical Variables

Several features, such as Blood Group, Fast Food

(Y/N), and Pimples (Y/N), were categorical and

required encoding into numerical values for model

training. The following encoding techniques were
applied:

e One-Hot Encoding: This technique was applied
to the Blood Group variable, which had
multiple categories (e.g., A+, B+, O-, etc.).

e Binary Encoding: For binary variables like
Pimples (Y/N), we assigned 0 for 'No' and 1 for
'Yes'.
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3. Data Normalization

The features Weight, Height, BMI, and Follicle Size
were normalized using min-max scaling to bring all
values into a range of 0 to 1. Normalization helps
improve the performance of machine learning
algorithms by ensuring that all features contribute
equally to the model.

4. Outlier Detection and Treatment

Outliers were detected in some variables,
particularly hormonal levels (e.g., Beta-HCG).
These outliers were analyzed using boxplots and
were either removed or winsorized, ensuring that
extreme values did not skew the model.

5. Data Splitting

To ensure reliable model performance evaluation,

the dataset is typically split into:

e  Training Set: Used to train the model.

e Validation Set: Used for hyperparameter tuning.

e Test Set: Used to assess the final model's
performance.

A common split ratio is 70:15:15 or 80:10:10.
Cross-validation (e.g., K-fold cross-validation) can
also be employed to further mitigate overfitting.

3.3. Feature Selection

A correlation matrix was generated to examine the
relationships between the independent variables and
the target variable. Features with low correlation to
the target were removed to improve model
efficiency. The following techniques were used:

e Correlation Matrix Analysis: This helped
identify highly correlated features, such as
BMI, follicle count, and LH/FSH ratio, which
are known to be strong predictors of PCOS.
Features with low relevance were excluded to
reduce noise and prevent overfitting.

e Recursive Feature Elimination (RFE): This
method was used to further refine feature
selection by recursively removing less
important features and retaining the most
relevant ones based on model performance.

4. Machine Learning Techniques for PCOS
Diagnosis

The increasing availability of clinical, biochemical,
and imaging data has led to a surge in the
application of machine learning (ML) techniques for
the diagnosis of complex diseases, including

Polycystic Ovary Syndrome (PCOS). Traditional
diagnostic methods, which rely on clinician
interpretation of symptoms and medical tests, often
lack the ability to process the wvast and
heterogeneous data available in modern healthcare.
Machine learning, with its ability to uncover hidden
patterns and relationships within these datasets, has
emerged as a powerful tool for automating and
enhancing the diagnosis of PCOS. Several machine
learning models were trained on the dataset to
predict whether a patient has PCOS. These models
were chosen for their ability to handle complex,
non-linear  relationships and provide robust
predictions.

4.1. Machine Learning Models

Several machine learning algorithms  were
implemented to build predictive models. The
performance of these models was compared to
identify the best model for PCOS diagnosis.

o Random Forest Classifier: Random Forest, an
ensemble learning method, was chosen for its
robustness and ability to handle high-
dimensional data. It works by constructing
multiple decision trees during training and
outputting the mode of the classes (PCOS:
Yes/No) predicted by the individual trees.
Hyperparameter tuning using GridSearchCV
was performed to optimize parameters like the
number of trees and maximum depth.

e Support Vector Machine (SVM): SVM is a
powerful classification algorithm, particularly
useful for binary classification problems like
PCOS diagnosis. The radial basis function
(RBF) kernel was applied to allow the model to
capture non-linear relationships  between
features.

e Logistic Regression: Logistic Regression was
used as a baseline model due to its simplicity
and ease of interpretation. Although it assumes
a linear relationship between features and the
target, it provided a good reference point for
model comparison.

o K-Nearest Neighbors (KNN) KNN  was
employed as an additional model to evaluate
how well local patterns in the data could predict
PCOS. The number of neighbors (k) was
optimized using cross-validation, with k=5
yielding the best results.

4.2. Performance Metrics and Model Evaluation
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To ensure the effectiveness of machine learning
models in PCOS diagnosis, it is critical to evaluate
their performance using appropriate metrics.
Common evaluation metrics include:

e Accuracy: The percentage of correct predictions
made by the model.

e Precision: The proportion of positive
predictions that are actually positive, i.e., the
model’s ability to avoid false positives.

e Recall: The proportion of actual positives that
were correctly predicted, reflecting the model’s
ability to identify true positives (sensitivity).

e F1-Score: The harmonic mean of precision and
recall, providing a balanced measure of a
model’s accuracy.

e Area Under the ROC Curve (AUC-ROC): This
metric evaluates the trade-off between true
positive and false positive rates, offering a
measure of the model’s discriminative ability
across different thresholds.

These metrics are essential for comparing different
machine learning algorithms and selecting the best
model for PCOS diagnosis.

4.3. Software and Tools

All models were developed using Python with the

following libraries:

e Pandas for data manipulation.

e NumPy for numerical computations.

e Scikit-learn for implementing machine learning
algorithms.

o Matplotlib and Seaborn for data visualization
and correlation analysis.

The models were trained and tested on a Google
Colab environment, which provided the necessary
computational resources for handling the dataset and
model tuning.

4.4. Machine Learning Models Performance

Several machine learning models were trained on
the dataset to predict whether a patient has PCOS.
These models were chosen for their ability to handle
complex, non-linear relationships and provide
robust predictions.

1. Random Forest Classifier
Random Forest is an ensemble learning method that
constructs multiple decision trees during training

and aggregates their results. It was chosen for its
robustness and ability to handle high-dimensional
datasets with both categorical and continuous
variables. Hyperparameter Tuning: GridSearchCV
was employed to optimize parameters such as the
number of trees (n_estimators), the depth of each
tree, and the number of features to consider when
splitting a node (max_features). The best parameters
were selected based on cross-validation results.

The Random Forest model achieved the highest
overall performance, outperforming other models in
terms of accuracy, precision, and recall.

e Classification Report
precision recall fl-score support

2} 8.91 0.98 0.94 121

1 6.91 0.74 0.82 42

accuracy 0.91 163
macro avg 0.91 0.86 0.88 163
weighted avg 0.91 0,91 8.91 163

e  Confusion Matrix:

Confusion Matrix
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True Positive (TP): 30, True Negative (TN): 114,
False Positive (FP): 7, False Negative (FN): 12

® ROC Curve:

Receiver Operating Characteristic (ROC) Curve
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The Random Forest model's confusion matrix
demonstrated a balanced performance, with
relatively low false positives and false negatives.
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The model was able to correctly classify a high
proportion of women with PCOS, making it the
most reliable model for this dataset. The feature
importance analysis from the Random Forest
classifier highlighted that BMI, follicle count, and
LH/FSH ratio were the top predictors, confirming
the clinical relevance of these parameters in PCOS
diagnosis.

2. Logistic Regression

Logistic Regression, as a baseline model, performed
reasonably well but was less accurate than Random
Forest due to the linear nature of the model, which
may not fully capture the complexity of the
relationships between variables in the dataset.

®  Classification Report:

precision recall fil-score support

2] 0.98 9.94 0.92 121

1 0.81 9.71 8.76 42

accuracy 0.88 163

macro avg 9.86 9.83 .84 163

weighted avg 0.88 0.88 0.88 163
o Confusion Matrix:

Logistic Regression Cenfusion Matrix

100

80

- 60

Actual Label

-20

|
o

i
1

While Logistic Regression is interpretable and easy
to implement, SVM performed well, though slightly
below Random Forest. Its ability to handle non-
linear relationships in the dataset contributed to
improved classification, though it required careful
tuning of the hyperparameters.

3. Support Vector Machine (SVM)

SVM, particularly with the Radial Basis Function
(RBF) kernel, provided a more complex decision
boundary than Logistic Regression and performed
better in separating the two classes (PCOS:
Yes/No).

e Classification Report:

Classification Report

True Positive (TP): 30, True Negative (TN): 114,
False Positive (FP): 7, False Negative (FN): 12

e ROC Curve:

Receiver Operating Characteristic (ROC) Curve

104 |
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- ROC curve (area = 0.95)
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0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

precision recall fil-score  support
0 0.75 1.00 0.86 121
1 1.00 8.02 8.05 42
accuracy 8.75 163
macro avg .87 8.51 9.45 163
weighted avg 9.81 .75 9.65 163
e Confusion Matrix:
SVM Confusion Matrix
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The SVM model showed a high rate of false
positives and false negatives, indicating that it was
less reliable for predicting PCOS in this dataset.
SVM’s likely contributed to its lower performance
compared to other models.

4. K-Nearest Neighbors (KNN)

KNN, a distance-based algorithm, was included to
assess its performance on the dataset. However, it
struggled with larger datasets and high-dimensional
spaces, leading to reduced accuracy.

e Classification Report:

print(classification report(y_test, knn_predictions))

precision recall fl-score support
2] 0.78 @.82 @.80 121
1 0.39 2.33 9.36 42
accuracy 0.69 163
macro avg 0.58 9.58 9.58 163
weighted avg 0.68 9.69 9.69 163
o Confusion Matrix:
KNN Confusion Matrix
20
80
° 22
70
T
] - 60
e
£
g -50
- a0
- 28 14
-30
-20
0 1

Predicted Label
True Positive (TP): 14, True Negative (TN): 99,
False Positive (FP):22, False Negative (FN): 281

. ROC Curve:

Receiver Operating Characteristic (ROC) Curve

0.8 q 14
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\
\

o
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0.2+ 4

- ROC curve (area = 0.61)
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0.0 0.2 0.4 0.6 08 1.0
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KNN struggled to distinguish between PCOS and
non-PCOS cases as effectively as Random Forest.

The model showed a higher rate of false positives,
which could lead to unnecessary further testing in
clinical settings.

5. Cross-Validation and Model Selection

To avoid overfitting and ensure  model
generalizability, k-fold cross-validation (with k=10)
was used. The dataset was randomly split into k
subsets, and the models were trained and validated k
times, each time using a different subset as the
validation set and the remaining data as the training
set. The final model performance was averaged over
all iterations.

5. RESULTS

This section presents the outcomes of the machine
learning models developed to predict Polycystic
Ovary Syndrome (PCOS) based on clinical and
physical parameters. The results include an analysis
of the preprocessing steps, feature selection process,
and model performance metrics, highlighting the
accuracy and effectiveness of each model in
diagnosing PCOS.

5.1. Model Performance Analysis

To evaluate the performance of the models, several
metrics were used to measure their effectiveness in
diagnosing PCOS:

1. Accuracy

Accuracy represents the percentage of correctly
classified instances out of the total instances in the
dataset. While a useful measure, accuracy alone may
not be sufficient due to the class imbalance present
in some medical datasets (i.e., more non-PCOS than
PCOS cases).

2. Precision, Recall, and F1-Score

e  Precision: This metric reflects the proportion of
true positive PCOS cases among all predicted
positives. High precision indicates fewer false
positives, making it critical for reducing
misdiagnosis.

e Recall (Sensitivity): Recall measures the
proportion of actual PCOS cases that were
correctly identified by the model. High recall is
essential in healthcare settings to minimize false
negatives (i.e., undiagnosed cases).

e F1-Score: The F1-score is the harmonic mean
of precision and recall. It balances the trade-off
between precision and recall, offering a single
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metric for models with uneven class
distribution.

The table below summarizes the performance of all
models based on the evaluation metrics:

Model Accuracy Precision Recall F1-Score
Random Forest 91% 91% 91% 91%
Logistic 88%  90%  94% 92%
Regression

KNearest 60 679  69% 68%
Neighbors

SVM — (RBF 74% 81% 74% 64%
Kernel)

Random Forest was the best-performing model,
followed by SVM. Logistic Regression, while easier
to interpret, lagged in performance due to the
complexity of the dataset. KNN had the weakest
performance due to the high dimensionality of the
data.

5.2. Confusion Matrix

The confusion matrix was used to visualize the
performance of the models by showing true
positives, true negatives, false positives, and false
negatives. This allowed for a more detailed analysis
of the model’s strengths and weaknesses in
diagnosing PCOS. We implemented and evaluated
four machine learning models—Random Forest,
Logistic Regression, Support Vector Machine
(SVM), and K-Nearest Neighbors (KNN)—on the
processed dataset. The models were trained on 80%
of the data and tested on the remaining 20%, and the
results were compared using accuracy, precision,
recall, and F1-score.

The detailed results for each model are presented
below:

Sr. | Model TP TN FP | FN

No.

01 | Random 31 | 118 |3 11
Forest

02 | Logistic 30 114 |7 12
Regression

03 | K-Nearest 14 99 22 | 28
Neighbors

04 |[SVM (RBF |01 |121 |O 41
Kernel)

5.3. Feature Importance Analysis

As mentioned earlier, Random Forest was used not
only for classification but also to rank the
importance of each feature in predicting PCOS. The
top features identified by the model were:

e BMI: Women with PCOS are more likely to
have a higher BMI, and it was consistently
ranked as the most significant predictor.

e Follicle Count: Higher follicle counts in both
ovaries were strong indicators of PCOS,
aligning with clinical understanding.

e |H/FSH Ratio: Hormonal imbalances,
particularly a high LH/FSH ratio, were also key
predictors.

e Menstrual Irregularity: Irregular menstrual
cycles were a significant indicator of PCOS.

The analysis showed that these features are critical
for the early diagnosis of PCOS and confirmed their
importance in both clinical settings and machine
learning models.

6. DISCUSSION

The application of machine learning (ML)
techniques in healthcare is increasingly being
explored as a means to improve diagnostic accuracy,
particularly for multifactorial conditions like
Polycystic Ovary Syndrome (PCOS). This study
aimed to develop a robust machine learning
framework for diagnosing PCOS using a dataset of
clinical and physical parameters from 541 women.
The results demonstrated that machine learning
models, especially the Random Forest classifier, can
effectively predict PCOS with high accuracy and
precision, offering a valuable tool for -early
diagnosis. This section discusses the significance of
these findings, compares the outcomes with existing
literature, identifies limitations, and outlines
potential future research directions.

6.1. Interpretation of Results

The results of this study indicate that machine
learning models can serve as powerful tools in the
diagnostic process for PCOS. Among the models
tested, the Random Forest classifier achieved the
highest accuracy (91%) and balanced performance
across all evaluation metrics, including precision
(91%), recall (91%), and Fl-score (91%). These
results are notable because they demonstrate that a
data-driven approach, using non-invasive clinical
and physical parameters, can achieve a high degree
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of diagnostic accuracy, potentially reducing the need
for more expensive and invasive procedures such as
ultrasound and blood tests.

The importance of features such as BMI, follicle
count, and the LH/FSH ratio aligns with clinical
knowledge of PCOS, which often manifests as a
combination of metabolic, reproductive, and
endocrine abnormalities. The strong predictive
power of these features suggests that they should be
prioritized in both machine learning models and
clinical evaluations when screening for PCOS.
Moreover, the ability of the model to identify high-
risk individuals with minimal false positives and
false negatives makes it particularly useful in
clinical settings where early intervention is critical
for preventing the long-term complications of
PCOS, such as infertility and metabolic disorders.

6.2. Comparison with Existing Studies

The findings of this study are consistent with
previous research in several key ways, but also
demonstrate  important advancements.  Earlier
studies have applied machine learning models to
predict PCOS, but many were limited by small
sample sizes, fewer features, or lower overall
accuracy. For example, a study by Mandal et al.
(2019) used logistic regression and achieved an
accuracy of 70%, a figure significantly lower than
the 87% accuracy of the Random Forest model in
this study. This discrepancy is likely due to the non-
linear relationships present in the data, which more
sophisticated models like Random Forest are better
equipped to handle.

In terms of feature selection, previous studies have
also identified BMI and hormonal levels as
significant predictors of PCOS. However, the
comprehensive feature selection approach used in
this study, which combined correlation analysis and
recursive feature elimination (RFE), provided a
more refined understanding of the most important
features. By prioritizing follicle count, BMI, and the
LH/FSH ratio, this study corroborates findings by
Sarkar et al. (2019), who also emphasized the
relevance of these features in their machine learning
models. However, unlike prior studies that focused
primarily on hormonal data, this research
incorporated a broader range of physical and
lifestyle factors, such as diet and exercise habits,
providing a more holistic view of PCOS predictors.

This study also advances the field by comparing
multiple machine learning models—Random Forest,

SVM, Logistic Regression, and KNN—providing a
clear understanding of the strengths and weaknesses
of each. Random Forest’s superior performance,
particularly in handling high-dimensional and
complex data, confirms its suitability for diagnosing
PCOS, while SVM provided a strong alternative
with its ability to handle non-linearly separable data.

6.3. Clinical Implications

The results of this study have significant clinical
implications. First, the high accuracy of the Random
Forest model suggests that machine learning can be
reliably integrated into clinical decision-making
processes, helping clinicians identify women at high
risk for PCOS. This is particularly relevant in
resource-limited settings where access to advanced
diagnostic tools such as ultrasound and hormonal
testing may be restricted. By relying on easily
accessible data such as BMI, menstrual
irregularities, and physical symptoms, machine
learning models can serve as screening tools to
identify patients who should undergo further
diagnostic evaluation.

Second, the feature importance analysis conducted
in this study provides clinicians with a data-driven
understanding of which parameters to prioritize in
the diagnostic process. The identification of BMI,
follicle count, and hormonal ratios as key predictors
supports their continued use in clinical evaluations.
Additionally, the inclusion of lifestyle factors like
exercise and diet suggests that these variables
should be considered in treatment plans, particularly
for women with metabolic complications.

Finally, the use of machine learning models in
diagnosing PCOS can significantly reduce the time
to diagnosis, allowing for earlier interventions that
can improve patient outcomes. Given that early
diagnosis and management are crucial in preventing
the progression of PCOS and associated
complications, the integration of these models into
clinical workflows has the potential to enhance
patient care and optimize resource allocation in
healthcare settings.

6.4. Limitations

While the results of this study are promising, several

limitations should be acknowledged.

1. Sample Size and Generalizability: Although the
dataset of 541 women is relatively large
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compared to other studies, it is still limited in its
scope. The data was collected from hospitals in
Kerala, India, which may introduce
geographical or demographic biases. Further
studies using larger and more diverse datasets
from different regions and populations are
necessary to ensure that the models generalize
well to other groups of women.

2. Feature Availability: The dataset used in this
study focused primarily on clinical and physical
features that are easily measurable in a
healthcare setting. However, it did not include
genetic data, which could provide valuable
insights into the hereditary aspects of PCOS.
Incorporating genetic markers into future
models could improve predictive accuracy and
lead to a more personalized approach to PCOS
diagnosis.

3. Model Interpretability: While Random Forest
achieved high accuracy, it remains a "black
box™ model, meaning that the decision-making
process is not entirely transparent. This lack of
interpretability may limit its acceptance by
clinicians who prefer models they can
understand and explain. Future work could
explore interpretable  machine learning
techniques, such as decision trees or SHAP
(SHapley Additive exPlanations) values, to
enhance model transparency  without
compromising performance.

4. Class Imbalance: Although the dataset included
both PCOS and non-PCOS cases, the class
distribution was not perfectly balanced, which
may affect model performance. In this study,
class imbalance was addressed by optimizing
recall and precision, but future work could
employ more advanced techniques such as
SMOTE (Synthetic Minority Over-sampling
Technique) to further mitigate this issue.

6.5. Future Research Directions

There are several avenues for future research that

could build on the findings of this study:

1. Incorporating Additional Features: Future
studies could include genetic and metabolic
data to provide a more comprehensive
understanding of PCOS predictors. For
example, incorporating genetic  variants
associated with PCOS could improve the
model's ability to identify high-risk individuals.
Additionally, longitudinal data could be used to

predict the onset of PCOS over time, rather than
relying solely on cross-sectional data.

2. Model Interpretability: As noted, the Random
Forest model, while highly accurate, is not
easily interpretable. Future research should
focus on developing interpretable models that
maintain high accuracy. Techniques such as
explainable Al (XAIl) or interpretable machine
learning methods could be explored to provide
clearer insights into the model’s decision-
making process.

3. Integration into Clinical Practice: While this
study demonstrates the potential of machine
learning for PCOS diagnosis, future work
should focus on integrating these models into
clinical workflows. This could include
developing  decision-support  systems  for
clinicians, as well as mobile or web-based
applications that allow patients to input their
data and receive risk assessments in real time.

4. Improving Model Generalizability: To ensure
that the model performs well across different
populations, future studies should test the
models on more diverse datasets, including
women from different geographic, ethnic, and
socioeconomic backgrounds. This would help
create a more universally applicable tool for
PCOS diagnosis.

5. Prediction of PCOS Severity or Subtypes: Most
current models, including the one developed in
this study, focus on binary classification
(PCOS: Yes/No). Future research could explore
multi-class classification to predict the severity
or subtype of PCOS, which could lead to more
personalized treatment strategies for different
patient subgroups.

5.6. Conclusion

In conclusion, this study has demonstrated the
effectiveness of machine learning  models,
particularly Random Forest, in diagnosing PCOS
based on clinical and physical parameters. The
model’s ability to predict PCOS with high accuracy,
coupled with its identification of key features,
underscores the potential for integrating machine
learning into clinical practice. While there are still
challenges to address, such as improving model
interpretability and expanding the feature set, this
study provides a foundation for the development of
data-driven diagnostic tools that can improve patient
outcomes in the management of PCOS.
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