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Abstract: A complex endocrine condition, PCOS affects up to 10% of women who are of reproductive
age. Infertility and metabolic problems can be avoided with early diagnosis. For PCOS prediction, this
study suggests a machine learning (ML)-based diagnostic approach that makes use of clinical,
biochemical, and lifestyle variables. Using the Kaggle PCOS dataset, which included 541 samples with

42 characteristics, models including Random Forest, Support Vector Machine (SVM), and Neural
Citation Networks were trained. Following 10-fold cross-validation and Randomized Search hyperparameter
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non-invasive.

adjustment, the Random Forest classifier produced an accuracy of 87.73%, a macro F1-score of 0.88, and
an AUC-ROC of 0.93. Weight gain, hair growth, and follicle count were found to be the most significant
predictors by SHAP analysis. The clinical promise of ML-based screening for early, non-invasive, and
interpretable PCOS identification is demonstrated by these findings.
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INTRODUCTION

An estimated 6-10% of women worldwide who are of
reproductive age suffer from PCOS, a multifactorial
endocrine condition. PCOS has serious effects on
metabolic, psychological, and reproductive health. It is
characterized by a variety of symptoms, such as
polycystic ovarian morphology, hyperandrogenism, and
oligo- or anovulation. Infertility as diabetes type 2, heart
disease, and endometrial cancer are among the problems
that can be prevented with early diagnosis and
intervention-[21]. Conventional methods of diagnosing
PCOS, such the Rotterdam criteria24, depend on
assessments that are clinical, biochemical, and
ultrasound-based. Nevertheless, these approaches are
frequently arbitrary, time-consuming, and constrained by
interpretational variability[22]. Recent developments in
artificial intelligence (AI) and medical imaging have
opened up new possibilities for increasing the precision
and effectiveness of PCOS diagnosis[23].

A subset of artificial intelligence called machine learning
(ML) has shown great promise in the healthcare industry
for decision assistance and predictive analytics systems
[24]. Large datasets with medically biochemical, and
imaging information can be analysed by ML algorithms

to find patterns and relationships that may not be visible
using conventional techniques in connection with PCOS
detection[25]. Based on patient-specific data, methods
such neural network designs, supervised learning, and
feature selection have demonstrated promise in PCOS
prediction[26]. By combining medically biochemical,
and imaging data, our goal in this project is to create a
machine learning-based diagnosis paradigm for PCOS.
To improve diagnostic precision and offer tailored
insights, the suggested method makes use of feature
selection and sophisticated machine learning algorithms.
This strategy emphasizes the role of Al in improving
women's healthcare while simultaneously attempting to
solve the shortcomings of conventional diagnostic
techniques [27].

Inter-observer  variability and varied symptom
presentation make PCOS detection unreliable even with
advances in diagnostic imaging and endocrinology.
There is a chance to automate feature extraction and
standardize diagnosis by combining machine learning
with biochemical and ovarian data. In order to increase
diagnostic confidence and aid in therapeutic decision-
making, this study focuses on integrating ovarian follicle
measures, hormonal factors, and lifestyle characteristics
into an interpretable machine learning pipeline.
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MATERIALS AND METHODS
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Fig. 1: Block diagram for multiple disease prediction
using ML

The methodology shown in figure 1 illustrates Multiple
Disease Prediction System outlines the systematic
approach adopted to design, develop, and implement the
solution using machine learning techniques.The goal of
this study's methodology is to create a precise and
effective diagnosis model for polycystic ovarian
syndrome (PCOS) by utilizing machine learning (ML)
techniques. To guarantee a thorough dataset that captures
the complex character of PCOS, the procedure starts with
data gathering from a variety of sources, such as clinical
records, biochemical profiles, hormone levels, and
ultrasound imaging data. Data preprocessing, which
includes handling missing values, standardizing
continuous variables, and resolving class imbalances
using strategies like the Synthetic Minority Over-
sampling Technique (SMOTE), is essential given the
disorder's variability.

Data Collection:

The dataset for this study was sourced from the Kaggle
platform

(https://www kaggle.com/code/karnikakapoor/pcos-
diagnosis) under the title "PCOS Diagnosis," curated by
Karnika Kapoor.It includes patient demographic and
clinical data that has been anonymised and is intended
especially for the investigation and diagnosis of PCOS.
A vast array of characteristics, including age, BMI,
irregular menstrual cycles, hormone profiles, ultrasound
findings, and family history of PCOS, are included in the
dataset, which comprises 541 samples with 42 variables.
This thorough data makes it possible to compare studies
between PCOS patients and healthy controls as well as
to thoroughly examine the elements that contribute to the
condition.

To guarantee integrity and dependability for analysis, the
data underwent extensive preparation. In order to reduce
potential biases, outliers were evaluated and missing
values were imputed using statistical techniques. To
further improve interoperability with machine learning
techniques, all numerical variables were standardized.

Since all records have been de-identified and
anonymised to preserve patient privacy, the dataset
complies with ethical standards. This dataset provides a
strong basis for investigating PCOS diagnosis and
prediction methods.
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Fig. 2: Data visualization of the features

Figure 2 displays six data visualization charts that
highlight important characteristics associated with
PCOS: left and right ovarian follicle counts indicate
polycystic morphology; hair growth indicates
hyperandrogenism; weight gain indicates metabolic
imbalance; lifestyle patterns, such as fast-food
consumption, indicate indirect influence; and age
distribution shows higher prevalence in reproductive age
groups. When combined, these graphs offer a
comprehensive ~ summary of the  behavioral,
physiological, hormonal, and demographic variables
most important for PCOS prediction.

In order to guarantee the precision and efficacy of
machine learning algorithms for PCOS detection, data
preparation is essential. The first step in preprocessing is
data cleaning, which involves addressing missing values
in the dataset using imputation approaches such the most
frequent subcategory for categorical variables and the
median, mean, or mode impute for numerical features.
Because they can distort model findings, outliers are also
found and dealt with. In order to make categorical
variables useful with machine learning algorithms, the
next step is feature encoding, which converts Feature
selection was carried out by combining statistical
techniques with the Random Forest algorithm's feature
priority attribute in order to enhance model performance
and decrease dimensionality. To ensure that only the
most significant markers of PCOS could be included in
the final model, the most pertinent characteristics were
ranked using Recursive Feature Elimination (RFE). This
phase improved the interpretability of the model and
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prevented overfitting. The Random Forest classification
system was selected as the main model for identifying
Polycystic Ovaries Syndrome in this study because of its
resilience, adaptability. Randomized Search was used to
optimize the Random Forest classifier's hyperparameters
in the suggested machine learning approach for
identifying Polycystic Ovary Syndrome (PCOS). A
crucial step in enhancing machine learning models'
performance and capacity for generalization is
hyperparameter tuning.

By randomly selecting combinations from a
predetermined search area, Randomized Search offers an
effective method for investigating a broad variety of
hyperparameter values. Because Randomized Search
selects a defined number of parameter values rather than
testing every conceivable combination like Grid Search

does, it is less computationally prohibitive while
encompassing a large portion of the hyper parameter
space.

On the basis of the validation data set, the effectiveness
of the machine learning technique for identifying PCOS
was assessed. With a validation accuracy of 87.73%, the
model proved to be highly effective in accurately
classifying PCOS cases. This high accuracy suggests that
the Random Forest classifier was able to efficiently learn
from the clinical and biochemical aspects of the dataset,
providing accurate predictions, after being refined via
Randomized Search. Furthermore, the loss of validity
was 0.3072, demonstrating the model's capacity to
reduce mistakes throughout testing and training—a
critical component in guaranteeing the model's
generalizability and resilience.

Fig. 3: Correlation matrix of PCOS disease

The relationship between several clinical and lifestyle
characteristics linked to Polycystic Ovary Syndrome
(PCOS) is depicted in the heatmap in Figure 3. Warmer
hues indicate positive correlations, whereas cooler hues
indicate negative correlations. The number of left and
right ovarian follicles is strongly correlated, indicating
that these characteristics are interdependent in ovarian
morphology. Weight increase, hair growth, and follicle
count all exhibit moderately favorable relationships with
PCOS occurrence, indicating their significance in the
syndrome's expression. Furthermore, there are weak
associations between lifestyle factors like eating fast
food and darkening of the skin, suggesting that they may
have an indirect effect. In contrast, there are weak or
negative associations between PCOS and characteristics
including age, BMI, and marital status, suggesting that
these variables have less predictive power in this sample.

RESULTS

Polycystic Ovary Syndrome (PCOS) was examined
using precision, recall, and The F1 score metrics, with
findings demonstrating strong model efficacy. The
model's great capacity to accurately identify non-PCOS
patients was demonstrated by its precision of 0.89, recall
for 0.95, and F1-score of 0.92 for category 0 (non-PCOS
cases). The precision, recall, and Fl-score for class 1
(symptoms of PCOS cases) were 0.87, 0.75, and 0.81,
respectively. The classifier did a good job of detecting
non-PCOS instances, but it did a little worse on PCOS
cases, suggesting that there may be space for

improvement for PCOS diagnosis. The model's macro
average reliability, recollection, and F1-score were 0.88,
0.85, and 0.86, respectively, indicating an overall
accuracy of 88%.

A confusion matrix was used to assess the effectiveness
of the suggested machine learning algorithm for PCOS
detection, producing metrics for precision, recall, and F1-
score for the PCOS-positive and PCOS-negative classes.
The model showed a solid recognition of non-PCOS cases
for class 0 (PCOS-negative), with an Fl-score of 0.92, a
high precision of 0.89, and a great recall of 0.95. The
model's accuracy and recall for class 1 (PCOS-positive)
were 0.87 and 0.75, respectively, yielding an F1-score of
0.81. This figure 4 demonstrates how the model's
sensitivity for identifying affirmative situations is
marginally lower than its precision.

© 0.64 0.037

0

Fig 4: Correlation matrix of PCOS disease
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CONCLUSION

Given the complexity of Polycystic Ovary Syndrome
(PCOS), which has many symptoms and major health
implications, a timely and accurate diagnosis is essential.
By examining intricate patterns in clinical, biochemical,
and imaging data, machine learning (ML) has become a
successful method for identifying PCOS. By using
sophisticated algorithms like decision trees, support
vector machines, and neural networks, machine learning
(ML) increases diagnostic accuracy above conventional
techniques while also handling non-linear correlations
and multidimensional data with ease. Furthermore, ML
provides early PCOS detection, reducing the risk of
complications and enabling earlier treatments.
Additionally, by shedding light on important prognostic
indicators like hormone levels and body mass index,
these models provide a deeper understanding of the
illness and the creation of individualized diagnostic and
therapeutic approaches.
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