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Abstract- Polycystic Ovary Syndrome (PCOS) is a complex endocrine disorder-affecting women of reproductive
age, characterized by hormonal imbalance, metabolic complications, and reproductive issues. Early diagnosis
remains challenging due to heterogeneous symptoms and reliance on subjective clinical criteria. Recent
advancements in Machine Learning (ML) have shown promising results in improving diagnostic accuracy;
however, the lack of interpretability limits their adoption in clinical practice. This review paper presents a
comprehensive analysis of ML-based PCOS prediction models with a focus on Explainable Artificial Intelligence
(XAI). It explores the role of ML algorithms such as Logistic Regression, Decision Trees, Random Forest, Support
Vector Machines (SVM), and ensemble techniques in enhancing prediction performance. Additionally, the study
highlights preprocessing methods including SMOTE, feature scaling, and feature selection techniques that
improve model efficiency. This review provides valuable insights into the development of accurate, interpretable,
and reliable PCOS diagnostic systems, bridging the gap between computational intelligence and clinical

applicability.
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1. Introduction

Polycystic Ovary Syndrome (PCOS) is one of the most prevalent endocrine disorders affecting women of
reproductive age worldwide, with significant implications for reproductive, metabolic, and psychological
health. It is characterized by hyperandrogenism, ovulatory dysfunction, and polycystic ovarian morphology,
as defined by the Rotterdam criteria [22]. The condition is associated with long-term health risks such as
insulin resistance, type 2 diabetes, cardiovascular diseases, and infertility, making early detection and

management critically important [21], [23].

The pathophysiology of PCOS is highly complex and involves interactions between genetic, hormonal,
metabolic, and environmental factors. Insulin resistance is considered a central feature of PCOS, contributing
to hyperinsulinemia, which in turn exacerbates androgen production in the ovaries [24]. Additionally, obesity
plays a significant role in worsening symptoms and increasing the risk of metabolic complications [25]. Due
to such multifactorial characteristics, PCOS presents with a wide spectrum of clinical manifestations, making

its diagnosis challenging and often delayed.

Traditional diagnostic methods rely on a combination of clinical examination, biochemical tests, and
ultrasound imaging. However, these approaches are often subjective, time-consuming, and dependent on the

expertise of healthcare professionals. Furthermore, the variability in symptoms among patients leads to
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inconsistencies in diagnosis, which can delay treatment and increase the risk of complications. This has led

researchers to explore computational approaches that can assist in early and accurate diagnosis.

With the rapid advancement of Artificial Intelligence (AI), particularly Machine Learning (ML), data-driven
techniques have emerged as powerful tools for analyzing complex medical datasets. ML algorithms can
automatically learn patterns from data and identify relationships between multiple variables, enabling more
accurate disease prediction compared to traditional statistical methods [8], [27]. Algorithms such as Random
Forest, Support Vector Machines, and Gradient Boosting have been widely applied in healthcare for

classification and prediction tasks due to their robustness and efficiency [6], [7].

Despite their high predictive performance, many machine learning models operate as “black-box” systems,
meaning that their internal decision-making processes are not easily interpretable. This lack of transparency
poses a significant barrier to their adoption in healthcare, where understanding the rationale behind a
prediction is essential for clinical decision-making [13]. Clinicians require not only accurate predictions but

also explanations that justify those predictions in a medically meaningful way.

To overcome this limitation, Explainable Artificial Intelligence (XAI) has emerged as a critical area of
research. XAl techniques aim to make machine learning models more transparent by providing insights into
how input features influence the output. Methods such as SHAP (SHapley Additive Explanations) and LIME
(Local Interpretable Model-Agnostic Explanations) have gained popularity due to their ability to provide
both global and local explanations of model predictions [11], [12]. These techniques are particularly valuable
in healthcare, as they enable clinicians to understand the importance of specific features such as Body Mass

Index (BMI), hormonal levels, and menstrual cycle patterns in predicting PCOS.
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Applications of Machine Learning in PCOS Diagnosis

Machine learning and explainable artificial intelligence techniques have significantly expanded the scope of
PCOS diagnosis and management. These technologies are widely applied in early detection systems, where
predictive models analyze patient data to identify individuals at risk of developing PCOS at an early stage.

Such early diagnosis enables timely intervention and reduces the likelihood of long-term complications.

In addition, ML models are increasingly used for risk prediction and patient stratification, allowing healthcare
providers to categorize patients based on severity and associated risk factors. This facilitates personalized
treatment planning, where interventions can be tailored according to individual patient profiles. Furthermore,
these models are integrated into clinical decision support systems, assisting healthcare professionals in

making data-driven decisions.

Role of Explainable AI

Explainable Artificial Intelligence plays a crucial role in bridging the gap between predictive performance
and clinical usability. In healthcare, the acceptance of Al systems depends not only on their accuracy but also
on their ability to provide transparent and interpretable results. XAI techniques address this need by

explaining how different input features contribute to a model’s prediction.

Techniques such as SHAP provide a global understanding of feature importance while also offering local
explanations for individual predictions. This allows clinicians to interpret why a particular patient is classified
as having PCOS based on specific attributes such as hormonal imbalance or irregular menstrual cycles.
Similarly, LIME provides localized explanations by approximating complex models with interpretable ones

in the vicinity of a specific prediction.

I1. Research Methodology

The methodology adopted in this review paper follows a structured and analytical approach to examine
existing research on Machine Learning (ML) and Explainable Artificial Intelligence (XAI) techniques for
PCOS prediction. The aim is to critically evaluate different models, data processing techniques, and
interpretability approaches to understand their effectiveness and limitations in real-world healthcare

applications.
Research Design

The research design is primarily qualitative and comparative in nature, focusing on the systematic analysis
of previously published studies. This design allows for an in-depth understanding of how different machine
learning algorithms and explainability techniques have been applied in PCOS prediction. The comparative
framework enables the identification of strengths and weaknesses across different methodologies, facilitating
a comprehensive evaluation. The study also incorporates elements of exploratory research, as it investigates
emerging trends such as the integration of XAl with traditional ML models. By analyzing patterns across

multiple studies, the research design helps in identifying gaps and proposing future directions.
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Data Collection

The data for this review was collected from well-established academic databases, including IEEE Xplore,
ScienceDirect, SpringerLink, and Google Scholar. These sources were selected due to their credibility and

extensive coverage of peer-reviewed research articles in the fields of artificial intelligence and healthcare.

The selection of research papers was based on specific inclusion criteria. Only those studies that focused on
PCOS prediction using machine learning techniques were considered. Preference was given to papers that
included performance evaluation metrics such as accuracy, precision, recall, and F1-score. Additionally,
studies incorporating explainability techniques like SHAP and LIME were prioritized to align with the

objectives of this review.

To ensure relevance and recency, the majority of the selected papers were published between 2016 and 2024.
This time frame captures the rapid advancements in Al and healthcare analytics, particularly the emergence

of explainable Al
Analysis Techniques

The analysis of the selected studies was conducted using multiple theoretical and comparative approaches.
A critical analysis framework was employed to evaluate the methodologies, datasets, algorithms, and results

presented in each study.

Performance metrics such as accuracy, precision, recall, and F1-score were analyzed to compare the
effectiveness of different machine learning models. Accuracy provides an overall measure of correctness,
while precision and recall offer insights into the model’s ability to correctly identify PCOS cases. The F1-

score, being the harmonic mean of precision and recall, provides a balanced evaluation.

In addition to performance metrics, the interpretability of models was assessed using explainability
techniques. SHAP values were analyzed to understand global feature importance, while LIME was examined
for its ability to provide local explanations. This dual-level analysis ensures a comprehensive understanding

of both predictive performance and model transparency.

Furthermore, cross-study comparison techniques were used to identify common patterns, recurring
challenges, and best-performing models. This helps in synthesizing knowledge from multiple sources into a

unified perspective.

Research Framework

The research framework followed in this study is structured into multiple stages to ensure systematic analysis.
Initially, relevant literature was identified and collected from various databases. This was followed by a

screening process, where papers were evaluated based on predefined inclusion and exclusion criteria.

After selection, the papers were categorized based on their application areas, methodologies, and techniques.

This categorization facilitated a structured comparison of different approaches. The next stage involved
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detailed analysis, where each study was examined in terms of its dataset characteristics, preprocessing

methods, machine learning models, and evaluation metrics.
Limitations

Despite the systematic approach, this review has certain limitations. One of the primary limitations is the
dependence on publicly available research papers, which may not include all relevant studies due to access
restrictions. Additionally, variations in datasets, evaluation metrics, and experimental setups across different

studies make direct comparison challenging.

Another limitation is the lack of standardized benchmarks in PCOS prediction research. Different studies use
different datasets and preprocessing techniques, which can influence the reported performance metrics. This

variability makes it difficult to establish a universal standard for comparison.

II1. Review Analysis
Application Area Review of Selected Papers

The reviewed literature demonstrates that machine learning techniques have been applied across multiple
domains within PCOS diagnosis and management. These applications primarily focus on improving

diagnostic accuracy, enabling early detection, and supporting clinical decision-making.

In the context of PCOS prediction, several studies have utilized classification algorithms to distinguish
between PCOS and non-PCOS cases. These models analyze clinical and hormonal features to identify
patterns associated with the disorder. Ensemble learning methods have been particularly effective in

improving prediction accuracy by combining the strengths of multiple models.

Risk assessment is another important application area, where machine learning models are used to evaluate
the likelihood of a patient developing PCOS based on various risk factors. This helps in early intervention

and preventive healthcare.

Healthcare analytics has also emerged as a significant application area, where large datasets are analyzed to
extract meaningful insights. These insights can be used to improve treatment strategies and patient outcomes.
Additionally, the integration of explainable Al techniques has enhanced the transparency of these models,

making them more suitable for clinical use.



International Journal of Computational Research in Science and Technology
E-ISSN: 3108-0871, Volume 2 Issue 2
Mar-Apr 2026, PP 01-08

Table 1: Applications of Selected Papers

Application Description Key Challenges Reference
Contributions Identified
PCOS Prediction ML-based Improved Lack of [1],12]
classification diagnostic interpretability
models accuracy
Risk Assessment Ensemble learning | Enhanced Class imbalance [3], [5]
approaches prediction
performance
Diagnosis Support | SVM and Efficient Limited datasets [4]
Decision Tree classification
models
Healthcare Data-driven Improved Data complexity [20]
Analytics patient analysis healthcare
outcomes
Explainable Al SHAP and LIME | Model Computational [11],[12]
integration transparency overhead

Technique and Results Analysis

The analysis of techniques used in the reviewed studies reveals that ensemble learning methods, particularly
Random Forest and Gradient Boosting, consistently outperform individual classifiers. This is primarily due

to their ability to reduce overfitting and handle high-dimensional data effectively.

Random Forest, for instance, constructs multiple decision trees and aggregates their predictions, resulting in
improved accuracy and generalization [7]. Similarly, XGBoost utilizes gradient boosting techniques to

optimize model performance and has been widely adopted in classification tasks [6].

In terms of interpretability, SHAP has emerged as one of the most effective techniques due to its strong
theoretical foundation based on cooperative game theory. It provides both global and local explanations,
making it highly suitable for healthcare applications [11]. LIME, on the other hand, offers localized

explanations by approximating complex models, although it may lack consistency compared to SHAP [12].
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Table 2: Technique and Results Analysis of Reviewed Articles

Application Author Year Technique Result Reference
PCOS Sahu & Dash 2019 ML Models High accuracy | [1]
Prediction
Data Mining Singh & Kaur | 2018 Classification | Effective [2]

prediction
Risk Alam et al. 2020 Ensemble Improved [3]
Prediction Learning accuracy
Diagnosis Bhatia & 2021 SVM, Good [4]
Sharma Decision Tree | performance
Comparative Sharma et al. 2020 Random Best results [5]
Study Forest
Explainability | Lundberg & 2017 SHAP High [11]
Lee interpretability
Local Ribeiro et al. 2016 LIME Model [12]
Explanation transparency

IV. Discussion and Future Directions

The integration of Machine Learning (ML) and Explainable Artificial Intelligence (XAI) in the prediction of
Polycystic Ovary Syndrome (PCOS) has demonstrated significant potential in improving diagnostic accuracy
and efficiency. The reviewed literature indicates that machine learning algorithms are capable of extracting
complex patterns from heterogeneous healthcare data, including clinical, hormonal, and metabolic features.
Models such as Random Forest, Support Vector Machines, and Gradient Boosting have consistently achieved
high predictive performance due to their ability to handle non-linear relationships and high-dimensional
datasets [6], [7]. However, despite these advancements, the lack of interpretability in many machine learning

models remains a critical barrier to their adoption in real-world clinical environments.

The emergence of Explainable Al has addressed this limitation by providing insights into the decision-
making process of machine learning models. Techniques such as SHAP and LIME enable both global and
local interpretability, allowing clinicians to understand how specific features influence predictions [11], [12].
This is particularly important in PCOS diagnosis, where factors such as Body Mass Index (BMI), menstrual
irregularity, and hormonal imbalance play a crucial role. The alignment of model explanations with
established medical knowledge enhances trust and supports the integration of Al-based systems into clinical

workflows.

Furthermore, the issue of class imbalance in PCOS datasets has been effectively addressed using techniques
such as SMOTE, which improves model performance by balancing the distribution of classes [26]. While

this approach enhances the detection of minority class instances, it also introduces challenges related to data
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authenticity and potential overfitting. Therefore, the development of more robust data balancing techniques

remains an important area for future research.

Emerging Trends

Recent advancements indicate a growing trend toward the integration of explainable Al with machine
learning models in healthcare. Researchers are increasingly focusing on developing hybrid models that
combine high predictive accuracy with interpretability. Ensemble learning techniques continue to dominate

due to their robustness and scalability.

Another emerging trend is the use of deep learning models for PCOS prediction. Although these models offer
high accuracy, efforts are being made to enhance their interpretability through advanced XAI techniques.
Additionally, the integration of multi-modal data, including genetic, clinical, and lifestyle data, is gaining

attention as it provides a more comprehensive understanding of the disorder.

The development of real-time healthcare applications and mobile-based diagnostic tools is also becoming
prominent. These systems leverage Al to provide accessible and efficient healthcare solutions, particularly

in remote areas.

Challenges and Opportunities

The adoption of Al in healthcare is accompanied by several challenges, including data privacy concerns, lack
of standardized datasets, and the complexity of integrating Al systems into clinical workflows. Ethical

considerations, such as bias and fairness in model predictions, also need to be addressed.

However, these challenges present significant opportunities for future research. The development of
standardized datasets and evaluation frameworks can improve the reliability of Al models. Advances in
explainable Al can enhance model transparency, making them more acceptable in clinical settings.
Furthermore, the integration of Al with emerging technologies such as IoMT and wearable devices can

revolutionize healthcare delivery.

V. Conclusion

This review paper provides a comprehensive analysis of machine learning and explainable Al techniques for
PCOS prediction. The study highlights that while machine learning models offer high accuracy, their lack of
interpretability limits their practical application in healthcare. Explainable Al techniques such as SHAP and

LIME address this issue by providing meaningful insights into model predictions.

The findings emphasize the importance of developing models that balance accuracy and interpretability.
Future research should focus on larger datasets, real-world validation, and the development of advanced
explainable models. The integration of Al into healthcare systems has the potential to significantly improve

early diagnosis and patient outcomes in PCOS.
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