Table S1. Complete database search strategies for PubMed, Scopus, and Web of Science
	Database
	Logical Combination of keyword

	SCOPUS

	(TITLE-ABS-KEY(artificial AND intelligence) OR TITLE-ABS-KEY(machine AND learning) OR TITLE-ABS-KEY(Transfer Learning) OR TITLE-ABS-KEY(Semi-supervised Learning) OR TITLE-ABS-KEY(explainable AND artificial AND intelligence) OR TITLE-ABS-KEY(deep AND learning) OR TITLE-ABS-KEY(unsupervised AND learning)) AND (TITLE-ABS-KEY(polycystic AND ovary AND syndrome) OR TITLE-ABS-KEY(PCOS) OR TITLE-ABS-KEY(Stein-Leventhal Syndrome))


	Web of Science

	((TI=("artificial intelligence") OR AB=("artificial intelligence") OR AK=("artificial intelligence")) OR (TI=("machine learning") OR AB=("machine learning") OR AK=("machine learning")) OR (TI=("deep learning") OR AB=("deep learning") OR AK=("deep learning")) OR (TI=("explainable artificial intelligence") OR AB=("explainable artificial intelligence") OR AK=("explainable artificial intelligence"))) AND ((TI=("polycystic ovary syndrome") OR AB=("polycystic ovary syndrome") OR AK=("polycystic ovary syndrome")) OR (TI=("PCOS") OR AB=("PCOS") OR AK=("PCOS")))

	PubMed

	(("artificial intelligence"[Title/Abstract] OR "machine learning"[Title/Abstract] OR "deep learning"[Title/Abstract] OR "explainable artificial intelligence"[Title/Abstract]) AND ("polycystic ovary syndrome"[Title/Abstract] OR "PCOS"[Title/Abstract] OR "Stein-Leventhal Syndrome"[Title/Abstract]))




Table S2a. QUADAS-2 — Diagnostic accuracy / original studies
	
ID
	Study (Author, Year)
	Patient Selection
/ Eligibility
		Index Test



	Reference Standard
	Flow & Timing / Synthesis
	Applicability Concerns
	Overall

	1
	Zhang 2018
	NA
	M
	H
	NA
	H
	H

	2
	Ho 2020
	H
	L
	M
	L
	H
	H

	3
	Cheng 2019
	L
	M
	M
	L
	M
	M

	4
	Thakre 2020
	H
	L
	H
	U
	H
	H

	5
	Xie 2020
	H
	L
	M
	M
	H
	H

	6
	Vikas B 2021
	H
	L
	M
	M
	H
	H

	7
	Kodipalli 2021
	M
	M
	M
	M
	H
	M-H

	8
	Danaei Mehr 2022
	H
	L
	M
	M
	H
	H

	9
	Xin Huang 2021
	M
	L
	M
	M
	M
	M

	10
	R. Kiran 2022 (BKIP)
	H
	M
	M
	U
	H
	H

	11
	R. Kiran 2022 (SVLR)
	H
	M
	M
	M
	H
	H

	12
	Wenqi Lv 2022
	M
	L
	M
	M
	H
	M-H

	14
	Zigarelli 2022
	H
	L
	M
	M
	H
	M-H

	15
	Sreejith 2022
	H
	M
	M
	M
	H
	H

	16
	Suha 2022
	H
	L
	M
	M
	H
	H

	17
	Zhijing Na 2022
	H
	L
	M
	M
	H
	H

	18
	Nasim 2022
	H
	L
	M
	M
	H
	M-H

	19
	Kavitha 2023
	H
	L
	M
	U
	H
	H

	20
	Yeruva 2023
	H
	L
	M
	M
	H
	M-H

	21
	Raghav 2023
	H
	L
	M
	M
	H
	M-H

	22
	Swapnarekha 2023
	H
	M
	M
	M
	H
	H

	23
	Yamini 2023
	H
	L
	M
	M
	H
	M-H

	24
	J. Lim 2023 (TCM pulse)
	H
	M
	M
	M
	H
	H

	25
	Alagarsamy 2023
	H
	L
	M
	U
	H
	H

	26
	Abouhawwash 2023
	H
	L
	M
	M
	H
	H

	27
	Nsugbe 2023
	H
	L
	M
	M
	H
	M-H

	28
	Batra 2023
	H
	L
	M
	M
	H
	M-H

	29
	D. Pandey 2023
	H
	L
	M
	M
	H
	M-H

	30
	Sumathi 2024
	H
	L
	M
	M
	H
	M-H

	31
	V. V. Khanna 2023
	H
	L
	M
	M
	H
	H

	32
	Alamoudi 2023
	M
	L
	M
	M
	H
	M-H

	33
	W. Chen 2023
	H
	L
	M
	M
	H
	H

	34
	R. Yang 2023 (MRI recon)
	M
	L
	M
	M
	M
	M

	35
	J. Lim 2023 (pulse LSTM)
	H
	M
	M
	M
	H
	H

	36
	Sheikdavood 2023
	H
	M
	U
	U
	H
	H

	37
	Elmannai 2023
	H
	L
	M
	M
	H
	H

	38
	Xiaoke Wu 2023
	M
	L
	M
	M
	M
	M

	39
	P. Moral 2024 (PODBoost)
	H
	M
	M
	U
	H
	H

	41
	G. B. Paramasivam 2024
	H
	M
	M
	M
	H
	M-H

	42
	G. Rona 2024 (MRI radiomics)
	M
	L
	M
	M
	M
	M

	43
	Galagan 2024
	H
	L
	M
	M
	H
	M-H

	44
	Praneesh 2024
	H
	L
	M
	U
	H
	M-H

	45
	Bedi 2024
	H
	L
	M
	M
	H
	M-H

	46
	Divya Rao 2024
	H
	L
	M
	M
	H
	M-H

	47
	M. Rahman 2024
	H
	L
	M
	M
	H
	M-H

	48
	Y. Wu 2024
	H
	M
	M
	M
	H
	H

	49
	Bairagi 2024
	H
	L
	M
	M
	H
	M-H

	52
	S. M. Farhan 2024
	H
	L
	M
	M
	H
	M-H

	53
	Umaa Mahesswari 2024
	H
	M
	M
	M
	H
	H

	54
	P. G. Gülhan 2024
	H
	M
	M
	M
	H
	H

	55
	Nethra Sai 2024
	H
	L
	M
	M
	H
	M-H

	56
	H. Narni 2024
	H
	M
	M
	M
	H
	M-H

	57
	R. Ahmad 2024
	H
	M
	M
	M
	H
	M-H

	58
	Z. Zad 2024 (EHR)
	M
	L
	M
	L
	M
	M

	59
	F. Wang 2024
	H
	L
	M
	M
	M
	M-H

	60
	N. Yadav 2024
	H
	L
	M
	M
	H
	M-H

	62
	Y. Yang 2024
	H
	L
	M
	M
	H
	H

	63
	A. H. Mridul 2024
	H
	L
	M
	M
	H
	H

	64
	Sowmiya 2024
	H
	M
	M
	M
	H
	H

	65
	B. Poorani 2024 (segmentation)
	H
	M
	U
	M
	H
	H

	66
	Ankur Kumar 2024
	H
	L
	M
	M
	H
	M-H

	67
	P. Moral 2024 (CystNet)
	H
	L
	M
	M
	H
	H

	68
	Kermanshahchi 2024
	H
	L
	M
	L
	H
	M-H

	69
	Kogilavani 2024
	H
	L
	M
	M
	H
	M-H

	70
	J. Wang 2024
	H
	L
	M
	M
	H
	H

	71
	C. Tan 2024
	H
	L
	M
	M
	H
	H

	72
	Ji-ying Chen 2025
	H
	L
	M
	M
	H
	M-H

	73
	K. M. Mohiuddin 2025
	H
	L
	M
	M
	H
	H

	74
	R. Yang 2025 (MRI DL)
	H
	L
	M
	M
	M
	M-H

	75
	G. Rona 2025 (MRI LightGBM)
	M
	L
	M
	M
	M
	M

	76
	B. Panjwani 2025
	H
	M
	U
	M
	H
	H

	77
	R. Parvathi 2025
	H
	M
	M
	U
	H
	H

	78
	Wenxiu Chen 2025
	H
	L
	M
	M
	H
	H

	79
	C-Y. Wang 2025 (Taiwan)
	M
	L
	M
	M
	M
	M

	80
	Suha 2023 (stacking ensemble)
	H
	L
	M
	U
	H
	H


L = Low risk/concern • M = Moderate • H = High • U = Unclear • NA = Not applicable to that domain


Table S2b. ROBIS — Review-type study
	ID
	Study (Author, Year)
	Eligibility
	Identification & Selection
	Data Collection & Appraisal
	Synthesis & Findings
	Overall ROBIS

	13
	Agrawal 2022 (review)
	L
	M
	M
	H
	H


L = Low risk/concern • M = Moderate • H = High • U = Unclear • NA = Not applicable to that domain

Table S3. Dataset characteristics and methodological details of included studies on AI applications in PCOS.
	St_ID 
	Author(s)
	Population Characteristics
	Sample Size
	Type of AI Algorithm Used
	Specific AI Model/Framework
	Dataset Source
	Dataset Details (Training/Validation Sizes)
	Feature Selection Methods
	Validation Methods
	AI Algorithm Evaluation Metrics
	Reported Outcomes
	Type of AI Application in PCOS
	XAI Methods Used
	Study Limitations

	1
	Xing-Zhong Zhang, China, 2018 [2]
	N/A (genetic study, no direct patient data)
	306 PCOS genes, 13,681 non-PCOS genes analyzed
	Supervised machine learning
	Support Vector Machine (SVM) with linear kernel
	Public datasets (PCOSDB, PCOSKB, OPHID)
	5-fold cross-validation, 306 PCOS genes vs. 306 non-PCOS genes per sampling
	Network characteristics (degree, betweenness, K-core), functional annotations (GO terms)
	Kolmogorov–Smirnov (KS) test, Receiver Operating Characteristic (ROC) analysis
	Precision (0.81), Recall (0.71), F1-score (0.75), AUC (0.80)
	Identified 233 novel PCOS candidate genes with high confidence (posterior probability > 0.9)
	Gene prediction and biomarker discovery
	Network-based feature importance ranking
	Possible bias due to incomplete protein interaction datasets, need for experimental validation of predictions

	2
	Chi-Hong Ho, Taiwan, 2020 [3]
	Women diagnosed with PCOS and controls
	48 PCOS patients, 181 controls
	Machine learning
	Support Vector Machine (SVM)
	Public datasets (NCBI Gene Expression Omnibus - GEO)
	Gene expression profiles from ovarian samples, cross-validation used
	Gene Set Regularity (GSR) indices, Differential Rank Conservation (DIRAC) algorithm
	Two-fold, three-fold, and five-fold cross-validation
	Accuracy (100% for 5-fold CV, 99.65% for 2-fold CV), AUC (0.9923 for 2-fold CV)
	PCOS functionome is significantly different from controls, dysregulated pathways include transporter activity, catalytic activity, STAT signaling, and immune response
	Gene expression-based molecular diagnosis
	Not specified
	Data from ovarian tissues, making clinical translation challenging; lack of subcutaneous adipose tissue data

	3
	Jay Jojo Cheng, USA, 2019 [4]
	Women undergoing pelvic ultrasound at Boston Medical Center (2003–2016)
	39,093 ultrasound reports from 25,535 women
	Machine learning
	Rule-Based Classifier (RBC), Gradient Boosted Tree (GBT)
	Electronic Medical Records (EMRs) from Boston Medical Center
	2000 expert-labeled ultrasounds (1000 training, 1000 test set)
	Regular expression-based text extraction, term frequency analysis
	Two-fold, three-fold, and five-fold cross-validation
	Accuracy (RBC: 97.6%, GBT: 96.1%), Sensitivity (91.5%-99.7%), Specificity (97.6%-99.8%), AUC (0.9923)
	Both RBC and GBT classified polycystic ovary morphology (PCOM) with high accuracy
	Automated classification of PCOM from ultrasound text reports
	Not specified
	Uses text instead of direct image analysis, potential for misclassification due to ambiguous language

	4
	Vaidehi Thakre, India, 2020 [5]
	Women of childbearing age with PCOS symptoms
	Not explicitly mentioned
	Supervised learning
	Random Forest, Support Vector Machine (SVM), Logistic Regression, Gaussian Naïve Bayes, K-Nearest Neighbors
	Public dataset from Kaggle (owned by Prasoon Kottarathil)
	Not explicitly provided
	Chi-Square method (selected top 30 features from 41 available features)
	K-Fold Cross-Validation
	Accuracy (Random Forest: 90.9%), Precision, Recall, F1-Score, ROC-AUC
	Random Forest performed best, achieving the highest accuracy and reliability for PCOS detection
	Early detection and prediction of PCOS
	Not mentioned
	Not explicitly mentioned

	5
	Ning-Ning Xie, China, 2020 [6]
	Women with PCOS and healthy controls
	76 PCOS samples, 57 normal samples
	Supervised learning
	Random Forest (RF), Artificial Neural Network (ANN)
	Public datasets from Gene Expression Omnibus (GEO)
	Five datasets used (one for DEGs screening, two for training, two for validation)
	Random Forest feature importance ranking, Artificial Neural Network weighting
	Area Under Curve (AUC) analysis, independent dataset validation
	AUC (0.7273 for microarray dataset, 0.6488 for RNA-seq dataset)
	Identified 12 key genes for PCOS classification, developed a diagnostic model "neuralPCOS"
	Gene-based biomarker discovery and diagnostic model development
	Not specified
	Small sample sizes per dataset, variability in tissue types, lack of external validation

	6
	Vikas B, India, 2021 [7]
	Women undergoing ultrasound imaging for PCOS detection
	200 ultrasound images (100 PCOS, 100 non-PCOS)
	Deep learning, supervised learning
	Convolutional Neural Network (CNN), VGG-16 with transfer learning
	Private dataset (hospital data, not publicly available)
	50% training, 25% validation, 25% testing
	CNN-based feature extraction
	Cross-validation, model comparison
	Accuracy (Basic CNN: 80%, CNN with augmentation: 91%, Transfer Learning: 98%)
	Transfer Learning model (VGG-16) achieved the highest accuracy of 98%
	Automated PCOS detection using ultrasound imaging
	Not mentioned
	Small dataset, private data not available for external validation

	7
	Ashwini Kodipalli, 2021 [8]
	Women of reproductive age (< 25 years), diverse backgrounds
	660 total participants, 624 included in study
	Supervised learning, fuzzy logic
	Support Vector Machines (SVM), Decision Tree, K-Nearest Neighbors (KNN), Fuzzy TOPSIS, Fuzzy AHP
	Private dataset collected via questionnaires and clinical interviews
	80% training, 20% testing split
	Fuzzy Analytical Hierarchical Process (AHP)
	Confusion matrix, accuracy, and closeness coefficient analysis
	Accuracy (98.20% for Fuzzy TOPSIS, 94.01% for SVM), Sensitivity, Specificity, False Positive Rate (FPR), False Negative Rate (FNR)
	Strong association between PCOS and mental health; fuzzy models outperform traditional ML classifiers
	Prediction and early diagnosis of PCOS and its associated mental health issues
	Not specified
	Limited to young adult women, self-reported questionnaire data, lack of genetic/hormonal markers

	8
	Homay Danaei Mehr, Turkey, 2022[9] 
	Women with PCOS and healthy controls
	541 women (364 healthy, 177 PCOS cases)
	Supervised learning, ensemble learning
	Ensemble Random Forest, Extra Tree, Adaptive Boosting (AdaBoost), Multi-Layer Perceptron (MLP)
	Public dataset from Kaggle (collected from 10 hospitals in India)
	Train-test split (10-fold cross-validation)
	Filter (Pearson correlation), Wrapper (Sequential Backward Selection - SBS), Embedded (Random Forest feature selection)
	10-fold cross-validation, confusion matrix evaluation
	Accuracy (up to 98.89% for RF + embedded selection), Sensitivity (100%), Specificity (98.35%), Precision (96.72%), F1-score (98.33%)
	RF with embedded feature selection achieved the highest classification accuracy
	AI-driven clinical diagnostic tool for PCOS detection
	Not specified
	No real-world clinical validation, potential bias in dataset collection

	9
	Xin Huang, China, 2021 [10]
	Women with and without PCOS (aged 25-35 years)
	300 participants (150 PCOS, 150 non-PCOS)
	Supervised learning
	Fully connected Artificial Neural Network (ANN)
	Collected from Shanghai First Maternity and Infant Hospital
	150 PCOS and 150 non-PCOS follicular fluid samples analyzed using Raman spectroscopy
	Principal Component Analysis (PCA) of Raman spectral data
	Cross-validation (leave-one-out strategy)
	Accuracy, sensitivity, specificity, F1-score, AUC
	ANN model achieved 90% accuracy in classifying oocyte developmental potential and 74% accuracy in predicting clinical pregnancy outcome
	Predicting embryo development and pregnancy success using Raman spectroscopy of follicular fluid
	Not mentioned
	Moderate sample size, need for further validation

	10
	Rakshitha Kiran, India, 2022 [11]
	Women aged 19-40 years with obesity-related infertility issues
	1600 PCOS datasets from ESIC Hospital, Bengaluru
	Supervised learning
	Broyden’s Kernel Import Point (BKIP) Classifier
	Private dataset from ESIC Hospital, Bengaluru, India
	Not explicitly mentioned
	Genetic Algorithm (selected top 10 features)
	Comparison with other models (SVM, IVM)
	Accuracy (BKIP: 89.1%), Negative log-likelihood, Training error
	BKIP performed better than IVM and SVM in PCOS classification
	Prediction and classification of PCOS-related infertility
	Not mentioned
	Dataset is focused on Bengaluru (urban), limiting generalizability

	11
	Rakshitha Kiran, India, 2022 [12]
	Women aged 19-40 years with PCOS symptoms
	1600 datasets from a leading hospital in Bangalore Urban region
	Supervised learning
	Hybrid SVLR (Support Vector Machine + Logistic Regression) optimized using RMSprop
	Private dataset from a hospital in Bangalore, India
	1800 total patient records, final dataset included 17 attributes, with 735 "non-PCOS" and 1065 "PCOS" cases
	Attribute selection from survey data, elimination of invalid/missing values
	Performance comparison with existing ML models (SVM, Decision Tree, Logistic Regression, Random Forest, AdaBoost, KNN)
	Accuracy (89.03%), Precision (0.89), Recall (0.92), F1-score (0.91), ROC-AUC (1.0), RMSE (0.29)
	Optimized hybrid SVLR model achieved higher accuracy and reduced overfitting compared to other models
	Early detection and prediction of PCOS
	Not mentioned
	No explicit mention, but future work suggests applying the model to other healthcare domains

	12
	Wenqi Lv, China, 2022 [13]
	Women diagnosed with PCOS using scleral images
	721 subjects (388 PCOS, 333 non-PCOS)
	Deep learning, supervised learning
	Improved U-Net for segmentation, ResNet-18 for feature extraction, Multi-Instance Learning (MIL) model for classification
	Private dataset from Peking University Third Hospital (China)
	5-fold cross-validation (145 test cases, remaining used for training)
	CNN-based feature extraction from scleral images
	5-fold cross-validation, performance comparison with other CNN architectures (VGG16, VGG19, InceptionV3)
	Accuracy (92.9%), AUC (0.979), Precision (94.0%), Recall (92.8%), F1-score (93.4%)
	ResNet-18 outperformed other CNN models in PCOS detection based on scleral images
	Non-invasive PCOS diagnosis using eye imaging
	Grad-CAM (Gradient-weighted Class Activation Mapping)
	Small dataset size, need for broader validation across different populations

	13
	Anushka Agrawal, Ranjit Ambad, Radhika Lahoti, Parikshit Muley, P.S. Pande, 2022 [14]
	Women aged 12–45 years affected by PCOS
	Not applicable (review study)
	Deep learning, machine learning
	CNN, Neural Networks, SVM, Bayesian Classifier, Logistic Regression, KNN
	Various research studies and AI applications in healthcare
	Not applicable (review study)
	Not explicitly mentioned
	Not explicitly mentioned
	Accuracy (reported AUC = 0.978 for one study)
	AI models, particularly CNN, are effective in PCOS detection and classification
	Automated PCOS detection using ultrasound imaging
	Not mentioned
	No original dataset; relies on previously published studies

	14
	Angela Zigarelli, USA, 2022 [15]
	Women aged 20-48 years
	526 (170 PCOS-positive, 356 PCOS-negative)
	Supervised learning
	CatBoost (gradient boosting decision tree)
	Public dataset from 10 hospitals in Kerala, India
	5-fold cross-validation used for training/testing
	Principal Component Analysis (PCA), k-means clustering
	K-fold cross-validation
	Accuracy (81%-90.1%), Sensitivity, Precision, F1-score
	High accuracy in self-diagnostic models, importance of non-invasive features for early screening
	Self-diagnostic prediction models for PCOS screening
	SHAP (Shapley Additive Explanations) values
	Data limited to Kerala, India; variability in hospital diagnosis criteria

	15
	S. Sreejith,India, 2022 [16]
	Women with PCOS (data obtained from hospitals in Kerala, India)
	541 patients, 37 features
	Machine learning
	Random Forest (RF) classifier with Red Deer Algorithm (RDA) for feature selection
	Public (Kaggle dataset repository)
	80% training, 20% testing split
	Wrapper-based feature selection using Red Deer Algorithm (RDA)
	Cross-validation, McNemar’s hypothesis test
	Accuracy (89.81%), Sensitivity (89.73%), Specificity (90.43%)
	CDSS using RF and RDA improves PCOS classification accuracy compared to other machine learning models
	Clinical decision support system for PCOS diagnosis
	Not specified
	Limited to RF classifier, potential biases in dataset, lacks comparison with deep learning models

	16
	Sayma Alam Suha, Bangladesh, 2022[17]
	Women diagnosed with PCOS and controls
	594 ovary ultrasound (USG) images (306 PCOS, 288 non-PCOS)
	Deep learning, ensemble machine learning
	Convolutional Neural Network (CNN) with VGGNet16 for feature extraction, stacking ensemble model with XGBoost as the meta-learner
	Mixed (123 images from public sources, rest from diagnostic centers and hospitals in Bangladesh)
	70% training, 30% testing split
	Feature extraction using CNN, Principal Component Analysis (PCA), Chi-Square feature selection
	Cross-validation, AUC-ROC analysis
	Accuracy (99.89% for VGGNet16 + XGBoost), Sensitivity, Specificity, Precision, F1-score
	The proposed hybrid model significantly improves PCOS detection with high accuracy and reduced execution time
	Automated PCOS classification from ultrasound images
	Not specified
	Limited dataset (594 images), lack of external validation, explainability of AI model not explored

	17
	Zhijing Na, China, 2022[18]
	Women diagnosed with PCOS and healthy controls
	19 PCOS patients, 15 control subjects (microarray datasets); 7 PCOS patients, 7 control subjects (RNA-seq datasets)
	Supervised learning
	Support Vector Machine Recursive Feature Elimination (SVM-RFE), Least Absolute Shrinkage and Selection Operator (LASSO)
	Public datasets from Gene Expression Omnibus (GEO) (GSE137684, GSE80432, GSE114419, GSE138518, GSE155489)
	Training: 3 microarray datasets; Validation: 2 RNA-seq datasets
	Differentially expressed gene (DEG) analysis, LASSO logistic regression, SVM-RFE
	Receiver Operating Characteristic (ROC) analysis, Real-Time Quantitative PCR (RT-qPCR)
	AUC (HDDC3: 0.918, SDC2: 0.816), Sensitivity, Specificity
	Identified HDDC3 and SDC2 as novel biomarkers for PCOS; Immune infiltration analysis showed changes in immune cell populations in PCOS patients
	Biomarker discovery and immune infiltration analysis
	Feature selection ranking, gene enrichment analysis
	Small sample size, lack of experimental validation beyond bioinformatics approaches

	18
	Shazia Nasim, Pakistan, 2022 [19]
	Women with clinical and physical parameters related to PCOS
	541 patients
	Supervised Learning
	Gaussian Naive Bayes (GNB), Logistic Regression, Random Forest, Support Vector Machine, Gradient Boosting Classifier, etc.
	Public dataset collected from ten hospitals in Kerala, India
	80% training, 20% testing
	CS-PCOS (Chi-Squared based feature selection)
	k-fold Cross-validation (10-fold)
	Accuracy, Precision, Recall, F1-score
	GNB achieved 100% accuracy, identifying key PCOS predictors
	Predicting PCOS diagnosis using machine learning
	Not explicitly mentioned
	Data imbalance and potential overfitting risks; future work suggested for expanding dataset and using deep learning

	19
	K. Kavitha, India, 2023 [20]
	Women of reproductive age with PCOS symptoms
	541 samples with 43 attributes
	Supervised learning
	XGBoost, LightGBM, CatBoost
	Public dataset from Kaggle
	Not explicitly mentioned
	Feature selection performed using dataset attributes like age, BMI, hormone levels, and clinical symptoms
	Grid Search CV optimization
	Accuracy, Precision, Recall, F1-score
	CatBoost with Grid Search CV achieved the highest accuracy (94.23%)
	Early diagnosis of PCOS
	Not mentioned
	Not explicitly mentioned

	20
	Sagar Yeruva, India, 2023[21]
	Women aged 12–45 years at risk of PCOS
	541 clinical records and 53 ultrasound images
	Supervised learning
	Random Forest (clinical parameters), CNN (ultrasound images)
	Clinical dataset from Kaggle, ultrasound images from a diagnostic center in Warangal, India
	80% training, 20% testing for Random Forest; 70% training, 30% testing for CNN
	Clinical attributes reduced from 43 to 12 based on gynecologist's input
	Performance comparison of Random Forest and CNN models
	Accuracy (Random Forest: 83%, CNN: 93%)
	CNN performed better than Random Forest for PCOS detection using ultrasound images
	Mobile application for PCOS prediction and tracking
	Not mentioned
	Limited dataset size, need for broader clinical validation

	21
	Shivangi Raghav, India, 2023 [22]
	Women of reproductive age (20–48 years) with PCOS symptoms
	543 samples
	Supervised learning
	Random Forest, Decision Tree, Support Vector Classifier (SVC), Logistic Regression
	Public dataset from Kaggle (Prasoon Kottarathil, 2020)
	Training: 80%, Testing: 20%
	Chi-Square Test, Information Gain
	Train-test split (4:1 ratio), performance comparison of models
	Accuracy (Random Forest: 92.66%, Decision Tree: 84.4%, Logistic Regression: 80.7%, SVC: 64%)
	Random Forest performed best after feature selection
	Early detection and classification of PCOS
	Not mentioned
	Results not validated with multiple datasets; ultrasound data not used

	22
	H. Swapnarekha, India, 2023[23]
	Women with PCOS symptoms
	541 samples
	Supervised learning
	Extreme Learning Machine (ELM) optimized with Bayesian Optimization
	Public dataset from Kaggle
	541 instances with 42 attributes (177 PCOS cases, 364 non-PCOS)
	Random oversampling to balance class distribution
	10-fold cross-validation
	Accuracy (99.31%), Precision (99.31%), Recall (100%), F1-score (99.33%), ROC-AUC (99.34%)
	The Bayesian optimized ELM model achieved the highest accuracy compared to other machine learning models (SVM, MLP, ELM, Genetic Algorithm-ELM)
	Early diagnosis and classification of PCOS
	Not mentioned
	Small dataset, requires further validation with real-world clinical data

	23
	B. Yamini, India, 2023 [24]
	Women of reproductive age (15–45 years) with PCOS symptoms
	541 instances with 44 attributes
	Supervised learning
	Random Forest (RF), Logistic Regression (LR), Support Vector Machine (SVM), Naïve Bayes (NB), K-Nearest Neighbors (KNN), Extreme Gradient Boosting (XGBoost)
	Public dataset from Kaggle
	70% training, 30% testing
	Not explicitly mentioned
	Cross-validation
	Accuracy, Precision, Recall, F1-score
	Random Forest achieved the highest accuracy (90%), followed by XGBoost (86%)
	Early diagnosis and classification of PCOS
	Not mentioned
	Dataset limited to Kaggle records; real-world clinical validation required

	24
	Jiekee Lim, china, 2023 [25]
	Women with irregular menstruation aged 18–40 years
	450 women (294 PCOS, 156 non-PCOS)
	Supervised learning
	Support Vector Machine (SVM), Random Forest (RF), Extreme Gradient Boosting (XGBoost), Extra Trees (ET)
	Private dataset from Shanghai Municipal Hospital of Traditional Chinese Medicine
	70% training, 30% validation
	Recursive Feature Elimination with Cross-Validation (RFECV)
	10-fold cross-validation
	Accuracy (83.7% for SVM), AUC (0.878 for SVM), F1-score (0.878 for SVM)
	SVM outperformed other models in distinguishing PCOS from non-PCOS cases using pulse wave parameters and TCM indices
	Non-invasive PCOS diagnosis using Traditional Chinese Medicine (TCM) indicators and pulse wave parameters
	SHAP (Shapley Additive Explanations)
	Small sample size, requires larger validation cohorts

	25
	Manjunathan Alagarsamy, India, 2023[26]
	Women of reproductive age with PCOS symptoms
	541 instances (364 PCOS, 177 non-PCOS)
	Supervised learning
	Support Vector Machine (SVM), K-Nearest Neighbors (KNN), Naïve Bayes, Hybrid Algorithm (SVM + KNN)
	Public dataset from Kaggle
	Not explicitly mentioned
	Heat Map for correlated feature identification
	Performance comparison using various ML models
	Accuracy (Ensemble SVM + KNN: 97.22%, SVM: 95.37%, Naïve Bayes: 92.59%, KNN: 90.74%), Precision, Recall, F1-score
	Ensemble (SVM + KNN) outperformed other models in accuracy and precision
	PCOS classification based on clinical data
	Not mentioned
	No mention of external validation with real-world clinical data

	26
	Mohamed Abouhawwash,Common research (Egypt, USA, India, Saudi Arabia), 2023 [27]
	Women diagnosed with PCOS
	541 subjects (177 PCOS, 364 non-PCOS)
	Deep learning, supervised learning
	Convolutional Neural Network (CNN), Multi-Layer Perceptron (MLP), Recurrent Neural Network (RNN), Bi-directional Long Short-Term Memory (Bi-LSTM)
	Public dataset from Kaggle (collected from hospitals in Kerala, India)
	Not explicitly mentioned
	Tri-stage wrapper method (Mutual Information, ReliefF, Chi-Square, XVariance)
	10-fold cross-validation, performance comparison
	Accuracy (CNN: 98.67%, Bi-LSTM: 95.74%, MLP: 78.87%, RNN: 82%), Precision, Recall, ROC Curve
	CNN with feature extraction achieved the highest accuracy (98.67%) in PCOS classification
	AI-based PCOS detection using clinical and biochemical data
	Not mentioned
	Limited dataset, potential need for real-world clinical validation

	27
	Ejay Nsugbe, UK, 2023 [28]
	Women with PCOS
	541 (364 non-PCOS, 177 PCOS)
	Machine learning, supervised learning
	Decision Tree, Linear Discriminant Analysis (LDA), Logistic Regression, K-Nearest Neighbors (KNN), Support Vector Machine (SVM) (multiple types), Probabilistic SVM
	Public (Kaggle PCOS dataset)
	80% training, 20% testing, dataset balanced using Synthetic Minority Oversampling Technique (SMOTE)
	Statistical features derived from dataset, Recursive Feature Elimination (RFE)
	10-fold Cross-Validation
	Accuracy, Sensitivity, Specificity, Area Under the Curve (AUC)
	SVM-based models achieved the highest classification accuracy, model performance improved with feature engineering
	AI-assisted diagnosis and severity staging of PCOS
	Not mentioned
	Dataset size limitation, requires real-world validation

	28
	Harshita Batra, India, 2023 [29]
	Women diagnosed with PCOS
	541 (364 non-PCOS, 177 PCOS)
	Supervised learning
	Random Forest (RF), Support Vector Machine (SVM), Logistic Regression (LR)
	Public dataset (Kaggle, Prasoon Kottarathil)
	80% training, 20% testing
	Correlation-based feature selection
	Cross-validation, Holdout method
	Accuracy (RF: 92.024%, LR: 90.18%, SVM: 70.55%)
	RF model outperformed others in PCOS classification
	AI-driven PCOS detection using non-clinical features
	Not mentioned
	Limited dataset, regional bias

	29
	Dhiraj Pandey, India, 2023 [30]
	Women of childbearing age with PCOS
	541
	Supervised learning
	CatBoost Classifier, Random Forest, K-Nearest Neighbors, SVM, Decision Tree, Logistic Regression, XGBoost
	Public dataset (Kaggle)
	541 records, 42 features
	Extra Tree Classifier, Wrapper Method, Chi-Square Test, Pearson Correlation
	Cross-validation
	Accuracy (CatBoost: 97%, SVC: 91%, Logistic Regression: 91%, XGBoost: 91%)
	CatBoost outperformed other models in PCOS classification
	AI-driven PCOS detection
	Not mentioned
	Limited dataset, potential biases in feature selection

	30
	M. Sumathi, India, 2024 [31]
	Women diagnosed with PCOS and controls (age not specified)
	1918 ultrasound images (PCOS: 781, Normal: 1137)
	Deep learning, machine learning
	DarkNet-19, AlexNet, SqueezeNet, Support Vector Machine (SVM)
	Public (Kaggle dataset) and 25 images from Sathyabama General Hospital
	Not explicitly mentioned
	Gray Level Co-Occurrence Matrix (GLCM) for texture-based feature extraction
	Cross-validation, comparison with previous studies
	Accuracy (DarkNet-19: 99%, AlexNet: 78%, SqueezeNet: 98%, SVM: 84%), Sensitivity (100% for DarkNet-19), Specificity (99% for DarkNet-19), F1-score (98% for DarkNet-19)
	DarkNet-19 performed best for PCOS detection with high accuracy
	Automated ultrasound image classification for PCOS detection
	Not specified
	Small real-time dataset, limited comparison with other deep learning models

	31
	Varada Vivek Khanna, India, 2023 [32]
	Women diagnosed with PCOS, data from multiple hospitals in Kerala
	541 patients, 177 with PCOS
	Machine learning, deep learning
	Random Forest (RF), XGBoost, AdaBoost, ExtraTrees, Logistic Regression (LR), Support Vector Machine (SVM), Decision Trees (DT), Naïve Bayes (NB), K-Nearest Neighbors (KNN), Deep Neural Network (DNN), 1D Convolutional Neural Network (CNN)
	Public (Kaggle dataset from hospitals in Kerala)
	70:30 and 80:20 splits, cross-validation used
	Harris Hawks Optimization (HHO), Salp Swarm Algorithm (SSA), Mutual Information (MI)
	Cross-validation, AUC-ROC analysis
	Accuracy (STACK-3: 98%), Precision (97%), Recall (98%), F1-score (98%), AUC (1.00 for some models)
	STACK-3 (multi-level stacked model) achieved the highest accuracy for PCOS detection
	Automated screening and decision support system for PCOS detection
	SHAP, LIME, ELI5, QLattice
	Dataset imbalance, need for larger datasets for external validation

	32
	Abrar Alamoudi, Saudi Arabia, 2023[33]
	Women diagnosed with PCOS and controls (no explicit age range mentioned)
	391 ultrasound images (127 PCOS, 264 non-PCOS); 285 clinical data samples (129 PCOS, 156 non-PCOS)
	Deep learning
	InceptionV3, VGG-16, VGG-19, MobileNet, DenseNet, fusion model combining MobileNet and clinical data
	Private dataset collected from King Fahad Hospital of the University, Saudi Arabia
	80:20 split for training and validation
	Deep learning-based feature extraction, fusion of clinical and image features
	10-fold cross-validation, AUC-ROC analysis
	Accuracy (InceptionV3: 84.81%, MobileNet fusion model: 82.46%), Precision (84.62%), Sensitivity (78.57%), Specificity (86.21%), F1-score (81.48%)
	Fusion model of MobileNet and clinical data improved performance for PCOS diagnosis
	Automated PCOS detection using ultrasound and clinical data
	Not specified
	Limited dataset from a single center, lack of external validation, potential overfitting due to dataset size

	33
	Wenhui Chen, China, 2023 [34]
	Women diagnosed with PCOS and recurrent implantation failure (RIF)
	PCOS: 18 cases, 14 controls; RIF: 27 cases, 27 controls
	Machine learning
	LASSO (Least Absolute Shrinkage and Selection Operator), Support Vector Machine Recursive Feature Elimination (SVM-RFE), Random Forest (RF)
	Public datasets from the Gene Expression Omnibus (GEO) (GSE10946, GSE34526, GSE80432 for PCOS; GSE103465, GSE111974, GSE26787 for RIF)
	Discovery cohorts and external validation used (specific sizes not provided)
	Weighted Gene Co-expression Network Analysis (WGCNA), LASSO, SVM-RFE, Random Forest
	Receiver Operating Characteristic (ROC) curve analysis, cross-validation
	AUC (PCOS: GLIPR1 0.812, MAMLD1 0.774; RIF: GLIPR1 0.723, MAMLD1 0.879)
	Identified GLIPR1 and MAMLD1 as diagnostic genes for PCOS and RIF, revealing immune and metabolic dysregulation
	Biomarker discovery and immune infiltration analysis
	Gene Set Enrichment Analysis (GSEA), SHAP (not explicitly mentioned but inferred from feature selection)
	Small sample size, reliance on microarray data, lack of external validation in independent cohorts

	34
	Renjie Yang, China, 2023 [35]
	20 women with clinically confirmed PCOS (15 adults, 5 adolescents)
	40 ovaries evaluated with MRI
	Deep learning
	Deep learning reconstruction algorithm (AIRTM Recon DL, GE Healthcare)
	Private (MRI scans from Renmin Hospital of Wuhan University, China)
	Not applicable (real-world clinical study)
	Image-based deep learning reconstruction to enhance MRI clarity
	Intra- and inter-observer agreements, Bland–Altman plots
	Intra-class correlation coefficients (ICC: SSFSE-DL: 0.930, SSFSE: 0.825, FSE: 0.839), Mean follicle number per ovary (FNPO) differences
	Deep learning-enhanced MRI (SSFSE-DL) significantly improved follicle clarity, reducing noise and blurring compared to conventional FSE and SSFSE images
	Enhancing MRI imaging for more accurate follicle counting in PCOS patients
	Not specified
	Small sample size, lack of a control group, limited to a single-center study

	35
	Jiekee Lim, china, 2023[36]
	Women diagnosed with PCOS and healthy controls (aged 18–40 years)
	459 subjects (316 PCOS, 143 healthy controls)
	Supervised learning
	K-Nearest Neighbors (KNN), Support Vector Machine (SVM), Decision Trees, Random Forest (RF), Logistic Regression (LR), Soft Voting, Long Short-Term Memory (LSTM)
	Private dataset from Shanghai University of Traditional Chinese Medicine, affiliated hospitals
	75% training, 25% testing split; stratified k-fold cross-validation
	Time-domain analysis of radial pulse wave parameters, Wilcoxon rank-sum test for significance (p < 0.05)
	10-fold cross-validation, Receiver Operating Characteristic (ROC) curve analysis
	Accuracy (72.17% for best models), F1-score (0.818), AUC (0.722 for LSTM, 0.715 for Voting ensemble)
	Pulse wave signals can classify PCOS with good accuracy; LSTM and Voting classifiers performed best
	Non-invasive detection of PCOS based on radial pulse wave analysis
	Feature importance ranking in Random Forest
	Small dataset, imbalanced data (70% PCOS vs. 30% healthy), potential noise in pulse signal collection

	36
	K. Sheikdavood, M. India, 2023[37]
	Women with PCOS, follicular cyst detection
	Not explicitly mentioned
	Deep learning, unsupervised learning, heuristic optimization
	Convolutional Neural Network (CNN), Deep Neural Network (DNN), Improved Adaptive K-means (IAKmeans), Reptile Search Algorithm (RSA)
	Not explicitly mentioned
	Not explicitly mentioned
	CNN-based feature extraction
	Comparison with existing segmentation methods
	Not explicitly mentioned
	Improved segmentation and classification accuracy for PCOS detection
	Cyst segmentation from ultrasound images
	Not applicable
	Not explicitly mentioned

	37
	Hela Elmannai,Saudi Arabia, Egypt, Jordan, 2023 [38]
	Women with PCOS, age group 15–45 years
	541 instances, 178 positive cases, 363 negative cases
	Machine Learning, Ensemble Learning
	Logistic Regression, Random Forest, Decision Tree, Naïve Bayes, SVM, KNN, XGBoost, AdaBoost, Stacking Machine Learning
	Public (Kaggle PCOS Dataset)
	80:20 and 70:30 train-test splits
	Recursive Feature Elimination (RFE), Tree-based selection, Mutual Information
	Cross-validation
	Accuracy, Precision, Recall, F1-score, AUC-ROC
	Stacking ML model achieved the highest accuracy (100%) with RFE feature selection
	Predicting PCOS based on medical data
	Local and Global Explainability techniques
	Not explicitly mentioned

	38
	Xiaoke Wu, (China, Hong Kong, Germany, Sweden, USA, Australia, UK), 2023 [39]
	Infertile women with PCOS, Han Chinese population
	1000 women
	Machine learning
	Logistic Regression (LR), Support Vector Machine (SVM), K-Nearest Neighbor (KNN), Random Forest (RF), Gradient Boosted Decision Tree (GBDT), Neural Network (NN)
	Clinical dataset from 27 hospitals
	Training from Traditional Chinese Medicine hospitals, validation from Western Medicine hospitals
	Selection of significant genetic variants and metabolic markers
	Leave-one-out cross-validation, internal and external validation
	Area Under the Curve (AUC), Sensitivity, Specificity, Positive Predictive Value (PPV), Negative Predictive Value (NPV), F1-score, Cohen’s Kappa Coefficient, Brier Score
	Genetic variants and metabolic markers influence ovulation response, improved prediction model for ovulation in PCOS
	Prediction of ovulation response to treatment
	Not mentioned
	Moderate sample size, study focused on Han Chinese women, need for larger and more diverse cohorts

	39
	Poonam Moral, India, 2024 [40]
	Women of reproductive age with PCOS
	Not explicitly mentioned
	Supervised learning, boosting algorithm
	Hybridized classifier PODBoost algorithm (Polycystic Ovarian Disorder Boosting algorithm)
	Not explicitly mentioned (likely clinical dataset)
	Not provided
	Grey Wolf Optimization (GWO)
	Not explicitly stated, but evaluated using standard metrics
	Accuracy (97.42%), Error Rate, ROC-AUC Score, Recall, Precision, F1-Score
	High diagnostic accuracy for early PCOS prediction
	Risk prediction and early diagnosis
	Local Interpretable Model-Agnostic Explanations (LIME)
	Not explicitly mentioned

	40
	Irmak Gunesli, Turkey, 2024 [41]
	Responses from AI models on PCOS-related questions evaluated by endocrinologists
	Not explicitly mentioned
	Large Language Models (LLMs)
	ChatGPT-4, ChatGPT-3.5, Google Gemini
	Questions created by endocrinologists based on the latest international PCOS guidelines
	Not provided
	Not provided
	Expert evaluation using Likert scales; readability assessed using standard formulas
	Accuracy, quality, readability, tendency to hallucinate
	ChatGPT-4 and 3.5 had higher accuracy and quality, while Gemini had better readability but lower accuracy
	Patient education and clinical support
	Not mentioned
	Not explicitly mentioned

	41
	Gokila Brindha Paramasivam, India, 2024 [42]
	Women aged 20-40 years with ovarian ultrasound images
	277 images (149 PCOS, 128 non-PCOS)
	Deep learning, supervised learning
	Self-Defined Convolutional Neural Network (SD_CNN), Random Forest, Support Vector Machine (SVM), Logistic Regression
	Private ultrasound images and Kaggle dataset
	Training: 224, Validation: 28, Testing: 25 images
	CNN-based feature extraction
	Comparison with VGG-16 model, Grid Search CV for hyperparameter tuning
	Accuracy, Precision, Recall, F1-score, ROC-AUC
	SD_CNN combined with Random Forest achieved the highest accuracy of 96.43%
	Automated diagnosis using ultrasound images
	Not mentioned
	Limited dataset size, potential need for clinical validation with more diverse hospital data

	42
	Günay Rona, Turkey, 2024 [43]
	Women diagnosed with PCOS (mean age: 23±4 years)
	202 ovaries from 101 PCOS patients
	Supervised learning, machine learning
	Random Forest, Gradient Boosting Classifier (GBC), blend model combining both
	Private hospital dataset (Kartal Doctor Lütfi Kırdar City Hospital, Turkey)
	Training: 141 ovaries (70%), Testing: 61 ovaries (30%)
	LASSO regression, univariate logistic regression analysis
	10-fold cross-validation
	Accuracy, Precision, Recall, F1-score, ROC-AUC
	Best model (blend of Random Forest and GBC) achieved AUC of 0.70, accuracy of 73%, recall of 56%, precision of 66%, and F1-score of 58%
	Distinguishing between classical and non-classical PCOS using MRI radiomics
	Not mentioned
	Small dataset, retrospective nature, no consideration of PCOM appearance on ultrasound

	43
	Roman Galagan, Ukraine, 2024[44]
	Women undergoing ultrasound imaging for PCOS diagnosis
	3,846 ultrasound images (1,562 polycystic ovary, 2,284 normal ovary)
	Deep learning, supervised learning
	Convolutional Neural Network (CNN)
	Public dataset from Kaggle ("PCOS detection using ultrasound images")
	Training: 60%, Validation: 40%
	CNN-based feature extraction
	Training-validation split, confusion matrix, model accuracy tracking
	Accuracy (99.7%)
	CNN model with Grad-CAM achieved high accuracy, but dataset limitations may impact generalizability
	Automated ultrasound image analysis for PCOS detection
	Grad-CAM (Gradient-weighted Class Activation Mapping)
	Dataset may not be representative; further validation on more diverse data is needed

	44
	M. Praneesh, India, Malaysia, Thailand, 2024 [45]
	Women undergoing ultrasound imaging for PCOS diagnosis
	Not explicitly mentioned
	Deep learning, supervised learning
	VGG19 Net, Random Forest, Logistic Regression, Bayesian Classifier, Support Vector Machine (SVM), Artificial Neural Network (ANN)
	Not explicitly mentioned
	Not explicitly mentioned
	CNN-based feature extraction
	Model comparison across multiple ML algorithms
	Accuracy (VGG19: 96%, Random Forest: 94%, Logistic Regression: 91%, SVM: 92%, ANN: 90%)
	VGG19 Net outperformed other models in precision and accuracy for early-stage PCOS detection
	Automated ultrasound image classification for PCOS detection
	Not mentioned
	Not explicitly mentioned

	45
	Pradeep Bedi, India, Malaysia, UAE, Jordan, 2024 [46]
	Women undergoing ultrasound imaging for PCOS detection
	1639 ultrasound images from 294 patients
	Deep learning, supervised learning
	Attention Residual U-Net (AResUNet)
	MMOTU image dataset (Public)
	70:30 ratio for training and testing
	Adaptive bilateral filtering for image pre-processing
	Performance comparison with other deep learning models
	Accuracy (98%), Sensitivity (98.4%), Mean IoU (0.99)
	AResUNet outperformed other state-of-the-art models in PCOS detection
	Automated ultrasound image classification for PCOS detection
	Not mentioned
	Model designed specifically for PCOS, may not generalize to other gynecological issues

	46
	Divya Rao, India, 2024 [47] 
	Women diagnosed with PCOS, clinical data from Kerala hospitals
	541 patients
	Deep learning, supervised learning
	Optimized Deep Learning model (Neural Network) using Optuna and Genetic Algorithms (GA), compared with Support Vector Classification (SVC), Random Forest (RF), Logistic Regression (LR), K-Nearest Neighbors (KNN), and Gaussian Naïve Bayes (GNB)
	Private dataset from hospitals in Kerala, India
	70% training, 15% validation, 15% testing
	Pearson correlation coefficient analysis, feature engineering, Optuna-based optimization
	Cross-validation, comparative analysis with traditional ML models
	Accuracy (93.55% for optimized DL model), Precision (91%), Recall (90%), F1-score (90%)
	The deep learning model outperformed traditional ML models, achieving higher accuracy and reliability
	Early diagnosis and prediction of PCOS based on clinical data
	Not mentioned
	Dataset is region-specific, requiring further validation with broader data sources

	47
	Md Mahbubur Rahman, Bangladesh, 2024 [48]
	Women diagnosed with PCOS, dataset from Kaggle
	541 patients (364 PCOS-negative, 177 PCOS-positive)
	Supervised learning
	Logistic Regression (LR), Decision Tree (DT), AdaBoost (AB), Random Forest (RF), Support Vector Machine (SVM), among others
	Public dataset from Kaggle
	80% training, 20% testing
	Mutual Information model
	Cross-validation, ROC analysis, comparative model evaluation
	Accuracy (RF & AdaBoost: 94%), Precision, Recall, F1-score, AUC
	RF and AdaBoost models achieved the highest accuracy (94%) in PCOS prediction
	Web-based AI model for early PCOS detection
	Not mentioned
	Dataset is limited to a single source (Kaggle), requiring broader validation

	48
	Yuanyuan Wu, China, 2024 [49]
	Women with PCOS and non-PCOS controls
	33 PCOS patients, 7 healthy controls
	Supervised learning, ensemble learning
	Support Vector Machine (SVM), Random Forest (RF), Generalized Linear Model (GLM), Extreme Gradient Boosting (XGBoost), LASSO Regression
	Private dataset from Lanzhou University Second Hospital
	Not explicitly mentioned
	Kaplan-Meier analysis, Metascape pathway analysis, LASSO regression, machine learning screening
	Receiver Operating Characteristic (ROC) curve analysis, Decision Curve Analysis (DCA), Bootstrap validation
	AUC (0.94), Sensitivity, Specificity
	Identified TIA1 and COL5A1 as biomarkers for predicting pregnancy loss in PCOS patients
	Prognostic model for pregnancy outcomes in PCOS patients
	Not mentioned
	Small sample size, lack of external validation, limited public PCOS proteomics data

	49
	V. K. Bairagi, India, Thailand, Philippines, 2024 [50]
	Women diagnosed with PCOS via ultrasound imaging
	1924 ultrasound images (781 PCOS-infected, 1143 non-infected)
	Deep learning, supervised learning
	Convolutional Neural Network (CNN)
	Public dataset from Kaggle
	70% training, 30% testing
	CNN-based feature extraction
	Performance evaluation on multiple datasets, comparative analysis
	Accuracy (97.76%), Recall (99.27%), Sensitivity (99.27%), Specificity (95.53%)
	CNN-based classifier achieved high accuracy in distinguishing PCOS-infected from non-infected cases
	Ultrasound-based PCOS diagnosis
	Not mentioned
	May require more time to process large datasets; model tested only on Kaggle data

	50
	Belgin Devranoglu, Turkey, 2024 [51]
	Not applicable (AI model performance evaluation)
	460 queries about PCOS and infertility
	Large Language Model (LLM)
	ChatGPT-4
	Not applicable
	Not applicable
	Not applicable
	Comparison of AI responses over 30 days, inter-rater reliability
	Accuracy, Completeness Scores (Likert scale)
	ChatGPT-4 had 100% accuracy in true/false questions, improved accuracy in open-ended questions over 30 days
	AI-assisted medical decision support
	Not mentioned
	AI model’s training data may have biases, responses should be verified with clinical guidelines

	51
	Rebecca H.K. New Zealand, Germany, 2024 [52]
	PCOS-related lab test results from Reddit users
	1585 test sets from Reddit PCOS forum
	Unsupervised learning
	K-means clustering, k-Nearest Neighbour (KNN) imputation
	Public dataset from Reddit PCOS forum
	No explicit training/testing split (unsupervised learning)
	Kernel Density Estimation (KDE) plots, Euclidean distance scaling
	Elbow method for cluster selection, internal dataset split validation, external comparison with prior PCOS phenotype studies
	Cluster stability and interpretability
	Identified four main PCOS subtypes: metabolic, reproductive, mixed, and normal. A seven-cluster model further differentiated metabolic and reproductive subgroups
	AI-assisted phenotype identification for PCOS
	Not mentioned
	Self-reported data from Reddit may have biases; imputation used for missing values

	52
	Syed Mohd. Farhan, Bangladesh, 2024 [53]
	Women diagnosed with PCOS; dataset collected from multiple hospitals
	541 patients (364 non-PCOS, 177 PCOS)
	Supervised learning, deep learning
	Logistic Regression, Naïve Bayes, AdaBoost, Random Forest, Artificial Neural Networks (ANN)
	Public dataset from Kaggle (collected from 10 hospitals in Thrissur, Kerala, India)
	80% training, 20% testing
	Pearson correlation matrix, feature engineering
	Cross-validation, performance comparison of multiple models
	Accuracy (Logistic Regression: 95.4%, ANN: 90.24%), Recall (94.12%), Precision (94.12%), F1-score (95.4%)
	Logistic Regression performed the best among all classifiers
	AI-based PCOS classification using clinical features
	Not mentioned
	Small dataset, regional bias (data from Kerala only), limited generalizability

	53
	Umaa Mahesswari G, India, 2024 [54]
	Women diagnosed with PCOS
	541 patient records (from a Kaggle dataset)
	Supervised learning, Explainable AI (XAI)
	Random Forest, Logistic Regression, Support Vector Machines, Decision Tree, Naïve Bayes, K-Nearest Neighbors, AdaBoost, XGBoost, Extra Trees
	Public dataset (Kaggle, collected from 10 hospitals in Kerala, India)
	80% training, 20% testing
	Threshold-driven Optimized Principal Component Analysis (TOPCA), Optimized Salp Swarm (OSSM), Threshold-driven Optimized Mutual Information Method (TOMIM)
	8-fold cross-validation, performance comparison across classifiers
	Accuracy (99.31% with TOMIM), F1-score, precision, recall, specificity
	Two-level Random Forest model achieved the highest accuracy (99.31%) using TOMIM-selected features
	AI-based PCOS classification using clinical and demographic data
	SHAP, LIME, Partial Dependence Plots (PDP), DALEX, QLattice
	Dataset imbalance addressed via SMOTE, potential bias due to dataset being from a single region (Kerala, India)

	54
	Perihan Gülşah Gülhan, Turkey, 2024 [55]
	Women with PCOS, ultrasound image dataset
	54 ultrasound images (14 PCOS, 40 control)
	Deep learning (CNN)
	Convolutional Neural Networks (CNN), Transfer Learning (SqueezeNet)
	Public dataset from Telkom University
	Data augmentation applied; 270 images (200 normal, 70 PCOS)
	Not explicitly mentioned
	Cross-validation, model performance comparison
	Accuracy (77.81% for segmented images, 65.81% for unsegmented), Sensitivity, Precision, F1-score
	Wiener filter with adaptive thresholding provided the highest follicle detection accuracy (97.63%)
	Automated follicle detection and PCOS classification using ultrasound images
	Not mentioned
	Small dataset, limited generalizability, potential overfitting risks

	55
	Nethra Sai M, India, South Korea, 2024 [56]
	Women diagnosed with PCOS
	1468 ultrasound images (3200 for training)
	Supervised learning, deep learning
	ResNet-50, Support Vector Machine (SVM), Random Forest, Logistic Regression
	Public dataset
	3200 images for training, 1468 for testing
	Correlation-based feature selection for clinical data
	Cross-validation, model comparison
	Accuracy (SVM: 99%, RF: 95%, LR: 97%), Precision, Recall, F1-score, AUC-ROC
	SVM model achieved the highest accuracy (99%) in PCOS classification
	AI-driven PCOS detection using clinical and ultrasound imaging data
	SHAP (SHapley Additive exPlanations)
	Limited dataset, potential biases in dataset distribution

	56
	Hanumanth Narni, India, 2024 [57]
	Women aged 20-30 years diagnosed with PCOS
	200 (100 cases, 100 controls)
	Supervised learning, deep learning
	Random Forest (RF), Feedforward Neural Network (FFNN)
	Private dataset (hospital-based)
	80% training, 20% testing
	Chi-Square filter method
	5-fold cross-validation
	Accuracy (RF: 95% on training, 80% on testing; FFNN: 80% on training, 82% on testing), Precision, Recall, F1-score, AUC
	RF model performed better on training data but showed variability on testing data, while FFNN was more stable across datasets
	AI-based PCOS screening tool using non-invasive features
	Not mentioned
	Case-control design may introduce selection bias, lack of family history data

	57
	Rumman Ahmad, India, Saudi Arabia, 2024 [58]
	Women diagnosed with PCOS (no specific age/gender details provided)
	540 samples after preprocessing
	Deep learning
	CNN, LSTM, CNN-LSTM hybrid
	Public (Kaggle Repository)
	80% training, 20% testing after SMOTE balancing
	Pearson correlation, automated feature extraction using CNN
	DeLong test for AUC comparison
	Accuracy (96.59%), Precision (96.60%), Recall (96.59%), F1-score (96.59%), ROC-AUC (96.60%)
	High accuracy with CNN model, CNN performed better than LSTM and CNN-LSTM hybrid
	Automated PCOS diagnosis
	SHAP, LIME, QLattices, ELI5
	Small dataset, SMOTE used for balancing, potential data biases

	58
	Zahra Zad, USA, 2024 [59]
	Women aged 18-45 years visiting Boston Medical Center for various medical services, excluding those with concurrent endocrinopathies
	30,601 women
	Machine learning
	Logistic Regression, Support Vector Machine (SVM), Gradient Boosted Trees (GBT), Random Forest, Multilayer Perceptron (MLP) Neural Network
	Electronic Health Records (EHR) from Boston Medical Center (2003-2016)
	Data split into five random parts, using 5-fold cross-validation for hyperparameter tuning
	Recursive Feature Elimination (RFE), Statistical Feature Selection (SFS), correlation-based feature removal
	Cross-validation, Receiver Operating Characteristic (ROC) analysis
	AUC (Models I-IV: 85%, 81%, 80%, 82%), weighted F1-score (91.1%-95.1%)
	AI models successfully predicted PCOS risk with high accuracy, with obesity and hormone levels being strong predictors
	Early PCOS risk prediction using EHR data
	Not specified
	Retrospective nature, lack of external validation, data limitations due to EHR reliance

	59
	Fengjuan Wang, China, 2024 [60]
	Women aged 18-40 years diagnosed with PCOS and age-matched controls
	70 PCOS patients, 60 controls
	Machine learning
	XGBoost, Adaptive Boosting (AdaBoost), Decision Tree (DT), K-Nearest Neighbors (KNN), Logistic Regression (LR), Random Forest (RF)
	Clinical data from Xijing Hospital
	5-fold cross-validation used for model training
	Recursive Feature Elimination with Cross-Validation (RFE-CV)
	5-fold cross-validation, Receiver Operating Characteristic (ROC) analysis
	Accuracy (88.46%-100% depending on model), Sensitivity (83.54%-100%), Specificity (74.67%-100%), AUC (0.724-0.995)
	XGBoost performed best for PCOS classification, and combining OVGP1 with six clinical markers improved diagnostic accuracy
	Diagnostic biomarker identification using OVGP1 and AI models
	Not specified
	Small sample size, single-center study, lack of external validation

	60
	Neha Yadav, India, 2024 [61]
	Women diagnosed with PCOS and controls
	512 samples (362 non-PCOS, 176 PCOS, balanced using SMOTE)
	Machine learning
	Gradient Boosting (GB), XGBoost, AdaBoost, Random Forest (RF)
	Public dataset from Kaggle
	SMOTE applied for balance, train-test split (not explicitly mentioned)
	Light Gradient Boosting Machine (LGBM), Kernel Density Estimation (KDE)
	Cross-validation, optimization using Grid Search CV (GSCV) and TPOT
	Accuracy (GSCV: 94%, TPOT: 91%), Precision, Recall, F1-score for multiple classifiers
	GSCV achieved the highest accuracy (94%) for PCOS detection
	Automated PCOS detection using ML classifiers
	Not specified
	Dataset size, limited deep learning exploration

	61
	Santhi Selvaraj, India, 2024 [62]
	Women discussing PCOS symptoms on Reddit
	24,794 Reddit posts
	Unsupervised learning, association rule mining
	Latent Dirichlet Allocation (LDA), Symptom Segmentation Grouping-Labelled Latent Dirichlet Allocation (SSG_LLDA), Association Rule Mining (ARM) using Apriori algorithm
	Public (Reddit PCOS community posts)
	Unstructured text data processed using topic modeling and rule mining
	Bag of Words (BoW), Frequent Symptom Set Mining
	Association Rule Mining (ARM), Support-Confidence-Lift Metrics
	Support (0.02), Confidence (0.1), Lift for association rule selection
	Identified frequent PCOS symptom patterns, classified symptom severity (Insulin Resistance PCOS, Inflammatory PCOS, Adrenal PCOS)
	Predicting upcoming PCOS symptoms and severity assessment from social media data
	Not specified
	Social media-based data may lack clinical validation; symptom interpretation may be biased by user self-reporting

	62
	Yizhen Yang, China, 2024 [63]
	Women diagnosed with PCOS and healthy controls
	32 granulosa cell samples (16 PCOS, 16 controls) and 12 oocyte samples (6 PCOS, 6 controls)
	Machine learning
	LASSO (Least Absolute Shrinkage and Selection Operator), Random Forest (RF), Support Vector Machine Recursive Feature Elimination (SVM-RFE)
	Public datasets from Gene Expression Omnibus (GEO) (GSE95728, GSE168404, GSE155489)
	Training: GSE95728 (7 PCOS, 7 controls), GSE155489 (4 PCOS, 4 controls); Validation: GSE168404 (5 PCOS, 5 controls), GSE155489 (6 PCOS, 6 controls)
	LASSO, RF feature importance ranking, SVM-RFE
	Receiver Operating Characteristic (ROC) analysis, cross-validation
	AUROC (MAP1LC3A: 0.860 in training, 0.960 in validation), Sensitivity (90.9%), Specificity (81.8%)
	MAP1LC3A was identified as a promising mitophagy-related biomarker for PCOS, showing high diagnostic accuracy
	Biomarker discovery and immune infiltration analysis
	Feature importance ranking, gene enrichment analysis
	Small sample size, reliance on microarray data, lack of experimental validation

	63
	Aunik Hasan Mridul, Bangladesh, USA, 2024 [64]
	Women diagnosed with PCOS and healthy controls
	540 samples (363 PCOS, 177 healthy controls)
	Deep learning, supervised learning, ensemble learning
	Artificial Neural Network (ANN), Recurrent Neural Network (RNN), Convolutional Neural Network (CNN), Long Short-Term Memory (LSTM), Bi-Directional LSTM (BLSTM), Random Forest (RF), Logistic Regression (LR), Gradient Boosting (GB), K-Nearest Neighbor (KNN), AdaBoost Classifier (ABC), Decision Tree (DT), Support Vector Machine (SVM), Quadratic Discriminant Analysis (QDA), Ridge Classifier (RC), Passive Aggressive (PA), Gaussian Naïve Bayes (GNB)
	Public dataset from Kaggle
	80% training, 20% testing, data balancing using ADASYN
	Univariate feature selection, Recursive Feature Elimination (RFE)
	10-fold cross-validation, AUC-ROC analysis
	Accuracy (99.32% for best models), Precision, Specificity, F1-score, Sensitivity, False Positive Rate (FPR), False Negative Rate (FNR), Matthews Correlation Coefficient (MCC)
	Boosted Random Forest and Support Vector Classifier (SVC) achieved highest accuracy (99.32%), Stacking Classifier RDAS also performed well
	PCOS detection and classification
	Not specified
	Potential data imbalance despite ADASYN correction, need for external validation, lack of genetic and hormonal data

	64
	Sowmiya S., India, 2024 [65]
	Women aged 18-45 years, diagnosed with PCOS or healthy controls
	Dataset 1: 50 PCOS cases, 50 controls (100 total)            Dataset 2: 100 PCOS cases, 100 controls (200 total)
	Deep learning and machine learning Algorithms
	YOLOv8 for object detection, Fuzzy c-means clustering for segmentation, F-Net (custom CNN), MobileNet, ResNet152V2, DenseNet121, Random Forest, SGD, K-Star
	Private dataset from SRM Medical College, India
	80% training, 20% testing split; augmented dataset using Generative Adversarial Networks (GAN)
	Gray Level Co-occurrence Matrix (GLCM) statistical feature extraction
	Confusion matrix, accuracy, precision, recall, F1-score, ROC curve, AUC
	Accuracy (F-Net: 95% on Dataset 1, 97.5% on Dataset 2), Sensitivity, Specificity, AUC (0.99 for F-Net)
	F-Net outperformed all other classifiers, showing potential for automated PCOS diagnosis
	Automated ultrasound-based PCOS detection and classification
	Not specified
	No clinical validation, limited real-world deployment, challenges with AI model interpretability

	65
	B. Poorani, India, 2024 [66]
	Women with PCOS (ultrasound images)
	200 ultrasound images used for segmentation
	Supervised learning, image segmentation
	Multiscale Gradient-Weighted Oriented Otsu Thresholding with Sum of Product Fusion (MOT-SF)
	Public dataset from Kaggle
	1928 images for training, 1552 images for testing
	Multiscale Otsu thresholding with gradient weighting
	Accuracy, Precision, Recall, F1-score, Jaccard index
	Accuracy: 85.06%, Precision: 93.7%, Recall: 79.93%, F1-score: 83.14%, Jaccard index: 74.16%
	MOT-SF technique outperformed traditional segmentation methods, achieving higher accuracy and better small follicle detection
	Ultrasound-based follicle segmentation for PCOS diagnosis
	Not specified
	High computational complexity, sensitivity to parameter selection

	66
	Ankur Kumar, India, 2024 [67]
	Women with PCOS and healthy controls
	541 women (364 healthy, 177 PCOS cases)
	Supervised learning, optimization techniques
	Logistic Regression (LR), Linear Discriminant Analysis (LDA), Gaussian Naive Bayes (GNB), Support Vector Machine (SVM), XGBoost (XGB), Decision Tree (DT), AdaBoost (AB), Random Forest (RF), K-Nearest Neighbors (KNN)
	Public dataset from Kaggle (collected from 10 hospitals in Kerala, India)
	Train-test split (70:30 and 80:20 ratios), stratified 10-fold cross-validation
	Correlation analysis, exploratory data analysis (EDA)
	10-fold cross-validation, confusion matrix evaluation
	Accuracy (up to 96.30% for LR+PSO), Sensitivity (94.44%), Specificity (97.22%), Precision (94.44%), F1-score (94.44%)
	LR+PSO model achieved the highest accuracy for PCOS classification, improving performance over standard ML models
	AI-driven clinical diagnostic tool for PCOS detection
	Not specified
	No real-world clinical validation, computational complexity of PSO

	67
	Poonam Moral, India, 2024 [68]
	Women with PCOS and healthy controls
	1,924 training images and 1,932 test images (PCOS and non-PCOS ultrasound images)
	Deep learning, machine learning, hybrid model
	CystNet (InceptionNet V3 + Convolutional Autoencoder), Random Forest, Adaptive Boosting, K-Nearest Neighbors, Naïve Bayes
	Kaggle PCOS ultrasound dataset, PCOSGen dataset, MMOTU dataset
	70:30 train-test split, 5-fold cross-validation
	Hybrid feature extraction (InceptionNet V3 + Autoencoder)
	5-fold cross-validation, confusion matrix, ROC-AUC
	Accuracy (97.75% RF, 96.54% Dense Layer), Sensitivity (98.29%), Specificity (97.37%), Precision (96.23%), F1-score (97.19%)
	High accuracy PCOS detection using ultrasound images, superior performance compared to existing models
	Automated ultrasound image classification for PCOS detection
	Not specified
	Dataset from a single source, potential limitations in generalizability, computationally demanding model

	68
	Jonathan Kermanshahchi, USA, 2024 [69]
	Women diagnosed with PCOS and healthy controls (ultrasound images)
	1,932 pelvic ultrasound images (1,145 normal, 787 PCOS-positive)
	Deep learning
	Convolutional Neural Network (CNN)
	Public dataset from Kaggle
	80% training, 10% validation, 10% testing
	Deep learning-based feature extraction
	Confusion matrix, AUC, precision-recall analysis
	Accuracy (100%), Precision (82.6%), Recall (100%), AUC (1.0), F1-score (0.905)
	CNN model accurately classifies PCOS from ultrasound images with high sensitivity and specificity
	Automated PCOS detection using ultrasound image analysis
	Not specified
	Potential overfitting, reliance solely on ultrasound imaging without clinical/laboratory parameters

	69
	Kogilavani Shanmugavadivel (India, Saudi Arabia, Ethiopia), 2024 [70] 
	Women with clinical and ultrasound imaging data related to PCOS
	541 clinical cases, 3856 ultrasound images
	Machine learning, deep learning, transfer learning
	Logistic Regression, Naïve Bayes, Support Vector Machine (SVM), Convolutional Neural Networks (CNN), VGG16 transfer learning
	Public datasets from Kaggle
	1924 training images, 1932 test images
	Pearson correlation-based feature selection
	Accuracy, precision, recall, F1-score, training/validation loss and accuracy comparison
	Accuracy, precision, recall, F1-score
	SVM achieved 94.44% accuracy, while VGG16 transfer learning outperformed CNN with a validation accuracy of 98.29%
	Classification and prognosis using clinical data and ultrasound images
	Not specified
	Future improvements suggested, such as incorporating attention mechanisms for better accuracy

	70
	Jiqing Wang, China, 2024 [71]
	Women diagnosed with PCOS and healthy controls
	16 PCOS patients, 13 healthy individuals (training set: GSE6798); 14 PCOS patients, 15 healthy individuals (validation set: GSE48301)
	Machine learning
	LASSO regression, Support Vector Machine Recursive Feature Elimination (SVM-RFE)
	Public datasets (GEO: GSE6798, GSE48301)
	GSE6798 (Training: 13 healthy, 16 PCOS); GSE48301 (Validation: 15 healthy, 14 PCOS)
	LASSO regression, SVM-RFE
	Cross-validation (15-fold), external validation (GSE48301)
	ROC curve, AUC values
	Identified 15 key acetylation-regulated genes associated with PCOS; highest AUC for combined model was 0.962 (training) and 0.924 (validation)
	Identification of acetylation-related gene markers for PCOS diagnosis and pathogenesis study
	SHAP (Shapley Additive Explanations)
	Limited population diversity, potential overfitting, reliance on publicly available datasets

	71
	Cuiyu Tan, China, 2024 [72]
	Women diagnosed with PCOS and healthy controls
	22 PCOS patients, 14 healthy controls
	Machine learning
	Random Forest (RF), Support Vector Machine (SVM), Decision Tree, k-Nearest Neighbors (KNN)
	Public datasets (GEO: GSE34526, GSE95728, GSE106724)
	Combined dataset from GEO, no explicit split between training and validation mentioned
	Weighted Gene Co-Expression Network Analysis (WGCNA), Bayesian network analysis
	Twofold cross-validation
	Area Under the Curve (AUC), cross-entropy
	Random Forest had the best performance with AUC = 0.960, and five hub genes were identified as potential biomarkers for PCOS
	Identification of molecular clusters and immunological characterization in PCOS
	Not specified
	Small sample size, lack of external validation, reliance on public datasets, experimental validation based on a mouse model

	72
	Ji-ying Chen, China, 2025 [73]
	Women with PCOS and non-PCOS controls
	152 PCOS patients, 50 non-PCOS controls
	Supervised learning, ensemble learning
	Logistic Regression (LR), Random Forest (RF), Support Vector Machine (SVM)
	Private dataset from Shenzhen Longhua District Central Hospital
	Training and test sets used but exact split not specified
	Statistical test pre-screening, ensemble learning method for secondary screening
	Receiver Operating Characteristic (ROC) analysis, machine learning model comparison
	AUC (0.815 in test set), Accuracy (0.74), Specificity (0.88), Sensitivity (0.7)
	Identified PI (18:0/20:3)-H and PE (18:1p/22:6)-H as candidate biomarkers for PCOS
	Biomarker discovery for PCOS diagnosis using lipidomics and machine learning
	Not mentioned
	Small sample size, dataset imbalance, need for validation in larger cohorts

	73
	Khandaker Mohammad Mohiuddin Bangladesh, Australia, 2025 [74]
	Female patients with PCOS
	541
	Machine Learning
	Logistic Regression, Support Vector Machine, Random Forest, KNN, AdaBoost, Decision Trees, LGBM, CatBoost
	Public (Kaggle Dataset)
	541 records, 45 features
	SelectKBest, Chi-Square, XGBoost
	Grid Search, Cross-validation
	Accuracy, Precision, Recall, F1-score, ROC Curve
	High accuracy (99.7753%), Clinical Utility in PCOS Prediction
	PCOS Diagnosis
	Not Reported
	Limited dataset diversity, Lack of external validation

	74
	Renjie Yang, China, 2025 [75]
	Women diagnosed with PCOS
	22
	Deep Learning
	Convolutional Neural Network (CNN) in MRI Reconstruction
	Private (Hospital-based study)
	22 patients, 44 ovaries analyzed
	Not explicitly mentioned
	Cross-validation
	Repeatability metrics, Intraclass Correlation Coefficients (ICC)
	Deep Learning-based MRI enhanced follicle detection accuracy
	PCOS Follicle Counting and Diagnosis
	CNN-based deep learning reconstruction
	Limited sample size, no control group, manual follicle counting still required

	75
	Gunay Rona, Turkey, 2025 [76]
	Women diagnosed with PCOS and age-matched controls (mean age: 23±4 years for PCOS, 24±5 years for controls)
	101 PCOS patients (202 ovaries), 40 controls (78 ovaries)
	Machine learning
	Light Gradient Boosting Machine (LightGBM) (Best performing model)
	Retrospective clinical MRI data
	Training set (70% - 196 samples), Test set (30% - 84 samples), 10-fold cross-validation used
	Random Forest, Lasso Regression, Correlation-based feature selection
	10-fold cross-validation
	Accuracy (82%), AUC (0.80), Recall (91%), Precision (86%), F1-score (88%)
	LightGBM model showed the best performance in distinguishing PCOS patients from healthy controls
	MRI-based radiomics analysis for PCOS diagnosis
	Not specified
	Retrospective study, small sample size, manual segmentation leading to possible interobserver variability

	76
	Bharti Panjwani, India, 2025 [77]
	Women diagnosed with PCOS and controls
	932 samples (blended dataset from cardiovascular disease and PCOS datasets)
	Machine learning, deep learning
	Ensemble Learning (EL), Stacked Model (WaOEL), Deep Learning (DL), KNN, SVM, Logistic Regression (LR), Decision Tree (DT), Random Forest (RF), Extreme Gradient Boosting (XGB)
	Public (Kaggle datasets on PCOS and cardiovascular disease)
	80% training, 20% testing; 10-fold cross-validation used
	Walrus Optimization (WaO), Recursive Feature Elimination (RFE), Feature Importance Analysis
	10-fold cross-validation, AUC-ROC analysis
	Accuracy (WaOEL: 92.8%), AUC (0.93), Sensitivity, Specificity, Precision, F1-score
	WaOEL performed best in predicting PCOS based on lifestyle indicators without expensive medical tests
	Early PCOS detection using non-invasive health indicators
	SHAP, Random Forest-based feature importance
	Dataset is limited to publicly available data, no external clinical validation yet

	77
	R. Parvathi, India, 2025 [78]
	Women diagnosed with PCOD (no specific age details provided)
	541 patients (PCOS: 364, Non-PCOS: 177)
	Deep learning
	Deep Neural Network (DNN), Convolutional Neural Network (CNN), Recurrent Neural Network (RNN)
	Public dataset from Kaggle (PCOS_data.csv)
	Over 5000 records, 541 used for analysis (no explicit train-test split mentioned)
	Data preprocessing (removing duplicates, handling missing values)
	Performance comparison using Precision, Recall, and F-measure
	Accuracy (DNN: 80.74%, CNN: 74.05%, RNN: 79.57%), Precision, Recall, F-measure
	DNN performed best for PCOS detection, outperforming CNN and RNN
	Automated PCOS classification using deep learning
	Not specified
	No explicit mention of external validation, dataset size limitation

	78
	Wenxiu Chen, China, 2025 [79] 
	Women diagnosed with PCOS and normal controls
	13 control samples, 25 PCOS samples (granulosa cells)
	Machine learning
	Support Vector Machine (SVM), XGBoost
	Mixed (Own RNA-seq data + public datasets from GEO: GSE34526, GSE137684, GSE155489, GSE168404, GSE95728)
	Internal and external validation datasets used
	Least Absolute Shrinkage and Selection Operator (LASSO), Support Vector Machine Recursive Feature Elimination (SVM-RFE)
	Receiver Operating Characteristic (ROC) analysis, Cross-validation
	AUC (SVM: 0.795, XGBoost: 0.875)
	Identified 4 hub genes (CNTN2, CASR, CACNB3, MFAP2) associated with PCOS, immune cell infiltration analysis revealed significant reduction in CD4 memory resting T cells
	Biomarker discovery for PCOS diagnosis
	SHAP (SHapley Additive ExPlanations)
	Small sample size, potential biases in dataset selection, need for larger cohort validation

	79
	Chen-Yu Wang, Dee Pei, Taiwan, 2025 [80]
	Women with PCOS and healthy controls, ages not specified
	1120 total participants (170 PCOS cases, 950 controls)
	Supervised learning
	Random Forest (RF), Stochastic Gradient Boosting (SGB), Multivariate Adaptive Regression Splines (MARS), Extreme Gradient Boosting (XGBoost), Gradient Boosting with Categorical Feature Support (CatBoost)
	Private dataset from the Taiwan MJ Health Database
	80% training, 20% testing split, 10-fold cross-validation
	Machine learning-based feature importance ranking
	AUC-ROC curve analysis, statistical significance testing
	Accuracy (highest: 79.02% for MARS), Sensitivity, Specificity, AUC (highest: 0.717 for RF)
	Machine learning models outperformed traditional Logistic Regression (LR); Age, triglycerides (TG), GPT, WBC, uric acid (UA), and platelet count (Plt) were identified as key risk factors for PCOS
	Risk factor identification and predictive modeling for PCOS diagnosis
	Feature importance analysis across models
	Cross-sectional design, moderate predictive power (AUC values not extremely high), lack of genetic and hormonal factors

	80
	Sayma Alam Suha, Bangladesh, 2023 [81]
	Women with PCOS and non-PCOS individuals, dataset characteristics not specified in detail​
	Not explicitly mentioned​
	Machine Learning (Ensemble Learning - Stacking, Bagging, Boosting)​
	Stacking ensemble with five traditional ML classifiers as base models (SVM, Logistic Regression, Decision Tree, KNN, Naive Bayes) and Gradient Boosting as meta-learner​
	Public dataset from Kaggle​
	Not explicitly mentioned​
	Principal Component Analysis (PCA), Recursive Feature Elimination (RFE), and Chi-Square​
	Accuracy, Precision, Sensitivity (Recall), F1-score​
	Accuracy (95.7% with Gradient Boosting), Precision, Recall, F1-score​
	Improved accuracy in PCOS detection, especially with the stacking ensemble approach​
	Diagnostic prediction using ML classification techniques​
	Not applied​
	Small dataset, lack of real-time data, no use of XAI, limited feature selection methods​





Table S4. Explainable AI (XAI) methods used in PCOS AI studies
	XAI Method
	Application in PCOS Studies
	Benefits
	Limitations

	SHAP (Shapley Additive Explanations)
	Clinical/EHR and structured datasets; feature ranking
	Identifies most influential predictors (e.g., BMI, AMH, insulin resistance, follicle count).
	Computationally demanding; requires domain interpretation; risk of over-interpretation.

	LIME (Local Interpretable Model-Agnostic Explanations)
	Applied to clinical classification and some –omics tasks
	Generates case-specific explanations; easy to implement across models.
	Unstable across runs; explanations may not generalize to the full dataset.

	Grad-CAM (Gradient-weighted Class Activation Mapping)
	Imaging studies (ultrasound, MRI CNNs)
	Visual heatmaps confirm CNN focus on ovarian regions, reassuring clinicians.
	Provides only approximate visual cues; does not quantify feature contribution.

	Feature importance / ranking plots
	Common in tree-based models (RF, XGB, CatBoost)
	Simple visualization; helps identify key variables.
	May oversimplify interactions; dependent on algorithm bias.

	Saliency maps / attention mechanisms
	Imaging and multimodal pipelines
	Improve clinician confidence; highlight regions contributing to classification.
	Visual appeal may not equal biological interpretability; risk of misinterpretation.




Table S5. Potential roles and limitations of LLMs in PCOS research and care
	Application
	Potential Benefits
	Key Limitations

	Summarizing clinical guidelines
	Provides concise updates for clinicians and patients.
	Risk of oversimplification; factual errors if not linked to authoritative sources.

	Patient communication and education
	Generates tailored, accessible explanations to support patient engagement.
	Possibility of misinformation; requires clinician oversight.

	Clinical note summarization
	Converts long or unstructured records into concise summaries.
	May omit critical details or produce hallucinations.

	Literature synthesis
	Rapid aggregation of evidence from multiple publications.
	Bias from training data; incomplete coverage of domain-specific literature.

	Decision support (experimental)
	Assists with preliminary treatment options or differential considerations.
	Not validated for safety; raises ethical and regulatory concerns.



