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Abstract - This study developed two models for Polycystic 
Ovary Syndrome (PCOS) detection using clinical and imaging 
data. A stacking ensemble model achieved 93% accuracy 
(Area Under the Curve [AUC] 0.99), identifying key predictors 
such as follicle counts, Body Mass Index (BMI), and hormonal 
markers. A Convolutional Neural Network (CNN) achieved 
92.72% accuracy (AUC 0.89) with zero misclassifications, 
ensuring reliable ultrasound image classification. Advanced 
feature selection methods and a Streamlit-based interface 
enable real-time diagnostics, supporting early detection and 
improved clinical outcomes. 
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1.INTRODUCTION 

Polycystic Ovary Syndrome (PCOS) is a multifaceted 
endocrine disorder that affects 4% to 20% of women of 
reproductive age globally, with prevalence varying based on 
diagnostic criteria and geographic location [1, 2]. First 
described in 1935 by Stein and Leventhal, it is characterized 
by a wide spectrum of reproductive, metabolic, and 
psychological symptoms, including infertility, 
hyperandrogenism, menstrual irregularities, insulin 
resistance, obesity, and mood disorders such as anxiety and 
depression [3,4].  

Long-term complications of PCOS include type 2 diabetes, 
cardiovascular disease, endometrial cancer, and obstructive 
sleep apnea, underscoring its public health significance [4,5]. 
Despite these health concerns, up to 70% of cases remain 
undiagnosed globally due to the disorder’s heterogeneous 
presentation and overlapping symptoms with other 
endocrine conditions [6]. 

Globally, PCOS affects approximately 8–13% of women of 
reproductive age, with significant variations in prevalence 
across populations due to differences in diagnostic criteria 
and study methodologies.[7]. 

 In India, the prevalence of PCOS ranges from 3.7% to 22%, 
highlighting regional and demographic disparities [8]. For 
example, a community-based study in Mumbai reported a 
prevalence of 22.5% using the Rotterdam criteria [9], while a 
pilot study in Tamil Nadu found an 18% prevalence among 

adolescent females, with higher rates in urban areas 
compared to rural regions [10]. 

Conversely, research in Lucknow observed a prevalence of 
only 3.7% using the NIH criteria among women aged 18–25 
with menstrual irregularities and hirsutism [11]. Similarly, a 
study in Andhra Pradesh reported a 9.13% prevalence based 
on the Rotterdam criteria [12]. 

These variations are often influenced by the choice of 
diagnostic framework, lifestyle factors, and healthcare access 
[13,14]. 

The pathophysiology of PCOS involves a complex interplay of 
hormonal, genetic, and environmental factors. 
Hyperandrogenism, characterized by elevated androgen 
levels, disrupts normal ovarian function and follicular 
development, leading to anovulation and polycystic ovarian 
morphology [15,16]. Insulin resistance is another critical 
factor, as hyperinsulinemia exacerbates androgen 
production while reducing sex hormone-binding globulin 
(SHBG) levels, amplifying symptoms like hirsutism and acne 
[17,18].  

Genetic predispositions, such as mutations in FSHR, LHCGR, 
INSR, and THADA genes, further contribute to PCOS, along 
with epigenetic changes resulting from prenatal androgen 
exposure and elevated maternal anti-Müllerian hormone 
(AMH) levels [19][20][21].  

Environmental and lifestyle factors play a significant role in 
the onset and progression of PCOS. High-calorie diets, 
sedentary behaviour, and exposure to endocrine-disrupting 
chemicals (EDCs) have been linked to increased prevalence, 
particularly in urban populations [22,12].  

Geographical and socioeconomic disparities further 
influence symptom severity and healthcare access. Indian 
women, for instance, frequently present with unique clinical 
features, such as higher incidences of insulin resistance, 
acanthosis nigricans, and thyroid dysfunction, necessitating 
tailored diagnostic and therapeutic approaches [14,9] [23]. 

The diagnostic framework for PCOS has evolved significantly 
over the decades. The Rotterdam criteria, established in 
2003, are the most widely used today and require the 
presence of at least two of the following: oligo-anovulation, 
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clinical or biochemical hyperandrogenism, and polycystic 
ovarian morphology (PCOM) detected via ultrasonography, 
after excluding other disorders [24][25]. Advances in 
imaging techniques, such as high-frequency transvaginal 
ultrasonography, have improved diagnostic accuracy, though 
debates regarding follicle count thresholds and their clinical 
significance persist [26,27]. 

Management of PCOS emphasizes a multidisciplinary 
approach, combining pharmacological treatments such as 
metformin, oral contraceptives, and anti-androgens with 
lifestyle modifications targeting weight loss and insulin 
sensitivity [28][4]. Dietary changes and regular exercise 
have demonstrated significant improvements in metabolic 
and reproductive outcomes. Additionally, psychological 
support is essential, given the psychosocial burden of PCOS 
and its impact on quality of life and treatment adherence 
[29]. 

Despite advancements in understanding and managing 
PCOS, significant gaps remain in elucidating its underlying 
mechanisms and addressing diagnostic delays. Future 
research should prioritize exploring novel biomarkers, the 
role of epigenetics, and the long-term effects of early 
interventions. This study seeks to provide a comprehensive 
overview of PCOS, emphasizing its prevalence, 
pathophysiology, diagnostic challenges, and management 
strategies while advocating for holistic and personalized 
approaches to improve outcomes for women affected by this 
complex disorder [30]. 

In our study, we accomplished the following key objectives:  

 Utilized a publicly available Kaggle dataset 
combining clinical and ultrasound data to address 
PCOS detection comprehensively. 

 Applied diverse analytical techniques to identify key 
predictors and optimize feature selection for 
improved model accuracy. 

 Developed a hybrid approach with tailored models 
for clinical and imaging data, achieving robust and 
reliable detection results. 

 Enhanced image processing with advanced methods 
to extract critical diagnostic patterns for effective 
classification. 

 Created a user-friendly interface enabling seamless 
data input, analysis, and real-time predictions to 
streamline diagnostics. 

2. RELATED WORKS 

Artificial intelligence (AI) has significantly advanced PCOS 
diagnosis using machine learning (ML) and deep learning 
(DL) models. Gopalakrishnan et al. achieved 93.82% 

accuracy with SVM [31], while Nilofer et al.’s IFFOA-ANN 
model reached 97.5% accuracy through adaptive clustering 
[32]. Hosain et al.’s PCONet CNN attained 98.58% accuracy 
[33], and Maheshwari and Tiwari achieved 99.7% using 
Wavelet-Enhanced CNNs [34]. Khanna et al. combined Harris 
Hawks Optimization with XGBoost for high performance 
[35], and Danaei Mehr and Polat achieved 98.89% accuracy 
with Random Forest and feature selection [36]. 

These AI-driven approaches address PCOS diagnosis 
challenges by integrating clinical and imaging data, enabling 
early detection and better healthcare outcomes, particularly 
in high-prevalence regions like India. 

3. MATERIALS AND METHODS 

3.1 Inclusion Criteria 

 Women of reproductive age (18–44 years). 

3.2 Exclusion Criteria 

 Men, children, non-pubescent girls, missing clinical 
data, and low-quality ultrasound images. 

3.3 Dataset characteristics  

Two datasets were utilized, sourced from Kaggle: 

3.3.1 Clinical Laboratory Data: Comprising 2,000 
records with 44 attributes, including 
demographic, hormonal, and lifestyle factors 
relevant to PCOS diagnosis. 

3.3.2 Pelvic Ultrasound Images: A total of 4,400 
augmented grayscale images, categorized as 
"infected" (PCOS) and "not infected" (healthy), 
used for image-based classification. 

Table 1- Parameters of Dataset 

Parameter 
Normal 
Reference 
Range 

Typical Values in 
PCOS 

Age (years) 
Reproductive 
age: 15–45 

Commonly 
diagnosed in late 
adolescence to early 
30s 

Weight (kg) 

Varies based on 
height and 
body 
composition 

Often overweight or 
obese, but can occur 
at normal weight 

Height (cm) 
Varies based on 
genetics and 
nutrition 

Generally 
unaffected by PCOS 

Body Mass Index 
(BMI) 

18.5–24.9 
Often ≥25, 
indicating 
overweight or 
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Parameter 
Normal 
Reference 
Range 

Typical Values in 
PCOS 

obesity 

Blood Group A, B, AB, O 
No direct 
association with 
PCOS 

Pulse Rate (bpm) 60–100 
Typically within 
normal range 

Respiratory Rate 
(breaths/min) 

12–20 
Generally normal in 
PCOS patients 

Hemoglobin (Hb) 
(g/dL) 

Women: 12.0–
15.5 

Usually within 
normal range 

Menstrual Cycle 
Regularity 

Regular cycles 
every 21–35 
days 

Often irregular or 
absent due to 
anovulation 

Cycle Length (days) 21–35 
May be prolonged 
(>35 days) or 
absent 

Marital Status 
(years) 

— 
Not directly related 
to PCOS 

Pregnancy Status 
(Y/N) 

— 
Leading cause of 
infertility due to 
anovulation 

Number of 
Abortions 

0 
Increased risk of 
miscarriage 

β-HCG (mIU/mL) 
Non-pregnant: 
<5 

Elevated if 
pregnant; not 
directly related to 
PCOS 

FSH (mIU/mL) 3–10 
Normal or low 
levels 

LH (mIU/mL) 2–10 
Elevated; LH:FSH 
ratio >2:1 common 

FSH/LH Ratio 
Approximately 
1:1 

Often >2:1 

Hip Circumference 
(inch) 

Varies based on 
body 
composition 

Increased in 
overweight/obese 
individuals 

Waist 
Circumference 
(inch) 

Women: <35 
Often increased, 
indicating central 
obesity 

Waist-to-Hip Ratio Women: <0.85 
Often ≥0.85, 
indicating central 
obesity 

TSH (mIU/L) 0.4–4.0 
Usually within 
normal range 

AMH (ng/mL) 1.0–4.0 
Elevated (>4.0), 
reflecting increased 
follicle count 

PRL (ng/mL) 4.0–23.0 

Usually normal; 
mild elevation 
possible 

Parameter 
Normal 
Reference 
Range 

Typical Values in 
PCOS 

Vitamin D3 
(ng/mL) 

30–100 Deficiency common 

Progesterone 
(ng/mL) 

Follicular: 0.2–
1.5; Luteal: 1.7–
27 

Low due to 
anovulation 

RBS (mg/dL) <140 
May be elevated due 
to insulin resistance 

Weight Gain (Y/N) — 
Common, especially 
central obesity 

Hirsutism (Hair 
Growth) (Y/N) 

— 
Common due to 
hyperandrogenism 

Skin Darkening 
(Y/N) 

— 
May indicate insulin 
resistance 

Hair Loss (Y/N) — 
Androgenic alopecia 
can occur 

Pimples (Y/N) — 
Common due to 
elevated androgens 

Fast Food 
Consumption (Y/N) 

— 
High intake may 
exacerbate insulin 
resistance 

Regular Exercise 
(Y/N) 

— 
Lack of exercise can 
worsen metabolic 
parameters 

BP 
(Systolic/Diastolic) 
(mmHg) 

<120/80 May be elevated 

 
Figure 1- Dimensions of Ultrasound Image Dataset 

3.4 Data Preprocessing 

For the clinical dataset, missing values were imputed with 
the median after cleaning and converting data to numeric 
formats. Outliers were removed using Z-scores, and 
irrelevant features were dropped to retain significant 
predictors. Data normalization was performed using 
MinMaxScaler, ensuring all features were scaled between 0 
and 1. The Min-Max normalization formula scales a feature 
to a range of (0,1) using: 
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where X is the original value of the feature. 

Ultrasound images underwent preprocessing to enhance 
clarity and extract meaningful features. CLAHE (Contrast 
Limited Adaptive Histogram Equalization) was applied to 
improve image contrast, making subtle structures like 
ovarian follicles more visible while preventing noise over-
amplification. Bilateral filtering reduced noise while 
preserving important edges in the images, followed by edge 
detection using adaptive thresholding and Sobel operators, 
which highlighted changes in pixel intensity to reveal key 
structural features like cyst boundaries. Key visual patterns 
were then identified using ORB (Oriented FAST and Rotated 
BRIEF) descriptors, which detect unique points in the image 
and encode them into numerical features. These descriptors 
were grouped into clusters using KMeans (n_clusters=50), a 
method that organizes similar patterns into "visual words." 
This process, known as the Bag-of-Visual-Words (BoVW) 
representation, converted each image into a histogram 
representing the frequency of these visual words, enabling 
machine learning models to analyze them effectively. To 
further enhance model robustness, augmentation techniques 
such as rotation, zoom, and flipping were applied, increasing 
dataset diversity and improving the model's ability to 
generalize across varied image scenarios.   

 

 

Figure 2- Ultrasound Images  after preprocessing 
techniques 

3.5 Feature extraction methods 

Feature extraction employed Apriori association, 
correlation analysis, and mutual information, reducing 44 
parameters to essential features and enhancing PCOS 
detection model training. 

3.5.1 Association Rule Mining: This data mining 
technique identifies hidden patterns among 
features, where the presence of one feature 
predicts another. The Apriori algorithm was 
used to uncover significant associations 
between PCOS diagnosis and some features, 
ensuring the retention of impactful predictors. 

3.5.2 Correlation Analysis: Pearson’s correlation 
coefficient ( ) was used to evaluate linear 

relationships between features and the target 
variable ("PCOS (Y/N)"). A threshold of 

 ensured the inclusion of features 

with moderate or stronger correlations, yet not 
dismissing negative correlations to detect 
relationship patterns. 

3.5.3 Mutual Information (MI): MI captured both 
linear and non-linear dependencies between 
features and the target variable, identifying 
intricate relationships missed by correlation 
analysis. 

3.6 Data Splitting 

An 80:20 split was applied to divide the dataset into training 
and validation sets. This ensured that 80% of the data was 
utilized for model training, allowing the model to learn 
patterns, while the remaining 20% was reserved for 
validation to assess generalization on unseen data. The split 
was performed randomly with a fixed random state for 
reproducibility, ensuring both subsets were representative 
of the overall dataset.  

3.7 Model training 

For the clinical dataset, a stacking ensemble model was 
created using Extra Trees, AdaBoost, CatBoost, XGBoost, and 
LightGBM as base learners, with linear regression as the 
meta-classifier. Each algorithm contributed its strengths: 
Extra Trees identified key features, AdaBoost improved 
weak learners, CatBoost worked well with categorical data, 
and XGBoost and LightGBM offered high speed and accuracy 
for large datasets. The model was trained using 5-fold cross-
validation, ensuring reliable and consistent performance 
across the data. 

For the ultrasound dataset, a Convolutional Neural Network 
(CNN) was designed with three convolutional layers, each 
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paired with batch normalization, max pooling, and dropout 
to extract features and minimize overfitting. Feature maps 
were flattened and passed through a dense layer with 128 
units, followed by a final sigmoid layer for classification. The 
model, optimized with the Adam optimizer and binary 
crossentropy loss, effectively classified PCOS and non-PCOS 
images. 

3.8 Model Performance Analysis 

Both the ensemble stacking and CNN models were evaluated 
using comprehensive metrics to ensure robust performance: 

3.8.1 Classification Report: Provided metrics such 
as precision, recall, F1-score, and support, 
highlighting the model's performance balance 
across different classes. 

3.8.2 Confusion Matrix: Illustrated true positive 
(TP), true negative (TN), false positive (FP), and 
false negative (FN) counts, offering a detailed 
view of classification outcomes. 

3.8.3 Accuracy: 

 

This metric measures the proportion of correctly classified 
instances out of the total instances. 

The models were evaluated using ROC-AUC, which measures 
a model's discriminative ability. The ROC curve (Receiver 
Operating Characteristic) visualizes the trade-off between 
True Positive Rate (Sensitivity) and False Positive Rate 
across thresholds, while AUC (Area Under the Curve) 
quantifies the overall performance, with values closer to 1 
indicating better classification. 

4. EXPERIMENTAL RESULTS 

4.1 Model 1: Clinical Data 

The model achieved an accuracy of 93%, with: 

 Class 0: Precision = 90%, Recall = 100%, F1-score = 
95% 

 Class 1: Precision = 99%, Recall = 81%, F1-score = 
89% 

The ensemble stacking model outperformed individual 
classifiers like ExtraTrees (90.22%), AdaBoost (89.90%), 
and CatBoost (99.02%). 

4.2 Model 2: Ultrasound Images 

The model recorded an accuracy of 92.72%, with: 

 Negative Class Precision = 97.83% 

 Positive Class Precision = 96.25% 

The model was trained for 50 epochs, with training and 
validation loss curves showing convergence and accuracy 
curves confirming minimal overfitting. 

5. DISCUSSION 

The study developed two robust models for PCOS detection 
using clinical data and ultrasound images, with advanced 
feature extraction techniques. The integration of association 
rule mining, correlation analysis, and mutual information 
identified critical predictors, enhancing feature selection and 
model performance. 

5.1 Feature Extraction Methods 

Feature extraction played a pivotal role in isolating the most 
relevant predictors for PCOS detection. 

5.1.1 Association Rule Mining:  Association rules 
revealed significant relationships between 
clinical features and PCOS diagnosis. 

 

Figure 3- Snapshot of Association Rules 

The association rules highlight significant predictors for 
PCOS detection. Follicle count in the right ovary (support: 
0.1635, confidence: 59.18%, lift: 1.61) and the left ovary 
(support: 0.153, confidence: 58.17%, lift: 1.58) are key 
diagnostic markers, emphasizing their importance in PCOS 
diagnosis. Additionally, the strong association between BMI 
and weight (support: 0.136, confidence: 60.73%, lift: 3.43) 
underscores their role in body composition anomalies linked 
to PCOS. These findings confirm the interconnection of 
hormonal imbalance, follicle count, and body composition in 
PCOS pathology. The high conviction values (e.g., 6.69 for 
Rule 1) and strong associations between follicle numbers, 
BMI, and weight underline the interconnection of hormonal 
imbalance and body composition in PCOS pathology. 

5.1.2 Correlation Matrix Analysis:  The correlation 
analysis identified highly relevant features: 

 Follicle No. (R) (r = 0.63) and Follicle No. (L) (r = 
0.59) demonstrated the strongest positive 
correlations with PCOS, aligning with the 
condition’s hallmark symptom of increased ovarian 
follicles. 
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moderate correlations, indicating their relevance as 
clinical indicators of hyperandrogenism and insulin 
resistance. 

 Features such as Pimples (Y/N) (r = 0.28) and Cycle 
(R/I) (r = 0.39) emphasized their importance in 
capturing irregular menstrual cycles and androgen-
driven symptoms. 

 Weakly correlated features like height (r = 0.07), 
pulse rate (r = 0.08), and Vitamin D3 levels (r = 
0.06) were excluded to streamline the dataset, 
ensuring improved model clarity and efficiency. 

 

Figure 4 - Correlation Matrix with Threshold Value 

5.1.3 Mutual Information (MI): Mutual information 
analysis highlighted hormonal markers as key predictors, 
FSH: MI = 0.38, LH: MI = 0.31, TSH: MI = 0.30. 

These results confirm the importance of elevated LH and 
altered FSH levels in PCOS diagnosis, alongside abnormal 
TSH levels, which may reflect thyroid dysfunction—a 
frequent comorbidity in PCOS. By prioritizing high MI 
features and excluding those with minimal impact, feature 
selection was further optimized. 

 

Figure 5 - Mutual Information scores of Parameters 

 

5.2 Model 1: Clinical Data 

The stacking ensemble model demonstrated exceptional 
performance on the clinical dataset, achieving an accuracy of 
93%. Key results include: 

 Class 0: Precision = 90%, Recall = 100%, F1-score = 
95% 

 Class 1: Precision = 99%, Recall = 81%, F1-score = 
89% 

The confusion matrix confirmed the model's effectiveness, 
with only 2 false positives and 3 false negatives, ensuring a 
strong balance between precision and recall. Additionally, 
the ROC curve achieved an AUC of 0.99, reflecting excellent 
discriminative power across thresholds. The model's 
training utilized 5-fold cross-validation on VS Code IDE with 
a fixed seed value of 42, ensuring consistent and 
reproducible outcomes. The ensemble approach, combining 
ExtraTrees, AdaBoost, CatBoost, and gradient boosting 
models, effectively generalized across the clinical data, 
providing reliable diagnostic accuracy. 

 

Figure 6 - Consolidated Classification report and 
accuracies of Ensemble Model 

 

Figure 7 - Confusion Matrix of Ensemble Model 

 Hair Growth (Y/N) (r = 0.48), Skin Darkening (Y/N) 
(r = 0.46), and Weight Gain (Y/N) (r = 0.43) showed 
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Figure 8 - ROC of Ensemble Model 

5.3 Model 2: Ultrasound Images 

The CNN model achieved an accuracy of 92.72% in 
classifying ultrasound images into PCOS and non-PCOS 
categories after training for 50 epochs. Results include: 

 Confusion Matrix: The model achieved zero 
misclassifications, with 781 true positives and 1141 
true negatives, underscoring its reliability in 
distinguishing between infected and non-infected 
cases. 

 Training vs Validation Accuracy: The training 
accuracy stabilized near 99%, while the validation 
accuracy gradually aligned by epoch 30, confirming 
minimal overfitting and strong model 
generalization. 

 ROC Curve: The ROC curve achieved an AUC of 0.89, 
computed during an initial training phase of 10-11 
epochs, reflecting strong discriminative capability 
early in training, further refined over additional 
epochs. 

The CNN was implemented using TensorFlow with DNN 
optimization enabled, on a system equipped with an Intel i5 
(12th Gen) processor and 16 GB RAM, ensuring efficient 
computation. The automated feature extraction by CNNs 
eliminated manual intervention, allowing the model to 
capture complex patterns within ultrasound images for 
accurate classification.  

 

Figure 9 - Confusion Matrix of CNN Model 

 

Figure 10 - Loss and Accuracy Graph of CNN Model 

 

Figure 11 - CNN training vs validation Accuracy in 50 
Epochs 

Association rule mining, correlation analysis, and mutual 
information identified key predictors for PCOS detection. 
The stacking model achieved an AUC of 0.99 for clinical data, 
while the CNN achieved an AUC of 0.89 for ultrasound 
images, providing accurate and reliable diagnostic solutions. 
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Figure 12- AUC of CNN in 11 Epochs 

5.4 Comparison with Previous Studies 

This study aligns with and extends prior research on PCOS 
detection using ML and DL models. The stacking ensemble 
model achieved an accuracy of 93% and AUC of 0.99, slightly 
lower than Danaei Mehr's Random Forest (98.89%) [40], 
and Khanna's STACK-2 model (98% with AUC = 1) [39]. 
However, this study’s emphasis on association rule mining 
and feature selection enhanced interpretability, identifying 
follicle numbers, BMI, weight, and hormonal markers as 
critical predictors. 

For ultrasound images, the CNN achieved an accuracy of 
92.72% and AUC of 0.89, comparable to prior works such as 
Gopalakrishnan’s SVM (93.82%) [35], and Hosain's PCONet 
(98.58%) [37]. Despite slightly lower accuracy, zero 
misclassifications and minimal overfitting highlight the 
CNN's reliability and generalization. 

By integrating ML and DL models and focusing on 
explainability, this study offers a robust framework for PCOS 
detection, balancing accuracy with practical reliability. 

Table 2 - Comparison with Relative works 

Study Methodology 
Accurac
y (%) 

AU
C 

Key Features or 
Insights 

Danaei Mehr 
and Polat 

Random 
Forest with 
embedded 
feature 
selection 

98.89 - 

Highlighted the 
importance of 
reducing feature 
redundancy. 

Khanna et al. 

STACK-2 with 
Salp Swarm 
Optimization 
(SSA) 

98.00 1.00 
Near-perfect 
classification 
performance. 

This Study 

Stacking 
ensemble 
(ExtraTrees, 
AdaBoost, 
CatBoost, 

93.00 0.99 

Identified follicle 
counts, BMI, 
weight, LH, FSH, 
and TSH as 
critical 

Study Methodology 
Accurac
y (%) 

AU
C 

Key Features or 
Insights 

Gradient 
Boosting) 

predictors. 

Hosain et al. 
Custom 
PCONet CNN 

98.58 - 
Focused on 
ultrasound image 
classification. 

Gopalakrishna
n et al. 

SVM with 
feature 
extraction 
and 
preprocessin
g 

93.82 - 
High accuracy on 
ultrasound image 
classification. 

This Study 

CNN with 
automated 
feature 
extraction 

92.72 0.89 

Zero 
misclassifications
; reliable and 
generalized 
performance. 

Rahman et al. 
Random 
Forest and 
AdaBoost 

94.00 - 

Demonstrated the 
value of mutual 
information in 
feature selection. 

Nilofer et al. 
ANN with 
adaptive 
clustering 

97.50 - 

Highlighted the 
power of 
integrated 
models for follicle 
classification. 

 

CONCLUSION 

This study successfully developed and validated two robust 
models for PCOS detection, integrating machine learning and 
deep learning approaches. The stacking ensemble model 
achieved high accuracy (93%) and an AUC of 0.99 for clinical 
data, identifying critical predictors such as follicle counts, 
BMI, weight, and hormonal markers (LH, FSH, and TSH). 
Similarly, the CNN model achieved an accuracy of 92.72% 
and an AUC of 0.89 for ultrasound images, with zero 
misclassifications and minimal overfitting, demonstrating its 
reliability in image-based classification. 

The integration of association rule mining, correlation 
analysis, and mutual information enhanced feature selection, 
ensuring a balance between performance and 
interpretability. These findings align with and extend prior 
research, offering a comprehensive framework for PCOS 
diagnosis by combining clinical and imaging data. 

Additionally, the creation of a Streamlit-based user interface 
makes the application accessible, enabling real-time 
predictions and seamless interaction for clinicians and 
researchers. This study contributes to advancing AI-driven 
solutions for women's health, paving the way for accurate, 
early detection of PCOS and improved patient outcomes. 
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Figure 13 - Snapshot of StreamLit app for PCOS Detection 

 

Figure 14 - Snapshot of StreamLit app for PCOS Detection 
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