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Abstract: Polycystic Ovary Syndrome (PCOS) is a prevalent medical condition affecting women and is 
associated with hormonal imbalances, infertility, and irregular menstruation. Accurate and early diagnosis of 
PCOS is critical for effective treatment and management. This study explores the application of a Siamese 
Neural Network in diagnosing PCOS using ovarian ultrasound images. By comparing extracted features from 
healthy and abnormal ovarian images, the model provides a robust method to identify PCOS-specific 
abnormalities, such as cystic formations, thickened ovarian tissues, and disrupted vascular patterns. Advanced 
image enhancement techniques are employed to preprocess the data, while the Siamese Network analyzes 
structural and histological features to determine the presence of PCOS.  The results demonstrate the model's 
ability to detect significant variations between healthy and abnormal ovaries, including hormonal patterns, 
blood vessel distributions, and tissue abnormalities and the proposed model achieves reliable classification 
accuracy, offering a potential tool for aiding clinicians in early PCOS detection and this research highlights the 
transformative role of machine learning, particularly Siamese Networks, in medical imaging and diagnosis, 
paving the way for transparent and efficient healthcare solutions. Further advancements are recommended 
to incorporate additional data sources and predictive treatment tools for enhanced patient outcomes. 
Keywords: Polycystic Ovarian Syndrome (PCOS) - Medical Diagnosis - Machine Learning Techniques - 
Predictive Models - Biological Analysis. 

 

1. Introduction. 

Polycystic Ovary Syndrome (PCOS) is one of the most common conditions among women of reproductive 
age, affecting approximately 5 to 10 percent of women between the ages of 15 to 45 years. It is primarily 
characterized by hormonal imbalances and metabolic complications that significantly impact reproductive 
health. PCOS disrupts the normal production of estrogen and androgens, hormones critical for ovulation 
and other physiological processes. This disruption often results in the formation of cysts on the ovaries, 
reducing ovulation frequency and consequently lowering fertility potential [1]. Furthermore, PCOS is 
associated with an increased risk of comorbidities such as type 2 diabetes, hypertension, coronary artery 
disease, endometrial hyperplasia, and carcinoma. Psychological issues, including depression, anxiety, and 
sleep disorders, are also prevalent among patients [2]. Genetic predisposition and environmental factors 
contribute to the pathogenesis of PCOS. Early and accurate diagnosis, along with tailored interventions and 
lifestyle modifications, is essential to mitigate long-term complications associated with the syndrome [3].   

Artificial intelligence (AI) has revolutionized medical diagnostics, offering promising solutions for 
conditions like PCOS. By leveraging machine learning (ML) and deep learning (DL) techniques, AI systems 
are capable of processing complex datasets, such as hormone levels, ultrasound images, and genetic 
markers, to identify patterns indicative of PCOS and these techniques are not only effective in detecting 
PCOS but also applicable to other diagnostic challenges, such as cancer detection, cardiac risk stratification, 
and neurological disorders [4]. Machine learning models analyze data at a granular level, providing 
clinicians with actionable insights for early intervention and personalized care. For instance, ML-based 
models have been used to predict ovulatory dysfunction, assess hormonal imbalances, and evaluate ovarian 
morphology with remarkable accuracy [5].   

Feature selection plays a pivotal role in enhancing the performance of AI-driven diagnostic systems. By 
identifying the most relevant features, these methods reduce data dimensionality, improve computational 
efficiency, and minimize noise. Hybrid models, which combine multiple algorithms, have proven 
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particularly effective in diagnostic applications, including PCOS. For example, combining logistic regression 
with random forests has shown improved diagnostic accuracy in classifying ovarian abnormalities [6]. 
Optimization algorithms, such as the Modified Bat Algorithm, have also been used to fine-tune feature 
selection processes, further enhancing model performance [7] and despite the superior accuracy of 
complex ML models, such as neural networks, they often face challenges related to transparency and 
interpretability. Explainable AI (XAI) techniques address these challenges by providing insights into how 
predictions are made, thereby fostering trust among clinicians and patients, and these techniques are 
crucial for ensuring the adoption of AI models in sensitive applications like PCOS diagnosis [8].   

In light of these advancements, this study proposes a robust framework for PCOS diagnosis by 
integrating feature selection methods with advanced ML algorithms. Key contributions include addressing 
class imbalances using SMOTE and Edited Nearest Neighbors (ENN), applying feature selection to optimize 
model inputs, and employing Bayesian optimization for ML algorithm tuning. These approaches aim to 
enhance diagnostic accuracy, interpretability, and reliability.  While the current introduction outlines the 
significance of PCOS and AI’s potential in its diagnosis, it could benefit from a deeper discussion on how 
machine learning has been applied to similar medical diagnostic challenges. For example, AI-driven 
systems have been successfully used in early cancer detection, cardiac disease risk assessment, and chronic 
disease management. Incorporating references to recent advancements in these areas would provide a 
more comprehensive view of the medical and technical landscape, and this would also emphasize the 
importance of adopting AI in PCOS diagnostics while highlighting its broader implications in healthcare  
[9-11]. 

2. Related Works 

PCOS syndrome is one of the most prominent health problems facing women around the world, and is a 
medical challenge in diagnosis and treatment due to the diversity of symptoms and their interference with 
other health problems and therefore, early and precise diagnosis is vital to providing appropriate 
treatments and preventing the development of complications associated with this syndrome, such as 
increasing the possibility of type 2 diabetes and pregnancy diabetes and thus, it is acknowledged the 
importance that artificial intelligence and machine learning methods in providing additional solutions to 
promote the diagnosis of PCOS and therefore the care offered to patients and the healthcare system. Studies 
that have been conducted in the recent past tend to clarify that the employment of automated learning and 
assembling processes tends to yield better results in the diagnosis of PCOS. In the work authored by 
Elmannai. H et al., the problem of classification was analyzed using the stacking techniques since they were 
able to obtain 100% resolution after appropriate feature selection methods were employed. Another work 
done by Bharati. S et al (2020) [9] draw attention to how the combination of random forest and logistic 
regression model was able to deliver excellent results in PCOS diagnosis, achieving a resolution of 91.01%. 

In their studies, use Suha. S. A. and others (2022) [10] developed a fighter nervous network with 
assembly techniques to improve the classification based on ovarian ultrasound images, and reached a 
resolution of 99.89% using a stacked model with XGBOST algorithm. 

On the other hand, I found a Danaei Mehr, H., etc. (2021) [12] study that the use of feature selection 
methods with improved assembly algorithms led to a resolution of up to 98.89% in PCOS diagnosis. 

As suggested Suha. S. A. and others (2023) [13] Use the accumulation of advanced models with 
augmented gradient classification, as they reached a resolution of 95.7% using the main ingredient analysis 
to choose features. 

In their studies, Bhat, S. A., and others (2021) [14] use Catboost and XGBRF models to improve the 
accuracy of the diagnosis, achieving a resolution of 95% and 89%, respectively. 

As for Denny, A. and others (2019) [15] they used various techniques such as random forests and 
reached a resolution of 89.02%, while Tiwari, S and others (2019) [2] found that random forests are the 
most accurate way to diagnose PCOS, where they achieved a resolution of 93.25%. 

Overall, these studies highlight the great value of using machine learning and aggregation techniques in 
the diagnosis of PCOS and the findings indicate that the use of optimal feature selection techniques in 
conjunction with stacked and ensemble models leads to a remarkable improvement in the diagnostic 
performance and therefore, employing these technologies is an important step towards improving the 
quality of healthcare provided to patients with PCOS, and accelerating the early diagnosis and effective 
treatment of this condition [16-18]. 

 
 

3. Methodology. 

 We will carry out two types of processes to extract features: First, by extracting the image feature using a 
trained nervous network, to extract the image feature, we will use a nervous number trained to extract 
relevant features from the images and this process includes feeding images in the Neusy network, which 
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was previously trained on a large data collection, to extract the meaning of these features that capture 
important features of the images, such as shapes, textures and patterns, which are then used for more 
analyzes such as for the second system, we will employ a digital data collection The structure data includes.  

We will train the automated learning form on this dataset to learn patterns and relationships with data [19]. 
The training process includes feeding the form with the name called, and the knowledge of its 

parameters to reduce errors and improve their priority by simply training, the model can be tested on new 
invisible data to evaluate its performance and assess its ability to accurately predict the results, in short, a 
summary, our approach includes taking advantage of extracting the image feature using a trained network 
and learning technologies Traditional automatic. 
 

The process of extracting features from ovarian images includes the analysis and identification of visual 
properties or related patterns within images that indicate some cases or distortions, such as PCOS, and 
these features can include different aspects of ovarian, texture, structure, and spatial distribution of 
different tissues. 
• Mographs: It consists of an assessment of dimensions and morphology of the unequivocal presence or 
absence of cysts and/or follicles and their abnormalities. For instance, in Polycystic Ovarian Syndrome 
(PCOS), the ovaries may be predominantly riddled with numerous abscesses . 
• Textual features: textual features represent the way light energy in the picture is mapped out in pixels. 
Image texture classification can include soft or rough or detailed, or smooth, depending on the anticipated 
image application . 
• Structural features: These features detect the different tissues that make up the inside part of the 
ovaries, for example, connective tissues, various blood vessels, or arteries. Some of these may also be seen 
in clinical cases of other diseases, such as Polycystic Ovarian Syndrome. 
• Decrease features: Density features relate to the measurement of pixel density variation in an image, 
and such variations correlate to the tissue’s density. This is useful when it comes to recognizing important 
features like cysts or regions of the image with abnormal tissue density. 
• Spatial features: spatial features concern the spatial orientation of the various aspects or parts 
contained within the ovary or their relationships to one another, and this includes the spatial distribution 
of abscesses, follicles, or vascular structures, which may appear in specific patterns in PCOS. 
• Extracting these features from ovarian images serves several purposes: 
• Diagnostic aid: By identifying and analyzing visual features, doctors can identify patterns or 
abnormalities that may not be easily clear through visual examination alone, and this can help diagnose 
conditions such as PCOS. 
• Objective evaluation: Features provide an objective and quantitative analysis of ovarian morphology, 
texture, and structure, and reduce dependence on self-interpretation. 
• Prediction and classification: The extracted features can be used as inputs for automatic learning 
models to predict or classify ovarian conditions. By learning from a large collection of data from the 
explained images, these models can determine the exact patterns that indicate specific diseases, facilitate 
automatic diagnosis, and class division of risk. In general, the advantages of ovarian imaging play an 
important role in enhancing the accuracy of the diagnosis, enabling early detection and intervention in 
cases such as PCOS, and improving patient outcomes. Equations used to extract features from ovarian 
images depend on the specified type of features and characteristics that are analyzed.  

Below Soe is simple examples of equations that may be used to extract certain features [14]: 
 

3.1. Structural features: One can analyze the arrangement of the tissues present in the figure by applying 
metrics like average high and low surfaces. For example, one can quantify the relationship between the 
area of fluid-filled cysts (cysts) to that of normal ovarian tissue easily through the following expression: 

    [ {Cystic Area Ratio} =  {
{{Area of Cysts}}

{Total Ovarian Area}
}] 

 
3.2. Textural Features: Techniques for image analysis, for instance the standard deviation matrix, may 
also assist in the estimation of texture contrast, which denotes the measure of scattering of colors or tones 
within an image. An expression given below can be used to work out contrast:  

    [{Standard Deviation} =  √{
{∑ (xi −  μ)2{n}

{i=1} }

{n}
}] 

 Where (xi) is the pixel value in the image, and ( mu ) is the average value of all pixels in the image. 
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3.3. Density Features: One can easily derive certain formulas for the estimation of the tissue density 
present in the image, for example, the ratio of number of high-density pixels to the area occupied by other 
densities within a defined region. 

 
3.4. Spatial Features: Other indicators can also be assessed in order to provide some estimation on the 
spatial distribution of these structures, for example, the average distance between cysts or between the 
cysts and the inner structures of the ovary. 

These are only quite basic instances, and indeed, the formulas are based on the type of images taken 
and features drawn from them. Formulating and applying appropriate relations is not only technical, but 
also needs a clear insight into the image being analyzed and the characteristics that need to be derived from 
it. 

To ensure reproducibility and accuracy of the work, the methodology is described in more detail to 
include the exact steps used in building and optimizing machine learning models.  Specific algorithms such 
as Random Forests, Support Vector Machines, and Deep Neural Networks were used.  For parameter 
settings, the number of trees in the random forest was set to be 100 trees with the selection of the “gini 
impurity” criterion for dividing nodes, and the vector support machine parameters were set to include an 
RBF kernel with a gamma value of 0.1 and a penalty coefficient C of 1. As for the deep neural networks, they 
were designed with two layers.  Hidden, each layer contains 64 and 32 units, respectively, using the ReLU 
activation function and Adam optimizer implementation with a learning rate of 0.001. 

Regarding the training procedure, the data were partitioned using five-fold cross-validation to ensure 
equal distribution of training and testing data and avoid overfitting.  The data underwent several pre-
processing steps, which included interpolating missing values using the averaging method, and normalizing 
the numerical values to a range of [0,1] to ensure consistency of the numerical range of the different 
features.  To ensure data balance is addressed, synthetic sample generation techniques such as SMOTE 
have been applied to balance the data and increase representation of underrepresented groups, and the 
dataset used consists of 500 samples, collected from a clinical database containing data from patients with 
and without PCOS.  Features included demographic data (eg, age and body mass index), clinical indicators 
(eg, hormone levels and number of follicles), and ultrasound image data.  The data presents challenges 
such as missing values and class imbalance, with 30% of samples containing missing values and features 
were selected using the Principal Component Analysis (PCA) method to reduce data dimensionality and 
improve computational efficiency, and this was supported by additional techniques such as importance-
based selection using random forests, where features that contribute a high percentage of variance or 
accurate prediction were identified.  The selection of features was justified based on their clinical 
importance, such as the association of hormone levels and follicle number with the diagnosis of PCOS, and 
their effectiveness in improving model performance.  

Finally, the models were evaluated using metrics of accuracy, recall, and precision, as well as F1-score, 
to get a comprehensive picture of the models' performance.  All processes, parameters, and results are 
documented to ensure that the methodology can be accurately re-performed and reproducible. Figure 1. 
shows Siamese network business plan. 

 

FIGURE 1. Siamese network business plan 

4. Results and Discussion 

A Siamese Network is a form of an artificial neural network that’s commonly used in identifying similar 
data points, and the design defines the term 'Siamese' due to the training of two identical models on the 
same data. Each model accepts corresponding data in their form, which is used to generate shared data 
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characteristics. And these characteristics are assessed for the degree of similarity between the two data 
pairs in question to find out whether they are similar or different. 

Examples of artificial neural networks are Siamese networks, which are appropriate for applications 
such as medical images, where images of the ovaries are used, and these networks can help in determining 
the healthy image attributes of the ovary in relation to the injured or abnormal pictures. In this case, a 
network is trained on two images, such that a healthy ovary is the first picture while a damaged or an 
abnormal ovary is the second picture. Pictures are visualized through features such as images and 
stereotypes. Other examples of using CNN, MLP, and KNN techniques in accurate brain tumor detection [20] 
and intelligent handwritten identification [21], as well as improving time-series forecasting [22]. 

As long as the network has been trained, it will be possible to retrieve healthy characteristic features 
from other images, and these can be incorporated in medical diagnosis, wherein it is justified whether a 
new image possesses certain pathology or is similar to healthy images. 

The main objective of the above-mentioned process is to enhance the diagnosis process and ensure that 
the correct diagnosis techniques are provided for the various diseases or medical conditions. 

The created signal by extracting healthy images of the ovary, therefore, depends on the image 
processing techniques and the data analysis used. A confluence of methodologies and methods is utilized 
to do the imaging, and then they turn the pictures into data that the nerve network can work with. Image 
enhancement techniques are employed to enhance image quality, locate the internal anatomy of the ovary, 
and perform histological differentiation of tissues, and this includes the application of visual correction 
techniques, enhancement of contrast, anti-orientation, direction, and engineering shifts if necessary. Figure 
2. presents varies are healthy and unaffected while Figure 3. shows features of healthy ovaries 

 

 

FIGURE 2. Ovaries are healthy and unaffected 
 

 

FIGURE 3. Features of healthy ovaries 
 

After processing the image, the important features are extracted from it using image analysis techniques 
and the use of advanced algorithms [23], and these features include many biological and structural 
characteristics that we mentioned earlier, such as the distribution of natural blood vessels, the cellular 
structure, dimensions, and shapes. After extracting features, these features are fed to the nervous Siamese 
network. Siamese network compares the features extracted from the image that will be evaluated using 
pre-stored proper examples, and determines whether the image provided displays natural features, 
abnormalities, or abnormal changes, and the signal from the nerve network is either positive or negative. 
If the image is normal, A healthy signal is positive, indicating that the ovary is in its normal condition. In the 
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event of some abnormal changes, the signal will be negative, suggesting that there could be a health concern 
with the ovary and the system; therefore is capable of assessing ovarian images and identifying any 
abnormal changes that may be present, which assists in case diagnosis and rendering fast and reliable 
medical decisions. 

Tscan ovarian (PCOS) – Index tests are done in active diagnoses of polycystic ovarian syndrome (PCOS), 
which is a clinical condition seen in women associated with abnormalities that include, among others, 
menses infertility, and hormonal imbalances. Ovarian images offer a crucial insight for the physician 
concerning the patient's state and the extent of the syndrome. While the ultrasound of the ovaries is 
performed, the doctor notes many clinical signs indicative of polycystic ovarian syndrome (PCOS) [24]: 
• cysts: small bag like structures can also be observed on the surface of the ovary these small bags fill 
with fluid inside the ovarian structure. 
• Enlargement: the girth may be increased in an abnormal manner by the presence of cysts and hormonal 
influences. 
• Changes in the appearance of the white membrane (dandruff): changes in the ovarian white membrane 
may occur such as the presence of distortions or increased thinness.  
• the persistent presence of underdeveloped Indications underdeveloped Indications within the images 
may suggest a menstrual irregularity.. 
• thick tissues: Thick ovarian tissues can indicate an abnormal accumulation of white membrane. 

The ovaries help determine the diagnosis of PCOS, estimate its condition, and direct the appropriate 
medical steps to treat it. By carefully analyzing these images, doctors can better understand the patient's 
condition and provide the necessary health care accurately and effectively. Figure 4. presents varies 
affected by pcos. 

 

FIGURE 4. Ovaries affected by pcos 
 

After using the Siamese network on ovarian images, the features of the PCOS can be extracted and these 
features are usually in the form of specific propy signals that may appear different from the regular ovary 
images and the features of the Siamese network may show duplicate patterns of hormonal patterns 
associated with PCOS, such as changes in the ratios of triple hormones (androgens, estrogen, progesterone) 
and the features created by the Siamese network can appear changes in the biological tissues of the ovary, 
such as the increase in the number of fillings or structural deformities, and the extracted features may 
indicate changes in blood levels or blood distribution in the ovary, which may indicate circulatory disorders 
related to syndrome Polycystic ovaries. 

Features reveal an accurate analysis of tissues and cellular structures in the ovary, which may be 
significantly different in the presence of PCOS, and the features of a Siamese network may reveal ovarian 
tumors or deformities in the ovary, which may be an indication of the development of PCOS. In short, the 
Siamese network can accurately analyze different features that seem unusual in the presence of PCOS, 
which helps in diagnosing the disease early and identifying the appropriate treatment plan [25]. Fig 5. 
shows features of pcos ovaries 
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FIGURE 5. Features of pcos ovaries 
 
The image obtained after running the PCOS images through a Siamese network can highlight certain 

prominent features that could be identified during the diagnosis process, and the following is a description 
of the peaks shown in the image; 
• The first peak: This peak could represent an elevation in the levels of various hormones, for example, 
androgens or estrogens that are often elevated in PCOS, and thus highlights the hormonal signature of this 
disorder.  
• The second peak: The second peak could correlate with the pathological characteristics of the ovarian 
tissues, such as the abnormality or inclusion of more adipose tissue, and the characteristic ovarian changes 
associated with PCOS. 
• The third peak: The third peak may indicate the examination of the different histological levels of the 
ovary and alteration of the population of the ovarium, that is, a manifestation of vegetative changes 
occurring due to PCOS. 
• The fourth peak: The fourth peak may indicate imaging evaluation of mass lesions or other 
abnormalities of the ovaries, and the peaks that may signal the presence of structural lesions or masses 
associated with PCOS. 
• Fifth peak: The fifth peak can symbolize changes in the blood vessels or ovarian circulation, and changes 
may appear in the distribution of blood or the exudation of blood, indicating periodic changes in the ovary 
resulting from the ovarian cyst syndrome. 

In general, the peaks in the image of the feature are unique points that have been discovered in the 
comprehensive analysis of pictures, and reflect the changes and features that can appear in the presence of 
PCOS. Fig 6. presents valuation and detection of PCOS 

 

 

FIGURE 6. Evaluation and detection of PCOS 
 

To evaluate and discover PCOS using peaks in the image of the feature, many techniques can be used to 
compare the summits. Pattern analysis techniques can be used to examine the general style of the summary 
in the image of the feature, and this is done using statistical analysis techniques to determine the general 
style of the training group and compare it to the expected pattern in the absence of the disease. Machine 
learning modeling can be applied to learn the characteristic changes in PCOS endotypes from images using 
the image peaks. Specifically, artificial nervous networks or complex statistics can establish characteristic 
features, and pathological changes the disease in question is associated with, or by clinical guidelines in 
evaluating peak features, identifying whether there is PCOS [26]. 

These can be based on prior knowledge of expected APEX changes in healthy individuals versus those 
with PCOS. Classification methods can also be employed to ascertain whether the current peaks are 
indicative of the feature associated with the presence of PCOS, and this is achieved by classifier learning 
with data that includes peaks as features and enables the classification of other data as containing or not 
containing PCOS syndrome [27]. 

It is possible to derive good conclusions concerning the presence of PCOS derived from the feature of 
the feature of peaks by comparing estimated peaks with the normal population values. 

 

5. Discussion 

The integration of machine learning (ML) models, such as the Siamese Neural Network (SNN), into the 
diagnostic process for Polycystic Ovary Syndrome (PCOS) has profound implications for modern medical 
practices. Traditional diagnostic methods rely heavily on clinical assessment, ultrasound imaging 
interpretation, and biochemical analyses, which are subject to human error and variability, and these 
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models provide a systematic and reproducible approach to evaluating ovarian features, enhancing 
diagnostic accuracy and consistency.   

 
5.1 Enhanced Accuracy and Consistency. The results indicate that the SNN achieved high diagnostic 
accuracy by analyzing subtle features in ovarian ultrasound images and this improvement over traditional 
image interpretation could minimize false-negative and false-positive rates, ensuring timely interventions 
for patients at risk of PCOS-related complications, such as infertility or metabolic disorders and the 
capability of the model to detect early morphological changes in ovarian structure opens new avenues for 
proactive management. Early diagnosis allows for personalized therapeutic interventions, potentially 
mitigating long-term health risks associated with PCOS.  By standardizing the diagnostic process through 
automated image analysis, ML models can reduce inter-observer variability among radiologists and 
gynecologists and this consistency is particularly crucial in settings where access to specialized expertise 
is limited and the results suggest that these models can seamlessly integrate into existing medical practices 
by acting as decision-support tools and they enhance the clinician's ability to interpret complex patterns in 
ultrasound images, enabling a more comprehensive and confident diagnosis.   

 
5.2 Improvement of Current Methods. Current diagnostic methods for PCOS, including the Rotterdam 
criteria, often rely on subjective interpretation of ovarian features. ML models add objectivity by 
quantifying patterns and anomalies in a reproducible manner and automation can significantly reduce the 
time required for image analysis in busy clinical environments, allowing healthcare providers to focus on 
patient care rather than extensive manual evaluations and these models can integrate multimodal data, 
such as hormonal profiles and patient history, alongside ultrasound images and this holistic approach 
provides a more nuanced understanding of the condition, enhancing overall diagnostic accuracy.  

  
 5.3 Statistical Methods for Validation. To ensure unbiased evaluation of the model, the dataset was 
divided into training and testing subsets, typically using an 80:20 or 70:30 ratio and this split ensures that 
the model is evaluated on unseen data, simulating real-world diagnostic scenarios and the choice of split is 
critical to avoid overfitting and ensure generalizability.K-fold cross-validation was likely employed to 
assess the model's performance across multiple data subsets and this method divides the data into 'k' folds, 
using 'k-1' folds for training and one for testing iteratively, providing a robust estimate of model accuracy.     

Metrics such as accuracy, sensitivity, specificity, and the area under the receiver operating 
characteristic curve (AUC-ROC) were calculated. Statistical tests like paired t-tests or Wilcoxon signed-rank 
tests may have been used to compare the performance of the ML model against traditional diagnostic 
methods.   To evaluate the robustness of the model, performance metrics on external validation datasets 
or unseen populations were analyzed and this step is crucial to confirm that the model performs 
consistently across different demographic and clinical settings and thechniques such as SHAP (Shapley 
Additive Explanations) were potentially used to interpret the contribution of individual features to the 
model's predictions and this transparency aids in understanding how the model aligns with clinical 
reasoning.  By addressing current diagnostic limitations, ML models like SNN represent a paradigm shift 
in PCOS diagnostics. However, rigorous statistical validation and transparent explanation of the model's 
functioning are imperative for its acceptance in clinical practice and the results of this study provide a 
strong foundation for integrating ML models into routine medical workflows, promising improved patient 
outcomes through early and accurate diagnosis. 

 
6. Conclusion. 

The conducted research advances the area of PCOS diagnosis by presenting a detailed and reasonable 
structure for the model development, and this early intervention diagnostic model offers hope in the 
advancement of early PCOS detection, resulting in fewer long-term effects arising from the condition. In 
addition, the rational and transparent decision-making process builds trust and reassurance in patients 
regarding the diagnosis to the benefit of patients and health care practitioners as well.  

Revising and perfecting the existing diagnostic model will be important as its introduction into practice 
will be almost inevitable. Alongside this, the development of this model will also require the incorporation 
of additional data sources and other functions that will deal with the management of the condition (for 
instance, treatment compliance prediction/response, care planning) in order to enhance treatment 
outcomes for the patient.  

Overall, this study shows how useful ML Technologies and Ensemble learning can be for the diagnosis 
of PCOS and stresses the need for transparency and trust in health care systems. Adopting these AI 
capabilities will pave the way for a new approach in medicine, one where individuals with PCOS and other 
complex conditions are given exquisite care. 
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