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Polycystic ovary syndrome (PCOS) is a complicated hormonal condition that
is experienced by women. Despite extensive research, the precise reason be-
hind PCOS remains unknown, and effective treatments are still lacking. Thus,
early diagnosis and treatment have a significant positive impact on the health
of women. Recently, there has been remarkable performance demonstrated by
machine learning (ML)-based detection models for PCOS identification. They
are fast and low cost compared to the traditional processes. In this work, a
multi stacking PCOS detection model is proposed using K-fold cross validation.
The model uses three different ML algorithms namely: naive Bayes (NB), ran-
dom forest (RF), and logistic regression (LR) as base classifiers and a neural

PCOS_ network, multi-layer perception (MLP) as meta model. This approach utilizes
Stacking two feature selection techniques and compares the performances on the stack-
Women health ing methods. Among the two feature selection techniques, Pearson correlation

approach performed better with average 98.79% accuracy, 99.17% sensitivity,
98.40% specificity, and 98.79% f1-score.
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1. INTRODUCTION

Polycystic ovary syndrome (PCOS) ranks among the prevalent hormonal imbalances found in women.
According to World Health Organization (WHO), 8-13% of women of reproductive age suffers from PCOS and
approximately 13% of them remain undetected [/1]. Male hormone levels are greater in PCOS-affected women
than in healthy individuals, which may lead to infertility. PCOS also causes cardiovascular disease, type-2
diabetes, sleep apnea, and trimester miscarriage [2]], [3]. The primary signs of PCOS consist of irregular
menstrual cycle, immature ovarian eggs, various cysts on the ovaries, difficulty in conceiving, an excess devel-
opment of hair often on the back, buttocks, chest, and upper lip, weight gain, hair fall, oily or acne-prone skin,
obesity, skin pigmentation, and skin discoloration [4]]—[6]. Manual detection of PCOS includes hormonal tests,
symptom aggregation, and detection of cysts in ultrasound images. However, these traditional approaches are
expensive, lengthy, and susceptible to human error. Therefore, a shift towards machine learning (ML)-based
methods can solve the problems. Recently, several articles have been published to diagnosis PCOS using ML
approaches. Based on patient clinical data, the research in [7]], [8] used techniques including support vector
machine (SVM), classification and regression trees (CART), naive Bayes (NB), random forest (RF), and lo-
gistic regression (LR). Denny et al. [8] also used k-nearest neighbor (KNN) to detect. RF algorithm has the
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maximum accuracy of 96% [7]. Prapty and Shitu [9]] suggested a process that makes use of a few ML tech-
niques, including NB, KNN, RF, and SVM. Although RF provided the most accuracy, NB and RF delivered
comparable performance. Mehrotra ef al. [[10]] proposed a contemporary method of PCOS screening. Two
classifiers such as: LR and Bayesian classifier are used. The Bayesian classifier outperforms LR. SVM, NB,
KNN, and ensemble approaches were employed in [11] for PCOS classification. Ensemble techniques consist
of SVM and KNN. To identify if a woman has PCOS or not. Thakre et al. [12] employed five different ML
classifiers: RF, SVM, LR, NB, and KNN. RF surpassed with an accuracy rate of 90.9%. Ten ML methods
were assessed by Panda er al. [[13]. These models included NB, KNN, stochastic gradient descent (SGD),
multi-layer perception (MLP), RF, LR, NB, SVM, linear regression, and Bayesian Ridge. RF performed best
with an accuracy of 92%. The efficacy of methods like RF, convolutional neural network (CNN), and SVM
was demonstrated in [14]] as they presented ML strategies for PCOS identification.

Another approach of ML is boosting which is applied to several models. A method using hybrid
random forest logistic regression (HRFLR), extreme gradient boosting with random forest (XGBRF), linear
support vector machine (LSVM), light gradient boosting model (LGB), and CatBoost model was proposed in
[LS]. Bhat [16] put out a novel method that combines CatBoost and XGBRF models. Different classifiers,
including gradient boost (GB), RF, LR, HRFLR, MLP, SVM, and decision tree (DT) were employed as base
methods to assess the outcomes. With an emphasis on the XGBoost algorithm, Avasthi et al. [17] explored the
accurate identification of PCOS using ML. With a testing accuracy of 96%, the XGBoost algorithm demon-
strated impressive effectiveness. Modi and Kumar [[18] applied several ML models such as SVM, RF, DT, NB,
LR, GB, Catboost, and adaptive boosting (Adaboost). Among all the methods, CatBoost performed the best.
Explainable artificial intelligence (XAI) is a very important concept to clarify ML algorithms’ decision-making
process. XAl was also utilized in [19]. Utilizing NB, KNN, SVM with RBF and linear kernel, dense neural
network (DNN), and RF. Stacking is another noteworthy ML technique. Suha and Islam [20] presented a
stacking model that uses one bagging or boosting ensemble ML model as the stacked model’s meta-learner
and five regular ML models as base learners. Kumari et al. [21] employed six classifiers to implement SmS
hybrid models. They utilized LR, DT, RF, SVM, NB, and AdaBoost as base learners at the base level. At the
meta-level, each of these classifiers was taken into consideration independently. Using fourteen ML techniques,
Akhtar et al. [22]] compared and determined which model was the best. Using synthetic minority over-sampling
technique (SMOTE), data was re-sampled. Classifiers such as GB, AdaBoost, CatBoost, RF, KNN, SVM, LR,
NB, voting, and methods have been used to compare the results. The research in [23]], [24]] used AdaBoost,
KNN, LR, RF, DT, NB, SVM, and XGboost to obtain the best model.

In this work, a data-driven strategy is proposed to identify PCOS using a stacking based model. K-fold
cross validation is used to train and validate the model following preprocessing and feature selection. There are
one meta layer and two base layers in the model. Different ML-based models are employed in the base layers,
whereas MLP serves as the meta layer. The principal findings of this study are given as follows:

— A novel multilayer stacking approach is proposed, combining various classification algorithms at
different base layers with an MLP at the meta-layer for PCOS detection.

— The experiments are conducted on a new dataset, which has not been utilized previously.

— The impact of two different feature selection techniques is compared.

— This work individually trains the base layer algorithms using this dataset and compares the performance
with the proposed model.

This paper is structured as follows: section 2 of the paper covers the research method. It explains the
multilayer stacking paradigm that has been suggested for PCOS detection. In section 3, the experimental data
are examined and discussed. Conclusions and future scope are drawn in section 4.

2. RESEARCH METHOD

This experiment was carried out using Python 3.8 and cloud-based Google Colab, employing libraries
such as scikit-learn, Keras, TensorFlow, NumPy, Pandas, and imbalanced-learn. ML model training was sped
up with a GPU (NVIDIA Tesla T4). This work outlines a structure that consists of data collection, data pre-
processing, feature selection, training proposed model, and evaluation of the result. Figure 1 visualizes the
schematic diagram of this work. In Figure 1(a) the flowchart of this work is visualized. It starts with data
collection. After data collection, data is preprocessed using various approaches. Then important features are
selected. Next, the proposed model is trained and finally, the result is evaluated using different performance
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parameters. In Figure 1(b) the architecture of this work is presented. The simulation and experimental setup
can be found on the GitHub [25]].
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Figure 1. Diagrammatic representation of the suggested work: (a) the flowchart of this work for diagnosis of
PCOS and (b) architecture of the proposed model for PCOS detection using multilayer stacking

10-fold cross
validation

2.1. Data collection

The dataset was gathered using Kaggle. It is a freely accessible portal with a range of datasets. There
are 44 feature columns and 2000 rows in the gathered PCOS dataset [26]]. In this dataset, the positive and
negative classess include 608 and 1392 instances respectively. The majority class, 69.6% of the data shows the
percentage of women not having PCOS, while 30.4% of the minority class’s women with PCOS.

2.2. Data preprocessing

It ensures data quality, reliability, reduces overfitting, and improves model performance. In this work,
firstly the missing values are checked. Not-a-number (NaN) or null values are frequently used in datasets to
indicate missing values. It was observed that there were some NaN values in the dataset. A statistical met-
rics named mean was used to impute the missing values. The features were removed that were not significant
enough such as ‘SI/No’ and ‘Patient file no’. Next, data scaling was carried out. The data underwent stan-
dard scaling prior to further analysis. In standard scaling, the values of each feature are centered around a
standard deviation of one with a mean of zero [27]]. After scaling, the dataset is balanced. The significance
of balancing datasets is underscored by the possibility of biased outcomes arising from dataset imbalances. In
this work, SMOTETomek is used. It is a resampling technique that uses under sampling with Tomek link and
oversampling with SMOTE [28]. After resampling, PCOS and non-PCOS classes included 1295 instances.

2.3. Feature selection

There are a lot of unnecessary, redundant, and noisy features in real-world data. The curse of di-
mensionality is a significant problem that arises when data mining (DM) and ML techniques are used on
high-dimensional data. Data gets sparser in high-dimensional space. Therefore, learning models tend to overfit
when they have a lot of features, which can lead to a drop in performance on test data. Removing such features
through feature selection saves computing and storage costs without causing a large loss of data or a decrease
in learning efficiency. In this work, two different feature selection techniques, Pearson correlation [29]] and mu-
tual information [30] methods applied to selecting important features to make the model robust. For Pearson
correlation, the threshold value was set to 80. The features that are correlated more than 80% are considered
highly correlated and to prevent repetition in the dataset, one of the correlated features is eliminated. On the
other hand, the top 20 features were selected in mutual information method. The features were selected based
on mutual information scores.

2.4. Proposed model

A novel multi-layer stacking model is presented based on stacking principles [31]. The proposed
approach combines diverse ML algorithms in two distinct base layers, with a neural network functioning as
the meta layer. In the first base layer, the NB [32] and RF [33] classifiers are trained separately. Although NB
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is sensitive to imbalanced data, it is a straightforward and computationally cheap technique. SMOTETomek
is used to address that problem. RF can decrease overfitting and manage complex models with a high success
rate. The first layer is balanced by these two algorithms. These algorithms then produce predictions, which are
saved and used as training data for the second base layer model. Due to its high efficiency, LR [34] is used in
the second base layer. A meta model that is MLP [35] is trained based on the second base layer’s predictions.
The ultimate result is made up of the results that the meta model provides. GridSearchCV was used for the meta
layer hyperparameter tuning. It is a scikit-learn function that essentially considers all possible combinations
of the candidates to find the optimal set of hyperparameters by training. To optimize the model, the Adam
optimizer was used at the meta layer. To make the model more reliable and assess the performance, K-fold [36]]
cross validation is applied. It also maximizes the utilization of available data. In this manuscript, the value of
K is considered 10 that means the dataset is split up into 10 folds. Every fold serves as a validation set once,
and the training set is made up of the remaining folds.

3.  RESULTS AND DISCUSSION

This section presents the experimental result of the proposed model along with a comparison of results
obtained from other existing models. Accuracy, sensitivity, specificity, fl-score, and area under the curve
(AUC) are used to assess the model. The suggested model is contrasted with two different feature selection
methods. In case of Pearson correlation method, after ten fold cross validation the model achieved average
98.79% accuracy, 99.17% sensitivity, 98.40% specificity, 98.79% f1-score, and 0.9879 AUC. Tables [I] and [2]
exhibits varying levels of performance parameters including accuracy, sensitivity, specificity, f1-score and AUC
across different folds for Pearson correlation and mutual information respectively.

Table 1. The performance of the model in each fold using Pearson correlation feature selection method
Fold Accuracy  Sensitivity  Specificity  Fl-score AUC

1 0.9871 0.9829 0.9914 0.9871 0.9871
2 0.9924 1.0 0.9948 0.9924 0.9924
3 0.9921 1.0 0.9843 0.9922 0.9921
4 0.9964 1.0 0.9929 0.9964 0.9964
5 0.9860 1.0 0.9720 0.9862 0.9860
6 0.9885 0.9923 0.9847 0.9885 0.9885
7 0.9860 0.9860 0.9860 0.9860 0.9860
8 0.9767 0.9922 0.9612 0.9770 0.9767
9 0.9875 0.9916 0.9833 0.9875 0.9874
10 0.9863 0.9727 1.0 0.9862 0.9863
Average 0.9879 0.9917 0.9840 0.9879 0.9879

Table 2. The performance of the model in each fold using mutual information feature selection method
Fold Accuracy  Sensitivity  Specificity  Fl-score AUC

1 0.9572 0.9145 1.0 0.9553 0.9572
2 0.9772 1.0 0.9545 0.9777 0.9772
3 0.9726 0.9921 0.9531 0.9531 0.9726
4 0.9751 0.9787 0.9716 0.9752 0.9751
5 0.9860 0.9720 1.0 0.9858 0.9860
6 0.9656 0.9770 0.9541 0.9660 0.9656
7 0.9755 0.9650 0.9860 0.9752 0.9755
8 0.9534 1.0 0.9069 0.9555 0.9534
9 0.9625 0.9416 0.9833 0.9617 0.9624
10 0.9761 0.9659 0.9863 0.9759 0.9761
Average 0.9701 0.9701 0.9696 0.9701 0.9701

The model achieved 97.01%, 97.01%, 96.96%, 97.01%, and 0.9701 of accuracy, sensitivity,
specificity, fl-score, and AUC respectively in average using mutual information feature selection approach.
It is visible that Pearson correlation approach has performed better. Accuracy simply measures the overall
correctness of predictions made by model. Sensitivity represents percentage of true positives cases that were
correctly identified by model. Specificity refers to the correctly identified percentage of true negatives. In pro-
posed approach, apart from accuracy, value of sensitivity and specificity is also high. For Pearson correlation
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average sensitivity is 99.17%. That means in 99.17% cases model identified PCOS affected data correctly.
Using mutual information, the result decreased by about 2.2%. In the case of specificity, Pearson correlation
correctly identified 98.40% non PCOS cases as true negatives which is 1.46% higher than mutual information.

In the investigation, the training loss is calculated in every fold to assess the proposed model. A
comparison-based illustration of the model’s training loss for the two feature selection techniques is shown in
Figure 2] While both approaches yield good results, Pearson correlation outperforms mutual information by
a little margin. Initially, the loss for both approaches was 0.7. The loss considerably reduced in the first few
folds. Following the fourth fold, the loss converges close to zero and is linear in each fold. The training loss is
likewise reasonable after employing mutual information. It is marginally higher in each fold when compared
to Pearson correlation. Following ten folds, the training loss approaches 0.1. To evaluate the performance,
The proposed model is contrasted with the base classifiers independently. From Figure 3] the result of base
classifiers on the same dataset is found. Among NB, RF, and LR classifiers, LR performed comparatively
better with 95.8%, 94.5%, 97.1%, and 95.7% of accuracy, sensitivity, specificity, and fl-score respectively.
However, the proposed model performed best in comparison with other classifiers.

Table [3] compares the performance of the previous studies with the proposed multi layer stacking
approach. Evidently, the proposed work has the best performance compared to previous studies. After using
multilayer stacking, the proposed model achieved 98.7% accuracy, 99.17% sensitivity, 98.40% specificity, and
98.79% f1-score.
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Figure 2. Training loss of the proposed model in each fold for two different feature selection methods
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Figure 3. Comparison of performance of the proposed model with the base classifiers
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Table 3. Comparison of the proposed model’s performance with previous studies

References Model Accuracy (%)  Sensitivity/Recall (%)  Specificity (%)  Precision (%)  Fl-score (%)
171 RF 96 95 - 96 96
181 RF 89.02 74.19 98.03 95.83 41.82
9] RF 93.5 84 - 84 84
110] Bayesian classifier 93.93 92.85 94.23 - -
(1] Ensemble (SVM+KNN) 97.22 - - 98.70 98.06
[12] RF 90.9 97 - 89.1 92
[15] CatBoost 92 84 - 95 89
[16] CatBoost 95 90 - 83 86
18] CatBoost 93 96 - 95 96
[20] Stacking 95.7 95.7 - 95.6 96
[21] Stacking 90.24 89.93 - 90 89.82
23] Stacking 98 98 - 97 98
[24] Stacking 98.87 98.87 - 98 98.89
Proposed Multi-layer stacking 98.7 99.17 98.40 - 98.79
approach

4. CONCLUSION

This model incorporates three-layer ensemble approach and demonstrated superior performance, espe-
cially with Pearson correlation feature selection technique. The proposed model acquired average test accuracy
of 98.7%. The training loss curves showed stable convergence, highlighting model’s robust learning. The mod-
els’ comparisons explain how well the proposed model predicts. Broadly, this study emphasizes potential of
ensemble learning and feature selection in developing accurate PCOS prediction models with clinical implica-
tions for early diagnosis and management. In future, different base classifiers and meta models can be adopted.
The effectiveness of model may also be evaluated using explainable Al and large dataset.
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