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 Abstract : Polycystic Ovary Syndrome (PCOS) is a hormonal 

disorder that can be challenging to detect due to its diverse 

clinical manifestations. This study aims to compare the 

performance of K-Nearest Neighbor (KNN), Support Vector 

Machine (SVM), and Logistic Regression for PCOS 

classification under the same experimental conditions. A 

quantitative approach was applied to a secondary PCOS 

Diagnosis dataset containing 1,000 patient records and five 

predictor variables: Age, BMI, Menstrual Irregularity, 

Testosterone Level, and Antral Follicle Count. Data were 

processed using Altair AI Studio through preprocessing, 

Min-Max normalization, 80:20 data splitting, modeling, and 

evaluation. KNN used k = 5, SVM used an RBF kernel, and 

Logistic Regression was applied for binary classification. 

Performance was evaluated using accuracy, precision, 

recall, and F1-score. KNN achieved the highest accuracy 

(96.00%), recall (90.91%), and F1-score (90.91%), while 

SVM achieved the highest precision (91.89%). Logistic 

Regression obtained the lowest overall performance. These 

results indicate that KNN demonstrated the strongest overall 

performance for PCOS classification under the experimental 

conditions used. Further validation using larger and more 

diverse clinical datasets is recommended. 
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Introduction 

Polycystic Ovary Syndrome (PCOS) is a hormonal disorder commonly found among women of 

reproductive age and is one of the reproductive health issues encountered globally. The global 

prevalence of PCOS is estimated at 8–13%, depending on the diagnostic criteria used (Lin et al., 2025). 

This condition is characterized by hyperandrogenism, ovulatory dysfunction, and polycystic ovaries and 

is associated with various metabolic and cardiovascular complications, mental health disorders, and 

endometrial cancer (Lim et al., 2023). In Indonesia, attention to PCOS has also developed alongside the 

increasing number of cases among women of reproductive age. At Dr. Kariadi General Hospital 

Semarang, the number of cases increased from 66 cases in 2020 to 104 cases in 2022 (Salsabila et al., 

2024). Meanwhile, the prevalence of PCOS among adolescent girls is estimated at 6–10% and is 
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expected to continue increasing along with lifestyle changes, such as high-calorie food consumption, 

reduced physical activity, and increased psychological stress (Murthi et al., 2025).  

The high incidence of PCOS still presents challenges in the diagnosis and early detection process. 

Approximately 75% of PCOS cases are reported to remain medically undiagnosed because of the 

complexity of their symptoms and limitations in available diagnostic methods (Alfiryal et al., 2025). 

Conventional diagnosis, which includes medical interviews, hormone level examinations, and 

ultrasonography, is also not equally accessible across all healthcare facilities. This condition can lead to 

delayed diagnosis, potentially increasing the risk of complications and reducing patients' quality of life. 

Therefore, an approach that can support a more effective PCOS detection process is needed. One 

approach that can be used is machine learning, which can automatically analyze clinical data to identify 

patterns and generate supporting information for decision-making (Prasetya & Edward, 2025).  

The next issue concerns differences in the characteristics and approaches used in machine learning-

based PCOS classification studies. KNN relies on the proximity between data points, SVM uses an 

optimal hyperplane to separate classes, while Logistic Regression uses a probabilistic approach for 

binary classification. These differences in characteristics may cause each algorithm to produce different 

classification capabilities when applied to the same data. In previous research, Pitaloka and Kusnawi 

(2023) reported a KNN accuracy of 93%, while Permana et al. (2025) obtained an SVM accuracy of 

90.74%. Taha et al. (2025) also reported that Logistic Regression achieved an accuracy of 91.7%.  

Differences in previous research results cannot yet be used to directly compare the capabilities of 

the three algorithms because each study applied different experimental scenarios in terms of 

preprocessing, feature selection, and model optimization. Related studies also show that PCOS 

classification research uses KNN, SVM, Logistic Regression, and ensemble learning approaches with 

diverse dataset characteristics and processing techniques. These differences produce varying evaluation 

values, so the performance of each algorithm cannot yet be directly compared. Therefore, testing using 

the same dataset, preprocessing stages, data splitting ratio, and evaluation methods is needed so that the 

performance characteristics of each algorithm can be compared more objectively.  

Based on these problems, this study aimed to compare the performance of K-Nearest Neighbor 

(KNN), Support Vector Machine (SVM), and Logistic Regression algorithms in Polycystic Ovary 

Syndrome (PCOS) classification using consistent testing conditions. All algorithms were applied to the 

same dataset using identical preprocessing stages and evaluation methods so that the comparison results 

could be obtained consistently. The urgency of this study lies in the need to obtain information regarding 

the capabilities of each algorithm as a support for early PCOS detection based on clinical data. The 

novelty of this study lies in comparing KNN, SVM, and Logistic Regression using the same dataset, the 

same preprocessing stages, and consistent evaluation methods, allowing differences in algorithm 

performance to be analyzed under consistent testing conditions.  

 

Method 

This study used a quantitative approach with a machine learning method to develop a Polycystic 

Ovary Syndrome (PCOS) classification model based on patient clinical data. The data used were 

secondary data from the PCOS Diagnosis dataset obtained through Kaggle. The machine learning 

method was used to identify patterns in the data and generate classifications based on the available 

clinical variables (Taye, 2023; Prasetya & Edward, 2025). 

Data processing was performed using Altair AI Studio through preprocessing, data cleaning, data 

transformation, data splitting, modeling, and evaluation stages. The preprocessing stage included 

handling missing values using Replace Missing Values with the attribute mean and normalization using 

the Min-Max method on a range of 0 to 1. These stages were conducted to improve data readiness 

before the classification process (Cofre-Martel et al., 2021; Ortiz et al., 2024). The data were then 

divided into 80% test data and 20% testing data to ensure that the model was tested using data not used 

during training (Joseph, 2022; Sivakumar et al., 2024). 

The research data consisted of 1,000 patient records with six attributes: Age, BMI, Menstrual 

Irregularity, Testosterone Level, Antral Follicle Count, and PCOS Diagnosis. Five attributes were used 

as predictor variables, while PCOS Diagnosis was used as the target variable, with a category of 0 for 

patients not diagnosed with PCOS and 1 for patients diagnosed with PCOS. All data were used in the 

study, so the algorithms were compared using the same dataset and data characteristics. 
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The research procedure began with dataset collection, preprocessing, data splitting, modeling, 

and evaluation. The three algorithms compared were K-Nearest Neighbor (KNN), Support Vector 

Machine (SVM), and Logistic Regression. KNN used Euclidean Distance with k = 5, SVM used the 

Radial Basis Function (RBF), while Logistic Regression was used for binary classification (Schober & 

Vetter, 2021; Du et al., 2024). All algorithms used the same dataset, preprocessing process, and 80:20 

data splitting to maintain consistency in the comparison and reduce the potential for data leakage 

(Ichwani et al., 2026). 

Model evaluation was conducted using Performance (Binomial Classification) in Altair AI Studio 

by examining the confusion matrix, accuracy, precision, recall, and F1-score. The evaluation results 

were used to compare the performance of the three algorithms in classifying PCOS on the testing data. 

Using multiple evaluation metrics allowed model performance to be assessed more comprehensively, 

rather than based solely on accuracy. 

 

Results and Discussion 

Research Results 

The research results for Polycystic Ovary Syndrome (PCOS) classification are presented based on 

the research stages conducted using Altair AI Studio. As an initial stage, this study used a PCOS dataset 

containing patient clinical data as the data source for the classification process. The dataset is shown in 

Figure 1. 

 
Source: (Research Results, 2026) 

Figure 1. Raw Data  

 

Data Preprocessing Results 

The data preprocessing stage was conducted to prepare the dataset before it was used for 

algorithm modeling and testing. In this study, data preprocessing included dataset import, missing values 

checking, and data transformation using Altair AI Studio. The results of each preprocessing stage are 

described as follows. 

1. Dataset Import 

At this stage, the dataset was first imported into Altair AI Studio using the Read Excel operator. 

Using this operator, Excel-formatted dataset files can be read and imported into Altair AI Studio, 

https://doi.org/10.61536/ambidextrous.v5i03.897
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making them ready for processing in subsequent research stages. The configuration of the Read Excel 

operator used is shown in Figure 2. 

 

 

 
Source: (Research Results, 2026) 

Figure 2. Read Excel Operator 

 

After the dataset was successfully imported into Altair AI Studio, the attributes were configured 

through the Edit Parameter List: Data Set Meta Data Information menu. This stage aimed to ensure that 

each attribute was correctly recognized according to its role in the classification process. The results of 

the attribute settings can be seen in Figure 3. 

 

 
Source: (Research Results, 2026) 

Figure 3. Data Attribute Information 

 

Figure 3 shows the attribute information used in this study, along with the configuration of their 

roles in Altair AI Studio. The PCOS_Diagnosis attribute was set as the label, which functions as the 

classification target to be predicted by the model. Meanwhile, the other attributes were used as input 

variables in the model learning process. This configuration was necessary so that the classification 

process could proceed according to the research objectives. 

 

2. Data Cleaning Results 

After the dataset import process was completed, a data quality check was conducted to ensure that 

there were no missing values in the dataset used. This check used the Replace Missing Values operator 

connected to the Read Excel operator through the output (out) port. Through this process, all attributes 

in the dataset could be examined to identify the presence of missing values. Figure 4 shows the 

implementation of missing values checks using Altair AI Studio. 
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Source: (Research Results, 2026) 

Figure 4. Replace Missing Values Operator 

 

Through this process, Altair AI Studio checks each attribute in the dataset to identify any missing 

values. The results of this check are shown in Figure 5. 

 
Source: (Research Results, 2026) 

Figure 5. Missing Values Check Results 

 

The results of the check showed that none of the attributes in the dataset contained empty or missing 

values. This condition indicates that the dataset used in this study was complete from the outset, so an 

imputation step was unnecessary and the dataset could proceed directly to the data transformation stage. 

 

3. Data Transformation Results 

After the data were confirmed to have no missing values, the next stage was data transformation 

using the Normalize operator. In this study, transformation was performed using Min-Max 

Normalization to equalize the range of numerical attribute values so that differences in data scale would 

not affect the classification process. The implementation of the data transformation process in Altair AI 

Studio is shown in Figure 6. 

 
Source: (Research Results, 2026) 

Figure 6. Normalize Operator 

 

Once the data cleaning stage is complete, the data is forwarded to the Normalize operator via 

the output port (exa), as shown in Figure 6. This stage transformed all numerical attribute values to a 

scale of 0 to 1, according to the predetermined normalization method. 

 

Data Splitting Results 

After preprocessing, the dataset was divided into two parts—test data and testing data—using 

the Split Data operator as the basis for model training and evaluation of classification results. The 

implementation flow of the Split Data operator is shown in Figure 7. 
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Source: (Research Results, 2026) 

Figure 7. Split Data Operator 

 

The Split Data Operator is used to divide the dataset into training and test data, which are used 

for the model training and evaluation stages, respectively. The split ratio applied is 80:20, with 80% as 

test data and the remaining 20% as test data. The results of the dataset split are presented in Table 1. 

 

Table 1. Data Splitting 

No Data Type Total Data Data Percentage 

1 Train Data 800 80% 

2 Test Data 200 20% 

3 Total Data 1000 

The data splitting ratio was configured using the parameters of the Split Data operator. The 

parameter settings used in this study are shown in Figure 8. 

 

 
Source: (Research Results, 2026) 

Figure 8. Parameter List 

 

Algorithm Modeling Results 

At the modeling stage, the Multiply operator was used to support the comparison of several 

classification algorithms applied in this study. This operator allowed the preprocessed data to be 

distributed to several processing paths simultaneously, so that each algorithm received the same dataset 

for training and testing. Thus, the performance results of each algorithm could be compared more 

objectively. The implementation of the Multiply operator in this study is shown in Figure 9. 
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Source: (Research Results, 2026) 

Figure 9. Multiply Operator 

 

Next, the output ports of the Multiply operator were connected to three Split Data operators, 

each designated for the K-Nearest Neighbor, Support Vector Machine, and Logistic Regression 

algorithms. This configuration was intended to ensure that each algorithm used the same data during 

training and testing so that the resulting performance could be compared objectively. 

 

Algorithm Implementation 

The classification algorithm implementation phase is carried out after the data splitting process 

using the Multiply and Split Data operators is complete. In this phase, partition 1, which contains the 

test data, is connected to the training port (tra) on each algorithm operator used. This test data represents 

80% of the total dataset used in this study. The model training implementation for each algorithm is 

shown in Figure 10. 

 
Source: (Research Results, 2026) 

Figure 10. Multiply Process 

 

Next, model testing is performed using the Apply Model operator, which applies the trained 

model to the test data. At this stage, the model (mod) port of each algorithm is connected to the mod 

port of the Apply Model operator, while partition 2—which contains 20% of the total dataset as test 

data—is connected to the unlabeled (unl) port. This stage is used to generate predictions for the test data 

based on the previously developed model. The implementation of the Apply Model operator is shown 

in Figure 11. 
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Source: (Research Results, 2026) 

Figure 11. Apply Model Process 

 

To measure how well each algorithm performed, model evaluation was conducted using the 

Performance (Binomial Classification) operator. This operator compares the labels predicted by the 

model with the actual labels in the testing data, allowing the performance of each algorithm to be 

measured objectively. The evaluation results consisted of accuracy, precision, recall, and F1-score 

values, which were used as the basis for comparing the performance of KNN, SVM, and Logistic 

Regression. The implementation of the model evaluation process is shown in Figure 12. 

 

 
Source: (Research Results, 2026) 

Figure 12. Performance Process 

 

Testing Results 

1. Testing of the K-Nearest Neighbor (KNN) Algorithm 

In testing the K-Nearest Neighbor (KNN) algorithm, the accuracy was 96.00%, the precision 

was 90.91%, the recall was 90.91%, and the F1-score was 90.91%. These figures indicate that the KNN 

algorithm is relatively effective at recognizing PCOS data patterns in the tested dataset, with a relatively 

low classification error rate compared to the number of correct predictions. 

Based on the confusion matrix, the model correctly classified 152 non-PCOS data points and 

40 PCOS data points. In addition, 4 PCOS data points were predicted as non-PCOS (false negatives), 
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and 4 non-PCOS data points were predicted as PCOS (false positives). The number of correct predictions 

was higher than the number of classification errors, resulting in high evaluation values for the KNN 

algorithm. The confusion matrix resulting from testing the K-Nearest Neighbor algorithm can be seen 

in Figure 13. 

 

 
Source: (Research Results, 2026) 

Figure 13. Testing Results Algorithm K-Nearest Neighbor (KNN) 

 

2. Testing of the Support Vector Machine (SVM) Algorithm 

In testing the Support Vector Machine (SVM) algorithm, the accuracy was 93.50%, the precision 

was 91.89%, the recall was 77.27%, and the F1-score was 83.95%. These results indicate that SVM is 

still capable of classifying PCOS data with good performance, although its evaluation results remain 

below those of KNN. 

Based on the confusion matrix results, this model successfully classified 153 non-PCOS data 

points and 34 PCOS data points correctly. In addition, 10 PCOS data points were predicted as non-PCOS 

(false negatives), and 3 non-PCOS data points were predicted as PCOS (false positives). The higher 

number of false negatives compared to KNN indicates that some PCOS cases were still not successfully 

identified by the model. The confusion matrix generated from testing the Support Vector Machine 

algorithm is shown in Figure 14. 

 

 
Source: (Research Results, 2026) 

Figure 14. Testing Results Algorithm Support Vector Machine (SVM) 

 

3. Testing of the Logistic Regression Algorithm 

In testing the Logistic Regression algorithm, the accuracy was 89.50%, precision was 78.05%, 

recall was 72.73%, and the F1-score was 75.29%. These results indicate that Logistic Regression is 

capable of classifying PCOS data but performs less well than KNN and SVM. The model’s predictions 

on the test data were then analyzed using a confusion matrix to determine the number of correct 

classifications and classification errors. The confusion matrix resulting from the Logistic Regression 

algorithm test is shown in Figure IV.15. 

Based on the confusion matrix results, the model successfully classified 147 non-PCOS data 

points and 32 PCOS data points correctly. However, 12 PCOS data points were still predicted as non-

PCOS (false negatives), and 9 non-PCOS data points were predicted as PCOS (false positives). The 

number of errors indicates that the model still has limitations in accurately distinguishing between the 

PCOS and non-PCOS classes. The confusion matrix from the Logistic Regression algorithm test is 

shown in Figure 15. 

 

 
Source: (Research Results, 2026) 
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Figure 15. Testing Results Algorithm Logistic Regression 

Based on the confusion matrix, Logistic Regression successfully classified 147 non-PCOS data 

points and 32 PCOS data points correctly. However, 12 PCOS data points were still predicted as non-

PCOS (false negatives), and 9 non-PCOS data points were predicted as PCOS (false positives). The 

number of errors indicates that the model still has limitations in accurately distinguishing between the 

PCOS and non-PCOS classes. 

The 12 false negatives affected the model’s ability to recognize PCOS cases, as reflected in the 

recall value of 72.73%. This means that some data that actually belonged to the PCOS class were not 

successfully recognized by the model. Meanwhile, the presence of 9 false positives also affected the 

precision value, which reached only 78.05%. Thus, the classification errors produced by Logistic 

Regression resulted in lower accuracy, precision, recall, and F1-score values than those of the other 

algorithms. 

One possible reason for the lower performance of Logistic Regression is that the relationship 

between the attributes used and the PCOS class in the research dataset may not be fully captured by a 

linear approach. Logistic Regression performs classification based on the relationship between predictor 

variables and class probabilities, so its performance can be influenced by the patterns of relationships 

among the attributes in the data. The attributes used in this study include Age, BMI, Menstrual 

Irregularity, Testosterone Level, and Antral Follicle Count. Meanwhile, KNN performs classification 

based on data proximity, and SVM uses the Radial Basis Function (RBF) kernel; thus, the two algorithms 

employ different approaches to recognizing data patterns. These differences in methodological 

characteristics may be one factor contributing to Logistic Regression’s lower performance on this 

research dataset. 

Compared to the other algorithms, Logistic Regression produced a higher number of 

classification errors. KNN produced 4 false negatives and 4 false positives, while SVM produced 10 

false negatives and 3 false positives. Logistic Regression produced 12 false negatives and 9 false 

positives. This indicates that KNN was more capable of recognizing patterns in the research dataset, 

while SVM also had better classification performance than Logistic Regression. Thus, the lower 

performance of Logistic Regression was reflected not only in its accuracy value but also in its precision, 

recall, F1-score, and number of classification errors. 

 

4. Algorithm Performance Comparison 

After testing the three algorithms, the next stage was to compare the performance of each 

algorithm based on accuracy, precision, recall, and F1-score. The comparison aimed to identify the 

algorithm that provided the best performance in classifying PCOS. The performance comparison results 

for the three algorithms are presented in Table 2. 

 

Table 2. Comparison of Algorithm Testing Results 

Algorithm Accuracy Precision Recall F1-Score 

K-Nearest Neighbor (KNN) 96.00% 90.91% 90.91% 90.91% 

Support Vector Machine (SVM) 93.50% 91.89% 77.27% 83.95% 

Logistic Regression 89.50% 78.05% 72.73% 75.29% 

Source: (Research Results, 2026) 

 

Based on Table 2, the K-Nearest Neighbor (KNN) algorithm showed the highest performance 

among the algorithms, obtaining an accuracy 96,00%, precision 90,91%, recall 90,91%, and F1-score 

90,91%. These results show that KNN had a good ability to classify both PCOS and non-PCOS data in 

a balanced manner. The higher performance of KNN may be associated with the algorithm's 

characteristic of determining the data class based on its proximity to other test  data. In this study, KNN 

used a k value of 5 and weighted voting, so data points with shorter distances had a greater influence in 

determining the class. In addition, the data underwent Min-Max Normalization so that all numerical 

attributes were within a uniform range and distances between data points could be calculated more 

optimally. 

Meanwhile, the Support Vector Machine (SVM) achieved an accuracy of 93.50%, a precision 

of 91.89%, a recall of 77.27%, and an F1-score of 83.95%. The SVM’s precision value of 91.89% was 
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slightly higher than that of KNN, indicating that the positive PCOS classification generated by SVM 

were relatively accurate. However, the lower recall value indicates that some PCOS cases were still not 

successfully identified by the model. Based on the confusion matrix, SVM produced 10 false negatives, 

which is higher than KNN, which produced 4 false negatives. 

This performance difference may be related to the characteristic of SVM that forms a hyperplane 

to separate data classes. This study used the Radial Basis Function (RBF) kernel, which allows SVM to 

handle nonlinear relationship patterns. Nevertheless, this configuration did not produce class separation 

as effective as KNN on this research dataset. This is reflected in the higher number of false negatives, 

resulting in a lower recall value for SVM than for KNN. The SVM parameters used in this study included 

the RBF kernel with a gamma value of 0.1 and several other parameters.  

Meanwhile, Logistic Regression achieved the lowest performance, with an accuracy of 89.50%, 

a precision of 78.05%, a recall of 72.73%, and an F1-score of 75.29%. This performance was also 

supported by the confusion matrix results, which showed 12 false negatives and 9 false positives. The 

number of errors was higher than that of KNN and SVM, resulting in a lower ability of Logistic 

Regression to distinguish between the PCOS and non-PCOS classes. As explained in the previous 

discussion, one possible cause is that the relationship between the attributes in the dataset and the PCOS 

class may not be fully represented by the linear approach of Logistic Regression. 

Thus, the differences in performance among the three algorithms in this study may be associated 

with differences in the mechanisms each algorithm uses to recognize data patterns. KNN determines the 

class based on data proximity, allowing it to produce good results on the research dataset after 

normalization. SVM uses hyperplane formation with the RBF kernel and therefore can handle more 

complex patterns, but in this study it still produced more false negatives than KNN. Meanwhile, Logistic 

Regression uses a probabilistic approach based on the relationship between predictor variables and 

classes, resulting in the lowest performance on the research dataset. Under the same preprocessing, 

dataset, and data splitting conditions, these differences indicate that the characteristics of classification 

methods can affect the model's ability to recognize PCOS data patterns. 

 

Conclusion 

Based on the research results, a comparison of the K-Nearest Neighbor (KNN), Support Vector 

Machine (SVM), and Logistic Regression algorithms for classifying Polycystic Ovary Syndrome 

(PCOS) revealed differences in performance when the three algorithms were applied to the same dataset, 

preprocessing, and data splitting. KNN achieved an accuracy of 96.00%, precision of 90.91%, recall of 

90.91%, and an F1-score of 90.91%. SVM achieved an accuracy of 93.50%, precision of 91.89%, recall 

of 77.27%, and an F1-score of 83.95%, while Logistic Regression achieved an accuracy of 89.50%, 

precision of 78.05%, recall of 72.73%, and an F1-score of 75.29%. These results indicate that the 

characteristics of classification mechanisms affect the model’s ability to distinguish between PCOS and 

non-PCOS patterns in the research dataset. In practice, the research results can provide supporting 

information for algorithm selection in the development of PCOS classification systems based on clinical 

data, particularly when a model with a relatively low classification error rate is required. 

This study has limitations because it uses only one secondary dataset consisting of 1,000 records 

and six attributes, with five attributes serving as predictors; therefore, its performance results cannot yet 

be generalized to a broader population or other clinical datasets. This study also used only one 

preprocessing scenario, an 80:20 data splitting, and specific algorithm parameter configurations, so it 

does not yet represent the full range of possible model performance. Future research is recommended 

to use a more diverse dataset from a broader range of clinical sources, implement cross-validation, 

hyperparameter tuning, and feature selection, and compare more algorithms to obtain a more 

comprehensive picture of performance. Further development could also consider integrating the model 

into clinical decision support systems while ensuring validation and evaluation on real-world data before 

practical deployment. 
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