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Abstract 

Early detection of thyroid cancer recurrence is a crucial factor in patient survival and treatment effectiveness. Misdetection 

results in disease severity, high cost, recovery time, and decreased service quality. In addition, the main challenges in developing 

a Machine Learning (ML)-based detection decision support system are class imbalance in medical data and high feature dimensions 

that can affect model accuracy and efficiency. This study proposes a feature selection-based approach and class imbalance handling 

to improve the performance of early detection of Thyroid cancer. Several feature selection techniques, such as Information Gain 

(IG), Gain Ratio (GR), Gini Decrease (GD), and Chi-Square (CS), can select features based on weighted ranking. In addition, to 

overcome the imbalanced class distribution, we use the Synthetic Minority Over-Sampling Technique (SMOTE). ML classification 

models such as k-NN, Tree, SVM, Naive Bayes, AdaBoost, Neural Network (NN), and Logistic Regression (LR) are tested and 

evaluated based on a confusion matrix, including accuracy, precision, recall, time, and log loss. Experimental results show that the 

combination of imbalanced class handling strategies significantly improves the prediction performance of ML algorithms. In 

addition, we found that the combination of CS+NN feature selection techniques consistently showed optimal performance. This 

study emphasizes the importance of data pre-processing and proper algorithm selection in the development of a machine learning-

based thyroid cancer detection system. 
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I. INTRODUCTION 

Thyroid cancer is a serious global health problem, 

accounting for the majority of cancer cases and cancer-

related deaths worldwide [1]. Thyroid cancer is one of 

the leading causes of death due to complications [2]. 

Recent data show that the incidence of thyroid cancer 

continues to increase, making it the most frequently 

detected type of cancer. The main causes of death in 

thyroid cancer are complications of the cancer itself and 

the presence of other accompanying diseases, especially 

cardiovascular disease [3]. Early detection is a 

fundamental key to improving survival rates and 

treatment success. When detected at an early stage, the 

patient's chances of recovery are significantly higher 

compared to cases detected at an advanced stage [4]. 

In recent years, rapid advances in the field of 

Machine Learning (ML) have paved the way for the 

development of more accurate and efficient thyroid 

cancer early detection systems [5]. ML algorithms can 

analyze medical data, including genetic data, medical 

images, and clinical history, to identify complex patterns 

that may not be visible to the human eye. The potential 

of ML is to improve the accuracy of detection and predict 

disease risk in various studies [6]. 

However, the application of ML in early detection of 

thyroid cancer faces two main challenges, namely feature 

selection and class imbalance. The Thyroid Cancer 

Recurrence (TCR) Dataset is often used as a basis for 

evaluating early detection models for thyroid cancer [7].
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This dataset has 30 features, where all features need to be 

analyzed, whether they are relevant or not to the model- 

accuracy. The presence of irrelevant features can cause a 

decrease in model performance, increase computational 

complexity, and overfitting [8]. Therefore, an effective 

feature selection technique is essential to identify the 

most informative feature subset that has an impact on 

model performance and reduces noise [9]. 

In addition, the TCR Dataset has a class imbalance, 

where the number of recurred “Yes” classes is less than 

the “No” class. This imbalance causes the ML model to 

be biased towards the majority class, making it less 

accurate in predicting the minority class, which is the 

main target of early detection [10]. Various studies have 

highlighted the negative impact of class imbalance on 

ML performance and proposed methods to address it, 

such as oversampling approaches [8], [10]. 

To overcome the problem of class imbalance, one 

can use oversampling techniques such as SMOTE 

(Synthetic Minority Over-sampling Technique). This 

technique increases the representation of minority classes 

in the dataset, so that the model can learn better [11]. The 

integration of effective feature selection and class 

imbalance handling has been shown to improve the 

performance of ML models in thyroid cancer detection 

[12]. However, a comprehensive evaluation of the 

combination of different feature selection techniques and 

class imbalance handling methods is still needed to 

identify the best approach in this context. 

This study aims to analyze the performance of 

feature selection methods and class imbalance handling 

techniques in the context of thyroid cancer recurrence 

detection using ML such as Neural Network (NN), Tree, 

Support Vector Machine (SVM), Naive Bayes, 

AdaBoost, Neural Network (NN), and Logistic 

Regression (LR). By comparing the performance of 

various combinations of these methods, it is expected that 

the most optimal approach can be found to build an 

accurate, sensitive, and specific early detection model for 

Thyroid cancer, thereby contributing to increasing 

patient survival. 

II. METHOD 

This section describes the procedures and stages of 

the research. The research stage begins with data 

collection. Before the data is input into the model, data 

preprocessing needs to be done, such as cleaning data that 

does not have complete information. At this stage, the 

data is cleaned and adjusted for processing to the next 

step using class balance using SMOTE and feature 

selection using Information Gain (IG), Gain Ratio (GR), 

Gini Decrease (GD), and Chi-Square (CS). Furthermore, 

the selected features are used for Thyroid cancer 

classification using ML algorithms such as Tree, SVM, 

Naive Bayes, AdaBoost, Neural Network (NN), and 

Logistic Regression (LR). The design of the proposed 

system is illustrated in Figure 1. 

After the thyroid cancer classification is performed, 

a comparative analysis is conducted by calculating the 

accuracy, precision, recall and computing time values 

required by the ML algorithm for building the model. 

 

 

Figure 1. The design of the proposed method. 

A. Thyroid Cancer Recurrence Dataset 

The dataset was collected in 2023. This dataset has 

two classes and thirteen clinical features to predict 

thyroid cancer recurrence. The dataset was collected over 

a period of 15 years, with each patient was followed for 

a minimum of 10 years. This dataset has 383 records, 16 

features, and one class that imbalanced classes. The 

number of majority classes is 175 or 61.8%, and the 

minority is 108 or 38.1%. Dataset link: 

https://archive.ics.uci.edu/dataset/915/differentiated+thy

roid+cancer+recurrence. 

B. Synthetic Minority Over-sampling Technique 

(SMOTE) 

SMOTE is a method to address the problem of class 

imbalance [13]. SMOTE is a development of the 

oversampling method, where the way this method works 

is by generating new samples from the minority class to 

make the class proportions more balanced by resampling 

the minority class samples [14]. The integration between 

effective feature selection and class imbalance handling 

has been shown to improve the performance of ML 

models [15]. In this section, we briefly describe the 

SMOTE over-sampling algorithm developed by Chawla 

st al. The SMOTE over-sampling algorithm is illustrated 

in Figure 2. 

 

 

Figure 2. Flowchart of SMOTE algorithm. 
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Figure 3. The SMOTE interpolation mechanism displaying the 

original minority samples and the SMOTE generated patterns 

The SMOTE pattern lies on the connection line 

between the minority class samples and the K-nearest 

variable values. The position of SMOTE directs inwards, 

making it more contracted compared to the original 

distribution, shown in Figure 3. 

C. Features Selection 

One of the most important aspects in classification 

is determining the features to get the best accuracy results 

[15]. Datasets used in the ML process usually contain 

redundant and irrelevant features, which do not improve 

accuracy [16], have no positive effect on the learning 

model, and may even degrade the performance of the 

learning model [17]. Therefore, performing relevant 

feature analysis is essential. 

1) Information Gain (IG) 

Information gain is the change in class entropy from 

a previous state to a state when an attribute value occurs. 

It is applied here to demonstrate how features are 

pertinent [18]. Decision tree induction is the foundation 

of this method. Information gain is used as a criterion for 

choosing attributes. The information gain method has a 

faster time in the feature selection process than other 

methods. The features with the most information will be 

ranked highly in this method; otherwise, and low [19]. IG 

measures how much the entropy (uncertainty) of a target 

variable (V17) decreases when a feature is used as a data 

splitter. The higher the IG value, the more relevant the 

feature is for determining the class. The determination of 

IG is based on (1). 

𝐼𝐺 = (𝑌, 𝑋) = 𝐻(𝑌) − 𝐻(𝑌|𝑋) (1) 

 

The variable H(Y) is the entropy of the target, and 

H(Y∣X) is the conditional entropy after dividing the data 

based on feature X. 

2) Gain-Ratio (GR) 

After dividing the data, the entropy value of the 

probability distribution subset is calculated using the GR, 

which normalizes the information gain acquired [15]. 

When selecting features, the GR considers the dataset’s 

number and size [20]. The GR modifies the information 

gain, which lessens its bias. The GR chooses an attribute 

based on the number and size of branches. By accounting 

for the inherent information of a split, it corrects 

information gain. GR is an extension of IG. The IG 

technique tends to be biased towards features with a large 

number of unique categories. GR improves this by 

normalizing the IG value against Split Information, so 

that features with many categories are not automatically 

considered the most informative. GR calculation uses (2). 

𝐺𝑅(𝑌, 𝑋) =
𝐼𝐺(𝑌, 𝑋)

𝑆𝐼(𝑋)
 

(2) 

 

The variable SI(X) is the split information, which 

measures variation with respect to the division of data 

from feature X. 

3) Gini Decrease (GD) 

The Gini Decrease or Mean Decrease Gini (MDG) 

technique is a measure of how much each feature 

contributes to the homogeneity of nodes in a decision tree 

[21]. It measures how much a feature reduces 

homogeneity when used to split the data in a forest tree. 

Features with higher Gini Decrease values are considered 

more important to the predictive power of the model [22].  

4) Chi-Square (X2) (CS) 

The Chi-square test is a statistical method used for 

feature selection in machine learning, especially when 

dealing with categorical data. This test helps determine 

statistically significant relationships between features 

and the target variable, enabling identification and 

selection of the most relevant features for the ML model 

[23]. Chi-Square evaluates whether there is a significant 

relationship between features (independent variables, 

V1-V16) and the class (dependent variable, V17). The 

larger the χ² value, the stronger the association between 

the features and the target class (V17). The chi-square χ² 

is calculated using (3). 

𝑥2 = ∑
(𝑂𝑖𝑗 − 𝐸𝑖𝑗)2

𝐸𝑖𝑗

 
(3) 

 

where 𝑂𝑖𝑗 represents the observed value and 𝐸𝑖𝑗  

represents the expected value. 

D. Cross-validation (k-folds) 

Classification is a popular data mining technique that 

functions similarly to other methods, such as decision 

trees and neural networks. These strategies use various 

methods to assess the available data to produce their 

prediction [15]. After the feature selection stage and the 

features that affect the class label based on ranking are 

obtained, the next stage is classification. Furthermore, the 

accuracy, precision, recall, error rate, and time required 

in the classification process are compared using the 

method of Naive Bayes. J48, AdaBoost, Random Tree, 

Random Forest, and Support Vector Machine (SVM). 

The classification model will be validated using k-fold 

cross-validation. The cross-validation method is 

commonly used for training sets [24]. Figure 4 shows the 

k-fold cross-validation. 

E. Performance Analysis 

This study examines how the confusion matrix might 

be used to gauge accuracy and mistake rate. A confusion 

matrix of size 𝑛×𝑛 coupled to a classifier, where 𝑛 is the 

total number of classes, displays the anticipated and 
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actual categorization [25]. The confusion matrix for 𝑛=2 

is shown in Table 1. 

Calculating prediction accuracy, precision, and 

recall is another method for evaluating and comparing 

classifiers. Both values can be obtained from the 

confusion matrix Table 1 and calculated using (4), (5), 

and (6). 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 + 𝑇𝑁
 (4) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (5) 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (6) 

III. RESULT AND DISCUSSION 

A. SMOTE Evaluation 

We used Orange software (version 3.3.8). This 

platform simplifies the construction of various data 

analysis techniques. Orange provides capabilities for 

categorization, regression, feature selection, association 

rule mining, and data classification [26]. 

We performed class balancing using the SMOTE 

method oversampling approach, using k-fold=10 because 

we found this option to be the best for ML algorithm 

classification. The results of the difference in the number 

of classes after class balancing are shown in Table 2. 

Table 2 shows that the application of SMOTE 

increases the number of classes and records. The number 

of “Yes” classes increases by 50% and the “No” class 

remains the same. The total number of records increases 

by 28.20%. Next, we tested the accuracy, precision, and 

recall of each ML algorithm using the non-SMOTE and 

SMOTE datasets shown in Table 3. 

 
TABLE 1 

CONFUSION MATRIX 

Class 
Predicted 

positives 
Predicted negatives 

Actual positives 

instances 

Number of true 

positives instances 
(TP) 

Number of false 

negatives instances 
(FN) 

Actual negatives 

instances 

Number of false 

positives (FP) 

Number of true 

negatives instances 
(TN) 

 
TABLE 2 

NUMBER OF CLASS (RECURRED FEATURE) 

Class (Recurred) Non-SMOTE SMOTE 

Yes 108 216 

No 275 275 

Total 383 491 

 

 

Based on Table 3, the application of SMOTE is 

proven to improve the performance of the ML algorithms 

k-NN, Tree, SVM, Naive Bayes, AdaBoost, Neural 

Network (NN), and Logistic Regression (LR). In 

addition, the ML algorithm experienced a decrease in 

performance. 

However, in general, the application of SMOTE 

increased performance by 0.61%. Accuracy increased by 

0.61%, precision and recall by 0.60%. This finding is in 

line with other studies [13]. The SMOTE technique does 

not cause information loss, can avoid overfitting, builds 

larger decision regions, and improves the accuracy of 

minority class prediction. Figure 5 presents a 

comparative analysis of the ML algorithms. 

Based on the accuracy, precision, and recall values, 

we conducted a comparative analysis of the performance 

of ML algorithms. Several algorithms experienced an 

increase in performance, such as k-NN increased by 4%, 

Tree by 0.50%, Naive Bayes by 0.17%, and AdaBoost by 

1.50%. In addition, there was a decrease. In addition, we 

conducted an evaluation of the performance of the 

algorithm using feature selection such as IG, GR, GD, 

and CS. 

B. Feature Selection (FS) 

FS is the process of selecting the most relevant 

subset of features from a set of features in a dataset. The 

main purpose of feature selection is to measure model 

performance, speed up the training process, and avoid 

overfitting [27]. By eliminating irrelevant or redundant 

features, the model becomes simpler, easier to 

understand, and more efficient. After the initial dataset 

was class-balanced using the SMOTE technique, we 

performed feature selection to determine features that 

greatly influenced early detection of Thyroid Cancer. We 

used the Information Gain (IG), Gain Ratio (GR), Gini 

Decrease (GD), and Chi-Square (CS) feature selection 

methods. These methods rank features that have the 

highest to the lowest weights, so that the feature weights 

are obtained in Table 4. 
TABLE 4 

RANKING WEIGHTING (W) AND FEATURE SELECTION (F) 

Information 

Gain (IG) 

Gain Ratio 

(GR) 

Gini 

Decrease 

(GD) 

Chi-Square 

(CS) 

F W F W F W F W 

f16 0.806 f16 0.487 f16 0.421 f13 274.57 

f11 0.526 f11 0.393 f11 0.304 f15 169.32 
f13 0.387 f13 0.326 f13 0.24 f16 164.94 

f8 0.338 f14 0.216 f8 0.21 f12 116.27 

f12 0.314 f8 0.214 f12 0.184 f11 83.41 

f15 0.166 f15 0.183 f15 0.099 f10 38.48 

f10 0.136 f12 0.139 f10 0.9 f3 33.35 

TABLE 3 
COMPARISON PERFORMANCE ALGORITHM ML WITH NON-SMOTE AND SMOTE 

No Algorithm 
Non-SMOTE SMOTE 

Accuracy Precision Recall Accuracy Precision Recall 

1 k-NN 87.4 87.6 87.4 91.4 91.7 91.4 

2 Tree 96.0 96.0 96.0 96.5 96.5 96.5 
3 SVM 96.6 96.6 96.6 96.4 96.4 96.4 

4 Naïve Bayes 92.1 92.2 92.1 92.3 92.3 92.3 

5 AdaBoost 93.8 93.8 93.8 95.3 95.3 95.3 
6 Neural Network 96.4 96.4 96.4 95.6 95.6 95.6 

7 Logistic Regression 97.1 97.2 97.2 96.2 96.2 96.2 

Average 94.20 94.26 94.21 94.81 94.86 94.81 
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TABLE 5 

COMPARISON OF ML ALGORITHM ACCURACY USING FEATURE SELECTION 

No. Algorithm 
All Features 

(%) 

Information 

Gain (IG) 

Gain Ratio 

(GR) 

Gini Decrease 

(GD) 

Chi-Square 

(CS) 

1 k-NN 91.4 93.5 93.6 92.2 93.1 

2 Tree 96.5 95.4 95.4 96.7 95.9 
3 SVM 96.4 96 96.4 96.5 96.6 

4 Naïve Bayes 92.3 91.6 91.8 92.5 93.1 

5 AdaBoost 95.3 95.4 96.4 95.9 96.4 
6 Neural Network 95.6 94.9 96.2 96.5 97 

7 Logistic Regression 96.2 96.2 96.7 96.6 96.5 

Average 94.81 94.71 95.21 95.27 95.51 

Feature selection using four methods produces 

different features. The IG, GR, and GD techniques 

produce the same highest weight feature, which is f16, 

but different from the selection results for the CS 

technique, which is f13. Next, we compare the 

performance of the ML algorithm using the selected 

features. The five highest-weight features sorted by 

DESC are used to measure the performance of the 

algorithm. 

C. A Comparison Analysis of Algorithm ML 

In this test, we apply k-fold cross-validation = 10, 

training data (80%), and test data (20%) because our 

findings show that this value produces optimal accuracy 

for each algorithm test. Performance measure testing uses 

a Confusion Matrix to evaluate how well the ML 

algorithm performs. The results of the comparison of 

accuracy performance based on the selection of IG, GR, 

GD, and CS features can be seen in Table 5. 

We found differences in the accuracy of each ML 

algorithm’s performance. In this case, the algorithm 

performance is more optimal using the Chi-Square (CS) 

technique compared to IG, GR, and GD feature selection. 

This is different from other studies [15], which use the 

same approach.  

Based on the average accuracy, there is an increase 

in accuracy after feature selection. The GR technique 

increases the accuracy by 0.4%, GD by 0.465, and CS by 

0.7%, except for the IG technique -0.10%. In addition, 

we found that the k-NN algorithm with all features is the 

worst combination, but the Neural Network (NN) + Chi-

Square (CS) algorithm is the best combination in this 

dataset. This is because the NN algorithm can learn and 

improve its performance over time with more data given. 

NN can be used in various applications, ranging from 

speech recognition, text, to images. Next, we conducted 

a comparative analysis of the performance of the four 

feature selection techniques shown in Figure 6. 

 

 

Figure 4. The procedure of k-fold validation. 

Figure 7 shows that the feature selection technique 

using Chi-Square (CS) optimally increases the accuracy 

of the ML algorithms. Meanwhile, the IG technique 

exhibits the weakest performance. Figure 8 presents the 

precision evaluation of the ML algorithms. 

Figure 8 shows the difference in precision using all 

features and feature selection. Precision analysis using 

feature selection techniques produces better performance 

except for IG feature selection. Consistently, the 

combination of NN+CS algorithms is still the best, and 

k-NN+all features is still the worst. Next, we evaluate the 

recall of the ML algorithm in Figure 9. 

 

 

 

Figure 5. A Comparative Non-SMOTE, and SMOTE. 

 

 

Figure 6. Performance comparison of feature selection 

techniques. 
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(a) k-NN (b) SVM 

  
(c) Tree (d) Naïve Bayes 

  

(e) AdaBoost (f) Neural Network 

 
(g) Logistic Regression 

 

Figure 7. Confusion Matrix of algorithm (a) k-NN (b) SVM (c) Tree (d) Naïve Bayes (e) AdaBoost (f) Neural Network (g) Logistic 

Regression + Chi-Square.

 
Figure 8. A Comparison precision of algorithm ML 

Figure 9 shows the difference in recall using all 

features and feature selection. The recall value using 

feature selection has better performance except for IG 

feature selection. In this evaluation, the combination of 

NN+CS algorithms is still the best, and k-NN+all 

features are the worst. Next, we evaluate the time to build 

a model of the ML algorithm in Figure 8. 

Figure 10 shows the time required to build each ML 

model. The evaluation results indicate that the Naive 

Bayes method required the least time. This finding aligns 

with the research in [15], as Naive Bayes can determine 

probabilities precisely by calculating the probability of 

one class for each attribute group. Meanwhile, the 

Random Forest algorithm takes the longest time 

compared to other algorithms. This is because the 

Random Forest (RF) method uses a kernel that searches 

for a hyperplane, so the processing time is longer. In 

addition, the test results show that feature selection 

affects the time required. The use of the IG technique 
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takes less time when compared to using all features and 

GR, GD, and CS techniques. 

 

Figure 9. A Comparison recall of algorithm ML. 

 

Figure 10. A comparison of consuming time (seconds) of build 

model the algorithm ML. 

 

Figure 11. A comparison of Log Loss the algorithm ML. 

 

 

TABLE 6 

STATISTICAL TEST  

Information N Percent 

Sample Training 290 71,3% 

Holdout 117 28,7% 

Valid 492 100,0% 

 

Next, we perform a performance comparison against 

log loss. This technique is used to calculate how close our 

model's predicted probability is to the actual label. The 

further the predicted probability is from the actual value, 

the higher the log loss value. The log loss comparison of 

ML algorithms is shown in Figure 11. 

Figure 11 presents the log loss in calculating the 

model prediction probability. The evaluation results 

show that the NN method has the best log loss. This is 

because the NN algorithm can determine probabilities 

more precisely by calculating the possibility of one class 

for each existing attribute group. Meanwhile, the k-NN 

algorithm has the worst log loss compared to other 

algorithms. This is because the k-NN algorithm requires 

high computation for large datasets, is sensitive to 

outliers, and has difficulty in handling high-dimensional 

data. In addition, the test results show that feature 

selection affects the log loss value. The use of the CS 

technique has a better log loss when compared to all other 

features and feature selection techniques. Next, we 

conducted statistical tests on the dataset. We conducted a 

statistical analysis on the dataset we used. The tool we 

used was SPSS. The results of our analysis are presented 

in Table 6. 

Based on Table 6, the proportion of data split 

between training and holdout is considered ideal for 

predictive modeling with 290 observations (71.3%). This 

portion is used to train the model so it can learn patterns 

from the data. This proportion is close to the general 

standard (around 70-80%) in data splitting practices. The 

holdout (Testing or Validation) consists of 117 

observations (28.7%). This portion is set aside and not 

used during the training phase, but is used to test or 

validate the model's performance. The 28.7% proportion 

is relatively large (usually 20-30%), making it quite 

representative for model evaluation. With 407 valid data 

points, the sample size is sufficient for analysis, although 

the results still need to be considered in light of the 

model's complexity. Figure 12 presents a visualization of 

the focal record points. Figure 12 shows a lower-

dimensional projection of the predictor space, which 

contains a total of 16 predictors 

 

 

Figure 12. Select points to use as focal records. 
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IV. CONCLUSION 

Based on the comparative analysis conducted, it can 

be concluded that class balancing in the Thyroid Cancer 

Recurrence (TCR) Dataset significantly impacts 

classification model performances. The SMOTE 

balancing technique proved effective in improving 

algorithm performance. Although not significant, the 

accuracy variable increased by 0.61%, precision and 

recall by 0.60%. Logistic Regression (LR) gave the best 

results consistently with an accuracy of 97.2%. 

In addition, we conducted a feature selection 

evaluation using four techniques, namely IG, GR, GD, 

and CS to select features that have the highest weight 

correlation to the class. The feature selection results 

varied across methods. The IG technique produced eight 

features that had the highest weights, namely f16, f11, 

f13, f8, f12, f15, f10, and f9. This is different from the 

selection using the GR technique which produced 

features namely f16, f11, f13, f14, f8, f15, f12, and f10. 

The GD technique produced features f16, f11, f13, f8, 

f12, f15, f10, and f1. The CS technique produced features 

f13, f15, f16, f12, f11, f10, f3, and f4. Based on these 

selected features, we conducted an evaluation of the ML 

algorithm to obtain comprehensive information on the 

performance of the algorithm. 

The evaluation results of the TCR dataset that has 

been selected for features and class balancing, we found 

that the combination of the NN algorithm with CS feature 

selection is the best combination for the best accuracy. In 

addition, we evaluated precision and recall. Based on the 

results of the performance comparison, we found that the 

combination of the NN + CS algorithm was consistently 

the best. In addition, the evaluation of the model building 

time showed that the Naive Bayes algorithm had the best 

time, and the Neural Network took longer. The number 

of features affects the time required. The use of the IG 

technique takes less time when compared to all features 

and GR, GD, and CS techniques. Evaluation of the log 

loss in calculating the probability of model prediction, 

the NN algorithm has the best value. 

Class imbalance and feature selection handling 

strategies should be integral components of the medical 

classification system development pipeline, as they 

impact overall interpretability and detection accuracy. 

Further research is recommended to evaluate the 

effectiveness of other imbalance handling techniques, 

such as ensemble-based sampling or cost-sensitive 

learning, and to apply these approaches to larger and 

more complex clinical datasets. 
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