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Abstract
The performance of a prediction model heavily depends on the distribution of class labels in the dataset.
An imbalanced dataset always negatively impacts the performance of the prediction model and
necessitates the use of appropriate metrics for evaluation. In this paper, research has been conducted on
an imbalanced dataset - PIMA Diabetes Dataset, and the Matthews correlation coefficient has been
considered as the evaluation metric for the model. Feature selection methods have also been applied to
select only relevant features from the dataset to enhance the performance of the metrics. The features
selected by different feature selection methods may or may not be the same; selecting only those features
present in all selected lists may reduce the size of the processed dataset to a critical level and potentially
decrease the performance of the model.

In this paper, a method called weighted index () is proposed, which uses an acceptability parameter
(threshold value) to select the most relevant features from feature lists when these lists differ.
Furthermore, two additional datasets were created: one in which all missing values were replaced with the
mean of the corresponding column, and a second in which samples containing missing values were
removed. Feature selection methods were applied to all three datasets, and the weighted index was used to
identify common features based on a predefined threshold. Finally, prediction models were built using
K‑nearest neighbors, decision tree, random forest, and support vector machine, with the Matthews
correlation coefficient as the primary evaluation metric to select the best model and analyze its
performance.

Categories: Data Mining, Data Science Methodologies, Machine Learning (ML)
Keywords: diabetes mellitus, imbalanced dataset, mcc, weigthed_index (), knn, svm, random forest, decision tree

Introduction
Diabetes is a non-communicable disease caused by an increased amount of blood sugar in the body and
sometimes by the malfunctioning of β-cells in the pancreas. Diabetes can also lead to other diseases
related to the kidneys, nervous system, eyes, and more. Lack of exercise and an unhealthy lifestyle are
major reasons behind the current situation. There are three types of diabetes: Type 1 diabetes, also known
as juvenile diabetes, is mostly found in children; Type 2 diabetes is found mainly in middle-aged and older
adults; and the third type, gestational diabetes, occurs in pregnant women and usually disappears after
delivery [1,2]. Once a person develops diabetes, it cannot be cured, but it can be managed through regular
physical activity, exercise, medication, and a healthy diet [3].

Today, diabetes has become one of the major threats among the largest global health problems for the
world population. According to the report IDF Diabetes Atlas 2025, published by the International
Diabetes Federation [1], more than half a billion people (approximately 589 million) worldwide are living
with diabetes. A major concern is that this is not yet the peak of its prevalence - millions of new diabetic
patients are added each year. The report states that in 2024, approximately 588.7 million people were
suffering from diabetes, and the number is growing so rapidly that it is projected to reach 643 million by
2030 and 852.5 million by 2050 [1,2]. India is the second-largest country affected by diabetes, accounting
for one out of every six diabetic individuals globally. It was once commonly said that diabetes is a disease
of the rich, but today it is found across all income groups and age groups, spreading rapidly [4]. According
to the WHO 2016 report, the number of people with diabetes in India increased from 69.2 million to 72.9
million in just two years, from 2015 to 2017 [2].

In the medical profession, diabetes mellitus is one of the most severe problems, requiring the intervention
of new technologies and research for proper diagnosis (classification) and care of diabetic patients.
Therefore, the classification or prediction of diabetes is a popular research topic among researchers using
techniques such as data mining and machine learning. The primary objective of their research is to classify
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data as diabetic or non-diabetic and to improve the accuracy of prediction models.

Machine Learning, a branch of Artificial Intelligence, involves the development of techniques that enable
computers to learn from past experiences and make decisions. The learning ability in computers refers to
their capacity to understand and identify patterns in input data in order to make decisions and perform
prediction/classification tasks. Machine learning is performed in two stages: the first stage is the learning
stage, which involves building a prediction model by identifying classification patterns in the training
dataset, and the second stage involves the classification of the testing dataset in different class labels [5].

In the learning phase, machine learning classification models give equal importance to each class label in
a dataset. However, in reality, the number of samples of each of the class labels may not be the same in any
dataset. When the difference between the numbers of these class labels is high, the dataset is referred to as
an imbalanced dataset, and this can negatively affect the performance of a prediction model [6]. A
prediction model may show high accuracy by correctly classifying the majority class but still misclassify
the minority class. The cost of misclassifying the minority class can lead to serious consequences. In real
life, balanced datasets are rare, and models trained on imbalanced datasets may have to pay high cost of a
misclassification. To address the issue of neglecting the minority class in imbalanced datasets, the input
dataset can either be upsampled using the Synthetic Minority Oversampling Technique (SMOTE), or
appropriate evaluation metrics such as Matthews Correlation Coefficient (MCC) and macro F1-score can
be used to assess model performance more accurately [4,7].

Materials And Methods

Literature review
Shivprasad et al. [8] conducted a research “The ORNATE India Project,” funded by UK Research and
Innovation (UKRI) through the Global Challenges Research Fund. The objective of this research was to
examine the impact of diabetes on diabetes-related visual impairment. Zaman et al. [9] proposed a
diabetes classification model using Support Vector Machine (SVM), Naïve Bayes, Random Forest (RF), and
Decision Tree (DT). They used the PIMA Diabetes dataset and achieved an accuracy of 81% with the Naïve
Bayes classifier.

Handling imbalanced datasets is a major challenge in the accurate classification of medical data. Incorrect
classifications can lead to serious consequences for patients, potentially costing them their lives. To
increase minority class samples and reduce noise in the dataset, Xu et al. [10] proposed a data sampling
model called RFMSE, which is the combination of the misclassification-oriented Synthetic Minority Over-
sampling Techniqu with the Edited Nearest Neighbor method based on RF. The method was applied to 10
UCI datasets, including the diabetes dataset, and algorithm performance was compared using F-value and
MCC.

Traymbak and Issar[11] developed a prediction model using the PIMA diabetes dataset implemented in R
language. They used five machine learning algorithms - Linear Discriminant Analysis, k-Nearest Neighbor
(KNN), SVM, RF, and AdaBoost - and evaluated the model's performance using receiver operating
characteristic curve, accuracy, precision, and recall. They found SVM classifier as the best classifier for
their model. Viloria et al. [12] conducted a study on a three-class diabetes dataset collected from
approximately 500 Colombian patients. They implemented an SVM classifier, achieving an accuracy of
99.2% on that dataset.

Tigga and Garg [13] implemented a model that used six machine learning algorithms - KNN, LR, SVM, DT,
naïve Bayes, and RF - and applied it to two distinct datasets. The first dataset was a primary dataset,
containing 952 samples collected via online and offline modes, while the second was the PIMA Diabetes
dataset. The model’s performance was evaluated using prominent metrics such as accuracy, F1‑score,
MCC, and cross‑validation. RF emerged as the best-performing classifier across both datasets.

Working methodology
Today in healthcare domain, a number of models based on machine learning and AI techniques are
developed to classify or predict outcomes from medical data related to various diseases. To make it more
effective, research continues to refine these models. In this paper, a prediction model is proposed on the
PIMA diabetes dataset [14] to classify samples of pregnant women into diabetic and non-diabetic
categories. Although the size of the dataset is small, efforts have been made to increase the efficiency of
the model by using proper preprocessing method, applying feature selection, and tuning the
hyperparameter of classifiers. Sometimes a model may achieve high accuracy by correctly predicting only
the majority class, while for the minority class, the same may not happen. Therefore, accuracy cannot be
considered the sole evaluation metric [15,16] due to the importance of minority class in an imbalanced
dataset. The ambiguity exists in the performance of the model, and this can be reduced by either balancing
the class labels through oversampling or downsampling techniques or by using appropriate evaluation
metrics such as MCC and macro or micro F1-score [7,17,18].
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The model is implemented using the Python programming language and its supporting libraries. The
framework of the proposed model is illustrated in Figure 1.

FIGURE 1: Working methodology of diabetes prediction model
MCC, Matthews Correlation Coefficient

In the proposed analysis model, three versions of the PIMA dataset were created by applying different
preprocessing methods. Furthermore, ExtraTreeClassifier(), SelectKBest(), and some other methods were
applied. Since different methods may select varying sets of features, a method called
get_weighted_feature_index() is proposed to identify the most relevant features whose weight index is
above the given threshold. Finally, three versions of dataset - D1, D2, and D3 - each containing only the
highly weighted features - were created. Furthermore, prediction models were implemented using
hyperparameter-tuned classifiers on datasets D1, D2 and D3 to analyze the performance. Each step of
working methodology of the model has been discussed in detail in the subsequent sections.

Load Diabetes Dataset

The research work utilizes the PIMA Indian Diabetes Dataset, which is publicly available on Kaggle [14].
This dataset is a binary class dataset having eight features: glucose, pregnancy, insulin, blood pressure,
skin thickness, age, BMI, and DiabetesPedigreeFunction. It contains 500 non-diabetic samples (negative
samples indicated by "0") and 268 diabetic samples (positive samples indicated by "1"), so it is a classic
example of an imbalanced dataset. Table 1 provides a detailed description of the PIMA dataset. In the
dataset, the value of attributes (Pregnancy, Glucose, BloodPressure, skinthickness, Insulin and BMI) for
some samples are "0", which may have resulted from missing data during collection or typographical
errors. The performance of a model may be adversely affected by these zero values present in the dataset,
so preprocessing is required to clean the data before building a model on it.

Dataset Preprocessing

The construction of a building cannot be performed on a weak foundation. Similarly, the performance of a
prediction model cannot be accurate if it is based on a dataset that is imbalanced and contains noisy data.
Six features of the PIMA dataset, pregnancy, glucose, blood pressure, skin thickness, insulin, and BMI,
contain zero values for some samples. The number of such samples for these features are 111, 5, 35, 227,
374, and 11, respectively. In medical science, blood pressure, insulin level, or glucose level cannot be zero
under any circumstances for a person. This indicates that the PIMA dataset contains noisy data, which
must be eliminated before building the model. In this research, the actual PIMA dataset has been
converted into three dataset versions called DV1, DV2, and DV3. Table 1 provides detailed information
about the size and preprocessing operations of these dataset versions.

Cureus Journal of Computer Science

2025 Gupta et al. Cureus J Comput Sci 2 : es44389-025-04842-4. DOI https://doi.org/10.7759/s44389-025-04842-4 3 of 18

javascript:void(0)
https://assets.cureusjournals.com/artifacts/upload/figure/file/14721/lightbox_b7d28850361011f0916b59704811ca02-fig-april-28-2600-1-.png
javascript:void(0)
javascript:void(0)
javascript:void(0)


Dataset Versions Preprocessing Activities
Shape of
Datasets

Number of Minority and
Majority Classes

DV1 Dataset - PIMA Diabetes Dataset
Ignore missing values; Preprocessing is not
performed

768 × 9 268/500

DV2 Dataset - Imputed samples
Fill all missing/unknown values by
corresponding column’s mean value

768 × 9 268/500

DV3 Dataset - Dataset removing outliers and
rows having missing values

Remove rows having missing values and
outliers

337 × 9 98/239

TABLE 1: Size and number of majority/minority class of PIMA dataset versions after
preprocessing operations

It is usually uncommon to find a dataset with an equal number of samples for all class labels. The given
PIMA dataset is a binary-class dataset with 500 samples in the majority class and 268 samples in the
minority class. The dataset versions created through preprocessing operations on the PIMA dataset are
also imbalanced [19]. The numbers of majority and minority class samples in these dataset versions are
provided in Table 1.

Apply Feature Selection

A dataset contains a number of attributes and two or more class labels. The values of the class labels are
determined by all or a subset of the available features. Some features play an important role in the
prediction model to decide the class, while others are less important. Using all features in machine
learning may degrade classifier performance, require additional computational resources, and increase
prediction costs [20]. Feature selection is the process of identifying relevant features and removing
irrelevant ones from the dataset. Feature selection methods are classified into four types: filter, wrapper,
embedded, and hybrid methods [21]. Wrapper methods build a number of models using different subsets of
features and select only those features for which the model produces the best results. Filter methods use a
ranking approach to decide the relevance of dataset attributes. They do not tune the model and thus
require low computation time. Embedded feature selection methods combine the advantages of both
wrapper and filter methods [22].
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FIGURE 2: Feature importance of the features of DV1 dataset using
ExtraTreeClassifier() and SelectKBest() feature selection method
DV1 Dataset - Actual PIMA Diabetes Dataset (ignore missing values; preprocessing is not performed)

GLC, Glucose; BMI, Body Mass Index; PRG, Pregnancy; DFP, DiabetesPedigreeFunction; INS, Insulin; STK, Skin
Thickness; BP, Blood Pressure  
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FIGURE 3: Feature importance of the features of DV2 dataset using
ExtraTreeClassifier() and SelectKBest() feature selection method
DV2 Dataset - Imputed samples (fill all missing/unknown values by corresponding column’s mean value)

GLC, Glucose; BMI, Body Mass Index; PRG, Pregnancy; DFP, DiabetesPedigreeFunction; INS, insulin; STK, Skin
Thickness; BP, Blood Pressure  
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FIGURE 4: Feature importance of the features of DV2 dataset using
ExtraTreeClassifier() and SelectKBest() feature selection method
DV3 Dataset - Dataset removing outliers and rows having missing values (remove rows having missing values
and outliers)

GLC, Glucose; BMI, Body Mass Index; PRG, Pregnancy; DFP, DiabetesPedigreeFunction; INS, insulin; STK, Skin
Thickness; BP, Blood Pressure  

In the proposed model, a number of feature selection methods, ExtraTreeClassifier (), SelectKBest (),
sequentialFeatureSelector (backward), sequentialFeatureSelector (farward), and
recursiveFeatureElemination () method, have been applied to identify relevant features from each version
on three dataset versions of the PIMA dataset. The feature importance charts for the selected features by
ExtraTreesClassifier() and SelectKBest() on dataset versions DV1, DV2, and DV3 are shown in Figures 2-4,
respectively. Each method produces a list of selected features. It should be noted that some features are
common across the lists returned by all methods. The result produced by the prediction model based only
on the common features, available in all selected lists, may not be optimal. Sometimes, there may be no
common features among all lists, or the number of common features may be very small, which can lead to
less effective results. In this paper, a weighted index model is proposed, based on a threshold value, to
select common features from all selected lists. The threshold value defines the acceptability parameter
about any specific feature. The range of threshold value lies between 0 and 1.

The threshold value "1" for a feature indicates that the feature must be present in all selected feature lists,
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if it is 0.5, it means the feature must be present in half of the list of the selected feature list. The algorithm
accepts three inputs and outputs a list of selected features based on the specified threshold value.

 The algorithm of the proposed method get_weighted_feature_index() is given below, and its pseudocode is
shown in Figure 5.

Weighted_index (feature_name, selected_features , threshold)

{

1. Count the occurrence of each feature available in the list of selected features of all feature selection method.

2. Calculate the weight of each feature.

3. Find the list of features whose weight is greater than or equal to threshold.

4. Return list of index of selected features.

}

Cureus Journal of Computer Science

2025 Gupta et al. Cureus J Comput Sci 2 : es44389-025-04842-4. DOI https://doi.org/10.7759/s44389-025-04842-4 8 of 18

javascript:void(0)


FIGURE 5: The pseudocode of get_weighted_feature_index() method
The inputs for the pseudocode are as follows:

features_name: Name of the features of the PIMA diabetes dataset.

sel_features_indx_list: List of index of the selected features by different feature selection methods.

No_FSM: Number of feature selection methods used in the model.

threshold: A threshold value defines the acceptability parameter.

Output: List of index of selected features according to the given threshold value.

The above algorithm has been applied to the list of selected features from each dataset, and three
datasets D1, D2, and D3 have been created. A detailed explanation of the applied algorithm using the input
dataset is provided in Table 2. The Get_weighted_feature_index() method is an efficient method to identify
the most relevant and reasonable featured dataset. It does not focus on determining the features selected
by different selection methods; rather, it emphasizes prioritizing those features that are selected by the
majority of the feature selection methods. In other words, a feature selected by most of the methods
receives a higher weight compared to features that are selected infrequently. If m is the number of
features in the dataset and n feature selection methods are used in the model, the method requires only
O(mn) time to produce the index of selected features.
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Input

Dataset

Features Selection

Method & Selected

Features

Index of

Selected

Feature

Occurrences of

Features in Selected

Features List

Weighted Index of

Features in Selected

Features List

Weighted Index of

Features ≥Threshold

Value (0.75)

Selected Features and Their

Index Using Weighted Index()

Method

DV1

ExtraTreeClassifier () {0,1,2,5,6,7}

{6, 6, 5, 0, 3, 6, 4, 6}
[ 1.00, 1.00, 0.83, 0.00,

0.50, 1.00, 0.67, 1.00]

[ 1.00, 1.00, 0.83, X, X,

1.00, X, 1.00] {0, 1, 2, 5,

7}

[P, G, BP, B, A] {0, 1, 2, 5, 7}

SelectKBest()  {0,1,4,5,6,7}

Sequential Feature

Selector(backward)
{0,1,2,4,5,7}

Sequential Feature

Selector (forward)
{0,1,2,4,5,7}

Recursive Feature

Elimination(DT)
{0,1,2,5,6,7}

Recursive Feature

Elimination (rfc)
{0,1,2,5,6,7}

DV2

ExtraTreeClassifier () {0,1,2,5,6,7}

{6, 6, 5, 1, 1, 6, 5, 6}
[ 1.00, 1.00, 0.83, 0.16,

0.16, 1.00, 0.83, 1.00]

[ 1.00, 1.00, 0.83, X, X,

1.00, 0.83, 1.00] {0, 1, 2,

5, 6, 7}

[P, G, BP, B, D, A] {0, 1, 2, 5, 6,

7} 

SelectKBest() {0,1,3,4,5,7}

Sequential Feature

Selector(backward)
{0,1,2,5,6,7}

Sequential Feature

Selector (forward)
{0,1,2,5,6,7}

Recursive Feature

Elimination(DT)
{0,1,2,5,6,7}

Recursive Feature

Elimination (rfc)
{0,1,2,5,6,7}

DV3

ExtraTreeClassifier () {0,1,3,4,5,7}

{5, 6, 3, 4, 5, 4, 3, 6}
[0.83, 1.0,0.5,

0.67,0.83,0.67,0.50,1.00]

[0.83,

1.0,X,X,0.83,X,X,1.00]

{0, 1, 4, 7} 

[P, G, I, A] {0, 1, 4, 7}

SelectKBest()  {0,1,3,4,5,7}

Sequential Feature

Selector(backward)
{0,1,2,3,4,7}

Sequential Feature

Selector (forward)
{0,1,2,4,6,7}

Recursive Feature

Elimination(DT)
{0,1,2,5,6,7}

Recursive Feature

Elimination (rfc)
{1,3,4,5,6,7}

TABLE 2: Demonstration of weighted index () algorithm on selected features list for PIMA datasets
Features of the PIMA Diabetes Dataset: ['Pregnancies', 'Glucose', 'BloodPressure', 'SkinThickness', 'Insulin', BMI', 'DiabetesPedigreeFunction', 'Age',
'Outcome']

Abbreviations of features of the PIMA Diabetes Dataset: [P, G, B P, S, I, B, D, A]

Index of features of the PIMA Diabetes Dataset: { 0, 1, 2, 3, 4, 5, 6, 7 }

Applied Hyperparameter-Tuned Classifiers

The classifiers used in machine learning are algorithms that enable a machine to classify the samples of
an input dataset. These classifiers, which are implementations of sophisticated statistical and
mathematical methods, are used by classification/prediction models to train and test the model. The
classifiers chosen for this research work are KNN, SVM, DT, and RF. Each classifier has a number of
attributes that determine its behavior - these are called hyperparameters. Hyperparameters are used to
optimize the performance of the model. Hyperparameter tuning is the process of finding the set of optimal
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hyperparameter values that produce the best results for the model. The hyperparameters that have been
tuned, along with their ranges, are given in Table 3.

S. No. Classifiers Hyperparameters of Classifiers Tested Value of Hyperparameters

1 K-nearest neighbor

n_neighbors Range ( 3, 30)

metrics [‘euclid’ , ‘minkowski’ ]

algorithm [‘brute’, ‘kd_tree’, ‘ball_tree’, ‘auto’]

p {1, 2}

leaf_size {5 ,10,15,20,25,30}

2 Decision tree

criterion [ ‘entropy’ , ‘gini’ ]

maximum_depth Range ( 1 to 50)

Minimum_sample_size Range ( 1 to 10)

random_state Range 1 to 66

3 Random forest

n_estimators {25, 50, 75, 100 }

criterion [‘entropy’ , ‘gini’]

random_state Range 1 to 50

max_features ‘auto'

Max_depth {5,10,15}

4 Support vector machine

kernel [‘rbf’, ‘poly’, ‘linear’]

C {25,50,75, 100, 125, 150 , 175, 200, 225, 250}

gamma scale'

degree {1, 2, 3} applicable for ‘poly’ kernel

TABLE 3: Classifiers and their hyperparameters of the prediction model

In a prediction model, the input dataset is divided into a training dataset and a test dataset. The training
dataset is used for learning purpose and building the model, while the test dataset is used to test the
model. In this study, k-fold cross-validation is used to verify the results of the prediction model. Instead of
using a fixed portion for training and testing, the k-fold cross-validation method divides the entire dataset
into k sections; k-1 sections are used to train the model, and one section is used to test it. This process is
repeated k times by changing the sections of training and testing datasets. In this way, the entire dataset is
used for both training and testing. The final result of a classifier is obtained by averaging the performance
across all k folds [23].

In earlier sections of the paper, the methodology of the research work is discussed in detail and also
illustrated in Figure 6. First, the input dataset was processed and cleaned using different preprocessing
methods, resulting in three dataset versions called DV1, DV2, and DV3. In the next step, the
dimensionality of each dataset was reduced using feature selection methods. A weighted index method
was then proposed to identify and select the most relevant features from the list of selected features. The
outcome of these activities comes in the form of Dataset D1, Dataset D2, and Dataset D3. Furthermore,
hyperparameter-tuned classifiers, along with cross-validation, were applied to build three prediction
models based on D1, D2, and D3. The final results were determined by analyzing the results obtained from
these model on MCC and F1-score.
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FIGURE 6: Details of working methodology of the prediction model
DT, Decision Tree; KNN, K-Nearest Neighbors; RFC, Random Forest Classifier; SVM, Support Vector Machine;
MCC, Matthews Correlation Coefficient

Results
Experimental setup of the model
In the experimental setup of the model, the PIMA diabetes dataset, which is publicly available on dataset
repositories UCI Machine Learning and Kaggle, has been used. The model is implemented in Python using
its supporting packages. Matplotlib has been used for visualization of charts and graphs, and sklearn for
preprocessing the dataset, applying classifiers, and their hyperparameter tuning.

First, the diabetes dataset has been preprocessed properly in different ways, and from it, three versions of
the dataset were created; the details of the preprocessing and the dataset sizes are mentioned in Table 1.
Further, six feature selection methods have been applied to these three versions of the dataset, and each
feature selection method selects a different subset of features as the most relevant for each version of the
dataset. Some features are common across the different outputs of the selection process. Therefore, a
weighted index method is applied to calculate the weight of a selected feature across the outputs of
different methods, and the features which pass the threshold value, defined in the model, are finally
selected as the features of the dataset for the analysis model. The same process has been applied for each
version of the dataset.
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In the next step, classification models using six machine learning classifiers have been built on these three
datasets, which classify their samples as positive or negative class labels. To optimize the performance of
the classifiers, their hyperparameters have also been tuned, and the models have been evaluated on
different performance metrics, among which MCC is the most important. In the last step of the research
work, the obtained results have been analyzed in detail.

In this section, an analysis is made on the obtained results of models built on datasets D1, D2, and D3. The
details of preprocessing methods, feature selection methods, and dataset sizes are given in previous
figures and tables. A number of performance metric values, such as MCC, F1-score, accuracy, precision,
recall, specificity, and root mean square error (RMSE), have been produced by hyper-tuned classifiers and
further validated by K-fold cross-validation [7,16,23]. Since the PIMA dataset is imbalanced, the main
focus is given to the metric MCC to decide the best model and classifiers. The formulas used to calculate
these metrics are given below, where TP (true positives), TN (true negatives), FP (false positives), and FN
(false negatives) values are obtained from the confusion matrix of the classifiers.
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FIGURE 7: Performance metrics of classifiers of model based on
datasets D1, D2, and D3
DT, Decision Tree; KNN, K-Nearest Neighbors; RFC, Random Forest Classifier; SVM, Support Vector Machine;
MCC, Matthews Correlation Coefficient; RMSE, Root Mean Square Error

In Figure 7, a bar chart shows the results of models built on three versions of the PIMA dataset, D1, D2,
and D3, in sub-figures 7(a), 7(b), and 7(c), respectively. For the model based on dataset D1, random forest
is the best classifier since it shows the maximum scores for MCC, F1-score (macro), accuracy, precision,
recall, and the minimum value for error rate. The values of these metrics are 53.68%, 75.85%, 78.65%,
77.12%, 76.72%, and 44.87%, respectively. Random forest shows the above performance at 10-fold cross-
validation. The higher values of MCC or F1-score show that the model is performing well, but there is still
scope for improvement. A similar result is shown by the model on the D2 dataset, where random forest
produces the same result at 10-fold cross-validation with a slight improvement. The best model is built on
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dataset D3, as shown in Figure 7(c). Here, the maximum MCC, F1-score (macro), accuracy, precision, recall,
and specificity values are 60.95%, 78.5%, 83.42%, 82.49%, 79.08%, and 94.71%, respectively, achieved by
the KNN classifier at 7-fold cross-validation when k (number of neighbors) is 9.

Discussion
Performance metrics for imbalanced dataset
The performance of a prediction model based on an imbalanced dataset cannot be judged using general
metrics such as accuracy, precision, etc. The accuracy predicted by a binary class dataset prediction model
is always high if its majority class belongs to the true class. Even if the model has high accuracy, it may not
have learned anything from the dataset [16]. These metrics assume that the distribution of majority and
minority class labels will be the same in the training and testing datasets; if not, as in real cases, the
performance of the prediction model may be misleading. The problems related to imbalanced datasets
may be decreased by either making class labels equal (oversampling or downsampling) or using
appropriate metrics such as MCC and macro or micro F1-score [8,17,18].

Accuracy is a better metric when the model has to focus on the correct prediction of the positive class; the
same may be assumed for the negative class, which is not correct. In such situations, F1-score or MCC are
better metrics. MCC is a better metric in comparison to accuracy and F1-score since it considers all four
terms of the confusion matrix (TP, TN, FP, and FN). MCC is calculated from the values of TP, TN, FP, and
FN taken from the confusion matrix of a classifier.

MCC ranges between -1 and +1; the closer the score of a classifier is to +1, the better the performance
shown by the classifier. In other words, a value closer to +1 indicates that the classifier predicted both
classes very well, even if the input dataset is imbalanced [17,20]. RMSE is applied to evaluate the error
made by the models. The error of a model is the difference between the predicted true value by a model
and the actual positive values in the dataset. RMSE is a way to measure the error of a prediction model in
predicting quantitative data. RMSE squares the errors before taking their average, and thus it counts every
error made by the model [18]. This indicates that RMSE is a better metric to measure error in comparison
to mean squared error. The formula to calculate RMSE is given below, where n is the total number of
values, d is the predicted value, and pi is the actual observed value.

The best-performing classifiers and their score values on these metrics for these dataset models are
summarized in Table 4, which shows that RF is the best-performing classifier for dataset models D1 and
D2, while KNN is for model D3.

Performance
Metrics

Dataset D1: Actual PIMA

Diabetes Dataset

Dataset D2: Missing Values Are

Filled by Mean

Dataset D3: Removing Rows Having Missing

Values & Outliers

 Max. Score BPC Max. Score BPC Max. BPC

MCC 53.68 RF 53.53 RF 60.95 KNN

F1-Score 75.85 RF 75.83 RF 78.50 KNN

Accuracy 78.65 RF 78.65 RF 83.42 KNN

Precision 77.12 RF 77.36 RF 82.49 KNN

Recall 76.73 RF 76.36 RF 79.08 KNN

Specificity 90.74 SVM 89.83 SVM 93.71 KNN

RMSE (Min) 44.87 RF 45.08 RF 39.60 RF

TABLE 4: Performance metrics of the model evaluated on datasets D1, D2, and D3, highlighting
their best-performing classifiers
BPC, Best Performing Classifier; MCC, Matthews Correlation Coefficient; RMSE, Root Mean Square Error; RF, Random Forest; KNN, K-Nearest Neighbors;
SVM, Support Vector Machine
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FIGURE 8: Performance of classifiers across various evaluation metrics
DT, Decision Tree; KNN, K-Nearest Neighbors; RFC, Random Forest Classifier; SVM, Support Vector Machine;
MCC, Matthews Correlation Coefficient; RMSE, Root Mean Square Error

In Figure 8, the obtained results are shown in the form of a line chart for each dataset model, with each
metric represented separately. The chart shows that the performance of the models built on datasets D1
and D2 is somewhat similar, while the performance of the third model, built on the D3 dataset, is
significantly better in comparison to the first two across all the metrics used. Although the D3 model
produces better results compared to the others, it has only 337 samples, which may not generalize well.
This approach may not be effective for datasets containing a large number of samples with missing or
unknown values. A smaller sample size may introduce sampling bias. Such problems can be addressed
using imputation with uncertainty (e.g., multiple imputation) or synthetic data augmentation (e.g.,
SMOTE). Since the focus of the article is on the application of MCC as a better metric for imbalanced
datasets, synthetic data augmentation is beyond the scope of this research.

Conclusions
The study used four classifiers to analyze the behavior of prediction models based on different versions of
the PIMA diabetes datasets. The first model was used on the actual PIMA dataset without any
preprocessing. The second model was built on the imputed version of the input dataset, where all missing
values were filled by the mean of the corresponding columns. The third model was built on a cleaned
version of the dataset created after the removal of outliers and samples having missing values.
Considering the performance of classifiers used in the models, the third model's outcome shows the best
performance, followed by the second model, and lastly the first model. From the classifier’s point of view,
RF is the best-performing classifier for the first and second dataset models, while KNN is the best-
performing for the third model. The performances of classifiers have been evaluated considering MCC as
the main metric, and all results are validated by K-fold cross-validation.

The study shows that the best model has been built on a dataset without any outliers and after removing
all rows with missing values. However, this reduces the size of the PIMA dataset to just 337 samples from
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768 samples. This approach may not be fruitful for datasets that contain most samples with missing or
unknown values. Removing such samples may not be a good approach for small-sized datasets. The study
was conducted on a small-sized dataset. To verify the observations obtained from this research, a model
will be built on a larger dataset, and a deep learning approach will be applied to improve its performance.
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