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Abstract—This study investigated the predictive ability of ten
different machine learning (ML) models for diabetes using a
dataset that was not evenly distributed. Additionally, the study
evaluated the effectiveness of two oversampling and undersam-
pling methods, namely the Synthetic Minority Oversampling
Technique (SMOTE) and the Near-Miss algorithm. Explainable
Artificial Intelligence (XAI) techniques were employed to enhance
the interpretability of the model’s predictions. The results indi-
cate that the extreme gradient boosting (XGB) model combined
with SMOTE oversampling technique exhibited the highest accu-
racy and an F1-score of 99% and 1.00 respectively. Furthermore,
the utilization of XAI methods increased the dependability of the
model’s decision-making process, rendering it more appropriate
for clinical use. These results imply that integrating XAI with
ML and oversampling techniques can enhance the early detection
and management of diabetes, leading to better diagnosis and
intervention.

Index Terms—Machine learning, SMOTE, Near Miss, Over-
sampling, Undersampling, Diabetes, XAI, SHAP

I. INTRODUCTION

The fourth industrial revolution (fourth IR) or Industry 4.0
has seen enormous growth in machine learning (ML), a subset
of artificial intelligence (AI), which is generally considered as
the most well-liked new technology. ML has made significant
strides in the healthcare industry, especially in diabetes control
and treatment, where ML has been used for predicting the
onset of diabetes based on a person’s genetic makeup, lifestyle,
and other factors [1], [2].

There have been numerous studies conducted on diabetes
prediction using different ML-based algorithms and method-
ologies. For instance, Devi et al. [3] investigated different
mining strategies to predict diabetes, utilizing Random Forest,
Decision Tree, Naı̈ve Bayes, and J48 algorithms. Similarly,
Yuvaraj et al. proposed a diabetes prediction application uti-
lizing three different ML algorithms: Decision Tree, Random
Forest, and Naı̈ve Bayes [4], while Kandhasamy et al. com-

pared ML classifiers, such as J48 Decision Tree, K-Nearest
Neighbors (KNN), Random Forest, and Support Vector Ma-
chines (SVMs), to categorize patients with diabetes mellitus
[5].

This research aimed to assess the efficacy of ten different
ML models (i.e., Logistic Regression, Decision Tree, Linear
Kernel SVM, Radial Basis Function (RBF) Kernel SVM,
KNN, Gaussian Naı̈ve Bayes (GNB), Extreme Gradient Boost-
ing (XGB), Multilayer Perceptron (MLP), AdaBoost, and
Random Forest) in predicting diabetes using an imbalanced
dataset. Moreover, we combined oversampling and under-
sampling techniques like Synthetic Minority Oversampling
Technique (SMOTE) and Near Miss respectively with the ten
ML techniques to evaluate and compare the efficacy. The
findings revealed that the model’s performance significantly
improved when SMOTE and Near Miss were incorporated,
achieving accuracy and F1-score of 99% and 1.00 respec-
tively., particularly for XGB with SMOTE model.

Additionally, the study aimed to investigate the use of Ex-
plainable Artificial Intelligence (XAI) methods for improving
the interpretability of the employed models’ predictions. The
use of XAI methods facilitated a more comprehensive under-
standing of the model’s decision-making process, enhancing
its reliability and usefulness for clinical applications. These
results suggest that the combination of XAI with ML and
oversampling techniques has the potential to enhance the early
detection and management of diabetes, resulting in improved
patient outcomes. Unlike other works that solely prioritize
achieving higher levels of accuracy, our study goes beyond
this metric to also evaluate precision score, recall score, and
the different types of errors encountered.

II. MATERIALS AND METHODS

A. Dataset Description

In this study, we utilized a publicly available dataset of
diabetes patients, sourced from Mendeley [6]. This dataset
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included 1,000 patient records containing various health met-
rics, e.g., blood sugar levels, age, gender, creatinine ratio (Cr),
body mass index (BMI), urea, cholesterol (Chol), fasting lipid
profile, and HBA1C. The dataset was classified into three
groups: Diabetic, Non-Diabetic, and Pre-Diabetic, with 844
instances of Diabetic, 103 instances of Non-Diabetic, and
53 instances of Pre-Diabetic. Table I describes a total of 14
attributes of the dataset briefly.

B. Data Pre-processing

In the first step of our data pre-processing procedure, we
addressed the issue of missing values and duplicate data by
removing them, specifically NaNs. To optimize the efficiency
of subsequent processing steps, we employed label encoding
to convert the data into a suitable format. Further, we standard-
ized the data to eliminate the influence of varying scales of the
different components on step sizes and to avoid unnecessary
overhead. Standardization ensures a mean of 0 and a standard
deviation of 1, which is beneficial for statistical analysis. In
addition, outliers are preserved, making standardization a more
appropriate choice than normalization. The standardization
equation utilized in this study is represented by Equation 1.

Xnew =
X − µ

σ
(1)

Here, the original data, the mean, and the standard deviation
of the dataset are represented by X , µ, and σ respectively.
Xnew represents the standardized data after transformation.

TABLE I
AVAILABLE ATTRIBUTES OF THE DATASET

Serial No. Attribute Attribute Type Details
1 ID Integer Identification No.
2 No Pation Integer The number of patient
3 Gender Object Gender of a patient(Male

or Female)
4 AGE Integer Age(years)
5 Urea Float Greater urea levels are

linked to a greater risk of
developing diabetes melli-
tus

6 Cr Integer Creatinine ratio
7 HbA1c Float Average blood glucose

levels for the last two to
three months

8 Chol Float Cholesterol (Diabetes and
high cholesterol often oc-
cur together)

9 TG Float Triglycerides
10 HDL Float Lipoprotein (high-density)
11 LDL Float Lipoprotein (low-density)
12 VLDL Float Very-low-density lipopro-

tein
13 BMI Float BMI (weight in

kilogram/height in square
meter)

14 CLASS Object Class (Diabetic, Non-
Diabetic, or Predict-
Diabetic)

Fig. 1. Heat map for checking correlated columns/attributes in the dataset.
Here, ‘ID’ represents the serial of instances, and ‘No Pation’ stands for the
respective number of patients in the dataset.

C. Exploratory Data Analysis

Our analysis involved a comprehensive exploratory data
examination by implementing two widely recognized ap-
proaches: Heatmap and Correlations. The Heatmap approach
is utilized to assess the degree of correlation between various
factors, with the correlation coefficients being represented in
the form of a heatmap. This method aids in identifying char-
acteristics that are optimal for constructing machine learning
models. The Heatmap approach transforms the correlation
matrix into a color-coded representation. Fig. 1 provides
meaningful insights into the dataset by generating a heatmap
that illustrates the correlations between different variables.

D. Feature Selection

The feature selection process was conducted proficiently
by utilizing a combination of several methods, including
Featurewiz [7], the chi-square test [8], wrapper and filter
methods [9], and expert domain knowledge.

In Featurewiz, a Python library (open-source), Searching
for the Uncorrelated List of Variables (SULOV) is used to
identify correlations between variables and Mutual Informa-
tion Score (MIS) is utilized for quantifying information that
can be obtained from one random variable given another
variable. The least correlated variables and highest MIS scores
are recursively passed to XGBoost to determine the optimal
feature.

To assess the discrepancy between actual and predicted
values for the independence of two occurrences, the chi-
square test is frequently utilized. The formula utilized in our
experiment is provided in equation 2, and it offers insights
into our approach.



x2
c =

∑ (Oi − Ei)
2

Ei
(2)

where, c= degrees of freedom, O= observed values, E=
Expected values;

Moreover, we utilized a combination of wrapper and filter
methods in conjunction with expert domain knowledge to
identify the features for the experimentation.

E. Class Imbalance Problem

Our dataset contains a class imbalance, thus to overcome
this problem, we used two main strategies: SMOTE [10],
which is an oversampling method, and the NearMiss algorithm
[11], which involves an undersampling method.

F. Evaluation Metrics

1) Accuracy: In the evaluation of a model’s performance,
accuracy is often used as a metric to indicate the proportion of
correctly predicted observations out of all observations. While
accuracy is a useful indicator, it is important to note that
it is only reliable when the false positive and false negative
rates are similar across the dataset. In cases where there is a
significant imbalance between the two rates, accuracy may not
be the most informative metric to evaluate model performance.

Accuracy =
TP + TN

TP + TN + FP + FN
(3)

2) Precision: Precision is a performance metric that mea-
sures the proportion of correctly predicted positive obser-
vations to all predicted positive observations. It evaluates
how frequently the model is accurate when making positive
predictions. Precision becomes particularly useful when the
costs of false positives are high. For example, when identifying
the risk of diabetes, a model with poor precision would result
in a large number of patients receiving a diagnosis of diabetes,
including those who should not have been diagnosed, leading
to unnecessary treatments and costs.

Precision =
TP

TP + FP
(4)

3) Recall: Recall is a crucial performance metric that
measures a model’s ability to accurately identify all positive
instances among the total number of actual positive instances.
It quantifies the proportion of actual positive instances that
the model correctly identifies as positive. Recall assumes
significance when the cost of false negatives is substantial as
it guarantees that all positive instances are identified correctly
and not overlooked by the model. The formula for calculating
recall is:

Recall =
TP

TP + FN
(5)

4) F-1 Score: Taking into account erroneous positives and
false negatives, the F-1 Score combines Precision and Recall.
When dealing with an unbalanced class distribution, the F-
1 Score is especially useful, but it may not be as simple to
understand as accuracy. When the costs of false positives and
false negatives are comparable, accuracy is higher; however,
if the costs are significantly different, it is best to consider
Precision and Recall combined.

F1 =
2 ∗ Precision ∗Recall

Precision+Recall
=

2 ∗ TP
2 ∗ TP + FP + FN

(6)

5) Mean Absolute Error (MAE): By averaging the abso-
lute variance across the entire data set, MAE represents the
difference between the initial and anticipated values.

MAE =
1

N

N∑
i=1

|yi − ŷ| (7)

where N represents the number of observations, yi repre-
sents the actual value, and ŷ represents the predicted value.

6) Mean Squared Error (MSE): MSE indicates the dif-
ference between the original and predicted values that were
calculated by squaring the mean difference throughout the data
set.

MSE =
1

N

N∑
i=1

(yi − ŷ)
2 (8)

where N represents the number of observations, yi repre-
sents the actual value, and ŷ represents the predicted value.

7) Mean Squared Logarithmic Error (MSLE): MSLE is a
loss function in machine learning that evaluates the difference
between actual and predicted values of a continuous target
variable. It is similar to MSE, but instead of computing the
squared difference between actual and predicted values, it
calculates the squared difference between the logarithm of
both values. Using logarithm is advantageous when the target
variable has a wide range of values because it scales down the
differences between large values and amplifies the differences
between small values, resulting in greater sensitivity to small
errors.

MSLE =
1

n

n∑
i=1

(log (yi + 1)− log (ŷi + 1))
2 (9)

where yi is the actual value, ŷi is the predicted value, and
n is the number of observations.

8) Root Mean Squared Error (RMSE): RMSE is the error
rate calculated using the MSE’s square root.

RMSE =
√
MSE =

√√√√ 1

N

N∑
i=1

(yi − ŷ)
2 (10)



III. EXPERIMENTS AND FINDINGS

A. Experimental Setup

Our entire dataset was divided into two parts, one of which
was utilized for model testing and the other for model training.
We set aside 80% of the entire amount of data for the training
dataset and used the remaining 20% for testing. To evaluate the
effectiveness of our models, we employed a range of standards,
including accuracy, precision, recall, and F-1 scores. We also
used various error rates to properly visualize the results. In our
results, we have included the following error metrics: MSE,
MSLE, MAE, and RMSE, which are presented in Table VI.
Additionally, we have also calculated the weighted precision,
recall, and F-1 score for our experimental models and reported
these values in Table VII.

B. Experimental Results

Table II provides the accuracy in the percentage of our
experimented models. Table III, Table IV, and Table V provide
the class-wise (Class 0: Non-Diabetic, Class 1: Pre-Diabetic,
and Class 2: Diabetic) precision, recall, and F-1 score value
of our experimented models respectively.

In our results, we have incorporated the following error
values which are MSE, MSLE, MAE, and RMSE which can
be visualized in Table VI.

Furthermore, we have calculated the weighted precision,
recall, and F-1 score of our experiment and noted them down
in table VII.

C. XAI Visualization

We evaluate the output of all algorithms and approaches
and select the one (XGB+SMOTE) with the highest overall
score based on accuracy, precision, and recall. This model is
utilized in several XAI Visualizations. This explains models’
precision, equity, openness, and results in decision-making
supported by AI. Our XAI visualization is based on SHapley
Additive exPlanations (SHAP) [12] and is illustrated in Fig. 2.

D. Comparison with Prior Research

Compared to two similar works conducted on the same
dataset as this work and published earlier, our study con-
tributed significantly and outperformed in terms of higher
accuracy, number of employed ML models, and employing
XAI visualization. In [13], Nuankaew et al. employed four ML

TABLE II
TABLE DEPICTING THE ACCURACY (%) OF OUR EXPERIMENTED MODELS

Algorithm Name Usual Model With SMOTE With NearMiss
Logistic Regression 92 90 88
Decision Tree 98 99 97
SVM(Linear) 93 92 88
SVM(RBF) 92 92 69
KNN 90 91 87
GNB 90 90 86
XGB 99 99 96
MLP 94 96 87
AdaBoost 95 91 85
Random Forest 94 94 95

TABLE III
TABLE DEPICTING THE CLASS-WISE (CLASS 0: NON-DIABETIC, CLASS 1:

PRE-DIABETIC, AND CLASS 2: DIABETIC) PRECISION OF OUR
EXPERIMENTED MODELS

Algorithm Name Class 0 Class 1 Class 2
Logistic Regression 0.75 0.25 0.96
Decision Tree 0.95 0.90 0.99
SVM(Linear) 0.77 0.75 0.95
SVM(RBF) 0.75 0.67 0.94
KNN 0.70 0.33 0.95
GNB 0.60 0.55 0.97
XGB 0.95 1.00 1.00
MLP 0.82 0.67 0.97
AdaBoost 0.95 0.56 1.00
Random Forest 0.81 0.00 0.96
Logistic Regression + SMOTE 0.72 0.35 0.99
Decision Tree + SMOTE 0.95 1.00 0.99
SVM(Linear) + SMOTE 0.71 0.53 0.99
SVM(RBF) + SMOTE 0.71 0.53 0.99
KNN + SMOTE 0.70 0.41 0.99
GNB + SMOTE 0.61 0.64 0.96
XGB + SMOTE 0.95 1.00 1.00
MLP + SMOTE 0.86 0.78 0.98
AdaBoost + SMOTE 0.73 0.50 0.98
Random Forest + SMOTE 0.75 0.69 0.99
Logistic Regression + Near Miss 0.75 0.23 0.99
Decision Tree + Near Miss 0.95 0.71 1.00
SVM(Linear) + Near Miss 0.68 0.33 1.00
SVM(RBF) + Near Miss 0.78 0.12 1.00
KNN + Near Miss 0.65 0.21 0.99
GNB + Near Miss 0.48 0.47 0.99
XGB + Near Miss 0.95 0.59 1.00
MLP + Near Miss 0.73 0.30 0.99
AdaBoost + Near Miss 0.94 0.29 0.97
RandomForest + Near Miss 0.84 0.67 1.00

Fig. 2. The SHAP summary bar plot found during the XAI visualization.
Here, Class 0, Class 1, and Class 2 represent Non-Diabetic, Pre-Diabetic, and
Diabetic class labels respectively.

models and obtained an accuracy of 98.95% for the average
weighted objective distance method. In another similar work
in [14], Rajput et al. employed five ML models and obtained
an accuracy of 97.04% for stochastic gradient boosting. None
of these two works presented XAI or any other visualization.
Table VIII represents the comparison with the prior works.



TABLE IV
TABLE DEPICTING THE CLASS-WISE (CLASS 0: NON-DIABETIC, CLASS 1:

PRE-DIABETIC, AND CLASS 2: DIABETIC) RECALL OF OUR
EXPERIMENTED MODELS

Algorithm Name Class 0 Class 1 Class 2
Logistic Regression 0.86 0.10 0.98
Decision Tree 0.95 0.90 0.99
SVM(Linear) 0.81 0.30 0.98
SVM(RBF) 0.71 0.20 0.99
KNN 0.67 0.30 0.96
GNB 0.86 0.60 0.92
XGB 1.00 1.00 0.99
MLP 0.86 0.40 0.98
AdaBoost 1.00 1.00 0.95
Random Forest 1.00 0.00 0.99
Logistic Regression + SMOTE 0.86 0.60 0.92
Decision Tree + SMOTE 1.00 0.90 0.99
SVM(Linear) + SMOTE 0.95 0.80 0.92
SVM(RBF) + SMOTE 0.95 0.80 0.92
KNN + SMOTE 0.76 0.70 0.93
GNB + SMOTE 0.81 0.70 0.92
XGB + SMOTE 1.00 1.00 0.99
MLP + SMOTE 0.86 0.70 0.99
AdaBoost + SMOTE 0.90 0.90 0.91
Random Forest + SMOTE 1.00 0.90 0.93
Logistic Regression + Near Miss 0.86 0.50 0.91
Decision Tree + Near Miss 1.00 1.00 0.97
SVM(Linear) + Near Miss 0.90 0.80 0.88
SVM(RBF) + Near Miss 0.67 0.80 0.69
KNN + Near Miss 0.81 0.40 0.91
GNB + Near Miss 0.71 0.90 0.88
XGB + Near Miss 1.00 1.00 0.95
MLP + Near Miss 0.76 0.80 0.89
AdaBoost + Near Miss 0.76 1.00 0.85
RandomForest + Near Miss 1.00 1.00 0.95

IV. CONCLUSION AND FUTURE DIRECTIONS

In summary, this study has shown the promise of ML,
oversampling, undersampling and XAI approaches for dia-
betes prediction. The outcomes of our experiment demonstrate
that the models had higher accuracy, precision, and recall
in their ability to predict diabetes, and XGD with SMOTE
performed the best. Furthermore, the XGD with SMOTE
model’s decision-making process was better understood and
more reliable for clinical use thanks to the application of XAI
methodologies such as SHAP. These results imply that XAI
and ML have the potential to enhance the early detection of
diabetes and management, improving all stakeholder outcomes
in the process. To further validate these findings, additional
studies should concentrate on analyzing the model’s perfor-
mance over different datasets with larger and more diverse
patient groups.
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HERE, Pw IS WEIGHTED PRECISION, RW IS WEIGHTED RECALL, AND
F1Sw IS WEIGHTED F-1 SCORE.

Algorithm Name Pw RW F1Sw

Logistic Regression 0.90 0.92 0.91
Decision Tree 0.98 0.98 0.98
SVM(Linear) 0.92 0.93 0.92
SVM(RBF) 0.91 0.92 0.91
KNN 0.90 0.90 0.90
GNB 0.91 0.90 0.90
XGB 1.00 0.99 1.00
MLP 0.93 0.94 0.94
AdaBoost 0.97 0.95 0.96
Random Forest 0.90 0.94 0.92
Logistic Regression + SMOTE 0.93 0.90 0.91
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KNN + SMOTE 0.93 0.91 0.91
GNB + SMOTE 0.91 0.90 0.90
XGB + SMOTE 1.00 0.99 1.00
MLP + SMOTE 0.96 0.96 0.96
AdaBoost + SMOTE 0.93 0.91 0.91
Random Forest + SMOTE 0.95 0.94 0.94
Logistic Regression + Near Miss 0.93 0.88 0.90
Decision Tree + Near Miss 0.98 0.97 0.98
SVM(Linear) + Near Miss 0.93 0.88 0.89
SVM(RBF) + Near Miss 0.93 0.69 0.77
KNN + Near Miss 0.91 0.87 0.89
GNB + Near Miss 0.91 0.86 0.88
XGB + Near Miss 0.97 0.96 0.96
MLP + Near Miss 0.93 0.87 0.89
AdaBoost + Near Miss 0.93 0.85 0.88
RandomForest + Near Miss 0.97 0.95 0.96

TABLE VIII
COMPARING OUR RESULT WITH PRE-EXISTING WORKS ON THIS DATASET

Research Work Accuracy How Many ML
Algorithms Em-
ployed

Is XAI Avail-
able?

Paper-1 ( [13]) 98.95% 4 No
Paper-2 ( [14]) 97.04% 5 No
Our Work 99% 10 Yes


