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Abstract

Diabetes prediction using machine learning techniques has been
extensively investigated in the literature, resulting in diverse
prediction and evaluation approaches. This diversity often leads to
inconsistent comparisons between these approaches. This paper offers
a comprehensive survey of state-of-the-art diabetes prediction through
classification, encompassing various preprocessing techniques and
machine learning methods. As such, the primary objectives of this
paper are as follows: 1) To analyze the performance of existing machine
learning methods and trace the advancements in diabetes prediction
outcomes over time. 2) To establish a baseline for evaluating and
benchmarking different diabetes prediction approaches. 3) To assess
the performance of common machine learning methods. 4) To propose
future research directions to enhance diabetes prognosis
methodologies further. 5) To provide state-of-the-art results for the
performance of the common machine learning methods on the Pima
dataset. The review outcomes show significant variations in the
existing prediction and evaluation approaches. The results of the
proposed evaluation approach showed that scaling, feature selection,
and over-sampling improve the results of the prediction approaches.
Besides, the results of the machine learning techniques varied, with the
best results mostly achieved by the random forest algorithm.

1. Introduction

The development of data collection techniques, database management systems, and medical data warehousing
approaches have formed a robust infrastructure for computer-based medical case processing and analysis [1-3].
Electronic Medical Records (EMR) systems introduced in the 1960s offer an electronic way of medical record-
keeping [4], which influences medical diagnosis, prognosis, and treatment [5]. EMR systems enable efficient data
management and quick medical record retrieval and provide healthcare professionals with seamless data access
and sharing capabilities. Besides, EMR systems allow the sharing of data and facilitate easy access to information.
Moreover, EMR systems enable the development of customized disease-specific datasets that provide essential
information for computer-based medical diagnosis of various health conditions [6,7].

This is an open access article under the CC BY-NC-SA 4.0 license.

2089



J. of Soft Computing and Data Mining Vol. 6 No. 1 (2025) p. 1-20 2

The development of EMR systems and datasets has been driven by data mining algorithms that enable
powerful analysis of content, pattern discovery, and information extraction. Besides, the value of these systems
has increased due to technological advancements and data collection across various domains and the concept of
‘big data’ and its machine learning applications. Clinical systems and specialized datasets contain rich information,
including patients’ demographic details, historical records, and laboratory results, offering valuable insights that
can be automatically gleaned to enhance disease understanding [8,9].

Data mining and machine-learning techniques, such as data clustering, and classification, are used to analyse
the relations and patterns [10]. In healthcare, data mining is used for processing and analyzing data, irrespective
of data structure or format, including structured and unstructured data. However, processes and techniques used
to analyze healthcare data can vary significantly, as shown in Fig. 1 [10]. Data mining applications in the medical
domain are extensive; for example, prognosis development can be revealed by mining the hidden patterns through
frequent pattern mining or association rules mining [11,12], critical risk factors can be identified using feature
selection [13-15], disease models can be created using clustering [16], and prediction can be performed through
classification [17].

Diabetes, one of the most common and serious diseases globally, is a condition linked to insulin, a hormone
that controls blood sugar. Diabetes Type I occurs when the pancreas produces insufficient insulin, while Type II
occurs when the produced insulin cannot be used effectively. Type I mainly affects children and youths due to
genetic disorders, while type II affects adults over 40 due to high blood sugar. Pregnancy diabetes, retinopathy,
and neuropathy are other diabetes types [18]. Generally, uncontrolled insulin leads to elevated blood sugar,
damaging body systems, especially the kidneys, heart, and lower limbs. Moreover, diabetes can cause blindness,
stroke, damage to blood vessels and nerves, and, in severe cases, limb amputation [19]. According to the World
Health Organization (WHO), diabetes prevalence in low- and middle-income countries has been rapidly
increasing. In 2016, diabetes was responsible for 1.6 million deaths, ranking as the seventh leading cause of
mortality worldwide [20]. The number of adults with diabetes grew from 463 million in 2019 to 537 million in
2021 [21].

The diagnosis of diabetes has greatly benefited from the data stored in clinical systems and medical datasets.
Various health institutions, research organizations, and collaborative bodies are dedicated to developing
automated diagnosis and prognosis systems for diabetes, with the ultimate goal of saving lives. Early and precise
diagnosis is a significant contribution to the fight against diabetes. Thus, detecting and diagnosing diabetes is
crucial to promote public health and well-being [22]. Prognosis and diagnosis are complex processes that rely on
expertise within the healthcare field. Early diagnosis of diabetes hinges on medical knowledge and experience
applied by physicians. Automated diagnosis involves collecting raw data from diabetes patients’ diagnostics and
then using data mining techniques for analysis [23]. Successful diagnosis depends on two main factors: 1) the
availability and maintenance of diabetes datasets containing relevant factors and features that reveal hidden
information and hidden patterns, and 2) the use of data mining techniques and algorithms for ongoing analysis
and classification of raw data [24].

The efficiency of diabetes prediction applications has advanced with the expansion of datasets, simplifying
implementation, and testing of diagnosis techniques. A primary focus is on applying classification algorithms to
customized datasets [25], leveraging well-researched features that enhance diagnosis accuracy and build
confidence in automated diabetes prediction systems. These diabetes datasets encompass diverse features
varying in size, type, and range according to specific diagnostic and prognostic criteria. A key distinction is in the
output type, requiring either classification (e.g., Yes/No) or regression (e.g., stage as real values) for prediction.
Additionally, data mining techniques for diabetes prognosis are diverse, using various techniques, such as
classification, feature selection, and preprocessing. This field has a well-established history, with various
algorithms like linear regression (LinReg), artificial neural networks (NN), and support vector machines (SVM).

Data Mining in Healthcare
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Outcomes
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Techniques
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Fig. 1 Components of data mining applications in healthcare

Penerbit
UTHM




3 J. of Soft Computing and Data Mining Vol. 6 No. 1 (2025) p. 1-20

The vast number of approaches in automatic diabetes prognosis and the differences in their techniques and
results have urged the need to review, categorize, and evaluate these approaches to foster innovation and improve
diagnostic outcomes. This paper provides a structured framework for benchmarking various diabetes prediction
techniques, which are used to survey and assess the state-of-the-art methods in diabetes diagnosis through
classification. The conducted survey offers a clear understanding of the strengths and limitations of the reviewed
approach, allowing for more informed decisions in diagnosis applications. The aims of this paper are as follows:
1) To assess and examine the effectiveness of diabetes prediction through classification. 2) To establish a baseline
for evaluating and benchmarking different diabetes prediction approaches. 3) To assess the performance of
common machine learning methods. 4) To propose future research directions to enhance diabetes prognosis
methodologies further. 5) To provide state-of-the-art results for the performance of the common machine learning
methods on the Pima dataset. The rest of this paper is organized as follows: Section 2 reviews the existing surveys
on diabetes prediction. Section 3 discusses the components of the prediction approaches, including datasets,
preprocessing, feature selection, balancing, and classification. Section 4 presents an overview of existing
approaches and their results. Section 5 provides an empirical comparison, and the conclusion is given in Section
6.

2. Related Work

Several surveys and comparative studies have delved into machine learning algorithms for predicting diabetes.
For instance, Larabi-Marie-Sainte et al. [26] reviewed machine learning and deep learning approaches within a
specific timeframe (2013-2019). The datasets, the utilized techniques, and the outcomes of these approaches were
reported. According to their findings, all machine learning algorithms were applied to the Pima Indian diabetes
dataset (PIDD), achieving accuracies ranging from 68.23% to 74.48%. In contrast, deep learning approaches
reached a higher accuracy of 95%, although these results were reported for different datasets. An empirical
evaluation was carried out on seldom-used and underexplored machine learning classifiers for diabetes
prediction, achieving an accuracy of 74.48%. Such meta-analysis studies provide comprehensive summaries of
the existing approaches and their development through diverse machine-learning algorithms. Furthermore, they
enable the identification of advancements over time.

Some surveys have investigated the potential of preprocessing and feature selection alongside machine
learning algorithms. As such, Khan et al. [27] reviewed and categorized diagnostic and predictive approaches.
Based on their conclusions, the performance of diabetes prediction approaches depends on factors such as
dataset, preprocessing methods, and feature selection. Consequently, data preprocessing and hybrid methods
were recommended to enhance disease detection accuracy. Effective preprocessing, which includes
dimensionality reduction, de-noising, feature selection, and extraction, complements classification and prediction,
thereby improving performance. Similarly, Jaiswal et al. [28] reviewed and categorized diabetes diagnosis and
prediction approaches based on the evaluation datasets. The survey indicated that techniques varied in accuracy
across different datasets, consistent with previous surveys. These surveys provided a comprehensive overview of
the prediction components and their impact on the output accuracy performance.

Chaki et al. [29] surveyed the use of machine learning for diabetes prediction, with a focus on datasets. The
survey examined structured and image-based datasets, the features extracted, preprocessing steps, classification
approaches, and performance measures. Besides, the classification results from reviewed studies were gathered
and compared. Kodama et al. [30] conducted a survey to assess the literature on using various machine learning
models for diabetes prediction, particularly focusing on classification methods using the PIDD. Results from
reviewed studies were collected and compared. Similarly, Mohsen et al. [31] reviewed the literature on machine
learning applications for diabetes prediction using diverse data sources, including images and reports. Instead of
comparing performance on specific datasets, the machine learning algorithms, features, and performance
measures utilized in the reviewed literature were compared. A comparison and comprehensive overview of these
reviews and meta-analyses is provided in Table 1.
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Table 1 A comparison of the related work

Ref. Survey Trends Benchmarking using
Approaches  Overview PIDD Dataset

Larabi-Marie-Sainte et al. [26] Yes No Limited

Khan et al. [27] Yes No No

Jaiswal et al. [28] Yes No No

Chaki etal. [29] Yes Yes No
Kodama et al. [30] Yes No No

Mohsen et al. [31] Yes No No
proposed Yes Yes Yes

Building on these efforts, this paper aims to deepen the comparative analysis of algorithms and components
for diabetes prediction. Consequently, common machine learning methods are assessed across the PIDD, and their
results are compared to address existing gaps in the literature. This study aims to make a meaningful contribution
to diabetes prediction research by systematically evaluating these algorithms and analyzing their predictive
performance.

3. Diabetes Prediction Framework Components

Diabetes prediction using classification typically follows a multi-stage process, as illustrated in Fig. 2. Initially,
datasets are preprocessed to improve data quality and ensure consistency. After preprocessing, balancing
techniques, such as oversampling or undersampling, and feature selection are applied to improve model
performance. In workflows using oversampling, preprocessing is followed by oversampling and then feature
selection, while in undersampling, feature selection is performed first. The refined data is then partitioned before
being fed into various classification algorithms. Finally, the performance of each algorithm is thoroughly evaluated
using selected performance metrics, taking the dataset partitioning model into account.

—> Balancing —

s —

Feature Selection —
\ 4
Data Partitioning » Machine Learning Algorithms
Performance Measures #( Results )

Fig. 2 Diabetes prediction framework

3.1 PIDD Dataset

Typically, diabetes is identified through a range of laboratory tests and assessments, including diastolic blood
pressure, plasma glucose concentration, and blood serum levels (such as insulin). Additionally, symptoms and
demographic factors, such as genetic predisposition, age, obesity, and environmental influences, play a role in
diagnosis [32]. Various other elements influence diagnosis, prognosis, and treatment. As a result, these factors are
used as features for diabetes prediction. Among structured datasets, three are commonly referenced: PIDD [25],
the Diabetes Progression Dataset (DPD) by Efron et al. [33], and the Early Risk (Sylhet Hospital Diabetes) dataset
[34]. PIDD, unlike the other datasets, presents challenges due to its limited samples and features; accordingly,
various methods have been developed to process this dataset.

PIDD was collected from the Pima Indian female population due to their significantly high risk of diabetes,
established PIDD. The community’s residents have diabetes rates 19 times higher than those of a typical town in
Minnesota [35]. Residents of the target community underwent oral glucose tolerance tests, and a diabetes
diagnosis was given if their plasma glucose level was at least 200 mg/dL. Variables such as age, blood pressure,
and body mass are included in the dataset for diabetes classification. The dataset comprises 500 non-diabetic and
268 diabetic women, totaling 768 samples and 8 features. These features are listed in Table 2 [36].

Penerbit
UTHM



5 J. of Soft Computing and Data Mining Vol. 6 No. 1 (2025) p. 1-20

Table 2 PIDD description

# Feature Description Type Range
1 Pregnant Number of pregnant times 0-17
2 Plasma—glucose Plasma—glucose concentration 0-199
3 Diastolic Diastolic blood pressure 0-122
4 Triceps Triceps skin fold thickness . 0-99

. . . . Numeric
5 Serum—insulin Serum—insulin 2-h 0-846
6 Body mass Weight 0-67.1
7 DPF DPF Diabetes pedigree function 0.078-2.42
8 Age Age in years 21-81
Class Diabetes Diabetes diagnostic Nominal Yes/No

The dataset was donated by Vincent Sigillito, RMI Group Leader at the Applied Physics Laboratory, The Johns Hopkins
University, Laurel, MD. The data is publicly available through repositories such as Data World and other archival
sources.

3.2 Preprocessing Stage

Preprocessing stages vary depending on dataset characteristics, with normalization being a common step to
standardize the feature ranges. Normalization improves the stability and convergence speed of classification
algorithms, such as SVM and k-nearest neighbors (KNN). Besides, normalization ensures fair feature contributions
and reduces biases from scale variations [37]. Various normalization techniques exist, including Min-Max scaling,
which scales the feature values between 0 and 1; robust scaling, which reduces the impact of outliers by scaling
the values based on the median and interquartile range; and z-score normalization, which standardizes values to
a mean of 0 and standard deviation of 1. Another preprocessing step is feature encoding, which converts
categorical variables into numerical representations (e.g., one-hot encoding), allowing algorithms to interpret
categorical data effectively [38]. Finally, filling in missing values using imputations is used to maintain dataset
completeness. Imputation can be implemented using methods such as mean, median, and mode for simple cases
or advanced imputation techniques such as KNN and multiple imputation by chained equations (MICE) for more
complex data [39]. A summary of these preprocessing steps is given in Table 3.

Table 3 Machine-learning preprocessing steps

Aim Advantage(s) Challenges(s)

Normalization Standardize feature Enhances model stability  Difficult to choose the
value ranges. and ensures fair appropriate method.

contribution.

Feature Encoding Convert categorical Enables algorithms to Introduce high
variables to numerical process categorical dimensionality and loss
ones. features and facilitates of correlations.

accurate interpretation.

Handling Missing Values = Address missing data to Maintains dataset Introduce bias.
prevent biases. integrity.

3.3 Dimensionality Reduction

Feature selection and dimensionality reduction are two approaches that address the challenges posed by high-
dimensional datasets, including increased computational complexity, overfitting, and reduced model
interpretability. While both aim to simplify data representation, they differ in methodology and focus. Feature
selection narrows down the dataset to the most relevant features without altering the feature space itself. In
contrast, dimensionality reduction techniques transform the data into another representation that reduce their
dimensionality but preserves the essential characteristics. Feature selection identifies the most relevant features
for a predictive task, removing those deemed redundant or irrelevant. This approach can be categorized into filter-
based, wrapper-based, and embedded-based methods [40].

Filter-based methods evaluate individual features independent of any learning algorithm, using statistical
measures such as variance, correlation, or information gain. For example, variance thresholding removes low-
variance features that likely contribute little information to the model, and correlation-based methods, such as
Chi-Square, eliminate features that are highly correlated with others. Although filter-based techniques are fast
and scalable, they may overlook complex feature interactions, making them best suited for high-dimensional
datasets where computational resources are constrained [41].
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Wrapper-based methods assess feature subsets by integrating them into the model evaluation process.
Recursive Feature Elimination (RFE), for instance, iteratively removes the least important features based on
model performance until an optimal subset is achieved. Forward and backward selection strategies similarly add
or remove features sequentially. While wrapper-based methods can capture feature interactions, they are
computationally intensive and highly overfit in large feature spaces. However, they are particularly useful in tasks
where feature interactions influence performance [42].

Embedded-based feature selection is a method where feature selection is integrated directly into the process
of model training. These methods typically involve algorithms that automatically select features as part of the
model-building process, considering the importance or relevance of each feature for the predictive task at hand.
Common embedded feature selection techniques include Lasso, Elastic Net, and SVM. Embedded feature selection
methods are advantageous because they select features directly relevant to the predictive task, potentially
improving model performance and generalization. Additionally, they streamline the modeling process by
integrating feature selection and model training into a single step [43].

Dimensionality reduction differs from feature selection by transforming the original feature space into a
lower-dimensional representation while preserving essential data structures. Techniques such as Principal
Component Analysis (PCA) and t-distributed Stochastic Neighbor Embedding (t-SNE) are commonly used for this
purpose.

3.4 Balancing

Balancing data is an essential step for dealing with datasets where one class is significantly underrepresented
compared to the other. Such class imbalances can lead to biased models that perform poorly on the minority class.
Balancing can be implemented using both oversampling and undersampling techniques. Oversampling is typically
applied before feature selection, while undersampling is more often used after feature selection and
dimensionality reduction. Undersampling for data balancing involves reducing the number of majority class
samples, either through random elimination or by selecting samples based on their relevance or contribution to
the model. Conversely, oversampling increases the number of samples in the minority class with either duplicating
samples or synthetically generated samples. One common oversampling method is the Synthetic Minority
Oversampling technique (SMOTE) [44]. SMOTE balances the class distribution by generating synthetic samples
for the minority class through interpolation between existing instances. SMOTE avoids sample duplication and
reduces the risk of model overfitting. However, it is crucial to apply SMOTE solely to the training data to prevent
data leakage and ensure that the model’s performance is validated on the original dataset without any syntactic
samples [45].

3.5 Classification Algorithms

There are various machine learning algorithms proposed to address the diverse nature of real-world data and the
complexity of underlying problems. No single algorithm is universally superior; each comes with its own set of
assumptions, strengths, and limitations. Some algorithms are more effective at managing high-dimensional data
or non-linear relationships. In contrast, others focus on interpretability or computational efficiency, and different
algorithms can provide complementary benefits when combined to form ensemble methods. Therefore, testing
various algorithms is crucial to identify the most suitable algorithm based on the processed data.

KNN is a straightforward and intuitive algorithm that assigns a class label for a new instance as the majority
class among the K nearest neighbors. KNN does not require explicit training and can adapt to complex decision
boundaries. However, KNN performs poorly with high-dimensional data and imbalanced class distributions, and
its prediction cost can be substantial for large datasets [46]. Similarly, the Nearest Centroid Classifier (NC), or
Rocchio classifier, assigns a class label for a new instance as the class of the nearest centroid. The NC calculates
the centroid of each class by averaging its feature vectors and assigning the class label. The simplicity of NC and
the KNN and their interpretability make such classifiers particularly well-suited for tasks like text categorization
and document clustering [47].

Naive Bayes (NB) is a probabilistic classifier based on Bayes’ theorem and inforced assumption of feature
independence. Despite this assumption, NB performs effectively in a range of real-world classification tasks,
especially when dealing with high-dimensional and sparse data [48]. Logistic Regression (LogReg) is a linear
classifier that models the classification problem using a logistic function. This algorithm estimates the relationship
between the independent variables and the class label using the binary output function, making it well-suited for
binary classification tasks. Although LogReg is straightforward, it performs well only when the decision boundary
is linear or close to linear [49].

SVM finds the optimal hyperplane that separates two classes in the feature space while maximizing the margin
between them. As such, SVM is effective in handling high-dimensional data and is robust against overfitting,
especially in cases where the number of features exceeds the number of samples. SVM can manage non-linear
relationships through the use of kernel functions, allowing them to learn complex decision boundaries. As such,
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SVM is widely used in various fields, including image classification, text categorization, bioinformatics, and other
unsupervised machine-learning tasks [50].

Decision Tree (DT) is a non-parametric algorithm that constructs a classification tree that divides the feature
space into a hierarchical structure of decision nodes. Each leaf node stands for a regression value in the regression
task or a class label in the classification task, with each node representing a feature. Such an algorithm has the
advantage of being intuitive and interpretable. DT algorithm is prone to overfitting, especially when dealing with
intricate datasets. Pruning and ensemble techniques like Random Tree (RT) and Random Forest (RF) help reduce
overfitting and enhance Decision Tree performance [51]. RT is an ensemble learning technique that constructs
several decision trees during training. Each decision tree is constructed using a random subset of the training data
and a random subset of the features to diversify the trees. As such, RT is used with large datasets and high-
dimensional feature spaces for its computational efficiency. Besides, DT is used to construct robust ensemble
techniques like Gradient Boosting Machines (GBM) and RF. Multiple decision trees are combined in RF, with a
random subset of features chosen at each split, and each tree in the forest is trained using a bootstrap sample of
the training data. When making predictions, the RF’s output is calculated by combining the predictions of each
tree using voting and averaging techniques. RF provides estimates of feature importance, manages high-
dimensional data effectively, and resists overfitting [52]. An ensemble learning method called GBM builds a
sequence of decision trees one after the other. By fitting each tree to the residual errors of the preceding trees,
GBM minimizes a loss function and produces stronger models. Consequently, this model is a popular option in
competitions and real-world applications due to its strong predictive performance and resilience to overfitting
[53].

An ensemble learning technique called Adaptive Boosting (AdaBoost) builds a strong classifier by combining
several weak classifiers. It focuses on cases that were incorrectly classified by earlier models and train several
weak learners in succession on altered datasets. AdaBoost iteratively improves classification accuracy by giving
these incorrectly classified instances more weight. AdaBoost exhibits resilience against overfitting and is
especially useful for binary classification tasks [54].

The term “deep learning” (DL) describes a family of artificial neural network (ANN) architectures with several
hidden layers that make it possible to extract intricate patterns and representations from unprocessed data.
Although deep learning models provide cutting-edge performance across a range of domains, their training
necessitates significant computational resources and large amounts of data [55]. These algorithms offer diverse
tools for solving the classification problem across various domains, each with strengths and weaknesses. A
comparison between these algorithms is given in Table 4.

Table 4 A summary of the classification algorithms

Classifier Description Pros Cons

KNN Based on the majority Intuitive, no training required, and  Sensitive to noise and
class of the nearest adaptable to complex decision irrelevant features and
neighbors. boundaries. computationally expensive

for large datasets.

NB Based on Bayes’ theorem  Efficient, simple, and suitable for Perform poorly if the
with the assumption of high-dimensional and sparse data.  independence assumption is
independence. violated.

NC Based on the nearest Simple and interpretable. Sensitivity to feature scaling.
centroid.

SVM Build a hyperplane to Effective for high-dimensional and Computationally expensive
separate classes in non-linear data and robust against  for large datasets.
feature space. overfitting.

DT Build a hierarchical Intuitive, interpretable, Prone to overfitting and
structure of decision implements classification and poorly performed with
nodes. regression, and can be used for imbalanced data.

feature selection.

RT Using an ensemble with Reduces overfitting, Less interpretable than
multiple decision trees computationally efficient, and easy individual decision trees.
with randomness in to parallelize.
feature and data
sampling.

RF Ensemble with multiple Resistant to overfitting and Less interpretable and

decision trees.

provides estimates of feature
importance.

computationally expensive.
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GBM Ensemble of decision Robust against overfitting. Computationally expensive,
trees sequentially that sensitive to noisy data and
minimize a loss function. outliers, and requires

parameter tuning.

AdaBoost Ensemble of multiple Robust to overfitting. Sensitive to noise and
weak classifiers. computationally expensive.

LogReg Using a logistic function. ~ Simple and interpretable. Assumes a linearity and is

sensitive to outliers.

ElasticNet Combines L1 and L2 Handles multicollinearity and Requires parameter tuning
regularization penalties.  high-dimensional data. and not suitable for highly

correlated data.

DL Composed of Effective in capturing complex Computationally expensive
interconnected nodes. patterns and can handle high- and prone to overfitting.

dimensional data with noise and
outliers.

3.6 Evaluation Measurements

Different evaluation metrics are employed to assess the outcomes of diabetes prediction. Among many others,
accuracy, precision, recall, and f-measure are widely employed in classification evaluations. These metrics’
computations are outlined in Table 5.

Table 5 Evaluation measures

Measure Calculation Description Problem

Accuracy accuracy = ——0_ The ratio of correctly predicted Classification
TPATN+FP+EN output to the total number of
samples to be predicted.

Precision precision = — The ratio of correctly predicted Classification
(Specificity) TP+EP positive samples to the total

positives predicted.
Recall recall = —% The ratio of correctly predicted Classification
(Sensitivity) TP+EN positive samples to the total

positives in the samples.
F-Measure _ 2= precision * recall A combination of precision and Classification

measure = precision + recall recall.

3.7 Data Partitioning

Data splitting divides the dataset into training, validation, and testing sets, allowing the model to be trained on
one subset, validated on another, and tested on a further unknown portion. This approach guarantees a
dispassionate evaluation of new information. Two common techniques for data splitting are cross-validation and
percentage split. Cross-validation divides the dataset into k folds, or equal-sized subgroups. To train the model,
k-1 folds are used, while the remaining fold is used for testing. The model's performance measures are averaged
over all folds to provide a more accurate assessment. In contrast, a percentage split divides the dataset into two
subsets: a training set and a testing set. The model is trained on the training set and evaluated on the testing set.
In contrast, by testing the model on many subsets of the data, cross-validation produces a more accurate
assessment of the model's performance. This approach reduces the impact of data variability and ensures that the
model's performance is independent of a random split. These strategies are contrasted in Table 6.
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Table 6 Comparison of the data partitioning techniques

Aspect Cross-Validation Percentage Split
Splitting k folds for training and testing Training and testing subsets
# Runs Trains model k times Trains model only once
Model Evaluation Averaged across all folds A single testing set
Robustness More robust Less robust
Cost Higher computational cost Lower computational cost
Sensitivity Less sensitive to data variability due to Impacted by data variability depending on
multiple folds the split

4. Literature Review on the Diabetes Prediction Approaches

Various approaches were developed using variations of the machine learning algorithms and components. Here
is a review of these approaches.

One of the earliest approaches for diabetes conducted on the PIDD was presented by Smith et al. [25] using
ANN with 576 instances randomly selected for training with 192 test samples. No preprocessing or post-
processing was implemented in this approach except for the discretization of the continuous output. The value of
0.48 was chosen experimentally as a threshold. All output values lower than 0.48 are classified as negative
diabetes, while the rest are positive. The results reported based on the sensitivity and specificity were equal to
76%. Similarly, Shanker [56] proposed an approach based on ANN on a variation of the dataset as the one utilized
by Smith et al. [25]. The data samples were selected from the dataset based on constraints, such as the age above
21. Accordingly, there were 768 cases, of which 268 cases were diagnosed with diabetes. The approach used a
different number of hidden nodes, different activation functions, and variations of the input feature set, which
achieved an accuracy of 81%. Using the same dataset, Carpenter and Markuzon [57] proposed an approach using
NN (enhanced fuzzy logic and adaptive resonance theory (ART) neural networks) and achieved an accuracy of
81%. A summary of the proposed approaches that were implemented based on the PIDD is given in Table 7. The
advances in the classification techniques led to enhance the accuracy of PIDD classification from 73.8% [36] to
84.24% Ganji and Abadeh [58], in cross-validation and up to 100% with train-test splitting Tigga and Garg [59].
Various algorithms have been utilized for the classification, such as ANN [25,56,57,60-62], LogReg [63-65], and
SVM [66-68]. A reviewed summary of the literature on PIDD classification is given in Table 7. The preprocessing
steps, classification algorithms, training and testing percentages, and results are detailed in the subsequent
columns of Table 7. The last column lists the baseline methods used to compare each of these approaches.

Table 7 Diabetes prediction approaches using PIDD

Ref. Preprocess Algorithm Train Test  Results Comparison

Smith et al. None NN: ADAP 75% 25% 76% The original

[25] (adaptive learning sensitivity paper utilized
NN algorithm). and the PIDD.

specificity

Shanker [56] None NN with various 75% 25% 81% ADAP and
hidden nodes, Accuracy LogReg
activation

functions, and
input feature set

Carpenterand  None ARTMAP-IC 75% 25% 81% ARTMAP.
Markuzon [57] (enhanced fuzzy Accuracy
logic)
Au and Chan None A fuzzy inference 70% 30% 77.6% C4.5, CBA (rule-
[69] process learned Accuracy based), and FID
from the training (fuzzy tree).
data and validated
by experts.

Breault [36] Samples and RS 300 92 73.8% The results of
feature selection, Accuracy previous studies
and
discretization
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Zhang et al. None Attribute weighted 100 668 75.6% KNN

[70] KNN Accuracy

Kayaer and None NN (general 75% 25% 80.2% MLP and general

Yildirim [60] regression NN Accuracy regression NN
(GRNN)) (GRNN)

Pobi and Hall None RF with a different ~ 10-Fold 80.3% ANN and C4.5
[71] version of PIDD of  Cross- Accuracy and ensembles.
42 features. validation

Ghosh and None A modified version 65% 35% 83.5% LogReg
Hasley [63] of the logistic Accuracy
regression with
different cost
function
Tinos and None ANN, k-means,and 75% 25% 80.2% Other activation
Junior [61] GA. Accuracy functions.
Polatetal [72] None GDA-LSVM 10-Fold 82.05% LS-SVM
Cross- Accuracy
validation
Patiletal. [73]  Samples Hybrid Prediction 10-Fold 92.38% 22 algorithms, as
selection (625) Model (HPM) of K-  Cross- Accuracy reported by
means clustering, validation of Michie et al. [74]
and C4.5. 625 samples
Dogantekinet = None Linear 90% 10% 84.61% The results of
al. [75] Discriminant Accuracy previous studies
Analysis (LDA) and
Adaptive Network
Based Fuzzy
Inference System
(ANFIS)
Karegowdaet  Samples Hybrid-system of 60% 40% 84.7% DT
al. [76] selection (392) ANN and GA Accuracy
and feature
selection
Calisir and None LDA and Morlet 90% 10% 89.74% The results of
Dogantekin Wavelet SVM Accuracy previous studies
[77] (MWSVM)
AlJarullah [78] Samples C.4.5 Decision Tree  10-Fold 76.68% None
selection (724), Cross- Accuracy
feature selection, validation of
missing values, 724 samples
and
discretization
Ganji and None Ant Colony-based 10-Fold 84.24% The results of
Abadeh [58] classification Cross- Accuracy previous studies
createsa validation
Set of fuzzy rules
Karatsiolisand None Hybrid-system of Using training 82.2% Polynomial SVM
Schizas [79] SVM and Radial set Accuracy
Basis Function
Almasi et al. None Least square SVM 10-Fold 79.66% The results of
[66] (LS-SVM) Cross- Accuracy previous studies
validation
Karthikeyani Samples C4.5,SVM, KNN, 623 145 74% The results of
and Begum selection ANN, BLR, MLR, Accuracy previous studies
[62] CRT, CS-CRT, PLS-

DA and PLS-LDA
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Mandal et al. None C4.5, Rough Set, 10-Fold 75.78% Various other
[80] Bayesian Network,  Cross- Accuracy classification

Neural Network validation algorithms.
80% 20% 83.33%
Accuracy

Vijayan and None Amalgam KNNand 10-Fold 80% EM, KNN, K-

Ravikumar Adaptive Neuro- Cross- Accuracy means, amalgam

[81] Fuzzy Inference validation KNN and ANFIS

System (ANFIS)
Zangooeietal. None Propose a new 10-Fold 86.13% The results of
[82] Algorithm by Cross- Accuracy previous studies
combining SVRand validation
the Non-dominated
Sorting GA (NSGA-
I1)

Nadimi- Feature selection GA then C4.5 10-Fold 75.13% None

Shaharaki and Cross- Accuracy

Ghahramani validation

[83]

Farahmandian None SVM 80% 20% 81.77% KNN, ID3, NB,

etal. [68] Accuracy CART, C4.5and

C5.0
Mercaldo etal. None LogReg 80% 20% 0.75 KNN, NB, DT, RF,
[65] Precision and SVM.
and 0.75
recall

Islam and Samples LogReg 10-Fold 78.01% KNN, OneR, SVM,

Jahan [64] selection (755) Cross- Accuracy ANN, NB, and
validation of Bagging
755 samples

Nnamoko etal. None Proposed ensemble 10-Fold 83% NB, RBF, SMO,

[84] method of five base  Cross- Accuracy and C4.5

classifiers, SMO, validation
RBF, C4.5, NB, and
RIPPER
Mahmud et al. None NB 70% 30% 74% ANN, SVM,
[85] Accuracy LogReg, DT, and
RF.

Weietal. [86] None DL 10-Fold 77.86% LogReg, SVM, DT,
Cross- Accuracy and NB
validation

Choudhury and None LogReg 250 518 77.61% ANN, DT, RF, NB,

Gupta [87] Accuracy KNN and SVM

Guldoganetal. None ANN 60% 40% 78.1% RBF

[88] Accuracy

Abedini et al. None Hybrid approachof 70% 30% 83.08% Compare the

[89] DT and LogReg in Accuracy results with DT

layer one and ANN and LogReg
in layer two

Kumar et al. None Deep learning: 90% 10% 81.73% NB and RF

[90] Multi-Layer Feed Accuracy

Forward NN
(MLFNN)
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Tigga and Garg None RF 75%  25% 100% LogReg, KNN,
[59] Accuracy SVM, NB, and DT
10-Fold 77.4%
Cross- Accuracy
validation
Naz and Ahuja  Samples Deep learning: NA 207 98.07% DT, ANN, and NB
[91] selection Multi-Layer Feed Accuracy
Forward NN
(MLFNN)
Abdulhadi and None Median-based Unknown 82% LDA, LogReg, and
Al-Mousa [92] filling missing data, Accuracy voting
then RF
Kumari et al. Samples Median-based 561 207 79.04% Various
[93] selection filling missing data, Accuracy classifiers, such
followed by as SVM and RF.
Ensemble soft
voting.
Aamir et al. Samples Fuzzy logic system 400 368 96.47% The results of
[94] selection Accuracy previous studies
Edeh etal. [95] Filling missing SVM 80% 20% 83.1% RF,NB, and DT
values Accuracy
Chang et al. Samples PCA then RF 538 230 79.13% NB and C4.5
[96] selection Accuracy
Perdana etal. None KNN (K=22) 90% 10% 83.12% None
[97] Accuracy
Rezaetal [98] Samples SVM 10-Fold 85.5% The results of
selection, Cross- Accuracy previous studies
Missing values, validation
balancing, and
scaling
Khanetal. [99] Feature selection ANN 70% 30% 99.36% RF, GBM, SVM
Accuracy and TabNet
Reza et al. Samples Stacking NN 5-Fold Cross- 77.1% RF, DT, SVM, and
[100] selection, validation Accuracy Other Stacking

Missing values,
balancing, and
scaling

Asnoted, there is inconsistency in the evaluation model, in which some approaches use cross-validation while
others use a percentage split with different splits. Filtering or sample selection has also been implemented in some
approaches, leading to a different number of evaluation samples. Besides, some approaches used preprocessing,
while others did not. Accordingly, there is a need to unify such issues to compare these approaches fairly.

5. Comparative Study

In this comparative study, a series of scenarios are implemented based on commonly utilized stages in prediction
techniques. The frameworks and stages employed are discussed, and the results are presented in this section.

5.1 Implementation

The implementation consists of a transformation step, which is included for all the experiments to allow testing
the dataset using all the classifiers, as some of the classifiers cannot process non-numerical data. The
preprocessing is implemented first (scaling and filling missing values), followed by feature selection (Chi-Square).
Chi-Square feature selection was chosen for this study due to its ability to evaluate the independence between
categorical features and the target variable. This statistical method assesses how well each feature contributes to
the prediction of the target class by measuring the discrepancy between the observed and expected frequencies
of the feature values. Given that the dataset contains both categorical and continuous variables, Chi-Square is
particularly effective as it can identify relevant features that have a significant association with the outcome.
Additionally, its computational efficiency makes it suitable for handling larger datasets, allowing for quicker
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feature selection without sacrificing predictive power. This approach helps to enhance model performance by
eliminating irrelevant features and reducing the risk of overfitting, ultimately leading to more accurate
predictions. Then, oversampling (SMOTE) is implemented with the aim of improving the accuracy of the
classification. Accordingly, the framework for classification is formulated for these stages, as given in Fig. 2.

5.2 Results

To evaluate the effect of each processing step, these steps were incrementally augmented while the results were
assessed after each addition. The results of using various classifiers without preprocessing, oversampling, or
feature selection are compared with those obtained using scaled features (a preprocessing step) alone, as given
in Table 8. The scaling process, utilizing the Min-Max scaler, slightly improved the performance of most of the
classifiers but did not change the highest accuracy, which remained at 77.2% with the LogReg classifier. In
contrast, LogReg and RF achieved an accuracy of 76.4% with scaling. LogReg also attained the best precision of
72.2% for both scaled and unscaled features, where precision consistently exceeded recall across all classifiers.
RF achieved the highest recall of 59.3% with unscaled features, while the best recall significantly improved to 69%
with scaled features using the NC classifier. The best F-measure for unscaled features was 64%, also achieved by
RF, while NC produced a slightly higher F-measure of 64.5% for scaled features. Overall, there is variability in the
results for scaled and unscaled features, leading to an ambiguous influence on classification outputs. However, RF
demonstrated stable results across both feature sets, achieving the best accuracy for scaled features and the best
recall and F-measure for unscaled features.

Table 8 Evaluation of the classification results with scaling step

# Classifier No Processing Scaled Features

Acc. P R F Acc. P R F
1 KNN 0.703 0.579 0.549 0.563 0.740 0.643 0.571 0.605
2 NB 0.757 0.671 0.593 0.630 0.757 0.671 0.593 0.630
3 NC 0.633 0.472 0.437 0.453 0.734 0.605 0.690 0.645
4 SVM 0.766 0.706 0.563 0.627 0.651 0.623 0.129 0.232
5 DT 0.737 0.651 0.530 0.584 0.745 0.667 0.537 0.595
6 RF 0.767 0.694 0.593 0.640 0.764 0.688 0.593 0.637
7 GBM 0.729 0.624 0.563 0.592 0.730 0.624 0.571 0.596
8 AdaBoost 0.753 0.668 0.578 0.620 0.753 0.668 0.578 0.620
9 LogReg 0.772 0.722 0.563 0.633 0.764 0.738 0.504 0.599
10 DL 0.656 0.524 0.160 0.246 0.671 0.642 0.127 0.212

Addressing missing values is a critical step, as these values can significantly impact the performance of
machine learning models. Missing data can lead to biased estimates and reduced model accuracy if not handled
properly. In this step, the median value was utilized for the imputation to fill missing values, as it is a robust
method that can effectively mitigate the influence of outliers and preserve the integrity of the dataset. The results
after augmenting the dataset with filled missing values are presented in Table 9. Notably, filling in the missing
values led to improvements in most classifiers, with the best accuracy significantly increasing to 88.2% using the
GBM, compared to 77.2% without this preprocessing step. This substantial jump in accuracy highlights the critical
role that handling missing data plays in enhancing model performance, as the filled values provide more context
and information for the classifiers to learn from, ultimately leading to better generalization on unseen data. It is
important to highlight that the influence of scaling remains ambiguous at this stage. Nevertheless, RF has
consistently demonstrated stable performance across both scaled and unscaled features, achieving the best
results in both scenarios alongside GBM.
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Table 9 Evaluation of the classification results with filling missing values step

# Classifier Unscaled with Filling Missing Values Scaled with Filling Missing Values

Acc. P R F Acc. P R F
1 KNN 0.849 0.784 0.784 0.784 0.762 0.659 0.657 0.658
2 NB 0.768 0.680 0.634 0.656 0.768 0.680 0.634 0.656
3 NC 0.839 0.747 0.813 0.779 0.757 0.628 0.743 0.680
4 SVM 0.775 0.707 0.604 0.652 0.651 0.000 0.000 0.000
5 DT 0.868 0.841 0.769 0.803 0.867 0.837 0.769 0.802
6 RF 0.879 0.840 0.806 0.823 0.879 0.830 0.821 0.826
7 GBM 0.882 0.847 0.806 0.826 0.882 0.847 0.806 0.826
8 AdaBoost 0.870 0.823 0.799 0.811 0.870 0.823 0.799 0.811
9 LogReg 0.777 0.716 0.601 0.653 0.777 0.734 0.567 0.640
10 DL 0.783 0.650 0.817 0.724 0.651 0.000 0.000 0.000

The results after augmenting the dataset with oversampling using SMOTE are provided in Table 10. As such,
up to this stage, scaling, filling missing values, and oversampling are implemented prior to the classification step.
Oversampling consistently improves classifier performance across both scaled and unscaled features. The highest
accuracy, 90.5%, was achieved using both the RF and GBM with scaled features. Notably, all classifiers except NB
demonstrated better performance in terms of accuracy, precision, recall, and f-measure after oversampling was
implemented. The results indicate that both scaled and unscaled features benefit from oversampling. However,
performance varies slightly: some classifiers performed better with scaled features, while others yielded better
results with unscaled features. Overall, the combination of oversampling and filling in missing values significantly
impacted classifier performance for the diabetes detection task on the PIDD dataset. Specifically, the bestaccuracy,
reported as 90.5%, improved from 88.2% achieved before applying oversampling. Precision, recall, and f-measure
also showed notable gains after feature selection was applied.

Table 10 Evaluation of the classification results with oversampling

# Classifier Unscaled, Filled, and Oversampling Scaled, Filled, and Oversampling
Acc. P R F Acc. P R F

1 KNN 0.877 0.852 0.912 0.881 0.819 0.774 0.902 0.833
2 NB 0.767 0.795 0.720 0.756 0.774 0.790 0.746 0.767
3 NC 0.843 0.854 0.828 0.841 0.763 0.770 0.750 0.760
4 SVM 0.849 0.827 0.882 0.854 0.746 0.772 0.698 0.733
5 DT 0.878 0.861 0.902 0.881 0.879 0.853 0.916 0.883
6 RF 0.899 0.880 0.924 0.901 0.905 0.887 0.928 0.907
7 GBM 0.900 0.895 0.906 0.901 0.905 0.898 0.914 0.906
8 AdaBoost 0.893 0.888 0.900 0.894 0.893 0.891 0.896 0.893
9 LogReg 0.791 0.794 0.786 0.790 0.784 0.797 0.762 0.779
10 DL 0.808 0.777 0.864 0.818 0.797 0.738 0.922 0.820

The results following feature selection based on the Chi-Square test are presented in Table 11. Interestingly,
the same Chi-Square method selected different feature subsets for scaled and unscaled data: for unscaled data,
seven out of eight features were retained, excluding the DPF feature, while for scaled data, the Diastolic feature
was excluded instead (see Table 2). The impact of feature selection on classifier performance varied across
models. Specifically, the NB and AdaBoost classifiers showed consistent accuracy with unscaled data and
improved accuracy with scaled data after feature selection. In contrast, classifiers like NC, SVM, and LogReg
demonstrated lower accuracy for both scaled and unscaled data post-feature selection. Other classifiers, KNN, DT,
RF, GBM, and DL, achieved better accuracy after feature selection was implemented.

Notably, the highest accuracy reached 91.5% after feature selection, up from 90.5% before feature selection
was applied. Precision, recall, and f-measure scores were similarly enhanced by incorporating feature selection.
These results, as shown in Table 7, are competitive with or surpass prior literature, and all evaluations were
conducted with cross-validation on the complete dataset to ensure robust performance assessment.
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Table 11 Evaluation of the classification results with feature selection

# Classifier Unscaled, Filled, Oversampling, and Feature Scaled, Filled, Oversampling, and Feature

Selection Selection
Acc. P R F Acc. P R F
1 KNN 0.887 0.860 0.924 0.891 0.833 0.785 0.918 0.846
2 NB 0.767 0.791 0.726 0.757 0.787 0.806 0.756 0.780
3 NC 0.837 0.849 0.820 0.834 0.760 0.769 0.744 0.756
4 SVM 0.826 0.806 0.858 0.831 0.735 0.769 0.672 0.717
5 DT 0.880 0.868 0.896 0.882 0.874 0.857 0.898 0.877
6 RF 0.915 0.906 0.926 0.916 0.910 0.893 0.932 0.912
7 GBM 0.910 0.902 0.920 0.911 0.910 0.899 0.924 0.911
8 AdaBoost 0.881 0.885 0.876 0.880 0.893 0.891 0.896 0.893
9 LogReg 0.788 0.789 0.786 0.788 0.781 0.791 0.764 0.777
10 DL 0.838 0.825 0.858 0.841 0.875 0.860 0.896 0.878

Overall, RF demonstrated the best performance, significantly improving at each stage of preprocessing:
starting from an initial accuracy of 76.7% with feature scaling, increasing to 87.9% after filling missing values,
then 89.9% with oversampling, and reaching 91.5% after feature selection. Similarly, GBM showed substantial
improvements across the process, with accuracy progressing from 72.9% initially, to 88.2% after filling missing
values, 90% with oversampling, and ultimately 91% following feature selection. These results underscore the
impact of each preprocessing stage on enhancing classifier performance.

6. Conclusion

This paper presented a survey of existing approaches for diabetes prediction using the PIDD. The survey
investigated the inconsistencies in evaluation methods, with some approaches using cross-validation while others
used various percentage splits, and some implemented sample selection or filtering, resulting in differing sample
sizes. In this study’s evaluation, cross-validation with all data samples was used for a consistent comparison across
models. The implemented framework, including scaling, filling missing values, oversampling and feature selection,
and oversampling, provided critical insights into how these steps influence classifier performance for diabetes
detection in the PIDD. Initially, the application of scaled features alone, using the Min-Max scaler, led to only
marginal performance improvements in most classifiers without substantially affecting the highest accuracy. The
LogReg classifier achieved the best accuracy of 77.2% with unscaled features, while the best accuracy with scaled
features was 76.4%, achieved by both LogReg and RF. Filling missing values based on the median significantly
improved model performance, with GBM, in particular, reaching an accuracy of 88.2%. The improvement was
likely due to the median’s ability to address outliers effectively, which enhances stability and prediction accuracy
in complex models like GBM, where imbalances in data can skew residual estimates during tree building. This
suggests that handling missing values is particularly impactful for tree-based models.

Oversampling using SMOTE had a strong positive effect, particularly for RF and GBM, which achieved the
highest accuracy of 90.5% after oversampling. This improvement is due to the classifiers’ capacity to leverage
diverse, balanced samples, enhancing its ensemble accuracy through reduced bias and variance across trees. In
contrast, NB, LogReg and DL did not show the same level of improvement, likely because NB assumes feature
independence, which oversampling does not directly enhance, and DL requires more complex adjustments, such
as architectural changes, to significantly improve performance. The Chi-Square feature selection method showed
varying impacts depending on the classifier. KNN, DT, RF, GBM, and DL achieved better accuracy with feature
selection on scaled data, while NC, SVM, and LogReg showed slight decreases. This variability suggests that certain
models, such as KNN, benefit from a refined feature space, which enhances their performance in high-dimensional
data by reducing noise. Conversely, NC’s resilience to feature selection is likely due to their innate handling of
feature importance, which can reduce sensitivity to less relevant features. Future work will explore various
weighting techniques and additional preprocessing, feature selection, and oversampling methods to refine
diabetes prediction in PIDD further.
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