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Diabetes is a chronic medical condition that has been causing severe public health challenges in not only Canada,
but the entire world, for as long as time immemorial, impacting millions of people and putting pressure on
healthcare resources. That said, conventional diagnostic procedures sometimes depend on few data points and
are prone to mistakes, resulting in premature action. Additionally, the sluggish adoption of modern machine
learning (ML) technologies in the healthcare industries might be due to their misunderstanding of the systems’

decision-making procedures. This study purports to fill that gap by looking at various machine learning (ML)
algorithms and applying them on the PIMA Indians Diabetes Dataset provided by the National Health Institute
of Diabetes and Digestive and Kidney Diseases with the aim of improving the validity of diabetes prediction and
diagnosis. Three types of machine learning classifiers are used: Tree-based, Function-based, and Rule-based.
Results have shown that Stochastic Gradient Descent (function), Logistic Regression (function), JRip (rules) and
Random Forests (trees) are among the top performing classifiers. They are judged based on different metrics,
such as accuracy, precision, recall, specificity, F-1 score, MCC, and ROC area. Despite performing well in almost
all the metrics, SGD’s low recall score shows that it is not the most optimal algorithm. Given that recall score is
prioritized in the context of clinical diagnostics, Random Forest emerges as a strong candidate due to its balanced

performance across key metrics.

1. INTRODUCTION

Diabetes is a chronic medical illness that affects millions
of individuals globally, posing considerable dangers that
could be fatal (Mousa et al., 2023). Furthermore, the
condition is incurable, and patients can only manage its
symptoms through expensive personalized treatment and
therapy. Identifying a person’s susceptibility to diabetes is
a huge undertaking. Early diagnosis and intervention will
hinder the progression of the disease while also helping
patients save on their medical bills. The traditional data
analysis method is not efficient in dealing with the
complexity and volume of data, which can lead to low
efficiency in disease diagnosis and patient management. In
relation to this matter, machine learning is a powerful
technology that could help with decision-making,
strengthen illness prediction, and thereby provide better
medical treatment to patients. (Davenport & Kalakota,
2019).

Machine learning is a branch of artificial intelligence; it
enables computers to learn from data and make predictions
using algorithms. It can identify hidden patterns which are
not obvious to human eyes. The ability to parse large,
complex data efficiently is one of the core factors helping
Al systems surpass humans in assessing the likelihood of
disease onset (Houngue & Bigirimana, 2022). According

to Iparraguirre-Villanueva et al. (2023), ML models have
proven to be accurate forecasters of diabetes’ growth.
These models can help with predicting the onset of
diabetes or liver disorders by analyzing the patient's
medical history, demographics, lifestyles and their genetic
composition. With this information provided by machine
learning, medical care can take preventive measures, make
medical treatment plans, as well as better utilize the
limited resources in healthcare.

To enhance treatment options and make healthcare more
accessible to the more unfortunate, an automated
computerized system is needed to diagnose diabetes. This
research will, therefore, tap into various approaches for
identifying diabetes mellitus using three classification
methods, such as trees, rule, and function-based. This
paper will further discuss the role of machine learning in
overcoming the challenges in healthcare, focusing on its
application in diabetes treatment. This study will highlight
how the effectiveness of these technologies improves
diagnosis accuracy and patient outcomes by reviewing the
existing literature and analyzing different machine
learning algorithms. In addition, we will discuss the
impact of said algorithms on healthcare workers, patients,
and decision-makers, highlighting why it is crucial to
apply these innovative technologies responsibly and
ethically in everyday practice.
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Many trees-based algorithms, namely random trees, J48
(C4.5 algorithm) and random forests can explain and
handle the complicated non-linear relationships with data.
It can generate decision rules that are easy for medical
practitioners to understand, which makes them especially
suitable for clinical settings. For the same reasons, rule-
based algorithms include methods such as RIPPER, OneR,
and PART aim to create human-readable rules from data.
These algorithms are widely used in medical settings
because they provide clear and actionable interpretations
to guide clinical decisions, particularly ideal in
environments which demand transparency and
explainability. Lastly, we have function-based algorithms
such as Logistic Regression, Stochastic Gradient Descent
(SGD), and Multilayer Perceptron (MLP), which are well
known for their high accuracy and ability to identify
critical patterns in large datasets. Their predictive power
makes them highly effective in detecting subtle signs of
disease that may be neglected by simpler models.

By comparing these algorithms, we aim to determine
which algorithm is the most effective one in predicting
diabetes diseases from a given dataset. The comparison
will be based on key performance metrics such as
accuracy, sensitivity/recall, specificity, precision, ROC
Area, and MCC. In doing so, we seek to identify the ML
algorithms with the best all-round performance in
prediction and practical application so that they can be
used effectively in correctly identifying positively tested
diabetic patients.

The rest of the paper is structured as follows: In section
three, the literature review will be covered, providing an
overview of the existing ML application in healthcare,
particularly in diabetes diseases. After that, a
comprehensive analysis and discussion of the classifiers
used in this study will be conducted, as well as the
comparison of different classifier performances across
various key performance metrics. Finally, section five will
summarize our findings and recommendations for ML
practical implementation and discuss the limitations of this
study while also mentioning how future studies are needed
to address these limitations.

2. LITERATURE REVIEW

A. Al in Healthcare Context

Al entails the techniques which enable computers to
mimic human intelligence, allowing them to acquire
knowledge from data and experiences while carrying out
complex tasks that would normally call for human intellect
(L. P. Nguyen et al., 2023). ML is a subset of Al
techniques that focuses on using statistical methodologies
to help computer systems improve with experiences.
Leveraging information from people’s regular physical
assessments can assist in producing a preliminary

evaluation, serving as an instrument for healthcare
professionals in early diagnoses and predictions.

The continual evolution of today’s world has brought
with it an exponential growth of data whose increased
availability makes them readily accessible for building Al
and machine learning (ML) algorithms. Within the context
of healthcare, the growing availability of data, coupled
with the ubiquity of smart devices and data-driven
resources, has made it easier for healthcare providers to
develop an accurate representation of a patient’s condition
over time, while also offering novel perspectives on
unprecedented cases (Kolasa et al., 2023).

As stated, modern technology and its automated
processes facilitate the handling of huge volumes of data,
making machine learning an ideal tool to help doctors and
other medical personnel make informed decisions.
Doctors can look into a patient’s illness using medical
measurements that include body temperature and arterial
pressure and prescribe remedies after having gone through
a series of iterative analyses (Bhat et al., 2023). Moreover,
Davenport and Kalakota (2019) asserted that ‘precision
medicine’ is the most applied machine learning model in
healthcare as it predicts which form of treatment is most
likely to be effective on a patient. This is evaluated based
on a vast collection of patients’ attributes, their previous
therapies, their family’s medical history, and the setting in
which they are treated. In addition, although a healthcare
practitioner and a Machine Learning algorithm can arrive
at the same conclusion based on the same information
given, the latter’s response rate is considerably much
faster, yielding results more efficiently, which enables
intervention to take place sooner (Javaid et al., 2022).
Javaid et al. (2022) further pointed out that ML techniques
are more favored because they reduce the possibility of
human error.

B. ML/AI in Diabetes Diagnoses

For a chronic metabolic condition like diabetes,
Artificial Intelligence (AI) technologies in the likes of
machine and deep learning serve a crucial role in
facilitating decision-making processes for healthcare
professionals (Chang et al., 2022; Baadel, et al. 2020). Not
only that, but they also help clinicians monitor and manage
their patients accordingly, aided by customizable
treatments in accordance to each and every patient’s health
record. Real life approaches see ML/AI use genomic data
to assess and predict diabetes risks and use electronic
health records (EHR) for diabetes diagnoses (Salazar-
Reyna et al., 2020).

In account for the prevalence of diabetes, several
machine learning algorithms, for instance Random Forest
(RF), Decision Trees (DT), Neural Networks, Logistic
Regression, and ensembles, have been proposed to detect
the condition risks early on, using features such as age,
blood glucose levels, body mass index (BMI), blood
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pressure, and other pertinent variables (Bhat et al., 2023).
Different methodologies are adopted by researchers to
diagnose and predict whether a patient has diabetes or not.
For instance, researchers Shetty et al. (2017) used KNN
and Naive Bayes methods for said prediction whereby they
input patient records via a software program to see
whether the person in question has the condition or not. To
add on this, Ahmed (2016) also leveraged patient records
and treatment plans to classify the disease through Naive
Bayes, J48, and logistic regression algorithms. Other
algorithms such as Random Forest, function-based
multilayer perceptron (MLP) have also proven to be
successfully applied in this regard after data
preprocessing, after which a correlation-based feature
selection process can be initiated to eliminate redundant
features (Alam et al., 2019).

1. Tree-based Models

The goal of developing a machine learning model that
can classify an individual’s condition based on the
occurrence of diabetes, which can be done using decision
trees. The algorithm follows a hierarchical structure made
up of branches, indicating qualities that impact the end
result, and nodes where various possibilities are
considered. Two categories are derived from this method:
classification and regression. According to Dudkina et al.
(2021), classification trees are more favored in medical
diagnostics because they organize symptoms in
accordance with the known target class. This form of
learning with labeled training - the known target class - is
referred to as supervised learning. To successfully
categorize data, the tree separates it into categories and
constructs sequences of "if... then..." rules (Dudkina et al.,
2021). The traversal through various branches helps the
computer to match the symptoms to the target class,
thereby predicting diabetes.

Evidently, decision-tree analysis was employed by
Chang et al. (2023) to determine the relationships between
risk variables that influence the levels of HbAlc, also
known as glycated hemoglobin in diabetic patients. The
researchers further found depression to be a core
component among type 2 diabetes patients. The decision
tree algorithm used in the study indicated three pathways
with risk features linked to poor blood glucose control in
patients with diabetes mellitus.

However, to improve upon this method with less
overfitting risks, Random Forest (RF) can be considered.
Random Forest entails a training process in which multiple
decision trees are aggregated to produce a single output.
This machine learning algorithm is particularly ideal for
medical diagnostics because of its ability to model
complex and multi-feature data. Additionally, there are
other reasons why this algorithm gains traction from the
healthcare industry. Haripriya et al. (2021) stated that RFs
are competent with both category and numerical data in
predictive tasks. Its integrated cross-validation capacity

allows features/predictors to be ranked accordingly, based
on the impact score they have on the dependent variable.
In the context of disease prediction, this function could be
advantageous for clinicians as they can discover which
predictor is affecting the outcome variable the most and
promptly act from there.

On a related note, Pal et al. (2022) investigated several
supervised learning algorithms for reliable diabetic
predictions. The study found that the Random Forest
model has the highest accuracy rate compared to the rest.
Allen et al. (2022)’s similar approach in using Random
Forest to diagnose type 2 diabetes mellitus also resulted in
a high accuracy score of 82%, outperforming traditional
statistical methodologies.

2. Rule-based System

Natural Language Processing (NLP) applications in
medical systems have been hailed as a critical component,
helping health services to fulfill the demands of
personalized healthcare. Berge et al. (2023) also
mentioned that in the 1970s, rule-based NLP systems
designed for retrieving structured clinical data from
narrative texts were implemented and have since been
effectively employed. That said, although this
methodology is proven to have a good accuracy record,
these systems may not perform well if terms appearing in
the narrative cannot be found in their lexicon. It must be
stated that the medical language contains multitudes of
jargons, technical terms, and grammatical structures, not
to mention abbreviations and incorrect spellings (Berge et
al., 2023). Hence, according to Jonnalagadda et al (2011)
for these systems to be effective at information extraction,
they must rely on clinical experts to verify the legitimacy
of deterministic rules, as well as to develop and maintain
the quality of medical lexical resources.

C. State of the Art Approaches in Diabetes Prediction

1. Deep Learning in Diabetic
Detection

In instances of detecting diabetic retinopathy (DR), deep
learning techniques have proven to be accurate and
effective in their diagnoses, far more superior and error-
proof compared to traditional manual methods. DR is a
chronic medical condition that requires early identification
to avoid grave consequences (Das et al., 2022).
Furthermore, according to Das et al. (2022), many studies
have shown that deep learning models surpass machine
learning algorithms when dealing with large and complex
datasets for better DR generalizations. Convolutional
neural networks (CNN) and ensemble learning methods
are some of the more popular approaches in this regard that
use retinal pictures to make early predictions. Recent
developments in CNNs have rendered them a popular
method in image classification using a hierarchy of
features (Xu et al., 2017). Through Xu et al. (2017)’s
study, the efficacy of this method was investigated based

Retinopathy
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on real retina data with results showing 94.5% accuracy,
the highest among prior handmade feature-based
classifiers.

In short, CNNs have a considerable advantage over
human feature selection approaches since they can extract
hierarchical features from raw images. They may identify
intricate patterns in data that human specialists or simpler
models may overlook. CNN designs, including ResNet
and VGGNet, are increasingly often employed in medical
image analysis (Mall et al., 2023). Early identification of
diabetic retinopathy can avert serious complications
including blindness. In this regard, CNNs' ability to detect
minuscule abnormalities in retinal scans far quicker than
standard approaches makes them a valuable tool in
diabetes control.

2. Hybridization of Deep Learning and Traditional
Methods

Hybrid models can be used to further enhance the
predictability and interpretability in diagnosing diabetes
through the combination of deep learning frameworks (for
example, CNNs) with classic machine learning methods
such as ‘Random Forest” or ‘Logistic Regression’. For
instance, Simaiya et al. (2022) conducted a novel,
multistage ensemble technique that blends neural
networks and decision trees for diabetes prediction,
demonstrating greater accuracy and recall than solo
models.

Such a hybridized approach can leverage deep learning’s
capacity to detect complicated patterns in unstructured
data (scans, images, genomic data, and so forth) while
utilizing more interpretable models for structured data,
offering a balanced mix of predictive accuracy and clinical
interpretability. In clinical settings, these hybrid models
can offer medical practitioners with a comprehensive yet
easy-to-understand decision framework and
simultaneously harness deep learning’s predictive power
to the fullest.

D. Al-powered Patient Care

The introduction of chatbots in healthcare services has
paved the way in medical communication, fostering
relationships between clinics and patients. The adoption of
Al, deep learning, and artificial neural networks in
chatbots technology helps the bots improve their ability to
deliver their services in a sensible and empathetic manner
(Siddique & Chow, 2021). For instance, chatbot systems
(for example, the Mandy and Nurse Chatbot) use Al-
powered natural language processing (NLP) to support
patient intake, offer assistance 24/7, and provide
personalized care through intelligent dialogue systems that
replicate human conversation.

Al and ML have become prevalent in radiology and
radiotherapy, most notably through chatbots and virtual
support networks (Siddique & Chow, 2021). NLP is

implemented in these systems to cluster patient data for
further analysis on patient behavior and clinical
parameters. Radiotherapy uses cloud computing and
machine learning algorithms, including Monte Carlo
simulations to enhance treatment planning and optimize
dosage computation, especially in demanding instances
like breast cancer.

E. Implications and Future Development

Within the context of diabetes prediction, early
detection of those at risk is critical for successful
intervention strategies. However, widespread diabetes
testing would be expensive, laborious, and stressful for
medical personnel (Chowdhury et al., 2024). Perhaps, one
of the more pressing concerns related to the use of AI/ML
healthcare is transparency. For instance, the application of
deep learning in image processing is complex and difficult
to interpret fully. If a patient is notified that a scan has led
to a severe diagnosis, they will want to know how this is
possible. Even healthcare professionals who are
accustomed to the workings of deep learning may struggle
to explain how they work (Davenport & Kalakota, 2019).

It must be stated that AI/ML is not completely error-free
and will likely make mistakes in diagnosis and predictions
but holding them accountable would be a challenging task.
Therefore, it is important that medical institutions develop
a coherent structure to monitor risks and set up proper
governance to prevent adverse outcomes from fully
realizing.

The most urgent matter in this regard is not so much
about determining the algorithms would be effective as
validating their adoption in routine clinical settings. For
ML to be widely accepted and thrive in medical
operations, the systems must be approved by governing
bodies, EHR-system incorporated, have a standardized
process, taught to healthcare workers, and updated
constantly (Davenport & Kalakota, 2019).

3. METHODOLOGY

The dataset in this study is taken from the Pima Indian
Diabetes Dataset, which is administered by the National
Institute of Diabetes and Digestive and Kidney Diseases.
The dataset consists of several diagnostics indicators,
featuring 768 instances across 9 features/attributes. The
predictors are as follows:

1. Preg- The number of times the subjects had been

pregnant.

2. Plas - Plasma glucose concentration level
measured 2 hours after consuming a glucose
solution.

Pres - Diastolic blood pressure in mmHG
Skin - Tricep skinfold thickness (mm)
Insu - 2-hour serum insulin

Mass - Body mass index

Pedi - Diabetes pedigree function

Nk W
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8. Age - Age of the subject measured in years

The aim of the study is to use all of the above-mentioned
attributes to predict the ‘Class’ of the patient. ‘Class’ is the
dependent variable divided into ‘tested positive’ and
‘tested negative’. To carry out the analysis, the data was
uploaded onto Waikato Environment for Knowledge
Analysis software, otherwise known as “WEKA’. All the
attributes are summarized in Figure 1 below.

preg plas pres

Mooood
0
class

b2 101
671

125

Figure 1: Dataset Summary Captured on WEKA

The findings were evaluated using seven metrics:
accuracy, precision, sensitivity, specificity, F-score, ROC
Area, and MCC (Matthew Correlation Coefficient). These
variables are created from the confusion matrix,
demonstrating the proportions of the actual and expected
result classes on the testing set. The formulas for the
metrics are as follows:

TP +TN

Accuracy = o e S
Precision = —— 2)
TP + FP
Recall = —= 3)
TP + FN
P TN
Specificity = previes 4)

F-1=2x Precision x Recall (5)

Precision + Recall

MCC = TPxTN — FPx FN (6)

J(Tp + FP)(TP + FN)(TN+FP)(TN+FN)

3.1 Data Pre-processing

Prior to training the models, data processing techniques
are used to significantly increase the overall quality of the

training. Data preprocessing is an important phase in the
information discovery process since quality data is the
cornerstone for improving decision making. This step
involved several strategies such as data normalization,
transformation, and reduction (see Feature Engineering).
From the dataset in Figure 1, one can see an imbalance
distribution between positive and negative classes, with
the former significantly outnumbered by the latter (500
versus 268). Such an imbalance might cause some biases
toward the majority class, resulting in better classifier
prediction for the majority than the minority class (Jadhav
etal.,2022). The data preparation process could be helpful
in improving model performance with imbalanced data.
Data normalization helps standardize feature magnitudes,
ensuring that features are on a comparable scale to
minimize the impact of the majority class on the training
process.

Moreover, given that the dataset's parameters are of
different scales, they must be normalized in order to
achieve a better outcome when executing the models. The
data was normalized with the aim of rescaling the
attributes to the range of 0 and 1. Normalization is
particularly apt when the data distribution is unknown or
not Gaussian (a bell curve), which is applicable in this
study (see Figure 1). The process was done on WEKA
using and applying the ‘Normalize’ filter.

Following normalization, the dataset was processed
through 10-fold cross validation (the default setting) and
nine algorithms based on tree, function, and rule-based
classifiers. Tree classifiers include ‘Random Forest’,
‘J48’, and ‘Random Tree’; Function classifiers consist of
‘Logistic Regression’ (Log Reg), ‘Multilayer Perceptron’
(MLP), and ‘Stochastic Gradient Descent’ (SGD);
whereas rules-based classifiers encompass ‘Java Repeated
Incremental Pruning’ (JRip), ‘One Rule’ (OneR), and
‘Partial Decision Tree’ (PART). Each algorithm was
tested 10 times (10 runs of 10-fold cross validation) using
various random number seeds. This yielded 10 slightly
varied outcomes for each assessed algorithm, a tiny
population that may be examined by statistical methods
later.

4. ANALYSIS AND DISCUSSION

This section will provide a comprehensive look into how
different machine learning algorithms perform on the
dataset. The classifiers are categorized into three types -
Trees, Function, and Rules. These classifiers’
performances were recorded in tabular form, using metrics
such as accuracy, sensitivity/recall, specificity, precision,
f-score, ROC, and MCC for assessing class label.
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Table 1. Performance of Tree-based Algorithms

Tree-Based Method

Random Random
Metric Forest J48 Tree
Accuracy 0.758 0.738 0.681
Specificity 0.836 0.814 0.746
Precision 0.754 0.735 0.684
Recall 0.612 0.632 0.560
F1-Score 0.755 0.736 0.682
MCC 0.458 0.417 0.303
ROC Area 0.820 0.751 0.653

Note: J48 - C4.5 Algorithm; MCC - Matthews Correlation
Coefficient; ROC - Receiver Operating Characteristic

Table 2. Performance of Function-based Algorithms

Function-based Method

Metric Log MLP SGD

Accuracy 0.772 0.754 0.78
Specificity 0.718 0.832 0.896

Precision 0.767 0.75 0.776

Recall  0.571 0.608 0.56
FI-Score 0.765 0.751 0.771
MCC 0.48 0.449 0.497

ROC Area 0.832 0.793 0.73

Note: Log - Logistic Regression; MLP - Multilayer Perceptron;
SGD - Stochastic Gradient Descent; MCC - Matthews
Correlation Coefficient; ROC - Receiver Operating
Characteristic.

Table 1 looks at the performance of Random Forest, J48,
and Random Tree classifiers. Random Forest is an
ensemble method that aggregates the outputs of multiple
decision trees to enhance the model’s accuracy while also
reducing overfitting. J48, also known as the
implementation of Quinlan’s 4.5 algorithm, is noted for its
ability to simplify decision trees and make them more
interpretable (Chang et al., 2022). Interpretability is a
crucial factor in explaining how a prediction or diagnosis
is reached and so, for this reason, J48 was considered for

this study. Random Trees is another straightforward
algorithm used in this study where each tree is constructed
by selecting random features. The simplicity of the model
makes it less computationally demanding than Random
Forest, which might be suitable for cases where quick
decision-decision making is required.

Overall, Random Forest emerges as the strongest
performer among all tree-based algorithms, ranking ahead
of J48 and Random Trees across almost all metrics, except
for Recall where it is bested by J48. Furthermore, its
ability to work with large feature spaces, as well as its
resistance to overfitting, makes it the preferable tree-based
model for this task.

However, comparing these findings to a comparable
study done by Bhat et al. (2023), it was discovered that
XGBoost and LightGBM, ensemble learning techniques,
outperform standard Random Forest due their superior
boosting techniques. By using XGBoost, their diabetes
prediction score was as high as 85% (Bhat et al., 2023).
These models are intended to handle big, imbalanced
datasets more effectively and provide quicker training
times than RF.

After testing the tree-based algorithms, function
classifiers were looked at - Logistic Regression,
Multilayer Perceptron, Stochastic Gradient Descent
(Table 2). Logistic Regression (LR) is a highly
interpretable model employing a linear combination of
input data to compute the final binary outcome, for
instance, having or not having diabetes. Conversely,
Multilayer Perceptron is tasked with modeling complex,
non-linear relationships between input features and output,
making it more ideal for detecting intricate particulars that
logistic regression might have missed. Finally, Stochastic
Gradient Descent (SGD) was considered for the
investigation due to its computational efficiency, as it is
capable of handling large datasets and high-dimensional
data (Fjellstrom & Nystrom, 2022). The algorithm’s high
scalability makes it applicable to a wide range of models,
from linear to neural networks.

Based on the results observed in Table 2, SGD is the top
performing algorithm for diabetes prediction. Its
performance is relatively high across almost all metrics,
scoring particularly well in Precision and Specificity, two
elements that are crucial in chronic health diagnosis
(Grabler et al.,, 2017). That said, Logistic Regression
nevertheless remains a good model due to its simplicity
and interpretability, achieving the highest ROC Area
score. Although MLP’s scores are the lowest among all
function classifiers, the algorithm still shows promise
thanks to its relatively high recall score in relation to the
other two classifiers. Its low performance in other aspects
might suggest that this dataset is not large enough to fully
make use of its capabilities.

As observed, one can see that the function-based method
might have performed better than the tree-based. These
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three function classifiers, especially SGD, can deal with
high dimensional data. However, when comparing them to
deep learning models, they are not quite effective. This can
be seen in a study done by Xu et al. (2017) who reported
that they achieved an accuracy score of over 94% when
implementing CNNs to diagnose diabetic retinopathy
from retinal pictures. Nevertheless, SGD's scalability and
speed are some of its perks. In contrast, deep learning
models, while more powerful, would typically require
more computer resources and are less interpretable.

Table 3. Performance of Rule-based Algorithms

Rules-based Method

Metric JRip OneR PART
Accuracy 0.76 0.715 0.753
Specificity  0.856 0.866 0.844
Precision 0.755 0.703 0.747
Recall 0.582 0.433 0.582
F1-Score 0.755 0.699 0.748
MCC 0.457 0.334 0.441
ROC Area 0.739 0.649 0.794

Note: JRip - Java Repeated Incremental Pruning to Produce Error
Reduction; OneR - One Rule; PART - Partial Decision Trees;
MCC - Matthews Correlation Coefficient; ROC - Receiver
Operating Characteristic.

Table 3 above shows the performance of three rules-
based algorithms - JRip, OneR, and PART. These
algorithms are particularly beneficial in situations when
interpretability and simplicity are essential. They generate
simple decision rules for healthcare predictions in various
contexts. The first among them is JRip, an efficient rule-
learning algorithm that builds sets of rules on association
principles and reduced error pruning (Simaiya et al.,
2022). It strikes the right balance between the model's
complexity and predicted accuracy, a critical aspect in
medical diagnostics where accuracy and interpretability
are equally vital. The second rule classifier is OneR, which
creates a single rule according to the characteristic with the
highest classification accuracy. It evaluates each attribute
individually and picks the one that produces the greatest
results. This method is highly interpretable, and its
simplicity makes it easy to apply. Lastly, PART is also
referred to as ‘Partial Decision Tree’, an algorithm that
incorporates components of decision trees and rule-based
classifiers. As its name might suggest, PART develops

partial decision trees, which are subsequently converted
into a set of rules.

Based on the results indicated in Table 3, JRip performs
the best in most metrics, achieving the highest scores
among all the rules-based classifiers in accuracy,
precision, F-1 measure, and recall (same score as PART),
making it a fine choice for diabetes diagnosis where
balanced performance is deemed necessary. OneR has the
highest specificity score but falls short in other metrics.
Meanwhile, PART scores the highest on the ROC Area,
which highlights its ability to distinguish between positive
and negative cases. From this observation, it can be
deduced that JRip and Part high performances are
attributable to their complex algorithms compared to
OneR. JRip’s iterative pruning enables it to make better
generalizations, evidenced by a balance of accuracy and
precision, whereas PART’s hybridization of partial
decision trees and rules-based learning provides enough
flexibility to deal with complex data.

Table 4. Comparative Performance of All Algorithms

Tree-Based Method Rule-based Method Function-based Method

Random Random
Metric | Forest | J48 Tree JRip, OneR | PART | Log MLP SGD

Accuracy | 0.758 | 0.738 | 0.681 0.76 0715 | 0.753 | 0.772 | 0.754 | 0.78

Specificity | 0.836 | 0.814 | 0.746 0.856 0.866 | 0.844 | 0.718 | 0.832 | 0.896

Precision | 0.754 | 0.735 | 0.684 0.755 0.703 | 0.747 | 0.767 | 0.75 | 0.776

Recall 0.612 | 0.632 0.56 0.582 0433 | 0.582 | 0.571 | 0.608 | 0.560

F1-Score | 0.755 | 0.736 | 0.682 0.755 0699 | 0.748 | 0.765 | 0.751 | 0.771

Mcc 0458 | 0417 | 0.303 0457 0.334 | 0441 | 048 | 0449 | 0497

ROC Area| 0.82 | 0.751 0.653 0.739 0649 | 0794 | 0.832 | 0.793 | 0.73

In terms of the three methods’ overall performance,
function-based classifiers, such as Logistic Regression
and SGD slightly edge ahead of the trees and rules-based
methods, offering high accuracy and F-1 scores that
signify a great balance between precision and recall.
‘Rule-based Method’ stands out with respect to
interpretability. JRip and OneR create rules that are easy
to understand but also have enough complexity to handle
intricate patterns. This interpretable factor is of great
value in clinical diagnostics where understanding the
basis for a prediction is critical. Lastly, with reference to
robustness, Random Forest, which is the best performing
classifier in the tree-based method, can also be
considered given its adeptness at handling complex
datasets with very minimal chance of overfitting.

As for comparing each individual classifier across all
methods, it is evident that SGD, Stochastic Gradient
Descent, emerges as the most effective algorithm based
on the metrics’ comprehensive overview. It achieves the
highest scores in nearly all metrics, except for Recall and
ROC Area. Yet, the algorithm’s high specificity and
precision minimize the likelihood of false positives, but
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its sensitivity/recall remains doubtful compared to other
algorithms.

After SGD, Logistic Regression is another excellent
algorithm in the function-based method, especially given
its large ROC Area, which implies its effectiveness in
identifying diabetes and non-diabetic patients (true
positive and false positive cases). It also has a higher
recall score than SGD, which is deemed the most
important metric in medical diagnosis,

In instances where the simplicity of rules is valued,
JRip proves to be the best alternative. Within the context
of healthcare, particularly when one must account for the
degree of which the model will be applied in practice,
JRip is most likely the best choice because of its
interpretability, which is extremely useful for medical
decision-making. However, if predictive performance is
prioritized, Random Forest should also be considered
with reference to its higher Recall and robustness, a
factor that is exemplified by the larger ROC Area.

Accuracy and Precision Performance

08
0,78
0,76

0,74
0,72

0,7
0,68
0,66
0,64
0,62

MLP SGD

Random Jag Random JRip OneR PART Log
Forest Tree

mAccuracy m Precision

Figure 2: Accuracy & Precision Performance

In terms of accuracy, SGD, Logistic Regression, JRip
are the top 3 performers, scoring 0.78, 0.772, 0.76,
respectively. This means that these three algorithms can
predict the correct outcome. However, accuracy alone
can be misleading, especially within the context of
medical diagnosis where there are many other crucial
factors that need to be considered, such as Recall,
Specificity, F-1, and Precision. For precision, these 3
algorithms remain as top performers, indicating that
when a diabetic case is predicted as positive, the
prediction is likely correct.
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JRip
Random Tree

Jag

]
3
o
E]

Random Forest

°
o
=

0,2 03 04 05 06 0,7

= Recall

Figure 3: Recall Performance

J48 and Random Forest are most effective at identifying
positive diabetic cases, considering their high recall scores.
Surprisingly, despite performing well in accuracy and
precision, SGD’s recall is lower than expected as this
suggests that this algorithm might misclassify many
diabetic cases (false negatives). This metric is particularly
important in disease prediction because it minimizes the
probability of false negatives—when a diabetic patient is
mistakenly identified as non-diabetic, possibly leading to
the condition left untreated (Government of Canada, 2023).

F1-Score Peformance

0,771
0,765

o076 0755 0,755

0,66 0,682

Random Jas Random JRip OneR PART Log MLP SGD
Forest Tree

Figure 4: F1-score Performance

SGD once again comes out on top with the highest F1-
score, seconded by Logistic Regression, and then JRip.
This implies that these algorithms maintain a balance
between precision and recall. On top of this, as referred to
the ROC Area performance in Figure 6, Logistics
Regression yet demonstrates a strong performance with
the largest ROC Area (0.832), showing its capability at
identifying true positive cases and false positive cases.

Random Forest;

SGD; 0,73; 11% 0,82;12%

. - 129
MLP; 0,793; 12% 148; 0,751; 11%

Random Tree;

Log; 0,832;12% 0,653; 10%

JRip; 0,739;11%
PART; 0,794; 12%

OneR; 0,649; 9%

Figure 5: ROC Area Performance

4.1 Feature Engineering

Feature engineering is the process of choosing,
transforming, and producing useful input features from
raw data for supervised machine learning (Patel, 2024).
For evaluating whether the machine learning model could
be improved by feature selection, ‘InfoGainAttributeEval’
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was chosen as an evaluator employed to rank the
usefulness of the features.

The following features were ranked in order:

Plas, mass, age, insu, skin, preg, pedi, and pres.

The attribute score above shows that plasma glucose
concentration level is the most critical feature in
diagnosing diabetes. Based on research, type 2 diabetes
can develop as early as four to seven years of age before a
clinical diagnosis (Gurung et al., 2024). The plasma
glucose level can be used as the basis for monitoring the
disease and predicting complications among Type 2
diabetic patients. On a related note, the American Diabetes
Association (n.d.) has established the limits for
prediabetes (100-125 mg/dL fasting) and diabetes (>126
mg/dL). For this reason, it is not unexpected that this
attribute is placed first, as it serves as the foundation for
diabetes diagnosis.

The second most important feature is ‘Body Mass
Index’. This is particularly the case when obesity is often
deemed as a key risk factor for Type 2 diabetes (Daley &
Yashi, 2023). BMI is an indicator of body fat based on
height and weight. A high BMI score is closely associated
with an increased risk of being diagnosed with diabetes.
The condition elevates insulin resistance, immobilizing
the body’s cells’ ability to respond to insulin, resulting in
increased blood sugar levels. Research done by Ganz et al.
(2014) shows that people who score more than 30 on their
BMI are much more likely to develop Type 2 diabetes.

Ranked behind BMI is ‘Age’. Research has shown that
the likelihood of developing diabetes grows with age
(Mordarska & Godziejewska-Zawada, 2017). Clinical
studies have shown that people over the age of 45 have a
high risk of developing diabetes (Flores et al., 2020). This
is attributable to the insulin secretion deficit and insulin
resistance that develop with age and changes in body
composition.

Next is the ‘Insu’ feature, which stands for 2-hour
Serum Insulin, that measures an individual’s insulin levels
following a 2-hour glucose tolerance test, showing how
the body might react to glucose. Insulin levels found in
insulin-resistant individuals are usually high because the
pancreas has to overwork to produce more insulin to
overcome the resistance (Wilcox, 2005). However, insulin
production may decrease over time as the pancreas loses
effectiveness. Tracking this alteration can be vital for
detecting prediabetes and Type 2 diabetes.

Ranked fifth is the ‘Skin’ feature that uses skinfold
thickness as a baseline for measuring body fat percentage.
Its lower ranking may be because skinfold thickness is not
as direct or effective a predictor of diabetes as BMI, which
provides a more comprehensive picture of a person's
weight in relation to their height. Skinfold thickness may
give supplementary information, although it is not usually
a primary factor in diabetes risk assessment.

The last three attributes are 'Preg’ (pregnancy), ‘Pedi’
(diabetes pedigree function), and ‘Pres’ (diastolic blood
pressure) show that they are not significant in predicting
diabetes. Although their attribute scores are low, they help
add context to the model in fine-tuning the prediction,
especially certain subgroups such as older individuals and
women with a history of gestational diabetes.

Overall, the ‘Info Gain Evaluator’ facilitates better
understanding of the features’ influence on the outcome
variable. Judging from the evaluator, feature °‘Plas’
(plasma glucose concentration level) is ranked first with
the highest score, whereas feature ‘Pres’ (diastolic blood
pressure) comes last. The Random Forest classifier was
used as the basis for the study to see whether the removal
of the lowest score feature would improve the model’s
performance.

4.2 Feature Reduction Analysis

= Stratified cross-validation ===
== Summary ===

Correctly Classified Instances 582 75.7813 %
Incorrectly Classified Instances 186 24,2188 %
Kappa statistic 0.4566

Mean absolute error 0.3106

Root mean squared error 0.4031

Relative absolute error 68.3405 %

Root relative squared error 84.5604 %

Total Number of Instances 768

=== Detailed Accuracy By Class ==

TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PRC Area Class
0.836 0.388 0.801 0.836 0.818 0.458  0.820 0.886 tested_negative
0.612 0.164 0.667 0.612 0.638 0.458 0.820 0.679 tested_positive

Weighted Avg. 0.758 0.310 0.754 0.758 0.755 0.458 0.820 0.814
=== Confusion Matrix ===
a b <— classified as

418 82 | a = tested_negative
104 164 | b = tested_positive

Figure 6: RF’s Performance Before Feature Removal

=== Stratified cross-validation ===
=== Summary ===

Correctly Classified Instances 586 76.3021 %

Incorrectly Classified Instances 182 23.6979 %

Kappa statistic 0.4664

Mean absolute error 0.3153

Root mean squared error 0.4081

Relative absolute error 69.3804 %

Root relative squared error 85.6197 %

Total Number of Instances

=== Detailed Accuracy By Class ===
TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PRC Area Class
0.844 0.388 0.802 0.844 0.823 0.468 0.814 0.891 tested_neg
0.612 0.156 0.678 0.612 0.643 0.468 0.814 0.669 tested_pos

Weighted Avg. 0.763 0.307 0.759 0.763 0.760 0.468 0.814 0.813

=== Confusion Matrix ===
a b < classified as

422 78 | a = tested_negative
104 164 | b = tested_positive

Figure 7: RF’s Performance After Feature Removal

As evident from the above figures, the performance of
Random Forest slightly improves across almost all fronts.
The recall score also increases, signifying the model’s
stability in fighting against misclassification. Although the
ROC Area decreases marginally from 0.820 to 0.814, it
nevertheless suggests that feature reduction does help
streamline the model without compromising its predictive
ability. After this was done, other algorithms were
immediately tested to see if they would have the same
outcome as Random Forest.
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Aside from Random Forest, feature reduction has proven
advantageous to J48 and Logistic Regression with slight
improvement in key areas. Conversely, SGD and JRip do
not have any gain from said process but rather experience
a marginal drop in performance. This might be due to their
reliance on the complete feature set in order to perform
optimally.

From this one can see that rule-based classifiers, such as
JRip and OneR, are most impacted by feature engineering
because they rely on simple, interpretable rules, making
them very sensitive to feature significance. Tree-based
classifiers, prime example being Random Forest, see an
improvement partly because of how they can take
advantage of feature significance within their frameworks.
Function-based classifiers, such as Logistic Regression,
benefit from feature reduction since it simplifies the model
and prevents overfitting, whereas SGD and MLP are more
resistant to feature engineering, although feature reduction
still improves performance.

5. CONCLUSION

In conclusion, this research has efficiently investigated
the functionality of various machine learning algorithms
in predicting and diagnosing diabetes. The primary goal
was to investigate 3 machine learning methods — trees-
based, rules-based, and function-based — to find the most
optimal algorithm for clinical use. While SGD, a function-
based algorithm, scores high in almost all the metrics, its
low recall score is a major pain point since misclassifying
diabetic patients (increasing the likelihood of false
positives) poses grave danger in healthcare context,
resulting in the disease being left untreated. Logistic
Regression and Random Forest may be strong candidates
in this case because of their more balanced performance.
Logistic Regression, with its large ROC area, high
precision, accuracy, and F-1 measure, is good for
accurately identifying diabetic and non-diabetic patients
across different thresholds. However, Random Forest’s
robustness and well-balanced metrics, and most
importantly high recall score, make it an optimal classifier
in a case like this where false positives must be reduced at
all cost for early intervention.

Key features such as plasma glucose concentration, body
mass index, and age were the top three most influential
predictors in the dataset, thereby demonstrating their
usefulness in assessing risks of diabetes. Feature
engineering was also conducted by assessing the
significance of each feature on the outcome variable. This
process has proven that by modifying or removing a
feature of low significance, the model’s performance can
be slightly improved. The ‘Info Gain Attribute Eval’
method was employed and proved effective in using
feature reduction to stabilize classifiers’ performances
through relevant attributes.

The findings in this study have great implications for
clinical diagnostics. Machine Learning classifiers, as
shown throughout this study, can help identify diabetic
patients. With early on identification, doctors can provide
these patients with personalized treatment and improve
their quality of life. However, despite these findings, there
are a few limitations that should be noted. To start, this
dataset might not accurately reflect the general population
since it is leaned more toward a specific group of people
(Pima Indians). This shortcoming may impair the model's
ability to generalize for other groups of patients.
Moreover, although the dataset is comprehensive, it might
have overlooked other attributes that are more applicable
to other demographics.

Therefore, future studies must address the above-
mentioned constraints to improve the machine learning
classifiers’ credibility and make them applicable to real-
world healthcare practice. For instance, other health-
related datasets with comparable features to those in this
can be used and assessed to broaden the scope of this
study. On the same note, further research on this subject
should attempt to incorporate as many data points as
possible from the same group of patients over time. Doing
so may culminate in the building of a sophisticated
prediction and diagnosis model for diabetes intervention.
According to Agliata et al. (2023), such an advanced
model could be accomplished through complex pattern
and context identifications, as well as neural network
technologies — for example, Long-Short-Term Memory
Models.
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