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Abstract

Healthcare experts have been employing machine learning more and more in recent years to enhance
patient outcomes and reduce costs. In addition, machine learning has been applied in various areas,
including disease diagnosis, patient risk classification, customized treatment suggestions, and drug
development. Machine learning algorithms can scrutinize vast quantities of data from electronic health
records, medical images, and other sources to identify patterns and make predictions, which can support
healthcare professionals and experts in making better-informed decisions, enhancing patient care, and
determining a patient's health status. In this regard, the author opted to compare the performance of three
algorithms (logistic regression, Adaboost, and naive bayes) through the correct classification rate for
diabetes prediction in order to ensure the effectiveness of accurate diagnosis. The dataset applied in this
work is obtained from the Vanderbilt university institutional repository and is publicly available data.
The study determined that three algorithms are very effective at prediction. Mainly, logistic regression
and Adaboost had a classification rate above 92%, and the naive bayes algorithm achieved a

classification rate above 90%.

Keywords: Algorithms, Classification, Confusion Matrix, Diabetes, Machine Learning.

Introduction

Diabetes is a dangerous disease that occurs as a result
of an imbalance between blood sugar and the
hormone insulin'2. As a result of this disease, it is not
possible to use sugar as it should, so blood sugar
begins to spin freely in the blood. After a period of
time, damage to the blood circulation in the body
may occur and the disease may become fatal in the
long run because it will seek to destroy the blood
vessels and organs Fig 134 So, diabetes is a
malignant disease and is usually observed after
stability in the body. There are a set of symptoms,

including urinating more frequently than usual often
at night, excessive thirst, sudden weight loss, severe
hunger, lack of vision (blurred), skin problems (itchy
skin), fatigue, and weakness. When insulin hormones
are not secreted in a balanced manner, the body will
make a serious effort to remove sugar from the blood,
and thus the patient will feel exhausted and weak >”.
Weakness is one of the major symptoms of diabetes,
as the body constantly loses water in the cells and is
in intense activity, which can lead to fainting &1,
After that, the patient reaches the stage of continuous
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and unreasonable depression, as well as tension, as
this stage leads to the generation of sudden outbursts
of anger, which is one of the most noticeable
symptoms of diabetes. Moreover, there is another
type of diabetes, known as hidden diabetes %12,
where physicians and healthcare professionals define
it as the first stage of diabetes, and the symptoms are
unclear. Therefore, recognizing this disease at this
stage and taking precautions will facilitate treatment
and prevent the disease from developing and
spreading in the body. The most notable signs of the
onset of this stage and the most well-known are
excess weight, continuous sweating, sleep
disturbances, and the constant desire to eat sweets.

Tiny blood vessels leak
fluid into the retina

/‘\ Healthy blood vessels /a\

Normal Eye ye with Retinopathy

Figure 1. The eye of a healthy person vs. the eye
of a person with diabetes 3.

In general, statistics indicate an increase in people
with diabetes. For instance, in the International
Diabetes Federation (IDF) annual report in 2021
about the statistics of this disease, as it was
mentioned in this report that 537 million adults live
with diabetes, and their ages are between 20-97
years; where 1 in 10 people worldwide are affected
by this disease. These statistics are expected to
increase by 2030 to 643 million people, and to more
than 780 million people by 2045. Also, this report
stated that this disease causes expenditures of at least
966 billion dollars annually, an increase of 316%
over the past fifteen years 3. In a study by Sharmaet

al. ¥4, they indicated statistically that the prevalence
of type 2 diabetes had doubled in the United
Kingdom from 2.39/1000 people in 2000 to
5.32/1000 people in 2013. The region's population is
counted in the London Borough of Hackney (United
Kingdom). It was found that 40% of them are from
the ethnic minority group, as they discovered the
highest prevalence of type 2 diabetes in the black and
Asian groups *%. Obesity is one of the most
common causes of diabetes. Thus, physicians and
healthcare workers advise people with this disease to
constantly seek to lose excess weight in order to
achieve a cure for diabetes or not to develop this
dangerous disease for people who are not infected
and have a hefty weight . In addition, there are
surgeries that help patients lose weight, and these
operations have been widespread recently in many
countries around the world. These are called bariatric
surgeries. A study carried out by Rebelos et al. *°
evaluated the importance of these surgeries and their
influence on weight loss for people with type 2
diabetes. The data of 312 obese people who
underwent surgeries were analyzed, and their body
weight was monitored for 1, 2, 3, 4 and 5 years in
regular ambulatory visits to them and; the numbers
are as follows 269, 312, 210, 151, 105, in each year,
respectively. Their study found that there is a slight
effect on reducing the level of disease after bariatric
surgery. Understanding the mechanisms that lead to
weight loss can prevent this disease. Abbott invented
a device that monitors blood sugar levels in people
with diabetes without needing backup finger prick
tests and is approved by the US Food and Drug
Administration %, There are many ways to monitor
the level of sugar, glucose and insulin, as well as
these mechanisms are linked with the smartphone
through applications or personal computer Fig 2.
Companies are constantly seeking to develop these
devices and move away from traditional methods.

&1 E -

Figure 2. Blood sugar, glucose, and insulin monitoring devices [downloaded from Google].

Physicians and healthcare workers seek to take
benefit of the capabilities of artificial intelligence

techniques in diagnosing medical datasets and
making a proper decision regarding the patient's
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health condition 222, Artificial intelligence
techniques have proven to have an influential role in
health services in recent years due to insufficient
human resources and the increased workload.
However, the areas of application of these techniques
in healthcare are very hourly and have the ability to
analyze extensive data. Governments and
organizations aspire to grow these techniques and
rely on them in determining and making health
administrative  decisions. In addition, these
techniques study datasets' behaviors and prepare
performance reports for family medicine,
hospitalization, surgery, diagnosis, prediction, etc.
These techniques are gaining popularity and the
satisfaction of many healthcare workers day by day.
Considerable studies are constantly being conducted
on the practices of these techniques and their effects
in diagnosing medical datasets such as heart disease,
COVID-19, cancer diseases, etc 2*?’. Concisely,
artificial intelligence contributes to the development
of health and administrative services, reducing the
costs of surgeries and reducing human-caused errors.
As mentioned above, one of the most important
branches of artificial intelligence, which is machine
learning, is used in the implementation of this work.
Machine learning is an important part of artificial
intelligence because it has a set of algorithms that
have the ability to predict and diagnose all medical
data and study its behavior and extract important
features from it. The following are contributions to
the current study:

- Obtaining a publicly available data set from
Vanderbilt university, which is stored in the
Vanderbilt biostatistics datasets site. This set
includes data from 403 people diagnosed with
and confirmed to have diabetes. A glycosylated
hemoglobin >7.0 is often taken as a positive
diagnosis of diabetes.

- Inorder to analyze this dataset, machine learning
algorithms were used that have the ability to deal
with this type of data. Notably, picked three
different algorithms — logistic regression,
Adaboost, and naive Bayes — based on their
practicality for this task and their established
performance in similar contexts. This is to make
a comparison between these algorithms through
prediction practices and obtain the most
profitable  performance through  metrics:

accuracy, recall, specificity, precision, F1-score,
MCC, and AUC.

- Checking the performance of the applied models
during the cross-validation value. Also, compare
the practices of these algorithms through the
effects of correct prediction and incorrect
prediction of the testing data.

The rest of this article is organized as follows:

Section Two briefly reviews some literature through

the applied algorithms and the accuracy effect

obtained. Section Three is divided into two parts; the
first part discusses the dataset that is employed in this
work is discussed, and the second part explains the
algorithms that have been applied and their
significance along with their major equations.

Section Four describes the evaluation metrics used,

evaluates the performance of the three models,

mentions the results, and shows the most profitable

performance. This article concludes with Section 5

and the last, with a set of conclusions about the

behavior of these algorithms and conducting future
work.

Literature Survey
This section reviews the literature on using machine
learning algorithms to predict diabetes mellitus
through dataset analysis. The review will concentrate
on the algorithms employed and the consequent
accuracy metrics. By highlighting these factors, we
hope to gain a better understanding of the
effectiveness of these algorithms in predicting
diabetes mellitus. Kumar et al., 28 conducted a study
using a Pima Indian diabetes dataset to evaluate the
performance of multi-layer feedforward neural
networks (MLFNN), random forests, and naive
Bayes algorithms. These algorithms are employed to
handle missing values and enhance classification
accuracy. The study indicated that the MLFNN
algorithm  performed satisfactorily, with a
classification accuracy of over 84%. Mujumdar and
Vaidehi conducted an investigation to predict
diabetes utilizing a dataset of 800 records and ten
attributes, including glucose level, number of
pregnancies, skin thickness, blood pressure, insulin,
BMI, job type, age and effect. To achieve this, they
applied six machine learning algorithms: AdaBoost,
gradient boost, random forest, logistic regression,
extra trees, and linear discriminant analysis. After
analyzing the results, they found that the AdaBoost
classifier performed the best, reaching an accuracy of
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over 98%. Their analysis emphasizes the possibility
of machine learning algorithms in predicting
diabetes and suggests practical insights into the
effectiveness of distinct algorithms in this field 2°.
Olisah et al. ® conducted a study using machine
learning algorithms to predict and diagnose patients
with diabetes mellitus. They employed datasets from
PIMA Indian and LMCH diabetes, involving six
algorithms to the diagnostic diabetes patients’
dataset. The study found that the 2GDNN model had
the highest performance, reaching a classification
accuracy of over 97%. In a study executed by
researchers Khanam and Foo 3! on the application of
machine learning algorithms in the prediction of
diabetes. The dataset for this study includes more
than 760 patients with nine traits taken from the UCI
machine learning repository. These researchers were
able to highlight the performance of the algorithms
and get high accuracy of more than 88% achieved by
the Artificial neural network algorithm. In addition,
this study includes a complete analysis of the Pima
Indian Diabetes (PID) dataset. Another study tested

Experimental Setup

Intro to dataset

In this article, a diabetic dataset is collected from the
Vanderbilt university institutional repository. The
dataset comprises information on 19 variables
associated with 403 patients. This dataset originally
consisted of 1,046 individuals interviewed to study
the prevalence of obesity, diabetes, and
cardiovascular risk factors in central Virginia for
African Americans. Through this survey, it was
found that only 403 people are actually suffering
from diabetes. The data utilized in this article is
accessible to the public since the latest update, done
by Frank E. Harrell Jr., was in December 2002 34, In
addition, there are 15 out of 19 different variables
associated with the factors mentioned above. In this
study, 70% of the dataset has been set aside for use
as training data, while the remaining 30% has been
designated as testing data. The statistical
characteristics of the dataset utilized are illustrated in
Table 1. The dataset comprised a set of variables
which encompassed age, weight, height, gender,
cholesterol, glucose, high density lipoprotein,
cholesterol/HDL ratio, glycosylated hemoglobin,
location, frame, systolic blood pressure, diastolic

the ability of the learning algorithms to predict
diabetes. Zou et al. 32 apply the application of three
(decision tree, random forest and neural network)
algorithms in predicting diabetes from a data group
of more than 164,000 instances and 14 attributes
collected from the hospital physical examination
data in Luzhou, China. They concluded that the best
performance is the random forest by achieving an
accuracy of more than 80%. There is also literature
on the use of machine learning to predict diabetes
through a set of medical images, where Math and
Fatimato conducted a study 3 using adaptive
machine learning techniques to classify diabetic
retinopathy images. They proposed a segment-based
learning approach for detecting diabetic retinopathy
and trained a convolutional neural network (CNN) to
work with the dataset at a segment level. The results
showed that the ROC curve exceeded 96%, and also
more than 96% for both sensitivity and privacy,
respectively. Other literature is summarized and
compared with the current study in Section 4.

blood pressure, waist, and hip ratio. Fig 3 illustrates
a histogram of some of the variables. Moreover, the
number of patients whose health status was assessed
in this study is 403 patients, which includes 42%
males (N = 169) and 58% females (N = 234). Fig 4
shows a significant correlation between the glucose
and cholesterol variable. These variables (glucose
and cholesterol) have a significant impact on human
health and the incidence of diabetes. Wu et al.
conducted research analyzing the impact of [-
carotene on humans with impaired glucose
metabolism and rats with type 2 diabetes. The
findings of the study suggest that elevated levels of
glucose in the bloodstream can induce apoptosis of
cardiomyocytes, cause dysfunction of the heart,
inhibit the proliferation of fetal cardiomyocytes, and
consequently contribute to the development of
diabetes. Hodkinson et al. *¢ carried out an analytical
investigation to examine the influence of lipoprotein
cholesterol on individuals who have heart disease or
are vulnerable to cardiovascular disease. The study
involved over 20,000 adults and encompassed 42
trials. According to the effects, cholesterol plays a
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role in the development of heart disease and diabetes,
highlighting its influence on human health. Fig 5
shows the correlations between all variables.
According to the color scale, the correlation between
the bars close to the red color is increased, while the
correlation unhurriedly decreases in the colors
towards blue. Machine learning algorithms are
generally distinguished in their ability to deal with
complex, high-dimensional data sets while
integrating features and interactions among them to

extract accurate results and determine the patient's
condition. In addition, the effectiveness of machine
learning algorithms in classifying diabetes depends
on several factors, including features, data quality,
and evaluation metrics employed. In other words, to
get higher evaluation metrics effects, the data quality
must be high with more features in order to train the
machine learning algorithms sufficiently and
improve performance.

Table 1. Dataset details

S. No. Variables (Name & Label) Range Storage Units Mean # Std.
1 Age 19-92 Double Years 46.85+16.31
2 Weight 99-325 kg Double Pounds  177.59+40.34
3 Height 52-76 cm Double Inches 66.02+3.91
4 Gender Male=1 Integer - -

Female=0
5 Cholesterol (chol) 78-443 mg/dl Double - 207.84+44.44
6 Stabilized Glucose (stab.glu) 48-385 mg/dI Double - 106.67+53.07
7 High Density Lipoprotein (hdl) 12-120 mg/dl Double - 50.44+17.26
8 Cholesterol/HDL Ratio (ratio) 1.5-19.3 Double - 4.52+1.72
9 Glycosolated Hemoglobin 2.68-16.11 Double . 5.58+2.24
(glyhb)
10 Location Buckingham=0, Louisa=1 Integer - -
Small=1, medium=2,
11 Frame | _ Integer - -
arge=3
1p  Systolic B'OOdZE)ressure (bp.1s, 90-250 mmHg Double - 136.90+22.74
13 Diastolic B'Oog dF;reSS“re (bp.1d, 48-124 mmHg Double : 83.32+13 58
14 Waist 26-56cm Double Inches 37.9045.72
15 Hip ratio 30-64 Double Inches 43.03+5.65
All information is taken from the same repository
4 hdl H glyhb

## chol
H# stab.glu

i Al

Figure 3. Histogram of some Variables
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The algorithms

Machine learning is commonly used to classify
medical data as it can effectively manage vast
amounts of data and extract pertinent information
from it 3%, Medical data typically exists in different
forms, such as images, texts, signals, and structured
data. For this specific study, the focus is on text data,
and three algorithms are operated to perform the
training and testing processes and assess the
performance of these algorithms. Directly, these
algorithms will be described in a simplified manner
as follows:

Logistic Regression algorithm

Logistic regression is one of the most popular
machine learning algorithms concerned with binary
classification. This algorithm involves predicting a
binary outcome based on one or more input
variables, which is why it was employed in this work.
In diagnosing medical data, this algorithm is utilized
to predict whether a patient will have a medical
condition based on clinical variables and related
variables. In other words, this algorithm is to model
the probability of a binary outcome (e.g., the
presence or absence of a disease) utilizing a logistic
function. The logistic function takes a linear
combination of input variables and plots it as a
probability value between 0 and 1. This probability
value can then be used to predict the binary outcome.
Before employing the logistic regression algorithm
on the medical dataset, specific preparation and
processing steps must be carried out. These include
addressing any missing values, standardizing input
variables, and converting categorical variables into
numerical ones. Once the data is prepared, this
algorithm can be utilized to train on this data, and
then the performance of the algorithm is measured
based on a set of metrics such as accuracy, precision,
recall, and F1-score. This algorithm assumes that the
input variables are linearly related to the output
variable and that the relationship is constant across
the range of input values. In the event of any
deviation from this assumption, the algorithm may
behave more like a decision tree algorithm or neural
network. Furthermore, this algorithm presupposes
that the data are independent and similarly
distributed, which may not be true for all medical
datasets. During the work, the sigmoid function is
used to convert the dot product of the input features

and model weights (w) into an expected predicted
value between 0 and 1. Eq. 1 represents the sigmoid
function. While Egs 2 and 3 are used to find the cost
function and parameter update, respectively. Fig 6
shows a simplified schematic diagram of the logistic
regression algorithm with a threshold value.

1
flx) = ey oo 1

Jw) = (TY/m) * [y * log(h()) + (1 -
y)log(1— f(x))] + (lambda) * sum(w?)...... 2

2m

w=w — alpha * dw ................. 3
Where:

z is dependent variable, x;, x5, x,, are independent
variable, and wy, w,, w,, are coefficient of slope.

Z = WgXg+ WXy + WXy + WXy, Xo = 1&
Wy = bais or intercept

m is the no. of samples, y is the actual target,
lambda is regularization parameter.

alpha is the learning rate. The model weights are
updated iteratively until the cost function converges
or the maximum number of iterations is achieved.

Logistic Regression

y 4
4+ O . ..... ' ..... ‘ ......
Threshold Value
4+ o0o0000000O ....;
X
Figure 6. Logistic regression in binary dataset

separation

Adaptive Boosting algorithm

AdaBoost (short for Adaptive Boosting) is one of the
machine learning algorithms preferred for
classifying the medical dataset. This algorithm is
characterized by its group learning which combines
many weak learners to create a strong classifier. A
group of weak classifiers is trained on the medical
dataset. These classifiers are in the form of decision
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trees, logistic regression models, or any other type of
classifier. Subsequently, a weight is assigned to each

instance in the dataset. The weights are set to 1/n,
where n is the number of instances in the dataset. The
algorithm estimates the error rate for each weak
classifier. This rate is used to determine the weight
of the classifier in the final group, and to recognize
the classifiers with the lowest error rate and provide
them with less weight. Besides, the weak classifier is
trained on the updated dataset, and this strategy is
repeated until all the weak classifiers are trained.
Also, this algorithm aims to merge weak classifiers
with one robust classifier by giving weights to each

weak classifier based on its performance situation.
Algorithm 1 illustrates the steps of executing this
algorithm with an explanation. This algorithm is
applied in many medical applications due to its
excellent ability to predict the probability of
developing diseases, such as heart disease, breast
cancer diagnosis, and Alzheimer's disease detection.
That is why it is used in this work in the classification
of diabetes. As with any machine learning algorithm,
it is crucial to carefully evaluate the performance of
the model on the specific medical dataset used, and
to interpret the results in the context of medical
knowledge and experience.

Algorithm 1: AdaBoost steps

Step 1: Input: Dataset D = {d,,d,, ....., d,},

Step 2: Initialize weights: set the weights of all instances in the training set to w(i) = 1/n, where n is the

number of instances in the dataset.

Step 3:Fort = 1 — T, where T is the no. of weak classifiers to be combined:
- Train a weak classifier: Train a weak classifier h(t) on the training set using the current weights.
Compute the error: Compute the weighted error of the weak classifier on the training dataset,
E(@) = sum(w(i) * I(y(D)! = h(t)(x(1))))
where y(i) is the true label of the i — th instance in the dataset, x(i) is the feature vector of the i —
th instance, and I() is the indicator function that returns 1 if the condition in the brackets is true and

zero otherwise.

- Compute the classifier weight: Compute the weight of the current classifier,

alpha(t) = 5 + log((1 ~ E(O/E(®))
- Update the instance weights: Update the weights of all instances in the training dataset,
w(i) = w(i) * exp(—alpha(t) * y(@) * h(t)(x(1)))/Z
where Z is a normalization factor that ensures that the weights sum up to 1.
Step 4: Output— Compute the final classifier: Compute the final classifier as a weighted combination of the
weak classifiers, H(x) = sign(sum(alpha(t) * h(t)(x))).

Step 5: End (the outcomes)

Notice: In the above equations, h(t)(x) represents the prediction of the t — th weak classifier on the input
instance x, and H(x) represents the prediction of the final classifier on the input instance x. The sign function
returns +1 if the argument is positive or zero, and -1 otherwise.

Naive Bayes algorithm

One of the most popular machine learning algorithms
that is employed in data classification tasks,
including the classification of medical datasets. This
algorithm is based on Bayes' theorem, which is a
fundamental concept in probability theory. Within
the work steps, this algorithm supposes that the
features are present in the dataset and are
independent of each other, so this algorithm has been
named naive. The algorithm has demonstrated
excellent performance across multiple applications
and is extensively utilized in various scientific
investigations, primarily for classifying medical
datasets. Initially, this algorithm requires working on

a disaggregated medical records dataset. These
records contain a set of features such as (age, gender,
blood pressure, symptoms, etc.) and a corresponding
label indicating the medical condition (such as
disease, non-disease, or specific disease type). Next,
the prior probability for each category is computed.
This possibility is to show the occurrence of each
category before looking at any data. For instance, to
clarify, if a dataset contains 100 medical records and
30 of them are primarily classified as people with a
particular disease, the prior probability for this
category is 0.3. The next step is to calculate the
conditional probability for each feature in each
category. This step is done by calculating the
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frequency of each feature in the records to belong to
each category. To obtain the conditional probability,
is accomplished by dividing this frequency by the
total number of records with the category label. After
getting the prior and conditional probabilities for
each category and feature in the dataset, each class is
calculated with a serious set of features. To achieve
this, the method entails multiplying the category's
prior probability with the conditional probabilities of
every  characteristic  within  that category.
Subsequently, the result is standardized to guarantee
that the probabilities sum up to 1. During the last
stage, the newly generated record can be allocated to
the category with the highest likelihood. Practically,
this algorithm is proficient in the medical dataset's
classification process. Regrettably, they do have
limitations, particularly when the assumption of
feature independence is not satisfied or when there
are complex interactions between features. In these
cases, more advanced machine learning techniques
may be required. In this scenario, this algorithm has
proven to have an outstanding performance in
classifying small data. Eq 4 computes the probability

Results and Discussion

This section will cover the effects that were achieved
by employing machine learning algorithms,
specifically logistic regression, Adaboost, and naive
bayes. Subsequently, the performance of these
algorithms will be considered and compared. The
Python environment is used to implement this work,
as it is a well-liked programming language in the
field of machine learning. This language has a set of
libraries (including TensorFlow, Keras, PyTorch,
and Scikit-learn) that provide pre-built and
customizable models for a wide range of machine
learning tasks. Moreover, this language provides a
wide range of tools, simple syntax, and cross-
platform compatibility, allowing developers to create
powerful machine learning applications quickly and
efficiently. Using algorithms, the dataset is divided
into 70% training data and 30% as testing data, with
learning performed for each algorithm with no

of a class given an instance or data point. Probability
calculations are accomplished by Eq 5.

P(c|x) = P(x|c) * P(c)/P(xX)eeeviueenan.... 4

P(clx) = P(c) * P(x1lc) * P(xz|c) * P(x3lc) *
L o €7 o) IO 5

Where:

P(c|x) is the posterior probability of class ¢ given
the instance x.

P(x|c) is likelihood which is the probability of
instance x given class c.

P(c) is the prior probability of class c.

P(x) is the prior probability of instance x.

P(x;|c) is the conditional probability of feature x;
given class c.

n is the total number of features.

The main benefit of the above equations is to train
the algorithm on the dataset and make predictions
about new data points. This algorithm calculates the
probability of each class for a unique data point and
gives the class with the highest probability as the
predicted class.

scaling of the data. The compilation and validation
process of each algorithm is repeated 10 times and
the average values are taken into account. All
algorithms using the training data utilize a cross-
validation value (k = 5). The decision threshold is
set at 0.5, which allows setting the sigmoidal output
to classify the data into two classes, and the learning
rate (1) is 0.1. The training of the model stopped
when the highest accuracy is achieved. After
processing the dataset to eliminate duplicates and
missing values, only 390 records remained, split into
273 records (70% training data) and 117 records
(30% testing data) Fig. 7,8 illustrates a map of the
working mechanism in implementation. In addition,
Fig 9 illustrates that the confusion matrix was
employed to identify four fundamental metrics for
each algorithm. The primary objective of this matrix
is to evaluate the algorithms' predictive capabilities.
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Figure 7. Split a dataset into 70% training and 30%o testing data.
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Figure 8. The working mechanism in implementation.

Classical mathematical formulas are utilized to
consider the performance and predictive abilities of
the algorithms by assessing their accuracy, recall,
specificity, precision, Fl-score, and MCC (See
formulas 6 to 11). These formulas are essential tools
for evaluating the performance of machine learning
algorithms because they provide a quantitative
method for evaluating the quality of predictions and
comparing performance to determine which works
better. Thus, the use of these formulas is crucial to
ensure that the algorithms are both dependable and
practical in their respective applications. Moreover,
the AUC-ROC (Area Under the Receiver Operating
Characteristic Curve) metric is used to measure the
algorithm's ability to distinguish between positive
and negative classes through the true positive rate
(TPR) against the false positive rate (FPR) at

different threshold values. A high score on this
metric means that the algorithm performs
satisfactorily in distinguishing between positive and
negative classes, while a low score indicates
inadequate performance.

Prediction
1 0

Actual

Figure 9. Confusion matrix form.
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Accuracy = TPATN
Y = IN+TP+FN+FP

TP
TN+TP

Specificity =

Recall =
TN

TN+FP
TP

TP+FP

© 00 N O

Precision =

Precision* Recall
F1 —score =2 % —— 10

Precision+ Recall
(TP+*TN)—(FN*FP) 11

Mce = J(TP+FN)*(TN+FP)+(TP+FP)*(FN*TN)

Information:

Accuracy— The percentage of models predicting
correctly.

Recall— The percentage of positive data is predicted
to be positive.

Specificity—» The percentage of actual negatives
accurately diagnosed.

Precision— The percentage of data predictions as
positives is correct.

F1-score—> The harmonic means of precision and
recall.

Matthews correlation coefficient (MCC)— is a
calculation of the correlation between the predicted
and actual classifications.

Formulas 11 and 12 are mainly employed to find the
false positive ratio (FPR) and false negative ratio
(FNR):

_1_ specificity

FPR =1 - (P2LEY) 11
14 sensitivity

FNR =1 - (Z2522) 12

After conducting the tests, it was noticed that the
algorithms' practices lead to excellent performance
through the accuracy metric, which is the motivation
for evaluating the performance of machine learning
algorithms. The logistic regression algorithm

demonstrated accurate classification by achieving an
accuracy rate of 92.5%. Similarly, the AdaBoost
algorithm achieved an accuracy rate of 92.5%, which
was very close to the logistic regression algorithm.
On the other hand, the Naive Bayes algorithm
exhibited very good accuracy, surpassing 90.5%,
which is the best score. However, its performance did
not match that of the logistic regression and
AdaBoost algorithms. Logistic regression was able
to correctly predict 108 individuals out of 117 of the
testing data. The Naive Bayes algorithm correctly
predicted 105 individuals out of 117 of the testing
data. The AdaBoost algorithm achieved correct
predictions for 106 individuals out of 117 in the
testing data, with a maximum of ten estimators
chosen for the algorithm. The algorithms are trained
to stop when the highest accuracy was attained.
Regarding the algorithms' performance based on the
AUC metric, the logistic regression algorithm
displayed remarkable capability in distinguishing
between classes. It earned a score of 85%, which was
the highest among the algorithms based on this
metric. The AdaBoost algorithm also proved its
proficiency to distinguish between categories as it
achieved a score of 80%. On the other hand, the naive
bayes algorithm exhibited the lowest performance in
this regard, with a score of 70%. Now, all algorithm
results will be displayed in the form of tables and
figures. Figs 10 to 12 exhibit each algorithm's
confusion matrix and the AUC. Table 2 provides an
overview of the performance evaluation of all
algorithms employed in this study, whereas Table 3
displays the correct and incorrect predictions of each
algorithm. Finally, Fig 13 illustrates a comparison of
the algorithms' performance based on Accuracy and
AUC metrics. Table 4 compares the current study
findings with a set of published literature.
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Figure 10. Logistic Regression
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Figure 11. Naive Bayes: (a) confusion matrix and (b) ROC.
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Figure 12. AdaBoost: (a) confusion matrix and (b) ROC.
Table 2. Performance results of all algorithms applied.
Evaluation metrics
Algorithms Accuracy Recall Specificity  Precision  F1-score MCC AUC
Logistic regression 92.5% 95.9% 72.2% 95% 95.4% 77.6% 85%
Naive Bayes 90.5% 97.9% 44.4% 90.7% 94.2% 67.8% 71%
AdaBoost 92.5% 95.9% 61.1% 93.1% 94.5% 72.9% 80%

Boldface values indicate highest performance group.
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Through the table above, it is clear that the practices Table 3. Correct and incorrect prediction for
of the linear regression algorithm give effects in all each algorithm
metrics that are the highest among all other Alaorith Sredich
. . . rithm rediction
algorithms except for the recall metric, which go S ecictio
q h f d | h Correct Incorrect
enotes the per(_:entage 0 atg samples t at_ are Logistic regression 108 9
perfectly recognized as belonging to the positive Naive Bayes 105 12
category, as it achieved a result of more than 95 %, AdaBoost 106 11
which is a remarkable effect. Still, it is not the highest
compared to the Naive Bayes algorithm, which
gained a recall level of more than 97%.
EEEN Accuracy AUC Linear (AUC)
100.00%
90.00% I
80.00% b
70.00% L
. 60.00%
§ 50.00%
O 40.00%
30.00%
20.00%
10.00%
0.00%
Logistic regression Naive Bayes AdaBoost
Algorithms
Figure 13. Algorithms performance by Accuracy and AUC metrics.
Table 4. Comparison of the proposed algorithms with other works.
Authors Year Algorithms Best Accuracy  Recall  Precision  Specificity Fl- Dataset
effect score
Zouetal,® 2018 DT RE.en RF 885%  97.4% - 81.4% - Hospital
Maniruzzaman RF, LR, MI, UCI
" 2018 PCA, AV, and RF 92.2% 95.9% - 79.7% .
etal., FDR Repository
Alametal, 2 2019 ANNRFand 757%  75.0% - 29.0% - ucl
K-MC Repository
S"’a;?”ﬁ”' & 2000  SVM+PCA SVM 81.4% 82% 83% - - Kaggle
K-NN, DT,
Hasanetal, ® 2020 RriAdaBoost —AdaBoo g5 78904 - 93.4% i uel
NB, and st Repository
XGBoost
Fusion
Nadeemetal.* 2021 SVM and ANN of 94.6% 89.2% 94.1% 97.3% - NHANES
SVM- and Kaggle
ANN
AdaBoost, ucl
Lailaetal.,* 2022  Bagging, and RF 97.1% 97.1% 97.1% - 97.1% .
RF Repository
SVM-linear,
Kaur and RBF, k-NN, o o o o UcCl
Kumari 4 2022 ANN, and SVM 89% 87% 88% i 87% Repository
MDR.
Vanderbilt
. LR, NB, and 0 0 0 0 0 i i
This work AdaBoost LR 92.5% 95.9% 72.2% 95% 95.4% university
repository
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Conclusion

The primary purpose of this article is to reach the
performance of the three algorithms and to determine
the most suitable performance. The effects are
reached based on two main metrics accuracy and
AUC. The results indicate that the logistic regression
algorithm achieved the highest level of accuracy. At
the same time, the AdaBoost algorithm also showed
a powerful performance with accuracy that is
comparable to the logistic regression algorithm. As
for the logistic regression algorithm, it had a high
ability to distinguish between categories through the
AUC metric, which is considered the highest
compared to other algorithms. However, the
accuracy metric remains the most important in
machine learning, which limits the algorithm's ability

Nomenclatures

to make correct predictions in patient data and assist
in decision-making. Based on this analysis, it can be
concluded that the logistic regression algorithm
delivers the most acceptable level of performance.
Indeed, all metrics analyzed of the logistic regression
algorithm in this study are the most elevated
compared to other algorithms. In contrast, the naive
Bayes algorithm showed the poorest performance
among the algorithms, despite its high recall. This is
evident from its low accuracy and AUC, indicating
its inflexible ability to differentiate between classes.
In the future, other models will be used to study their
behavior in analyzing diabetic datasets and reaching
performance between them.

Acronym Description
Al Acrtificial intelligence
AUC Area under the ROC Curve
CART Classification and Regression Tree

DT Decision Tree

K-NN K-Nearest Neighbors
LDA Linear Discriminant Analysis
LR Linear Regression
LR Logistic Regression
ML Machine Learning
NB Naive Bayes
RF Random Forest
ROC Curve  Receiver Operating Characteristic Curve
SVM Support Vector Machine
UCl University of California Irvine
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