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Abstract: The early diagnosis of type 2 diabetes mellitus (T2DM) will provide an early treatment
intervention to control disease progression and minimise premature death. This paper presents
artificial intelligence and machine learning prediction models for diagnosing T2DM in the Omani
population more accurately and with less processing time using a specially created dataset. Six
machine learning algorithms: K-nearest neighbours (K-NN), support vector machine (SVM), naive
Bayes (NB), decision tree, random forest (RF), linear discriminant analysis (LDA), and artificial neural
networks (ANN) were applied in MATLAB. All data used were clinical data collected manually from
a prediabetes register and the Al Shifa health system of South Al Batinah Province in Oman. The
results were compared with the most widely used Pima Indian Diabetes dataset. Eleven clinical
features were taken into consideration for predicting T2DM. The random forest and decision tree
models performed better than all the other algorithms, providing an accuracy of 98.38% for Oman
data. When the same model and number of features were used, the accuracy obtained with the Oman
dataset exceeded PID by 9.1%. The analysis showed that T2DM diagnosis efficiency increased with
more features, which is of help in the case of many missing values.

Keywords: K-nearest neighbours (K-NN); support vector machine (SVM); naive Bayes (NB); decision
tree; random forest (RF); linear discriminant analysis (LDA); artificial neural network (ANN); type 2
diabetes mellitus (T2DM); Pima Indian Diabetes (PID) dataset; machine learning (ML)

1. Introduction

Non-communicable diseases (NCDs) are estimated to comprise 72% of all deaths in
Oman. Type 2 diabetes mellitus is the fourth most common reason for death, according to
the World Health Organization and World Health Matrix [1]. An early diagnosis of T2DM
can prevent further medical complications such as heart disease, kidney failure, retinopathy,
depression, and hypertension [2]. The Institute for Health Metrics and Evaluation (IHME)
in Washington presented data on the worldwide burden of 369 diseases and injuries in 204
nations between 1990 and 2019 in 2020. Non-communicable and injury YLDs (years lived
with disability) accounted for more than half of disease burdens in 11 countries in 2019.
From 24% in 1990, Oman’s T2DM cases climbed to 49% [3]. By 2025, Oman’s T2DM rate
will climb 174% from 10.4% to 21.1% in those over 20 [4].

Numerous bioinformatics researchers have sought to forecast T2DM and to develop
tools and systems that will aid in forecasting. The accuracy rates achieved by various
techniques ranged from 77.86% to 95.7%. They either developed prediction models util-
ising a variety of machine learning algorithms, such as association or classification al-
gorithms [5-11], deep learning [12], data mining [13], or a combination model [14]. To
improve accuracy, researchers have attempted to build models with classifiers that have
not been used or that combine different classifiers [8,15]. Many of the studies in the field of
diabetes prediction have used the publicly available Pima Indian Diabetes dataset [16]. This
paper presents a methodology to increase the prediction accuracy of T2DM by using our
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dataset collected in Oman. The diagnosis system shown in this paper analyses two different
diabetes datasets: the PID dataset and the Oman dataset, in which eight and eleven clinical
features were applied, respectively. The Oman dataset was raw data that the authors
gathered manually from Oman’s primary and secondary care systems. It was collected
after ethics approval was obtained from the Ministry of Health Research Centre in Oman.
It was used for the first time in this research. It follows the ministry of health’s guidance
in diagnosing T2DM. After pre-processing, the valuable features of both datasets were
selected and then classified using seven classification techniques: K-nearest neighbours
(K-NN), support vector machine (SVM), naive Bayes (NB), decision tree, random forest,
discriminant analysis classifier (DAC), and artificial neural network.

The proposed models aim to increase the classification accuracy of T2DM diagnoses
for the Omani population. The data collection process is illustrated in Figure 1. Related
studies were addressed, and dataset creation and cleaning were carried out. The data
pre-processing was carried out, and variable selections were decided. The dataset was
then split into training and testing sets. The seven algorithms were implemented using the
MATLAB platform; the dataset was trained and validated. Accuracy, sensitivity, specificity,
and precision results were obtained and explained using a confusion matrix. The results
were compared with similar state-of-the-art approaches from other researchers who have
used the PID dataset.
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Figure 1. Dataset creation.

2. Literature Review

Past studies have focused on diagnosing diabetes using the PID dataset, and few have
used private clinical datasets [17-27]. Many Al techniques have been used to develop a
predictive model. Various researchers have used ML algorithms to predict diabetes to
achieve the best and most accurate results [28,29].
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However, none of the research studies reported below described the data pre-processing
step implemented on the dataset nor explained how they dealt with the noise found in the
dataset. They presented the results and accuracy obtained by the J48 decision tree classifier
as 73.82%. K-NN (k = 1) classifiers and RF disclosed the highest accuracy percentage of
100 after pre-processing the data. Yuvaraj and Srirachas [30] proposed an application for
diabetes prediction employing random forest, decision tree, and naive Bayes. They used the
PID dataset after its pre-processing. They described the data-gathering technique utilised
to pick the pertinent features. They barely used eight of the thirteen potential primary
qualities. Additionally, they allocated 70% of the dataset for training and 30% for testing.
The findings showed that the random forest method had the best rate of accuracy, 94%.

Deepti and Dilip [31] used the same dataset to determine which classifier from the
decision tree, naive Bayes, and SVM selection could achieve the highest accuracy in detect-
ing T2DM. The partition of the dataset was made by employing 10-fold cross-validation.
Accuracy, precision, recall, and the F-measure were used to describe the performance. The
naive Bayes obtained the highest accuracy, reaching 76.30%.

Mercaldo et al. [32] used six different classifiers: J48, multilayer perceptron, Hoeffding
tree, random forest, JRip, and Bayes net. However, they employed the greedy stepwise and
best first algorithms to determine the discriminatory attributes that helped to increase the
classification prediction. These attributes were diabetic pedigree function, plasma glucose,
and age. Dataset validation was applied using 10-fold cross-validation. The classifiers
were compared based on the F-measure, precision, and recall value. The findings of the
Hoeffding tree algorithm indicated that the accuracy value was 0.75, the recall value was
0.76, and the F-measure was 0.75.

Nai-arun et al. [19] linked a diabetes risk calculation. Four well-known machine learn-
ing classification techniques—decision tree, artificial neural systems, logistic regression,
and naive Bayes—were examined to meet the goal. Bagging and boosting processes are
used to strengthen structured models. The random forest calculation produced the best
results of all methods tested.

Zou et al. [27] examined the diabetes diagnostic dataset. Luzhou, China’s hospital
physical examination data were used. The dataset included 220,680 patients and 14 char-
acteristics. A total of 151,598 (69%) were diabetic, whereas 69,082 (31%) were controlled.
They used PCA and minimal redundancy maximum relevance (mRMR) to minimise di-
mensionality and K5 cross-validation methodology to analyse the data. They classified
diabetic patients using three classifiers: DT, NN, and RF. The RF-based classifier had the
greatest classification accuracy of 80.84%.

M. Maniruzzaman et al. [33] developed a machine learning (ML)-based method to
detect diabetes patients using logistic regression (LR) to identify risk variables based on
the odds ratio (OR) and p-value. They forecast diabetes patients using four classifiers:
Adaboost (AB), decision tree (DT), random forest (RF), and naive Bayes (NB). Three parti-
tion protocols—K2, K5, and K10—have also been used in 20 trials. Accuracy (ACC) and
area under the curve (AUC) assessed these classifiers. They used diabetes data from the
2009-2012 National Health and Nutrition Examination Survey. LR model shows that 7
of 14 risk factors for diabetes include age, BMI, education, diastolic BP, systolic BP, total
cholesterol, and direct cholesterol. The overall accuracy of the ML-based systems is 90.62%.
The proposed LR-feature selection and RF-based classifier provide 94.25% ACC and 0.95
AUC for the K10 protocol.

F. Saberi-Movahed et al. [34] introduced a Dual Regularised Unsupervised Feature
Selection Based on Matrix Factorisation and Minimum Redundancy (DR-FS-MFMR). DR-
FS-MFMR eliminates duplicate features. To achieve this goal, the fundamental feature
selection issue is stated in terms of two aspects: (1) the matrix factorisation of the data
matrix in terms of the feature weight matrix and the representation matrix, and (2) the
correlation information connected to the chosen features set. Then, two data representation
features and inner product regularisation criteria are added to the objective function to
improve redundancy reduction and sparsity. Nine gene expression datasets are used to
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test the DR-FS-MFMR technique. The computational findings show that DR-FS-MFMR is
efficient and productive for gene selection.

3. Materials and Methods
3.1. Dataset

The data of this study were hard copy records of a total of 921 Omani patients, as
shown in Figure 2, including 169 with diabetes and 752 non-diabetes. These data were
collected manually from 21 Omani health centres, including 14, three extended health
centres, and four local hospitals in the South Batinah region (see Figure 1). The Directorate
of General Health Services in South of Al Batinah was chosen as the data source because
their screening program includes the young age groups targeted by this study.

Total Gender Ratio

I Ferale Male

Figure 2. Dataset distribution.

The research started by obtaining ethical approval from the Ministry of Omani Health
to obtain the final dataset. Then, the prediabetic records of 920 patients from 21 polyclinics
and health centres in Al Batinah South Governorate were collected. The second stage was
then initiated to fill in the missing variables and features and check the data’s validity.
Access to all the patient records registered under the South Al Batinah General of Health
Services was granted through the Al Shifa system [35]. The researcher had to analyse every
patient’s data individually and compare them with the Al Shifa system data. Any missing
variables in the patient’s hard copy records were filled by utilising the patient registry
in the Al Shifa system. However, if the individual’s information was missing (from the
hard copy and Al Shifa system), they were recorded as an empty variable. The process of
converting patient-by-patient data into an Excel file and every single hard copy into figures
and tables, then verifying the data one by one through the Al Shifa system, was undertaken
over six months.

Throughout these stages, there was help and support from a physician who is an
expert in diabetes and had a prediabetes clinic, which was made available. Finally, a dataset
of 921 Omani patients was selected to be compared with the most used PID dataset. The
two datasets were created using the same approach. Table 1 presents the data collected
in the prediabetes register, a record used in a dedicated clinic for a non-communicable
disease screening program. Table 2 shows the diabetes mellitus scoring form, a survey
completed by any patient over the age of 20 who visits a health centre for a regular check-
up and is mandatory for patients over the age of 40, according to the ministry of health
guidelines. The total score, as explained in Table 2, determines the diabetes risk level, i.e.,
if patients show a score of >8, they will be at a high risk of T2DM and will be examined
within three months by a dedicated team that includes a diabetes doctor, nutritionist, and
nurse. The patient will then usually be referred to a polyclinic or a hospital for further
laboratory investigations. This process is carried out to help avoid T2DM at the earliest
stage. The model has eleven clinical features (see Table 3). The data types were categorical
and numerical. The register aims to enable patients with a high risk of T2DM to obtain
medical aid at the earliest possible stage. Figure 2 illustrates the dataset’s total number of
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T2DM and non-diabetes patients. The distribution of the dataset in terms of gender was
30% male and 70% female.

Table 1. Prediabetes register (patient data).

S/N Patient Data Details Notes

° First-degree relative
with DM

° Other clinical
conditions with
insulin resistance *
H/O CVD **
HTN on therapy or
BP >140/90

° HDL < 0.90 mmol/L

or TAG 2.82 mmol/L

Women with PCOS ***

Physical inactivity

Women with H/o

GDM N4

1 Risk Factors

BP-R

BP-L

Height (cm)

Weight (kg)

BMI

Waist circumference
(cm)

Right side

) E inati .
Xamination Left side

FBS

FBS

Cholesterol 1st reading

TAG Repeat reading

LDL By (MDRD)
Creatinine If indicated

E GFR If indicated

HbA1C By using WHO/ISH
OGTT risk prediction chart
Cardiovascular risk

score

3 LAB

Pre-DM

Pre-HTN *
Obesity

Central obesity
Renal impairments
Dyslipidaemia

4 Problem List

DM register (No.)
HTR (No.)
Other, specify (No.)

* Acanthosis nigricans, severe obesity, ** cardiovascular diseases, *** polycystic ovary syndrome, **** history of
gestational diabetes in any previous pregnancy, * **** hypertension.

Patients develop
disease transfer to
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Table 2. Diabetes mellitus scoring form. If the total score is <5: annual follow up. If the total score is
>5 and <8: follow up every six months. If the total score is >8: follow up every three months.

Symbol Are You at Risk for Diabetes? Screening Type Score
<40 years. 0
4049 years 1
2
1 How old are you? 50-59 years 2
>60 3
Woman 0
?
2 Are you a man or a woman? Man 1
3 If you are a woman, have you been Yes 1
diagnosed with gestational diabetes? No 0
4 Do you have a mother, father, sister, or Yes 1
brother with diabetes? No 0
. >5.6 and <6.1 0
5 =
5 What is your blood glucose level currently? >6.1 and <7 1
. . . Yes 0
6 Are you physically active (30 min/5 days)? No 1
Normal weight 0
. . Overweight 1
?
7 What is your weight category? Obese 2
Morbidly obese 3

If the total score is <5: annual follow up. If the total score is >5 and <8: follow up every six months. If the total
score is >8: follow up every three months.

Table 3. Oman feature selections.

Symbol Features Type
1 Gender Categorical
2 Age Numeric
3 Risk factor (0-8) Categorical
4 Dias’coli(cn‘t:ir(ilc;c}g fressure Numeric
5 Height (m) Numeric
6 Weight (kg) Numeric
7 Waist circumference (cm) Numeric
8 Total cholesterol (mmol/L) Numeric
9 Fasting( rﬁﬁi?/i §1ucose Numeric
10 HbAlc Numeric
11 Outcome Categorical

3.2. Variable Selection

The covariates were selected based on the Omani diagnosing DM and expert con-
sultation system. The patient is referred to the diabetes clinic if two readings of fasting
blood sugar are >7, which is mainly used in well-being clinics; random blood sugar > 11
(which is rarely used); or two readings of HbA1C that are >6.5, with a time interval of
3 months. The reserved variables included age above 20, gender (two categories: male and
female), and risk factors (eight categories: first-degree relative with DM). Other clinical
conditions included insulin resistance, cardiovascular diseases, hypertension on therapy
or BP > 140/90, HDL < 0.90 mmol/L or TAG 2.82 mmol/L, women with PCOS, physical
inactivity, women with a history of GDM, body mass index, height, weight, waist circum-
ference (cm), total cholesterol (mmol/L), and fasting plasma glucose (mmol/L) with the
outcome measured as yes = 1 vs. no = 0. Figure 2 shows the total number of patients
was 921, with 169 diagnosed as diabetes patients and 752 as non-diabetes patients. The
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Oman dataset includes all clinical tests and features found in the PID dataset except for
one feature difference. In the Oman dataset, the waist circumference was used instead of
the triceps skin-fold thickness. Moreover, the Oman dataset contained all genders. It has
both categorical and numeric (double) predictor parameters, see Table 3.

While patients in PID dataset are all females of Pima Indian heritage at least 21 years
old. All predictor parameters are numerical (double). The processed data define the PID
dataset as having the following parameters:

The total number of pregnancies;

Glucose: a two-hour oral glucose tolerance test’s plasma glucose concentration;
Blood Pressure: diastolic blood pressure (mm Hg);

Skin thickness: triceps skin fold thickness (mm);

Insulin: 2-h serum insulin (mu U/mL);

BMI: body mass index (kg/m?);

Diabetes pedigree function;

Age: age (years);

Outcome: class variable (0 or 1).

RN N o e

3.3. Data Processing and Cleaning

The processing data are essential for exploratory statistical analysis and further inves-
tigation of the model training phase. The more relevant data are processed, the more it
would impact the feature analysis and produce a better predictive result at the time of the
training data and testing. The following processes were applied:

3.3.1. Finding Missing Values from the Dataset

The Oman dataset presented in Figure 3a shows that gender has no missing value, but
waist circumference and the HlbAlc have more missing values than the other categories.
While processing the PID dataset, it was observed that there was no such missing data from
the process see Figure 3b. Therefore, half of the operations were skipped as it had all the
necessary data in the feature.

Total Mising Data Values

Total Mising Data Values 1
300 ¢ T T T T T T T

250 f
05 1

N
8

Total Counts
o

Total Counts
@
8

100 - 0.5 g
50 |
-1 L s
R RS2 & R %“"\ o P
o 0P o5 s o2 oM
0 2 o) QF QA \S 2%
3 % e o o ) e oV  <e®
P@‘xe\‘@(:«o T o o 9 @e‘eoimo\é« o o W _F o Qe°‘g
< e
o 3
\Na\%\ 0‘\3‘06
(a) (b)

Figure 3. Total missing values in Oman dataset and Pima Indian dataset. (a) Oman dataset, (b) Pima
Indian dataset.

3.3.2. Data Pre-Processing The First Step Was for Data to Merge with Similar Categories

The data gender value was a merger of two categories {’female’} {"male’} instead of
four categories: {"Female’} {‘Male’}{’female’},{'male’}. After that, the categorial values were
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converted to numeric by using Group to index value, which helps to group absolute values
into an index value. For gender, male is 1 and female is 2.

The second step was filling in the missing values. By using the “Ismissing” method [36],
data were first analysed by running a check counter, which has missing data, i.e., (“, ", Na’,’
NAN’), which are based on empty. The data representing these values are counted, and
those particular data are selected in the row missing data, specifying which element of input
data contains a missing value and the number of missing values (see Figure 4). Then, the
“Fillmissing” process [37] with respect to the nearest methods was applied to each feature
individually. Therefore, the NAN section is filled with the closest no-missing value.

Age RF  BP  hight weight  BMI WC TCholestroll  Glucouse  HbAlC

50 1 85 156 88.7 36.4  NaN 3.93 5.9 NaN
46 1 80 NaN 54.4 NaN 103 1.5 6.7 6.1
48 0 70 143 51 NaN 93 4.5 6.4 4.4
33 0 70 162 98.3 37.4  NaN NaN 6 4.9
34 0 80 158 61.6 24,6 NaN 3.8 6.7 4.4

Figure 4. Rows with missing values.

3.3.3. Exploratory Data Analysis

For the statistical operation, the data are evaluated with the individual parameter based
on the categorical grouping and providing a statistical result based on the histogram. His-
tograms are useful for illustrating the distributional characteristics of dataset variables. It is
possible to observe where the distribution peaks are, whether the distribution is symmetric
or skewed, and whether there are any outliers. Histograms also help to view the possible
outliers. Figures 5 and 6 show a frequency distribution analysis of both datasets for features
to respond for validation sent into a class of diabetic diagnosis system. Each bar covers one
set of the range, and the height indicates the number of sizes in each phase range. The field of
the problem we are trying to solve requires loads of related features. Since the PID dataset is
an open and accessible resource, we cannot currently eliminate or generate any more data. In
the dataset, we have the following features: ‘Skin Thickness’, ‘Blood Pressure, ‘Insulin’, ‘BMI’,
‘Diabetes Pedigree Function’, ‘Pregnancies’, ‘Glucose’, and ‘Age’. We may infer that ‘Skin
Thickness’ is not an indication of T2DM based on a simple observation. Nevertheless, we
must acknowledge that it is unusable at this point. Based on Figure 5, weight and cholesterol
maximum were removed and filled with the nearest methods.
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Another comparison is based on the boxplot. In this, the distribution of each feature
is based on the outcome determined from the dataset. A box plot visualises summary
statistics for sample data and can easily highlight the outliers for each parameter (see
Figure 7). The box length signifies the interquartile range, and the whiskers’ sizes relative to
the box’s length indicate how stretched out the rest of the values are. Thus, these aspects of
the diagram provide a picture of the dispersion of the dataset. Skewness seems acceptable
(<2), and it is also likely that the confidence intervals of the means are not overlapping.
Therefore, a hypothesis that glucose is a measure of outcome is expected to be accurate
but needs to be statistically tested. Some people have low, and some have high BP. Thus,
the association between diabetes (outcome) and BP is suspect and needs to be statistically
validated. Like BP, people who do not have diabetes have lower skin thickness. This is a
hypothesis that has to be validated. As data of non-diabetic is skewed, diabetic samples
seem to be normally distributed.
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Figure 7. Boxplot distribution for the Oman dataset based on the outcome.
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3.3.4. Fill the Outlier in the Data

The outlier is a value that deviates considerably from the dataset’s general trend. Box
plots are a simple way to visualise data through quantiles and identify outliers. Interquartile
range (IQR) is the basic mathematics behind boxplots. The top and bottom whiskers
consider the boundaries of data, and any data lying outside are outliers. The length of the
box, the interquartile range, and the whiskers’ lengths relative to the box’s length give an
idea of how stretched out the rest of the values are. Thus, these aspects of the diagram
give a picture of the dispersion of the dataset. Skewness appears to be acceptable (<2),
and it is also probable that the means’ confidence intervals do not overlap. Consequently,
it is assumed that the hypothesis that glucose is a measure of outcome is valid, but it
must be statistically tested. People might have low or high blood pressure. Therefore,
the association between diabetes (outcome) and BP is questionable and requires statistical
validation. Like those without hypertension, those without diabetes have thinner skin. This
is a theory that must be validated. While non-diabetic data are skewed, diabetes samples
appear to have a normal distribution. The outliers were processed using “Filloutlier” with
mean and nearest method [38]. The results of outliers before and after removing both
datasets’ outliers are shown in Figure 8.

___Before Outliers in Data i i ____After Outliers in Data

300

— ---..l [ | , _ e

& o o F N 0 N P P P O @ & P“a o F o0 o0 N o (O 0"* o~
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Figure 8. Outlier processing for both datasets with and without outlier. (a) Oman; (b) Oman; (c) PID;
(d) PID.

3.3.5. Data Scaling Was Applied for All Machine Learning Algorithms and ANN Using a
Z-Score That Centred the Data to a Standard Deviation of 1 and a Mean of 0

The dataset’s interquartile range (IQR) describes the content of the middle 50% of
values when the values are sorted. If the data median is in Q2, the median of the lower
half of the data is in Q1, and the median of the upper half of the data is in Q3, then
IOR = Q3—-Q1 [39]. Scaling was applied for all machine learning algorithms and ANN
using a z-score that centred the data to a mean of 0 and a standard deviation of 1. The
dataset’s interquartile range (IQR) describes the content of the middle 50% of values when
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the values are sorted. If the data median is in Q2, the median of the lower half of the data is
in Q1, and the median of the upper half of the data is in Q3, then IQR = Q3 — Q1 [39].

3.4. Training and Validation Datasets

Splitting the data: In order to train the datasets, there is a need to partition the data
into training and testing sets. The datasets were divided with the “cvpartion” [40] function
using a holdout method to split the data into two training sets: 80% training and 20%
testing. For training the ANN model, datasets were divided into 80% training and 20%
testing (see Table 4). We used a technique called K-fold cross-validation, which divides the
dataset into K equal parts (called “folds”), then uses one of those folds as the testing set
while using the combination of the other folds as the training set (see Figure 9). The model
was then examined to ensure that it was accurate. The procedure repeats the processes
described above K times, using a variety of folds as the testing set each time. The testing
accuracy represents the procedure’s overall testing accuracy as an average.

Table 4. Splitting the dataset.

Dataset Total Percentage
Training 737 80%
Testing 184 20%

Data

o

Training Test

Test

Test

Test

Test

Figure 9. K-fold C=cross-validation.

Implementation using machine learning algorithms: MATLAB (version 2021b) soft-
ware command-line coding was used to create all seven models using the Oman dataset,
including artificial neural networks, and the following ML algorithms were used: K-nearest
neighbors, support vector machine, naive Bayes, decision tree, random forest, and linear
discriminant analysis. We applied MATLAB's “predict” function to test the model for all six
machine learning models and the ANN model. A confusion matrix illustrates the predicted
class correlated with the actual class, which was 0 for non-diabetes and 1 for diabetes, as
shown in Figures 9 and 10. The valid class presents the real data, and the predicted class
delivers the performance of each algorithm in the prediction. Machine learning algorithms
were used: MATLAB (version 2021b) software command-line coding was used to create all
seven models using the Oman dataset, including artificial neural networks. The following
ML algorithms were also used: K-nearest neighbours, support vector machine, naive Bayes,
decision tree, random forest, and linear discriminant analysis. We applied MATLAB's
“predict” function to test the model for all six machine learning models and the ANN
model. A confusion matrix illustrates the predicted class correlated with the actual class,
which was 0 for non-diabetes and 1 for diabetes, as shown in Figures 10-15. The valid class
presents the real data, and the predicted class delivers the performance of each algorithm
in the prediction.
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4. Results and Discussion

Seven classification algorithms were applied to the datasets, and the results were
evaluated based on accuracy, sensitivity, specificity, and precision. Generally, the outcomes
were slightly different as each algorithm’s working criteria differed. The accuracy of the
models was predicted with the help of a confusion matrix, as shown in Figures 4-10.
The results showed that the random forest and decision tree algorithms had the best
classification results.

e  The classification models are assessed using the metric of accuracy. Formally, accuracy
is the percentage of accurate predictions made by our model. The accuracy is defined
as shown below [41] and was measured in terms of positives and negatives:

(TP + TN)

1
(TP + TN+ FP L EN) 00

Accuracy =

where TP = true positives, TN = true negatives, FP = false positives, and FN = false negatives

e  Sensitivity is a metric that evaluates a model’s ability to predict a true positive for each
available category. This measure determines the proportion of positive diabetes cases
predicted correctly [29]

TP
Sensitivity = (TP(—l—l):N) x 100

where TP = true positives and FN = false negatives.

e  Specificity is the metric that evaluates a model’s ability to predict a true negative for
each available category; it determines the proportion of actual negative cases predicted
correctly [27].

(TN)
(TN + FP)

where TN = true negatives and FP = false positives.

Specificity = x 100

e  Precision is the proportion of true positives to all the positives; it refers to the percent-
age of relevant results and is a useful metric when false positives are more important
than false negatives [27].

TP
Precision = (TP(—i—l)zP) x 100

where TP = true positives and FP = false positives.
By using the equations above, the performance of the various classification models
can be compared, as shown in Table 5.

Table 5. Performance results.

Model Accuracy% Sensitivity% Specificity% Precision%
Kenearest 92.39 94.44 77.27 90.00
neighbours
Support vector 96.74 98.68 §7.88 83.71
machine;
Naive Bayes 96.74 98.10 88.46 87.08
Decision tree 98.37 100 92.11 80.66
Random forest 98.37 98.01 84.85 84.1
Linear
discriminant 96.19 98.71 82.76 86.44
analysis

Acrtificial neural

networks 97.3 93.33 97.96 93.9
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4.1. Accuracy Analysis Using Confusion Matrix
4.1.1. K-Nearest Neighbours (K-NN) Is an Example of this Type of Supervised ML
Algorithm

It is applicable to both classification and regression problems. K-NN classification re-
lies on nearby feature space to classify samples. The K-NN algorithm’s default performance
is illustrated in Figure 10’s confusion matrix. Of the 184 cases tested, the test identified
17 patients and 153 healthy subjects correctly. Therefore, the accuracy of the test was equal

to 170 divided by 184 (92.39%).

True Class

Predicted Class

Figure 10. K-NN confusion matrix.

4.1.2. The Support Vector Machine (SVM) The Support Vector Machine (SVM) Works on
the Margin Calculation Concept

It draws margins between the classes. The margins are removed so that the distance
between the margin and the types is at a maximum and minimises the classification [42].
As illustrated in Figure 11, of the 184 cases that were tested, the test determined 29 patients
and 149 healthy subjects correctly. Therefore, the accuracy of the trial was equal to 96.74%.

True Class

Predicted Class

Figure 11. SVM confusion matrix.

4.1.3. Naive Bayes Mainly Targets the Text Classification Industry

It is primarily used for clustering and classification purposes [43]. The underlying
architecture of naive Bayes depends on conditional probability. It creates trees based on
their likelihood of happening. These trees are also known as Bayesian networks. As shown
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in Figure 12, of the 184 cases that were tested, the test correctly determined 23 patients and
155 healthy subjects. Therefore, the accuracy of the trial was equal to 96.74%.

True Class

Predicted Class

Figure 12. NB confusion matrix.

4.1.4. Decision Tree (DT) Is a Supervised ML Method to Solve Classification, Prediction,
and Feature Selection Problems

It aims to predict the target class based on the rules learned from the specified dataset.
As aresult of the 184 cases shown in Figure 13 that were tested, the test correctly determined
35 patients and 146 healthy subjects. Therefore, the accuracy of the trial was equal to 98.37%.

True Class

Predicted Class

Figure 13. DT confusion matrix.

4.1.5. Random Forest (RF) Is a Supervised Machine Learning Algorithm Used Widely in
Classification and Regression Problems

It builds decision trees on different samples and takes their majority vote for clas-
sification and their average in case of regression. As presented in Figure 14, of the
184 subjects tested, the test correctly determined 29 patients and 152 healthy cases. There-
fore, the accuracy of the test was equal to 181 divided by 184 (98.37%).
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True Class

Predicted Class

Figure 14. RF confusion matrix.

4.1.6. Linear Discriminant Analysis Is a Statistical Technique That Can Classify Individuals
into Mutually Exclusive and Exhaustive Groups Based on Independent Variables [44]

In this model, as shown in Figure 15, of the 184 cases tested, the test determined
24 patients and 153 healthy subjects correctly. Therefore, the accuracy of the trial was equal
to 177 divided by 184 (96.19%).

True Class

Predicted Class

Figure 15. LDA confusion matrix.

4.1.7. The Conventional Artificial Neural Network (ANN) Consists of Layers and Weights
The behaviour of a network is dependent on communication between its nodes. ANN

typically comprises three layers:

e Input layer: Receiving the network’s raw data input.

e Hidden layer: The functioning of a hidden layer is defined by the inputs and the weight
of the connections between them and the neuron in the hidden layer. These connection
weights decide whether a neuron in the hidden layer must be active or inactive.

e  Output layer: The operation of this layer is determined by the outputs of the neurons
in the hidden layer and the connection weight between these neurons and the neurons
in the output layer.

The proposed structure of an artificial neural network, as shown in Figure 16, has an
input layer with 11 features; two hidden layers, each with ten neurons; and one output
layer with two outputs, diabetes and non-diabetes. A few hidden layers were used to avoid
the overfitting problem because the datasets were small. A sigmoid activation function
was applied to this model. It used a two-factor level function that set all input values in the
values in range from 0 to 1. By using cross-entropy, the model’s performance considers the
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probability in a log of data points [45]. The highest accuracy achieved by this model reached
97.3%, as shown in the confusion matrix in Figure 17b, presenting the training, validation,
test, and overall matrix. The accuracy achieved by the dataset’s training, validation, and
testing was 97.6%, 97.4%, and 95.7%, respectively. The overall combined accuracy was
97.3%. In Figure 17d, the gradient decreased to a performance of 0.047062 and epoch
number 49. This decrease means that the model was performing well up to this point, and
the increase indicated the start of an overfitting problem. Another evaluation showcases the
error histogram in Figure 17c, which has an error rate with a loss of the range —0.049 value.
This describes the quality of the data processor and the target achieved by the evaluation.

Hidden Layerl Hidden Layer2
Outcome
g
g F1 0
£ F2
2 E3 1
=4
£
Figure 16. ANN supervised architecture proposed.
”L r—' . 'F Trining Confuabn Matrix Validation Gonfusion W atrix
! ; P
i : o
: & i 3 i 5

OuputChan
Oupuiches
§

Trs Posive Rete

TamgetChas TargetClass

(@ (b)

BestValidation Perfor ance is 0.047062 atepoch 49

Error Histogram with 20 Bins 10°

Instances

8
Cross Entropy (rossentropy)

o 5 1 15 220 2 % 3% 4 45 50 55
56 Bpochs

(© (d)

Errors = Targets - Outputs

Figure 17. ANN results: (a) receiver operation characteristic; (b) confusion matrix; (c) error histogram;
(d) ANN performance.

The results of this study can be discussed, considering the results obtained from other
studies. The Pima Indian Diabetes (PID) dataset (available from the University of California
data repository) [16] is a dataset that has been considered in many studies. The results from
similar studies were compared with our investigation and shown in Table 6.
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Table 6. Comparative performance of our proposed method against the state-of-the-art work on the
same dataset.

Model PID Dataset % Oman Dataset %
K-nearest neighbours [4] 91 92.39
Support vector machine [6] 90 96.74
Naive Bayes [32] 91 96.73
Decision tree [32] 88 98.37
Random forest [32] 94 98.37
Linear discriminant analysis [7] 81.1 96.19
ANN [8] 82 97.3

Considering the research results on the PID dataset, the best accuracy on that data
was 94% using a random forest and 88% using a decision tree [30]. In comparison, the
best accuracy on our dataset was about 98.37% using two algorithms, the random forest
and decision tree. One reason for the improvement in the results was the dataset used in
this research, which was much larger than the PID dataset with more features. The PID
dataset only has eight features and 768 cases. Furthermore, in this research, the parameters
for every algorithm were optimised for the best performance. For example, in the nearest
neighbours method, the parameter k varied between one and five to find the most optimised
method. Moreover, in choosing the parameters for the artificial neural network, the number
of hidden layer neurons and the accuracy of the network were strongly correlated, which
meant that for various neurons, the network was resolved to find the best accuracy. Finally,
the optimised number of neurons with the highest accuracy was chosen. The comparison
with similar studies which use the most used diabetes dataset, the PID dataset, and the
classification approaches are presented in Table 6.

All of the models in Table 7 were applied utilising two different feature sets. The first
feature set contained eight clinical characteristics that were the same as those on PID, and
the second feature set contained eleven additional clinical characteristics that were based
on the Oman diagnostic method. A comparison was made between the PID models and
the accuracy outcomes. According to the findings, increasing the number of features in
a model improves its classification accuracy. The results show an accuracy ranging from
92.39 to 98.37%, which is higher than in Table 6. Training outcomes for all models across all
datasets in terms of time and speed are displayed in Table 8.

Table 7. Performance evaluation of the proposed method on both datasets.

Accuracy Features Accuracy Features Accuracy
Model Features PIDD PIDD Oman Oman Oman Oman
Kenearest 8 75.1 8 84.2 11 92.39
neighbours
Support vector 8 78.4 8 85.3 11 96.74
machine;
Naive Bayes 8 77.1 8 87.5 11 96.74
Decision tree 8 71.89 8 80.9 11 98.37
Random forest 8 76.47 8 85.3 11 98.37
Linear
discriminant 8 77.7 8 86.95 11 96.19
analysis
Artificial neural 8 78.1 8 86.0 11 97.3

networks
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Table 8. Comparison of time complexity and models training speed.

Oman Prediction

Model PID Prediction Speed PID Training Time Speed Oman Training Time
K-nearest neighbours ~24,000 obs/s * 0.53s ~15,000 obs/s 0.61s
Support vector ~18,000 obs /s 54.72's ~19,000 obs /s 0.54s
machine;
Naive Bayes ~26,000 obs/s 0.65s ~15,000 obs/s 0.93s
Decision tree ~58,000 obs/s 044s ~22,000 obs/s 1.07 s
Random forest ~7000 obs/s 144 s ~6500 obs/s 1.67 s
Linear discriminant ~35,000 obs/s 0.78's ~17,000 obs/s 0.93s
analysis
Artificial neural ~12,000 obs /s 193 ~12,000 obs /s 193
networks

* obs/s: Number of observations processed per second.

While training the model, none of the features were utilised by the trainer due to the
following reason. The drop in score between the first and second most essential predictors
is significant, while the drops after the sixth predictor are relatively small. A reduction
in the critical score represents confidence in feature selection. Therefore, the significant
drop implies that the software is confident in selecting the most important predictor. The
small reductions indicate that the difference in predictor importance is not significant. The
top five most important predictors were selected, as shown in Figure 18. The possibilities
for the diabetic prediction from Oman were based on HbAlc and glucose values, and the
prospects for the diabetic forecasts from PID were based on the glucose values. These
features hold more weightage for the feature processing and have important scores to
reproduce the probability of the feature selections.

Feature Ranking Algorithm

[ None

(TWRMRT) [ Frest RReliefF

Feature importance scores sorted using MRMR algorithm

Importance scores: 0.110361

Importance scores: 0.0697993
Features: BMI
3

Features

0 0.02 0.04

Importance scores

Feature Selection Feature Ranking Algorithm Feature Selection
(#) Select highest ranked features Select highest ranked features
Num features to keep 8 None MAMAR che ReliefF ANOVA
(O Select individual features ®) Select individual features.
Add All Remove All
eatures: Glucose | Select | Features MRMR Select |Features MRMR
] 1| [Glucose 0.1104 v |HoAIC 0.1348
2 BMI 00698 v |Gucouse 00262
3 DiabetesPedig 00542 7 e 00108
4 Pregnancies 00460 Z ImF 20081
5 Insulin 00349
¥ |TCholestrolt 00054
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How to select features? Save and Apply 0 o0 004 008 008 o1 0.12 0 models created using the Models gallery.
Importance soores

Figure 18. Comparative performance of our proposed method in both datasets.

5. Conclusions

This paper proposes a method to discriminate between patients affected by diabetes
and those not affected by using machine-learning algorithms and artificial neural networks.
We evaluated our approach using real-world data extracted from the Omani well-being
program. We then compared it with a widely used dataset by researchers, the Pima Indian
Diabetes dataset, which describes a population near Phoenix, Arizona. Training the model
using seven different classification algorithms, we obtained the equal highest accuracy
with random forest and decision tree with an accuracy of 98.37%. The proposed model
shows significant performance in selecting the most accurate predictors of diabetes. In
the future, it would be intriguing to see the classification of additional types of medical
data under this framework, thereby providing a cost-effective and time-saving option for
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diabetic patients and physicians. More attributes can boost performance and provide more
accurate forecasts. Moreover, feature selection techniques can be explored.
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