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Abstract- Obesity is a global health issue that continues to grow, with projections indicating further increases in obesity rates.
The World Health Organization defines overweight and obesity as the abnormal or excessive accumulation of fat, posing risks
to overall health. Obesity is not only a significant condition itself but is also directly linked to various diseases such as type 2
diabetes, coronary heart disease, hypertension, and certain types of cancer. The rising prevalence of obesity presents significant
health complications and risks for individuals of all ages, particularly children and adolescents. Obese or overweight children
face an increased likelihood of developing severe health problems in adulthood, potentially enduring the same physical
condition throughout their lives. Urgent action is necessary to mitigate this global health concern. In this study, we aimed to
predict obesity risk through the use of machine learning algorithms. Our research gathered 367 data from individuals of
different age groups, classified as either obese or non-obese, based on their blood test results. We employed nine machine
learning algorithms, including BayesNet, Naive Bayes, SMO, Simple Logistic, IBk, Kstar, J48, Random Forest, and Random
Tree algorithms. Our analysis successfully determined the obesity status of individuals based on internal results, the Simple
Logistic algorithm achieved the highest accuracy rate at 98.6395. On the other hand, the Simple Logistic and Kstar algorithm
demonstrated the highest accuracy rate of 100% for the extenal set. Our model provides valuable insights for further research
and interventions for analyzing the blood test values associated with obesity.

Keywords Obesity, machine learning, feature selection, classification, model performance.

1. Introduction

The global obesity crisis is intensifying, with a projected
significant increase in its prevalence rates both within
individual countries and across the world in the coming
years. According to the World Health Organization (WHO),
overweight and obesity are described as the abnormal or
excessive accumulation of fat that has the potential to have
adverse effects on one's health. The global obesity epidemic
has emerged as a critical and rapidly growing health concern,
especially in developed countries. Obesity is a major risk
factor for a variety of chronic illnesses, and it can

significantly reduce one's quality of life [1,2]. It is not only a
serious condition itself, but it is also closely linked to a
multitude of health conditions, including type 2 diabetes,
coronary heart disease, hypertension, and several forms of
cancer. Thus, it has emerged as one of the most pervasive
public health challenges in the contemporary world, carrying
substantial implications for both individual well-being and
public healthcare systems. Obesity and overweight have been
recognized as global epidemics, affecting both developed and
developing countries both for adults and children [3]. In
2020, 39 million children under the age of 5 were identified
as either overweight or obese.
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In this article, we focus on the classification of obesity
using Data Mining that can accurately predict obesity by
using selected/meaningful parameters from patients [4]. The
primary purpose of the method we used is to identify
important data in decision making systems after going
through several methods and processes. Data mining is
widely used across various fields, benefiting all disciplines
[5]. Data distribution among classes within datasets is termed
a classification algorithm. These algorithms are trained on
distribution  patterns from provided training sets.
Subsequently, test data is integrated for classification, and
the algorithm accurately applies the learned process. Labels
determine data set classes in training and test groups,
ensuring systematic classification [6].

In 2014, Borrell and Samuel investigated the influence
of overweight and obesity on mortality rates among adults in
the United States. They utilized a regression method that
considered highly correlated hazards to estimate the
progression rates for all causes. Their analysis of mortality
rates revealed that overweight and obese individuals faced a
CVD-related mortality rate that was more than 20% higher
than that of normal-weight individuals [9]. In a study
conducted in 2015 by Dugan et al., the diagnosis of obesity
in children aged two and older was assessed using six
different testing models: Random Tree, Random Forest, ID3,
J48, Naive Bayes, and Bayes Net. These models were trained
using CHICA, a clinical decision support system. Among
these models, the ID3 model demonstrated superior
performance, achieving an impressive 85% accuracy and
approximately 90% precision [10]. In 2018, Jindal et al.
employed machine learning techniques to predict obesity
levels with a remarkable accuracy of 8§9.68%. They
harnessed the Python interface and employed generalized
linear models, random forest, and partial least squares
methods as part of their prediction models [11]. In 2020,
Singh and Tawfik introduced a machine learning approach
for forecasting the likelihood of obesity or being overweight
in adolescents. They utilized seven machine learning
algorithms, including k-NN, J48 pruned tree, Random forest,
Bagging, support vector machine, multilayer perceptron, and
voting. Among these, the MLP algorithm exhibited a
sensitivity of 96%, with an impressive F1 score of 93.96%
[12]. In 2021, Faria Ferdowsy and colleagues aimed to
predict the risk of obesity using machine learning algorithms.
They explored nine different algorithms, including k-nearest
neighbor (k-NN), random forest, logistic regression,
multilayer perceptron (MLP), support vector machine
(SVM), naive Bayes, adaptive boosting (ADA boosting),
decision tree, and gradient boosting classifier algorithms.
The experiments covered high, moderate, and low obesity
classes. Notably, the logistic regression algorithm achieved
the highest accuracy rate at 97.09%, while the gradient-
boosting classifier algorithm recorded the lowest accuracy, at
64.08% [13]. In 2019, Xueqin Pang and colleagues utilized
the XGBoost model, a machine learning approach, to predict
the likelihood of early childhood obesity at the age of 2. The
model was applied to both males and females, resulting in an
AUC of 81% (£0.1%). Risk factors associated with obesity
were further examined through the interpretation of XGBoost
model predictions. The models were tailored for various age

ranges when obesity incidence typically occurs. For
individuals within the 24-36 month range, the model
achieved a substantial accuracy of 97.63%, while for the 72-
84 month age range, the obesity incidence prediction stood at
48.96% .

The objective of our study was to predict the risk of
obesity using machine learning algorithms. 367 data was
collected from diverse age groups, including both obese and
non-obese individuals. The dataset was constructed based on
blood test results obtained from the study participants. We
employed nine machine learning algorithms, namely
BayesNet, Naive Bayes, SMO, Simple Logistic, IBk, Kstar,
J48, Random Forest, and Random Tree algorithms to predict
obesity risk. The dataset was split into training and test data
for evaluation purposes to determine the obesity status of
individuals accurately[14].

2. Material and Methods

In this study, we employed WEKA software to develop
models for obesity prediction [15]. WEKA encompasses
various tools for tasks like data preprocessing, association
rule mining, classification, clustering, prediction,
visualization, and regression [16]. Fig. 1. outlines the steps in
creating machine learning models to diagnose obesity from
blood test parameters.

Collection

Blood analysis results were
collected from 367 people
with and without obesity.

ata

Preproessing

The raw data were
transformed into an
understandable dataset.

features were selected to

arameter
Selection
The most relevant/important
build an efiicient model

e data set is split into the
ining and test sets in the
ratio of 8:2. ~

Fig. 1. Machine learning model development

We began with dataset preprocessing, entailing noise
removal, normalization, and applicability = domain
determination. Subsequently, we divided the dataset into a
training set and a test set at an 8:2 ratio. To pinpoint the
optimal parameters for accurate obesity prediction from
blood test results, we deployed nine machine learning
algorithms, evaluating them using confusion matrices for
internal and external validation.
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2.1. Dataset

Table 1 offers our dataset, featuring 367 instances with
23 attributes. This dataset was instrumental in our study
employing the WEKA program for obesity diagnosis and
prediction. It encompasses blood test results for obesity
diagnosis, categorized as "obesity" and "non-obesity" based
on disease-associated values.

Detailed information on the descriptive values of the
dataset used in the study is explained below.

» ID: The dataset was created using the numbering

system of the blood results.

>

>
>
>

Height: The height of the individuals.
Weight: The weight of the patients.
Age: The age of the individuals.

Gender: This attribute includes the gender of the.
Males are represented in the dataset as 0, and females
are represented as 1.

Iron: 1t is a type of mineral that enables red blood
cells to carry oxygen to the body and is mostly found
in hemoglobin and myoglobin pigments [17].

TIC: Total iron binding capacity (TIBC) is a medical
laboratory test that measures how well iron-binding
sites in serum can be saturated [18].

LDL Cholesterol: Low-density lipoprotein (LDL) is
commonly referred to as bad cholesterol [19].

Cholesterol: Cholesterol is a waxy lipid, a type of fat
found in human blood and produced naturally by all
cells, especially in the liver [20].

HDL Cholesterol: High-density lipoprotein (HDL) is
commonly referred to as good cholesterol [21].

Triglycerides: Triglycerides are another type of lipid,
different from cholesterol [22].

ALT: Alanine Aminotransferase (ALT) is an enzyme
predominantly found in the liver, which the body
uses to convert food into energy [23].

Table 1. Characteristics of the obesity diagnostic dataset

AST: Aspartate Aminotransferase is an enzyme
produced by the liver, and the AST test is a
biochemical laboratory test used to detect liver
damage and diagnose many liver diseases [23].

Glucose: Glucose is the body's main source of
energy, and excess is stored as glycogen in the liver
and muscles.

Creatinine: Creatinine is an amino acid produced
naturally in the body and found in very small
amounts in food [24].

CRP: C-Reactive protein (CRP) is a type of protein
produced by the liver in response to inflammation
anywhere in the body [21].

CK: Creatine kinase (CK) is the main enzyme
responsible for the production of the creatine
phosphate molecule [25].

HbAlc: The HbAlc test result reflects the average
blood glucose level over the last 2 to 3 months.
Specifically, the HbAlc test measures the percentage
of hemoglobin, the oxygen-carrying protein of red
blood cells, that is coated with sugar [26].

Vitamin BI2: Vitamin B12 is a water-soluble B
vitamin that is needed by almost every cell in the
body due to its role in DNA synthesis and the
utilization of fatty acids and amino acids in the body
[27].

TSH: Thyroid stimulating hormone is secreted by the
pituitary gland. It enters the thyroid gland through
the bloodstream and stimulates the gland [28].

Ferritin: Ferritin is a protein complex responsible for
storing and utilizing iron minerals obtained from
nutrients [29].

Urea: Urea is a molecule that removes nitrogenous
substances from the body and is cleared from the
blood through the kidneys.

Uric Acid: Uric acid is an organic compound
composed of carbon, oxygen, nitrogen, and
hydrogen. It is formed by the oxidation of oxypurinol
by xanthine oxidase [30].

Data Source

Feature Abbreviation

Feature Description

Feature Feature
Reference Range  Unit

Patient Numbering ID Patient Numbering - -
Patient Physical Size The height of the patients 141-193 cm
Characteristics Weight Body weight of the patients 33-190 ke
Patient Age Age Patient life expectancy 11-86 J
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Women:1
Patient Gender Gender - -
Men:0

Iron Mineral 50-170 ug/dl
TIBC Total Iron-Binding Capacity 70 - 130 ug/dl
LDL Cholesterol Low-density lipoprotein 0.0 -130 mg/dl
Cholesterol Lipoprotein 125 -250 mg/dl
HDL Cholesterol High-density lipoprotein 0-60 mg/dl
Triglyceride Lipid 50-150 mg/dl
ALT Alanine aminotransferase 4-44 U/L
AST Aspartat transaminaz 7-38 U/L
Glucose Fasting Blood Glucose 70 — 100 mg/mL

Patient blood results
Creatinine Amino Acid 0.6-1.3 mg/dl
CRP C Reactive Protein 0.0-5 mg/L
CK Creatine Kinase 29 -168 U/L
HbAlc Glycolyzed hemoglobin 39-6.1 %
Vitamin B12 Vitamin 120 - 883 pg/mL
TSH Thyroid Stimulating Hormone 0.35-4.94 ulU/ml
Ferritin Protein 4.63 - 204 ng/mL
Urea Molecule 7-18.7 mg/dl
Uric Acid Organic Compound 2.6-6.0 mg/dl

2.2. Data Preprocessing

In this stage of the study, we created a structured data
table from the collected data, ensuring the completeness of
the dataset. We excluded any data points with missing values
and removed any categorical variables that may cause errors
during modeling in WEKA. The preprocessing and data
cleaning phase is fundamental for the success of data mining,
and its effectiveness directly impacts the quality of the
results. We removed rows with a significant number of
missing or invalid data points, and for rows with a small
number of missing data, we replaced them with the average
of the corresponding data group. Additionally, we removed
duplicate data instances from the dataset to ensure that only
unique data points remained. We also removed irrelevant
data such as name and surname to enhance the quality of the
results. Finally, we applied normalization by rescaling the
data between 0 and 1 to improve modeling accuracy [31].

2.3. Data Division

Our dataset was split into two segments for training and
testing. 80% of the data served as the training set, enabling
the algorithm to learn data relationships. Subsequently, we
used the remaining 20% as the test set to evaluate the
algorithm's performance. This allowed us to assess the
algorithm's accuracy independently from the training data
[32].

2.4. Attribute Selection

Attribute selection enables the identification of the most
significant attributes in a dataset during the development of a
new model [33]. It also allows for the selection of features
that are correlated with one another. In our study, we utilized
the information and correlation-based feature evaluators
(CfsSubsetEvals) provided by the WEKA program to
identify values associated with obesity.
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2.5. Machine Learning Algorithms

2.5.1.  Naive Bayes

The Naive Bayes classification algorithm is a
probabilistic approach based on Bayes' theorem. Its
peculiarity is that it assumes independence between variable
values, which may not reflect reality. This assumption,
known as class conditional independence, helps define
classification parameters when working with small training
datasets [34]. The classification algorithm combines decision
rules with Bayesian probability models, hence the term
'naive'.
2.5.2.  Random Forest

The Random Forest classification algorithm creates
multiple classification trees using subsets of the dataset and
then combines them to improve classification accuracy. Each
tree is constructed using a randomly sampled vector of
features from the input data [35]. To construct the decision
forest, individual decision trees are combined. In the Random
Forest algorithm, new training sets are formed by replacing
the original datasets, and each tree is created using a
randomly selected subset of attributes. Nodes are split using
the maximum split value from the randomly selected
attributes [36].

2.5.3.  Decision Tree (J48)

The decision tree (J48) classification algorithm is a
straightforward approach to data classification using decision
trees. At each node, the algorithm selects the attribute that
partitions the data into classes most efficiently. This method
does not require the discretization of numerical attributes and
can handle missing values and continuous attribute value
ranges. Additionally, the J48 algorithm has features such as
rule derivation, pruning decision trees, and the ability to
work with both categorical and continuous dependent
variables [37].

2.5.4.  Support Vector Machines

The Support Vector Machines (SVM) classification
algorithm is a pairwise approach that employs decision
boundaries to classify a given class. It is a machine learning
method based on a vector field that identifies the decision
boundary between the two classes farthest from a random
point in the training data. SVM is generally used to classify
datasets with two classes. However, for datasets with
multiple classes, the basic SVM algorithm may not be
adequate. The main objective of SVM is to identify a
hyperplane in n-dimensional feature space that can uniquely
classify data points. It identifies the area with the maximum
margin, which is the maximum distance between the data

points in both classes. It helps to maximize the margin range
[38].

2.5.5. K-nearest neighbors classifier (K-NN)

The k-nearest neighbors classification algorithm (k-NN)
is a non-parametric algorithm commonly used in supervised
learning for classification and regression tasks. It is relatively
straightforward to implement and does not have many
assumptions about the underlying data. The algorithm
calculates the minimum distance point of the nearest
neighbor and uses distance functions to calculate the
distances of the new data points to the existing dataset.
Finally, the algorithm assigns labels to the data points based
on the nearest neighbors [39].

2.5.6.  Logistic Regression

Logistic regression is a commonly used classification
algorithm, particularly in binary classification tasks. The
algorithm summarizes the linear and additive effect of
variable properties on the probability of an event using
regression coefficients [40]. Logistic regression models can
have one or more independent variables that determine the
outcome. The algorithm returns two possible results, 1 (true)
or 0 (false). It is commonly used to analyze data and describe
the relationship between a dependent binary variable and one
or more independent variables.

2.5.7.  Multilayer Perceptron

The multilayer perceptron algorithm is considered the
starting point of the deep learning method. It is mostly used
in artificial neural networks, which consist of a minimum of
two or more layers of nodes [41].

2.5.8.  Random Tree

The Random Tree algorithm is a fast decision tree
learner and a supervised classifier. To build a decision tree,
the algorithm generates a random dataset using the idea of
bagging. The tree is then pruned using the reduced error
pruning method with backpropagation [42].

2.6. Evaluation of the Models

There are many evaluation metrics used to measure the
performance of a machine learning model, depending on the
specific task and type of model. The metrics we use are
based on our problem and the goals of the model and include
accuracy (ACC), Precision, Recall, F-Measure, Matthews
correlation  coefficient (MCC), receiver operating
characteristics (ROC), and Kappa statistics. All the
parameters were calculated based on the confusion matrix,
which consists of the true positive (TP), true negative (TN),
false positive (FP), and false negative (FN) numbers.
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Actual Class
Positive

Negative

Positive

Predicted Class

Negative

Fig. 2. Confusion matrix for binary classification

True Positive: It is called the true positive rate. It is when the
disease is found, and the diagnostic test gives a positive
result.

True Negative: It is the true negative rate. It is when the
diagnostic test result of the individual who is not sick is also
not sick.

False Positive: False positive rate, where the disease is not
present. But the diagnostic test gives a positive result.

False Negative: False negative rate is when the diagnostic
test of an individual who is ill gives the result that the
individual is not ill.

Accuracy: It is defined as the percentage of correct
predictions made by a diagnostic system when new data is
added to it [43].

(TP +TN)
(TP + FP + TN + FN)

}Accuracy = (1)

Precision: Indicates how many of the values predicted with a
positive result in a generated system are actually positive
[44].

TP

(TP + FP)’ @

}Frecision =

Recall: 1t is the parameter that shows how many of the
values that should be predicted positively in the system are
predicted positively [45].

L TP
e =P+ FN)’ @

F-Measure: The F-measure is defined as the Recall Average
and Harmonic Sensitivity.

It can be expressed by F, and its equation is as follows [46],

Precision * Recall
). 4

-M =2
}F easure * (Precision + Recall

Receiver Operating Characteristic Curve: The curve that
represents the performance of classifiers is called the ROC

curve. ROC curves are plotted to evaluate the test samples
with a high positive rate. They provide a visual
representation of the classifier's performance, irrespective of
the type of error or class distribution. The curve plots the
number of positive samples on the horizontal axis (x-axis) as
a percentage of the number of negative samples, while the
vertical axis shows the percentage of negative samples
corresponding to the number of positive samples. ROC
categories: Excellent-[0.90-1], Good-[0.80-0.90], Fair-[0.70-
0.80], Bad-[0.60-0.70] and Poor-[0.50-0.60] [47].

Matthews Correlation Coefficient (MCC): MCC is used to
evaluate the effectiveness of binary categorizations by
analyzing the imbalance of positive and negative cases. The
perfect MCC value for prediction is 1.0, while the worst
MCC value is 0.0. The formula for calculating MCC is as
follows [48].

}MCC

Kappa statistics: They are statistical properties that examine
the interaction between the ratios of two categorized data
sets. The value of the datasets can range from 0 to 1, or even
higher in the case of stronger ratios. If the value of K is equal
to 1, this indicates that the agreement between classifiers is
within a tolerable range and should be accepted as an
accurate value. If the value of K is equal to 0, then there is no
agreement. Kappa statistics are represented by the symbol K
is formulated as follows.

_ P(A) - P(E)
K=—T"prm

B TP<TN—-FP*FN
~ JTPFR)TP+FN)IN+FP)IN+FN) O

(6)

where K = Kappa Statistics , P (A) = Percentage of
agreement , P (E) = Chance of agreement [49].

3. Results
3.1. Feature Selection

Several experiments were conducted on the dataset we
created using a variety of nine machine-learning techniques.
Through feature selection the most important biomarkers
associated with obesity disease were identified based on
blood values. Once the biomarkers were identified, the
dataset was split into training and test sets. Table 2 presents a
list of features selected from the dataset, which were
considered during the experiments conducted in our study.
These selected features include height, weight, age,
cholesterol, alanine aminotransferase (ALT), and aspartate
transaminase (AST).
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Table 2. The selected parameters

Number of
Parameters

Parameters

height

weight

age
6
cholestrol

Alanine aminotransferase (ALT)

Aspartate transaminase (AST)

3.2. Internal Validation

Table 3 presents the results of the training data in the
dataset, which consisted of 294 samples. Analysis of the
classification results shows that the Simple Logistic and J48
classifiers achieved higher correct classification rates
(98.6395% - 290 correct classifications and 96.5986% - 284
correct classifications, respectively) compared to the other
classifiers employed. Moreover, the Simple Logistic
classifier had a significantly lower misclassification rate
(1.3605% and 4 misclassifications) in comparison to the IBk
classifier (9.8639% and 29 misclassifications).

Table 3. The correctly and incorrectly classified instances
and the accuracy for the internal validation set

respectively). It is worth noting that the BayesNet
classification has the highest FP Rate (0.243).

Table 4. TP Rate, FP Rate, Precision, Recall rates of the
internal validation set

TP FP

Classifier Rate Rate Precision Recall
BayesNet 0.915 0.243 0913 0.915
Naive
0.918 0.126 0.922 0.918
Bayes
SMO 0.912 0.232 0.909 0.912
Simple
. . 0.986 0.015 0.987 0.986
Logistic
1Bk 0.901 0.189 0.902 0.901
Kstar 0.929 0.170 0.927 0.929
J48 0.966 0.067 0.966 0.966
Random 503 11y 0.963 0.963
Forest
Random 556 ()5 0.959 0.959
Tree

Classifier NCCI NICI ACC
BayesNet 269 25 91.4969 %
Naive Bayes 270 24 91.8367 %
SMO 268 26 91.1565 %
Simple Logistic 290 4 98.6395 %
1Bk 265 29 90.1361 %
Kstar 273 21 92.8571 %
J48 284 10 96.5986 %
Random Forest 283 11 96.2585 %
Random Tree 282 12 95.9184 %

NCCI: Number of correctly classified instances, NICI:
Number of incorrectly classified instances, ACC: Accuracy

According to Table 4, Simple Logistic classification has the
highest TP Rate (0.986), while IBk has the lowest TP Rate
(0.901). Additionally, Simple Logistic and J48 classifiers
exhibit the best Precision values (0.987 and 0.966,

TP Rate: True Positive Rate, FR Rate: False Positive Rate

Table 5 indicates that Simple Logistic and J48 classifiers
have the highest MCC wvalues (0.960 and 0.899,
respectively), while IBk has the lowest MCC value (0.734).
Moreover, the Simple Logistic classifier has the highest
percentage of the ROC area, which is 99.3%.

Table 5. F-Measurement, MCC, ROC Area, and Kappa
Statistic

Classifier k- MCC roc Kappa
measure Statistic
BayesNet 0.911 0.734 0.925 0.727
Naive 0.920 0.767 0934  0.7657
Bayes
SMO 0.912 0.725 0.840  0.7213
Simple 0.986 0.960 0993  0.9601
Logistic
IBKk 0.902 0.709 0932  0.7088
Kstar 0.927 0.783 0967  0.7816
J48 0.966 0.899 0964  0.899
Random ¢, 0.887 0.990  0.8842
Forest
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Random

Tree 0.958

0.876 0.922  0.8744

MCC: Matthew's Correlation Coefficient, ROC: Receiver
Operating Characteristic Curve

3.3. External Validation

Table 6 displays the results of the data extracted and
tested from the dataset. A total of 73 samples were utilized
for classification testing. The outcomes of the test reveal that
Simple Logistic, Kstar, and Random Forest classifiers exhibit
higher correct classification rates (100%-73%, 100%-73%,
and 98.6301%-72%, respectively) compared to the other
classifiers. Furthermore, the misclassification rate of the
Simple Logistic classifier (0% and 0 misclassifications) is
lower in contrast to the BayesNet and J48 classifiers
(6.8493% and 5 misclassifications).

Table 6. The correctly and incorrectly classified instances
and the accuracy of the external validation set

Classifier NCCI NICI ACC
BayesNet 68 5 93.1507 %
Naive Bayes 69 4 94.5205 %
SMO 70 3 95.8904 %

Simple Logistic 73 0 100 %
IBk 71 2 97.2603 %

Kstar 73 0 100 %
J48 68 5 93.1507 %
Random Forest 72 1 98.6301 %
Random Tree 69 4 94.5205 %

NCCI: Number of correctly classified instances, NICI:
Number of incorrectly classified instances, ACC: Accuracy

Table 7 displays that Simple Logistic and Kstar
classifications exhibit the highest TP Rate (1.000), whereas
BayesNet and J48 exhibit the lowest TP Rate (0.932).
Additionally, Simple Logistic and Kstar classifications have
the best Precision (1.000 and 1.000, respectively). The
BayesNet classification displays the highest FP Rate (0.234).

Table 7. TP Rate, FP Rate, Precision, and Recall rates of the
external validation set

TP

Classifier FP Rate Precision Recall
Rate
BayesNet  0.932 0.234 0.930 0.932
Naive
0.945 0.122 0.945 0.945
Bayes

SMO 0959 0173 0.961 0.959
Simple
Ple 000 0.000 1.000 1.000
Logistic
Bk 0973  0.007 0.976 0.973
Kstar  1.000  0.000 1.000 1.000
J48 0932 0125 0.934 0.932
Random ) o0 ) 593 0.987 0.986
Forest
Random 5,5 76 0.944 0.945
Tree

TP Rate: True Positive Rate, FR Rate: False Positive Rate

Table 8 shows that Simple Logistic and Kstar have
the highest MCC values (1.000 each), while BayesNet has
the lowest MCC value (0.767). Additionally, Simple Logistic
and Kstar have the highest percentage of the ROC area
(100%).

Table 8. F-Measurement, MCC, ROC Area, and Kappa
Statistic

Classifier F- MCC RoOC Kappa
measure Statistic
BayesNet  0.928 0767 0927  0.759%
Naive 0.945 0.823 0967  0.8232
Bayes
SMO 0.957 0.865 0.893  0.8556
Simple 1.000 1.000 1.000 |
Logistic
IBk 0.973 0919 0987 09162
Kstar 1.000 1.000 1.000 |
J48 0.932 0.786 0959  0.7849
Random 0.986 0.958 0999  0.957
Forest
Random 0.944 0817 0884 08131
Tree

MCC: Matthew's Correlation Coefficient, ROC: Receiver
Operating Characteristic Curve

3.4. Correlation Analysis of the Selected Prarameters

In Fig. 3., we established a statistical relationship between
parameters for the early diagnosis of obesity. We plotted a
correlation  heatmap using Python version 3.11
(https://www.python.org/) to visualize the pairwise
correlations. The heatmap shows that Pearson's correlation
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values can range from -1 to 1, and negative correlations are
indicated with brown, while positive correlations are

indicated with dark green.

Correlation Heatmap
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Based on the heatmap, we found that parameter
pairs with strong positive correlations include aspartate
transaminase & alanine aminotransferase. Parameter pairs
with positive correlations include weight & height, height &
alanine aminotransferase, aspartate transaminase & height,
age & weight, cholesterol & age, and alanine
aminotransferase & weight. However, we did not find any
parameter pair with strong negative correlations. We also
noticed that some parameters have low correlations or no
correlations, including weight & cholesterol, aspartate
transaminase & weight, alanine aminotransferase &
cholesterol, and aspartate transaminase & cholesterol.
Finally, we found that some parameters have negative
correlations but are not strongly related, including age &
height, cholesterol & height, alanine aminotransferase & age,
and age & aspartate transaminase.

4. Discussion

The validation of machine learning models is crucial to
assess their performance and reliability in predicting obesity
risk. In our study, we conducted several experiments using a
dataset created from individuals classified as obese or non-
obese, focusing on biomarkers associated with obesity
disease based on blood values. The selected features for
experimentation included height, weight, age, cholesterol,
alanine aminotransferase (ALT), and aspartate transaminase
(AST).

(ROC) area, indicating its superior discriminative
ability (99.3%). These results demonstrate that the Simple
Logistic algorithm performs exceptionally well in
accurately predicting obesity risk.
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Fig. 3. Correlation analysis of the selected parameters for early diagnosis of obesity

During the internal validation, which involved the
training data consisting of 294 samples, the Simple Logistic
and J48 classifiers achieved the highest correct classification
rates (98.6395% and 96.5986%, respectively) compared to
the other classifiers. The Simple Logistic classifier also had a
significantly lower misclassification rate (1.3605%)
compared to the IBk classifier (9.8639%). These results
indicate that the Simple Logistic and J48 algorithms are more
effective in accurately classifying individuals as obese or
non-obese based on the selected features. Furthermore, the
True Positive (TP) Rate and Precision values were analyzed
to evaluate the performance of the classifiers. The Simple
Logistic classifier demonstrated the highest TP Rate (0.986)
and Precision (0.987), indicating its ability to identify
individuals who are truly obese correctly. On the other hand,
the IBk classifier had the lowest TP Rate (0.901) and
Precision (0.902). These findings suggest that the Simple
Logistic classifier is more reliable in correctly classifying
obese individuals. Matthews's Correlation Coefficient
(MCC) was also examined to assess the overall performance
of the classifiers. The Simple Logistic and J48 classifiers
exhibited the highest MCC values (0.960 and 0.899,
respectively), while the IBk classifier had the lowest MCC
value (0.734). The Simple Logistic classifier also had the
highest percentage of the Receiver Operating Characteristic

For external wvalidation, using a separate dataset
consisting of 73 samples, the Simple Logistic, Kstar, and
Random Forest classifiers achieved higher correct
classification rates (100%, 100%, and 98.6301%,
respectively) compared to the other classifiers. The Simple
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Logistic classifier had a perfect accuracy rate with zero
misclassifications, demonstrating its robustness in
classifying individuals correctly. Conversely, the
BayesNet and J48 classifiers had higher misclassification
rates (6.8493% and 5 misclassifications), indicating a
comparatively lower performance. The TP Rate and
Precision values for external validation revealed that the
Simple Logistic and Kstar classifiers achieved the highest
TP Rate (1.000) and Precision (1.000). In contrast, the
BayesNet classifier had the lowest TP Rate (0.932), while
the Simple Logistic and Kstar classifiers had the highest
MCC values (1.000 each). These findings further
emphasize the superior performance of the Simple Logistic
classifier in correctly identifying individuals at risk of
obesity.

The study highlighted that Simple Logistic and J48
classifiers exhibited strong performance in internal
validation, achieving high correct classification rates.
Simple Logistic, in particular, stood out with the highest
TP Rate, Precision, MCC, and ROC area percentage,
emphasizing its accuracy. External validation further
supported these findings, where Simple Logistic, Kstar,
and Random Forest achieved superior correct classification
rates, and Simple Logistic achieved perfect accuracy.
Overall, the research underscored the effectiveness and
reliability of the Simple Logistic algorithm for predicting
obesity risk, suggesting its potential use in clinical settings
for early detection and prevention of obesity-related
complications.

5. Conclusion

In conclusion, our study employed machine learning
algorithms to predict the risk of obesity using blood test
results. The findings demonstrate the potential of machine
learning techniques in accurately classifying individuals as
obese or non-obese based on blood values. Early
identification of individuals at risk of obesity can facilitate
targeted interventions and preventive measures to address
this global health issue effectively. Further research and
validation are warranted to enhance the accuracy and
applicability of these predictive models in real-world
settings.
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