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PHYSICAL FITNESS

Classifying High School Students’ 
Health-Related Physical Fitness 
Report Cards With Data Mining 

Hande Busra Eren and Gokhan Caliskan

Abstract
In this study, classifications were made from the data obtained 

from the Health-Related Physical Fitness Report cards and BMIs of 
students through data mining methods, artificial neural networks, 
and decision trees models. Then the classification performances of 
both models were compared. The body weight and height measure-
ments of the students in the Health-Related Physical Fitness Report 
were formulated, and their BMI classification was made. In addition, 
it was investigated whether other parameters such as shuttle, push-up, 
and sit-and-stretch flexibility test values had an effect on BMI clas-
sification. The study group comprised 1,050 secondary school students 
studying in the Cihanbeyli district of Konya in 2017. In conclusion, it 
was determined that artificial neural networks had more correct clas-
sifications than decision trees analysis. In the Health-Related Physical 
Fitness Report, shuttle and push-up stood out among the variables 
affecting BMI classification.

In the developing and globalizing world, great advances have 
been made in information technologies. In parallel with this 
development, storing every desired data has caused billions of bytes 
of data to be accumulated in electronic media in a very short time. 
New mechanisms have emerged that meet the requirements of today 
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and go beyond data collection. From the aggregated data accumu-
lated in the databases, the need to access meaningful information 
was felt, and the process of accessing the gold data from raw data 
was initiated. This process is called “data mining.” Data mining is 
the process of discovering interesting models and information from 
a large amount of data in databases, enabling automatic retrieval of 
previously unknown, hidden, meaningful, and useful patterns from 
large-scale databases (Sever & Oğuz 2002).

Data mining has been successfully applied in the field of 
educational sciences, as well as in many sectors such as health, econ-
omy, and telecommunications for years. Data mining in the field of 
education is known as educational data mining. The increasing use 
of technology in education systems has led to the storage of large 
amounts of student data. This has increased the importance of the 
use of educational data mining to improve teaching and learning 
processes (Algarni, 2016). Research using educational data min-
ing has aimed to receive feedback from students about lessons, to 
determine the factors that affect their success and increase student 
achievement, to identify deficiencies in the content of education, and 
to create a more effective education process. In addition, research has 
aimed to guide students according to their needs and abilities and to 
offer teaching styles with customizable curricula by clustering stu-
dents with similar profiles (Algarni, 2016; Altun et al., 2019; Aybek, 
2016; J. Chen et al., 2014; Demiralay et al., 2017; Çırak & Çokluk, 
2013; Romero & Ventura, 2007). The use of educational data mining 
has provided benefits to teachers and managers in many branches, 
as well as to physical education and sports teachers in their lessons.

The literature has included studies on the use of educational data 
mining in physical education and sports lessons. These studies have 
explored detailed information from the sports performance data of 
students, have determined the variables that affect their physical per-
formance, have mentored students by creating prediction models, 
and have predicted the number of future athletes (Atasoy et al., 2017; 
Fan et al., 2019; Pan, 2019; Wang, 2020; Zhu, 2018). Moreover, the 
parameters affecting students’ physical fitness measurements have 
been determined through data mining methods (Rani et al., 2012); 
footballers have been classified according to their physical condition 
through cluster analysis, a data mining method (Jiang et al., 2018); 
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and future obesity situations have been predicted through data min-
ing methods, students’ existing BMI, and physical fitness measure-
ment data (YoussefAgha et al., 2013).

One of the objectives of the Republic of Turkiye Ministry of 
National Education, physical education and sports course is to en-
able students to adopt these skills by improving their movement, 
knowledge, and skills through physical activity (Republic of Turkiye 
Ministry of National Education, 2018). It is known that individu-
als who regularly perform physical activity are less sick, have higher 
energy, and feel stronger psychologically (Corbin & Pangrazi, 1993). 
Individuals who are not physically active enough are known to face 
health problems such as obesity, high blood pressure, diabetes, and 
joint disorders (Chinn & Rona, 2001; Doinne et al., 2000).

Countries have been developing policies to solve these problems, 
which have reached a level that threatens individuals of all ages and 
has led to serious health expenditures and loss of labor. Schools are 
the most suitable places to find solutions to social problems because 
they are the places where children and adolescents spend most of 
their time. The physical education and sports course, which is an 
integral part of education programs, is the only class in which stu-
dents can be physically active. Therefore, it provides an important 
opportunity to produce solutions to health problems that may oc-
cur due to a lack of physical activity (McGinnis et al., 1991). In this 
context, the Health-Related Physical Fitness Report is included in the 
curriculum of Physical Education and Sports (Republic of Turkiye 
Ministry of National Education, 2017). The purpose of the Health-
Related Physical Fitness Report is to develop the knowledge, skills, 
and attitudes required to lead a healthy lifestyle, by creating the 
skills necessary for individuals to participate in physical activities 
(Republic of Turkiye Ministry of National Education, 2017). In this 
context, height, weight, push-ups, sit-ups, and sit-and-reach flexibil-
ity test (right and left) measurements of the students are taken twice 
a year, at the beginning (September 15–October 15) and end (April 
15–May 15) of the academic year. With these measurements, the 
students are classified as underweight, normal weight, overweight, 
or obese according to the World Health Organization classifications 
of BMI. Students and their parents can access the measurement 
results from the relevant module in the e-school system (Republic 
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of Turkiye Ministry of National Education, 2017). According to the 
Health-Related Physical Fitness Report published by the Republic 
of Turkiye Ministry of Health in 2018, 16.5% of male students in 
secondary education are overweight and 6.8% are obese; 13.5% of 
female students are overweight and 4.3% are obese. Determining the 
parameters affecting BMI classification plays an important role in 
reducing the proportion of students classified outside the “normal 
weight” category in the BMI classification of the Health-Related 
Physical Fitness Report. However, it is necessary to provide the most 
accurate estimation and classification for this purpose. Artificial 
neural networks determine the information they receive from the 
given examples, which constitute the experiences of their own in-
formation processes and, thus, in which classification the student 
belongs (Öztemel, 2012). Another widely preferred classification 
model with easy installation and interpretation is the decision trees 
method, which is easy to adapt to databases (Kuyucu, 2012).

The literature review found a limited number of studies that use 
data mining, especially in physical education and sports. For this 
reason, it is thought that this study will contribute to the field. In 
this context, it will be in the community’s best interest for physical 
education and sports to better tackle obesity in students. 

For this reason, data mining is an important issue for which 
to discover and apply new methods that will enable existing pro-
grams to better serve their intended goals. It is desired that students 
meet the classification of “normal weight” rather than "obese." 
The main purpose of the Health-Related Physical Fitness Report is 
to raise awareness among individuals. Besides revealing which of 
the Health-Related Physical Fitness Report parameters are effective 
in BMI classification, the use of data mining methods will provide 
physical education and sports teachers with valuable information 
about reducing obesity. In this context, the general aim of this study 
was to classify the measurement data of the students’ Health-Related 
Physical Fitness Report through the methods of artificial neural 
networks and decision trees and to compare their classification 
performance. In addition, the BMI classification in the study came 
from the body weight and height measurements of the students in 
the Health-Related Physical Fitness Report. The study investigated 
whether sit-ups, push-ups, and sit-and-reach flexibility test values 
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affected this BMI classification. In this context, answers to these 
questions were sought:

1.	 What accuracy rate does the model, obtained by artificial 
neural network analysis, have in classifying students in the 
classification of the Health-Related Physical Fitness Report?

2.	 What accuracy rate does the model, obtained by decision 
trees analysis, have in classifying students in the classifica-
tion of the Health-Related Physical Fitness Report?

3.	 What are the results regarding the comparison of the general 
correct classification rates of artificial neural networks and 
decision trees methods according to the classification of stu-
dents in the Health-Related Physical Fitness Report?

4.	 What is the importance of independent variables in the BMI 
classification of the Health-Related Physical Fitness Report?

Method

Participants
One thousand fifty students (460 [43.8%] females, 590 [56.2%] 

males) studying at secondary schools in the Cihanbeyli district of 
Konya were included. An appropriate sampling method was used. 
Table 1 shows the class levels of the students in the study.

Data Collection Tools
Data on the Health-Related Physical Fitness Report were ob-

tained from the Republic of Turkiye Ministry of National Education 
e-school system database. For the data to be used in the research 
process, ethical principles to be followed during the use of data were 
determined and permission was obtained from the Konya Provincial 
Directorate of National Education for research. After all the per-
missions were completed, data from each student’s Health-Related 
Physical Fitness Report were obtained via e-school. Table 2 shows the 
variables used in the research as a data collection tool and included 
in the Health-Related Physical Fitness Report.
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Table 2
Health-Related Physical Fitness Report Variables
Independent variable Tests
Anthropometric measurements Weight

Height
Muscle endurance Push-ups

Sit-ups
Flexibility Sit-and-reach flexibility test (right)

Sit-and-reach flexibility test (left)

In addition, BMI classification according to the World Health 
Organization was made for the variables in the Health-Related 
Physical Fitness Report. Students were classified as underweight, 
normal weight, overweight, or obese.

Statistical Analysis
Artificial neural network analysis and decision trees analysis 

were used in the data analysis. BMI classification was determined 
as a dependent variable for decision trees analysis and as an output 
variable for artificial neural network analysis. The variables of height, 
weight, push-ups, sit-ups, and sit-and-reach flexibility test (right and 
left) were included as independent variables for decision trees analy-
sis and as input variables for artificial neural network analysis.

CHAID analysis method was used for decision trees analysis, 
and multilayer perceptron method was used for artificial neural 
networks. The data were tested with different algorithms in SPSS 23 
software. The model with the highest accuracy was chosen.

Table 1
Class Levels of the Students in the Study

Students
Grade

Total9 10 11 12
N 380 272 255 143 1050
% 36.1 25.9 24.3 13.7 100
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Artificial Neural Networks
Artificial neural networks are computer systems that have 

emerged as a result of the artificial simulation efforts of the human 
brain, and the ability to create, derive, and discover new informa-
tion spontaneously through learning, one of the features of the brain 
(Kantardzic, 2011). They give easier and more accurate results in 
predicting nonlinear problems in comparison to traditional analysis 
methods. They consist of artificial cells that are hierarchically linked 
at the same time and can operate in parallel with each other. The main 
task of an artificial neural network is to produce an output set that 
can correspond to an input set shown to it. To do this, the artificial 
neural network is trained with examples of the same event, and the 
learning of the network is provided. In this way, the network is given 
the ability to generalize. It generates its own output values in the 
face of similar events with its generalization capability. This situation 
provides the most effective benefit in decision-making processes 
when there is limited information about the situations but there 
are examples (Öztemel, 2012). Artificial neural networks consist of 
many layers and many artificial neural cells. They have three parts: 
input layer, hidden layer, and output layer. Input variables that enter 
from the input layer pass through here and come to the hidden layer 
and are then passed to the output layer (Silahtaroğlu, 2013). There 
are many artificial neural network structures in the literature, one of 
which is the multilayer perceptron networks used in this study.

Multilayer perceptron networks have a feed-forward network 
structure and use the method of teacher learning. Their operating 
principles are based on reconnecting weights until the mean of er-
ror squared is minimized. This is called the “generalized delta rule” 
(Haykin, 2009).

Decision Trees
On the basis of historical data, decision trees decide which 

classes the new data belong to by establishing certain rules. Many 
approaches are used in decision trees, and CHAID is the most widely 
used approach among them.

CHAID (chi-squared automatic interaction detection) analysis 
was developed by Kaas in 1980. One advantage of CHAID analysis is 
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that it can work with categorical and continuous variables (Mattison, 
1997). In CHAID analysis, there is one dependent (predicted) vari-
able and multiple independent variables (predictor). In this analysis 
method, all independent variables are compared and the variable 
that best describes the dependent variable is determined. Then, the 
data set is divided into nodes, that is, subgroups according to the 
independent variable that best describes the dependent variable. 
Nodes continue to create new nodes for other significant indepen-
dent variables (Avşar & Yalçın, 2015).

Results

Artificial Neural Network Analysis
Table 3 presents the data on students' Health-Related Physical 

Fitness Report classified with the artificial neural network. The ar-
tificial neural network model correctly classified the students in 
the underweight category at 92.9%, the normal weight category at 
95.9%, and the overweight category at 100%. Students in Class 1, 2, 
and 3 obesity categories could not be classified correctly. Total cor-
rect classification rate of the training set was 91.5%.

The test set was correct for 91.8% of students in the underweight 
category, 95.1% of students in the normal weight category, and 95.4% 
of students in the overweight category. Students in Class 1, 2 and 3 
obesity categories could not be classified correctly. The total correct 
classification rate of the test set was 90.6%.

The training data set was used in the training of the network, and 
the test data set was used in the measurement of the performance 
of the training data set. When the findings of the test data set were 
examined to measure the performance of the training application, 
on the test data set, the training application performed well with a 
high correct classification rate. 

Table 4 shows the findings regarding the importance order and 
percentages of the independent variables according to the classifica-
tion status of the students from the Health-Related Physical Fitness 
Report.
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Table 3
Classification Table Resulted From Artificial Neural Network Analysis

World Health 
Organization’s BMI 

classification categories

Training dataset Test dataset

Correct Incorrect

Correct 
classification 

% Correct Incorrect

Correct 
classification 

%
Underweight 65 5 92.9 78 7 91.8
Normal weight 301 13 95.9 352 18 95.1
Overweight 76 0 100 83 4 95.4
Class 1 obesity 0 19 0 0 19 0
Class 2 obesity 0 3 0 0 4 0
Class 3 obesity 0 1 0 0 1 0
Total 442 41 91.5 513 532 90.6
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Table 4
Artificial Neural Network Analysis Percentage of Importance of 
Independent Variables

Independent variable Importance

Normalized 
importance

%
Body Mass Index 0.244 100
Weight 0.240 98.1
Push-ups 0.109 44.5
Height 0.096 39.4
Sit-ups 0.093 38.2
Age 0.090 36.7
Sit and reach flexibility test (left) 0.051 21
Sit and reach flexibility test (right) 0.042 17.2
Sex 0.035 14.4

The most important variable determining the classification was 
body mass index (100%), followed by weight (98.1%) and push-ups 
(44.5%). These were followed by variables such as height (39.4%), 
sit-ups (38.2%), age (36.7%), sit-and-reach flexibility test (left; 21%), 
sit-and-reach flexibility test (right; 17.2%), and sex (14.4%).

Decision Trees Analysis
Table 5 shows the results of the classification made with the 

decision trees model. Correct classification was done for 77.4% of 
students in the underweight category, 90.9% of students in the nor-
mal weight category, 79.1% of students in the overweight category, 
and 31.6% of students in the Class 1 obesity category. Students in 
Class 2 and 3 obesity categories could not be classified correctly. The 
total correct classification rate of the test set was 84.2%.
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Table 5
Classification Table Resulted From CHAID Analysis

Classification

Observed

Estimation

Underweight
Normal 
weight Overweight

Class 1 
obesity

Class 2 
obesity

Class 3 
obesity

Correct 
classification 

%
Underweight 120 35 0 0 0 0 77.4
Normal weigh 34 622 28 0 0 0 90.9
Overweight 0 33 129 1 0 0 79.1
Class 1 obesity 0 0 26 12 0 0 31.6
Class 2 obesity 0 0 4 3 0 0 0
Class 3 obesity 0 0 2 0 0 0 0
Correct Classification % 14.7 65.8 18 1.5 0 0 84.2
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Comparison of Artificial Neural Network Analysis and 
Decision Trees Analysis

The performances of artificial neural network analysis and 
CHAID analysis methods were compared through classification ta-
bles of both methods. As a result of artificial neural network analysis, 
separate classification tables for the test data set and the training data 
set were created. The average of these two tables was calculated for 
the general accuracy classification. Table 6 shows the comparative 
correct classification percentages obtained through artificial neural 
network and CHAID analyses.

The artificial neural network analysis achieved the highest 
classification success in terms of the overweight category at 97.7%, 
whereas the CHAID analysis achieved the highest classification suc-
cess in terms of the normal weight category at 90.9%.

The artificial neural network analysis made the most accurate 
classification for students in the underweight, normal weight, and 
overweight categories, whereas the CHAID analysis made the most 
correct classification for students in the Class 1 obesity category. The 
overall correct classification rates were 91.1% for artificial neural 
network analysis and 84.2% for CHAID analysis.

Table 6
Artificial Neural Networks and CHAID Analyses Classification 
Percentage Comparison

Observed

Estimation
Artificial neural 

networks
%

CHAID
%

Underweight 92.4 77.4
Normal weight 96 90.9
Overweight 97.7 79.1
Class 1 obesity 0 31.6
Class 2 obesity 0 0
Class 3 obesity 0 0
Total correct classification % 91.1 84.2
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Discussion
“If you know the enemy and know yourself, you need not fear the 

result of a hundred battles. If you know yourself but not the enemy, 
for every victory gained you will also suffer a defeat. If you know 
neither the enemy nor yourself, you will succumb in every battle.”

—Sun Tzu Wu, The Art of War, 450 BC

Meaningful information can be obtained from various data dur-
ing the education and training process. In this way, educators can get 
to know themselves, the methods they use, and their students better. 
Thus, they have the opportunity to produce more effective solutions 
to their problems. Educators are always striving to get better. One 
method that provides an advantage to overcome their difficulties is 
data mining, with data being “the new oil of the digital economy” 
(Wired, 2014).

With the 84.2% success rate in classifying students according to 
Health-Related Physical Fitness Report measurements and the 91.1% 
correct classification with the artificial neural network analysis in 
this study, the artificial neural network analysis, compared to the 
CHAID analysis, is clearly better at predicting BMI category of stu-
dents. It is thought that the primary factor in this success of artificial 
neural networks is to carry out a training process using data and to 
try to reduce the error rate by constantly renewing itself after this 
process. Other studies show similar results. The Tosun (2007) study 
reveals artificial neural network analysis better classifies student 
achievement than does a decision trees analysis. The Toprak (2017), 
which classifies students according to their PISA test mathematics 
achievements, reveals artificial neural networks are better than deci-
sion trees and discrimination analysis methods. These studies and 
other studies in the literature show that artificial neural networks can 
be used in classification problems in the field of education (Algarni, 
2016; Altun et al., 2019; Aybek, 2016; J. Chen et al., 2014; Çırak & 
Çokluk, 2013; Demiralay et al., 2017; Romero & Ventura, 2012). 
However, the CHAID analysis also classifies at a high level of ac-
curacy. With the advantage of CHAID analysis, students with similar 
physical characteristics can organize activities to be included in the 
same group. Thus, it is possible for the students in the obese category 
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to be included in the normal weight category more systematically 
and quickly.

The two most important variables that predict Health-Related 
Physical Fitness Report classification among the independent vari-
ables in the study are body mass index and body weight. This is 
due to the World Health Organization’s classification of BMI with 
the Body Weight / (Height*Height) formula. In addition, it is an 
expected result that the BMI variable calculated from the ratio of 
the two is among the important variables. It is known that as the 
number of sit-up and push-up repetitions increases, individuals are 
more likely to be classified in the normal weight category, and that as 
the number of repetitions decreases, they are more likely to be clas-
sified in a category other than the normal weight category (X. Chen 
et al., 2020). In the literature, many studies emphasize that individu-
als in the obese category have significantly lower number of sit-up 
and push-up repetitions than do their healthy peers (X. Chen et al., 
2020; Deforche et al., 2003; İskenderoğlu, 2020; Kamuk, 2019; Kim 
et al., 2005; Mak et al., 2010; Orjan et al., 2005; Tulum, 2002). In this 
context, our study shows consistent results with studies on similar 
age groups in the literature.

Considering these results, it is thought that the possibility of clas-
sification of students as normal weight in  the Health-Related Physical 
Fitness Report classification increases with the fact that physical edu-
cation and sports teachers have more room for sit-up and push-up 
exercises in the classroom and extracurricular activities. In addition, 
there are studies in the literature on the variables affecting classifica-
tion by artificial neural network analysis. For example, the Ivankovic 
et al. (2010) study using artificial neural network analysis to de-
termine the levels at which certain variables affect the wins of the 
teams in the Serbian Basketball League points to some variables (i.e., 
numbers from the painted area) bringing teams closer to winning. 
In this sense, it can be said that artificial neural network analysis is 
a successful method in determining the degree to which variables 
affect classification.

The multilayer perceptron model created with artificial neural 
networks makes the most accurate classification in BMI classifica-
tion in the overweight and normal weight categories. The normal 
weight category with the most agglomeration is expected to be highly 
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accurate. However, the highest estimation of the overweight category 
is the most striking result of artificial neural network analysis. This 
shows that the classification performance is higher for students in 
the overweight category than in the other categories. For this rea-
son, the model established with artificial neural network analysis 
chooses the students in the overweight category better and gives bet-
ter results in its classification. It is, however, possible to say that the 
CHAID analysis gives better results, especially in the classification of 
students in the normal weight category. The artificial neural network 
analysis fails to correctly classify Class 1, 2 and 3 obesity categories, 
whereas the CHAID analysis fails to do so for Class 2 and 3 obesity 
categories. This may happen because these categories contain fewer 
samples.

In light of these results, imagine a student who has a body weight 
of 73 kg, height of 135 cm, 3 push-ups, 2 sit-ups, 18 cm sit-and-reach 
flexibility (right) test, and 17 cm sit-and-reach flexibility (left) test. 
Artificial neural networks is used in predicting which BMI classi-
fication this student will belong to in the future. As a result of the 
analysis made with variable values added to the data set, this student 
is assigned to the “overweight” class. The probability of this estimate 
being correct is 91%. Of the parameters that will allow the obesity 
level to be brought to the normal weight level, shuttle and push-ups 
can have an important effect in lowering this level normally for this 
student, who is predicted to be in the overweight category.

For the generalization of the findings within the scope of this 
research, further studies with larger samples are recommended. 
However, this study is thought to be an example for the use of data 
mining methods in the process of physical education and sports 
education research. On the other hand, in terms of parameters that 
influence students’ Health-Related Physical Fitness Report, research-
ers must consider BMI classification. With more importance given 
to these parameters in the classroom and extracurricular activities, 
more students can be included in the normal weight category in BMI 
classification.
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