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ABSTRACT 

The ongoing evolution of technology has had both positive and negative effects on 
modern society. On the positive side, it has significantly improved the ease with 

which various activities can be performed. However, it has also had a negative 

impact by reducing physical activity. This reduction in physical activity, in turn, 
increases the risk of chronic diseases that contribute to global mortality rates. This 

research aims to assess the effectiveness of machine learning in predicting the 
physical activity levels of adolescents. The study utilizes data from accelerometers, 

specifically the ActiGraph GT3X. The research methodology employs a semi-

supervised machine learning approach, using both the support vector machine and 
decision tree algorithms to make these predictions. The study sample consists of 61 

adolescents (males = 17, female = 44), including high school students and 

university students aged 18-21, from the West Java region. The results from the 
machine learning model using the decision tree algorithm indicated a model 

accuracy of 97.50% in predicting physical activity levels. In contrast, the accuracy 
obtained from the performance analysis using the confusion matrix for the support 

vector machine model was 92.5%. Based on these accuracy levels, it can be 

concluded that the decision tree algorithm outperforms the support vector machine 
algorithm in terms of accuracy. Further analyses involving different models are 

necessary to determine which algorithm offers the highest level of accuracy. 

Keywords: accelerometer; physical activity; descision tree; SVM 

Corresponding author:  

*Desvy Rahma Putri Mahendra, 
Universitas Pendidikan Indonesia, Jl. Dr. 

Setiabudhi No.229, Bandung, West Java, 

Indonesia, 40154. desvyrahma@upi.edu  
 

Article History: 
Received: September 25, 2023 
Accepted after revision: October 23, 2023 
First Published Online: October 30, 2023 
 

Authors’ contribution: 
A) Conception and design of the study; 
B) Acquisition of data;  
C) Analysis and interpretation of data;  
D) Manuscript preparation;  
E) Obtaining funding. 
 

Cite this article: 
Mahendra, D. R. P., Jajat, Damayanti, I., 

Sultoni, K., Ruhayati, Y., Suherman, A., & 

Rahayu, N. I. (2023). A Machine Learning 

Approach to Predicting Physical Activity Levels 

in Adolescents. Indonesian Journal of Sport 

Management, 3(2), 261-272. 

https://doi.org/10.31949/ijsm.v3i1.7145 

INTRODUCTION 

In the modern era, technology continues to advance, yielding both positive and 
negative consequences. Technological progress has positively impacted society by 
enhancing the ease, convenience, and speed with which individuals can perform 
various tasks. However, it has also led to negative outcomes, including a decline in 
physical activity among individuals, as they are increasingly reliant on the conveniences 
provided by modern technology (Jeckzen et al., 2019). This trend is evident in rural 
areas, where farmers are more inclined to use tractors for ploughing fields instead of 
traditional buffalo ploughing methods. Similarly, in urban environments, contemporary 
children often prefer electronic gadgets over traditional outdoor games with their peers 
(Sulastri & Sonyo Rini, 2022). 

The extensive use of technology in our modern society has made many work 
tasks more efficient (Pramono et al., 2014). However, this advancement in technology 
has also led to reduced levels of physical activity (Suherman et al., 2021). Physical 
activity plays a vital role in maintaining overall health and well-being, regardless of 
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age, from early childhood to old age (Amtarina, 2017; Wicaksono, 2020). Conversely, 
inadequate physical activity is linked to risk factors such as elevated blood pressure 
(Hasanudin et al., 2018), a rise in degenerative diseases (Suryani et al., 2020) and a 
higher prevalence of overweight and obesity (Willumsen & Bull, 2020). Moreover, 
insufficient physical activity can contribute to the development of chronic diseases with 
implications for global mortality (Mamba & Surakarta, 2017). As a result, there is an 
urgent need for early preventive measures, particularly for children and adolescents, 
to counteract the decline in physical activity. 

Researchers have employed various methods to assess physical activity in 
different age groups, using both subjective and objective approaches (Strath et al., 
2013). These methods utilize a range of instruments, such as surveys, accelerometers, 
and pedometers (Sylvia et al., 2014; Westerterp, 2009; Tudor-locke et al., 2002). 
These instruments essentially quantify daily physical activity by estimating the duration 
and intensity of activities, often measured in Metabolic Equivalents (METs). 
Accelerometers are increasingly favoured due to their objectivity and precision, 
particularly for assessing physical activity in children and adolescents. They function 
as sensors to track steps and provide details about the frequency, intensity, and 
duration of activities (Ellis et al., 2014; Sliepen et al., 2019). 

However, accelerometers have limitations, including their inability to accurately 
capture some non-weight-bearing activities and their failure to detect increased energy 
expenditure during uphill walking (Pfeiffer et al., 2006). The choice of accelerometer 
placement, whether on the wrist, waist, or ankle, typically depends on the specific 
research objectives and the type of accelerometer used (Romanzini et al., 2014). On 
the other hand, questionnaires are less effective at measuring moderate and light 
physical activity (Jacobs et al., 1993). They also present the drawback of potentially 
containing ambiguous or challenging-to-interpret questions for respondents (Mardiana 
& Wiyat Purnanto, 2017). Nevertheless, questionnaires offer advantages in terms of 
cost-effectiveness, ease of administration, and accuracy in measuring high-intensity 
physical activity (Besson et al., 2010; Ishikawa-Takata et al., 2008), as well as the 
ability to rank individuals or groups based on their activity levels (Corder et al., 2009). 

Currently, artificial intelligence, particularly machine learning, is extensively 
employed by researchers across various scientific domains, including the assessment 
of physical activity. Machine learning for predicting the type of physical activity from 
accelerometer data has gained attention due to its ability to process raw data from 
newer devices (Ellis et al., 2014) and solve complex problems (Roihan et al., 2019). 
Machine learning is also receiving considerable attention for its capacity to accurately 
predict various complex phenomena. Beyond prediction, it is increasingly recognized 
that machine learning can yield insights into the relationships inherent in the data, 
often referred to as interpretation (Murdoch et al., 2019). 

Machine learning methods are used to analyze predictions, classifications, 
quantifications, and more (Adawiyah, 2023). The results of the analysis produced by 
each algorithm used vary in terms of accuracy. These differences are contingent on 
the data sources and instruments employed, resulting in a degree of variability. This 
underscores the significance of data sources and instrument types used in measuring 
physical activity, as they significantly influence the accuracy of physical activity 
predictions. In Indonesia, the majority of studies on physical activity and machine 
learning have relied on questionnaire-based data sources, while research utilizing 
machine learning methods with accelerometer data sources is relatively scarce or 
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virtually non-existent. However, as previously explained, accelerometers offer higher 
objectivity and accuracy compared to questionnaires. Consequently, this study 
analyzes physical activity using machine learning methods with accelerometer data 
from the ActiGraph GT3X.    
 

METHODS AND MATERIALS 

Data Source  
The data used in this study was collected from the Physical Activity Research Focus 

Group within the Sport Science program at the Faculty of Sports and Health Education, 
Universitas Pendidikan Indonesia. This initiative involved both faculty members and 
students specializing in physical activity. Data collection took place between 2021 and 
2023 and targeted adolescents aged 18-21, with an average age of (M=19.79 + 
SD=1.13). We selected participants from various high schools and universities in West 
Java, resulting in a sample of 44 females and 17 males. Initially, we collected data 
from a total of 102 individuals, but due to missing data in some samples, the validated 
dataset included 61 individuals. 

 
Physical Activity Dataset 

The dataset used for this research was derived from three research projects that 
were conducted under the umbrella of the Physical Activity research focus group. Out 
of the 102 accelerometer datasets analyzed, 61 were obtained from Project A, 21 from 
Project B, and 20 from Project C. 

 
Steps Data 

For the collection of daily activity data in five-day intervals, we employed the 
ActiGraph accelerometer. This device was worn on the left hip for a total of seven 
days, with data collection occurring over five days, starting at midnight (00:00) and 
ending at the conclusion of the fifth day. We removed the accelerometer on the 
seventh day. 

 
 

  

  

Figure 1. Placement Position of ActiGraph GT3X Accelerometer  
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Physical Activity Time and METs Data 
The physical activity data obtained from the ActiGraph accelerometer includes 

sedentary activity time, low, moderate, high, and very high physical activity time, along 
with other relevant data. The recorded time intervals were subsequently analyzed 
using cut points in ActiLife V6.13.4 software to determine intensity classifications, 
which include light-intensity physical activity, moderate-intensity physical activity, 
vigorous physical activity, and moderate to vigorous physical activity (Ayabe et al., 
2013). The cut points for determining moderate to vigorous physical activity were 
based on Freedson adult epoch values from 1998, available in the ActiLife V6.13.4 
software. These values encompass Sedentary Bout Parameters, with a minimum length 
of 10 minutes, a minimum count value of 0 counts per minute, a maximum count value 
of 99 counts per minute, a drop time of 0 minutes, and a vector magnitude set to 
"false." The cut point values were defined as sedentary (0 to 99), light (100 to 1951), 
moderate (1952 to 5724), vigorous (5725 to 9498), very vigorous (above 9499), and 
moderate to vigorous physical activity with a minimum count of 1952. 

 
Training and Test Data 

The analytical methods in this study employed a semi-supervised model, wherein 
70% of the valid dataset, out of the 61 recorded datasets, was used for supervised 
training, and the remaining 30% was designated for unsupervised testing. 

 
Analytical Methods 

The machine learning methods utilized in this study include decision trees and 
support vector machines. The decision tree algorithm is well-suited for this research, 
as it represents predictive models in the form of tree structures with nodes and 
branches. Support vector machines were also employed due to their high-performance 
track record in previous physical activity prediction research. Both algorithms were 
analyzed using RapidMiner (RapidMiner Studio Educational 10.1.002). 

 
Pre-Processing 

In the initial phase, data samples were recorded using the ActiGraph GT3X 
accelerometer to monitor daily physical activity over a span of five days. The recorded 
ActiGraph data was then scored using age-specific cut points within the ActiLife 
V6.13.4 software and subsequently downloaded. Following the download, the data 
was screened to ensure there were no extreme or missing data points. The screened 
data was then divided into two datasets for training and testing purposes. The training 
dataset was used to train both the decision tree and support vector machine models. 
Subsequently, the model's performance was assessed through data testing, 
incorporating the use of a confusion matrix. 
 

RESULTS AND DISCUSSION 

gender, average sedentary activity time, average light physical activity time, average 
moderate physical activity time, and average moderate to vigorous physical activity 
time (MVPA T). The analysis using the decision tree revealed that the prediction of 
physical activity relied solely on the average time spent in moderate to vigorous 
physical activity. This result is depicted in Figure 2, which illustrates the decision tree 
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structure. This indicates that moderate to vigorous physical activity time is the sole 
indicator used by the decision tree algorithm to predict physical activity. 
 

 
Figure 2. Decision Tree Predicting Physical Activity 

 
Based on Figure 2, the decision tree predicts "Yes" for physical activity when the 

average time spent in moderate to vigorous physical activity among adolescents 
exceeds 49.085 minutes per day, and "No" if the average time spent in this activity is 
less than 49.085 minutes per day. 

Subsequently, after obtaining the decision tree structure, the model was tested 
(model application), and the model's performance level was analyzed. In Figure 3, the 
output of the applied model generated by the RapidMiner application provides a 
summary of the label of physical activity versus the predictions from the model. It is 
evident in this figure that some data predictions do not match the labels. 

 

 
 

Figure 3. Summary of Physical Activity Prediction Data Results 
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Furthermore, Table 1 details the analysis of the decision tree model's 
performance, indicating that "Yes - True Yes" resulted in all nine data records being 
correctly predicted, achieving a 100% accuracy rate for predicting "Yes." For "No - 
True No," out of 34 data records, 33 were predicted as "No," and one was predicted 
as "Yes," with an accuracy rate of 97.06%. Based on cross-validation analysis, 33 out 
of 34 training datasets matched the example dataset, with only one mismatch (MVPA 
T > 49.085: Yes {Yes=9, No=0} MVPA T ≤ 49.085: No {Yes=0, No=34}). Therefore, 
the decision tree model's accuracy performance vector was determined to be 97.50%, 
indicating a high level of accuracy in predicting physical activity. For the 18 test 
datasets used to assess performance, all were correctly predicted, with an absolute 
number of 11 for "No" and a fraction value of 0.611, and an absolute number of 7 for 
"Yes" with a fraction value of 0.389 (Table 1). 

 
Table 1. Confusion Matrix for Decision Tree Model Accuracy Performance 

 True Yes True No Class Precision 

Pred Yes 9 1 90% 

Pred No 0 33 100% 
Recall % 100% 97,06%  

 
In addition to the decision tree, the analysis was also conducted using the support 

vector machine algorithm. Unlike the decision tree that yields a decision tree structure, 
the support vector machine generates a Kernel Model. Table 2 reveals that moderate 
to vigorous physical activity time (MVPA T) has the smallest weight (-0.794) compared 
to the other attributes. This indicates that MVPA T is the primary determinant indicator 
for the support vector machine in predicting the consistency of adolescent physical 
activity. 

 
Table 2. Kernel Model of Support Vector Machine 

 

Atribute Weight 
G -0.074 
ST 0.486 
LT -0.150 
MT -0.747 

MVPA T -0.794 

 
G : Gender 
ST : Sedentary time  
LT : Light time physical activity 
MT : Moderate  time physical activity 
MVPA : Moderate to vigorous physical activity 

 
The next step involved testing the results of the generated model using the "apply 

model" function. Figure 4 provides a summary of the model's output results, 
differentiating it from the decision tree. The output of the support vector machine 
model includes predictions of physical activity along with the confidence levels of each 
data prediction. 

Subsequently, the accuracy of the test results of the generated model was 
assessed, as presented in Table 3. Based on the performance data analysis of the 
support vector machine model, for "Pred Yes - True Yes," out of 9 datasets, 7 were 
correctly predicted, and 2 were predicted inaccurately, resulting in a recall accuracy 
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rate of 77.78%. For "Pred No - True No," 33 data records were accurately predicted 
as "No," and one data record was incorrectly predicted, yielding a recall accuracy 
percentage of 77.78%. In conclusion, based on the confusion matrix analysis, the 
support vector machine model achieved an accuracy rate of 92.5% for data predicted 
correctly, and a micro-average of 93.02%. Comparing the accuracy rates of both 
models, the decision tree algorithm exhibited a higher level of accuracy than the 
support vector machine model. 

 

 
Figure 4. Confusion Matrix of Support Vector Machine Model Accuracy Performance 

 

Table 3. Confusion Matrix for Support Vector Machine Model Accuracy Performance 

 True Yes True No Class Precision 

Pred Yes 7 1 87,50% 

Pred No 2 33 94,29% 
Recall % 77,78% 97,06%  

 

DISCUSSION 

The objective of this study was to analyze the effectiveness of machine learning in 
predicting physical activity behavior among adolescents using data from the ActiGraph 
GT3X accelerometer. The results of this research indicate that machine learning 
algorithms, including both the decision tree and support vector machine, can 
effectively predict physical activity behavior among adolescents. This finding aligns 
with previous research, which has shown that machine learning methods perform 
exceptionally well in studying physical activity (Aziz et al., 2021). Several earlier studies 
that predicted physical activity using machine learning, specifically the support vector 
machine model (Cheng et al., 2021; Chong et al., 2021; Vanstrum et al., 2023; Wang, 
2022; Zhou et al., 2019), also reported that the support vector machine model 
demonstrates high accuracy in predicting physical activity. 

Future applications of machine learning for predicting physical activity aim to 
develop two versions of the Discontinuation Prediction Score. The results indicate that 
the Discontinuation Prediction Score achieves testing accuracy of approximately 80% 
and accurately predicts the potential to resume exercise with a sensitivity of 85% and 
specificity of 67% (Zhou et al., 2019). Machine learning can be applied to predict 
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physical activity in individuals with special needs. For instance, a study exploring 
physical activity in children with cerebral palsy, utilizing machine learning and mobility-
assistive devices, found that three machine learning models—decision tree, support 
vector machine, and random forest—trained with accelerometer data from various 
body parts effectively classified types of physical activities in children with cerebral 
palsy (Ahmadi et al., 2018). 

Another study focused on predicting physical activity using information collected 
through hardware in applications installed on smartwatches and smartphones, referred 
to as Human Activity Recognition (HAR). HAR leverages gyroscope and accelerometer 
sensors and applies classification algorithms within machine learning models. It helps 
identify various everyday physical activities such as walking, sitting, and running using 
data collected from accelerometer and gyroscope sensors. The results of this study 
demonstrated that the Deep Neural Network (DNN) model achieved an accuracy rate 
of 96.81% (Bozkurt, 2022). This highlights that machine learning methods could 
predict physical activity with a relatively high level of accuracy. Furthermore, in a 
comparison between machine learning and deep learning, one study concluded that 
machine learning models outperformed deep learning models (Bharti et al., 2021). 

Machine learning is not limited to prediction; it can also classify physical activities 
(Alsareii et al., 2022). For example, research on classifying physical activities using the 
Gravity Estimator of Normal Everyday Activity (GENEA) accelerometer and the Waikato 
Environment for Knowledge Analysis (WEKA) software achieved an accuracy rate of 
95.8% (Zhang et al., 2012). 

Subsequent analysis shows that the decision tree machine learning algorithm 
achieves a model accuracy rate of 97.50%, while the accuracy from the confusion 
matrix analysis for the support vector machine model is 92.5%. This implies that the 
decision tree surpasses the support vector machine in predicting adolescent physical 
activity based on ActiGraph accelerometer data. This result aligns with previous 
research comparing support vector machine and decision tree algorithms to predict 
death in patients with sepsis in the ICU, which concluded that the decision tree 
algorithm outperforms the support vector machine (Li et al., 2021) 

However, in contrast to this research, one study analyzed five machine learning 
models for human activity prediction. The models is logistic regression, linear Support 
Vector Cluster (SVC), support vector machine classifier, decision tree, and random 
forest. Among these models, the SVC machine learning model achieved the highest 
accuracy of 96.54%, while the decision tree machine learning model yielded the lowest 
accuracy of 86.29% among all the models (Pratama, 2020). These differences may be 
attributed to factors such as dataset size and the number of attributes used, which can 
impact the precision and accuracy of model performance (Osisanwo et al., 2017). 

The algorithms employed in this research were limited to the decision tree and 
support vector machine. Therefore, further analysis using other algorithms is needed 
to determine which model yields better accuracy in predicting adolescent physical 
activity based on ActiGraph accelerometer data. Previous research that employed the 
random forest model to predict physical activity from accelerometer data reported 
relatively high accuracy (Ellis et al., 2014). Additionally, another study found that 
random forest was the best-performing machine learning model with an accuracy rate 
of 0.93, while the decision tree model had an accuracy of 0.75 (Dijkhuis et al., 2018). 
Other machine learning models, such as linear regression, achieved accuracy rates of 
97-99% in predicting physical activity (Biró et al., 2023). A study that systematically 
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reviewed literature on machine learning model selection concluded that the most 
suitable model is Principal Component Analysis (PCA) (Jones et al., 2021). This 
highlights that model selection and problem context can yield varying performance, 
emphasizing the need to test different models to identify the most suitable one. 

In addition to the limitations regarding the algorithms used in this study, the 
sample size and attributes used, there is also a limitation related to the ActiGraph GT3X 
accelerometer, which is not waterproof. Participants were required to remove the 
ActiGraph when engaging in water-related activities such as swimming and bathing, 
leading to a lack of data for those activities. Therefore, recording or confirming with 
the participants when and for how long they removed the ActiGraph is essential. 

 

CONCLUSION 

The results of this study demonstrate that machine learning algorithms can 
predict physical activity behavior among adolescents based on ActiGraph 
accelerometer data, whether utilizing the support vector machine or decision tree 
models. The decision tree model outperforms the support vector machine model in 
terms of performance accuracy in predicting adolescent physical activity. The attribute 
of activity time is a key variable that significantly influences the prediction of future 
physical activity behavior among adolescents. 
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