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ABSTRACT 
Actigraph is a widely used accelerometer for classifying physical activity levels in 
children, adolescents, adults, and older people. The classification of physical activity 
levels on Actigraph is determined through time calculations using cut-point 
formulas. The study aims to classify physical activity in young children according to 
the World Health Organization (WHO) guidelines using accelerometer data and 
machine learning methods. The study involved 52 young children (26 girls and 26 
boys) aged 4 to 5 years in West Java, with an average age of 4.58 years. These 
early childhood physical activity and sedentary behaviours were simultaneously 
recorded using the Actigraph GT3X accelerometer for seven days. The data from 
the Actigraph were analyzed using two algorithm models: the decision tree and 
support vector machine, with the Rapidminer application. The results from the 
decision tree model show a classification accuracy of 96.00% in categorizing 
physical activities in young children. On the other hand, the support vector machine 
model achieved an accuracy of 84.67% in classifying physical activities in young 
children. The decision tree outperforms the support vector machine in accurately 
classifying physical activities in early childhood. This research highlights the 
potential benefits of machine learning in sports and physical activity sciences, 
indicating the need for further development. 
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INTRODUCTION 
Early childhood refers to the age group from 0 to 9 years, and it's a critical period 
when children undergo significant physical, cognitive, and emotional development. 
This period is often called the "golden age," where 80% of their brain is actively 
developing. This phase is marked by rapid changes in physical, cognitive, emotional, 
moral, religious, and language development (Leonardo & Komaini, 2021). The pace of 
development varies among individuals and is influenced by genetics, physical health, 
nutrition, and the environment (Lin et al., 2021). Early childhood is a unique phase in 
life that should not be overlooked. It's a crucial time to stimulate individual 
development (Talango, 2020). This stimulation aims to make children active, healthy, 
and intelligent in their early years. Research indicates that children active in sports 
during early childhood tend to remain physically active in adulthood (Febrianta, 2016). 
The habits formed during early childhood often persist into later stages of life, which 
makes this period even more important. 
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Over the last two decades, there has been progressing in global child birth rates 
and the survival of early childhood (Lawn et al., 2014). However, despite these 
advancements, many early childhooders still suffer from illnesses and, in some cases, 
even lose their lives. These tragic outcomes are often caused by factors such as 
premature birth complications, pneumonia, birth asphyxia, diarrhoea, and malaria 
(Vakili et al., 2015). Moreover, it's not uncommon for early childhood today to 
experience common health issues like congenital anomalies, injuries, and non-
communicable diseases such as chronic respiratory conditions, heart disease, 
childhood cancer, diabetes, and obesity (Beattie & Lewis‐Jones, 2006). Non-
communicable diseases have become a top priority in child healthcare worldwide 
(Brumana et al., 2017). It should be noted that these diseases can be prevented in 
the future by paying attention to diet and physical activity, which play an important 
role (Saqib et al., 2020). 

Physical activity is an indicator of early childhood development (motor, emotional, 
cognitive and psychosocial development). Physical activity is body movement produced 
by skeletal muscles that requires energy expenditure (Westerterp, 2013). Regular 
physical activity can improve a person's psychology by reducing stress, anxiety and 
depression (Welis & Sazeli, 2013; Leonardo & Komaini, 2021). Additionally, increasing 
physical activity can train the muscles, heart, and almost all other body parts to move 
actively and can prevent excessive fat accumulation in the body. 

Children, on average, are involved in activities like watching television, reading 
books, storytelling, playing with mobile phones, seeking help with tasks, and spending 
little time outdoors (Ludyanti, 2019). These activities result in a reduced expenditure 
of their body's energy, which increases the likelihood of adopting a sedentary lifestyle 
(Nurcahyo, 2015). This sedentary behavior can have negative effects on their motor 
skills, contribute to obesity, raise the risk of non-communicable diseases, and possibly 
hinder their developmental progress (Lontoh et al., 2021). Children who engage in 
significant sedentary behaviour, whether moderately or extensively, often face 
limitations in their creativity and are more likely to experience emotional issues, 
anxiety, and low self-esteem (Ludyanti, 2019). 

This problem has received worldwide attention, including researchers in physical 
activity. One of the current trends is studying physical activity using Artificial 
Intelligence technology (Ahmed et al., 2022; Maher et al., 2020). In its 
implementation, physical activity researchers utilize artificial intelligence through 
machine learning modelling. Machine learning analyses predictions, classification, 
quantification, and others with different data sources and instruments. Machine 
Learning is useful for creating systems or algorithms in the form of predictions and 
results that can continue to develop specifically based on data and increase their 
accuracy over time (Telaumbanua et al., 2019). In machine learning applications, 
algorithms or sequences of statistical processes are trained to find certain patterns and 
features based on the amount of data obtained (Hasibuan & Rahayu, 2022). The better 
the algorithm, the better the accuracy of the system's decisions and predictions, and 
the more data, the more accurate the resulting output will be (Mahendra et al., 2022). 

As mentioned earlier, machine learning has become crucial in our daily lives, 
particularly in physical activities. Researchers have extensively used machine learning 
to study physical activities, employing different data sources and instruments, which 
has resulted in varying findings and conclusions (Rossi & Calogiuri, 2018; Meng et al, 
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2019; Jones et al, 2021). This indicates that choosing data sources and instruments 
for predicting physical activities can lead to diverse outcomes (Sulistia et al., 2018). 

In Indonesia, discussions regarding predictions in classifying physical activities 
using machine learning have also started to develop. However, the majority of datasets 
used come from questionnaire instruments, while datasets from accelerometers like 
ActivPal and Actigraph are relatively scarce. Meanwhile, ActivPal and Actigraph 
accelerometers have already seen widespread use in some countries due to their 
perceived accuracy in measuring physical activities (Santos-Lozano et al., 2013). The 
use of accelerometers has gained popularity in research due to their ability to provide 
highly accurate results, including detecting activity patterns, durations, and intensities 
and precise estimates of energy expenditure (Rowlands, 2007). Accelerometers are 
small devices worn on the waist, wrist, or ankle and don't interfere with the subject's 
daily activities (Long et al., 2009). They record data and then process it on a computer 
using the Actilife application (Berlin et al., 2006). This device has been widely applied 
in research because it can provide results with a relatively high accuracy. Therefore, 
this research aims to analyze physical activities using supervised machine learning with 
data sourced from the ActiGraph GT3X accelerometer, with the expectation of 
achieving high accuracy in predicting the classification of physical activities.    
 
METHODS AND MATERIALS 
Study Design 

This study examines primary data derived from research conducted by the 
Physical Activity field within the Sports Science program at the Faculty of Sports and 
Health Education (FPOK) at the Universitas Pendidikan Indonesia (UPI). The data used 
for this study was collected between 2020 and 2021, employing Actigraph GT3X 
accelerometers on early childhood aged 4 to 5 years old in West Java. The Actigraph 
GT3X was worn by 120 early childhood samples in West Java for 5 days. Physical 
activity classification was carried out using a machine learning model through several 
processes: (1) Physical activity data set; (2) Time analysis; (3) calculation of Metabolic 
Equivalent of Task per second (METs) for data (cut point); (4) data preprocessing; (5) 
classification model; and (6) application of the model. 

Physical Activity Data Set 
The data for this study was gathered from 20 kindergartens in West Java between 

2020 and 2021. A total of 120 early childhood, aged 4 to 5 years (with an average age 
of 4.58 + 4.58), participated in the study. After screening and verifying the collected 
data, 52 data points were found to be suitable for further analysis. These 52 data 
included 26 females and 26 males. 

Steps Data 
The Accelerometer Actigraph GT3X is employed to monitor the physical activities 

of early childhood. The Actigraph GT3X is affixed to the hip area of the subject for a 
duration of 7 days, and it is only removed during water-related activities such as 
bathing and swimming. Before usage, the Actigraph GT3X is initially configured using 
ActiLife Software to specify the start and end of the recording period. The recorded 
activities of the subject include sedentary behavior, sleep duration, and daily physical 
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activity time. Subsequently, the recorded data is downloaded using ActiLife software 
for further processing and analysis. 

Physical Activity Time and METs Data 
The Accelerometer Actigraph GT3X records the duration of sample activities 

through body motion sensors. The recorded duration is then analyzed using cut point 
algorithms within the ActiLife software, customized for the characteristics of early 
childhood, who are the subjects. The subsequent calculations produce outputs, 
including the number of steps, energy expenditure, and METs, which are used to 
classify physical activity. METs is a measure of the amount of energy the body expends 
during different activities, such as resting (sedentary), walking (light-intensity physical 
activity), moderate physical activity (moderate-intensity), high-intensity physical 
activity (vigorous), and moderate to vigorous physical activity. 

In the Sedentary Bout Parameters, data is stored with a minimum duration 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, with vector magnitude set to "false." 
The data for cut point values is as follows: sedentary (0 to 99 counts), light (100 to 
1951 counts), moderate (1952 to 5724 counts), vigorous (5725 to 9498 counts), very 
vigorous (above 9499 counts), and moderate to vigorous physical activity with a 
minimum count of 1952 counts. 

Train and Test Data 
During the data collection phase, researchers first ensure that the parents of the 

study participants understand the process. They provide training and conduct trials to 
familiarize them with the use of the accelerometer, which will be worn for a period of 
7 days to ensure accurate results. Out of the 52 valid data sets of physical activity 
recordings from early childhood, the researchers divided the data into two parts: 70% 
for training the algorithm model and 30% for testing. 

Analytical Methods 

The data recorded by the Actigraph GT3X accelerometer, which was downloaded 
using the ActiLife software, is subsequently analyzed using a machine learning model 
within the RapidMiner application (specifically, RapidMiner Studio Educational 
10.1.002). The algorithms employed by the researchers for data analysis are the 
decision tree and the support vector machine. Both of these machine learning 
algorithms are widely used for classifying physical activities but differ in their 
algorithmic structures. The decision tree algorithm generates a decision tree, whereas 
the support vector machine algorithm produces a multi-model regression. 

Pre-Processing 
At this stage, the dataset is divided into two parts: training data and test data 

using cross-validation techniques, as illustrated in Figure 1. Subsequently, model 
selection takes place, and the generated models are tested. The model's performance 
is then evaluated using a performance vector, as shown in Figure 2. The results of the 
analysis are further described to draw conclusions about the generated algorithms. 
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Figure 1. Classification Model Framework Using RapidMiner 

 
Figure 2. Framework for Data Cross-Validation Process Using RapidMiner 

 
RESULTS AND DISCUSSION 
The attribute variables used to classify physical activities in early childhood include 
gender, age, time spent in sedentary activities, time spent in low-intensity physical 
activities, time spent in moderate-intensity physical activities, time spent in vigorous-
intensity physical activities, time spent in moderate to vigorous physical activities, and 
total time spent in physical activities. The analysis, as shown in Figure 3, reveals that 
the decision tree model indicates that the key variable for classifying physical activity 
is the "average time spent in moderate-intensity physical activities" and whether it 
aligns with the WHO's physical activity recommendations. In simpler terms, out of the 
seven variables used to classify physical activity in early childhood, the decision tree 
relies on just one variable. If the average time spent in moderate-intensity physical 
activities is more than 62.25 minutes per day, the model classifies the early childhood 
as meeting the WHO's physical activity recommendations. Conversely, if the average 
time spent in moderate-intensity physical activities is less than 62.25 minutes per day, 
the model classifies the early childhood as not meeting the WHO's physical activity 
recommendations. 

 

 
Figure 3. Decision Tree Physical Activity Classification Model 
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Figure 4 gives an overview of the results obtained during the training phase using 

the decision tree algorithm, showing how well the model performed on the data it was 
trained with. Figure 5 is a summary of how the decision tree model, which was created 
during training, performed when tested with new data. Out of the 52 Actigraph data 
records from early childhood, the decision tree model, based on the analysis, made 
incorrect classifications for 2 records, but correctly classified 50 records, just as it had 
been trained to do. 

 

 
Figure 4. Summary of Data From the Decision Tree Algorithm Modeling 

 
Figure 5. Test Data Output Using Cross-Validation with the Decision Tree Algorithm 

Next, an analysis is carried out to measure the performance of the machine 
learning decision tree algorithm obtained through testing using a performance vector. 
The analysis results are presented in Table 1. 
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Table 1. Confusion Matrix of Accuracy Analysis Using the Performance Vector with the Decision Tree 
Model 

 

In Table 1, it is shown that for "pred Yes - true Yes," there are 36 data records 
predicted to fall into the "Yes" category (meeting WHO physical activity 
recommendations), and 1 data record is predicted to be in the "No" category (not 
meeting WHO physical activity recommendations). There is one misclassified data 
record, with an accuracy rate of 97.30%. Meanwhile, for "pred No - true Yes," out of 
the 15 data records, 14 are predicted correctly, and one is predicted wrongly, with an 
accuracy rate of 93.33%. Based on this data analysis, the accuracy of the decision 
tree's performance is found to be 96.00%. This means that the decision tree model 
exhibits high performance in classifying attribute variables related to physical activity 
in accordance with WHO recommendations. 

In addition to using the decision tree algorithm, a second test was conducted with 
the support vector machine algorithm. The testing and data evaluation revealed that 
8 data records were misclassified by the support vector machine algorithm. Unlike the 
decision tree algorithm, which produces a decision tree, the support vector machine 
model generates a multi-model regression. Here is the output of physical activity label 
predictions for young children through regression analysis produced by the support 
vector machine. 
Multi Model By Regression (prediction model for label Meet PA) 
Total number of Support Vectors: 52 
Bias (offset): 0.462 
w[Age] = 0.038 
w[Sex] = -0.403 
w[ag_average_SED] = -0.058 
w[ag_average_LPA] = 0.141 
w[ag_average_MPA] = 0.224 
w[ag_average_VPA] = -0.053 
w[ag_average_MVPA] = 0.153 
w[ag_average_TPA] = 0.158 
 

Based on the output, it is evident that the largest regression value is for the 
average time spent in moderate-intensity physical activities (MPA), which is 0.224 or 
22.4%, while the lowest is for gender, which is -0.403 or -40.3%. This indicates that 
the variable or attribute of average time spent in moderate-intensity physical activities 
has the most significant influence on classifying physical activities in young children, 
while gender not only lacks a significant influence but tends to have a negative impact. 
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Subsequently, a testing was conducted on the support vector machine algorithm 
model that was generated from the training data. A summary of the test results for 
the generated model is presented in Image 6. 

 

 
Figure 6. Summary of Test Data Results Using the Support Vector Machine Model 

 
Table 3. Confusion Matrix of Performance Testing Results for the Support Vector Machine Model 

 

To measure the performance of the Support Vector Machine model, a 
performance vector was used, as shown in Table 3. The confusion matrix indicates 
that for "true Yes," out of 37 data records, the Support Vector Machine model predicted 
7 records incorrectly. Meanwhile, for "true No," out of 15 data records, 1 record was 
incorrectly predicted as "Yes." The overall accuracy of the Support Vector Machine's 
performance is 84.67%. 

Based on the testing results of both models, the Decision Tree and the Support 
Vector Machine, it can be concluded that the Decision Tree algorithm outperforms the 
Support Vector Machine in classifying physical activities in young children. 

 
DISCUSSION 
This research focuses on classifying physical activities in early childhood based on 
accelerometer data and analyzes it using machine learning models. The primary goal 
of this study is to classify whether physical activities in early childhood align with WHO's 
physical activity recommendations based on the measured activity duration using the 
ActiGraph accelerometer. Based on the analysis, both the decision tree and support 
vector machine machine learning algorithms can be used to classify physical activities 
in early childhood. 

The findings of this research align with previous studies that state that machine 
learning methods have high accuracy in classifying physical activities (Mannini & 
Sabatini, 2010; Alsareii et al., 2022; Seng et al., 2020; Mesanza et al., 2020). 
Moreover, other studies examining the differences in accuracy of physical activity 
intensity prediction using machine learning classification versus cut point methods in 
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preschool children indicate that machine learning classification models exhibit higher 
accuracy than the cut point method (M. N. Ahmadi & Trost, 2022). Furthermore, 
research exploring machine learning models for measuring physical activity and energy 
expenditure shows consistent results, where machine learning models accurately label 
the type of physical activity, intensity, and energy expenditure in various age groups 
(Mardini et al., 2021). Machine learning methods can also be used to predict physical 
activity in individuals with special needs. A study found that three machine learning 
models, namely decision tree, support vector machine, and random forest, trained on 
accelerometer data from different body parts, effectively classified physical activities 
in children with cerebral palsy (Goodlich et al., 2020). 

Regarding the decision tree model, as shown in Figure 3, the average time spent 
in moderate physical activities has the highest accuracy in classifying physical activities 
in early childhood. This means that the average time spent in moderate physical 
activities is the attribute variable that can classify the suitability of physical activities in 
early childhood according to WHO recommendations. This finding is consistent with 
previous research on artificial neural network models, which found that Moderate 
Physical Activity (MPA) reaches its maximum value during activities such as walking 
and playing (Fergus et al., 2017). 

Furthermore, there is a difference in accuracy between the decision tree model 
and the support vector machine model, where the decision tree model exhibits higher 
accuracy than the support vector machine in classifying physical activities in early 
childhood based on Actigraph GT3X accelerometer data. This differs from the results 
of a previous study that tested three machine learning models: random forest, support 
vector machine, and binary decision tree to classify physical activities, which found 
that random forest and support vector machine models had better classification 
accuracy than the binary decision tree (M. Ahmadi et al., 2018). Support vector 
machine exhibited an accuracy range of 82.0-89.0%, and random forest ranged from 
82.6-88.8%, while the binary decision tree had an accuracy range of 76.1-86.2%. 

The differences in these findings could be attributed to various factors, including 
sample characteristics, attribute variables, dataset size, and more. Evaluating overall 
model performance is a complex task influenced by numerous attributes such as 
sample size, participants' demographic characteristics, the variety of physical activities 
tested, the type of accelerometer, body position, and the algorithm used (Mardini et 
al., 2021). Further studies are needed to establish precise formulas. 

The advantage of this research is that the dataset is derived from the Actigraph 
accelerometer, which, as per previous studies, offers higher objectivity compared to 
questionnaires. However, limitations of this study include a relatively small dataset and 
a limited set of attribute variables used for classifying physical activities, which are 
restricted to age, gender, and average time spent in physical activities. Other 
attributes, such as the environment, parental care, motivation, and more, which are 
predicted to influence physical activity behavior in young children, need to be included 
in future research. Additionally, this study employed only decision tree and support 
vector machine algorithms, while other algorithms like deep neural networks with 
accuracy up to 96.81% (Bozkurt, 2022), random forests with 99% accuracy (Lee & 
Kwan, 2018), and other models were not assessed. Other research classifying physical 
activities in the 4-9-year-old age group using a random forest model based on 
accelerometer data also showed high accuracy in classifying children's movement 
behavior in real-life conditions (Ahmadi et al., 2020). Furthermore, feature selection 
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plays a significant role in enhancing machine learning model performance for physical 
activity classification (Chong et al., 2021). Thus, further research is required to address 
these limitations and achieve improved research results. 

 
CONCLUSION 

This research demonstrates that machine learning algorithms can classify 
physical activities in early childhood based on accelerometer data. The performance of 
the decision tree and support vector machine models shows higher accuracy compared 
to the decision tree in classifying physical activities in early childhood. Surprisingly, it's 
possible to achieve this level of accuracy in classifying physical activities in early 
childhood by solely considering the attribute of the average time spent in moderate 
physical activities, without the need to account for age and gender attributes. 
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