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1. INTRODUCTION
Physical activity and sports participation are important parts of public health because they support
physical fitness, mental well-being, and the prevention of non-communicable diseases (Martin-
Rodriguez et al., 2024). However, insufficient physical activity remains a global concern because it
increases the risk of cardiovascular disease, stroke, cancer, and diabetes (Katzmarzyk et al.,
2022). In 2022, around 31% of adults aged 18 years and older were reported to be insufficiently
active, showing that physical inactivity is still a major challenge for health promotion and disease
prevention (Strain et al., 2024). Therefore, understanding how people choose and maintain sports
activities is necessary to support targeted physical activity programs, personalized
recommendations, and public health decision-making.

Sports preference is shaped by many interconnected factors, including demographic,
behavioral, social, and environmental characteristics (Avsar & Kizilaslan, 2025). Demographic
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factors such as age, gender, occupation, location, and socioeconomic status may influence access
to sports facilities, available time, and the type of physical activity chosen by individuals
(Tsartsapakis et al.,, 2026). At the same time, behavioral factors such as exercise frequency,
motivation, preferred exercise place, and perceived barriers may affect whether a person prefers
indoor or outdoor sports . Previous studies have also shown that barriers and facilitators of physical
activity differ across populations and activity domains, including leisure, transportation, work,
education, and household activities (Van Uffelen et al., 2017) For this reason, sports preference
needs to be examined through a multidimensional framework that combines demographic and
behavioral attributes rather than through a single-factor perspective (Li et al., 2017).

Along with the growth of data-driven research, data mining and machine learning have
increasingly been used in behavioral and health-related studies because they can reveal complex
patterns from multidimensional datasets. In physical activity research, machine learning has been
applied for activity recognition, behavioral profiling, correlate analysis, and prediction tasks.
Classification algorithms are relevant in this context because they can group individuals into
predefined categories based on observed characteristics (Farrahi et al., 2020). Naive Bayes and
Decision Tree are often used as baseline classification models because they are simple,
interpretable, and suitable for structured data analysis. Naive Bayes uses a probabilistic
classification approach, while Decision Tree produces a rule-based structure that is easier to
interpret by researchers and practitioners.

Despite these developments, several gaps remain in previous studies. First, research on
sports preference and physical activity participation has often relied on descriptive or statistical
approaches, while predictive classification models have received less attention. Second,
demographic and behavioral factors are frequently analyzed separately, even though sports
preference is likely influenced by the combined effect of both factor groups. Third, the use of Naive
Bayes for classifying indoor and outdoor sports preferences is still limited, especially when
compared with a rule-based model such as Decision Tree. The main novelty of this research is
therefore not merely the use of a classification algorithm, but the integration of demographic and
behavioral variables into one predictive framework that specifically classifies sports preference into
indoor and outdoor categories. This position distinguishes the present study from previous sports
behavior studies that mainly describe participation patterns without testing how far these factors
can be transformed into predictive knowledge (Sun et al., 2025).

To address these gaps, this study proposes a machine learning-based classification model
to predict community sports preferences using demographic and behavioral factors. The novelty of
this study lies in integrating demographic and behavioral attributes into a single classification
framework for predicting indoor and outdoor sports preferences. Unlike previous studies that
focused mainly on descriptive analysis, this study emphasizes predictive modeling and
comparative algorithm evaluation using 10-fold stratified cross-validation and multiple evaluation
metrics, including accuracy, precision, recall, F1-score, and Cohen’s kappa. The contribution of
predictive modeling in this study is that it converts questionnaire-based sports behavior data into
class predictions that can become an early analytical basis for data-driven sports recommendation
systems. In practical terms, the model can help identify whether individuals are more likely to prefer
indoor or outdoor sports, so that recommendations, facility planning, and intervention programs can
be better aligned with behavioral barriers, exercise frequency, and demographic characteristics.
The objective of this study is to classify community sports preferences using Naive Bayes and
compare its performance with Decision Tree. Theoretically, this study contributes to the application
of machine learning in sports behavior analytics, while practically, the findings may serve as a
baseline for data-driven sports recommendation systems and targeted physical activity programs.

2. RESEARCH METHOD
Research Design

This study employed a quantitative research design using a data mining approach to
classify community sports preferences based on demographic and behavioral factors. A supervised
machine learning classification framework was applied because the target variable had been
predefined into two classes, namely indoor and outdoor sports preference. The classification
process was conducted by comparing the performance of Naive Bayes as the primary model and
Decision Tree as the benchmark model. The use of classification algorithms was considered
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appropriate because the objective of this study was to assign each respondent into a specific
sports preference category based on observed attributes (Chen et al., 2021; Zhao et al., 2021).

Data Source and Respondents

The dataset used in this study was obtained from primary data collected through a
structured questionnaire. The population consisted of 1,000 individuals representing community
members with diverse demographic and behavioral characteristics. A probability-based sampling
approach was applied to obtain a representative sample from the population. The sample size was
determined using the Slovin formula, as shown in Equation (1). The use of a 5% margin of error
indicates that the sample was designed to tolerate a relatively small sampling deviation from the
population estimate. With 286 respondents, the dataset can be considered adequate for
representing the target population in an exploratory classification study. However, this margin of
error also implies that the findings should be interpreted as population estimates within a defined
tolerance range rather than as absolute representations of all community sports preferences.
Therefore, the model results are suitable for identifying general predictive tendencies, while
broader generalization req%rlires larger and more diverse samples.

n = @),

- B ettt
Given that the population size was N = 1000 and the margin of error was e = 0.05, the
sample size was calculated as follows:

n=2871w=286 (2)

Research Variables

The variables used in this study consisted of demographic factors, behavioral factors, and
the target variable. Demographic factors were used to represent the general characteristics of
respondents, while behavioral factors were used to describe exercise-related habits, motivations,
and barriers. The target variable was constructed by grouping sports preferences into two
categories: indoor and outdoor. Sports preference was treated as a binary categorical label
because the main analytical objective was to distinguish two broad environments of physical
activity participation rather than to predict specific sport types. This simplification was also
methodologically useful because it reduced excessive label fragmentation, made the supervised
classification task more stable for a dataset of 286 respondents, and allowed Naive Bayes and
Decision Tree to be compared using consistent binary classification metrics.

Table 1. Research variables used in the classification model

Category Attribute Description Data Type Role

Demographic factor Age Respondent age group Categorical Predictor
Demographic factor  Gender Respondent gender Categorical Predictor
Demographic factor  Location Respondent residential area Categorical Predictor
Demographic factor  Occupation Respondent occupational category Categorical Predictor
Demographic factor ~ Socioeconomic status  Respondent economic status Categorical Predictor
Behavioral factor Exercise frequency Frequency of exercise activity Categorical Predictor
Behavioral factor Exercise place Preferred place for exercise Categorical Predictor
Behavioral factor Motivation Main motivation for exercising Categorical Predictor
Behavioral factor Barrier Main barrier to exercise participation  Categorical Predictor
Target variable Sports preference Indoor or outdoor sports preference  Binary categorical Label

The classification label was defined as follows:
_ I Indoor, if the preferred sport was conducted inanindoor setting

~ UQutdoor, if the preferred sport was conducted in an outdoor setting - (3)
Data Preprocessing

Data preprocessing was performed to improve data quality and ensure that the dataset
could be processed appropriately by the classification algorithms. This stage was considered
important because the quality of input data can directly affect the performance and reliability of
machine learning models (Cho et al., 2022; Mohammed et al., 2025).

The preprocessing stage consisted of four main procedures: data cleaning, attribute
transformation, label construction, and data leakage removal. Data cleaning was conducted by
checking incomplete, duplicate, and inconsistent records. Attribute transformation was performed
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to ensure that categorical variables were represented in a format that could be processed by the
classification models. Label construction was carried out by converting various types of sports
activities into two target classes, namely indoor and outdoor. Data leakage removal was applied by
excluding attributes that could directly reveal the target class, so that model evaluation could reflect
a more realistic prediction process.

Table 2. Data Preprocessing procedures

Preprocessing Description Output
Stage

Data cleaning Incomplete, duplicate, and inconsistent records were checked and Cleaned dataset
removed when necessary.

Attribute Categorical attributes were transformed into a model-compatible Structured categorical

transformation format. dataset

Label construction Sports activities were grouped into indoor and outdoor categories. Binary target label

Data leakage Attributes that could directly reveal the target class were removed. Valid predictor set

removal

Role assignment The sports preference attribute was assigned as the label, while other Final dataset for
variables were assigned as predictors. classification

Classification Algorithms
Two classification algorithms were used in this study: Naive Bayes and Decision Tree.

Naive Bayes was used as the primary model, while Decision Tree was used as the comparison

model.

a. Naive Bayes, is a probabilistic classification algorithm based on Bayes’ theorem. It assumes
that each predictor contributes independently to the probability of a class, although this
assumption may not always be fully satisfied in real-world data. Despite this limitation, Naive
Bayes has been widely used because of its computational efficiency and effectiveness in
handling structured and categorical datasets (Jadhav & Channe, 2013; Zhang, 2016). Bayes’
theorem is expressed in Equation (4).

PLX|CIPiE)
Pl

Pl R = o e 4)

For a set of predictors X=(Xi,X2,...,Xn), the Naive Bayes classification rule is written as
follows:

€ =arg mfaxP{C] nme,p(x;lcy (5)

The class with the highest posterior probability was selected as the predicted sports
preference category.

b. Decision Tree, is a rule-based classification algorithm that represents decision rules in a tree
structure. The model divides the dataset into branches based on attribute values and
produces a final class prediction at the leaf nodes. This algorithm was used as a benchmark
model because it is interpretable and commonly applied in classification tasks involving
structured data (Mienye & Jere, 2024).

In a decision tree, attribute selection is generally performed using information-based

criteria such as entropy and information gain. Entropy is calculated using Equation (6).

Entropy(S) =-Y_,ploglpp) .~~~ | (6)
Information gain is calculated using Equation (7).
Gain(5,4) = Entropy (5) — EL.EL-E;HPS:A.%Entrupj' ) @)

The attribute with the highest information gain was selected to split the data at each node.

Experimental Setup

The classification experiment was conducted using RapidMiner. The experimental workflow
consisted of data retrieval, attribute generation, attribute selection, role assignment, model training,
model testing, and performance evaluation. A 10-fold stratified cross-validation strategy was used
to evaluate the models. Stratified cross-validation was applied to preserve the proportion of indoor
and outdoor classes in each fold, thereby producing a more stable and representative evaluation
result.
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Figure 1. Proposed research workflow

Table 3. Experimental configuration

Component Configuration

Software RapidMiner

Dataset type Primary questionnaire data

Number of respondents 286

Learning task Binary classification

Target classes Indoor and Outdoor

Main algorithm Naive Bayes

Benchmark algorithm Decision Tree

Validation method 10-fold stratified cross-validation

Evaluation metrics Accuracy, precision, recall, F1-score, and Cohen’s kappa

Model Evaluation Metrics

Model performance was evaluated using accuracy, precision, recall, Fl-score, and
Cohen’s kappa. These metrics were selected to provide a more comprehensive evaluation of
classification performance, especially because accuracy alone may not sufficiently represent model
quality when class distribution is imbalanced. The confusion matrix used in this study is shown in
Table 4.

Table 4. Confusion matrix structure

Actual Class / Predicted Class  Predicted Indoor Predicted Outdoor
Actual Indoor True Positive (TP)  False Negative (FN)
Actual Outdoor False Positive (FP)  True Negative (TN)

Accuracy measures the proportion of correctly classified instances among all instances
and is calculated using Equation (8).

TE+TN
Accuracy =

N TRATNA PR e e Rt
Precision measures the proportion of correctly predicted positive instances among all
instances predicted as positive and is calculated using Equation (9).

TP (9)

b
Recall measures the proportion of correctly predicted positive instances among all actual

positive instances and is calculated using Equation (10).
Recall = —— (10)

B 2
F1-score represents the harmonic mean of precision and recall and is calculated using

Equation (11).

FPrecision =

Fl-Score = 2 Precision < Recall (ll)

Precision+Recall -----mmmmmmmmmmmmmmmmm AT
Cohen’s kappa was used to measure the agreement between predicted and actual classes
while considering agreement occurring by chance. It is calculated using Equation (12).

o=t (12)

LBy T7TTTTTTTToTonoronosnsososrosrssnosnssssssosnosnosnoenenen A

The overall methodological flow of this study began with questionnaire-based data
collection and continued with sample size determination, data preprocessing, label construction,
and classification modeling. The final dataset was evaluated using 10-fold stratified cross-validation
to compare the predictive performance of Naive Bayes and Decision Tree. The model with the best
performance was determined based on the comparison of accuracy, precision, recall, F1-score,
and Cohen’s kappa.

3. RESULTS AND DISCUSSIONS
Model Performance Evaluation

The performance of the classification models was evaluated using 10-fold stratified cross-
validation to obtain a more stable and representative estimation of model performance. Two
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classification algorithms were compared in this study, namely Naive Bayes as the primary classifier
and Decision Tree as the benchmark classifier. The evaluation was conducted using five
performance metrics: accuracy, precision, recall, F1-score, and Cohen’s kappa. These metrics
were selected because classification performance should not be evaluated only from accuracy,
especially when the distribution of classes may affect the predictive results.

Table 5. Performance Comparison of Naive Bayes and Decision Tree Models

Algorithm Accuracy (%) Precision (%) Recall (%) F1-Score (%) Kappa
Naive Bayes 63.63 57.84 56.14 56.97 0.132
Decision Tree  55.21 53.35 53.59 53.47 0.067

As shown in Table 5, the Naive Bayes model achieved the highest performance across all
evaluation metrics. The accuracy of Naive Bayes reached 63.63%, which was higher than the
Decision Tree accuracy of 55.21%. This result indicates that Naive Bayes provided better overall
classification performance in predicting sports preferences based on demographic and behavioral
factors. However, the accuracy value also suggests that the model performance remained
moderate rather than high, indicating that sports preference classification is a relatively challenging
task. From a model reliability perspective, an accuracy of 63.63% means that the model can
correctly classify more than half of the respondents and is useful as an initial baseline, but it should
not yet be considered sufficiently reliable for autonomous decision-making. In practical
implementation, the model should be used as a decision-support tool that assists recommendation
design rather than as the only basis for determining individual sports programs.

The precision value of Naive Bayes was 57.84%, while Decision Tree achieved 53.35%.
This result indicates that Naive Bayes was more reliable in producing correct positive predictions
than Decision Tree. In terms of recall, Naive Bayes obtained 56.14%, which was slightly higher
than the Decision Tree recall of 53.59%. This finding indicates that Naive Bayes was also more
capable of identifying actual class instances. The Fl-score of Naive Bayes reached 56.97%,
whereas Decision Tree obtained 53.47%, showing that Naive Bayes produced a better balance
between precision and recall.

The kappa value of Naive Bayes was 0.132, while Decision Tree achieved a kappa value
of 0.067. Cohen’s kappa is used to measure agreement between predicted and actual classes by
considering agreement that may occur by chance. Although Naive Bayes outperformed Decision
Tree, the kappa value indicates that the level of agreement was still relatively low. This means that
the classification model was able to detect certain patterns in the dataset, but the predictive
consistency between actual and predicted classes remained limited.

Visualization of Model Performance

The comparison of model performance is presented in Figure 2. The visualization shows
that Naive Bayes consistently outperformed Decision Tree in all evaluation metrics, including
accuracy, precision, recall, and F1-score.
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Evaluation Metrics

Figure 2. Performance comparison of naive bayes and decision tree models

The difference between Naive Bayes and Decision Tree was most visible in accuracy,
where Naive Bayes achieved an improvement of 8.42 percentage points over Decision Tree. This
improvement suggests that the probabilistic classification approach was more suitable for the
dataset used in this study. Naive Bayes may perform effectively on structured datasets because it
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estimates class probabilities based on the distribution of predictor attributes. In contrast, Decision
Tree relies on hierarchical rule-based splitting, which may be less effective when the relationship
between predictors and target classes is not clearly separable.

Confusion Matrix Analysis

The classification performance of the Naive Bayes model was further examined using a
confusion matrix. The confusion matrix provides a more detailed view of correct and incorrect
predictions for each class [10].

Table 6. Confusion Matrix Structure for the Naive Bayes Model
Actual Class / Predicted Class  Predicted Indoor Predicted Outdoor
Actual Indoor 20 55
Actual Outdoor 18 193

Based on the confusion matrix analysis, the number of correct predictions for the outdoor
class was higher than that for the indoor class. This result indicates that the Naive Bayes model
was more effective in identifying outdoor sports preferences than indoor sports preferences.
However, misclassification was still found in both classes, particularly in the indoor class. This
condition may indicate that the predictor variables used in the model were not sufficient to fully
distinguish indoor and outdoor sports preferences.

Actual Indoor 1 20 55 140

Actual Class
Number of Observations

Actual Outdoor - i8

Predicted Indoor Predicted Outdoor
Predicted Class 20

Figure 3. Confusion matrix of the naive bayes model

The higher prediction tendency toward the outdoor class may also be influenced by class
distribution, respondent behavior, or overlapping characteristics between indoor and outdoor sports
participants. For example, individuals with similar demographic profiles may still have different
sports preferences depending on motivation, accessibility, time availability, and perceived barriers.
Therefore, future model development should consider additional predictors, such as psychological
factors, environmental accessibility, facility availability, and lifestyle patterns, to improve
classification performance.

Feature Importance Analysis

Feature importance analysis was conducted using Information Gain to identify the
contribution of each attribute to the classification process. The results showed that behavioral
attributes had stronger contributions than several demographic attributes.

Weight by Information Gain

Attribute

weight: 0.029 Weight: 0.027 welght: 0.01 B weight: 0.009 Welght: 0.008 Weight: 0.005 Weight: 0.002

Figure 4. Feature importance based on information gain
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The feature importance results indicate that barrier had the highest contribution to the
classification process, with a weight of 0.029. Exercise frequency was the second most influential
attribute, with a weight of 0.027. These results suggest that behavioral factors were more relevant
in distinguishing sports preferences than several demographic factors. This finding is consistent
with the view that physical activity participation is strongly influenced by behavioral barriers,
motivation, and habitual activity patterns.

The relatively low contribution of demographic attributes, such as gender and
socioeconomic status, suggests that these factors were not dominant predictors in the dataset
used in this study. However, this result should not be interpreted as evidence that demographic
factors are irrelevant in all contexts. The influence of demographic characteristics may vary
depending on population structure, cultural background, accessibility to sports facilities, and social
environment. Therefore, the lower contribution of demographic variables in this study may reflect
the specific characteristics of the respondents rather than a universal pattern.

Discussion of Algorithm Performance

The experimental results showed that Naive Bayes performed better than Decision Tree in
classifying sports preferences based on demographic and behavioral factors. This result indicates
that the probabilistic learning mechanism of Naive Bayes was more suitable for the dataset
characteristics, particularly because the predictors consisted mostly of categorical attributes such
as age group, gender, occupation, exercise frequency, motivation, and exercise barriers. Several
factors may explain why Naive Bayes outperformed Decision Tree. First, Naive Bayes estimates
class membership through posterior probabilities, making it relatively robust for small and
categorical datasets. Second, the model does not require a complex hierarchical splitting structure,
so it is less vulnerable to unstable branches when the dataset contains overlapping respondent
characteristics. Third, sports preference patterns in this dataset may be distributed across several
weak predictors rather than concentrated in a few dominant variables, which makes a probabilistic
aggregation approach more effective than a rule-based tree structure. Naive Bayes estimates the
posterior probability of each class by considering the contribution of each predictor attribute, and
the class with the highest probability is selected as the final prediction (Rizki et al., 2021). Although
Naive Bayes assumes conditional independence among variables, this assumption does not
necessarily reduce its practical effectiveness in real-world classification tasks, especially when the
dataset is structured and relatively small (Wickramasinghe & Kalutarage, 2021)(Rizki et al.,
2021)(Wickramasinghe & Kalutarage, 2021).

The superiority of Naive Bayes can also be explained by the behavioral nature of sports
preference. Sports preference is not always formed through a simple linear rule, but may emerge
from the interaction of demographic characteristics, exercise habits, motivation, perceived barriers,
and access to facilities. In this context, a probabilistic model may be more flexible than a rule-
based model because class membership is estimated through probability distributions rather than
fixed hierarchical decision paths. In contrast, Decision Tree depends on attribute-splitting
mechanisms using criteria such as entropy, information gain, or gain ratio (Yilmaz & Demirhan,
2023). This approach may become less effective when indoor and outdoor sports preferences
contain overlapping patterns, where respondents from different classes share similar demographic
profiles, exercise frequencies, motivations, or barriers.

The performance gap between the two models was most evident in accuracy, where Naive
Bayes achieved 63.63%, while Decision Tree achieved 55.21%, indicating an improvement of 8.42
percentage points. Naive Bayes also produced higher precision, recall, and F1-score, suggesting
that it was more balanced in identifying class instances and reducing classification errors. The
higher F1-score indicates a better trade-off between precision and recall, which is important when
model performance cannot be evaluated by accuracy alone (Islam et al., 2022). However, the
accuracy of 63.63% and F1-score of 56.97% still indicate moderate predictive performance. This
suggests that the model was able to capture useful patterns, but its reliability remains limited for
practical implementation. The Cohen’s kappa values further support this interpretation, where
Naive Bayes obtained 0.132 and Decision Tree obtained 0.067. Since Cohen’s kappa measures
agreement between predicted and actual classes while accounting for chance agreement, the low
values indicate that both models still had limited classification agreement (Reddy & Chittineni,
2021).
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The feature importance results showed that behavioral attributes, particularly exercise
barriers and exercise frequency, contributed more strongly than several demographic attributes.
This finding suggests that sports preference was more closely associated with behavioral
conditions than demographic characteristics alone. In other words, how often individuals exercise
and what barriers they experience may be more informative for predicting sports preference than
general demographic variables such as gender or socioeconomic status. This result is consistent
with studies emphasizing that physical activity participation is strongly influenced by perceived
barriers, motivation, and behavioral patterns (Tangirala, 2020). Overall, Naive Bayes can be
considered more appropriate than Decision Tree as a baseline model for this study, although future
research should use larger datasets, improve class balance, add contextual predictors, and
evaluate more advanced algorithms such as Random Forest, Support Vector Machine, Gradient
Boosting, and ensemble learning.

4. CONCLUSION

This study developed a machine learning-based classification model to predict community sports
preferences by integrating demographic and behavioral factors into a binary classification
framework of indoor and outdoor sports preferences. Using 10-fold stratified cross-validation, Naive
Bayes demonstrated better performance than Decision Tree across all evaluation metrics,
achieving 63.63% accuracy, 57.84% precision, 56.14% recall, 56.97% F1-score, and 0.132
Cohen’s kappa, compared with Decision Tree, which achieved 55.21% accuracy, 53.35%
precision, 53.59% recall, 53.47% F1-score, and 0.067 Cohen’s kappa. These findings indicate that
the probabilistic learning mechanism of Naive Bayes was more suitable for the dataset than the
rule-based structure of Decision Tree, although the moderate accuracy and low kappa value
suggest that the predictive agreement between actual and predicted classes remained limited.
Theoretically, this study contributes to sports behavior analytics by demonstrating that
demographic and behavioral attributes can be integrated into a unified machine learning
classification framework. The feature importance results further indicate that behavioral factors,
particularly exercise barriers and exercise frequency, contributed more strongly than several
demographic factors, suggesting that sports preference is closely related to individual exercise
habits and constraints. Practically, the findings have implications for the development of
personalized physical activity programs because they show that recommendation design should
consider behavioral barriers and exercise routines, not only demographic profiles. The model can
serve as an early decision-support baseline for identifying whether a person is more likely to prefer
indoor or outdoor activities, allowing program providers to design more relevant activity options,
facility access strategies, and motivational interventions. However, this study is limited by the
relatively small dataset of 286 respondents, the simplification of sports preference into two classes,
and the exclusion of psychological, environmental, social, and accessibility-related variables.
Future research has opportunities to extend this work by using larger and more diverse datasets,
applying advanced algorithms such as Random Forest, Support Vector Machine, Gradient
Boosting, XGBoost, and ensemble learning, and comparing their ability to improve accuracy, recall,
model stability, and generalization. Further studies may also develop multiclass or
recommendation-based models that predict specific sport types and integrate contextual variables
such as facility distance, weather, lifestyle patterns, and digital activity records.
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