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Abstract

This study aims to compare the effectiveness of Game-Based Learning (GBL) and Problem-Based Learning (PBL) in
elementary education and to identify the factors that influence student learning outcomes through a data-driven approach.
The method used is a quantitative analysis based on secondary data from 48 empirical articles reporting on the
implementation of GBL and PBL at the elementary school level. The variables analyzed include pretest and posttest scores,
sample size, intervention duration, grade level, and subject area. Data analysis was conducted using descriptive statistics,
independent samples t-tests, effect size calculations, and regression analysis. Additionally, machine learning techniques
were used to identify the primary predictors contributing to learning outcomes. The results indicate that PBL yields
significantly higher posttest performance compared to GBL, with a large effect size. Intervention duration and students’
prior ability were identified as the most influential factors on learning outcomes. These findings suggest that while both
approaches make positive contributions, PBL is more effective in improving elementary school students’ learning
achievements. This study offers practical implications for educators in selecting appropriate learning strategies and
underscores the importance of data-driven approaches in supporting more adaptive and evidence-based educational
decision-making.
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1. Introduction

Rapid changes in educational practices have reinforced the need for learning approaches that actively engage students
and encourage meaningful learning experiences, especially in primary education where cognitive and basic learning skills
are developed. As teacher-centered learning approaches decline, educators are required to adopt learning models that
encourage student participation, exploration, and deeper understanding [1, 2]. In this context, student-centered learning
approaches such as Game-Based Learning (GBL) and Problem-Based Learning (PBL) have gained significant attention.
GBL integrates game elements, interactive challenges, and feedback mechanisms to increase motivation and engagement
[3-5] while PBL emphasizes learning through authentic real-world problems that require discovery, collaboration, and
critical thinking [6-8]. Both approaches are widely applied in primary education and are often associated with increased
student engagement, learning outcomes, and 21st-century skills.

However, despite their growing popularity, empirical evidence comparing the relative effectiveness of GBL and PBL
remains inconsistent. Previous studies have reported mixed findings, with differences often attributed to variations in
instructional design, subject area, intervention duration, and student characteristics ct [4, 9-11]. These differences make it
difficult to draw clear conclusions regarding the relative effectiveness of these approaches.

One of the main limitations of existing research is that many studies analyze GBL and PBL separately or in isolated
classroom settings. As a result, findings tend to be contextual and lack broader generalizations. Furthermore, systematic
comparisons that integrate empirical data from various studies and apply data-based quantitative analysis to explore
influencing factors are still limited, especially at the elementary education level [12-14]. To address this gap, this study
focuses on a data-based comparison between GBL and PBL in primary education using secondary quantitative data
extracted from previously published empirical studies. The scope of this study is limited to interventions in elementary
schools and learning outcomes measured through pre-test and post-test performance. Therefore, this study aims to compare
the effectiveness of GBL and PBL in terms of student learning outcomes and identify key instructional and contextual
factors that influence these outcomes in both approaches. The significance of this study lies in its contribution to evidence-
based instructional decision-making. By synthesizing and reanalyzing empirical data from various studies, this study
provides broader insights into the relative effectiveness of GBL and PBL beyond individual classroom implementations.
These findings are expected to assist educators, researchers, and curriculum designers in selecting and designing
instructional approaches that suit student needs and contextual conditions in elementary education.

Methodologically, this study uses a secondary quantitative research design. Empirical data were systematically
extracted from articles on the effects of using GBL or PBL models at the elementary school level. The extracted data set
included pre-test and post-test scores, sample size, intervention duration, grade level, and subject area. Data analysis was
performed using descriptive statistics, independent sample t-tests, effect size estimates, regression analysis, and selected
machine learning techniques to explore predictive patterns related to learning outcomes.

2. Materials and Methods
2.1. Research Design

This study uses a quantitative approach with secondary data analysis. The research data was not obtained through
direct experiments in the classroom, but was extracted from previously published empirical articles. This approach was
chosen to enable data-based comparisons of the effective use of GBL and PBL at the elementary education level with a
broader contextual scope than single-class studies.

2.2. Data Sources and Collection

The research data was obtained from scientific articles published in reputable journals that applied GBL or PBL to
elementary school students. The data collection process was carried out by searching scientific journal databases and
selecting articles based on predetermined inclusion criteria. The selected articles had to meet the following criteria: (1)
report empirical research results at the elementary school level, (2) include quantitative data in the form of pretest and
posttest scores or equivalent measures of learning outcomes, (3) describe the number of students and the duration of the
learning intervention, and (4) mention the subject or learning context used. Based on these criteria, 48 relevant articles were
obtained and used as data sources in this study. Quantitative data from each article was then extracted and systematically
coded into a worksheet for further analysis.

2.3. Variables Study

Table 1.

Description Dataset Variables.

No. Variables Data Types Information

1 Model Categorical GBL or PBL Model

2 Pretest Numeric Value before intervention

3 Posttest Numeric Value after intervention

4 Amount Student Numeric Total students in each intervention

5 Level Categorical Elementary school grade 4, 5, or 6

6 Subjects Categorical Science, Social Studies, Mathematics, Language, etc.
7 Intervention Duration Numeric Duration intervention
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2.4. Data Analysis Techniques
Data analysis was conducted in stages. First, descriptive statistical analysis was used to describe the characteristics of
the data, including the mean values and distribution of pretest and posttest scores for each learning model. Second, an
independent-samples t-test was conducted to compare the learning outcomes between the GBL and PBL groups. The
magnitude of the difference is reinforced by calculating the effect size (Cohen's d) to show the practical strength of the
influence.
sample t-test independent:
.
st 52
ng np
Cohen's d (Effect Size):
d — KPBL - KGBL
SDpooled
Third, linear regression analysis is used to identify the influence of learning models and other contextual variables on
students' posttest scores.
Posttest = B, + B1(Model) + B,(Mata Pelajaran) + B;(Model x Mata Pelajaran) + ¢

Posttest : score after intervention

Model : dummy variable for PBL (GBL =0, PBL = 1)
Subject : dummy variable (science, social studies, etc. )
Model x Subject : interaction between two variables category

€ (error) : model error

BO,B1,B2,B3 : coefficients results OLS estimation

To complement conventional statistical analysis, this study also applied machine learning techniques to explore
predictive patterns in the data. The algorithm used aimed to identify the variables that contributed most to student learning
outcomes, without intending to test the learning model experimentally. Analysis using a Machine Learning approach was
conducted to explore complex patterns in the data and build predictive models based on available features. First,
classification was performed to identify students who passed the final exam with a score of > 75 using the Random Forest
Classifier algorithm. Next, to identify intervention groups with similar characteristics, the KMeans clustering method was
applied. The relationship between numerical features, such as the initial exam, final exam, number of students, and duration
of intervention, was analyzed through correlation heatmap visualization. Predictions of the type of learning model (GBL or
PBL) were also made based on input features using Random Forest, which also provided information about the most
influential features. Furthermore, the XGBoost algorithm was used as a nonlinear model to predict student posttest scores
more accurately. This step represents the concrete application of computer science principles in the domain of education.
The implementation of machine learning algorithms such as Random Forest and XGBoost not only facilitates advanced
statistical predictions, but also aligns with the broader movement towards Educational Al, where adaptive systems and
intelligent analytics are used to optimize teaching strategies and tailor learning paths to individual student needs. All
models were evaluated using accuracy metrics, confusion matrices, coefficients of determination (R2), and MSE to measure
the performance and reliability of predictions.

3. Results
Analysis done in a way gradually, from description statistics basic analysis inferential, up to implementation Machine
Learning algorithms for explore more patterns and predictions complex.

3.1. Analysis Comparison of GBL and PBL
3.1.1. Statistics Descriptive

Statistical table descriptive show comparison pretest, posttest, total scores students, and the duration of intervention in
the GBL and PBL models.

Table 2.

Statistical Data Descriptive.
Model Pretest (Mean + SD) | Posttest (Mean = SD) | Amount Students (Mean) zng\rlsntlon Duration
GBL 19.99 + 25.92 30.23 £ 31.73 63.13 4.63
PBL 34.37 £ 26.10 60.29 + 31.47 43.50 7.54

The results show that the average pretest score of students in the PBL model (34.37) was higher tall compared to the
GBL model (19.99), which indicates that part participant in PBL group starts with ability relatively early more good.
However, the bigger difference striking seen on the posttest score. The posttest average in the PBL model increased in a
way significant to 60.29, almost double from the posttest average on the GBL model which only reached 30.23. This is
show that in a way In general, PBL provides results learn more tall compared to GBL. Although amount student in GBL
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interventions tend to more many (63.13 students on average) compared to PBL (43.5 students), this This it seems No give
impact positive to improvement posttest scores. In fact On the other hand, the PBL group with amount more students small
and duration more interventions length (average 7.54 days) indicates improvement more optimal scores. This is in line with
literature previously stated that the PBL model is effective in build involvement students and encourage learning active,
especially when time intervention sufficient and quantity student more under control.

The height standard deviations in both models indicate existence diversity ability student in each group. However, the
standard posttest deviation on PBL (+31.47) was slight more low compared to GBL (+31.73), which can show that results
learning in PBL groups tends to more evenly. In general findings This give indication beginning that PBL is not only
superior on average results learn, but also tend more stable in distribution the result compared to GBL.

3.1.2. Ordinary Least Squares (OLS) Linear Regression.

Analysis OLS linear regression is used for know how much big the influence of learning models to results Study
students. This model use posttest scores as variables dependent, while the learning model (GBL or PBL), the subject
lessons, and their interactions used as variables predictor.

Table 3.

OLS Regression Results.
R-squared: 0.39
A\j. R-squared: 0.22
F-statistic: 2.35
Prob (F-statistic): 0.03
Log-Likelihood: -226.13
AlC: 474.30
BIC: 494.90

R-squared value shows that the regression model can explain 38.8% variation students' posttest scores, which are
contribution Enough meaningful in context socio-empirical like education. The Adjusted R-squared value indicates that
although There is variables free addition in the model, some big variables of course give contribution to the model. The F-
statistic value with p-value of 0.0291 show that the regression model in a way overall significant in a way statistics at the
level significance of 5%. In other words, the combination variables predictor in this model contribute in a way meaningful
to variation Student posttest scores. Analysis advanced to coefficients and interactions will give greater understanding
specific about direction and strength the influence of each variable. Regression results This give strong foundation for
developing learning models hybrid like Game-Solve Learning, with consider interaction between approach learning and
context material lessons taught.

3.1.3. t-Test and Effect Size
Sample t-test analysis independent done for test whether there is significant difference between posttest scores of
students who followed the GBL and PBL models.

Table 4.

Analysis results t-Test and Effect Size.
Statistics Mark
t-value -3.29
p-value 0.00
Cohen's d -0.95

Test results show t value = —3.29 with p-value = 0.00, which means that difference between second group significant
in a way statistics at the level significance of 0.05. In other words, there is Enough proof for conclude that the learning
model used influence achievement results end students. In addition to the significance statistics, analysis equipped with
effect size measurement using Cohen's d, which was obtained of —0.95. This value including in category effect large effect
that groups mark d of 0.2 as effect small, 0.5 as effect medium, and 0.8 or more as effect big.

Negative direction from d show that posttest scores in the PBL group in general consistent more tall compared to GBL
group. Effects big This No only show significant difference in a way statistics, but also means difference the own impact
substantial practical in context education. Findings This give support empirical to superiority Problem-Based Learning
approach, as well as strengthen results analysis descriptive and regression previously. Therefore that, PBL can considered
as a more approach effective for reach results optimal learning at the level education base.

3.1.4. Visualization Pretest - Posttest Changes

Visualization change pretest to posttest scores were carried out using boxplot diagrams and graphs stem average, for
each learning model (GBL and PBL). Graph This show that happen increase consistent and significant scores in both
models, however more surge big seen in the PBL group
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Figure 1.

Visualization change pretest to posttest scores.

Average improvement the score on the GBL model is around 10.24 points, while in the PBL model it reached 25.92
points, almost threefold. The boxplot also shows that distribution the value on the PBL posttest shifted to on in a way
comprehensive, accompanied by narrowing range interquartile range, which indicates further improvement even and
consistent between students. Visualization This strengthen results statistics previously, that PBL approach does not only
increase mark end, but also reduce disparity between student in One group. Findings This important in context education
basic, because show that PBL encourages equality results Study besides achievement academic.

3.1.5. Subject Comparison

Analysis furthermore focused on the effectiveness of learning models based on type eye lesson. The results of the bar
chart visualization and analysis coefficient regression interaction show that the effectiveness of GBL and PBL is not nature
uniform, but rather very context - dependent eye lessons taught.

N GEL
w PBL

100 +
80
60

40 I

20

Mean Posttest Score

3 9 7

Subject Area

II
5 6

PBL model appears more effective applied to the eyes lesson such as IPS and IPAS, which tend to emphasize context
problem real, discussion groups, and solving problem based situation. On the other hand, GBL is more in accordance for
eye ICT and Sports lessons, which are experience support activity based games, simulations, and strengthening skills
practical in a way interactive. While that, the effectiveness of PBL in context eye science and mathematics lessons Not yet
show significance strong statistics. This is possibility caused by characteristics second eye lesson those who demand

o0

Figure 2.
Visualization Comparison For every eye lesson.
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approach more conceptual and structural systematic findings This strengthen view in contextual learning theory and
constructivism, which states that the success of a learning strategy is greatly influenced by suitability between the approach
used with content learned as well as characteristics participant educate. Therefore that, the selection and implementation of
GBL and PBL in practice learning should consider context eye lessons, targeted competencies, and profiles students
involved, not done in a way uniform or generalization.

3.1.6. Analysis Interaction (OLS)
Analysis regression interaction done for understand more in How connection between learning models (GBL and PBL)
with type eye lesson in a way simultaneous influence student posttest results

Table 5.

Analysis interaction.

Variable Coef. Std Err t P>[t| [0.025 0.975]
Intercept 39.31 17.69 2.22 0.03 3.46 75.15
C(Model)[T.PBL] 27.58 9.06 3.04 2.00 9.22 45.94
C( Subject )[ Mandarin Language ] -15.38 35.38 -0.43 0.66 -87.07 56.31
C( Subject)[ Science ] -5.29 20.74 -0.25 2.81 -47.32 36.74
C( Subject) [T.IPAS] 6.74 15.14 0.44 0.66 -23.93 37.41
C( Subject)[ Social Studies ] 6.94 9.60 0.72 0.47 -12.51 26.41
C( Subject ) [Mathematics] -17.47 20.43 -0.85 0.40 -58.86 23.92
C( Subject) [ Mathematics ] -27.30 27.97 -0.98 0.33 83.97 29.38
C( Subject)[ T.TIK] 51.69 35.38 1.46 0.15 -19.99 123.38
C( Subject) [ Sport ] 21.10 15.14 1.39 0.17 -9.57 51.77
C(Model)[T.PBL]:C( Subject) [ T.IPA] -7.54 14.33 -0.53 2.60 -36.58 21.49
C(Model)[T.PBL]:C( Subject ) [T.IPAS ] 6.74 15.14 0.44 066 | -23.93 | 37.41
C(Model)[T.PBL]:C( Subject) [ T.IPS] 6.94 9.60 0.72 0.47 -12.51 26.41
( Subject) [ Mathematics ] 0.34 14.07 0.02 0.98 -28.17 28.85
( Subject) [ Sport ] 21.10 15.14 1.39 0.17 -9.57 51.77
Omnibus: 2.61 Durbin-Watson: 1.48

Prob( Omnibus): 0.27 Jarque-Bera (JB): 2.29

Skew: 0.43 Prob(JB): 0.32

Kurtosis: 2.36 Cond. No. Information

Estimation results coefficient regression show that the PBL model is general give significant impact to results learning,
indicated by the coefficient p = 27.58 with p-value = 0.004, which means that student in PBL groups get posttest scores that
are significant more tall compared to GBL group. However, when seen from interaction between the learning model and
the eye lessons, no all combination show significant results in a way statistics. For example, interactions between the PBL
model and subjects science lessons have coefficient —7.54 with a high p-value (p > 0.05), indicating that although direction
connection negative, the effect No significant. On the other hand, the eyes ICT lessons show coefficient positive high
(51.69), although Not yet reach significance statistics (p = 0.152). This indicates potential effectiveness high on the eye ICT
lessons when developed more carry on.

In addition, some variables interaction like the combination of PBL and IPS, as well as PBL and IPAS shows direction
coefficient positive, but also not yet significant in a way statistics. This means that although direction influence show trend
positive, size sample or other moderator variables may be influence significance connection The R-squared value of 0.388
indicates that the interaction model This capable explain about 38.8% variation posttest scores, and although The Durbin-
Watson value is close to 1.5, which is quite moderate, no found symptom disturbing autocorrelation. In overall, findings
This show that the influence of learning models to results posttest is greatly influenced by the type of eye lessons. Although
Lots combination Not yet significant in a way statistics, direction coefficient give instruction important for development of
hybrid models such as Game-Solve Learning, which takes into account suitability between learning strategies and context
teaching materials.

3.2. Analysis Predictive and Classification
3.2.1. Classification > 75

Classification success Study done with define posttest score threshold > 75 as indicator “successful” students. The
Random Forest Classifier model is used for predict whether a student will reach score the based on feature such as pretest,
the number of students, duration of intervention, level, and subject lesson. Classification results shows a precision of 0.43
for class 0 (no successful) and 1.00 for class 1 (successful). Meanwhile that, recall instead show results otherwise: 1.00 for
class 0 and only 0.43 for class 1. This is produce balanced f1-score value of 0.60 for second class.
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Table 6.
Analysis results classification posts.
Class Precision Recall F1-score Support
0 0.43 1.00 0.60 3
1 1.00 0.43 0.60 7

Findings This indicates that the model tends to classify too Lots student to in category “no successful”, resulting in
high false negatives. Imbalance This Can caused by unequal data distribution or amount sample small, and necessary
reviewed repeat with threshold setting or technique data balancing like SMOTE.

3.2.2. GBL/PBL Model Prediction

Table 7.
Classification Report.
Precision Recall F1-Score Support

0 0.75 1.00 0.86 3
1 1.00 0.86 0.92 7
Accuracy 0.90 10
Macro Avg 0.88 0.93 0.89 10
Weighted Average 0.93 0.90 0.90 10

Source: Confusion Matrix:Kinnebrew, et al. [15] and Wibawa, et al. [16].

Evaluation results show excellent performance, with accuracy reached 90%. GBL class (label 0) is predicted with a
precision of 0.75 and a recall of 1.00, while PBL class (label 1) is predicted with a precision of 1.00 and a recall of 0.86.
The macro average values for precision and recall are 0.88 and 0.93, respectively, with a weighted average f1-score of 0.90.

Confusion matrix shows that of 10 samples, only there is One error classification (1 false negative for PBL). This
result indicates that pattern from features like pretest scores, duration of intervention, and number of student can used for
differentiate in a way Enough accurate type approach learning that is used, which opens up opportunity for automation
classification in study big data education.

3.2.3. Feature Importance (Random Forest)

Feature Importance

Pretest

Number of Students

" Subject Area
g
2
[i+]
N )
Education Level
Model
Intervention Duration
T T T T T T T T T
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
Importance Score
Figure 3.

Feature importance.

The results show that the pretest and posttest scores are the two most influential features in all classification, The
duration of intervention also has contribution high, which shows that duration learning play role important in differentiate
effectiveness of the model, and Subjects and number of student give influence moderate to classification, which is
appropriate with theory that dynamics groups and complexity content participate influence success a model. Visualization
feature importance in form chart stem strengthen results this, where the features numeric like pretest scores often occupy
position top in weight model decision. Findings This No only useful For explain results classification, but also as base For
designing system learning adaptive based on features beginning students and structure intervention
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3.3. Exploring Data Patterns and Nonlinearity
3.3.1. KMeans Clustering

Clustering interventions
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Figure 4.

KMeans Clustering.

Clustering shows data sharing to in 3 clusters :

Cluster 0: High posttest, majority PBL

Cluster 1: Moderate posttest average, mixed GBL-PBL

Cluster 2: Low posttest, GBL dominant with duration intervention short.

Analysis cluster use algorithm KMeans done For identify pattern experience in the dataset, without using target labels.
The purpose of analysis This is For see whether the intervention data learning can grouped to in meaningful segments
based on feature such as pretest, posttest, number students, duration of intervention, level, and subject lesson. After
exploration amount optimal cluster using elbow method, two clusters main succeed identified. Visualization cluster (2D
PCA or scatter plot) shows that One cluster dominated by intervention with high posttest scores and longer intervention
duration typical PBL intervention. Cluster other more congested with intervention duration shorter and posttest scores
higher low, which tends to reflect characteristics GBL intervention.

3.3.2. Correlation Heatmap

Correlation Heatmap

1.0
Pretest 0.8
- 0.6
Posttest
-04
-0.2
Number of Students
- 0.0
Intervention Duration 0.18 -0.2

Pretest
Posttest

Number of Students -
Intervention Duration

Figure 5.
Correlation Heatmap.
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Correlation results show there is correlation strong positive between pretest and posttest scores (r > 0.65), which shows
that ability beginning student related close with results finally, the duration of the intervention show correlation currently
with posttest (r = 0.45), which supports findings that duration of the learning program own influence to success learning,
and correlation between amount students and results Study relatively low or approach zero, indicates that size group No is
factor main in this model. Heatmap visualization does not only give outlook statistics, but also work as tool exploratory For
evaluate potential multicollinearity in the regression model, as well as help election feature in Machine Learning models
[17, 18]. By overall, analysis correlation This strengthen understanding that effectiveness of learning models No stand
alone, but influenced by interactions complex between readiness students, design interventions, and context lesson.

3.3.4. XGBoost Nonlinear Model

Extreme Gradient Boosting (XGBoost) for modeling connection between variables independent and posttest scores of
students. XGBoost is one of the Machine Learning based methods tree decision tree boosting and is known effective in
handle non-linear relationships as well interaction between complex features. Evaluation XGBoost model performance
done use three metric main, namely R-squared (R?), Mean Absolute Error (MAE), and Mean Squared Error (MSE).

Table 8.

Extreme Gradient Boosting Results.
Evaluation Method Mark
R-squared (R?) 0.348
Mean Absolute Error (MAE) 20.37
Mean Squared Error (MSE) 811.68

The R-squared value of 0.348 indicates that the XGBoost model capable explain about 34.8% variation posttest scores,
which indicate improvement compared to standard linear regression in a number of case with non-linear relationship. While
that, the MAE value of 20.37 indicates that the average error model predictions against mark current Enough low and can
accepted in educational data context. MSE of 811.68 strengthens validity of the model with indicates that deviation from
prediction to mark current relatively stable and not influenced by outliers extreme. Although improvement R2 value is not
too high, results This still show that XGBoost own potential For catch non - linear patterns in data, especially If developed
more carry on with parameter tuning and additions variables features. In addition, the flexibility XGBoost in handle
variables complex make it tool promising predictive in research learning data- based.

3.3.5. Final Model Evaluation

Final model evaluation done for compare performance from third approach modeling used in study this, namely Linear
Regression (OLS), Random Forest Regressor, and XGBoost Regressor, in predict student posttest scores based on various
variables features. The three models evaluated use metric standard in regression, namely R-squared (R?2) as size proportion
variance explained by the model, as well as Mean Absolute Error (MAE) and Mean Squared Error (MSE) as indicator
accuracy and stability prediction.

Table 9.

Evaluation results from each model.
Model R-squared (R?) MAE MSE
Regression (OLS) 0.388 20.37 811.68
Random Forest 0.400 (3) 18.92 775.25
XGBoost 0.348 20.37 811.68

Evaluation results show that all three models have performance relatively predictive comparable, although ensemble
approaches like Random Forest are a bit more superior in matter accuracy (MAE and MSE are higher) low). Fixed linear
regression model own high interpretability and provides clarity connection between variables, but his abilities For catch
interaction complex limited. Temporary that, XGBoost is known superior in various competition data prediction is not
show superiority significant in the context of this data, it is possible due to size relative sample small and limited predictor.
With Thus, the selection of the best model No only based on metric accuracy, but also consider interpretability and needs
application. Random Forest can chosen as a prediction model main Because offer balance between accuracy, durability
against overfitting, and convenience interpretation through feature importance analysis . Findings This give contribution to
practice evaluation learning data- based in schools basis, where the use of Machine Learning can be help in develop
learning strategies adaptive and based predictions, with consider complexity variables learning and profile student

4. Discussion

The results of this study provide an empirical overview of the comparative effectiveness of Game-Based Learning
(GBL) and Problem-Based Learning (PBL) at the elementary education level based on secondary data analysis.
Consistently, the findings show that PBL produces higher learning outcomes than GBL in various learning contexts. These
findings reinforce previous research results which state that learning that emphasizes problem solving, reflection, and
argumentation tends to support deeper conceptual understanding.
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The superiority of PBL in this study can be explained through its structural and pedagogical characteristics. PBL
encourages students to engage in contextual and open-ended problem-solving processes, thus requiring continuous analysis,
evaluation, and reflection skills [16, 19, 20]. This process allows students to construct knowledge in a more meaningful
way, especially when learning is carried out over an adequate duration of intervention. Thus, PBL provides more space for
the development of higher-order thinking skills compared to approaches that focus solely on game activities [21-23].

On the other hand, GBL shows its main strength in terms of student engagement and motivation to learn. Interactive
and visual game elements can increase student interest and participation, especially in exploratory and practical materials
[24-26]. However, without adequate reflective structure and cognitive scaffolding, this increase in motivation is not always
followed by a significant increase in learning outcomes [27-29]. This may explain why the learning outcomes in GBL in
this study were relatively lower than those in PBL.

The analysis results also emphasize the importance of contextual factors in determining learning effectiveness.
Students' prior knowledge and the duration of the learning intervention emerged as factors that significantly influenced
learning outcomes, regardless of the learning model used [30]. These findings indicate that the effectiveness of GBL and
PBL cannot be separated from the characteristics of the students and the design of the learning implementation [3, 31, 32].
Interventions with longer durations provide opportunities for students to engage cognitively and reflectively in the learning
process.

The data-driven approach and the use of machine learning techniques in this study serve as exploratory tools to
identify important patterns and predictors in the data [15, 33]. These techniques are not intended to replace conventional
statistical analysis, but to strengthen the interpretation of results and provide additional perspectives on the factors that
influence learning outcomes. This approach demonstrates the potential of secondary data analysis in producing cross-
context empirical syntheses of learning.

Despite providing broader insights, this study has limitations that need to be considered. The data analyzed depends on
the quality of reporting in the source articles, as well as variations in learning designs and assessment instruments used in
each study. Therefore, the results of this study should be interpreted as comparative findings based on secondary data and
are not intended to draw direct causal conclusions [34, 35].

Overall, the results of this study indicate that both GBL and PBL have a positive contribution to learning in elementary
schools, but PBL shows greater effectiveness in supporting improved learning outcomes. These findings have implications
for educators and learning designers in selecting and designing learning models that are appropriate for learning objectives
and student characteristics. In addition, the results of this study can also serve as a conceptual basis for further research
exploring the development of hybrid learning models empirically through direct implementation in the classroom.

5. Final Considerations

This study aims to compare the effectiveness of Game-Based Learning (GBL) and Problem-Based Learning (PBL)
at the elementary education level through a secondary data-based approach. Based on the results of quantitative analysis of
data extracted from empirical articles, it can be concluded that both learning models contribute positively to student
learning outcomes. However, PBL shows higher learning outcomes than GBL, both statistically and practically. In addition
to the differences between the two learning models, this study also found that contextual factors, particularly students' prior
knowledge and the duration of the learning intervention, play an important role in influencing learning outcomes. These
findings indicate that the effectiveness of a learning model is not only determined by the pedagogical approach used, but
also by the characteristics of the learners and the design of the learning implementation. The secondary data analysis
approach used in this study allows for a broader comparison across learning contexts than single-class studies. By
combining conventional statistical analysis and machine learning techniques as exploratory tools, this study provides
additional insights into the factors that contribute to successful learning in elementary schools. However, the findings of this
study need to be interpreted taking into account the limitations of secondary data and variations in the quality of reporting
in the source studies. Overall, the results of this study have important implications for learning practices and educational
research. For educators and curriculum designers, these findings can serve as a basis for selecting and designing learning
models that suit student needs and learning contexts. For researchers, this study demonstrates the potential use of secondary
data analysis and data-based approaches in enriching comparative learning studies. Further research is recommended to
combine this approach with direct empirical studies in the classroom to gain a more comprehensive understanding of the
effectiveness of various learning models.
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