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Abstract 

The rapid growth of the digital gaming industry has increased the importance of predicting game popularity on user-

generated content platforms such as Roblox, where diverse games and highly variable user engagement patterns 

create challenges in modeling long-term popularity trends. This study aims to develop a regression-based popularity 

prediction model using the Extreme Gradient Boosting (XGBoost) algorithm based on user interaction indicators, 

including visits, likes, dislikes, favorites, and active players. To investigate the effect of model optimization, 

hyperparameter tuning is performed using GridSearchCV. Model performance is evaluated using Mean Absolute 

Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and the Coefficient of Determination 

(R²). Experimental results show that the baseline XGBoost model achieves an R² value of 80.74%, indicating strong 

capability in capturing non-linear popularity patterns. However, the optimized model yields a lower R² value of 

77.71%, accompanied by slight increases in prediction error metrics, revealing that hyperparameter optimization does 

not always improve performance for highly skewed popularity data. Feature importance analysis further indicates 

that interaction-based attributes, particularly likes and dislikes, are the most influential predictors. These findings 

provide an important contribution to Informatics research by demonstrating the effectiveness of ensemble regression 

models for digital entertainment analytics while highlighting the need for critical evaluation of optimization strategies 

rather than assuming universal performance gains. 

 

Keywords : Game Analytics, Hyperparameter Tuning, Machine Learning, Popularity Prediction, Roblox, 

XGBoost 

 
 

This work is an open access article and licensed under a Creative Commons Attribution-Non Commercial 

4.0 International License 

  

 

1. INTRODUCTION 

The fast pace of the digital gaming industry has made online gaming platforms to be a major 

industry of entertainment in the world. The most notable systems are Roblox that allows not only to play 

games but also to create so called user generated content and publish it on the platform [1]. The key 

feature that makes Roblox an effective sandbox environment is that it could match the type of games to 

the development of a user, promoting the culture of participation when the participants are the ones who 

would create and consume the content[2]. Popularity indicators such as the number of visits, likes, 

dislikes, favorites, and active players reflect user engagement and long-term interest, and have been 

widely used as proxies for measuring game success on the Roblox platform[2]. 

Due to the non-linear relationships among popularity indicators such as visits, likes, dislikes, 

favorites, and active players, conventional statistical methods often fail to capture popularity patterns 

accurately. Therefore, machine learning-based approaches, particularly ensemble models, have been 

widely adopted to predict game popularity using user interaction and metadata features [3]. Among these 

methods, Extreme Gradient Boosting (XGBoost) has demonstrated superior performance due to its high 

predictive accuracy and ability to handle complex data relationships [4]. XGBoost performance is 
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sensitive to hyperparameter configuration, requiring structured optimization methods such as Grid 

Search and Randomized Search to achieve stable and generalizable predictions [5], [6]. 

Previous research has demonstrated the applicability of machine learning techniques in modeling 

and predicting popularity patterns across various forms of digital content, including online games. 

Research on platforms such as Steam has explored ensemble learning and model interpretability to 

analyze popularity patterns [7], while studies on Roblox have applied classification algorithms such as 

K-Nearest Neighbor to categorize game popularity levels [8]. Although these works demonstrate the 

feasibility of machine learning for popularity analysis, they primarily focus on classification or 

algorithm comparison without systematically examining regression-based prediction using optimized 

gradient boosting models. In addition, prior studies rarely investigate whether hyperparameter 

optimization consistently improves performance for highly skewed popularity data. This limitation 

reveals a research gap regarding the behavior of optimized ensemble regression models in user-

generated gaming environments. 

In predictive modeling tasks, evaluating model performance is essential to ensure reliability and 

generalization capability. To evaluate regression performance in popularity prediction, this study adopts 

widely used error-based and explanatory metrics, namely MAE, MSE, RMSE, and R² [9] These 

measures allow assessment of both prediction deviation and explanatory power, providing a 

comprehensive view of model behavior on skewed popularity data [9], [10]. Previous studies have 

emphasized that comprehensive evaluation using multiple regression metrics is necessary to accurately 

assess the effectiveness of machine learning models in popularity prediction tasks [10]. 

Based on these gaps, this study aims to develop a regression-based Roblox game popularity 

prediction model using XGBoost integrated with hyperparameter optimization. The main contributions 

of this research are threefold: (1) applying an optimized XGBoost regression framework to user 

interaction data on Roblox, (2) empirically evaluating whether hyperparameter optimization improves 

predictive performance for highly skewed popularity data, and (3) providing feature importance analysis 

to identify the most influential engagement indicators. These contributions offer both methodological 

insights into ensemble regression optimization and practical implications for digital gaming analytics. 

By integrating hyperparameter optimization into the XGBoost regression framework, this 

research aims to enhance prediction accuracy and model robustness for Roblox game popularity 

prediction. Building on prior findings, this study acknowledges that XGBoost regression performance 

is influenced by hyperparameter selection, especially learning rate and tree depth, which govern the 

trade-off between model flexibility and generalization ability [11]. In the context of online gaming 

analytics, machine learning models have also been shown to effectively capture user interaction patterns 

and behavioral trends, providing valuable insights for predicting engagement and long term popularity 

[12] Therefore, this study combines hyperparameter-optimized XGBoost with user interaction features 

to provide a robust and generalizable approach for predicting Roblox game popularity. 

2. METHOD 

Figure 1 illustrates the research methodology applied in this study to predict the popularity of 

Roblox games using an optimized Extreme Gradient Boosting (XGBoost) regression model. In this 

study, a Roblox game dataset is prepared by applying preprocessing procedures such as feature filtering, 

data cleaning, and numerical transformation. To evaluate model generalization, the dataset is divided 

into training and testing subsets with a ratio of 80% to 20%. A baseline XGBoost regression model is 

initially developed using default parameters, which is subsequently improved through hyperparameter 

optimization using GridSearchCV to obtain the best parameter configuration. After optimization, the 

XGBoost regression model is applied to the testing dataset to generate popularity predictions. Model 

performance is then assessed using standard regression evaluation metrics, namely MAE, MSE, RMSE, 
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and R², to quantify both prediction error and explanatory power. Finally, feature importance analysis 

and result visualizations are conducted to interpret the influence of each attribute and assess the overall 

effectiveness of the proposed model. The overall research workflow is summarized visually in Figure 1 

to improve clarity, transparency, and reproducibility of the methodological procedure. 

 

 
Figure 1. Research Methodology Flowchart 

2.1. Data Description 

The research is conducted using a Roblox game dataset sourced from an open-access online 

repository, which provides information on game popularity and user interaction attributes across 

multiple titles on the Roblox platform. The dataset consists of several key attributes, including game 

rank, game name, number of active players (Active), total visits (Visits), favorites (Favourites), likes 

(Likes), dislikes (Dislikes), and rating (Rating).  

In this research, the number of visits is selected as the target variable to represent game popularity, 

while Active, Favourites, Likes, Dislikes, and Rating are used as input features. These attributes were 

chosen because they directly reflect user engagement and interaction behavior, which are commonly 

used indicators for evaluating popularity in online gaming environments. Visits is selected as the 

primary target variable because it represents cumulative user engagement and long-term game exposure, 

making it a more stable indicator of overall popularity compared to momentary metrics such as active 

players. The dataset provides sufficient numerical features and variation to support regression-based 

modeling and is suitable for predicting game popularity using machine learning techniques. 

2.2. Data Prepocessing 

Prior to model development, the dataset undergoes a preprocessing stage aimed at improving data 

reliability and ensuring suitability for machine learning analysis. Following established practices in 

regression modeling research, this study performs data preprocessing through several stages to prepare 

the dataset for XGBoost regression modeling. A summary of these prepocessing procedures is provided 

in Table 1 to enhance methodological transparency and reproducibility. 
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Table 1. Summary of Data Prepocessing Steps 

Step Technique Attributes Involved Purpose Outcome 

Attribute 

Selection 

Removal of non 

numeric and 

irrelevant 

atributes 

Game Name, Rank 

(removed); Active, 

Favourites, Likes, 

Dislikes, Rating 

(retained); Visits 

(target) 

To retain only 

informative 

numerical 

features that 

contribute to 

regression 

modeling and 

reduce noise 

Dataset contains 

only predictive 

engagement 

features and one 

target variable 

Data Cleaning Numeric 

conversion and 

character 

removal 

Active, Visits, 

Favourites, Likes, 

Dislikes, Rating 

To convert 

attributes stored 

as strings with 

symbols (e.g., 

commas, text) 

into proper 

numeric format 

All features 

transformed into 

consistent 

numeric data 

types suitable for 

ML algorithms 

Missing Value 

Handling 

Verification 

and removal of 

incomplete 

entries 

All selected attributes To prevent model 

bias and training 

errors due to null 

or inconsistent 

records 

Clean dataset 

without missing 

values 

Data 

Transformation 

Formatting and 

normalization 

of numerical 

structure 

All selected features To ensure 

consistent scale 

and structure for 

model input and 

improve learning 

stability 

Structured 

numerical dataset 

ready for 

modeling 

Data Splitting Hold out split 

(80 : 20) 

Entire dataset To evaluate 

generalization 

performance and 

avoid overfitting 

80% training 

data, 20% testing 

data 

Data 

Preparation for 

XGBoost 

Feature target 

separation 

X = [Active, 

Favourites, Likes, 

Dislikes, Rating]; y = 

Visits 

To organize data 

into predictor 

variables and 

target variable 

required by 

XGBoost 

Model-ready 

matrix format for 

regression 

2.2.1. Attribute Selection 

Attribute selection consists of selecting and maintaining useful numerical attributes that are useful 

towards the prediction task. Active, Favourites, Likes, Dislikes, Rating features are taken as input 

variables and Visits selected as the target variable which is the popularity of the game in this study. 

Attributes not related to numbers or prediction like the rank and name of games are omitted and this was 

appropriate as the previous studies have reiterated the need to concentrate on informative attributes so 

as to [5], [10] 
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2.2.2. Data Cleaning 

Data cleaning is performed to handle inconsistent and improperly formatted entries by converting 

numerical attributes stored as strings and containing non-numeric characters into numeric data types to 

ensure compatibility with machine learning models and prevent errors during training [13] These 

characters are removed, and all relevant features are converted to numeric data types to ensure 

compatibility with regression algorithms such as XGBoost. This step aligns with common data cleaning 

procedures in machine learning research that stress the need for numeric integrity to prevent errors 

during model training [14]. 

2.2.3. Data Transformation 

Following data cleaning, transformation procedures are applied to standardize numerical 

representations and prepare input features for modeling, enabling effective learning by the XGBoost 

regression algorithm [15]. 

2.2.4. Data Splitting 

The preprocessed dataset is divided into training and testing sets using an 80:20 split to assess the 

generalization capability of the predictive model and prevent overfitting, as recommended in machine 

learning evaluation studies [16]. 

2.2.5. Data Preparation for XGBoost 

Data preparation for XGBoost involves organizing the dataset into input features and a target 

variable in numerical form, ensuring the absence of missing values so that the gradient boosting 

algorithm can efficiently learn patterns and perform accurate regression tasks [4]. 

2.3. XGBoost Regression 

Extreme Gradient Boosting (XGBoost) is an ensemble algorithm that builds regression models 

sequentially using gradient-boosted decision trees. It aims to minimize a differentiable loss function 

while incorporating regularization techniques to prevent overfitting [4]. In this work, we adopt XGBoost 

regression to examine the non-linear patterns between user interaction data and game popularity. This 

approach is chosen because of its consistent high performance and ability to scale effectively in a variety 

of regression prediction problems [4], [17] 

2.4. Hyperparameter Optimization (GridSearchCV) 

Hyperparameter optimization is performed to systematically explore a predefined parameter grid 

using GridSearchCV in order to identify the best combination of XGBoost hyperparameters that 

improves predictive performance and model robustness compared to default settings [6]. The model 

undergoes a thorough evaluation of various parameter settings, including n_estimators, max_depth, 

learning_rate, subsample, and colsample_bytree using cross validation to confirm that the selected 

configuration maintains strong predictive performance on new, unseen data [18], [19]. 

2.5. Model Evaluation Metrics 

The performance of the XGBoost regression model is examined using Mean Absolute Error 

(MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and the coefficient of 

determination (R²). These metrics are selected because they provide a comprehensive view of prediction 

accuracy, the magnitude of errors, and the proportion of variance that the model successfully explains 

[20]. Mean Absolute Error (MAE) quantifies the typical magnitude of prediction errors, while Mean 

Squared Error (MSE) emphasizes larger discrepancies. Root Mean Squared Error (RMSE) translates 

errors into the original data scale, and the coefficient of determination (R²) shows how effectively the 
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model explains variations in popularity. Using all these metrics together allows for a comprehensive 

evaluation of the model’s predictive performance. 

3. RESULT 

3.1. Baseline XGBoost Regression Results 

This subsection presents the evaluation of the baseline XGBoost regression model in predicting 

the popularity of Roblox games. For this initial model, default hyperparameter settings were used, and 

no optimization procedures were applied, providing a reference point for subsequent performance 

improvements. The input features consist of the number of active players, favorites, likes, dislikes, and 

rating, while the target variable is the number of visits. 

To evaluate the predictive accuracy of the regression model, a set of standard performance metrics 

was applied, including Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared 

Error (RMSE), and the Coefficient of Determination (R²). These metrics are widely used in regression-

based machine learning studies to quantify prediction accuracy, error magnitude, and the proportion of 

variance explained by the model. These metrics are widely used in regression-based machine learning 

studies to quantify prediction accuracy and variance explanation. 

𝑀𝐴𝐸 =  
1

𝑛
 ∑ |𝒴𝒾 −  𝒴̂𝑛

𝒾=1 𝒾| (1) 

𝑀𝑆𝐸 =  
1

𝑛
 ∑ (𝒴𝒾 −  𝒴̂𝑛

𝒾=1 𝒾)2 (2) 

𝑅𝑀𝑆𝐸 =  √𝑀𝑆𝐸 (3) 

𝑅2 = 1 −  
∑ (𝒴𝒾 − 𝒴̂𝑛

𝒾=1 𝒾)2

∑ (𝒴𝒾 − 𝒴̂𝑛
𝒾=1 𝒾)2 (4) 

where 𝓨𝓲 is the real figure of visits, 𝓨̂𝓲 is the figure that is predicted, 𝓨̅ is the mean of the 

measured figures and n is the overall number of test samples. 

The quantitative performance of the baseline XGBoost model is summarized in Table 2. 

 

Table 2. Performance of Baseline XGBoost Regression Model 

Metric Value 

Mean Absolute Error (MAE) 𝟏. 𝟗𝟗 ×  𝟏𝟎𝟖 

Mean Squared Error (MSE) 𝟒. 𝟖𝟎 ×  𝟏𝟎𝟏𝟕 

Root Mean Squared Error (RMSE) 𝟔. 𝟗𝟐 ×  𝟏𝟎𝟖 

R-Squared (R²) 𝟎. 𝟖𝟎𝟕𝟒 

 

The results presented in Table 1 indicate that the baseline XGBoost regression model is able to 

capture a substantial proportion of the variability in Roblox game popularity based on user interaction 

features. The relatively high coefficient of determination (R² = 0.8074) shows that more than 80% of 

the variance in visit counts can be explained by the model, demonstrating that interaction based 

indicators contain strong predictive information. The relatively large MAE and RMSE values are 

consistent with the large numerical scale of visit counts, indicating that absolute errors increase 

proportionally with popularity magnitude rather than reflecting model instability.  

From a practical standpoint, the relatively high R² value suggests that the model can be used as 

an early monitoring tool to identify emerging popular games, while the magnitude of MAE highlights 

the need for relative rather than absolute error interpretation when dealing with large-scale popularity 
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metrics.From a practical perspective, this level of accuracy suggest that the model can provide a reliable 

estimation of game popularity trends, which may assist developers in evaluating engangement 

performance and prioritizing content improvement strategies. Overall, these results confirm that the 

baseline XGBoost model provides a strong initial performance and serves as a reliable reference for 

subsequent optimization and comparative analysis. 

Alongside the numerical evaluation, the relative contribution of each input feature to the model’s 

predictions was investigated using the feature importance scores provided by XGBoost. The feature importance 

visualization for the baseline model is presented in Figure 2, illustrating the contribution of each feature in 

determining the predicted number of visits. 

 

 
Figure 2. Feature Importance of Baseline XGBoost Regression Model 

 

Figure 2 depicts the feature importance scores generated by the baseline XGBoost regression 

model, illustrating how each input variable contributes to predicting Roblox game visit counts. Among 

the features, dislikes has the highest impact with a score of approximately 0.45, followed by likes at 

around 0.34. The rating feature accounts for roughly 0.10, while favourites and active players show 

smaller contributions, each with scores below 0.07. 

The dominance of dislikes and likes indicates that direct user feedback signals carry more 

predictive weight than aggregated indicators such as ratings or activity-based measures. This suggests 

that explicit user reactions reflecting satisfaction or dissatisfaction have a stronger immediate 

association with visit dynamics compared to passive engagement metrics. Meanwhile, the relatively low 

contribution of favourites and active players implies that these indicators play a secondary role in visit-

based popularity prediction within the Roblox platform. From a practical perspective, this finding 

highlights the importance of monitoring like–dislike ratios as an early signal of popularity shifts before 

they are reflected in cumulative visit counts. 

3.2. Optimized XGBoost Regression Results 

This subsection presents the performance of the XGBoost regression model after the application 

of hyperparameter tuning, highlighting the improvements achieved through the optimized configuration. 

To improve predictive performance, the baseline XGBoost model was optimized using the 

GridSearchCV technique, which systematically evaluates combinations of hyperparameters to identify 

the optimal configuration based on cross-validation performance. 

The hyperparameters optimized in this study include the number of trees (n_estimators), 

maximum tree depth (max_depth), learning rate (learning_rate), subsampling ratio (subsample), and 
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column sampling ratio (colsample_bytree). The optimal hyperparameter values obtained from the grid 

search process are summarized in Table 3. 

 

Table 3. Optimal Hyperparameters of XGBoost Regression Model 

Hyperparameter Optimal Value 

(𝓷_𝒆𝒔𝒕𝒊𝒎𝒂𝒕𝒐𝒓𝒔) 300 

(𝐦𝐚𝐱 _𝐝𝐞𝐩𝐭𝐡) 6 

(𝒍𝒆𝒂𝒓𝒏𝒊𝒏𝒈_𝒓𝒂𝒕𝒆) 0.05 

(𝒔𝒖𝒃𝒔𝒂𝒎𝒑𝒍𝒆) 0.8 

(𝒄𝒐𝒍𝒔𝒂𝒎𝒑𝒍𝒆_𝒃𝒚𝒕𝒓𝒆𝒆) 0.8 

 

The optimized hyperparameter configuration shown in Table 3 indicates that the XGBoost model 

benefits from a balanced combination of model complexity and regularization. The selected number of 

estimators and tree depth suggest that deeper and more numerous trees are required to capture complex 

interaction patterns among popularity-related features. Meanwhile, the learning rate value enables 

gradual model updates, helping to stabilize the training process. The subsample and colsample_bytree 

settings introduce controlled randomness during tree construction, which improves generalization 

performance by reducing overfitting. This configuration serves as the basis for the optimized XGBoost 

model evaluated in the subsequent analysis. In the context of Roblox game popularity prediction, this 

configuration allows the model to better capture complex user interaction patterns while maintaining 

robustness against extreme variations in engagement metrics. 

Using the optimized hyperparameters, the XGBoost regression model was retrained on the 

training dataset and evaluated on the test set with the same metrics as the baseline model, including 

MAE, MSE, RMSE, and R². The resulting performance of the optimized model is summarized in Table 

4. 

 

Table 4. Performance of Optimized XGBoost Regression Model 

Metric Value 

Mean Absolute Error (MAE) 𝟏. 𝟗𝟗𝟑𝟗 ×  𝟏𝟎𝟖 

Mean Squared Error (MSE) 𝟓. 𝟓𝟓𝟒𝟖 ×  𝟏𝟎𝟏𝟕 

Root Mean Squared Error (RMSE) 𝟕. 𝟒𝟓𝟑𝟏 ×  𝟏𝟎𝟖 

R-Squared (R²) 𝟎. 𝟕𝟕𝟕𝟏 

 

Although hyperparameter optimization aims to enhance generalization performance, the 

optimized model exhibits a slight reduction in R² and increased error metrics compared to the baseline 

model. Such a behavior is typical in regression problems involving highly skewed distributions, where 

optimization may prioritize stability over peak value accuracy, which can affect the model’s sensitivity 

to viral or exceptionally popular games. The results suggest that the hyperparameter-tuned configuration 

imposes stronger regularization, which helps to mitigate overfitting but may slightly limit the model’s 

ability to accurately capture extremely high visit counts. Such a behavior is typical in regression 

problems involving highly skewed distributions, where optimization may prioritize stability over peak 

value accuracy. 

Additionally, feature importance was analyzed in the optimized XGBoost model to investigate 

whether hyperparameter tuning altered the relative influence of each input feature compared to the 

baseline configuration. The resulting feature importance visualization is shown in Figure 3, illustrating 

how different popularity indicators contribute to the prediction of game visits in the optimized XGBoost 

model. 
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Figure 3. Feature Importance of Optimized XGBoost Regression Model 

 

Figure 3 depicts the feature importance scores of the optimized XGBoost regression model, 

showing the relative contribution of each input variable in predicting the number of game visits. The 

results indicate that dislikes are the most influential feature, contributing approximately 0.60 of the total 

importance score, followed by likes with a score of around 0.23. These findings suggest that user 

feedback intensity, particularly negative responses, plays a dominant role in shaping popularity 

dynamics on the Roblox platform. Compared to the baseline model, the optimized configuration further 

amplifies the importance of dislikes, indicating that hyperparameter tuning increases the model’s 

sensitivity to negative user feedback. 

Other interaction-based features, such as rating, active players, and favorites, exhibit lower 

importance scores, indicating a more limited contribution to visit prediction when compared to likes and 

dislikes. The relatively small importance of rating suggests that aggregated evaluation metrics may be 

less informative than direct user interaction signals. Overall, the feature importance distribution 

confirms that engagement-driven attributes are the primary determinants of game popularity in the 

optimized model, reinforcing the suitability of tree-based boosting methods for modeling complex user-

driven popularity dynamics. 

3.3. Model Performance Comparison 

This subsection provides a comparative evaluation of the baseline XGBoost regression model and 

the optimized version to examine the effects of hyperparameter tuning on predictive performance. Both 

models were assessed using the same test dataset and identical metrics MAE, MSE, RMSE, and R² to 

ensure a fair and consistent comparison. The baseline model employs default hyperparameter settings, 

while the optimized model utilizes the best parameter configuration obtained through the GridSearchCV 

optimization process. 

The comparative results are summarized in Table 5, which presents the quantitative performance 

differences between the two models. The comparison reveals that the optimized XGBoost model 

achieves a comparable MAE to the baseline model, indicating a similar average magnitude of prediction 

errors. However, variations are observed in the MSE and RMSE values, suggesting differences in how 

each model handles larger prediction errors. Additionally, a slight decrease in the R² value is observed 

after optimization, indicating that while hyperparameter tuning affects error distribution, it does not 

always guarantee an improvement across all evaluation metrics simultaneously. 

https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2026.7.1.5648


Jurnal Teknik Informatika (JUTIF)  Vol. 7, No. 1, February 2026, Page. 675-690 
P-ISSN: 2723-3863  https://jutif.if.unsoed.ac.id                                       

E-ISSN: 2723-3871  DOI: https://doi.org/10.52436/1.jutif.2026.7.1.5648 

 

 

684 

Table 5. Performance Comparison Between Baseline and XGBoost Models 

Metric Baseline XGBoost Optimized XGBoost 

Mean Absolute Error (MAE) 𝟏. 𝟗𝟗 ×  𝟏𝟎𝟖 𝟏. 𝟗𝟗𝟑𝟗 × 𝟏𝟎𝟖 

Mean Squared Error (MSE) 𝟒. 𝟖𝟎 ×  𝟏𝟎𝟏𝟕 𝟓. 𝟓𝟓𝟒𝟖 ×  𝟏𝟎𝟏𝟕 

Root Mean Squared Error (RMSE) 𝟔. 𝟗𝟐 ×  𝟏𝟎𝟖 𝟕. 𝟒𝟓𝟑𝟏 × 𝟏𝟎𝟖 

R-Squared (R²) 𝟎. 𝟖𝟎𝟕𝟒 𝟎. 𝟕𝟕𝟕𝟏 

 

The comparative results in Table 5 reveal that hyperparameter optimization does not uniformly 

improve all evaluation metrics. While MAE remains relatively stable, the increase in MSE and RMSE 

indicates that the optimized model is more sensitive to large errors associated with extremely popular 

games. The decrease in R² further suggest that the optimized configuration explains slightly less overall 

variance than the baseline model. This finding highlights that hyperparameter optimization in gradient 

boosting does not guarantee superior performance in datasets with highly imbalanced popularity 

distributions. Practically, this means that default model settings may already provide near optimal 

performance for large scale engagement data, and excessive tuning could lead to diminishing returns. In 

the context of Roblox game analytics, this suggests that models optimized for general stability may 

underrepresent extreme viral popularity spikes, which are critical for early trend detection. 

The results indicate that hyperparameter optimization introduces a trade-off between bias and 

variance, where improvements in certain aspects of model generalization may be accompanied by 

increased sensitivity to large errors. Such behavior is frequently observed in ensemble regression models 

when adjusting parameters like tree depth, learning rate, and subsampling ratios. Therefore, performance 

evaluation should not rely solely on a single metric but consider multiple indicators to obtain a 

comprehensive understanding of model behavior. 

In addition to the numerical comparison, the prediction characteristics of the optimized XGBoost 

model are further examined using visual analysis techniques, including actual versus predicted value 

scatter plots and error distribution plots. These visualizations, discussed in the following subsection, 

provide deeper insights into prediction patterns, model bias, and error dispersion that are not fully 

captured by aggregate numerical metrics alone. 

3.4. Prediction Visualization Results 

This subsection presents visual representations of the prediction results generated by the 

optimized XGBoost regression model. Visualization is employed to provide an intuitive understanding 

of model behavior by illustrating the relationship between actual and predicted visit values, as well as 

the distribution of prediction errors across test samples. 

Figure 4 shows a scatter plot comparing the actual number of visits with the predicted values 

produced by the optimized XGBoost model. Each point represents an individual game instance in the 

test dataset. Points located closer to the diagonal line indicate more accurate predictions, where the 

predicted visit count closely matches the actual value. The overall distribution of predicted points 

suggests that the model captures the general trend of visit counts effectively, although larger deviations 

are observed for games with exceptionally high visits, reflecting the increased challenge of predicting 

outlier cases. 
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Figure 4. Actual vs Predicted Visits Using Optimized XGBoost 

 

Based on Figure 4, the predicted visit values produced by the optimized XGBoost model show a 

strong positive relationship with the actual visit counts, as indicated by the clustering of data points 

along the diagonal direction. This pattern confirms that the model is capable of capturing the overall 

popularity trend across different game instances. However, larger deviations are observed for games 

with extremely high visit counts, suggesting that prediction accuracy decreases for highly skewed or 

outlier data. This pattern is frequently observed in popularity prediction tasks, where a few highly 

popular items disproportionately influence the data distribution. 

The clustering of points along the diagonal confirms that the model captures the general 

relationship between predicted and actual visits. However, the widening spread of points at higher visit 

values indicates heteroscedasticity, where prediction variance increases with popularity magnitude. This 

pattern suggests that extreme popularity cases introduce greater uncertainty, which is consistent with 

the long tail nature of digital content popularity distributions. 

To further examine prediction accuracy and error behavior, Figure 5 illustrates the distribution of 

prediction errors, defined as the difference between the observed and predicted visit counts. The 

histogram shows that most prediction errors are concentrated around zero, indicating that the optimized 

model generally produces unbiased predictions for the majority of samples. However, the presence of a 

long tail in the error distribution suggests that larger prediction errors occur for a small number of high-

visit games, reflecting the inherent challenge of modeling highly skewed popularity data. 

 

 
Figure 5. Distribution of Prediction Errors Using Optimized XGBoost 
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As shown in Figure 5, the error distribution of the optimized XGBoost regression model is 

centered around zero, indicating that the model does not exhibit systematic overestimation or 

underestimation in predicting game visit counts. The right-skewed tail reflects occasional large positive 

errors, meaning that the model sometimes underestimates extremely popular games. This behavior 

suggests that while the model performs consistently for the majority of games, predicting viral-level 

popularity remains a challenge due to nonlinear amplification effects in user engagement dynamics. 

The high concentration of errors near zero suggests stable predictive performance for most 

samples in the test dataset. Nevertheless, the presence of a right-skewed tail reflects the occurrence of 

larger prediction errors for a limited number of games with exceptionally high visit values. This 

phenomenon highlights the inherent difficulty of accurately modeling extreme popularity cases in highly 

imbalanced and skewed datasets, which is commonly observed in popularity prediction problems. 

Overall, the visual analysis supports the quantitative evaluation results by demonstrating that the 

optimized XGBoost model provides reasonable prediction accuracy while maintaining stable error 

distribution, particularly for the majority of games with moderate visit counts. 

4. DISCUSSIONS 

This study explores the use of Extreme Gradient Boosting (XGBoost) regression to predict the 

popularity of Roblox games based on user interaction features, with a particular focus on the impact of 

hyperparameter tuning. The baseline model was able to explain a substantial portion of the variance in 

game visit counts, achieving an R² value of 0.8074. This confirms that ensemble-based gradient boosting 

approaches are suitable for popularity prediction tasks where interaction signals dominate the data 

structure, reinforcing their relevance in digital platform analytics [8].  

Rather than reiterating performance metrics, this discussion focuses on interpreting the observed 

behavior of the XGBoost models under different optimization settings and data characteristics. Although 

hyperparameter optimization is often expected to enhance model performance, the results of this study 

show that the tuned XGBoost model does not consistently outperform the baseline across all evaluation 

metrics. The observed performance trade-off suggests that, in highly skewed popularity datasets, 

parameter tuning may introduce stronger regularization effects that reduce sensitivity to dominant 

patterns while increasing stability. This indicates that optimization can shift the balance between bias 

and variance rather than universally improving model accuracy, especially in long-tail distributions 

typical of digital content platforms[13]. Similar observations have been reported in previous studies, 

where optimized models exhibited sensitivity to data characteristics and noise levels, leading to 

performance trade-offs between bias and variance. [21]. 

Feature importance analysis further reveals that interaction-based attributes, particularly likes and 

dislikes, contribute most significantly to the prediction of game popularity. This highlights the dominant 

role of explicit user feedback as a behavioral signal that directly influences visibility and engagement 

dynamics. Unlike static metadata features, interaction indicators more accurately reflect user perception 

and behavioral response, making them stronger predictors of long-term popularity trends. Comparable 

patterns have been observed in prior research on online gaming behavior and digital content popularity, 

where engagement-driven features consistently outperform descriptive attributes . 

Compared to existing works, the study expands upon existing studies into the issue of limitations 

in current game popularity prediction literature that, by and large, focused on classification-based 

methods or algorithm comparisons in an unfocused manner with no explicit hyperparameter 

optimization, especially on platforms like Roblox and Steam [8][19]. Just as in the larger mobile 

application market, researchers who perform analyses on large-scale data sets provided by Google Play 

Store have shown that tree-based ensemble processes, like Random Forest, have always been better 

predictors of the performance of an application when compared to other more basic algorithms (Naive 
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Bayes and Decision Trees) [22]. Although the most recent works touched upon the improved ensemble 

models like CatBoost with explainability methods, they focus more on the model interpretability instead 

of the performance improvement by optimization [7]. To the contrary, the study uses a regression-based 

paradigm with hyperparameter optimization, allowing a more accurate model of continuous popularity 

measures, e.g., trip counts, and provide a more detailed view of the popularity dynamics. 

Furthermore, studies on XGBoost optimization in other application domains including stock price 

prediction and environmental forecasting have reported consistent performance gains when applying 

grid-based hyperparameter search strategies [23]. However, the findings of this study demonstrate that 

such improvements are domain-dependent and influenced by data distribution characteristics. While the 

optimized model in this study does not surpass the baseline in all metrics, the alignment of findings 

across domains highlights the importance of contextual evaluation when applying optimization 

techniques. This research demonstrates that in user-generated gaming platforms, baseline configurations 

may already capture dominant popularity patterns, and excessive tuning may lead to overfitting or 

reduced generalization under certain data conditions [13], [23]. However, tuning parameters is an 

essential phase in the machine learning workflow for identifying the performance limits of tree-based 

algorithms such as XGBoost  [24]. 

From a scientific perspective, this research contributes to Informatics by providing empirical 

evidence that hyperparameter optimization in gradient boosting should be treated as an exploratory 

performance-boundary analysis rather than a guaranteed enhancement step. This insight is particularly 

relevant for large-scale digital platforms where popularity follows extreme long-tail distributions. By 

empirically demonstrating the performance boundaries of optimized XGBoost models, this work 

advances methodological understanding in data-driven decision support systems within the Informatics 

domain. Practically, the findings suggest that platform analysts and game developers can rely on 

interaction-driven features for predictive monitoring, while applying optimization strategies cautiously 

when dealing with highly skewed popularity metrics. Overall, this study strengthens the understanding 

of machine learning behavior in digital entertainment analytics and highlights the interplay between 

model complexity, optimization strategies, and data distribution characteristics. 

On the whole, this discussion indicates that implementing hyperparameter optimization within 

the XGBoost regression model could continue serving as an excellent approach to the investigation of 

the capacities of performance in popularity prediction tasks, despite the trends in improvement not being 

uniform. The results confirm the appropriateness of XGBoost to predict non-linear variations of 

popularity and highlight the importance of due consideration of optimization results. To do work even 

better in the future, it is possible to consider adding more behavioral characteristics, different 

optimization techniques like Bayesian-based methods, or Hyperopt which were proven to potentially be 

more effective than the traditional grid-based predictors in improving the predictive capabilities of the 

proposed models [21] and conduct the cross-platform popularity analysis that can even more promote 

the robustness and generalizability of the models. These guidelines have potential to enhance new 

possibilities in developing machine learning applications in digital entertainment analytics and user-

generated content ecosystems.  

Considering the sports analytics field, scholars have already shown that machine learning 

algorithms are effective in estimating the variables of match results that center on readily accessible 

factors in the pre-match that include home-ground advantage and toss decisions [25]. In line with the 

results of this study, tree-based models, such as Random Forest tend to have a higher accuracy, precision, 

and recall over probabilistic or simple statistical methods in a dynamic sport environment [25]. This 

also confirms the use of XGBoost, which is a sophisticated tree-boosting model, to study the non-linear 

popularity trends of digital games. Overall, these directions position XGBoost optimization not merely 
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as a performance-enhancing technique, but as a methodological lens for understanding popularity 

dynamics in complex, user-generated digital ecosystems. 

5. CONCLUSION 

This study examines the use of an Extreme Gradient Boosting (XGBoost) regression model to 

predict the popularity of Roblox games using user interaction metrics. By incorporating engagement 

related features such as visits, likes, dislikes, favorites, and active players, the research aims to capture 

the complex, non-linear relationships underlying popularity dynamics on user-generated gaming 

platforms. 

Results from the experiments indicate that the baseline XGBoost model explains a substantial 

portion of the variance in game visit counts, achieving an R² of 0.8074. This finding confirms that 

ensemble-based regression models are effective for popularity prediction tasks involving highly skewed 

and interaction-driven data. However, the application of hyperparameter optimization using 

GridSearchCV does not consistently improve model performance. The optimized model shows a slight 

decrease in predictive accuracy, with the R² value declining to 0.7771, accompanied by marginal 

increases in MAE, MSE, and RMSE. These results suggest that hyperparameter tuning does not 

universally guarantee performance improvement and may introduce trade-offs when applied to datasets 

with extreme values and high variance. 

Furthermore, feature importance analysis reveals that interaction-based attributes, particularly 

likes and dislikes, play a dominant role in predicting game popularity. This outcome highlights the 

significance of direct user feedback mechanisms in shaping long-term engagement patterns on user-

generated content platforms. Compared to static or descriptive attributes, interaction indicators provide 

more representative signals of user perception and behavioral response, making them critical factors in 

popularity modeling. 

Despite its contributions, this study is limited to a single platform and a fixed set of interaction 

features. Future research may incorporate temporal engagement patterns, textual or visual content 

features, and alternative optimization strategies such as Bayesian optimization or evolutionary 

algorithms. Additionally, extending the proposed framework to other digital content platforms could 

further evaluate its robustness and generalizability, thereby enhancing its contribution to the broader 

field of digital entertainment analytics and popularity prediction research. Overall, this study contributes 

to the fields of game analytics and user-generated content analytics by offering empirical insights into 

the behavior of gradient boosting models and optimization strategies when applied to highly skewed 

engagement data. By clarifying the strengths and limitations of gradient boosting models under highly 

skewed engagement data, this study provides practical insights for the development of more reliable 

game analytics and user-generated content analytics frameworks in large-scale digital platforms. 
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