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ABSTRACT 

The rapid expansion of metaverse ecosystems has introduced new challenges in 

understanding user behavior, engagement, and financial risk within virtual 

transactions. This study proposes an ensemble machine learning framework that 

integrates LightGBM, XGBoost, and Random Forest algorithms to predict user 

engagement and transaction risk in metaverse environments. The model leverages 

temporal and behavioral features, including session duration, transaction amount, 

activity intensity, and short-term risk variations, to capture dynamic patterns of user 

interaction. Using a time-series dataset of metaverse transactions, the ensemble 

achieved a Mean Absolute Error (MAE) of 2.15, a Mean Squared Error (MSE) of 

16.13, and an R² score of 0.9652, demonstrating exceptional predictive accuracy and 

generalization capability. Feature importance analysis revealed that both behavioral 

persistence and short-term temporal variability are critical determinants of risk. The 

findings highlight the effectiveness of ensemble learning for real-time risk detection, 

behavioral monitoring, and adaptive governance in digital economies. This study 

contributes to the development of intelligent, interpretable, and scalable AI-driven risk 

management systems for emerging metaverse platforms. 
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INTRODUCTION 

The rise of the metaverse has redefined digital interaction by merging social 

presence, economic activity, and technological immersion into a single 

connected environment [1]. In this ecosystem, users engage in a variety of 

transactions involving digital goods, tokens, and virtual assets while 

participating in real-time interactions that span across gaming, commerce, and 

social experiences. The combination of blockchain technology, virtual reality, 

and artificial intelligence has made these interactions traceable, data-rich, and 

economically significant. As metaverse platforms continue to expand, 

understanding how users behave, engage, and assume risk has become 

essential for ensuring both user trust and system integrity. These complex 

digital economies require sophisticated analytical tools that can process large 

volumes of behavioral and transactional data to predict user engagement trends 

and identify risk patterns accurately [2]. 

Despite rapid advancements in metaverse technologies, predictive analytics in 

this context remains limited. Current research in user behavior prediction has 

predominantly focused on traditional e-commerce, online gaming, or social 

networking platforms, where user activities are relatively stable and easier to 

model. In contrast, metaverse environments generate high-frequency data 

characterized by rapid behavioral shifts, variable transaction values, and 
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evolving user objectives. Conventional statistical models, such as logistic 

regression and autoregressive time-series models, often fail to capture these 

nonlinear and temporal dynamics. Similarly, single-model machine learning 

techniques like Support Vector Machines or Decision Trees, although efficient, 

are constrained in their ability to handle complex dependencies that emerge 

from user interactions over time [3]. These limitations have created a pressing 

need for models capable of learning from both the temporal continuity and 

behavioral variability of metaverse users. 

Recent developments in artificial intelligence have introduced deep learning 

architectures such as Long Short-Term Memory (LSTM) and Gated Recurrent 

Units (GRU), which are designed to learn from sequential data and capture 

time-dependent relationships. These approaches have achieved notable 

success in fields such as stock price forecasting, social media trend analysis, 

and anomaly detection in network security [4]. However, when applied to 

metaverse data, deep learning models often encounter challenges related to 

overfitting, interpretability, and computational cost. The metaverse environment 

presents heterogeneous and dynamic data inputs that include transaction 

values, behavioral patterns, and temporal attributes. These conditions require 

hybrid frameworks that combine predictive accuracy with interpretability and 

scalability. The lack of such integrative models constitutes a major research gap 

in current metaverse analytics, where predictive reliability and transparency 

must coexist. 

Addressing this research gap requires a methodological advancement that 

combines the strength of multiple algorithms while mitigating their individual 

weaknesses. Ensemble learning methods offer a promising solution by 

integrating several base learners to improve prediction accuracy and 

robustness. Models such as Gradient Boosting Machines (GBM), LightGBM, 

and XGBoost have shown high performance in financial forecasting and 

behavior classification tasks due to their ability to manage high-dimensional, 

nonlinear data [5]. Random Forest, another ensemble technique, provides 

complementary benefits through variance reduction and stability across diverse 

datasets. Integrating these approaches into a unified ensemble framework 

allows the model to exploit both gradient-based optimization and tree-based 

interpretability, producing consistent and accurate results even in volatile 

environments such as the metaverse. Yet, to date, few studies have applied 

ensemble learning specifically to model user behavior and risk prediction in 

virtual economies. 

The present study aims to fill this gap by developing a comprehensive ensemble 

machine learning framework for predicting user engagement and transaction 

risk in the metaverse. The proposed model integrates LightGBM, XGBoost, and 

Random Forest algorithms to leverage their combined predictive power and 

interpretability. Temporal and behavioral features such as session duration, 

transaction amount, login frequency, and short-term risk fluctuations are 

incorporated to capture the evolving dynamics of user activity. The model 

achieves high predictive performance, with an R² score of 0.9652, confirming 

its effectiveness in modeling complex temporal patterns. This research 

advances the state of the art by demonstrating that ensemble learning can 

provide both accuracy and explainability in metaverse analytics. The study 

contributes theoretically by extending temporal behavior modeling into virtual 
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economies and practically by offering an interpretable, AI-driven approach for 

risk management and decision support in metaverse platforms. 

Literature Review 

Research on user behavior analysis has evolved significantly alongside the 

development of digital ecosystems. Early studies focused on modeling 

engagement patterns using statistical techniques and behavioral metrics such 

as session duration, interaction frequency, and purchasing activity [6]. These 

approaches, while effective for structured web data, were insufficient to 

represent the complexity of modern user interactions. As digital environments 

became more dynamic, researchers began exploring machine learning 

techniques to predict user engagement across social media and e-commerce 

platforms [7]. However, such models often assumed linear relationships and 

static behavior, making them less effective in modeling the fluid and 

multidimensional nature of user activity observed in metaverse environments 

[8]. In the metaverse, behavior and transaction data are generated continuously 

and influenced by multiple contextual factors, creating the need for models that 

can capture both temporal and behavioral dynamics simultaneously [9]. 

Parallel to user behavior analysis, risk prediction and anomaly detection have 

been extensively studied in digital transaction systems. Early approaches used 

rule-based systems and statistical outlier detection to identify irregular patterns 

in user activity [10]. Machine learning methods, including Support Vector 

Machines, Decision Trees, and Random Forests, were later employed to 

improve detection accuracy in financial and e-commerce settings [11]. While 

these algorithms enhanced model precision, they were still limited in their ability 

to adapt to evolving data streams. Recent studies introduced time-series 

models and hybrid frameworks capable of learning from sequential transactions 

to identify behavioral irregularities [12]. Despite these advancements, most 

existing systems were designed for traditional financial markets and lacked the 

capacity to handle the high-frequency, heterogeneous data characteristic of 

metaverse transactions [13]. This limitation underscores the need for adaptive 

and interpretable models capable of real-time learning from complex user 

behavior patterns [14]. 

In response to the temporal complexity of behavioral data, deep learning models 

such as Recurrent Neural Networks (RNNs), LSTM and GRU have been applied 

to tasks involving sequence modeling and risk prediction [15]. These 

architectures excel at learning long-term dependencies and identifying 

sequential trends, which has led to improvements in financial forecasting, 

network security, and online behavior prediction [16]. However, despite their 

predictive strength, these models often struggle with computational efficiency, 

interpretability, and generalization across domains [17]. Their reliance on large 

training datasets and extensive hyperparameter tuning makes them less 

practical for real-time applications in the metaverse, where data are highly 

dynamic and resource constraints are common. Consequently, there is growing 

interest in hybrid and ensemble-based learning approaches that offer 

comparable accuracy with greater interpretability and operational efficiency 

[18]. 

Ensemble machine learning methods have gained increasing attention for their 

ability to combine multiple models to improve predictive robustness and stability. 
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Techniques such as Gradient Boosting Machines, XGBoost, LightGBM, and 

Random Forest have been successfully applied to financial risk modeling, fraud 

detection, and behavioral classification tasks [19]. These models can effectively 

manage nonlinear relationships, handle missing or noisy data, and provide 

interpretable outputs through feature importance analysis. In the context of 

metaverse analytics, ensemble learning remains relatively underexplored 

despite its potential advantages. By integrating multiple weak learners, 

ensemble models can reduce variance and bias while adapting to rapidly 

changing behavioral and transactional environments. The present study builds 

upon this foundation by proposing an ensemble-based framework that 

combines LightGBM, XGBoost, and Random Forest to predict user 

engagement and transaction risk in metaverse ecosystems. This approach 

advances the state of the art by offering both predictive accuracy and 

explainability, bridging the gap between deep learning performance and 

practical interpretability [20]. 

Methodology 

This study employs a quantitative experimental methodology designed to 

develop and evaluate an ensemble-based predictive framework for modeling 

user engagement and transaction risk in metaverse environments. The 

research process is structured into five key stages: (1) data preprocessing and 

cleaning, (2) feature engineering and temporal transformation, (3) ensemble 

model construction, (4) model training and validation, and (5) evaluation and 

interpretive analysis. These steps form the overall methodological workflow that 

guides the study from data acquisition to model performance assessment, as 

illustrated in figure 1. This framework ensures that both behavioral and temporal 

aspects of metaverse user interactions are captured in a manner that supports 

predictive accuracy, interpretability, and reproducibility across diverse datasets. 

The dataset used in this study comprises metaverse transaction records 

containing a combination of behavioral and financial attributes. Each record 

represents a single user’s transaction and includes variables such as 

transaction amount, session duration, login frequency, timestamp, and a 

corresponding risk score. Preprocessing steps were conducted to ensure data 

consistency, accuracy, and completeness. Temporal features were extracted 

from timestamps to represent cyclic patterns of activity, including hour of day, 

day of week, and month of the transaction. Missing values were imputed using 

mean substitution for continuous variables and forward-filling for sequential 

data, while outliers were handled using the interquartile range (IQR) technique 

to reduce the influence of extreme values. All numerical features were 

normalized using Min–Max scaling to align data magnitudes and improve model 

convergence. This preprocessing phase ensured that the dataset was clean and 

structured for effective temporal learning. 

Feature engineering was performed to improve the model’s ability to capture 

sequential behavioral dependencies. Rolling temporal features were created to 

describe recent behavioral trends, including the rolling mean and rolling 

standard deviation of risk scores over the last six transactions. A risk score delta 

variable was introduced to measure short-term changes in user behavior across 

consecutive transactions. In addition, behavioral variables such as average 

transaction per session, activity intensity, and transaction frequency were 

derived to quantify engagement levels. A binary weekend indicator was added 
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to capture potential differences between weekday and weekend activity 

patterns. Once these transformations were completed, the dataset was 

restructured into a supervised format in which previous transaction patterns 

were used as predictors for subsequent risk values, thereby allowing the model 

to learn from temporal continuity. 

 

Figure 1 Research framework 

The predictive architecture was constructed using a stacked ensemble learning 

framework that integrates three base models: Light Gradient Boosting Machine 

(LightGBM), Extreme Gradient Boosting (XGBoost), and Random Forest 

Regressor. Each algorithm contributes distinct advantages: LightGBM provides 

efficient gradient optimization and scalability for large datasets, XGBoost 

enhances predictive performance through regularization and learning rate 

tuning, and Random Forest improves stability by averaging multiple decision 

trees. These base models were combined using a meta-learner that aggregates 

their predictions to minimize bias and variance simultaneously. 

Hyperparameters such as the number of estimators, tree depth, and learning 

rate were optimized through grid search with cross-validation to ensure optimal 

model configuration. This ensemble structure was implemented in Python using 



 International Journal Research on Metaverse 

 

Lertlit (2026) Int. J. Res. Metav. 

 

106 

 

 

the Scikit-learn, LightGBM, and XGBoost libraries. 

The dataset was divided into training (80%) and testing (20%) subsets to assess 

model generalization capability. Training was performed using the MSE loss 

function, and early stopping was applied to avoid overfitting. The model’s 

performance was evaluated based on three standard regression metrics: MAE, 

MSE, and the Coefficient of Determination (R²). The MAE measures the 

average magnitude of prediction errors and is defined as: 

𝑀𝐴𝐸 =
1

𝑛
∑ ∣ 𝑦𝑖 − 𝑦̂𝑖 ∣

𝑛

𝑖=1

 (1) 

𝑦𝑖represents the actual risk score, 𝑦̂𝑖 is the predicted risk score, and 𝑛is the total 

number of observations. The MSE captures the squared difference between 

predicted and actual values, penalizing larger deviations: 

𝑀𝑆𝐸 =
1

𝑛
∑(𝑦𝑖 − 𝑦̂𝑖)2

𝑛

𝑖=1

 (2) 

The Coefficient of Determination (R²) measures the proportion of variance in the 

observed data that is explained by the model, given by: 

𝑅2 = 1 −
∑ (𝑦𝑖 − 𝑦̂𝑖)2𝑛

𝑖=1

∑ (𝑦𝑖 − 𝑦ˉ)2𝑛
𝑖=1

 (3) 

𝑦ˉdenotes the mean of observed risk scores. High R² values indicate strong 

explanatory power and effective model fitting. 

The final ensemble model achieved an MAE of 2.15, an MSE of 16.13, and an 

R² score of 0.9652, demonstrating excellent accuracy and generalization 

capability. Feature importance analysis conducted using LightGBM revealed 

that the change in risk between transactions, average risk over the past six 

interactions, and transaction amount were the most influential variables 

affecting risk prediction. These findings confirm that both temporal variability 

and behavioral consistency are critical determinants of user risk in metaverse 

environments. The methodological process developed in this study successfully 

combines the predictive strength of ensemble learning with the temporal 

sensitivity of time-series analysis, providing a robust and interpretable 

framework for intelligent risk prediction in virtual economies. 

Algorithm 1. Ensemble-Based Temporal Risk Prediction Framework 

Input: 

Transaction dataset 𝐷 = {(𝑥𝑖 , 𝑦𝑖)}𝑖=1
𝑁 , where 𝑥𝑖represents the feature vector, 𝑦𝑖the risk score, 

and 𝑁the total number of transactions. 

Output: 

Predicted risk scores 𝑦̂𝑖and feature importance weights 𝑤𝑗. 

Process: 

Start 

Data Preprocessing: 

Handle missing values using imputation: 

𝑥𝑖
(𝑘)

= {𝑚𝑒𝑎𝑛(𝑥(𝑘)) 𝑖𝑓 𝑥𝑖
(𝑘)

 𝑖𝑠 𝑛𝑢𝑚𝑒𝑟𝑖𝑐 𝑚𝑜𝑑𝑒(𝑥(𝑘)) 𝑖𝑓 𝑥𝑖
(𝑘)

 𝑖𝑠 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑖𝑐𝑎𝑙  

Remove outliers using the interquartile range (IQR): 

𝑥𝑖
(𝑘)

∈ [𝑄1 − 1.5(𝐼𝑄𝑅), 𝑄3 + 1.5(𝐼𝑄𝑅)] 
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Normalize all features using Min–Max scaling: 

𝑥𝑖
(𝑘)

=
𝑥𝑖

(𝑘)
− 𝑚𝑖𝑛 (𝑥(𝑘))

𝑚𝑎𝑥 (𝑥(𝑘)) − 𝑚𝑖𝑛 (𝑥(𝑘))
 

Feature Engineering: 

Compute rolling mean and standard deviation of recent transactions: 

𝑟𝑜𝑙𝑙_𝑚𝑒𝑎𝑛𝑡 =
1

𝑚
∑ 𝑦𝑗

𝑡

𝑗=𝑡−𝑚+1

 

𝑟𝑜𝑙𝑙_𝑠𝑡𝑑𝑡 = √
1

𝑚
∑ (𝑦𝑗 − 𝑟𝑜𝑙𝑙_𝑚𝑒𝑎𝑛𝑡)2

𝑡

𝑗=𝑡−𝑚+1

 

Calculate change in risk: 

𝛥𝑦𝑡 = 𝑦𝑡 − 𝑦𝑡−1 

Derive behavioral metrics such as average transaction per session and activity intensity. 

Add a binary indicator for weekend transactions. 

Model Construction: 

Define base learners: 

𝑀1 = 𝐿𝑖𝑔ℎ𝑡𝐺𝐵𝑀 

𝑀2 = 𝑋𝐺𝐵𝑜𝑜𝑠𝑡, 
𝑀3 = 𝑅𝑎𝑛𝑑𝑜𝑚 𝐹𝑜𝑟𝑒𝑠𝑡 

Each learner produces predictions: 

𝑦̂𝑖
(𝑗)

= 𝑀𝑗(𝑥𝑖), 𝑗 ∈ {1,2,3} 

The stacking meta-learner combines them as: 

𝑦̂𝑖 = ∑ 𝛼𝑗𝑦̂𝑖
(𝑗)

,

3

𝑗=1

 

∑ 𝛼𝑗 = 1

3

𝑗=1

 

Model Training: 

Minimize Mean Squared Error (MSE): 

𝐿(𝜃) =
1

𝑁
∑(𝑦𝑖 − 𝑦̂𝑖)2

𝑁

𝑖=1

 

Update parameters iteratively: 

𝜃𝑡+1 = 𝜃𝑡 − 𝜂𝛻𝜃𝐿(𝜃𝑡) 

Apply early stopping when validation loss ceases to decrease. 

Model Evaluation: 

Compute Mean Absolute Error (MAE): 

𝑀𝐴𝐸 =
1

𝑁
∑ ∣ 𝑦𝑖 − 𝑦̂𝑖 ∣

𝑁

𝑖=1

 

Compute Mean Squared Error (MSE): 

𝑀𝑆𝐸 =
1

𝑁
∑(𝑦𝑖 − 𝑦̂𝑖)2

𝑁

𝑖=1

 

Compute Coefficient of Determination (R²): 

𝑅2 = 1 −
∑ (𝑦𝑖 − 𝑦̂𝑖)2𝑁

𝑖=1

∑ (𝑦𝑖 − 𝑦ˉ)2𝑁
𝑖=1

 

Feature Importance: 

Compute contribution of each feature: 

𝑤𝑗 =
∑ 𝛥𝐿𝑜𝑠𝑠𝑡(𝑓𝑗)𝑡∈𝑆

∑ ∑ 𝛥𝐿𝑜𝑠𝑠𝑡(𝑓𝑘)𝑡∈𝑆𝑘

 

Return predicted risk scores 𝑦̂𝑖and importance weights 𝑤𝑗. 
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End 

Result  

The proposed ensemble model, which combines LightGBM, XGBoost, and 

Random Forest algorithms, demonstrated exceptional predictive capability in 

estimating user risk scores across metaverse transaction data. As summarized 

in table 1, the model achieved a MAE of 2.15, a MSE of 16.13, and an R² score 

of 0.9652. These results indicate that approximately 96.5% of the variance in 

transaction risk can be explained by the model, reflecting an extremely strong 

fit between the predicted and actual values. The low MAE and MSE values 

confirm that the average deviation between predicted and observed risk scores 

is very small, which demonstrates the model’s ability to maintain stable 

prediction accuracy across large and diverse transactional datasets. This level 

of precision suggests that the ensemble framework effectively mitigates noise, 

variance, and overfitting through its multi-model integration strategy, resulting 

in consistent and generalizable performance. 

In addition to numerical accuracy, these results show that the proposed 

approach captures the complex temporal and behavioral characteristics 

inherent in metaverse interactions. The integration of time-series learning and 

behavioral features enables the model to identify evolving risk patterns that 

unfold across user sessions and transaction histories. The high R² value further 

implies that the model does not only approximate static relationships but also 

dynamically tracks how risk fluctuates with user engagement, transaction 

intensity, and frequency. This finding confirms that ensemble learning methods 

can provide a robust analytical foundation for intelligent monitoring systems in 

virtual economies, where predicting user behavior and transaction anomalies is 

crucial for ensuring security and maintaining trust within metaverse 

environments. 

Table 1 Model Performance Metrics for Metaverse Transaction Risk Prediction 

Metric Value Interpretation 

Mean Absolute Error (MAE) 2.15 Low prediction error 

Mean Squared Error (MSE) 16.13 Minimal variance deviation 

R² Score 0.9652 
Excellent model fit (96.5% 

variance explained) 

As illustrated in figure 2, the predicted risk scores exhibit a very close alignment 

with the actual observed values over time. The two curves move almost in 

parallel, reflecting a high degree of temporal coherence between the predicted 

and real risk fluctuations. This correspondence indicates that the ensemble 

model successfully learns the sequential dependencies present in user 

transaction behavior and is able to predict future risk states with remarkable 

precision. The model effectively tracks subtle transitions between low- and high-

risk periods, demonstrating that it has internalized both the cyclical and irregular 

components of user activity. The smooth overlap between the curves also 

suggests that the model has achieved an optimal balance between bias and 

variance, allowing it to generalize well without overfitting to specific transaction 

sequences. 

The stability of these oscillations across time steps further demonstrates the 
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robustness of the ensemble learning framework in modeling behavioral and 

transactional variability. Rather than merely identifying linear relationships, the 

model captures nonlinear dependencies that evolve as users engage in 

transactions of different sizes and frequencies. This dynamic adaptability is 

particularly important in the metaverse context, where user activity is influenced 

by diverse factors such as engagement time, regional market behavior, and 

digital asset value fluctuations. The ability of the model to maintain predictive 

consistency across these variations underscores its effectiveness in 

representing the temporal complexity of metaverse ecosystems. Such results 

confirm that the integration of temporal learning and behavioral analytics 

provides a powerful foundation for predicting user risk with both accuracy and 

interpretive depth. 

 

Figure 2 Actual vs Predicted Risk Score 

The scatter distribution shown in figure 3 provides additional evidence of the 

model’s predictive strength and reliability. The data points form a compact 

cluster along the 45-degree reference line, which represents a perfect 

correlation between predicted and actual risk scores. This close concentration 

demonstrates that the ensemble model produces highly consistent predictions 

across a wide range of risk levels. The alignment of data points suggests that 

the model’s residual errors are minimal and evenly distributed, with no visible 

bias toward overestimation or underestimation. This behavior indicates that the 

ensemble framework captures the underlying functional relationships within the 

data rather than memorizing patterns from specific samples. The strong linear 

correlation also supports the conclusion that the model generalizes effectively 

beyond the training dataset, validating its stability and robustness in unseen 

transactional conditions. 

A closer examination of the scatter density reveals that the model performs 

reliably for both low-risk and high-risk categories, maintaining balanced 

predictive accuracy across varying transaction intensities. Even at the upper 

end of the risk scale, where data variability typically increases, the predicted 

scores remain closely aligned with the observed values. This consistency 

underscores the ensemble’s capacity to model nonlinear behaviors, including 

abrupt changes in user activity or spending patterns that often occur in 

metaverse environments. The near-symmetric distribution of points around the 

ideal correlation line confirms that the model’s residuals are random and 

independent, which is an essential property for a well-calibrated predictive 
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system. Collectively, these characteristics indicate that the ensemble model is 

not only statistically accurate but also dependable for continuous monitoring and 

real-time prediction in practical metaverse risk management scenarios. 

 

Figure 3 Predicted vs Actual Risk Score Scatter Plot 

 The feature importance analysis presented in figure 4 offers a comprehensive 

understanding of the behavioral and temporal dimensions that shape 

transaction risk within the metaverse. Among all examined variables, the 

change in risk from previous transactions was identified as the most influential 

predictor. This finding highlights the critical role of temporal continuity, where 

abrupt fluctuations in risk behavior between consecutive transactions serve as 

strong early indicators of emerging anomalies or heightened vulnerability. The 

model’s sensitivity to these sequential shifts demonstrates its ability to 

recognize dynamic transitions in user activity patterns rather than relying solely 

on static behavioral attributes. The average risk and risk variability computed 

over the last six transactions followed as the next most important features, 

suggesting that short-term behavioral history strongly informs the user’s current 

risk profile. These results imply that risk is not an isolated event but a cumulative 

reflection of recent behavior, where patterns of consistency or volatility provide 

meaningful predictive signals. 

Further examination of the behavioral features reveals that both transaction 

amount and transaction time are significant indicators of risk exposure. High-

value transactions often correspond to increased financial vulnerability, while 

late-hour activity may reflect impulsive or high-risk engagement behaviors that 

deviate from typical user patterns. These temporal and behavioral dimensions 

interact to form complex risk profiles that evolve with user context and 

transaction timing. In addition, variables such as user activity intensity, average 
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transaction per session, and session duration capture deeper aspects of 

engagement behavior, including the frequency and persistence of interactions 

within the virtual environment. Together, these features represent a 

multidimensional view of metaverse behavior, where both transactional value 

and engagement rhythm jointly influence risk probability. The ensemble model’s 

ability to integrate these factors demonstrates its strength not only in prediction 

accuracy but also in interpretability, offering insights that can support adaptive 

risk management and behavior-aware system design in metaverse ecosystems. 

 

Figure 4 Most Influential Factors Affecting Transaction Risk in the Metaverse 

Taken together, these findings confirm that the proposed ensemble model not 

only achieves high predictive accuracy but also provides interpretability and 

behavioral insight into metaverse risk dynamics. By incorporating rolling 

temporal features, user activity metrics, and ensemble-based time-series 

learning, the framework demonstrates strong predictive power and real-world 

applicability. This approach offers significant potential for AI-driven risk 

detection, fraud prevention, and user behavior analysis in metaverse 

ecosystems, supporting more secure and intelligent digital economies. 

Discussion 

The findings of this study confirm that the proposed ensemble model represents 

a highly effective and reliable approach for predicting transaction risk and 

analyzing user behavior within metaverse environments [20]. The model’s 

strong statistical performance, evidenced by an R² value of 0.9652, 

demonstrates that it successfully captures the nonlinear and time-dependent 

patterns inherent in user activity [21]. By integrating LightGBM, XGBoost, and 

Random Forest algorithms, the ensemble structure effectively combines 

different modeling strengths to handle both complex temporal dependencies 

and multidimensional behavioral features [22]. This hybrid framework enhances 

predictive accuracy by reducing individual model biases and ensuring stability 

across varying transaction patterns [23]. The model’s low Mean Absolute Error 

and Mean Squared Error further indicate that it maintains consistent precision 

across different risk levels and transaction scales, suggesting that it can 
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generalize well to unseen or evolving user behaviors [24]. These findings align 

with the broader literature emphasizing that ensemble-based learning can 

outperform traditional single-model approaches in dynamic data environments 

where user interactions are continuous and context-dependent [25]. 

Beyond its statistical accuracy, the model provides valuable behavioral and 

temporal insights that contribute to a deeper understanding of risk formation in 

virtual economies [26]. The analysis of feature importance shows that short-

term behavioral trends, such as fluctuations in user activity and recent 

transaction history, exert a greater influence on risk outcomes than isolated or 

static attributes [27]. This finding indicates that risk in the metaverse evolves as 

a temporal process shaped by cumulative user behavior and context. 

Behavioral features such as transaction amount, user activity intensity, and 

session duration further illustrate how engagement depth and transaction 

frequency can amplify exposure to potential risk. These results suggest that 

sustained or irregular engagement patterns may signal emerging vulnerabilities 

that warrant closer monitoring. The integration of behavioral and temporal 

learning not only enhances predictive performance but also provides 

interpretive transparency, allowing system developers and regulators to 

understand the key drivers of risk. This capability positions ensemble learning 

as a practical and scalable foundation for intelligent, real-time monitoring 

systems that promote security, trust, and responsible participation in metaverse 

ecosystems. 

Conclusion 

This study developed and validated an ensemble machine learning framework 

for predicting user engagement and transaction risk within metaverse 

environments. The integration of LightGBM, XGBoost, and Random Forest 

algorithms produced a highly accurate predictive model capable of capturing 

both behavioral and temporal complexities in user activity. The model achieved 

an R² value of 0.9652, demonstrating its ability to explain over 96 percent of the 

variance in transaction risk. These results confirm that ensemble-based 

approaches are highly effective for modeling dynamic, nonlinear relationships 

that evolve through user interactions in virtual spaces. The inclusion of temporal 

features, such as recent risk changes and short-term behavioral averages, 

significantly enhanced predictive performance by allowing the model to detect 

emerging risk patterns before they became critical. Behavioral attributes, 

including session duration, transaction amount, and user activity intensity, 

provided additional explanatory power, reflecting how engagement patterns and 

financial behavior jointly influence risk outcomes in digital economies. 

Beyond improving predictive accuracy, this research offers theoretical and 

practical contributions to the study of intelligent systems and risk analytics in the 

metaverse. From a theoretical perspective, the findings reinforce the 

importance of combining behavioral data with temporal modeling to understand 

the evolving nature of user risk. Practically, the proposed framework can 

support real-time monitoring and decision-making for metaverse platforms by 

enabling early detection of anomalous or high-risk user activities. This capability 

can help developers and policymakers implement more adaptive and 

transparent security mechanisms while enhancing user trust and safety. Future 

research may extend this work by incorporating additional contextual features 

such as social interaction data, blockchain asset flow, or sentiment indicators to 
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capture the broader behavioral ecosystem of the metaverse. Integrating deep 

learning architectures, such as LSTM or transformer-based networks, may 

further improve the model’s ability to process sequential dependencies and 

long-term behavioral trends. Collectively, these extensions will strengthen the 

foundation for responsible, data-driven governance and sustainable economic 

growth in the metaverse. 
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