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1. INTRODUCTION

The rapid growth of e-commerce platforms has intensified the demand for accurate revenue prediction to support strategic
decision-making, marketing optimization, and efficient resource allocation. In e-commerce environments, revenue generation is
strongly influenced by user interaction patterns, where customer behavior plays a central role in determining conversion rates and
platform profitability [1, 2]. However, user behavior data are inherently nonlinear and dynamic, making revenue prediction a chal-
lenging task for machine learning models and increasing the risk of inaccurate forecasts that may lead to ineffective pricing strategies
and suboptimal marketing decisions [3, 4].

To address this challenge, numerous studies have explored machine learning techniques for predicting e-commerce revenue.
Existing approaches include ensemble learning methods that combine multiple predictors to improve accuracy [1, 5], survey-based
machine learning and deep learning techniques for e-commerce analytics [5], and graph-based neural networks such as Hierarchical
Bipartite Graph Neural Networks (HiGNN) designed for large-scale recommendation systems [6]. Other studies have proposed deep
learning architectures, including Multimodal Interactive Neural Networks and Directed Acyclic Graph Neural Networks (DAGNN),
to capture complex customer behavior and sales patterns [7, 8]. In addition, data imbalance handling and explainability techniques,
such as SMOTE-enhanced models with SHAP analysis, have been applied to improve prediction performance and interpretability
[9]. Despite these advances, many existing approaches emphasize architectural complexity or specific modeling techniques without
providing a systematic strategy for adapting model parameters, which limits robustness when applied to diverse and evolving user
behavior data [10, 11].

Among various machine learning models, the Multilayer Perceptron (MLP) remains a widely adopted approach due to its
flexibility in modeling nonlinear relationships and its relatively low computational complexity compared to recurrent or graph-based
architectures [12, 13]. Previous studies have demonstrated that MLP-based models can effectively predict purchasing intention and
customer revenue when properly configured [3, 12]. To improve MLP performance, several studies have incorporated metaheuristic
optimization techniques, such as genetic algorithms, bat algorithms, and grasshopper optimization, to tune network parameters [ 14—
16]. However, these approaches often rely on external optimization mechanisms or heuristic settings and do not provide a unified,
performance-driven framework that systematically adapts MLP hyperparameters within the revenue prediction process. Conse-
quently, MLP models frequently employ fixed or manually selected hyperparameters, which restrict their ability to generalize across
heterogeneous e-commerce user behavior patterns [5, 10].

Based on the above limitations, a clear research gap can be identified: although machine learning and deep learning models for
e-commerce revenue prediction have been extensively studied, there remains a lack of a comprehensive, systematic, hyperparameter-
adaptive framework for Multilayer Perceptron models that explicitly evaluates and selects optimal configurations based on empirical
performance. This gap is critical, as hyperparameter selection directly affects model accuracy, robustness, and practical applicability
in real-world e-commerce environments [17].

To address this gap, this study proposes a hyperparameter-adaptive Multilayer Perceptron (MLP) framework for predicting
e-commerce revenue based on user behavior data. The main contributions of this study are threefold: (1) developing a systematic
and performance-driven hyperparameter adaptation framework for MLP models inspired by recent advances in automated hyperpa-
rameter tuning [17]; (2) formulating e-commerce revenue prediction as a binary classification problem based on conversion behavior,
incorporating behavioral variables such as product search patterns, session duration, visit-to-transaction conversion rates, and re-
sponses to promotions [13, 4]; and (3) validating the effectiveness of the proposed framework through comprehensive experimental
evaluation using real-world e-commerce user behavior data. Through this approach, the study aims to enhance revenue prediction
accuracy while providing strategic insights for data-driven decision-making in e-commerce businesses.

2. RESEARCH METHOD

This study uses a systematic approach with key stages: data collection, preprocessing, model training, and performance evalua-
tion. Each stage is designed to ensure valid and reliable results. Figure 1 illustrates the proposed hyperparameter-adaptive Multilayer
Perceptron (MLP) framework for e-commerce revenue prediction, trained on a dataset of 12,330 records with 18 user behavior and
contextual features. The framework consists of data collection, preprocessing (normalization, exploratory data analysis, and distribu-
tion analysis), followed by an iterative hyperparameter adaptation process involving tuning and regularization. The optimized MLP
model is then trained and evaluated using a test-and-score approach to ensure robust and accurate revenue prediction. This adaptive
framework supports data-driven business decision-making in e-commerce environments.
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Figure 1. Research Stages

2.1. Research Dataset

This study uses an e-commerce visitor behavior dataset with 12,330 entries and 18 key features. These include quantitative data
on page visits and visit duration across administrative, informational, and product categories, as well as metrics like BounceRates
and ExitRates. Contextual variables such as SpecialDay, Month, OperatingSystems, Browser, Region, TrafficType, VisitorType, and
Weekend are also included. The target variable is Revenue, a binary indicator of whether the visit generated revenue (1) or not (0).

2.2. Multilayer Perceptron (MLP)

This study uses a Multilayer Perceptron (MLP) artificial neural network to capture nonlinear relationships between inputs and
outputs, enabling the recognition of complex patterns in the data [18]. The MLP consists of input, hidden, and output layers, trained
using optimization algorithms such as Adam or RMSProp and the backpropagation method [19]. ReLU activation functions are
applied in the hidden layers, while sigmoid is used in the output layer. The strength of the MLP lies in its ability to learn complex
decision boundaries through hierarchical feature representation [20]. Adjusting the number of hidden layers and neurons is crucial to
avoid overfitting or underfitting [21]. Dropout and batch normalization techniques are applied to improve the model’s generalization
and stability. Figure 2 shows a simple MLP architecture with an input layer, four hidden layers, and an output layer. Each neuron in
the hidden layers processes inputs from the previous layer using weights, biases, and nonlinear activation functions. The final output
is produced by two neurons in the output layer. This structure enables the MLP to capture complex patterns in the data.
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Figure 2. Multi-layer perceptron (MLP) diagram [17]
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2.3. Hyperparameter Tuning

Hyperparameter tuning is a crucial step in developing a Multilayer Perceptron (MLP) model to improve e-commerce revenue
prediction [22]. Hyperparameters such as the number of hidden layers (2-5 layers), neurons per layer (32-256), activation functions
(ReLU in hidden layers and sigmoid in the output layer), learning rate (0.001-0.01 with Adam optimizer), dropout rate (0.2-0.5), and
batch size (32, 64, 128) are adjusted using grid search and random search methods [23]. The goal is to balance model complexity to
avoid overfitting or underfitting while enhancing training efficiency. Each combination is tested with cross-validation to ensure the
model generalizes well to new data. Through this process, the MLP model is expected to achieve optimal performance in accurately
and reliably predicting e-commerce revenue based on user behavior patterns. Through this iterative evaluation process, the proposed
MLP framework is considered hyperparameter-adaptive, as the final model configuration is determined by comparative performance
rather than a predefined static setting.

2.4. Regularization

Regularization is an important step in developing a Multilayer Perceptron (MLP) model to prevent overfitting, a condition
where the model becomes too closely fitted to the training data and performs poorly on new data [24]. By applying techniques such
as dropout and L2 regularization, the model becomes better able to generalize truly relevant patterns from e-commerce customer
behavior data [25]. Dropout randomly disables neurons during training, reducing excessive dependence on certain features, while
L2 regularization penalizes large weights to maintain model stability [26]. Implementing regularization directly improves revenue
prediction accuracy, making the model not only effective in recognizing complex patterns but also reliable for data-driven business
decision-making.

2.5. Exploratory Data Analysis (EDA)

Exploratory Data Analysis (EDA) was conducted thoroughly to identify patterns and characteristics within each customer
behavior feature in the dataset [17]. The granular analysis focused on the distribution and variation of features such as the number of
pages visited in the Administrative, Informational, and ProductRelated categories, as well as metrics like BounceRates and ExitRates,
which reflect visitor engagement and the tendency to leave the site [27]. Additionally, relationships between features and their
impact on the target variable, Revenue, were analyzed using visualizations and correlations to uncover specific behavior patterns that
contribute to revenue conversion opportunities [2]. This approach helps to gain a detailed understanding of user interactions with the
site, which is essential for building an accurate and effective predictive model.

3. RESULT AND ANALYSIS
3.1. Data Collection

The dataset consists of behavioral and contextual features describing e-commerce visitor activity, including the number and
duration of visits to administrative, informational, and product-related pages, as well as engagement indicators such as BounceRates,
ExitRates, and PageValues. In addition, technical attributes (Operating Systems, Browser, Region, TrafficType) and visitor-related
information (VisitorType and Weekend) are included, with Revenue defined as the binary target variable indicating conversion or
non-conversion events. The descriptive statistics of the dataset are presented in Table 1.

An initial inspection of Table 1 reveals missing values and extreme outliers, particularly in duration-based features such as
ProductRelated _Duration and PageValues. In addition, negative values are observed in several duration attributes (Administra-
tive_Duration, Informational _Duration, and ProductRelated_Duration). These negative values originate from the original dataset
recording mechanism, which encoded invalid or unrecorded session durations with negative placeholders. Such values lacked mean-
ingful temporal information and were therefore treated as invalid entries and removed during preprocessing.

Furthermore, the target variable exhibits class imbalance, with revenue-generating sessions (Revenue = 1) accounting for a
relatively small proportion of the total observations compared to non-revenue sessions (Revenue = 0). This imbalance is a critical
consideration, as it may bias accuracy-oriented evaluation metrics and necessitate the use of complementary metrics, such as F1-score
and AUC, for a more reliable performance assessment.

Outliers in duration-related features, especially ProductRelated _Duration, indicate that a small number of sessions involve
exceptionally long browsing times. If left untreated, these extreme values may dominate gradient updates during MLP training,
thereby negatively affecting convergence stability. Consequently, appropriate preprocessing and normalization steps are required to
mitigate their influence on model learning.
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Table 1. Summary Statistics

Column count mean std min 25% 50% 75% max
Administrative 12316 2.32 332 0.00 0.00 1.00 4.00 27.00
Administrative Duration 12316 80.91 176.86 -1.00 0.00 8.00 93.50 3398.75
Informational 12316 0.50 1.27 0.00 0.00 0.00 0.00 24.00
Informational Duration 12316 34.51 140.83 -1.00 0.00 0.00 0.00 2549.38
ProductRelated 12316 31.76 44.49 0.00 700 18.00 38.00 705.00
ProductRelated Duration 12316  1196.04  1914.37 -1.00 185.00 599.77 1466.48 63973.52
BounceRates 12316 0.02 0.05 0.00 0.00 0.00 0.02 0.20
ExitRates 12316 0.04 0.05 0.00 0.01 0.03 0.05 0.20
PageValues 12330 5.89 18.57 0.00 0.00 0.00 0.00 361.76
SpecialDay 12330 0.06 0.20 0.00 0.00 0.00 0.00 1.00
Operating Systems 12330 2.12 091 1.00 2.00 2.00 3.00 8.00
Browser 12330 2.36 1.72 1.00 2.00 2.00 2.00 13.00
Region 12330 3.15 2.40 1.00 1.00 3.00 4.00 9.00
TrafficType 12330 4.07 4.03 1.00 2.00 2.00 4.00 20.00

3.2. Data Preprocessing
3.2.1. Missing Value

Handling missing data is an essential step to ensure data quality and model reliability. In this study, rows containing missing
values across eight numerical features were removed. These missing entries were sparsely distributed across observations, and the
proportion of removed samples was below 0.15% of the total dataset, thereby minimizing the risk of sampling bias or information
loss. Figure 3 illustrates the distribution of missing values before and after data cleaning, showing that, prior to preprocessing, each
affected feature contained approximately 14 missing entries, whereas after cleaning, all missing values were eliminated. This result
confirms that the dataset was successfully cleaned and rendered suitable for subsequent analysis and model training.
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Figure 3. Distribution of missing values before and after data cleaning

Figure 3 compares the number of missing values in each dataset feature before and after the data cleaning process. Prior to
cleaning, approximately 14 missing values were observed in each affected numerical feature, as indicated by the blue bars. After
preprocessing, all missing values were completely eliminated, as shown by the absence of red bars across all features. This result
confirms that the applied data-cleaning strategy successfully removed all incomplete observations, producing a fully cleaned dataset
suitable for subsequent exploratory analysis and predictive modeling.

A Hyperparameter-Adaptive . . . (Safrizal)



466 O ISSN: 2476-9843

3.2.2. Data Normalization

Despite data cleaning, the dataset still exhibits scale disparities and extreme values, particularly in duration-based features,
which may dominate gradient updates during neural network training. To address this issue, interval normalization to the range [-
1,1] was applied. Although ReLU activation functions are typically associated with non-negative inputs, normalization to [-1,1] was
retained to preserve relative feature distributions and to ensure numerical stability across heterogeneous feature scales. Empirically,
this normalization strategy did not degrade model performance and facilitated stable convergence during training, enabling the MLP
model to learn robust decision boundaries. The resulting normalized dataset is illustrated in Figure 4.

Revenue  Administrative i ive_Durati ional formational_Duratic ProductRelated  ductRelated_Durat BounceRates ExitRates PageValues SpedialDay
1 -0.698 -0.457476 -0.397 -0.245039 -0.6915 -0.624793 3.67263 3.23537 -0.317376 -0.309 fep
2 W -0.698 0457476 0397 -0.245039 _ -0.6690 -0.59136 -0.457458 117459 -0.317376 -0.309 Fap
3 |FN.SE -0.698 0463131 -0.397 -0.252141 -0.6915 -0.625315 3.67263 3.23537 -0.317376 -0.309 Fop
4 |FNSE [ -0.698 -0.457476 -0.397 -0.245039 -0.6650 _ -0623399 ___ 0575063 1.9989 -0.317376 -0.309 pop
5 |FJ\ISE -0.698 -0.457476 -0.397 -0.245039 -0.4892 -0.296996 -0.0444492 0.144202 -0.317376 -0.309 fop
5 |FAISE I -0.698 -0.457476 -0.397 -0.245039 _ -0.2869 | -0.5344232 -0.131398 -0.380031 -0.317376 -0.309 fep
7 W -0.698 0463131 -0.397 -0.252141 -0.6915 -0.623315 367263 3.23537 037376 1701 e
8 |FN.SE . -0.397 0463131 -0.397 -0.252141 -0.6915 -0.625315 3.67263 3.23537 -0.317376 -0.309 Fop
g |FNSE -0.698 -0.457476 -0.397 -0.245039 -0.6650 -0.605464 -0.457458 117458 -0.317376 3.711 fep
10 FALSE -0.698 -0.457476 -0.397 -0.245039 -0.6455 -0.239272 -0.457458 _ -0.428236 -0.317376 i 1701 pop

Figure 4. Dataset after normalization

Figure 4 illustrates the normalized e-commerce user behavior dataset after applying interval normalization to the range [-1,1].
All numerical features, including page interaction metrics, duration-based variables, and behavioral indicators, were scaled to a
common range, while the target variable, Revenue, remained binary. This normalization reduces scale-induced bias during training
and supports stable learning in the Multilayer Perceptron (MLP) model.

3.3. Exploratory Data Analysis (EDA)

Exploratory Data Analysis (EDA) was conducted to examine the statistical characteristics and inter-feature relationships of
the normalized dataset prior to model development. Pair plots and correlation heatmaps were used to identify distribution patterns,
potential feature dependencies, and structural properties that may influence the design of the Multilayer Perceptron (MLP) model.

Figure 5. Pair Plot of Numerical Features in the E-Commerce Data
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The pair plot in Figure 5 reveals clear structural relationships among numerical features in the e-commerce user behavior
dataset. Strong positive associations are observed between page count variables and their corresponding duration features, such
as ProductRelated and ProductRelated_Duration, as well as Informational and Informational _Duration. This pattern indicates that
increased page visits within a category are consistently associated with longer session durations in that category. In addition, Bounc-
eRates and ExitRates exhibit a strong positive correlation, suggesting that users who leave the site early are also more likely to exit
without further interaction.

Most numerical features exhibit right-skewed, non-normal distributions, particularly PageValues and ProductRelated Duration,
in which a small number of sessions exhibit extreme values. These distributional characteristics indicate the presence of outliers that
may disproportionately influence gradient-based learning if not properly controlled. The observed deviations from normality further
justify the application of normalization and regularization strategies in the subsequent modeling stage.
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Figure 6. Correlation Heatmap of User Behavior Features in E-Commerce Revenue Prediction

The correlation heatmap in Figure 6 provides a quantitative overview of inter-feature dependencies. High correlation coeffi-
cients are observed between page count features and their duration counterparts, including Administrative-Administrative_Duration
(0.60), Informational-Informational _Duration (0.62), and ProductRelated—ProductRelated_Duration (0.71). These strong correlations
suggest potential feature redundancy, which may increase the risk of overfitting, particularly in deeper MLP architectures. Conversely,
features such as OperatingSystems, Browser, Region, and TrafficType exhibit weak correlations with most behavioral variables, in-
dicating that their influence on revenue prediction is likely indirect or context-dependent. Furthermore, the negative correlations
between BounceRates and PageValues (-0.39) and between ExitRates and PageValues (-0.20) imply that early exits are associated
with lower revenue potential, reinforcing the behavioral relevance of these features for conversion prediction. Overall, insights de-
rived from EDA directly informed the design of the predictive model. The presence of correlated behavioral features motivated the
incorporation of regularization mechanisms in the MLP to mitigate redundancy-induced overfitting, while the observed distribution
patterns supported the use of normalization to stabilize training. These findings were subsequently translated into architectural and
hyperparameter choices in the MLP modeling stage.

3.4. Predictive Model with MLP

Based on insights from the Exploratory Data Analysis (EDA), the Multilayer Perceptron (MLP) model was configured to
balance model complexity and generalization. EDA revealed strong correlations between several behavioral features, particularly
between page visit counts and their corresponding duration variables, indicating potential feature redundancy. Such redundancy may
increase the risk of overfitting, especially when deeper neural network architectures are applied. Therefore, the MLP configurations
were intentionally designed with controlled network depth and explicit regularization mechanisms. In this stage, systematic hyperpa-
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rameter tuning was conducted to evaluate the influence of architectural and optimization choices on revenue prediction performance.
The evaluated hyperparameters included the number of hidden layers and neurons, activation functions, optimization algorithms
(solvers), regularization strength (alpha), and the maximum number of training iterations. Rather than relying on a single fixed
configuration, multiple MLP architectures were tested to enable a performance-driven comparison across different model settings.
The complete set of tested configurations is summarized in Table 2. To ensure robustness and reduce the risk of performance bias
caused by a single train—test split, each configuration was evaluated using k-fold cross-validation (k = 5). Model performance was
reported as the mean value across folds, allowing assessment of both predictive accuracy and stability. Although the absolute perfor-
mance differences among schemes appear relatively small (approximately 0.6—1%), they can be practically meaningful in large-scale
e-commerce environments, where minor improvements can translate into significant revenue impact.

Table 2. Model Configurations

Scheme Hidden Layer Activation Solver Alpha  Max Iterations Description
A 50 ReLU Adam  0.0001 200 Baseline
B 50, 30 ReLU Adam  0.0001 200 Added a hidden layer
C 50, 40, 30 RelLU Adam 0.0001 200 More hidden layers
D 50, 40, 30 Tanh Adam  0.0001 200 Changed activation function
E 50, 40, 30 RelLU SGD 0.0001 200 Changed solver
F 50, 40, 30 ReLU Adam 0.1 200 High regularization level
G 50, 40, 30 RelLU Adam 0.001 200 Moderate regularization level

Scheme A served as the baseline configuration, employing a single hidden layer with 50 neurons, ReLU activation, Adam
optimizer, and minimal regularization. Schemes B and C progressively increased network depth to examine whether additional rep-
resentational capacity improves performance. Scheme D evaluated the effect of replacing ReLU with the Tanh activation function,
while Scheme E assessed the impact of using Stochastic Gradient Descent (SGD) instead of Adam. Schemes F and G explored the
influence of higher and moderate regularization strengths to mitigate overfitting arising from correlated input features. Although
the observed performance differences among schemes were numerically moderate, Scheme E consistently outperformed other con-
figurations across all cross-validation folds, indicating more stable generalization. The superior performance of SGD suggests that
controlled, incremental gradient updates help avoid suboptimal local minima in this dataset, particularly under normalized, correlated
feature conditions. This result highlights that selecting an optimization strategy can have a greater impact on model performance
than architectural depth alone. Overall, this configuration strategy enables the proposed framework to operate in a hyperparameter-
adaptive manner, where architectural and optimization decisions are guided by empirical performance rather than predefined assump-
tions. By explicitly incorporating insights from EDA and validating configurations via cross-validation, the MLP model achieves
robust, reliable revenue prediction.

3.5. Model Evaluation

The model evaluation stage assesses the predictive performance and generalization stability of the proposed Multilayer Percep-
tron (MLP) configurations. Each scheme (A—G) was evaluated using five classification metrics: accuracy, precision, recall, F1-score,
and Area Under the Curve (AUC). These metrics were selected to provide a comprehensive assessment of model performance, par-
ticularly under potential class imbalance conditions commonly observed in e-commerce conversion data. The evaluation results are
summarized in Table 3. Figure 2 shows a simple MLP architecture with an input layer, four hidden layers, and an output layer.
Each neuron in the hidden layers processes inputs from the previous layer using weights, biases, and nonlinear activation functions.
The final output is produced by two neurons in the output layer. This structure enables the MLP to capture complex patterns in the
data. Although the baseline configuration (Scheme A) achieves competitive results and even yields the highest AUC value, its overall
classification balance, as reflected in precision and F1-score, is slightly inferior to that of Scheme E. This indicates that while simpler
architectures may perform adequately, the optimization strategy and regularization are more decisive in achieving stable, balanced
predictions. Furthermore, Schemes B and C, which increase architectural depth, show a gradual decline in performance, confirming
that additional layers do not necessarily improve predictive accuracy and may introduce overfitting in the presence of correlated
features identified during EDA. The observed performance differences among schemes are numerically moderate (approximately
0.6-1%). However, Scheme E demonstrates consistent superiority across cross-validation folds, indicating stable generalization
rather than isolated performance gains. The superior performance of SGD compared to Adam suggests that controlled gradient up-
dates help avoid suboptimal local minima in this dataset, particularly under normalized and correlated feature conditions. This finding
highlights that solver selection can have a greater impact on model performance than increasing architectural complexity.
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Table 3. Model Evaluation Metrics

Scheme Accuracy Precision Recall F1-Score AUC
A 0.883212  0.876529  0.883212  0.878754  0.91079
B 0.876318  0.867982  0.876318  0.870596  0.883128
C 0.86618 0.867233 0.86618  0.866694  0.886349
D 0.857664  0.858641  0.857664  0.858144  0.872312
E 0.889294  0.884048  0.889294  0.885927  0.909978
F 0.864558  0.866165  0.864558  0.865334  0.884775
G 0.859692  0.859966  0.859692  0.859828  0.883058

Figure 7 visualizes the comparative performance of all seven MLP schemes across the five evaluation metrics. Scheme E
consistently outperforms other configurations, particularly in accuracy and Fl-score, indicating its effectiveness in balancing false
positives and false negatives. From a practical e-commerce perspective, this balance is crucial, as misclassification directly affects
marketing cost efficiency and conversion targeting strategies. Moreover, the relatively high AUC achieved by Scheme E demonstrates
robust discriminative capability across different decision thresholds, which is essential for real-world deployment where operating
conditions may vary.

Overall, these results confirm the hyperparameter-adaptive nature of the proposed framework. By systematically evaluat-
ing multiple configurations and selecting hyperparameters based on empirical performance rather than predefined assumptions, the
framework achieves robust and reliable revenue prediction. The integration of EDA-driven insights, cross-validation evaluation,
and multi-metric assessment ensures that the selected model configuration is both statistically stable and practically meaningful for
e-commerce applications.
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Figure 7 visualizes the comparative performance of all seven MLP schemes across the five evaluation metrics. Scheme E
consistently outperforms other configurations, particularly in accuracy and Fl1-score, indicating its effectiveness in balancing false
positives and false negatives. From a practical e-commerce perspective, this balance is crucial, as misclassification directly affects
marketing cost efficiency and conversion targeting strategies. Moreover, the relatively high AUC achieved by Scheme E demonstrates
robust discriminative capability across different decision thresholds, which is essential for real-world deployment where operating
conditions may vary.

Overall, these results confirm the hyperparameter-adaptive nature of the proposed framework. By systematically evaluat-
ing multiple configurations and selecting hyperparameters based on empirical performance rather than predefined assumptions, the
framework achieves robust and reliable revenue prediction. The integration of EDA-driven insights, cross-validation evaluation,
and multi-metric assessment ensures that the selected model configuration is both statistically stable and practically meaningful for
e-commerce applications.
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4. CONCLUSION

This study successfully applied the Multi-Layer Perceptron (MLP) model to predict e-commerce revenue from user behavior,
demonstrating that hyperparameter optimization significantly improves predictive performance. Through systematic experiments on
network architectures, activation functions, solvers, and different levels of regularization, the study revealed that deeper architectures,
combined with appropriate regularization and solvers, achieved the best performance across evaluation metrics such as accuracy,
precision, recall, F1-score, and AUC. The best model configuration used ReLU activation, the Adam optimizer, and moderate regu-
larization, effectively balancing generalization and accuracy.

These findings emphasize the importance of carefully tuning neural network parameters to capture user behavior patterns that
influence purchase decisions. By leveraging behavioral features such as page interactions, session duration, and bounce rate, the
MLP proved a powerful tool for predicting revenue on e-commerce platforms. This insight is highly relevant for developing digital
marketing strategies, customer segmentation, and personalized recommendations.

Future studies are recommended to explore additional feature engineering techniques, integrate temporal or sequential patterns
through recurrent architectures, and apply explainable AI approaches to better understand model decisions transparently. Moreover,
validating the model across different e-commerce domains and user demographics will enhance its reliability and broader applicabil-
ity.

Furthermore, the experimental results confirm that the proposed MLP framework operates in a hyperparameter-adaptive man-
ner. Instead of relying on a fixed network configuration, the framework adaptively determines the most effective hyperparameter
setting through iterative performance comparison. This adaptive selection process enhances model robustness and ensures that the
chosen configuration is well-aligned with the underlying patterns of e-commerce user behavior influencing revenue generation.
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