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Abstract 

Customer purchase prediction remains a critical challenge in e-commerce and retail analytics, with significant 

implications for marketing strategies and business revenue. This research provides a detailed comparative evaluation 

of advanced gradient boosting techniques XGBoost, LightGBM, and CatBoost to predict customer purchasing 

behavior using review trends and demographic factors. The study employed a dataset of 100 customer records with 

attributes such as age, gender, review quality, and education level. Through systematic feature engineering, including 

age group categorization and categorical feature combinations, as well as addressing class imbalance using the 

Synthetic Minority Oversampling Technique (SMOTE), all three models were trained and evaluated using default 

hyperparameters with optimal settings. The experimental results show that CatBoost achieved the best performance, 

with 78.26% accuracy, 0.8011 precision, 0.7826 recall, and a 0.7775 F1-score, outperforming LightGBM (73.91% 

accuracy) and XGBoost (60.87% accuracy). The evaluation includes confusion matrix analysis, precision–recall 

metrics, and visual comparisons across all performance dimensions. These findings provide valuable insights for 

practitioners selecting appropriate machine learning algorithms for customer purchase prediction tasks, particularly 

in scenarios involving limited datasets and categorical features. This research contributes to the growing body of 

literature on the use of gradient boosting techniques for predicting consumer behavior and offers important practical 

implications for e-commerce applications. These findings offer important contributions to machine learning 

applications in customer behavior prediction. 
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1. INTRODUCTION 

Predicting customer purchase behavior has emerged as a fundamental problem in contemporary 

e-commerce and retail analytics [1], [2]. With the exponential growth of online shopping platforms and 

the increasing availability of customer data, businesses seek sophisticated machine learning approaches 

to anticipate purchasing decisions, optimize marketing campaigns, and enhance customer experience 

[3], [4]. Customer reviews, demographic characteristics, and behavioral patterns serve as critical 

indicators that can inform predictive models and drive strategic decision-making [5]. 

Research in customer purchase prediction has evolved significantly, integrating a range of 

machine learning methods to analyze consumer behavior. Initial research emphasized conventional 

statistical approaches, but recent developments in machine learning have shown enhanced predictive 

performance [6], [7]. Customer reviews have been identified as particularly valuable features, as they 

reflect customer satisfaction, product quality perceptions, and purchase intent [8]. Demographic factors, 

including age, gender, and education level, have also shown strong predictive power in understanding 

purchasing patterns [9]. 
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Gradient boosting algorithms have demonstrated exceptional performance across various 

classification and regression tasks, proving to be cutting-edge techniques in machine learning challenges 

and real-world applications [10], [11]. XGBoost, LightGBM, and CatBoost are some of the leading 

gradient boosting frameworks, each offering unique advantages in handling categorical features, 

computational efficiency, and predictive accuracy [12], [13], [14]. XGBoost has become widely popular 

because of its regularization capabilities, parallel processing efficiency, and superior performance on 

structured data [15]. LightGBM offers advantages in training speed and memory efficiency by 

employing its leaf-wise tree expansion method and gradient-based one-side sampling (GOSS) technique 

[16]. CatBoost specializes in handling categorical features through ordered boosting and advanced 

categorical encoding techniques, often outperforming other algorithms on datasets with many 

categorical variables [17]. 

Imbalanced datasets pose significant challenges in classification tasks, particularly in customer 

behavior prediction where purchase events may be less frequent than non-purchase events [18], [19]. 

SMOTE (Synthetic Minority Oversampling Technique) has seen broad acceptance as an effective 

approach for tackling class imbalance by creating synthetic samples for underrepresented classes [20], 

[21]. However, previous studies rarely compare these three boosting algorithms under conditions of 

limited datasets and rich categorical features in the context of customer purchase prediction [22], [23], 

[24]. Therefore, this study aims to perform an in-depth comparison of XGBoost, LightGBM, and 

CatBoost in predicting customer purchasing choices. This research addresses an important gap in 

comprehending the comparative performance of these algorithms when applied to customer behavior 

prediction with limited datasets and categorical features. A comprehensive experimental framework is 

employed that includes feature engineering, class balancing techniques, and thorough performance 

evaluation across multiple metrics [25], [26]. 

2. METHOD 

This section describes the detailed methodology used in the comparative evaluation of gradient 

boosting algorithms for predicting customer purchases. This workflow, visually detailed in Figure 1, 

encompasses several key stages. It begins with Data Preparation, involving dataset loading and initial 

statistical analysis. This is followed by a multi-step Data Preprocessing phase, which includes feature 

engineering (Age Group Categorization, Feature Combination Creation), Label Encoding, feature 

standardization via StandardScaler, and class balancing using SMOTE, before the data is split. The 

Modeling stage then ensures a fair comparison by training three distinct models (XGBoost, CatBoost, 

and LightGBM) on the identical training data. Subsequently, the Model Evaluation stage assesses each 

model on the same test set, involving the calculation of performance metrics and the generation of 

confusion matrices. The process concludes with the results stage, where a final comparison and 

visualizations are used to determine the best-performing model. 

 

 
Figure 1. Proposed Research Diagram 
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2.1. Dataset Analysis 

This study utilized a dataset titled "Customer Review Patterns and Buying Decisions" from the 

Kaggle platform, created and published by Ayesha Imran and last updated on October 26, 2024 (URL: 

https://www.kaggle.com/datasets/ayeshaimran123/customer-review-patterns-and-buying-decisions). 

This dataset was designed to analyze the relationship between customer opinions and purchasing 

choices, providing insights into consumer behavior through the examination of reviews, demographic 

data, and purchase decisions, with the primary objective of identifying correlations between consumer 

demographics and purchasing behavior. 

The dataset contains 100 entries detailing customer information, specifically including their Age 

(continuous variable, 18-59 years), Gender (Male/Female), Review (Poor/Average/Good), Education 

(School/UG/PG), and Purchased (Yes/No target variable). The original dataset exhibited class 

imbalance with 56 samples (56%) labeled as "No Purchase" and 44 samples (44%) labeled as 

"Purchase," with no missing values detected (100% data completeness). Table 1 presents an overview 

of the dataset features, including the distribution of categorical variables and descriptive statistics for 

the age variable. 

 

Table 1. Customer Review Patterns Dataset Characteristics 

Characteristic Category Count Percentage 

Target Variable No Purchase 56 56.0% 

 Purchase 44 44.0% 

Gender Male 57 57.0% 

 Female 43 43.0% 

Review Quality Average 36 36.0% 

 Good 33 33.0% 

 Poor 31 31.0% 

Education Level PG 36 36.0% 

 UG 35 35.0% 

 School 29 29.0% 

Age Statistics Mean 37.9 - 

 Median 38.0 - 

 Range 18-59 - 

Total Records - 100 100% 

2.2. Data Preprocessing and Feature Engineering 

Comprehensive systematic data preprocessing and feature engineering used to improve the 

model’s accuracy and stability [27], [28]. This included cleaning the data, creating useful new features, 

and selecting the most important variables. These steps helped the model understand patterns in the data 

more effectively. 

2.2.1. Age Group Categorization 

The continuous age variable was converted into four distinct categories to analyze its non-linear 

impact on purchasing behavior. This reclassification into Young (18-25 years), Adult (26-35 years), 

Middle (36-50 years), and Senior (51-60 years) helps models detect purchasing patterns that vary by age 

group rather than following a straight-line progression [29], [30]. 

2.2.2. Categorical Feature Combinations 

Interaction features were created to capture potential relationships between demographic and 

review characteristics. The Gender_Review feature combines gender and review quality, producing 

values such as Male_Poor and Female_Good, while the Review_Edu feature combines review quality 
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and education level, generating values such as Good_PG and Poor_School. These interaction features 

enable the models capture intricate connections between demographic factors and review patterns that 

may influence purchase decisions. 

2.2.3. Encoding and Scaling 

All categorical variables were converted through label encoding, while all numerical variables 

were standardized with StandardScaler to ensure a uniform scale across the entire feature set [31], [32]. 

2.2.4. Class Balancing 

In order to tackle the imbalance in class distribution within the initial dataset, SMOTE was applied 

with a random state of 42 for reproducibility. SMOTE creates new artificial data points for the 

underrepresented class by calculating the average of the values from the existing records of that class 

[33]. SMOTE, for each sample 𝑥𝑖 in the minority class, randomly chooses one of its k closest neighbors 

𝑥𝑛𝑛 from the same class and creates a new synthetic sample 𝑥𝑛𝑒𝑤 through linear interpolation, as shown 

in Equation (1).  

𝑥new = 𝑥𝑖 + δ ⋅ (𝑥𝑛𝑛 − 𝑥𝑖) (1) 

This interpolation creates synthetic samples along the line segments combining each instance 

from the minority class with its chosen nearest neighbor, thereby enlarging the minority class area in the 

feature space. The parameter δ signifies a random value that is uniformly distributed within the range 

[0,1]. This augmentation increased the dataset from 100 samples (44 minority, 56 majority) to 112 

samples, achieving perfect class balance with 56 samples per class. Consequently, the final processed 

dataset comprised 112 instances with a standardized feature set, eliminating bias toward the majority 

class and ensuring that the subsequent gradient boosting models were trained on a statistically 

representative feature space. 

2.3. Model Configuration 

Gradient boosting algorithms construct a combined model by progressively incorporating weak 

learners to reduce a loss function [34]. The general gradient boosting prediction [35] at iteration 𝑚 can 

be expressed by Equation (2). The term 𝑦𝑖
(𝑚−1)̂

 is the prediction made by the ensemble in the preceding 

step, η is the step size (or learning rate), and 𝑓𝑚(𝑥𝑖) is the component added in this iteration, which is 

generally a decision tree (the weak learner). 

𝑦𝑖
(𝑚)̂

= 𝑦𝑖
(𝑚−1)̂

+ η ⋅ 𝑓𝑚(𝑥𝑖) (2) 

Three gradient boosting algorithms were evaluated using optimized default hyperparameters to 

ensure fair comparison. For binary classification tasks [36], all three algorithms optimize the log loss 

(binary cross-entropy) objective function, defined by Equation (3). Here, 𝑦𝑖 ∈ {0,1} is the true binary 

label, 𝑦𝑖̂ is the predicted logit, and σ(𝑦𝑖̂) =
1

1+𝑒−𝑦𝑖̂
 is the sigmoid function that maps logits to 

probabilities. 

𝐿log(𝑦, 𝑦̂) = −
1

𝑛
∑ [𝑦𝑖 log(σ(𝑦𝑖̂)) + (1 − 𝑦𝑖) log(1 − σ(𝑦𝑖̂))]𝑛

𝑖=1  (3) 

The configuration for XGBoost specified 100 trees, restricted the complexity by setting the 

maximum depth to 6, and specified the impact of each tree using a learning rate of 0.1, log loss as the 

evaluation metric, and a random state of 42. XGBoost optimizes the following regularized objective 

function [37], given by Equation (4). 
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ℒ(𝓂) = ∑ 𝑙 (𝑦𝑖 , 𝑦𝑖
(𝑚−1)̂

+ 𝑓𝑚(𝑥𝑖))𝑛
𝑖=1 + Ω(𝑓𝑚) (4) 

where 𝑙(𝑦𝑖 , 𝑦𝑖̂) denotes the loss function (log loss for binary classification), and Ω(𝑓𝑚) is the term 

for regularization defined by Equation (5). 

Ω(𝑓𝑚) = γ𝑇 +
1

2
λ ∑ 𝑤𝑗

2𝑇
𝑗=1  (5) 

The variables 𝑇 and 𝑤𝑗 specify the structure of the tree, representing the number of leaves and 

their corresponding output weights. The parameters γ and λ are used for regularization: γ sets the 

pruning threshold (minimum loss improvement for a split), and λ applies L2 penalty to the leaf weights. 

By applying the second-order Taylor expansion, the objective is approximated as shown in Equation 

(6). 

Here, 𝑔𝑖 = ∂
𝑦(𝑚−1)̂ 𝑙 (𝑦𝑖 , 𝑦(𝑚−1)̂ ) is the value of the gradient (the rate of change of the error), and 

ℎ𝑖 = ∂
𝑦(𝑚−1)̂
2 𝑙 (𝑦𝑖 , 𝑦(𝑚−1)̂ ) is the second-order gradient (Hessian). The XGBoost objective function 

includes both the log loss and L2 regularization as shown in equations (2) and (3), with default 

regularization parameters λ =  1 and γ =  0 for this configuration. 

ℒ(𝓂) ≈ ∑ [𝑔𝑖𝑓𝑚(𝑥𝑖) +
1

2
ℎ𝑖𝑓𝑚

2(𝑥𝑖)]𝑛
𝑖=1 + Ω(𝑓𝑚) (6) 

The LightGBM model was set up with 100 boosting rounds (estimators), a learning rate of 0.1, 

and a maximum tree depth of 6. A constant random seed (42) was used to guarantee the results are 

reproducible. This algorithm is distinguished through its leaf-wise tree expansion approach and the 

implementation of Gradient-based One-Side Sampling (GOSS). The GOSS method enhances efficiency 

by keeping all data examples that contribute significantly to the error (those with large gradients), while 

randomly selecting only a fraction of the data examples that have minimal errors (small gradients) for 

the training process. The sampling probability for a data instance 𝑥𝑖 with gradient 𝑔𝑖 is defined by 

Equation (7). Here, 𝑔top is the threshold for top gradient instances, 𝑔median is the median gradient, and 𝑎 

is the sampling ratio. The objective function optimization follows a similar structure to XGBoost but 

with computational optimizations for large datasets. 

𝑃(𝑔𝑖) {
1              𝑖𝑓 |𝑔𝑖|  ≥  𝑔𝑡𝑜𝑝

𝑎∙|𝑔𝑖| 

𝑔𝑚𝑒𝑑𝑖𝑎𝑛
 𝑖𝑓 |𝑔𝑖|  <  𝑔𝑡𝑜𝑝

 (7) 

The CatBoost model was configured with 100 boosting iterations, a maximum tree depth of 6, 

and a learning rate of 0.1, and a fixed random seed of 42 for replicability. This algorithm specifically 

employs ordered boosting (a technique designed to counter overfitting by applying a random reordering 

σ to the training data). When processing a categorical feature value 𝑥𝑘
𝑐𝑎𝑡, the target statistic (TS) is 

calculated using Equation (8). The 𝑃 is a prior value (typically the average target value), 𝑎 >  0 is a 

regularization parameter, and [𝑥σ𝑗,𝑘 = 𝑥σ𝑝,𝑘] is an indicator function. This ordered target statistic 

approach helps prevent target leakage and overfitting, making CatBoost particularly effective for 

datasets with categorical features [38]. CatBoost automatically handles categorical features using 

ordered target statistics as defined in Equation (8), eliminating the need for manual categorical encoding 

and preprocessing steps required by XGBoost and LightGBM. 
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𝑥𝑘
𝑐𝑎𝑡̂ =

∑ [𝑥σ𝑗,𝑘=𝑥σ𝑝,𝑘]𝑌σ𝑗

𝑝−1
𝑗=1 +𝑎⋅𝑃

∑ [𝑥σ𝑗,𝑘=𝑥σ𝑝,𝑘]
𝑝−1
𝑗=1 +𝑎

 (8) 

These consistent hyperparameter settings across all three algorithms ensure a fair comparison of 

their inherent capabilities rather than optimization differences. The learning rate (η), set at 0.1, 

determines the impact or weight that each newly added tree has on the overall model prediction, while 

the tree depth of 6 limits model complexity to prevent overfitting. Table 2 presents a comprehensive 

summary of all hyperparameter configurations for each algorithm, facilitating transparency and 

reproducibility of the experimental setup. 

 

Table 2. Model Hyperparameter Configuration 

Hyperparameter XGBoost LightGBM CatBoost 

Number of Iterations 100 100 100 

Maximum Depth 6 6 6 

Learning Rate 0.1 0.1 0.1 

Random State 42 42 42 

Evaluation Metric Log Loss Default Default 

Categorical Feature Handling Label Encoding Label Encoding Automatic 

Regularization Built-in Built-in Built-in 

2.4. Experimental Setup 

The expanded dataset was split into two sections: 80% allocated for training the model and 20% 

set aside for assessing its performance. This division used stratified sampling to ensure that the 

proportion of each class remained the same in both the training and testing sets. The splitting process 

resulted in a training group of 89 data points and a testing group containing 23 data points. To ensure a 

direct and fair comparison of the models, all the models being compared were trained solely on the 89-

sample training set and subsequently assessed using the exact same 23-sample test set. 

2.5. Evaluation Metrics 

The models’ performance was compared using a conventional set of metrics for binary 

classification [39]. Accuracy provided a top-level view of overall correctness, calculated using the 

formula in Equation (9). 

Accuracy =
TP+TN

TP+TN+FP+FN
 (9) 

The models also utilized weighted scores for Precision, calculated using Equation (10), which 

evaluated the proportion of true positives (TP) to all positive predictions (TP + FP), reflecting the 

accuracy of a positive outcome. 

Precision =
TP

TP+FP
 (10) 

Meanwhile, Recall was calculated using Equation (11), which assessed the proportion of true 

positives (TP) to all actual positives (TP + FN), demonstrating the model's capacity to detect positive 

cases. 

Recall =
TP

TP+FN
 (11) 

The F1-Score was incorporated to provide a balanced evaluation, representing the harmonic mean 

of Precision and Recall, as depicted in Equation (12). 
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F1-Score = 2 ⋅
Precision⋅Recall

Precision+Recall
 (12) 

For a more detailed insight, confusion matrices were also generated to detail the exact numbers 

of true positives (TP), true negatives (TN), false positives (FP), and false negatives (FN) for every 

model. The detailed analysis of these matrices is presented in Section 3.2, Figure 3. 

3. RESULT 

The results of the comparative analysis of XGBoost, LightGBM, and CatBoost for predicting 

customer purchases are outlined here. These results are presented with a comprehensive set of 

performance metrics, including accuracy, precision, recall, and the F1-score. 

3.1. Model Performance Comparison 

Performance metrics for all three gradient boosting algorithms shown in Table 3. This superiority 

is primarily attributed to its handling of the specific categorical features identified in Table 1 (Review 

Quality and Education Level). Unlike standard encoding used in XGBoost which may introduce sparsity 

in small datasets, CatBoost’s ordered target encoding effectively utilized these categorical signals 

without target leakage. CatBoost demonstrates substantial and consistent improvements over the other 

two algorithms. Compared directly to XGBoost, CatBoost achieves a significant 17.39 percentage point 

improvement in accuracy (78.26% vs. 60.87%). This stark difference highlights the importance of the 

advanced techniques (such as ordered boosting and categorical feature handling) employed by CatBoost 

over the more standard boosting implementation of XGBoost for this specific dataset. 

 

Table 3. Comparison of Model Performance Metrics 

Model Accuracy Precision Recall F1-Score 

XGBoost 60.87% 0.6120 0.6087 0.5995 

LightGBM 73.91% 0.7686 0.7391 0.7288 

CatBoost 78.26% 0.8011 0.7826 0.7775 

 

Relative to the better-performing LightGBM model, CatBoost still shows a distinct advantage, 

achieving a 4.35 percentage point higher accuracy (78.26% vs. 73.91%). Furthermore, CatBoost 

maintains superiority across the harmonic metrics. CatBoost leads in Precision (0.8011 vs. LightGBM's 

0.7686), suggesting a stronger capacity to accurately detect positive instances within all positive 

predictions. It also leads in Recall (0.7826 vs. LightGBM's 0.7391), indicating improved detection of 

all true positive instances. The resulting F1-Score for CatBoost (0.7775) is significantly better than 

LightGBM's (0.7288). 

This comprehensive superiority, especially the notable increase in the F1-Score, suggests that 

CatBoost provides the most robust and balanced prediction performance. The experimental results 

validate that for small-scale datasets with high-impact categorical variables (𝑁 = 112), CatBoost's 

architecture outperforms the pre-sorted algorithm of XGBoost and the GOSS technique of LightGBM. 

The consistent ranking of CatBoost > LightGBM > XGBoost confirms that preserving the relational 

structure of demographic features (Age, Gender) and opinion patterns (Review) is more critical than 

pure computational speed for this specific buying decision problem. The LightGBM model, while 

outperforming XGBoost, probably due to its use of Gradient-based One-Side Sampling (GOSS) and 

Exclusive Feature Bundling (EFB) methods, which result in quicker training and improved 

generalization compared to standard XGBoost, although not as effectively as CatBoost's robust 

categorical handling on this specific problem. 
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Figure 2. Model performance comparison across all metrics 

 

The comprehensive comparison shown in Figure 2 reveals distinct performance hierarchies across 

all evaluation metrics. The accuracy comparison demonstrates that CatBoost achieves 78.26% accuracy, 

followed by LightGBM at 73.91%, and XGBoost at 60.87%. This substantial performance gap between 

the algorithms suggests that architectural differences and handling of heterogeneous features are 

essential in determining the overall prediction accuracy for this dataset. The high accuracy of CatBoost 

indicates a strong ability to correctly classify both majority and minority classes post-SMOTE, 

demonstrating superior overall generalization. 

Regarding precision, CatBoost achieves the highest value (0.8011), suggesting that when the 

model predicts a user will purchase (positive class), it is correct approximately 80.11% of the time. This 

high precision is critical in applications where minimizing false positives is important, such as 

optimizing marketing spend by avoiding the targeting of users who are unlikely to convert. The second-

highest precision score belongs to LightGBM (0.7686), followed by XGBoost (0.6120). 

CatBoost also leads in recall (0.7826), meaning it correctly identifies 78.26% of all actual 

purchase instances. High recall is vital in applications where minimizing false negatives is paramount, 

ensuring that a significant portion of potential positive cases are not missed. The LightGBM model's 

recall of 0.7391 is also strong but trails CatBoost, while XGBoost shows the weakest recall at 0.6087. 

The simultaneous strength in both precision and recall for CatBoost is a direct indicator of its effective 

classification boundary learning. 

The F1-score comparison, which reflects the harmonic average of precision and recall, solidifies 

the performance hierarchy, with CatBoost obtaining an F1-score of 0.7775, substantially surpassing 

LightGBM (0.7288) and XGBoost (0.5995). As the F1-score balances precision and recall, it offers the 

most reliable single metric for evaluating a model's performance in a binary classification task, 

especially where class balance, achieved through SMOTE, has been introduced. The results confirm 

CatBoost's superior robustness and balance across different performance dimensions, making it the most 

dependable model for the prediction task. This outcome strongly supports the hypothesis that algorithms 

designed with built-in mechanisms for managing real-world data complexities, like CatBoost's ordered 

target encoding, yield a distinct performance advantage over more conventional boosting frameworks. 

3.2. Confusion Matrix Analysis 

The confusion matrices in Figure 3 demonstrate the models’ capacity to differentiate between 

purchase and non-purchase classes, offering insights into the particular classification errors made by 

each algorithm. The confusion matrices offer an in-depth analysis of each model's classification 

performance, outlining the distribution of correct and incorrect predictions for both purchase (positive) 
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and non-purchase (negative) classes. This visualization is essential for understanding the particular types 

of classification errors (False Positives and False Negatives) made by each gradient boosting algorithm. 
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Figure 3. Confusion Matrix (a) XGBoost; (b) LightGBM; (c) CatBoost 

 

Figure 3(a) illustrates the XGBoost Confusion Matrix. Despite the balanced dataset after SMOTE, 

XGBoost shows relatively modest performance, achieving an overall accuracy of 60.87%. The matrix 

indicates that XGBoost struggles to distinguish between the two classes effectively, resulting in a higher 

proportion of misclassifications, especially a higher number of False Negatives and False Positives in 

comparison to the other models. This confirms its position as the least effective model in this 

comparative analysis, aligning with the low scores observed in Table 3. 

Figure 3(b) displays the LightGBM Confusion Matrix. This matrix immediately shows a 

significant improvement over XGBoost, corresponding to its higher accuracy of 73.91%. The true 

positive and true negative counts are substantially larger, indicating better separation of the purchase 

and non-purchase classes. Specifically, the model exhibits a lower number of both False Positives and 

False Negatives compared to XGBoost, validating the efficiency of its unique techniques, such as GOSS, 

in focusing training on more informative data instances. 

Finally, Figure 3(c) demonstrates the CatBoost Confusion Matrix. This matrix visually confirms 

CatBoost's superior classification performance, with the highest accuracy of 78.26%. Critically, the 

minimal False Negative rate implies that the model successfully captures the subtle signals of potential 

buyers, likely derived from the interaction features (such as Review_Edu) engineered in Section 2.2.2. 

This makes it the most robust model for the prediction task, as minimizing missed opportunities (False 

Negatives) is paramount in analyzing buying decisions. The high concentration of values along the main 

diagonal, representing correct predictions, reinforces the findings from Table 3 and Figure 2: CatBoost's 

ability to minimize classification error across both classes makes it the most robust and accurate model 

for this dataset. The low rate of False Negatives is particularly valuable, indicating that fewer potential 

purchase cases are missed, which is a desirable outcome for business applications. 

4. DISCUSSIONS 

This section offers an in-depth interpretation and examination of the experimental outcomes, 

examining the implications of the observed performance patterns and their significance for both 

conceptual insight and real-world applications. 

4.1. Performance Analysis 

The experimental findings provide key insights into the comparative performance of gradient 

boosting algorithms in customer purchase prediction. CatBoost’s superior performance can be attributed 

to several factors. First, CatBoost's specialized handling of categorical features through ordered boosting 

and sophisticated encoding techniques provides significant advantages when dealing with demographic 
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and review quality variables [38]. Specifically, for nominal variables like 'Review' 

(Poor/Average/Good) and 'Education', CatBoost's permutation-based approach prevented the target 

leakage often seen in standard label encoding (used in XGBoost), ensuring that the model learned 

genuine buying patterns rather than noise. Second, the dataset's composition (featuring multiple 

categorical variables including gender, review quality, education level, and age groups) aligns with 

CatBoost's strengths. The algorithm's ability to automatically handle categorical features without 

extensive preprocessing contributes to its superior predictive performance. Third, CatBoost's 

regularization mechanisms and built-in overfitting prevention strategies appear particularly effective 

with limited datasets. Given the small sample size (𝑁 = 112 after SMOTE), standard boosting methods 

like XGBoost tend to overfit; however, CatBoost's ordered boosting successfully mitigated this, proving 

that complex architectures can yield high generalization even on small-scale data. 

4.2. Comparative Insights 

The performance hierarchy (CatBoost > LightGBM > XGBoost) observed in the experiments 

aligns with findings from other studies evaluating these algorithms on categorical data [40]. Recent 

comparative studies in related domains, such as customer churn and fraud detection, have also 

highlighted the strong performance of CatBoost [41], [42], often showing it as the best-performing 

model, particularly when categorical features are dominant. However, the substantial 17.39 percentage 

point gap between CatBoost and XGBoost suggests that algorithm selection becomes particularly 

critical when working with datasets rich in categorical features and limited sample sizes. 

LightGBM's intermediate performance (73.91% accuracy) indicates that while it offers 

computational advantages and reasonable predictive accuracy, CatBoost provides superior performance 

when categorical features dominate the feature space. Although LightGBM's Gradient-based One-Side 

Sampling (GOSS) is effective for handling large datasets, in this specific small-dataset context, 

CatBoost's strategy of utilizing all data permutations proved more effective in capturing subtle signals 

than LightGBM's sampling approach. This finding has practical implications for practitioners, 

suggesting that the computational overhead of CatBoost may be justified by superior predictive accuracy 

in customer behavior prediction scenarios. 

4.3. Feature Engineering Impact 

The feature engineering strategies, especially age group categorization and the creation of 

interaction features, significantly boosted model performance. Examples of these interaction features 

include Gender_Review and Review_Edu. The high Recall score achieved by CatBoost (0.7826) 

strongly suggests that these interaction features successfully exposed non-linear relationships (such as 

specific gender-review combinations leading to purchase) that individual features alone could not 

represent. This validates the preprocessing steps outlined in Section 2.2.2 as essential for maximizing 

predictive capability. The application of SMOTE was critical for addressing class imbalance, resulting 

in balanced precision and recall score. This method ensures the models' practical utility in accurately 

identifying minority class instances, such as purchase opportunities. 

4.4. Scientific Impact 

This research enhances the understanding of how gradient boosting algorithms behave under 

limited data and categorical-heavy environments. It specifically highlights that proprietary categorical 

handling is not just a convenience, but a critical performance factor that can yield a ~17% accuracy 

improvement over standard methods. The results provide empirical evidence, aligned with existing 

comparative studies, supporting the use of advanced target-encoding methods and tailored regularization 

techniques as critical components for achieving high predictive accuracy in sparse, real-world marketing 

and customer prediction scenarios. 
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4.5. Limitations and Future Work 

There are a few limitations to consider. Firstly, the dataset size (100 samples) is comparatively 

small, which could influence the broader applicability of the results. Future studies should validate these 

results on larger datasets to confirm the observed performance patterns. Second, default 

hyperparameters with optimized settings were employed rather than conducting extensive 

hyperparameter tuning. While this approach ensures fair comparison and practical applicability, future 

work could explore comprehensive hyperparameter optimization for each algorithm to potentially 

improve performance further. Third, the dataset's demographic and review features, while informative, 

may not capture the full complexity of customer purchase behavior. Integration of additional features 

such as browsing history, temporal patterns, and product characteristics could enhance predictive 

performance. 

Future research directions include exploring ensemble methods that combine these algorithms to 

potentially achieve even better predictive performance, investigating deep learning approaches for 

comparison to determine whether neural network-based methods can outperform gradient boosting in 

this domain, analyzing feature importance to identify the key predictors of purchase behavior and inform 

business strategies, and developing real-time prediction systems for e-commerce applications that can 

provide instant purchase likelihood estimates for online shoppers. 

5. CONCLUSION 

This research offers an in-depth comparative evaluation of three advanced gradient boosting 

algorithms for predicting customer purchase decisions based on review patterns and demographic 

information. The experimental analysis, carried out on a dataset consisting of 100 customer entries with 

systematic feature engineering and class balancing, reveals that CatBoost achieves superior performance 

with 78.26% accuracy, outperforming LightGBM (73.91%) and XGBoost (60.87%). 

The results demonstrate CatBoost's particular strengths in handling categorical features and 

limited datasets, making it an optimal choice for predicting customer purchases in e-commerce 

scenarios. The comprehensive evaluation across multiple performance indicators (accuracy, precision, 

recall, and F1-score) provides robust evidence for algorithm selection decisions. This study contributes 

to the progress of predictive analytics in Informatics by confirming efficient boosting algorithms for 

decision-making in e-commerce environments. 

This research expands the current understanding of applying machine learning to consumer 

behavior prediction and provides actionable insights for professionals in e-commerce and retail 

analytics. The systematic methodology, including feature engineering strategies and class balancing 

techniques, can be adapted to similar prediction tasks in related domains. 

Future research should extend these findings to larger datasets, explore hyperparameter 

optimization strategies, and explore the incorporation of additional data sources to improve predictive 

performance further. The demonstrated effectiveness of CatBoost in this domain suggests promising 

avenues for practical applications in customer relationship management, marketing optimization, and 

revenue forecasting. 
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