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ABSTRACT 

In e-commerce predictive modeling, imbalanced data remains a critical challenge, 

particularly when both class labels and demographic attributes are unequally distributed. 

This study investigates a combined approach of Synthetic Minority Oversampling Technique 

(SMOTE) and demographic resampling to improve the performance of models predicting 

online purchasing behavior in Malaysia. Using a dataset of 1,126 survey responses, six 

classifiers (J48, Random Tree, REPTree, JRip, PART, and OneR) were evaluated under three 

conditions: unbalanced, after SMOTE, and after SMOTE with demographic balancing. The 

results displayed clear improvements in model performance. For example, J48’s accuracy 

increased from 62.85% (unbalanced) to 98.69% (fully balanced), while Random Tree 

achieved 99.29%. These results highlight the effectiveness of integrating class and 

demographic balancing, an approach seldom explored in e-commerce analytics. This study 

contributes by demonstrating how addressing both types of imbalances yields more reliable 

predictive model, offering practical insights for consumer segmentation, targeting, and 

personalization. Future work could extend this approach by balancing additional attributes 

and applying it to ensemble or deep learning models for improved robustness and 

interpretability. 
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1. Introduction 

The world is now in a digital era, where technology, especially computers, supports many 

aspects of daily life. Organizations, groups, and individuals are constantly seeking the latest 

and most useful information. However, the methods used to collect and process information 

are not always efficient. To improve this, many researchers and practitioners have turned to 

machine learning (Ibrahim et al., 2024). Although machine learning has great potential, it 

relies heavily on the quality of the data. In many cases, especially with large datasets, 

problems such as class imbalance can occur. This happens when one group has much more 

data than the others, which can affect the model’s performance. Due to its frequent occurrence 

and impact on results, class imbalance is often seen as one of the main challenges in data 

mining, as it can reduce the accuracy and fairness of predictive models across various 

applications (Cheng et al., 2019). 

This imbalance can be a major issue in classification tasks such as predicting 

consumer behavior. For instance, if most consumers fall into one purchasing group, the model 

may become biased toward that group. According to (Carvalho et al., 2025), class imbalance 

is a common problem in machine learning, where one group contains more samples than the 

rest. This can lead the model to focus more on the majority group and overlook the smaller 

ones, especially when accuracy is the main metric. As a result, the model may not perform 

well for the minority group, reducing its fairness and general usefulness. A similar issue was 

observed by (Shafie et al., 2023) in their employee promotion prediction study, where they 

used a hybrid SMOTE-Tomek method to address the imbalance and improve model 

performance.  

In e-commerce, this can lead to inaccurate customer insights, poor targeting, and 

weak personalization, particularly for niche or underrepresented consumer groups. This 

challenge becomes even more relevant in the context of Malaysia’s fast-growing digital 

market, where consumer behavior is highly varied and influenced by diverse socio-

demographic factors. Understanding the multifaceted nature of online purchasing decisions 

shaped by elements such as attitude, motivation, perceived risk, belief, and demographics 

requires robust predictive models capable of handling these imbalances effectively. 

Past studies have shown the importance of solving class imbalance to improve 

prediction results. For example, (Fitriyani et al., 2022) found that class imbalance in e-

commerce fraud detection led to biased outcomes. By using SMOTE, their model could better 

detect rare fraud cases, which is like identifying less common customer behaviors. (Rakib 

Mollah et al., 2024) also addressed imbalance in product review sentiment analysis. They 

used class re-weighting and a language model (RoBERTa) to better recognize rare or subtle 

sentiments. This helped improve personalization for specific customer groups. These studies 

show that balancing data can help models make fairer and more accurate predictions. 

This study investigates the impact of combining the SMOTE algorithm with 

demographic resampling on the performance of machine learning models. Experiments were 

conducted using WEKA, a widely used data mining tool, and focused on three conditions: (1) 

using the original dataset without any balancing, (2) after applying class balancing with 

SMOTE, and (3) after applying both class and demographic balancing to address 

demographic imbalance, particularly in attributes such as gender and age. The primary 

objective is to enhance the fairness, predictive accuracy, and representativeness of 

classification models trained on Malaysian e-commerce datasets. By doing this, the study 

contributes to the development of more inclusive and reliable consumer behavior prediction 

systems capable of informing targeted marketing strategies and improving customer 

engagement. 

This research also fills a critical gap in the literature by exploring the integrated use 

of SMOTE and demographic resampling in the Malaysian e-commerce context an area that 

remains underexplored despite the growing availability of consumer data. Unlike prior studies 
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that often examine either class imbalance or demographic imbalance in isolation, this study 

combines both dimensions into a single comprehensive model that incorporates psychological 

and behavioral factors alongside socio-demographic attributes. By addressing both class and 

demographic imbalances simultaneously, this study offer an initial step towards extending 

research in Malaysian e-commerce analytics and suggest direction for developing fairer, more 

reliable predictive models. 

The rest of the paper is structured as follows: Section 2 reviews relevant literature on 

classification techniques and imbalanced data handling strategies in consumer behavior 

modeling. Section 3 details the methodology, including dataset characteristics, resampling 

procedures, and the supervised learning algorithms applied. Section 4 presents the 

experimental results and comparative analysis, highlighting the impact of different resampling 

strategies on model performance. Finally, Section 5 concludes the study by summarizing key 

findings and outlining implications for future research and practical applications in e-

commerce. 

 

2. Related Works 

In machine learning, particularly in classification problems, class imbalance is a frequent 

occurrence. This phenomenon occurs when one class has an overwhelmingly larger sized 

dataset than other classes, leading to a model bias towards the majority class. This situation 

has created the need to develop strategies to remove or minimize its effects. These strategies 

include reducing the majority class, increasing the minority class, or creating synthetic data. 

One of the best-known strategies is the Synthetic Minority Over-sampling Technique 

(SMOTE), which builds new synthetic samples for the minority class. This helps to balance 

the dataset, thus improving the model’s accuracy (Fitriyani et al., 2022). 

To enhance model performance and data balance, several researchers have explored 

alternative versions of SMOTE and other methods of resampling. Several studies have looked 

at how SMOTE and resampling approaches can mitigate not only class imbalance, but also 

demographic imbalances, including those of gender and age. Zheng (2020) introduced 

improved versions of SMOTE called DSMOTE and ESMOTE, which focus on harder-to-

classify regions of the data for improved accuracy. (Rachmatullah, 2022) demonstrated that 

the iterative application of SMOTE can mitigate multi-class problems with uneven class 

distribution. (Hairani et al., 2024) and others reviewed the focus on the enhancement of 

SMOTE to look beyond the inclusion of noisy data, sample clustering, the adjustment of 

distance measures, among others. Such adjustments with demographic variation proved to be 

very useful. (Husain et al., 2025) compared SMOTE with SMOTEENN, a version that also 

cleans noisy data, and found it produced more accurate and stable results.  

Another method, SMOTE-BFT have been introduced by (Grina et al., 2020), uses 

belief function theory to eliminate poor quality synthetic samples, reducing the impact of 

noisy or overlapping data. While these techniques were initially developed to address class 

imbalance, many researchers highlight their usefulness in handling demographic imbalances 

as well, particularly in domains like healthcare and consumer behavior analysis. This study 

validates that applying multilayer SMOTE upsampling combined with stratified sampling 

significantly improves prediction accuracy and class balance in a highly imbalanced 

multiclass dataset, using Fantasy Premier League player price changes as a case study 

(Khamsan & Maskat, 2019). 

In e-commerce, class imbalance issues typically arise because of infrequent users, 

which leads to a sparse cohort of users who are frequent buyers. This phenomenon is typical 

in session-based datasets, where a vast majority of user activity is not accompanied by any 

purchase, leading to a highly unbalanced distribution (Diwandari et al., 2024). Moreover, 

demographic imbalances, like the overrepresentation of a specific gender or age group, such 

as women between the age of 21 and 40, can add additional burdens to the equality and 
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efficiency of the predictive models. When not properly catered to, these imbalances can 

produce skewed results and compromise the accuracy of analytics generated from the analysis 

of consumer behavior. As class imbalance issues arise in e-commerce, practitioners often turn 

to SMOTE as a means of solution. However, the combination of SMOTE with random 

undersampling has shown great potential in the prediction of tourism behavior, (Zhang & 

Zeng, 2024). Nonetheless, in the context of Malaysia, e-commerce studies incorporating 

demographic SMOTE-based resampling techniques remain sparse, underscoring the need for 

further investigation. 

In support of this, a study by (Selvalakshmi et al., 2025) demonstrates the predictive 

performance of underrepresented classes with the usage of ensemble techniques like Random 

Forest and Gradient Boosting and different SMOTE techniques like Borderline-SMOTE, 

ADASYN, and SMOTEENN . Their results indicated that the use of SMOTEENN in a voting 

ensemble produced a recall of 99% for the minority class, illustrating that a combination of 

resampling and powerful classifiers can enhance the accuracy and fairness of predictions. 

Based on earlier work, this study investigates the impact of combining the SMOTE 

algorithm with demographic resampling on the performance of machine learning models. The 

work was carried out on WEKA, one of the most popular data mining software, and focused 

on three primary configurations: SMOTE only, the combination of SMOTE and 

downsampling, and SMOTE with upsampling. The focus was on evaluating the performance 

of the models with regard to their accuracy in predicting consumer behaviors. This study aims 

to improve the performance of consumer behavior models by addressing class imbalance and 

demographic imbalance. The findings of this study can enhance automated decision-making 

processes for e-commerce companies in the areas of customer segmentation, targeting, and 

personalization. 

Numerous studies have used machine learning algorithms to predict consumer 

behavior in e-commerce. For example, in tree-based algorithms J48, Random Tree, and 

REPTree are commonly used because they can handle various types of data. J48 is known for 

its simple and understandable decision rules. Random Tree performs well with large datasets, 

while REPTree is fast and automatically removes unnecessary branches to make the model 

simpler. Meanwhile for rule-based algorithms such as JRip, OneR, and PART are also 

popular because they generate straightforward rules that are easier to explain to non-technical 

users. However, a common issue across these algorithms is data imbalance, where one group 

has more samples than others. This imbalance can affect the model’s performance and reduce 

its ability to generalize. To address this, many researchers use techniques like SMOTE to 

balance the data before training the models. Some studies have shown that combining 

decision tree or rule-based models with resampling methods like SMOTE can improve 

prediction accuracy, especially for underrepresented groups (Abdul Wadud Sorker et al., 

2022). Based on this, the current study applies J48, Random Tree, REPTree, JRip, OneR, and 

PART along with SMOTE and demographic resampling to assess their impact on prediction 

accuracy using a Malaysian e-commerce dataset. 

 

3. Methodology 

This section consists of the methodology of this study, including dataset overview in Section 

3.1, addressing class imbalance with SMOTE in Section 3.2, addressing demographic 

imbalance in Section 3.3, and classifier and evaluation matrix in Section 3.4. 

3.1 Dataset Overview 

This study uses a dataset consisting of 1,126 instances, gathered through a survey focused on 

online purchasing behavior among Malaysian consumers (Aziz et al., 2024). The dataset 

includes a variety of attributes such as gender, age, employment status, psychological factors, 
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and behavioral aspects related to online shopping. The class attribute, labeled “Will the 

consumer purchase?”, is measured on a five-level ordinal scale reflecting purchase intention. 

The categories range from "definitely would not buy", "probably would not buy", "might 

buy", "probably would buy", to "definitely buy". This classification enables a more detailed 

analysis of consumer intent in online shopping contexts. 

3.2 Addressing Class Imbalance with SMOTE 

The initial dataset showed that the class attribute, which reflects consumer purchasing 

intention on a five-point scale, was imbalanced. Some categories, such as “definitely would 

not buy” or “definitely buy,” had fewer responses compared to others. This imbalance can 

affect how well a model learns to predict all classes fairly. 

To improve this, the Synthetic Minority Over-sampling Technique (SMOTE) was 

used in WEKA. SMOTE generates new synthetic samples for underrepresented classes based 

on existing data patterns. This helped balance the number of instances across all five 

purchasing categories, making the dataset more suitable for training classification models. 

The application of SMOTE resulted in a more even class distribution, reducing bias 

toward the majority class and improving the model’s ability to generalize across all consumer 

intention levels. As part of this study, model accuracy improved significantly after class 

balancing, with accuracy gains observed across all classifiers. 

3.3 Addressing Demographic Imbalance 

After applying SMOTE to handle class imbalance in the target variable, the dataset still 

showed uneven distribution in some demographic attributes. The most noticeable was gender, 

where female respondents were higher than males. Since this could affect prediction results, 

resampling was used by reducing female instances (downsampling) and increasing male 

instances (upsampling). After testing several settings, the final dataset contained 754 female 

and 366 male records, giving a total of 1,120 records. The total is slightly lower than the 

1,126 records because some majority groups were reduced while minority groups were 

increased. 

Other demographic attributes were also adjusted to reduce imbalance. For age, the 

18–25 group was dominant, while the 36–45 and 46–60 groups were fewer; therefore, their 

proportions were rebalanced. In terms of employment status, most respondents were 

employed compared to unemployed, so the number of unemployed instances was increased to 

improve representation. For ethnicity, Malay respondents formed the majority, while Chinese, 

Indian, and other groups were underrepresented. To address this, the Malay group was 

slightly reduced, and the minority groups were increased. These adjustments helped create a 

dataset that is fairer across gender, age, employment, and ethnicity, supporting the 

development of models that are less likely to be biased. 

3.4 Classifier and Evaluation Matrix 

To evaluate the performance of the dataset after applying SMOTE and demographic 

resampling, six classification algorithms available in WEKA were selected. These classifiers 

include J48, Random Tree, REPTree, JRip, PART, and OneR. The selection was made to 

cover a range of tree-based and rule-based algorithms commonly used in classification tasks. 

J48, a well-known implementation of the C4.5 decision tree, was chosen for its 

interpretability and widespread use. Random Tree and REPTree provide alternative decision 

tree approaches, with Random Tree introducing randomness in attribute selection and 

REPTree optimizing through reduced error pruning. Meanwhile, JRip and PART represent 

rule-based classifiers that construct if-then rules, offering simplicity and transparency in 

prediction logic. OneR, although basic, was included for comparison as it builds rules based 

on a single attribute and serves as a simple baseline. 

In this study, accuracy was used as the primary evaluation metric to measure the 

performance of each classifier under different data balancing conditions. Accuracy reflects the 
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proportion of correctly classified instances out of the total instances and provides a general 

overview of model effectiveness. While other metrics such as precision, recall, and F-measure 

are commonly used in imbalanced data scenarios, this study focuses specifically on accuracy 

to compare the impact of class and demographic balancing techniques across all classifiers. 

All experiments were conducted using 10-fold cross-validation, a widely adopted 

validation technique that divides the dataset into ten subsets. The model is trained on nine 

subsets and tested on the remaining one, and the process is repeated ten times to ensure that 

each instance is used for both training and testing. This approach helps reduce overfitting and 

provides a more reliable estimate of model accuracy. 

3.4.1 Decision Tree 

Algorithms that popular in machine learning is decision tree, because they are simple and 

easy to understand. Three decision tree algorithms from WEKA were used in this study: 

J48, Random Tree, and REPTree. J48 is based on the C4.5 algorithm and works by 

choosing the best way to split the data using information gain. It also includes a process 

called pruning to avoid overfitting, which helps make the model more accurate. Random 

Tree builds several trees using random parts of the data and does not use pruning, which 

makes it more flexible. REPTree builds the tree using information gain or variance and uses 

pruning to make the model simpler and faster. These algorithms are useful because they 

give good results while being easy to use and understand. 

3.4.2 Ruled Based 

This study also used three rule-based algorithms: PART, JRip, and OneR. These methods 

build simple rules to help classify the data. JRip is based on the RIPPER algorithm and 

works by creating and adjusting rules to make the model more general and better at 

handling noisy data. OneR creates one rule for each attribute and picks the one with the 

fewest errors. It is the simplest method and is easy to understand. PART builds part of a 

decision tree and then chooses the best rule from it. This helps create models that are both 

accurate and clear. Rule-based methods are useful when we want models that are easy to 

explain and understand. 

 

4. Results and Discussion 

This section presents the results of the classification experiments using six selected classifiers 

tested in three different conditions: (1) using the original dataset without any balancing, (2) 

after applying class balancing with SMOTE, and (3) after applying both class and 

demographic balancing. These conditions were used to compare how each balancing method 

affects model performance. In this study, accuracy was used as the main evaluation metric. 

Accuracy was selected because it is straightforward, easy to interpret, and commonly applied 

in classification research. Since the main aim was to compare overall performance across 

classifiers under different balancing conditions, accuracy was considered sufficient for this 

purpose. 

All experiments were conducted using 10-fold cross-validation to ensure reliability and 

reduce overfitting. The dataset itself was obtained through a structured survey on online 

purchasing behavior among Malaysian consumers. The survey instrument was developed with 

reference to existing literature, reviewed by subject experts, and pre-tested with a pilot group 

to confirm clarity and consistency. Responses were screened for completeness and accuracy 

before inclusion in the analysis. These steps help ensure that the dataset is valid and suitable 

for classification experiments. 

Table 1 shows the accuracy performance of six classifiers in three situations: without 

balancing, with only class label balancing, and with both class label and input feature 



 
Mustakim et al., Malaysian Journal of Computing, 11 (1): 2339-2347, 2026 

 

2345 

 

balancing. When no balancing was applied, all classifiers gave low accuracy results, between 

53% and 63%, showing that imbalance reduces predictive performance. When class labels 

were balanced using SMOTE, accuracy improved for most classifiers, with J48 and Random 

Tree showing the biggest gains. OneR, however, performed slightly worse, likely because it is 

a simple model that does not handle synthetic data well. 

The best results were obtained when both the class labels and demographic features 

such as gender and age were balanced. Most classifiers then achieved accuracy above 98%, 

with Random Tree reaching 99.29%, followed by PART and J48. This indicates that 

combining class and demographic balancing produces fairer and more reliable models. The 

lowest accuracy (75.70%) was still recorded by OneR, confirming that this algorithm is better 

used as a baseline. 

In summary, the results show that balancing both class labels and demographic features 

is important for improving model performance. Decision tree models like J48 and Random 

Tree are recommended because they performed consistently well under balanced conditions. 

Although OneR is easy to understand, its limitations suggest that it is less suitable for 

complex prediction tasks. These findings are useful for improving prediction in e-commerce, 

as they suggest that balanced models can help marketers build fairer consumer profiles and 

design marketing strategies that reach diverse customer groups more effectively. 

Table 1. Classifier Accuracy Comparison Across Balancing Scenarios 

Classifier Accuracy  

(Without Balanced) 

Accuracy 

(Class Label Balanced) 

Accuracy 

(Input and Class Features 

Balanced) 

J48 62.85% 86.41% 98.69% 
Random Tree 53.75% 89.16% 99.29% 
REPTree 62.67% 83.83% 98.30% 
JRip 62.14% 84.90% 98.80% 
OneR 62.32% 60.92% 75.70% 
PART 54.07% 87.47% 98.72% 

 

5. Conclusion and Recommendation 

This research addresses the problem of both class imbalance and demographic imbalance in 

predicting online shopping behavior.. To overcome these issues, SMOTE was applied for 

class label balancing, and resampling techniques were used to adjust demographic 

characteristics such as gender. The results verified that balancing both dimensions 

significantly improved classification performance, with J48 and Random Tree showing the 

strongest results. These findings underline the importance of addressing multiple types of 

imbalances to enhance the accuracy, fairness, and reliability of predictive models. 

Importantly, this study is among the first in Malaysia to demonstrate how combining class 

and demographic balancing can improve e-commerce prediction models, offering practical 

insights for fairer personalization and customer targeting. 

For future research, several directions are recommended. Other demographic attributes 

such as education, employment status, and residential area could be examined for balancing, 

as they may also influence purchasing behavior. Researchers may also explore combining 

multiple balancing techniques or using automated balancing tools. In terms of modeling, more 

advanced approaches such as ensemble methods (e.g., Random Forest, AdaBoost) and deep 

learning models (e.g., neural networks) can be investigated to further improve robustness. 

Additionally, future studies could examine the long-term effects of balancing approaches on 

real marketing outcomes, including personalization strategies and customer satisfaction. 

Finally, integrating explainability techniques will help companies better understand the 

contribution of each attribute, fostering transparency and trust in AI-driven decision-making. 
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