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Abstrak 

Transformasi digital yang pesat di sektor ritel telah menghasilkan volume data transaksi konsumen dalam 
jumlah besar yang tersimpan dalam sistem informasi ritel. Meskipun data tersebut memiliki nilai strategis dalam 
mendukung pengambilan keputusan, pemanfaatannya masih sering terbatas pada pelaporan deskriptif. 
Penelitian ini bertujuan untuk menganalisis dan memprediksi perilaku pembelian konsumen melalui integrasi 
analitik prediktif berbasis machine learning ke dalam sistem informasi ritel dengan menggunakan dataset 
transaksi ritel dari Kaggle. Metodologi penelitian meliputi prapemrosesan data, analisis data eksploratif, seleksi 
fitur, serta pengembangan model prediktif menggunakan algoritma regresi logistik, decision tree, dan random 
forest. Kinerja model dievaluasi menggunakan metrik accuracy, precision, recall, dan ROC–AUC. Hasil 
penelitian menunjukkan bahwa model random forest mengungguli algoritma lainnya dengan tingkat accuracy 
sebesar 88,76%, precision sebesar 87,92%, dan recall sebesar 86,48%, yang mencerminkan kemampuan 
diskriminasi yang lebih unggul. Temuan ini menegaskan bahwa metode pembelajaran berbasis ensemble efektif 
dalam menangkap pola pembelian konsumen yang kompleks dan non-linear. Secara teoretis, penelitian ini 
berkontribusi dengan memperluas peran sistem informasi ritel dari sekadar alat pelaporan deskriptif menjadi 
sistem pendukung keputusan prediktif. Secara praktis, penelitian ini menyediakan kerangka analitis yang kuat 
untuk mendukung optimalisasi persediaan, strategi promosi yang lebih terarah, serta personalisasi layanan 
dalam lingkungan ritel berbasis data. 

Kata Kunci: Analitik Prediktif, Data Transaksi, Machine Learning, Perilaku Belanja Konsumen, Sistem 
Informasi Ritel. 
 

Abstract 
The rapid digital transformation in the retail sector has generated massive volumes of consumer transaction 
data stored within retail information systems. Although these data hold strategic value for decision-making, 
their utilization often remains limited to descriptive reporting. This study aims to analyze and predict consumer 
purchasing behavior by integrating machine learning–based predictive analytics into retail information systems 
using the Kaggle retail transaction dataset. The research methodology includes data preprocessing, exploratory 
data analysis, feature selection, and predictive model development using logistic regression, decision tree, and 
random forest algorithms. Model performance was evaluated using accuracy, precision, recall, and ROC–AUC 
metrics. The results indicate that the random forest model outperformed the other algorithms, achieving an 
accuracy of 88.76%, precision of 87.92%, and recall of 86.48%, demonstrating superior discriminative 
capability. These findings confirm that ensemble-based learning methods effectively capture complex and 
non-linear consumer purchasing patterns. The study contributes theoretically by extending the role of retail 
information systems from descriptive reporting tools to predictive decision-support systems, while practically 
providing a robust analytical framework to support inventory optimization, targeted promotion strategies, and 
personalized service delivery in data-driven retail environments. 

Keywords: Predictive Analytics, Transaction Data, Machine Learning, Consumer Purchasing Behavior, Retail 
Information Systems. 
 
 
1.​ INTRODUCTION 

Digital transformation has fundamentally reshaped the way retail organizations manage data and formulate 
strategic decisions. in information technology, supported by the availability of big data and increasingly 
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integrated information systems, have enabled retail firms to collect, store, and process large-scale consumer 
transaction data in near real time [1], [2]. Such transaction data do not merely record purchase histories, but also 
reflect consumer preferences, purchasing habits, and dynamic behavioral patterns. In this context, retail 
information systems serve as a strategic infrastructure that integrates data resources, business processes, and 
analytical capabilities to support more accurate and data-driven decision making [3], [4]. 

Nevertheless, the growing volume, variety, and velocity of transaction data present significant analytical 
challenges. Conventional analytical approaches that focus primarily on descriptive and retrospective analysis are 
increasingly insufficient to extract strategic value from complex consumer data [5], [6]. This condition has 
driven the adoption of more advanced analytical approaches, particularly predictive analytics, which combines 
statistical techniques, data mining, and machine learning to model and forecast consumer purchasing behavior 
based on historical patterns [7], [8], [9]. When effectively integrated into retail information systems, predictive 
analytics has the potential to enhance consumer behavior understanding, optimize marketing strategies, and 
strengthen organizational competitiveness in an increasingly data-intensive retail environment. 

Despite these advancements, the utilization of consumer transaction data in many retail organizations 
remains largely confined to operational reporting and historical analysis [8], [10], [11]. Existing retail 
information systems often lack the integration of advanced analytical capabilities required to comprehensively 
understand and predict consumer purchasing behavior. As a result, transaction data with substantial strategic 
potential are underutilized in supporting proactive managerial decisions, such as inventory planning, 
promotional strategy formulation, and service personalization [12], [13], [14]. This situation indicates a clear 
gap between the availability of transaction data within retail information systems and the analytical capacity 
needed to generate high-value insights for decision support. 

The urgency of addressing this issue has increased alongside rapid changes in consumer behavior driven by 
digital technologies and intensified competition in the retail sector. Without integrated predictive analytical 
support, organizations risk relying on intuition-based decisions or purely descriptive analyses that are 
insufficiently adaptive to evolving purchasing patterns. Therefore, there is a growing need for an information 
system–based approach that extends beyond data storage and reporting functions to transform historical 
transaction data into predictive models capable of anticipating future consumer behavior trends. 

Previous studies have explored consumer purchasing behavior analysis using data mining and machine 
learning techniques [7], [15], [16]. However, much of the existing research focuses on algorithmic performance 
comparisons or improvements in predictive accuracy, often without explicitly situating these methods within the 
functional role of integrated retail information systems. Furthermore, many studies emphasize static descriptive 
analysis or consumer segmentation, thereby underexploring the potential of predictive analytics to capture the 
evolving dynamics of consumer purchasing behavior. Another limitation lies in the relatively limited use of 
actual retail transaction data within a comprehensive information system framework, which constrains the 
practical applicability and generalizability of prior findings [12], [17], [18], [19]. 

Previous studies have primarily focused on improving predictive accuracy through algorithmic comparisons 
or customer segmentation techniques without explicitly embedding predictive models within the architectural 
and functional context of retail information systems [15], [20], [21]. While several studies demonstrated the 
effectiveness of machine learning in forecasting consumer behavior, limited attention has been given to how 
predictive analytics can be systematically integrated into retail information system infrastructures to enhance 
strategic decision-making capabilities. Moreover, empirical investigations that utilize transaction-level retail 
datasets within a structured information system framework remain relatively scarce. This gap highlights the 
need for research that bridges machine learning modeling with information systems integration to generate both 
analytical rigor and practical business value. 

In response to these limitations, this study aims to analyze and predict consumer purchasing behavior 
through the integration of predictive analytics within retail information systems. Specifically, this research 
develops a transaction data–driven analytical framework to identify purchasing behavior patterns and construct 
predictive models that support more proactive and data-driven decision making. The expected contributions of 
this study include a theoretical contribution by extending information systems research through the integration 
of predictive analytics in consumer behavior analysis, as well as a practical contribution by providing empirical 
evidence and analytical models that can be utilized by retail information system managers to enhance business 
strategy effectiveness, operational planning, and service personalization.  

This study contributes to the literature in three significant ways. First, it extends information systems 
research by conceptualizing predictive analytics as an embedded capability within retail information system 
architectures rather than as a standalone analytical tool. Second, it provides methodological contributions 
through a structured predictive modeling framework incorporating feature selection, cross-validation, and 
multi-metric evaluation to ensure robustness and replicability. Third, from a practical perspective, the study 
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offers empirical evidence demonstrating how random forest–based predictive models can enhance retail 
decision-making processes, particularly in inventory planning, promotion targeting, and service personalization. 

2.​ RESEARCH METHOD  

This study employs a quantitative approach with a predictive analytics design based on machine learning to 
analyze consumer purchasing behavior within the context of retail information systems. The methodological 
framework is structured into five main stages: (1) data acquisition, (2) data preprocessing and exploration, (3) 
feature selection, (4) predictive model development, and (5) model performance evaluation. This structured 
workflow ensures methodological rigor, replicability, and the potential integration of the developed models into 
retail information system architectures [22], [23], [24], [25]. 

 

 

Figure 1. Research Method Stages 
 

2.1. Data Source and Characteristics 

The data used in this study consist of secondary data obtained from the Kaggle platform in the form of a 
retail transaction dataset. The dataset includes attributes that represent consumer characteristics and purchasing 
activities, such as demographic variables, product categories, transaction frequency, expenditure value, and 
other behavioral indicators. The dataset was selected due to its open accessibility, well-documented structure, 
and frequent use in consumer behavior analytics research, which facilitates validation and comparative analysis 
[26], [27]. 

The unit of analysis is individual consumers, with each record representing a documented transaction within 
a specific observation period. The dependent variable is defined based on the purchasing behavior indicator to 
be predicted, while the remaining attributes are treated as predictor variables. 

2.2. Data Preprocessing and Exploratory Analysis 

Data preprocessing is conducted to ensure data quality and consistency prior to model development [28], 
[29], [30]. This stage includes: 
a.​ Data cleaning, involving the removal of duplicate records and the handling of missing values using 

appropriate imputation techniques. 
b.​ Data transformation, particularly the conversion of categorical variables into numerical representations 

through encoding techniques. 
c.​ Normalization or standardization, applied to numerical variables to ensure comparable scales and to prevent 

bias during model training. 
Subsequently, exploratory data analysis (EDA) is performed to examine variable distributions, identify 

initial relationships among attributes, and detect underlying patterns related to consumer purchasing behavior. 
This step also serves to identify potential class imbalance issues in the target variable. 

2.3. Feature Selection 

Feature selection is applied to identify the most influential attributes contributing to the prediction of 
consumer purchasing behavior and to reduce model complexity. This process combines statistical analysis (e.g., 
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correlation analysis and significance testing) with model-based approaches that assess feature importance. 
Attributes with minimal contribution are excluded to improve computational efficiency and to mitigate the risk 
of overfitting. The selected feature set forms the basis for subsequent predictive modeling [23], [31], [20]. 

2.4. Predictive Model Development 

Predictive models are developed using three widely adopted machine learning algorithms in consumer 
behavior analysis [32], [33], [21]: 
a.​ Logistic Regression, to model the probabilistic relationship between predictor variables and the target class. 
b.​ Decision Tree, to capture non-linear patterns through rule-based data partitioning. 
c.​ Random Forest, an ensemble method that aggregates multiple decision trees to enhance prediction accuracy 

and model robustness. 
Random forest was selected due to its capability to handle high-dimensional transaction data, capture 

non-linear relationships, and mitigate overfitting through ensemble aggregation. In consumer purchasing 
behavior contexts characterized by heterogeneous and dynamic patterns, ensemble learning methods provide 
improved bias–variance tradeoff compared to single-model approaches. Prior studies in retail analytics have also 
demonstrated the robustness of random forest in modeling complex behavioral interactions [32], [21]. 

The dataset is partitioned into training and testing subsets using a predefined ratio (e.g., 80:20) to evaluate 
the generalization capability of the models. To enhance the reliability of model performance estimation, 
cross-validation is applied during the training phase. 

2.5. Model Performance Evaluation 

To quantitatively assess the performance of the predictive models, this study employs three standard 
classification evaluation metrics, namely accuracy, precision, and recall.  

Accuracy, precision, and recall were selected to provide a comprehensive evaluation of classification 
performance. While accuracy reflects overall prediction correctness, precision assesses the reliability of positive 
predictions, and recall measures the model’s sensitivity in identifying actual purchasing behavior patterns. The 
inclusion of ROC–AUC further strengthens performance evaluation by examining discriminative ability across 
threshold variations, ensuring model robustness in imbalanced retail datasets. 

These metrics are derived from the confusion matrix, which consists of true positives (TP), true negatives 
(TN), false positives (FP), and false negatives (FN) [34], [35], [36], [37], [38]. 

Accuracy measures the overall correctness of the model by comparing the number of correctly classified 
instances to the total number of observations. The accuracy metric is formulated as follows: 

  𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑇𝑃+𝑇𝑁
𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁   (1) 

Precision evaluates the proportion of correctly predicted positive instances relative to all instances predicted 
as positive. This metric reflects the reliability of positive class predictions and is defined as: 

  𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃
𝑇𝑃+𝐹𝑃   (2) 

Recall, also referred to as sensitivity, measures the ability of the model to correctly identify all actual 
positive instances. Recall is particularly important in understanding how well the model captures relevant 
consumer purchasing behavior patterns. The recall metric is expressed as: 

  𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃
𝑇𝑃+𝐹𝑁   (3) 

The simultaneous use of accuracy, precision, and recall provides a comprehensive evaluation of model 
performance, especially in cases where the class distribution is imbalanced. Models are compared based on 
these metrics, and the optimal model is selected by considering both predictive effectiveness and stability across 
the testing dataset. 

3.​ RESULTS AND DISCUSSION 

3.1. Data Preprocessing and Descriptive Analysis  

The data preprocessing stage constitutes a critical initial step in this study to ensure data quality prior to 
predictive modeling. The consumer purchasing behavior dataset obtained from Kaggle was first subjected to a 
data cleaning process, which involved the removal of duplicate records and the treatment of missing values 
across several attributes. Missing values were handled using imputation techniques tailored to the characteristics 
of each variable to preserve the overall data distribution. In addition, categorical attributes were transformed into 
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numerical representations using appropriate encoding techniques to enable processing by machine learning 
algorithms. 

Based on the results of descriptive statistical analysis, the preprocessed dataset exhibits characteristics that 
are representative for consumer purchasing behavior analysis. Descriptive statistics include minimum, 
maximum, mean, and standard deviation values for key numerical variables, such as purchase frequency and 
consumer expenditure. The analysis reveals substantial variation in expenditure-related variables, indicating 
heterogeneity in consumer purchasing patterns. This variation provides an essential foundation for predictive 
modeling, as it reflects diverse consumer behavior within retail information systems. 

The distribution of consumer purchasing behavior was further examined to understand purchasing 
tendencies prior to predictive modeling. The results indicate that the majority of consumers fall within the 
medium purchasing behavior category, while the proportion of consumers with high purchasing frequency is 
relatively smaller. This partially imbalanced distribution highlights the importance of selecting appropriate 
evaluation metrics during the modeling stage, particularly precision and recall, to prevent model bias toward the 
majority class. These findings also suggest that retail information systems must accommodate diverse 
behavioral segments to effectively support data-driven decision making. 

Overall, the preprocessing results confirm that the dataset is in a suitable and optimal condition for 
predictive analytics modeling. Descriptive statistical analysis and behavioral distribution assessment provide 
valuable preliminary insights into data characteristics and potential modeling challenges. These findings serve 
as a methodological foundation for subsequent machine learning model development and ensure that predictive 
outcomes can be interpreted validly within the context of retail information systems.  

3.2. Model Performance Evaluation  

The predictive analytics modeling stage was conducted to evaluate the capability of machine learning 
algorithms in predicting consumer purchasing behavior based on the preprocessed dataset. Three algorithms 
logistic regression, decision tree, and random forest were applied to the same dataset to ensure a fair and 
consistent comparison of model performance. The dataset was divided into training and testing subsets to assess 
the generalization ability of each model on previously unseen data.  

Table 1 presents the performance evaluation results of the predictive analytics models using accuracy, 
precision, and recall metrics.  

 
Table 1. Performance Evaluation of Predictive Analytics Models  

model machine learning accuracy (%) precision (%) recall (%) 
Logistic Regression 82.45 80.12 78.96 
Decision Tree 84.31 83.27 81.54 
Random Forest 88.76 87.92 86.48 

 
The evaluation results demonstrate that the random forest model outperforms the other two models across 

all evaluation metrics. With an accuracy of 88.76%, precision of 87.92%, and recall of 86.48%, the random 
forest model exhibits superior capability in capturing complex and heterogeneous consumer purchasing 
behavior patterns. The decision tree model performs better than logistic regression; however, it shows 
limitations in maintaining prediction stability on the testing dataset. 

Beyond numerical superiority, the enhanced performance of the random forest model can be theoretically 
explained through its ensemble structure, which aggregates multiple decision trees trained on different bootstrap 
samples. This mechanism reduces variance while maintaining low bias, thereby improving generalization 
capability. Compared with logistic regression, which assumes linear relationships among variables, random 
forest effectively captures non-linear interactions between demographic attributes, transaction frequency, and 
expenditure patterns. 

These findings are consistent with previous research indicating that ensemble learning methods outperform 
single classifiers in retail consumer behavior prediction contexts [15], [21]. For instance, Stylianou and 
Pantelidou [15] reported improved predictive stability using tree-based ensemble models in supermarket 
analytics, while Sharipov [21] emphasized the robustness of machine learning ensembles in modeling consumer 
heterogeneity. 

From a business perspective, the superior predictive performance of the random forest model has practical 
implications for retail information systems. Accurate prediction of purchasing behavior enables more efficient 
inventory planning by anticipating demand fluctuations, supports targeted promotional strategies through 
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customer behavior forecasting, and enhances personalization mechanisms in digital retail platforms. Therefore, 
integrating predictive analytics into retail information systems transforms them into proactive decision-support 
infrastructures rather than passive reporting tools. 

Further performance evaluation was conducted using the Receiver Operating Characteristic (ROC) curve to 
assess the discriminative ability of the random forest model across different threshold levels. The ROC curve is 
presented in figure 2. 

 

Figure 2. ROC Curve of the Random Forest Model 

The ROC curve lies significantly above the diagonal line, indicating strong classification performance. The 
high Area Under the Curve (AUC) value confirms the model’s ability to consistently distinguish between 
positive and negative consumer purchasing behavior classes. 

To gain deeper insight into the performance of the best-performing model, a confusion matrix analysis was 
conducted for the random forest model, as presented in Table 2. 

 
Table 2. Confusion Matrix of the Random Forest Model 

 predicted positive predicted negative 
Actual Positive TP = 432 FN = 68 
Actual Negative FP = 54 TN = 446 

 
The confusion matrix indicates a relatively high number of true positive and true negative predictions 

compared to misclassification errors. The relatively low values of false positives and false negatives suggest that 
the random forest model achieves a balanced performance in detecting positive purchasing behavior while 
minimizing classification errors. This balance is particularly important in retail information systems, where 
misclassification may directly affect business decision making. 

3.3. Discussion  

The results of the predictive analytics modeling demonstrate that machine learning–based approaches 
provide deeper insights into consumer purchasing behavior compared to conventional descriptive analysis. The 
superior performance of the random forest model, as evidenced by accuracy, precision, recall, and ROC–AUC 
results, indicates that consumer purchasing behavior exhibits complex and non-linear patterns. This finding is 
consistent with prior studies reporting that ensemble learning methods are more effective in capturing 
interactions among multiple behavioral variables. 

Compared with logistic regression and decision tree models, the random forest model shows greater 
prediction stability and lower misclassification rates. This advantage can be attributed to its ensemble structure, 
which combines multiple decision trees to reduce model bias and variance. In the context of retail information 
systems, such robustness is critical, as business decisions derived from predictive outcomes require high 
reliability. Inaccurate predictions may lead to ineffective marketing strategies, suboptimal inventory 
management, or inappropriate service personalization. 
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Moreover, the findings indicate that integrating predictive analytics into retail information systems extends 
their role beyond traditional reporting tools toward intelligent decision support systems. This study addresses an 
existing research gap that often separates technical machine learning modeling from information system 
implementation. By embedding predictive models within retail information systems, this research offers a more 
holistic perspective on how transaction data can be leveraged to generate strategic and sustainable business 
insights. 

From a practical perspective, the developed predictive model can assist retail information system managers 
in anticipating consumer purchasing tendencies, thereby supporting inventory planning, promotional strategy 
development, and personalized service delivery. From an academic standpoint, this study contributes to the 
information systems literature by emphasizing the importance of integrating machine learning–based predictive 
analytics into consumer behavior analysis. Consequently, this research not only improves predictive 
performance but also provides a comprehensive conceptual framework for the role of predictive analytics in 
modern retail information systems. 

4.​ CONCLUSION 

This study confirms that integrating machine learning–based predictive analytics into retail information 
systems significantly enhances the understanding and forecasting of consumer purchasing behavior beyond 
conventional descriptive reporting. Among the evaluated models, random forest demonstrated superior 
predictive performance, reflecting its ability to capture complex and heterogeneous behavioral patterns in retail 
transaction data. The findings reinforce the theoretical positioning of predictive analytics as an embedded 
capability within modern information systems architectures and highlight its strategic role in transforming retail 
systems into proactive decision-support platforms. Practically, the developed framework supports more accurate 
inventory management, targeted promotional planning, and personalized customer engagement strategies. 
However, this study is limited by the use of a secondary Kaggle dataset, which may not fully represent real-time 
enterprise retail environments. Future research should explore real-world transactional systems, incorporate 
deep learning approaches, and examine system integration challenges in operational retail infrastructures. 
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