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Abstract. The rapid expansion of e-commerce platforms has generated enormous volumes of 

consumer interaction data, creating new opportunities for understanding purchasing behavior 

through intelligent data analytics. Accurate prediction of customer purchase decisions enables 

online retailers to improve personalized recommendations, optimize promotional campaigns, 

and enhance customer satisfaction. This study proposes a machine learning framework for pre-

dicting whether a customer will purchase a product after browsing it on an e-commerce plat-

form. The research utilizes a large-scale transaction dataset obtained from JD.com containing 

customer information, product characteristics, browsing history, pricing details, and promo-

tional activities. Before model construction, comprehensive data preprocessing and feature en-

gineering techniques are performed to improve data quality and create informative predictive 

variables. The proposed framework evaluates three supervised machine learning algorithms, 

namely Decision Tree, Random Forest, and Logistic Regression, for binary purchase classifica-

tion. Hyperparameter optimization is conducted using the Random Search strategy to maximize 

prediction performance while reducing overfitting. Model effectiveness is evaluated using Ac-

curacy, Precision, Recall, and Area Under the ROC Curve (AUC). Experimental results demon-

strate that the optimized Random Forest classifier achieves the highest prediction performance 

with a testing accuracy of 0.999871 and an AUC of 0.9998, outperforming the remaining mod-

els. Feature importance analysis further indicates that coupon discount level and quantity dis-

count level contribute most significantly to customer purchasing decisions. The proposed frame-

work offers a reliable and computationally efficient solution for customer behavior prediction 

and provides valuable support for personalized recommendation systems, pricing optimization, 

inventory planning, and intelligent marketing strategies in modern e-commerce platforms. 
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I. Introduction 

The continuous advancement of digital technologies has transformed the global re-

tail industry by enabling businesses to conduct commercial activities through electronic 

commerce platforms. Modern e-commerce websites provide consumers with conven-

ient access to a wide variety of products while allowing transactions to be completed 

anytime and from any location. As online shopping continues to expand, platforms such 

as JD.com, Amazon, Flipkart, and Alibaba generate massive volumes of customer in-

teraction data, including browsing behavior, purchase history, product preferences, 

pricing information, and promotional responses. These large-scale datasets provide val-

uable opportunities for applying machine learning techniques to understand consumer 

purchasing behavior and support intelligent business decision-making. Predicting 

whether a customer is likely to purchase a product has therefore become one of the most 

important research problems in e-commerce analytics.  

 

Customer purchasing decisions are influenced by numerous interconnected factors, 

including product characteristics, pricing strategies, discount offers, customer de-

mographics, browsing history, previous purchasing experience, seasonal demand, and 

promotional campaigns. Unlike traditional retail environments, online shopping plat-

forms continuously collect detailed records of every customer interaction, enabling re-

searchers to analyze consumer behavior with greater precision. However, the large vol-

ume and diversity of available information also increase the complexity of accurately 

identifying purchasing intentions. Since multiple variables simultaneously influence 

buying decisions, conventional statistical approaches often fail to model these complex 

nonlinear relationships effectively. 

 

Recent developments in artificial intelligence and machine learning have signifi-

cantly improved the capability of predictive systems used in e-commerce. Supervised 

learning algorithms can automatically identify hidden relationships within historical 

customer data and generate highly accurate purchase predictions. These predictive 

models assist online retailers in improving recommendation systems, optimizing prod-

uct placement, planning promotional campaigns, reducing inventory costs, and enhanc-

ing customer satisfaction. As businesses increasingly rely on data-driven decision-mak-

ing, machine learning has become an essential component of modern e-commerce plat-

forms. 

 

Several machine learning algorithms have been successfully applied to customer 

purchase prediction problems. Decision Tree classifiers provide transparent decision-

making structures that are easy to interpret while efficiently handling both categorical 

and numerical variables. Random Forest, an ensemble learning technique, combines 
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multiple decision trees to improve prediction accuracy, reduce variance, and minimize 

overfitting. Logistic Regression remains one of the most widely used binary classifica-

tion algorithms because of its computational simplicity and probabilistic interpretation 

of customer purchasing behavior. Each algorithm offers unique advantages depending 

on dataset characteristics and business requirements, making 

 

II. Literature Survey 

 
The rapid expansion of e-commerce has transformed the way businesses interact 

with customers, creating enormous volumes of transactional and behavioral data that 

can be analyzed to understand purchasing decisions. Online shopping platforms con-

tinuously record customer interactions such as product browsing, purchase history, 

pricing preferences, promotional responses, and demographic information. These data 

provide an excellent foundation for applying machine learning techniques to predict 

customer purchasing behavior. Accurate prediction models help e-commerce compa-

nies optimize personalized recommendations, improve inventory planning, design tar-

geted promotional campaigns, and enhance customer satisfaction. Consequently, nu-

merous researchers have investigated statistical learning, classification algorithms, and 

ensemble machine learning techniques to develop intelligent customer purchase pre-

diction systems.  

 

One of the important studies in this area was conducted by Cao, who examined the 

competitive advantages and operational challenges of modern e-commerce platforms. 

The research highlighted that the rapid growth of online retail has significantly in-

creased the availability of customer interaction data, enabling organizations to make 

data-driven business decisions. The study emphasized that understanding customer pur-

chasing behavior has become essential for improving marketing strategies, customer 

retention, and recommendation systems. Although the research primarily focused on 

business perspectives rather than predictive modeling, it established the importance of 

applying advanced analytical techniques to improve commercial decision-making in 

digital marketplaces. 

 

A comprehensive investigation into consumer purchasing behavior was presented 

by Yong et al., who analyzed the various factors influencing online shopping decisions. 

Their research considered demographic characteristics, product quality, pricing strate-

gies, promotional offers, website usability, and consumer trust as major determinants 

affecting purchasing intention. Statistical analysis revealed that promotional activities 

and product pricing significantly influence customer decisions when multiple alterna-

tives are available. The authors concluded that integrating multiple customer-related 

factors provides a more comprehensive understanding of purchasing behavior than an-

alyzing individual variables separately. However, the study relied mainly on traditional 

statistical methods and did not employ advanced machine learning models capable of 

handling large-scale transaction data. 
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To improve customer behavior analysis, Zhang proposed the application of machine 

learning algorithms for consumer purchasing prediction using historical transaction rec-

ords. The study demonstrated that supervised learning techniques effectively identify 

hidden patterns within customer behavior by analyzing browsing history, purchasing 

frequency, and promotional responses. Experimental evaluation indicated that machine 

learning algorithms outperform conventional statistical models in capturing nonlinear 

relationships among multiple variables. The research further suggested that intelligent 

predictive systems could significantly improve personalized recommendation services 

and customer segmentation strategies within modern e-commerce platforms.  

 

Large-scale transaction datasets have become increasingly important for developing 

reliable predictive models. Shen et al. introduced the publicly available JD.com trans-

action-level dataset for the MSOM Data-Driven Research Challenge. The dataset con-

tains detailed information regarding customer profiles, product characteristics, brows-

ing activities, purchase records, inventory, and logistics information collected during 

March 2018. This comprehensive dataset has become an important benchmark for eval-

uating machine learning algorithms in e-commerce research because it represents real-

istic customer purchasing behavior under various promotional and operational condi-

tions. The availability of such extensive transactional information has enabled research-

ers to construct highly accurate predictive models for customer purchase classification. 

 

III. Research Methodology  

 
The proposed research methodology presents a structured machine learning frame-

work for predicting customer purchasing decisions using historical transaction data col-

lected from an e-commerce platform. The framework integrates comprehensive data 

preprocessing, feature engineering, supervised machine learning, hyperparameter opti-

mization, and performance evaluation to develop an accurate purchase prediction 

model. The primary objective is to determine whether a customer will purchase a prod-

uct after viewing it by analyzing product characteristics, customer information, brows-

ing behavior, and promotional activities. The complete methodology consists of six 

major stages: data collection, data preprocessing, feature engineering, model develop-

ment, hyperparameter optimization, and performance evaluation. Each stage contrib-

utes to improving prediction accuracy, reducing model complexity, and enhancing the 

overall reliability of the classification system.  

 

The first stage involves data collection, where transaction-level data are obtained 

from the JD.com e-commerce platform through the INFORMS 2020 MSOM Data-

Driven Research Challenge dataset. The dataset contains comprehensive information 

related to customer transactions recorded during March 2018. It consists of several in-

terconnected tables describing product information, customer profiles, browsing activ-

ities, purchase records, delivery details, inventory status, and network characteristics. 

For this research, the most relevant information is extracted from the SKU, Users, 

Clicks, and Orders tables. These tables provide valuable attributes including product 
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specifications, customer demographics, browsing history, pricing information, and pro-

motional discounts that collectively influence purchasing decisions. Using a large-scale 

real-world dataset ensures that the proposed prediction model accurately represents cus-

tomer behavior in practical e-commerce environments.  

 

Following data acquisition, the framework performs data preprocessing to improve 

dataset quality before model development. Initially, information collected from differ-

ent tables is integrated using common identifiers such as user_ID and sku_ID to gener-

ate a unified transaction dataset. During this process, duplicate records, inconsistent 

entries, and incomplete observations are identified and appropriately handled. Missing 

values are treated using different strategies depending on their occurrence. Attributes 

containing only a small number of missing observations are removed, whereas varia-

bles with substantial missing information are estimated using a Random Forest regres-

sion-based imputation approach. This strategy predicts missing price and discount val-

ues by considering related product characteristics and customer information, thereby 

preserving important relationships within the dataset. After missing value treatment, 

categorical variables are converted into numerical representations using one-hot encod-

ing, allowing the machine learning algorithms to process non-numeric information ef-

ficiently. Finally, redundant records resulting from repeated browsing activities are 

eliminated to reduce unnecessary computational complexity and improve model per-

formance.  

 

The next stage focuses on feature engineering, which plays a crucial role in improv-

ing prediction accuracy. Instead of relying solely on the original variables, several new 

features are generated to better represent customer purchasing behavior. Continuous 

price information is transformed into discrete price levels based on predefined price 

intervals. Similarly, four promotional variables—direct discount, quantity discount, 

bundle discount, and coupon discount—are converted into corresponding discount lev-

els according to the percentage discount relative to the original product price. An addi-

tional binary variable identifies whether customer browsing occurred on a weekday or 

weekend. Furthermore, a new dependent variable named "purchased" is constructed by 

examining customer browsing history and purchase records. If a customer places an 

order within thirty minutes after viewing a product, the browsing session is labeled as 

a successful purchase; otherwise, it is classified as a non-purchase. These engineered 

variables improve the predictive capability of the classification models while reducing 

the influence of noise and extreme values present in the original dataset. 

 

IV. Existing System 

 
Existing customer purchase prediction systems primarily rely on conventional sta-

tistical analysis and supervised machine learning algorithms to estimate whether a cus-

tomer is likely to purchase a product after browsing it on an e-commerce platform. 

These systems generally utilize historical transaction records, customer profiles, prod-

uct information, and browsing behavior to construct predictive models. Commonly em-

ployed algorithms include Logistic Regression, Decision Tree, Random Forest, Support 
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Vector Machine (SVM), Naïve Bayes, and other traditional classification techniques. 

Although these approaches have demonstrated satisfactory performance for customer 

behavior analysis, they often face challenges when processing large-scale e-commerce 

datasets containing complex customer interactions and numerous influencing variables. 

  

Most existing systems begin by collecting customer transaction data from online 

shopping platforms and performing basic preprocessing operations such as removing 

duplicate records, handling missing values, and converting categorical variables into 

numerical representations. After preprocessing, machine learning algorithms are 

trained using customer demographic information, browsing history, pricing details, and 

purchase records to classify whether a customer will complete a transaction. While this 

workflow provides acceptable prediction accuracy, many existing models depend heav-

ily on the quality of manually selected features and often fail to capture the complex 

relationships among promotional activities, customer preferences, and purchasing be-

havior. 

 

Traditional classification models such as Logistic Regression assume relatively sim-

ple linear relationships between predictor variables and customer purchase decisions. 

Although Logistic Regression offers fast computation and straightforward interpreta-

tion, its predictive capability decreases when customer behavior exhibits highly non-

linear patterns. Similarly, Decision Tree classifiers generate easy-to-understand classi-

fication rules but are highly sensitive to variations in training data and frequently suffer 

from overfitting, resulting in unstable prediction performance when applied to unseen 

customer transactions. These limitations reduce their effectiveness for large-scale e-

commerce applications where customer behavior continuously changes over time. 

 

V. Proposed System 

 
The proposed system presents an intelligent machine learning framework for pre-

dicting customer purchasing decisions by integrating comprehensive data prepro-

cessing, advanced feature engineering, hyperparameter optimization, and supervised 

classification algorithms. Unlike conventional prediction approaches that rely solely on 

basic customer information or default machine learning configurations, the proposed 

framework is designed to improve classification accuracy by effectively utilizing cus-

tomer browsing behavior, product characteristics, pricing information, and promotional 

activities. The system evaluates three supervised machine learning algorithms—Deci-

sion Tree, Random Forest, and Logistic Regression—under a unified experimental en-

vironment to determine the most effective model for customer purchase prediction. This 

integrated framework provides accurate and reliable purchase classification while sup-

porting intelligent decision-making for modern e-commerce platforms.  

 

The proposed methodology begins with data acquisition, where customer transaction 

records are collected from the JD.com e-commerce dataset released through the 

INFORMS 2020 MSOM Data-Driven Research Challenge. The dataset contains de-
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tailed information related to customer profiles, product specifications, browsing his-

tory, purchase records, promotional offers, and pricing information. These data repre-

sent real customer interactions occurring on an online shopping platform and provide 

sufficient information for developing reliable purchase prediction models. Collecting 

large-scale real-world transaction data improves the robustness of the proposed frame-

work and enables accurate analysis of customer purchasing behavior under different 

promotional and business conditions. 

 

After collecting the data, the framework performs an extensive data preprocessing 

stage to improve dataset quality before model development. Initially, information from 

multiple database tables is merged using common customer and product identifiers to 

generate a unified transaction dataset. Duplicate records and inconsistent observations 

are removed to eliminate redundancy and improve data consistency. Missing values 

occurring within pricing and promotional variables are estimated using a Random For-

est-based imputation approach, preserving relationships among important customer and 

product attributes. Furthermore, categorical variables are transformed into numerical 

representations using one-hot encoding, enabling the classification algorithms to pro-

cess non-numeric information efficiently. This preprocessing stage significantly im-

proves data quality and establishes a reliable foundation for subsequent machine learn-

ing operations. 

 

Following preprocessing, the proposed framework performs feature engineering to 

construct meaningful variables that better represent customer purchasing behavior. 

Continuous product prices are categorized into different price levels, while promotional 

variables including direct discount, quantity discount, bundle discount, and coupon dis-

count are transformed into corresponding discount levels according to the percentage 

reduction in product price. An additional feature is created to distinguish customer 

browsing activities occurring on weekdays from those occurring during weekends. Fi-

nally, the target variable representing customer purchasing decisions is generated by 

examining the relationship between browsing records and completed purchase transac-

tions. A browsing session is labeled as a successful purchase when the customer com-

pletes an order within a predefined time interval after viewing the product. These engi-

neered features improve the discriminative capability of the classification models while 

reducing the influence of noisy and redundant variables.  

 

The processed dataset is subsequently divided into training and testing subsets to 

evaluate the prediction models objectively. Approximately 60% of the available records 

are used for training the classifiers, while the remaining 40% are reserved for testing 

their performance using previously unseen customer transactions.  

 

VI. System Architecture  
  

he proposed system architecture presents a comprehensive machine learning frame-

work for predicting customer purchasing decisions on an e-commerce platform. The 

architecture integrates multiple processing stages, beginning with data acquisition and 
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ending with purchase prediction and business intelligence generation. Each stage is de-

signed to systematically process customer and product information while improving 

data quality, enhancing feature representation, optimizing model performance, and gen-

erating highly accurate purchase predictions. The modular design enables efficient han-

dling of large-scale transaction datasets and provides a reliable decision-support system 

for intelligent e-commerce applications. 

 

 
The first stage of the architecture is data collection, where historical transaction data 

are obtained from the JD.com e-commerce dataset. The collected information includes 

multiple relational tables containing product details, customer profiles, browsing his-

tory, and purchase records. Specifically, the SKU table provides product characteris-

tics, the Users table contains customer demographic information, the Clicks table rec-

ords browsing activities, and the Orders table stores transaction details such as product 

prices and promotional discounts. These heterogeneous data sources collectively pro-

vide a complete representation of customer shopping behavior and establish the foun-

dation for accurate purchase prediction. 

 

After data collection, the framework proceeds to the data preprocessing stage, where 

the raw transaction records are prepared for machine learning analysis. Initially, infor-

mation from different database tables is integrated using common identifiers such as 

user_ID and sku_ID to generate a unified dataset. Duplicate entries, inconsistent rec-

ords, and irrelevant observations are removed to improve data consistency. Missing 

values associated with pricing and promotional variables are estimated using a Random 

Forest-based imputation technique, allowing incomplete information to be recovered 

while preserving relationships among product and customer attributes. Furthermore, 

categorical variables are transformed into numerical representations through one-hot 

encoding, enabling the classification algorithms to process non-numeric information 

efficiently. These preprocessing operations significantly improve dataset quality and 

provide reliable input for subsequent learning stages. 
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The processed dataset is then supplied to the feature engineering module, where sev-

eral informative variables are constructed to better represent customer purchasing be-

havior. Continuous product prices are converted into discrete price levels according to 

predefined price intervals. Similarly, promotional variables including direct discount, 

quantity discount, bundle discount, and coupon discount are transformed into corre-

sponding discount levels based on their percentage reduction relative to the original 

product price. An additional binary variable distinguishes customer browsing activities 

occurring on weekdays from those taking place during weekends. Finally, the target 

variable "Purchased" is generated by analyzing customer browsing sessions and com-

pleted purchase transactions, enabling the prediction models to learn whether a brows-

ing activity ultimately results in a successful purchase. These engineered variables re-

duce data complexity while improving the discriminative capability of the machine 

learning algorithms. 

 

Following feature engineering, the prepared dataset enters the data partitioning 

stage, where it is divided into training and testing subsets using a 60:40 ratio. Approx-

imately sixty percent of the available records are allocated for model training, while the 

remaining forty percent are reserved for evaluating model performance on previously 

unseen customer transactions. This partitioning strategy enables objective assessment 

of prediction capability and minimizes the possibility of model overfitting by ensuring 

that testing data remain independent from the training process. 

 

The model development stage constitutes the central component of the proposed ar-

chitecture. Three supervised machine learning algorithms—Decision Tree, Random 

Forest, and Logistic Regression—are trained using the prepared transaction dataset. 

Decision Tree generates hierarchical classification rules based on customer and product 

characteristics, providing interpretable decision-making structures. Random Forest 

constructs multiple decision trees using randomly selected samples and feature subsets 

before combining their predictions through majority voting, thereby improving predic-

tion stability and reducing overfitting. Logistic Regression estimates the probability of 

customer purchase by applying a logistic function to the weighted combination of input 

variables. To maximize prediction performance, the framework incorporates Random 

Search hyperparameter optimization, which automatically evaluates different parame-

ter combinations and selects the configuration that produces the highest classification 

accuracy while maintaining strong generalization capability.. 

 

VII. Conclusion 
 

This study presented an intelligent machine learning framework for predicting cus-

tomer purchasing decisions using historical transaction data collected from the JD.com 

e-commerce platform. The proposed methodology integrated comprehensive data pre-

processing, advanced feature engineering, supervised machine learning algorithms, and 

Random Search hyperparameter optimization to develop an accurate and reliable pur-

chase prediction system. By utilizing customer demographic information, product char-

acteristics, browsing history, pricing details, and promotional variables, the framework 
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effectively modeled customer purchasing behavior and generated highly accurate clas-

sification results. The comparative evaluation of Decision Tree, Random Forest, and 

Logistic Regression classifiers demonstrated the effectiveness of applying machine 

learning techniques for intelligent customer behavior prediction in modern e-commerce 

environments.  

 

Experimental analysis confirmed that the optimized Random Forest classifier 

achieved the highest predictive performance among all evaluated models, producing a 

testing accuracy of 0.999871 and an Area Under the ROC Curve (AUC) of 0.9998. 

These results indicate that ensemble learning techniques are highly effective in captur-

ing complex relationships among customer characteristics, product attributes, and pro-

motional activities. Furthermore, feature importance analysis identified coupon dis-

count level and quantity discount level as the most influential factors affecting purchas-

ing decisions, followed by product-related attributes and discount information. These 

findings provide valuable insights into consumer behavior and demonstrate the signif-

icant role of promotional strategies in influencing online purchasing decisions.  

 

Overall, the proposed framework provides a scalable, accurate, and computationally 

efficient solution for customer purchase prediction. The integration of robust prepro-

cessing techniques, informative feature engineering, optimized machine learning mod-

els, and systematic performance evaluation enables the framework to generate reliable 

purchase predictions while maintaining excellent generalization capability. The pro-

posed system can assist e-commerce organizations in implementing personalized rec-

ommendation systems, targeted promotional campaigns, customer segmentation, in-

ventory optimization, demand forecasting, dynamic pricing strategies, and intelligent 

business decision-making. In addition, the modular architecture allows future integra-

tion with real-time customer interaction data, deep learning techniques, and cloud-

based analytics platforms to further enhance prediction performance and support next-

generation intelligent e-commerce applications.  
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