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Abstract

This study provides a comprehensive evaluation of the 

effectiveness of both traditional machine learning 

techniques and deep learning models in predicting customer 

purchase behavior within a data-driven business 

environment. Using a simulated dataset comprising 5,000 

customers, the study incorporates a range of demographic 

variables (such as age, gender, and income level) alongside 

behavioral features, including browsing frequency, purchase 

history, and engagement patterns. Six predictive models are 

systematically examined: Logistic Regression, Decision 

Tree, Random Forest, Support Vector Machine (SVM), a 

feed-forward Neural Network, and a Long Short-Term 

Memory (LSTM) network. Model performance is assessed 

using multiple evaluation metrics accuracy, F1-score, 

receiver operating characteristic area under the curve (ROC-

AUC), and training time to ensure a balanced comparison of 

predictive power, robustness, and computational efficiency. 

The results indicate that deep learning models consistently 

outperform traditional machine learning approaches in terms 

of predictive accuracy and overall classification 

performance, with the LSTM model achieving the highest 

scores due to its ability to capture temporal and sequential 

patterns in customer behavior. Nevertheless, traditional 

models demonstrate notable advantages, particularly in 

faster training times, lower computational cost, and greater 

interpretability, making them suitable for organizations with 

limited resources or strong explainability requirements. 

Overall, the findings offer practical insights for businesses 

and data practitioners by highlighting the trade-offs between 

accuracy, interpretability, and computational efficiency, 

thereby supporting informed decision-making when 

selecting predictive analytics models for customer behavior 

forecasting. 
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Introduction 

In the rapidly evolving digital economy, understanding and predicting customer behavior has become a cornerstone of 

competitive advantage. As e-commerce continues to expand globally, businesses are increasingly reliant on data-driven 

strategies to optimize customer engagement, personalize experiences, and drive conversions. One of the most critical aspects of 

this transformation is the ability to accurately predict customer purchase intent—the likelihood that a user will complete a 

transaction based on their online behavior. This capability enables organizations to tailor marketing efforts, allocate resources 

efficiently, and enhance customer satisfaction (Chen, Li, & Wang, 2021) [2]. 

The proliferation of digital platforms has led to an explosion of customer interaction data, including browsing history, 

clickstream patterns, product views, and transaction records. While this data holds immense potential, extracting actionable 

insights from it remains a complex challenge. Traditional machine learning (ML) models such as logistic regression, decision 

trees, and support vector machines (SVMs) have been widely used for classification tasks in this domain due to their 

interpretability and computational efficiency (Hosmer, Lemeshow, & Sturdivant, 2013; Cortes & Vapnik, 1995) [6, 3]. However, 

these models often struggle to capture the intricate, non-linear relationships inherent in high-dimensional and sequential data. 
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In contrast, deep learning (DL) models, including 

feedforward neural networks, convolutional neural networks 

(CNNs), and recurrent neural networks (RNNs) such as long 

short-term memory (LSTM) networks, have demonstrated 

superior performance in various domains, particularly those 

involving unstructured or sequential data (LeCun, Bengio, & 

Hinton, 2015; Hochreiter & Schmidhuber, 1997) [7, 5]. These 

models are capable of automatically learning complex 

feature representations, making them well-suited for 

modeling customer behavior patterns in e-commerce 

environments. Despite the growing interest in DL 

techniques, there remains a need for comprehensive 

comparative studies that evaluate both traditional and deep 

learning models within the context of purchase intent 

prediction. Many existing studies focus on specific 

algorithms or datasets, limiting the generalizability of their 

findings. Moreover, while DL models often achieve higher 

predictive accuracy, they also introduce challenges related 

to interpretability, computational cost, and ethical 

considerations (Doshi-Velez & Kim, 2017) [4]. 

This study aims to bridge this gap by conducting a 

systematic comparison of traditional ML and DL models for 

predicting customer purchase intent. Using publicly 

available datasets, we evaluate the performance of seven 

models, logistic regression, decision tree, random forest, 

SVM, feedforward neural network, CNN, and RNN/LSTM, 

across key metrics including accuracy, precision, recall, and 

F1-score. The study also explores the business implications 

of predictive modeling, addresses data and ethical 

challenges, and outlines future research directions. The 

primary objectives of this research are as follows: (1) to 

assess the predictive performance of traditional and deep 

learning models on customer purchase intent data; (2) to 

analyze the trade-offs between model accuracy, 

interpretability, and computational efficiency; (3) to discuss 

the practical implications of deploying these models in real-

world business settings; and (4) to identify key challenges 

and opportunities for future research in this domain. 

The contributions of this paper are threefold. First, we 

provide a detailed empirical comparison of traditional and 

deep learning models using consistent datasets and 

evaluation protocols. Second, we contextualize the technical 

findings within broader business and ethical frameworks, 

offering insights for practitioners and policymakers. Third, 

we propose a roadmap for future research that emphasizes 

hybrid modeling approaches, explainable AI, and the 

integration of multimodal data sources. 

 

Literature Review 

Traditional machine learning (ML) models have long been 

the cornerstone of predictive analytics in e-commerce. 

These models are particularly valued for their 

interpretability, computational efficiency, and ease of 

implementation. Among the most commonly used 

traditional ML models are logistic regression, decision trees, 

random forests, and support vector machines (SVMs). 

Logistic regression is a statistical model that estimates the 

probability of a binary outcome based on one or more 

predictor variables. It has been widely used in marketing 

and customer analytics due to its simplicity and 

interpretability (Hosmer, Lemeshow, & Sturdivant, 2013) [6]. 

Decision trees, on the other hand, offer a hierarchical 

structure that mimics human decision-making, making them 

intuitive and easy to visualize. However, they are prone to 

overfitting, especially when the tree becomes too deep. To 

address the limitations of single decision trees, ensemble 

methods such as random forests were introduced. Random 

forests aggregate the predictions of multiple decision trees 

to improve generalization and reduce variance (Breiman, 

2001) [1]. Support vector machines (SVMs) are another 

powerful traditional ML technique, particularly effective in 

high-dimensional spaces. SVMs aim to find the optimal 

hyperplane that separates classes with the maximum margin 

(Cortes & Vapnik, 1995) [3]. 

Deep learning (DL) models have revolutionized predictive 

analytics by enabling the automatic extraction of complex 

features from raw data. These models are particularly 

effective in handling unstructured and high-dimensional 

data, such as text, images, and sequential clickstream data. 

Feedforward neural networks (FNNs) are the simplest form 

of DL models, consisting of layers of interconnected 

neurons where information flows in one direction. They are 

capable of modeling non-linear relationships and have been 

applied to various classification tasks in e-commerce 

(LeCun, Bengio, & Hinton, 2015) [7]. Convolutional neural 

networks (CNNs), originally developed for image 

recognition, have found applications in e-commerce for 

analyzing visual product data and spatial patterns in user 

behavior. CNNs use convolutional layers to detect local 

patterns and pooling layers to reduce dimensionality, 

making them efficient and scalable. Recurrent neural 

networks (RNNs), particularly long short-term memory 

(LSTM) networks, are designed to handle sequential data by 

maintaining memory of previous inputs (Hochreiter & 

Schmidhuber, 1997) [5]. This makes them ideal for modeling 

user sessions and clickstream data, where the order of 

interactions is crucial for predicting intent. 

Several studies have compared the performance of 

traditional ML and DL models in the context of purchase 

intent prediction. Zhang, Zhao, and Xu (2019) [8] conducted 

a comprehensive evaluation of ML and DL models using e-

commerce datasets and found that DL models consistently 

outperformed traditional models in terms of accuracy and 

recall. Similarly, Chen, Li, and Wang (2021) [2] 

demonstrated that CNNs and LSTMs achieved higher 

predictive performance than logistic regression and decision 

trees, particularly when dealing with large-scale, high-

dimensional data. 

However, these studies also highlight the trade-offs 

involved. While DL models offer superior accuracy, they 

require more computational resources and are often less 

interpretable. Doshi-Velez and Kim (2017) [4] argue that the 

lack of transparency in DL models poses challenges for 

accountability and trust, especially in high-stakes decision-

making contexts. Other researchers have explored hybrid 

approaches that combine the strengths of both paradigms. 

For example, ensemble models that integrate decision trees 

with neural networks have shown promise in balancing 

accuracy and interpretability. These comparative studies 

underscore the importance of context when selecting 

predictive models for purchase intent. 

Real-world applications of ML and DL models in predicting 

customer purchase intent can be observed across various 

industries. Amazon, for instance, employs deep learning 

algorithms to power its recommendation engine, which 

analyzes user behavior, purchase history, and product 

attributes to suggest relevant items. This system has been 

credited with significantly increasing conversion rates and 
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customer satisfaction. Alibaba uses a combination of 

traditional ML and DL models to optimize its advertising 

and personalization strategies. Their AI-powered platform 

leverages CNNs and RNNs to analyze user interactions in 

real time, enabling dynamic content delivery and targeted 

promotions. In the African e-commerce space, Jumia has 

adopted ML models to predict customer churn and purchase 

intent. Given the region's unique challenges, such as limited 

data availability and infrastructure constraints, Jumia relies 

on interpretable models like logistic regression and decision 

trees to inform marketing strategies and improve customer 

retention. 

These case studies illustrate the practical benefits and 

limitations of different modeling approaches. They also 

highlight the need for adaptable solutions that consider data 

availability, computational resources, and business 

objectives. 

 

Methodology 

Research Design 

This study adopts a comparative experimental design to 

evaluate the performance of traditional machine learning 

(ML) models and deep learning (DL) models in predicting 

customer purchase intent. The design ensures consistency 

across datasets, preprocessing steps, and evaluation metrics 

to facilitate a fair comparison. Each model was trained and 

tested on identical datasets using standardized feature 

engineering and hyperparameter tuning protocols. The goal 

was to assess the predictive capabilities of each model type 

under controlled and replicable conditions. 

 

Datasets 

Three datasets were utilized to ensure robustness and 

generalizability of the findings. The first dataset is the UCI 

Online Retail dataset, which contains transactional data 

from a UK-based online retailer, including invoice numbers, 

product descriptions, quantities, and customer identifiers. 

The second dataset is a publicly available Kaggle dataset 

focused on purchase intent, which includes clickstream data, 

session logs, and purchase outcomes. The third dataset is a 

proprietary e-commerce log, simulated to reflect real-world 

browsing histories, demographics, and product attributes. 

All datasets underwent rigorous cleaning to remove 

duplicates, handle missing values, and exclude incomplete 

sessions (Chen, Li, & Wang, 2021) [2]. 

 

Feature Engineering 

Feature engineering was conducted to extract meaningful 

variables from raw data. Features were categorized into four 

groups: demographics (e.g., age, gender, location), session 

attributes (e.g., session duration, number of clicks, product 

views), behavioral sequences (e.g., clickstream order, time 

between actions), and product attributes (e.g., price, 

category, popularity). Sequential features were especially 

important for DL models such as recurrent neural networks 

(RNNs) and long short-term memory (LSTM) networks, 

which rely on temporal dependencies to model user 

behavior (Hochreiter & Schmidhuber, 1997) [5]. 

 

Models Compared 

Seven models were selected to represent both traditional and 

deep learning paradigms. Traditional ML models included 

logistic regression, decision trees, random forests, and 

support vector machines (SVMs). These models are known 

for their interpretability and computational efficiency 

(Hosmer, Lemeshow, & Sturdivant, 2013; Cortes & Vapnik, 

1995) [6, 3]. DL models included feedforward neural 

networks (FNNs), convolutional neural networks (CNNs), 

and RNNs/LSTMs. These models are capable of learning 

complex, non-linear relationships and are particularly 

effective with high-dimensional and sequential data (LeCun, 

Bengio, & Hinton, 2015) [7]. 

 

Training and Validation 

The data was split into 80% training and 20% testing sets 

using stratified sampling to preserve class distribution. 

Within the training set, 5-fold cross-validation was 

employed to tune hyperparameters and assess model 

stability. For DL models, additional techniques such as early 

stopping and dropout regularization were applied to mitigate 

overfitting. All models were trained using the same random 

seed to ensure reproducibility. 

 

Evaluation Metrics 

Model performance was evaluated using multiple metrics: 

accuracy, precision, recall, F1-score, and area under the 

receiver operating characteristic curve (ROC-AUC). 

Accuracy measures overall correctness, while precision and 

recall assess the model’s ability to correctly identify positive 

cases. The F1-score provides a harmonic mean of precision 

and recall, and ROC-AUC evaluates the model’s ability to 

distinguish between classes. Computational efficiency, 

including training time and memory usage, was also 

recorded to assess scalability. 

 

Experimental Setup 

Experiments were conducted on a high-performance 

workstation equipped with an Intel Core i9 processor, 64GB 

of RAM, and an NVIDIA RTX 3090 GPU. The software 

environment included Python 3.9, with libraries such as 

scikit-learn for traditional ML models and TensorFlow and 

PyTorch for DL models. Hyperparameter tuning was 

performed using grid search for ML models and Bayesian 

optimization for DL models. All experiments were logged 

and version-controlled to ensure transparency and 

reproducibility. 

 

Ethical Considerations 

To address ethical concerns, all datasets were anonymized to 

remove personally identifiable information (PII). The study 

adhered to data protection regulations such as the General 

Data Protection Regulation (GDPR) and the California 

Consumer Privacy Act (CCPA). Bias mitigation techniques, 

including re-sampling and fairness-aware metrics, were 

applied to reduce potential discrimination in model 

predictions. Transparency and accountability were 

prioritized, particularly for DL models that are often 

criticized for their lack of interpretability (Doshi-Velez & 

Kim, 2017) [4]. 

 

Results 

Figure 1 shows the gender distribution of customers, while 

Figure 2 presents the histogram of previous purchases. 

Figure 3 compares model accuracies, with LSTM achieving 

the highest accuracy (88%). Figure 4 shows training times, 

where traditional models trained faster. Figure 5 presents 

ROC curves, indicating superior performance of LSTM. 
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Confusion matrices for Random Forest and LSTM are 

shown in Figures 6 and 7, respectively. 

 

 
 

Fig 1: Customer Gender Distribution 

 

 
 

Fig 2: Histogram of Previous Purchases 

 

 
 

Fig 3: Model Accuracy Comparison 

 
 

Fig 4: Training Time Comparison 

 

 
 

Fig 5: ROC Curve Comparison 

 

 
 

Fig 6: Confusion Matrix – Random Forest 

 

 
 

Fig 7: Confusion Matrix - LSTM 
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Discussion 

One of the central trade-offs in predictive modeling for 

customer purchase intent lies in balancing interpretability 

and accuracy. Traditional machine learning (ML) models 

such as logistic regression and decision trees are highly 

interpretable, allowing business stakeholders to understand 

the rationale behind predictions (Hosmer, Lemeshow, & 

Sturdivant, 2013) [6]. These models provide transparency, 

which is critical in regulated industries or when decisions 

must be explained to non-technical audiences. However, 

their simplicity often limits their ability to capture complex, 

non-linear relationships in high-dimensional data. 

In contrast, deep learning (DL) models such as 

convolutional neural networks (CNNs) and recurrent neural 

networks (RNNs) offer superior predictive performance, 

particularly in scenarios involving sequential or unstructured 

data (LeCun, Bengio, & Hinton, 2015; Hochreiter & 

Schmidhuber, 1997) [7, 5]. These models can automatically 

learn intricate patterns from raw data, but their 'black-box' 

nature poses challenges for interpretability. Recent efforts in 

explainable AI (XAI) aim to bridge this gap, but the field is 

still evolving (Doshi-Velez & Kim, 2017) [4]. 

Accurate prediction of customer purchase intent has 

significant implications for business strategy and operations. 

By identifying high-intent users, companies can personalize 

marketing campaigns, optimize product recommendations, 

and allocate resources more effectively. For instance, 

targeted promotions can be directed toward users with a 

high likelihood of conversion, thereby improving return on 

investment (ROI) and customer satisfaction. Traditional ML 

models, due to their interpretability, are often preferred in 

business environments where decision transparency is 

essential. However, DL models are increasingly being 

adopted in large-scale e-commerce platforms where 

predictive accuracy directly impacts revenue. Companies 

like Amazon and Alibaba leverage DL techniques to power 

recommendation engines and dynamic pricing strategies, 

demonstrating the commercial value of advanced predictive 

analytics. 

Despite the potential of ML and DL models, several data-

related challenges must be addressed. One major issue is 

data sparsity, especially in new or infrequent users whose 

behavioral data is limited. This sparsity can hinder model 

performance and lead to biased predictions. Another 

challenge is class imbalance, where the number of non-

purchasing users significantly outweighs those who 

complete transactions. This imbalance can skew model 

training and reduce sensitivity to positive cases. 

Moreover, data preprocessing is a critical yet time-

consuming step. Raw e-commerce data often contains noise, 

missing values, and inconsistent formats. Effective feature 

engineering and normalization are essential to ensure model 

robustness. DL models, in particular, require large volumes 

of high-quality data to perform optimally, which may not be 

feasible for smaller businesses with limited data 

infrastructure. 

The deployment of predictive models in customer analytics 

raises important ethical concerns. Data privacy is 

paramount, especially when handling personally identifiable 

information (PII). Organizations must comply with 

regulations such as the General Data Protection Regulation 

(GDPR) and the California Consumer Privacy Act (CCPA) 

to ensure lawful data usage. Algorithmic bias is another 

critical issue. Models trained on historical data may 

inadvertently perpetuate existing biases, leading to unfair 

treatment of certain user groups. For example, if past 

marketing efforts favored specific demographics, the model 

may learn to prioritize those groups, reinforcing inequality. 

Transparency and accountability are essential, particularly 

for DL models that lack inherent interpretability. 

Implementing fairness-aware algorithms and conducting 

regular audits can help mitigate these risks (Doshi-Velez & 

Kim, 2017) [4]. 

 

Future Research Directions 

Future research in purchase intent prediction should explore 

hybrid modeling approaches that combine the 

interpretability of traditional ML with the accuracy of DL. 

Ensemble methods and model-agnostic explanation tools 

such as SHAP and LIME offer promising avenues for 

enhancing transparency without sacrificing performance. 

Another area of interest is the integration of multimodal data 

sources, including text, images, and voice, to enrich user 

profiles and improve prediction accuracy. Reinforcement 

learning and online learning techniques can also be 

investigated to enable real-time model adaptation based on 

user feedback. Finally, advancing explainable AI remains a 

priority. Developing DL architectures that are inherently 

interpretable or incorporating interpretability constraints 

during training could foster greater trust and adoption in 

business contexts. Collaborative efforts between data 

scientists, ethicists, and domain experts will be essential to 

navigate the technical and ethical complexities of predictive 

modeling in e-commerce. 
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