
Journal of Science Engineering Technology and Management Science                                  ISSN: 3049-0952 

Volume 02, Issue 12, December 2025                                                                                                                www.jsetms.com 

 

96 | Page 

  

 

 
 

INTEGRATING CONSUMER ENGAGEMENT ANALYTICS AND 

PREDICTIVE MODELLING TO ENHANCE E-COMMERCE 

DECISION-MAKING AND MARKETING STRATEGIES 

Manish Gupta
1 
 Dr.Thota Siva Ratna Sai

2
 

1
Research Scholar, Department of computer science and application , P.K. university, 

manish.mca.230678@gmail.com 

2
Professor ,Department of computer science and application, P.K. 

University,sivaratnasai@gmail.com 

Submitted: 05-11-2025                                  Accepted: 19-12-2025                      Published: 26-12-2025 

Abstract 

The rapid expansion of e-commerce has intensified the need for businesses to understand consumer 

engagement behaviours and leverage data-driven strategies to improve decision-making and 

marketing effectiveness. This combined research integrates insights from two prior studies—one 

focused on analysing user engagement metrics through machine learning and another emphasizing 

predictive analytics for marketing optimization—to present a unified framework for enhancing e-

commerce performance. Using comprehensive transaction logs and interaction datasets, the study 

investigates key user engagement metrics such as reading time, session duration, clicks, and page 

views, and evaluates their influence on purchasing decisions. Advanced machine learning models, 

particularly the Random Forest Classifier, are employed to predict consumer behaviour with high 

accuracy, outperforming traditional models like Logistic Regression and Decision Trees. 

Findings demonstrate strong correlations between prolonged engagement and higher conversion 

likelihood, emphasizing the importance of optimizing product content and user experience. The 

research further highlights how predictive analytics can significantly improve marketing strategies by 

enabling precise segmentation, personalized recommendations, and targeted campaigns. Businesses 

adopting these insights observed notable improvements in conversion rates, customer satisfaction, and 

marketing ROI. 

By integrating engagement analysis with predictive modelling, this study offers a holistic approach 

for e-commerce firms seeking data-driven competitive advantage. The unified framework supports 

informed decision-making across content optimization, consumer targeting, and strategic marketing 

interventions. The work also provides a foundation for future enhancements using deep learning, real-

time analytics, and multi-channel consumer behaviour integration. 

Keywords: Consumer Engagement Analytics, Predictive Modelling, E-Commerce Strategy, 

Machine Learning, Conversion Optimization. 
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1.0 INTRODUCTION 

The exponential growth of e-commerce has reshaped global retail dynamics, creating an environment 

where consumer behaviour is increasingly influenced by digital interfaces, online information quality, 

and personalized experiences. Modern consumers interact with e-commerce platforms through 

complex behavioural patterns—such as reading detailed product descriptions, scrolling through 

reviews, engaging with multimedia content, and navigating product pages—that collectively shape 

their decision-making process. Understanding these micro-level interactions has become a crucial 

strategic priority for online businesses aiming to enhance user engagement, optimize product 

presentation, and improve conversion outcomes [1]. 

Consumer behaviour in digital environments is strongly influenced by perceived trust, ease of 

navigation, content relevance, and information clarity. Studies have shown that well-structured 

product information reduces uncertainty and perceived risk, which directly promotes higher purchase 

likelihood [2]. Huang and Benyoucef emphasize that intuitive interface design and smooth interaction 

flow significantly enhance consumer engagement levels, resulting in improved browsing depth and 

repeat visits [3]. Furthermore, customer-generated content such as ratings and reviews plays a vital 

role in shaping trust and credibility, making user engagement metrics even more valuable for 

predictive analysis [4]. 

In parallel, marketing research highlights the increasing importance of consumer engagement as a 

driver of loyalty, satisfaction, and brand advocacy. Calder et al. demonstrated that deeper engagement 

with online content results in higher advertising effectiveness and stronger purchase intention [5]. 

Brodie et al. argue that engagement is not merely a transactional interaction but a dynamic 

psychological process that reflects emotional, cognitive, and behavioural involvement with digital 

platforms [6]. These insights reinforce the need to analyse engagement metrics such as session 

duration, reading time, and click-through behaviour to capture the underlying motivations of online 

shoppers. 

With the advent of big data and advanced analytics, predictive modelling has emerged as a 

transformative tool for e-commerce strategy. Modern machine learning techniques, particularly 

ensemble models like Random Forest, offer robust predictive power and interpretability for complex 

behavioural datasets [7]. Wedel and Kannan highlight the critical role of predictive analytics in data-

rich environments, emphasizing its ability to transform raw interaction data into actionable marketing 

strategies [8]. In e-commerce, such models are widely applied for customer segmentation, purchase 

prediction, personalized recommendations, demand forecasting, and dynamic pricing. 

The integration of engagement analytics and predictive modelling therefore represents a powerful 

approach for strengthening e-commerce decision-making. Paper-I demonstrated how analysing 

metrics such as reading time, page interactions, and click patterns can accurately forecast user 

purchase decisions using machine learning models. Paper-II further contributed by showing how these 

predictive insights can optimize marketing strategies, improve customer satisfaction, and enhance 
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return on investment (ROI) through precise consumer targeting and personalization. When combined, 

these perspectives create a unified framework that connects behavioural understanding with strategic 

marketing execution. 

Despite significant advancements, many businesses still struggle to effectively combine descriptive 

behavioural insights with predictive intelligence to guide real-time decision-making. This unified 

study addresses this gap by presenting a comprehensive approach that integrates engagement metric 

analysis, consumer behaviour modelling, and predictive analytics to support both operational 

optimization and strategic marketing enhancement. The goal is to provide e-commerce businesses 

with a holistic, data-driven model capable of improving user experience, increasing conversion rates, 

fostering customer loyalty, and strengthening competitive advantage in an increasingly saturated 

digital marketplace. 

2.1 Consumer Behaviour in E-Commerce 

Consumer decision-making in online environments differs significantly from traditional retail settings 

because digital platforms rely heavily on information quality, platform design, and perceived trust. 

Kim, Ferrin, and Rao highlight that trust and perceived risk remain powerful determinants of online 

purchase behaviour, strongly influencing whether consumers proceed with transactions [9]. Similarly, 

Pavlou and Fygenson demonstrate that behaviour in e-commerce aligns closely with structured 

models of intention, where information clarity and platform credibility reduce uncertainty and 

strengthen purchase intention [10]. 

Convenience and accessibility also shape online consumer preferences. Researchers such as 

Wolfinbarger and Gilly found that the flexibility of online shopping increases consumer satisfaction 

and encourages repeat usage, positioning convenience as a core driver of digital commerce adoption 

[11]. These studies collectively emphasize the multidimensional nature of consumer behaviour, 

influenced by trust, convenience, risk perception, and information quality. 

2.2 The Role of Product Information and Visual Content 

Information richness significantly affects decision-making in e-commerce environments. Zhou, Dai, 

and Zhang argue that detailed product descriptions enhance clarity and influence acceptance of online 

shopping platforms [12]. Visual content—including images, videos, and demonstrations—plays an 

equally important role. Cyr et al. found that high-quality visuals improve perceptions of reliability and 

authenticity, reducing return rates and improving engagement [13]. 

User-generated content adds another vital layer. Chen, Dhanasobhon, and Smith discovered that not 

all reviews exert the same influence; the credibility of the reviewer and the depth of content 

significantly shape purchase behaviour [14]. These findings highlight that product presentation—both 

from sellers and consumers—affects user trust and the quality of purchase decisions. 

2.3 Engagement Metrics and Consumer Interaction Dynamics 

Engagement metrics such as reading time, scroll depth, click frequency, and session duration reveal 

significant patterns in consumer behaviour. Nielsen’s foundational research indicates that users follow 
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predictable reading patterns, such as the F-shaped scan path, which strongly influences how 

information should be structured online [15]. Richardson and Domingos further assert that prolonged 

engagement signals higher consumer intent, as users invest more time evaluating relevant products 

[16]. 

Emerging technologies such as eye-tracking have advanced the understanding of consumer 

interaction. Studies by Duchi and Ferraris demonstrate that deeper engagement with product 

descriptions correlates positively with conversion probability and consumer confidence [17]. These 

insights emphasize the strategic value of analysing engagement data to predict and influence 

consumer behaviour. 

2.4 Predictive Analytics and Machine Learning in E-Commerce 

Machine learning and predictive analytics have become indispensable in modern e-commerce 

systems. Su and Khoshgoftaar highlight collaborative filtering as a key mechanism behind 

recommendation systems, enabling personalized product suggestions based on behavioural patterns 

[18]. Furthermore, ensemble models such as Random Forest have demonstrated strong accuracy and 

robustness in predicting consumer behaviour, making them preferred tools for complex datasets. 

Wedel and Kannan stress that marketing analytics can transform raw transactional and behavioural 

data into actionable insights, enabling targeted campaigns, refined segmentation, and improved 

marketing efficiency [19]. Predictive analytics also enhances operational capabilities, as demonstrated 

by Yu, Wang, and Lai, who show how data-driven forecasting improves supply chain management 

and inventory planning [20]. 

2.5 Personalized and Targeted Marketing Strategies 

Personalization has become one of the most effective strategies in digital marketing. Adomavicius and 

Tuzhilin emphasize that personalization technologies—combined with behavioural insights—greatly 

improve recommendation relevance and user satisfaction [21]. Zhang, Ackerman, and Adamic expand 

on this by demonstrating how expertise networks support more effective information filtering and 

product matching [22]. 

Customer engagement is also central to relationship-building. Rust and Verhoef highlight that 

strategic use of CRM and behavioural data improves customer retention and long-term profitability 

[23]. Sashi argues that engagement is an evolving process that strengthens buyer–seller relationships 

through continuous interaction, trust-building, and mutual value creation [24]. 

3.0Problem Statement 

E-commerce platforms generate vast amounts of consumer interaction data, including reading time, 

page views, clicks, and session behaviour. However, most businesses struggle to translate these raw 

engagement metrics into meaningful insights that can guide purchasing prediction and marketing 

strategy. Although machine learning models are increasingly used in e-commerce, there remains a gap 

in integrating consumer engagement analytics with predictive modelling in a unified and actionable 

framework. 
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Existing approaches often examine either user engagement patterns or predictive analytics in 

isolation, failing to capture the combined influence of behavioural metrics on purchase decisions and 

strategic marketing outcomes. As a result, businesses lack reliable tools to anticipate consumer intent, 

optimize marketing interventions, and deliver personalized experiences based on actual engagement 

behaviour. 

This study addresses the need for a comprehensive model that connects consumer engagement 

dynamics with predictive analytics to improve decision-making, enhance marketing effectiveness, and 

strengthen overall e-commerce performance. 

3.1 Research Gaps 

1. Lack of Integrated Frameworks: 

Current studies typically analyse engagement metrics or predictive models separately. There 

is a limited number of unified frameworks that combine behavioural analytics with machine 

learning predictions to support strategic e-commerce decisions. 

2. Insufficient Use of Engagement Metrics: 

While many platforms track behavioural signals, few studies fully explore how metrics such 

as reading time, click sequences, and interaction depth can be systematically used to predict 

consumer intent and conversion likelihood. 

3. Limited Connection to Marketing Strategy: 

Existing literature often identifies behavioural patterns but does not effectively translate these 

insights into targeted marketing strategies, segmentation, or personalization approaches. 

4. Gap Between Data Collection and Practical Application: 

Many e-commerce businesses collect extensive user data but lack a structured method to 

convert these datasets into actionable recommendations for improving customer engagement 

and sales performance. 

5. Need for More Accurate Predictive Models: 

Traditional models used for predicting purchase behaviour often lack the accuracy or 

robustness required for real-time e-commerce environments. There is a need for higher-

performing machine learning models capable of processing complex behavioural datasets. 

6. Insufficient Focus on Multi-Metric Behavioural Patterns: 

Most studies focus on single engagement factors (such as clicks or time spent), whereas real 

consumer behaviour is multi-dimensional and requires models that capture the interplay 

among several engagement indicators. 

7. Limited Practical Evaluation: 

Few studies evaluate how predictive insights can directly enhance marketing outcomes such 

as ROI, conversion rates, and customer satisfaction when applied in real-world e-commerce 

contexts. 
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4.0 Objectives of the Research 

1. To analyse consumer engagement metrics and interaction patterns on e-commerce 

platforms. 

This includes studying reading time, session duration, page views, clicks, and other 

behavioural indicators. 

2. To determine the influence of engagement metrics on consumer purchase decisions. 

The goal is to identify how deeper interaction increases the likelihood of conversion. 

3. To develop predictive machine learning models for forecasting consumer purchasing 

behaviour. 

Models such as Random Forest, Logistic Regression, and Decision Tree will be trained and 

evaluated. 

4. To identify the most accurate predictive model for behaviour classification and 

purchase prediction. 

Model performance will be assessed based on accuracy, precision, recall, and F1-score. 

5. To apply predictive insights to enhance e-commerce marketing strategies. 

This includes improving customer segmentation, personalization, and targeted advertising. 

6. To propose an integrated framework that connects engagement analytics with 

predictive modelling for strategic decision-making. 

The framework aims to support better conversions, improved user experience, and optimized 

marketing outcomes. 

5.0 Research Methodology 

The research methodology adopted in this study follows a structured approach encompassing dataset 

selection, data preprocessing, feature engineering, model development, and performance evaluation. 

This methodological framework ensures reliable analysis of consumer engagement behaviours and the 

development of accurate predictive models for forecasting purchasing decisions. 

5.1 Dataset Details 

The study is based on an e-commerce transaction log dataset containing detailed records of user 

interactions with product pages. The dataset includes variables such as reading time, session duration, 

click counts, page views, scroll depth, and interaction sequences. Additionally, it contains the binary 

purchase decision that serves as the target variable for prediction. In certain cases, demographic 

attributes such as age or user type are also included to capture behavioural differences across user 

groups. This dataset was selected because it provides a comprehensive representation of real-world 

engagement patterns and is highly suitable for both behavioural analysis and machine learning 

applications. The availability of continuous and categorical variables further supports robust 

modelling and pattern discovery. 
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5.2 Data Preprocessing 

Before model training, the dataset underwent a rigorous preprocessing phase to enhance quality and 

consistency. Missing values were addressed through statistical imputation, using mean or median 

values for numerical variables and mode replacement for categorical attributes. This step prevented 

loss of valuable data and ensured completeness. Categorical variables, such as user type or interaction 

category, were encoded into numerical format through label encoding or one-hot encoding to make 

them compatible with machine learning algorithms. Numerical variables were then standardized using 

methods such as Standard Scaler or Min–Max scaling to ensure that features with larger numeric 

ranges did not disproportionately influence model learning. Outliers were also detected using z-score 

thresholds and interquartile range techniques, ensuring that extreme behavioural values did not distort 

the modelling process. Through these procedures, the dataset was transformed into a clean and 

structured format suitable for machine learning. 

5.3 Feature Engineering and Selection 

The next phase involved engineering and selecting relevant features that would enhance model 

accuracy. New variables were derived by combining existing engagement attributes to better capture 

user interaction patterns. For instance, an engagement score was created by integrating reading time, 

click frequency, and page view counts, providing a holistic measure of user interest. Additional 

features such as time-to-click intervals and interaction depth were generated to reflect behavioural 

nuances. To identify the most influential predictors, feature importance analysis was carried out using 

Random Forest techniques. This analysis highlighted reading time, click counts, and page views as 

some of the most significant factors influencing purchase decisions. Less relevant features were 

removed to reduce noise and improve computational efficiency, ensuring that the final model focused 

on the most meaningful behavioural indicators. 

5.4 Model Development and Training 

Three supervised learning algorithms—Logistic Regression, Decision Tree, and Random Forest—

were developed to predict consumer purchase behaviour. Logistic Regression served as a baseline 

model due to its interpretability and ability to classify linear relationships. Decision Tree models were 

employed to understand rule-based patterns in user interactions, providing transparent decision 

pathways. The Random Forest classifier, an ensemble method combining multiple decision trees, was 

implemented to handle non-linear dependencies and enhance predictive accuracy. The dataset was 

divided into training and testing subsets, commonly using an 80:20 or 70:30 ratio. Hyperparameter 

tuning was performed using grid search or randomized search techniques to optimize model 

performance. Cross-validation ensured that the models generalized well across unseen data. Among 

the models, Random Forest demonstrated the best performance due to its robustness and ability to 

handle complex behavioural data. 
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5.5 Model Evaluation 

Model performance was assessed using widely accepted classification metrics. Accuracy measured 

overall prediction correctness, while precision reflected the model’s ability to correctly identify actual 

buyers. Recall evaluated how effectively the model captured true positive purchase cases. The F1-

score provided a balanced measure by harmonizing precision and recall, especially important for 

datasets with class imbalance. Confusion matrices were also analysed to understand misclassification 

trends and identify areas where the model struggled. The Random Forest classifier consistently 

outperformed Logistic Regression and Decision Tree models across all metrics, confirming its 

effectiveness for predicting purchase behaviour in e-commerce environments. Its superior 

performance validated its suitability as the primary predictive tool for subsequent marketing strategy 

recommendations. 

6.0 Findings and Results 

This section presents the key findings and results derived from the analysis of e-commerce user 

engagement and predictive modeling, based on the insights of Paper-I and Paper-II by Manish Gupta. 

Both studies utilize e-commerce transaction logs and user interaction data to explore patterns in 

consumer behavior and evaluate machine learning models for purchase prediction. The findings are 

organized into thematic categories for clarity. 

6.1 Consumer Interaction Dynamics 

The analysis demonstrates a strong relationship between user engagement and purchase behavior. 

Longer time spent on product pages correlates with higher likelihood of purchase, with users spending 

121–180 seconds being more than twice as likely to complete a purchase compared to those spending 

≤60 seconds. Session duration also positively correlates with clicks and pages viewed, indicating that 

more engaged users interact more extensively with platform content. Specifically: 

 Correlation Metrics: 

o Session duration ↔ Clicks: 0.75 

o Session duration ↔ Page views: 0.62 

o Engagement metrics (clicks, page views) ↔ Purchase decision: 0.39 – 0.52 

Additionally, distinct consumer segments display varying content preferences. Younger users tend to 

favor visually rich content, whereas older users prefer detailed product descriptions and reviews. This 

highlights the need for demographic-specific personalization strategies. 

6.2 Predictive Model Performance 

The studies evaluated multiple machine learning models to predict purchase intent, with a focus on 

Random Forest, Decision Tree, and Logistic Regression classifiers. Key performance observations 

include: 
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Model Accuracy Precision Recall F1-Score Remarks 

Random Forest 

Classifier 

85% 0.88 0.82 Highest Consistently the best 

performing model 

Decision Tree 

Classifier 

82% ~0.84 ~0.80 Good Outperformed by Random 

Forest 

Logistic Regression 79% ~0.81 ~0.77 Moderate Lowest performance among the 

three 

The Random Forest Classifier consistently achieved the highest predictive accuracy and balanced 

precision-recall metrics, making it the most reliable model for purchase prediction in this domain. 

Comparison with baseline models shows substantial improvement over Logistic Regression (79% 

accuracy) and Decision Tree (82% accuracy). 

6.3 Business Impact of Implementation 

Implementation of predictive insights derived from user engagement analysis and machine learning 

models demonstrates tangible benefits for e-commerce businesses: 

 Conversion Rates: Targeting high-probability buyers identified by the Random Forest model 

significantly increased purchase conversions. 

 Customer Satisfaction: Personalized recommendations based on engagement metrics led to 

improved satisfaction scores. 

 Marketing ROI: Focused targeting reduced unnecessary ad spend while enhancing revenue, 

improving overall cost efficiency. 

6.4 Descriptive User Behavior Statistics 

The descriptive analysis of user interaction provides context for model inputs and engagement 

patterns: 

 Average session duration: ~120.5 seconds (median: 110 seconds) 

 Average clicks/features interacted: 3.2 

 Average pages viewed per session: 2.8 

These metrics confirm that engagement levels vary substantially across users, reinforcing the 

importance of personalized predictive approaches. 

6.5 Key Actionable Insights 

Based on the consolidated findings, the following insights are derived for practical application: 

1. Engagement duration is a leading indicator of purchase intent, with users spending >120 

seconds on product pages being 2.4× more likely to purchase than those spending ≤60 

seconds. 

2. Random Forest Classifier is the most reliable model for predicting purchase behavior, 

achieving consistently high accuracy (85%). 
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3. Personalized recommendations enhance performance, improving conversions, customer 

satisfaction, and ROI. 

4. Segment-specific strategies are essential, as content preference differs across demographics. 

5. Predictive targeting reduces wasted marketing spend, focusing resources on users with the 

highest likelihood of purchase. 

6.0 Conclusion and Future Scope 

6.1 Conclusion 

The present study consolidates findings from two comprehensive analyses of e-commerce user 

engagement and predictive modeling. The results highlight the critical role of consumer interaction 

metrics—such as session duration, clicks, and page views—in influencing purchase behavior. Users 

who spend more time exploring products are significantly more likely to make purchases, confirming 

that engagement duration is a strong predictor of buying intent. Among the predictive models 

evaluated, the Random Forest Classifier consistently outperformed Decision Tree and Logistic 

Regression models, achieving high accuracy, precision, and recall. This indicates that ensemble 

learning techniques are particularly effective for modeling complex consumer behaviors in e-

commerce environments. The practical implementation of these predictive insights demonstrates 

measurable improvements in business outcomes, including higher conversion rates, enhanced 

customer satisfaction, and more efficient marketing spend. Additionally, segment-specific strategies 

derived from demographic preferences underline the importance of personalized approaches to 

maximize engagement and revenue. Overall, the findings provide strong empirical support for 

integrating user engagement analytics with machine learning to optimize e-commerce performance. 

6.2 Future Scope 

While the study demonstrates significant predictive and business advantages, there are several 

avenues for future research and development. Future studies could explore the integration of real-time 

user behavior data and social media sentiment analysis to further refine predictive accuracy. 

Incorporating advanced deep learning models, such as Long Short-Term Memory (LSTM) networks 

or Transformer-based architectures, may capture temporal patterns in user interactions more 

effectively than traditional machine learning models. Additionally, expanding the scope to multi-

platform datasets could improve the generalizability of predictive models across different e-commerce 

ecosystems. Further research could also investigate explainable AI techniques to enhance 

transparency in predictive decision-making, enabling marketers to better understand model outputs 

and trust recommendations. Lastly, continuous adaptation of predictive models to evolving consumer 

behavior trends and personalization strategies can provide sustained improvements in engagement, 

conversion, and return on investment, ensuring long-term competitive advantage for e-commerce 

platforms. 
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