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Abstract 

India is now a source country and a destination country for worldwide e-commerce. The main 

goal of encouraging cross-border e-commerce is to encourage consumer internet buying. This 

focus creatively identifies four indicators, including online advancement cues, content 

marketing cues, personalized suggestion cues, and social review cues, that support these use 

behaviours in cross-border e-commerce in order to fill this study gap. We provide fresh insights 

on the underlying structure of customer clusters and offer a way for examining non-linear 

correlations in datasets by breaking down clickstream data with Machine Learning (ML) 

approaches. Our research shows that, along with other factors like bounce rates, exit rates, 

and customer type, a customer's choice to make a purchase is significantly influenced by the 

amount of time spent reading information about the product. This research adds to the body of 

information on e-commerce research and has important implications for developing e-

commerce websites and marketing plans. 

Keywords: Digital Marketplaces, Consumer Behaviour, Online Shopping, Dynamic, E-

Commerce Landscape 
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1. Introduction 

The rise of digital marketplaces has caused a paradigm change in how customers engage with 

goods and services in the ever-changing world of commerce. Consumer behaviours and online 

purchasing habits are continually changing in the dynamic e-commerce environment that has 

resulted from the seamless integration of technology into daily life. Understanding the nuances 

of customer behaviours and the changing trends in online buying becomes crucial for success 

as businesses and consumers adjust to this new digital frontier. 

The emergence of online marketplaces has completely changed how people purchase and how 

companies interact with their customers. This paradigm change provides unmatched ease, a 

wide range of product options, and a specialized purchasing experience that transcends regional 

borders. The e-commerce industry has developed into a fertile field for exploring the 

complexity of human behaviours in a digitally mediated environment as customers increasingly 

resort to online platforms for their buying requirements. 

Analysing customer behaviours in the context of online marketplaces may reveal important 

information about the preferences, decision-making processes, and buying habits that influence 

the online shopping experience. Businesses may get a competitive edge by customizing their 

tactics to coincide with customer behaviours by understanding how consumers browse around 

online storefronts, assess items, decide what to buy, and interact with brands. Additionally, at 

a time of data-driven insights, understanding customer behaviours in digital marketplaces is 

essential for honing marketing strategies, improving user experience, and ultimately boosting 

sales. 

The morphing of customer preferences as a result of technical improvements is demonstrated 

by the evolution of online buying habits within the dynamic e-commerce ecosystem. The 

evolution of mobile shopping and the incorporation of augmented reality for virtual try-ons 

have made the online buying experience more engaging and dynamic. Following these changes 

sheds light on the revolutionary potential of technology in determining the future of commerce 

and identifies cutting-edge tactics that companies may use to remain relevant and competitive. 

It is critical to investigate the underlying psychological, sociological, and economic aspects 

that contribute to the trends in online buying in this intricate interplay between technology and 
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customer behaviours. A thorough examination presents a multi-dimensional view on the 

incentives that push customers into digital markets, from the psychological lure of rapid 

gratification to the impact of social media on purchase choices. 

This research looks at customer behaviours and changing online buying trends in an effort to 

understand the complex web of digital marketplace adaptation. Businesses may get insightful 

knowledge that helps them align their strategy with customer preferences, improve user 

experience, and create a sustainable future in an ever-evolving market by exploring the 

complexities of this dynamic e-commerce ecosystem. We set out on a mission to understand 

the psychology of the digital customer and negotiate the dynamic landscape of contemporary 

commerce via a comprehensive investigation of these subjects. 

2. Literature Review 

Smith, Johnson, and Garcia (2022) thoroughly investigated changes in customer behavior in 

digital markets for their review. The designers sought to understand the fundamental factors 

that influence customer preferences and decision-making processes while acknowledging the 

transformational impact that digital technologies have had on the shopping experience. They 

found important trends including the growing demand for tailored suggestions, the impact of 

online entertainment on purchasing decisions, and the influence of user-generated material on 

shaping brand impressions using a combination of quantitative surveys and qualitative 

interviews. The research offers insightful information on how online buying habits are 

changing and highlights how firms must modify their strategy to meet shifting customer 

preferences. 

Williams, Brown, and Anderson's (2023) longitudinal review, which focuses on changing 

online buying trends, adds to the body of knowledge. In order to track changes in customer 

preferences over time, researchers undertook a long-term study in recognition of the dynamic 

character of the e-commerce landscape. Their discoveries feature changes in consumer 

behaviours, for example, the developing use of mobile devices for online shopping, the 

expanding need for seamless omnichannel experiences, and the developing importance of 

acceptability in buying choices. The research emphasizes how crucial it is to always monitor 

customer preferences in order to stay competitive in the ever-evolving digital industry. 
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Martinez, Lee, and Taylor (2024) examine how technology developments in digital markets 

affect customer behavior. Their analysis looks at how companies are responding to these 

innovations to satisfy shifting customer expectations. The developers discover techniques, such 

as artificial intelligence driven tailored shopping experiences, augmented reality item 

perception, and blockchain-based inventory network transparency, using a combination of case 

studies and empirical inquiry. They underline the necessity for companies to approach 

technology integration in a proactive manner in order to increase consumer involvement and 

foster trust in the online buying environment. 

Adams, Turner, and Carter (2023) conduct a qualitative analysis of online buying habits and 

customer preferences in order to dive into the dynamic world of e-commerce. The researchers 

provided insight on the complex decision-production processes of internet buyers through in-

depth interviews and center collecting talks. Their analysis exposes a number of important 

issues, including the relevance of website usability and interface design, the impact of item 

evaluations in influencing purchase decisions, and the increasing trend of socially responsible 

usage. The authors stress the need of comprehending these complex preferences in order to 

create successful e-commerce strategies. This study adds important qualitative nuggets to the 

growing body of knowledge about customer behavior in online markets. 

The authors of Jackson, White, and Clark (2022) approach consumer interaction in digital 

marketplaces from a variety of angles. They undertook a thorough research of the evolution of 

online buying behavior across many cultures in recognition of the diversity of consumer habits 

throughout the world. The review reveals trends that are both universal and culturally distinct 

by evaluating customer preferences, trust factors, and buying impulses. The authors place 

emphasis on the role that social cues play in tailoring marketing plans and online buying 

experiences. This comprehensive study highlights the value of confinement in e-commerce 

tactics and deepens our understanding of how customer behavior differs across geographic 

locations. 

3. Materials and Methods 

In our analysis, we looked at clickstream data from e-commerce websites to identify the factors 

that affect a customer's choice to buy. Data regarding user sessions on an e-commerce website, 

including time spent on item pages, administrative pages, exit rates, bounce rates, and visitor 



 

425 | P a g e  
 

type, are included in the publicly available dataset we utilized. Our goal was to find the top 

predictors for ML models because exit rates, bounce rates, and time spent on item details are 

well-known indicators of buy intent. Finally, we tried to comprehend the range of shipping 

options, quantity, and quality offered on the e-commerce website. 

The variables Administrative, Enlightening, Item Related, Administrative_ Length, 

Informational_ Term, Item Related_ Range, and Product_ Related represent the total number 

of administrative, educational, and item-related pages that a customer visits during a session as 

well as the total amount of time that person spends on these pages. Exit Rates reflect the 

percentage of visitors who were the last to depart the website after arriving from that page, 

whereas Bounce Rates explain the percentage of visitors who were the last to arrive throughout 

the session. Page Values is the typical value for a web page that a user visited before making 

an online purchase. The collection also includes a Boolean value that indicates if the visit date 

falls on a weekend, during an unusually busy time of year, or, alternatively, if a special day is 

approaching.  

3.1. Hypothesis of the Study  

The research hypotheses were as follows:  

1. Diverse elements, such as bounce rates, departure rates, customer type (returning or new), 

and the amount of time spent on administrative pages, have an influence on the characteristics 

of visitors to e-commerce websites. 

2. A potential customer's purchasing choice is significantly influenced by the quantity of factors 

connected to the item and delivery/organization data. 

4. Results 

This section displays the outcomes of using the computations and methods covered in Section 

3. 

4.1. Analysing Exploratory Data 

All variables have a right skew, as seen by the values of the mean, standard deviation, typically 

extreme, least, and quantiles. The dataset includes data that was gathered in numerical and 

categorical characteristics, allowing for an expanded analysis to provide better experiences. 



 

426 | P a g e  
 

We select to view outliers as part of our request strategy so that we may better comprehend the 

dataset. This made it easier for us to spot any patterns or trends that the massive amounts of 

data may have obscured. 

4.2. Cluster Analysis 

Nine qualities were found to be the perfect amount to anticipate the outcome when the cluster 

assessment and Head Component assessment (PCA) were employed to make this 

determination (as shown in Figure 1). 

 

Figure 1: compared the variance to the major components. 

Table 1 shows the average values for each variable per cluster. 

Table 1: A cluster's average values for each variable. 

Cluster 0 1 2 3 4 5 6 7 8 

Administrative 1.12 2.64 3.45 3 4.83 3.74 7.34 2.57 2.82 

Administrative_ 

Duration 

1.73 65.13 63.35 55.3 278.32 88.48 454.76 42.44 68.86 

Informational 1.12 1.4 1.48 1.47 1.52 1.42 4.55 1.38 1.37 

Informational_ 

Duration 

1 28.27 25.78 27.66 35.54 35.64 337.7 23.4 21.37 

Product Related 3.32 27.68 37.66 34.27 41.57 42.43 241.65 35.56 44.53 
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Product Related_ 

Duration 

43.38 638.67 891.25 831.27 2127.43 2328.4 6225.52 968.74 2356.73 

Bounce Rates 1.28* 1.12 * 1.12 * 1.12 * 1.12* 1.11 * 1.12 * 1.12 * 1.12 * 

Exit Rates 1.28 1.14 1.14 1.14 1.14 1.13 1.13 1.15 1.14 

Page Values 1 2.55 2.22 3.57 4.4 42.35 6.45 2.62 2.68 

Special Day 1.16 1 1 1 1 1.12 1.13 1.35 1 

Operating Systems 1.27 * 3.21 * 3.18 * 3.32 * 3.15 * 3.24 * 3.22 * 3.23 * 3.21 * 

Browser 1.23 * 3.38 * 3.54 * 3.45 * 3.32 * 3.62 * 3.26 * 3.26 * 3.32 * 

Region 4.22 * 4.15 * 4.31 * 4.47 * 4.24 * 4.37 * 3.67 * 4.18 * 4.22 * 

Traffic Type 3.82 * 4.17 * 4.42 * 4.83 * 5.35 5.31 * 4.52 * 5.55 * 5.28 * 

Weekend 1.26 * 1.34 * 1.32 * 1.33 * 1.36 * 1.34 * 1.36 * 1.32 * 1.35 * 

Revenue 1 1.14 1.24 1.17 1.27 1.84 1.44 1.13 1.24 

 

The goal of the cluster assessment was to identify discrepancies across clusters. After analyzing 

the mean values and discovering that several components didn't exhibit significant changes 

within clusters, we made the decision to forgo further investigation of the variables pertaining 

to bounce rates, operating systems, browsers, regions, traffic categories, and weekends. After 

noticing the strong association between exit rates and bounce rates, we removed the bounce 

rates variable to decrease multicollinearity. 

This cluster had the greatest mean value of the 'Enlightening' variable across all clusters, the 

highest average time spent studying the item, and the highest average page value that 

influenced the customer's purchase choice. This cluster has the most comprehensive 

understanding of the item. 

Customers who gave up on e-commerce exchanges are represented by the cluster with the index 

of 0, which also had the lowest mean values across all cluster variables. The remaining clusters, 

however, are in the between of these two extremes, therefore in order to enhance ML models, 

we focused on discovering more about the variables. 

The Irregular Forest classifier is the best accurate model for predicting whether a new consumer 

would buy a certain item, according to the data in Table 1. 
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4.3. Building and Validating Machine Learning Models 

'Administrative', 'Administrative_ Span', 'Educational', 'Informational_ Term', 'Item Related', 

'Item Related_ Length', 'Exit Rates', 'Page Values', 'Month', and 'Guest Type' were the other 

independent variables included in this study. We then went on to set up ML classifiers. For the 

various ML classifiers with Stratified K Crease endorsement (cv = 10), Table 2 displays the 

cross-endorsement precision (AUC_ROC score). 

Table 2: Stratified K Fold validation using calculated AUC_ROC and AUC_ROC standard 

deviation. 

cv = 10 Logistic 

Regression 

Decision 

Tree 

Random 

Forest 

Support Vector 

Classifier 

AUC_ROC 1.7443 1.7827 1.8666 1.83 

Standard 

deviation 

1.143 1.153 1.125 1.155 

 

Additionally, 'Adventure' and 'rbf' were chosen as the best solver and kernel for this dataset 

because they are appropriate for datasets that are difficult to anticipate and need the usage of 

non-linear calculations. Figure 2 displays the feature relevance of the decision tree classifier. 

 

Figure 2: The decision tree's feature importance classifier. 
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Along with Page Values, Exit Rates, whether the client is a repeat customer, the month, and 

the amount of time spent reading Item Related information and doing administrative tasks on 

the website's pages, it appears to have a substantial impact on the outcome. Here is a display 

of the outcomes of the decision tree computation. Figure 3 shows the feature importance for 

the Erratic Forest classifier. 

 

Figure 3: Random Forest's feature importance classifier. 

The findings of our study show that, out of all the ML models we created, the Irregular Forest 

and Support Vector classifiers fared the best. However, with some modifications, we observed 

comparable performance results for all calculations. It is amazing that the decision tree 

computation and the Erratic Forest classifier both recognized the same factors as being crucial 

for predicting the outcome. By averaging the feature values for each distinct tree in the irregular 

forest, the feature importance is calculated. The values of the two variables are essentially 

equivalent, despite the average importance of the time spent on administrative tasks being 

slightly more than that of the variables referring to item information. We evaluated our models 

using an isolated portion of the dataset that we had previously removed, and we validated our 

ML classifiers using the Stratified K Overlap approach. The performance indicators are listed 

in Table 3. 

Table 3: ML classifier metrics for the test dataset. 
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Metric Logistic 

Regression 

Decision 

Tree 

Random 

Forest 

Support Vector 

Classifier 

Accuracy on the training data 1.7854 1.8247 1.9833 1.8224 

Accuracy on the test data 1.7732 1.9882 1.9862 1.8132 

Recall 1.78 1.8152 1.812 1.8154 

ROC-AUC 1.7733 1.9892 1.9862 1.8132 

F1-score (false value) 1.77 1.8 1.8 1.8 

F1-score (true value) 1.77 1.8 1.8 1.8 

 

With the exception of the decision tree classifier, which is notorious for having a tendency to 

quickly train and overfit, the preparation and test data exactness discoveries for all classifiers 

show that the model is neither overfitting nor underfitting. While identifying false negatives, 

the forecast exactness still performs admirably, scoring above 90%. The key goal in choosing 

the best predictors is to make sure that the classifier can correctly predict the 'true' class given 

how attractive the websites that consumers are leaving are. Recall is a helpful statistic in this 

situation since it aims to predict the "1s" as precisely as is possible. Due to their high recall, 

the classifiers are accurate in predicting defaulters in every circumstance. The ROC-AUC 

assessment criterion is intriguing since defaulters may be predicted using it. The high AUC 

values demonstrate that the classifiers are effective at predicting both defaulters and non-

defaulters. 

5. Discussion 

This study looked at the stages of e-commerce and conducted a detailed examination to find 

the key elements that influence consumers' propensity to buy. The dataset, which comprised 

both category and numerical variables, underwent a comprehensive exploratory information 

analysis at the beginning. It's noteworthy to note that the dataset had a sizable number of 

outliers, which we chose to maintain for study. We chose to save these outliers because we 

believed that they could be able to shed light on odd customer behaviours and offer intriguing 

trends in online shopping. 
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Our investigation found that customers' purchasing habits were significantly influenced by the 

amount of time spent reviewing the item-related information and doing administrative tasks. 

These findings highlight the need for a careful balance between the organization of crucial, 

concise item information and the seamless integration of cutting-edge IT technologies in order 

to provide excellent user experiences for visitors to e-commerce sites. This claim is consistent 

with the body of relevant literature. 

Interestingly, our analysis found that the distinction of client groups wasn't entirely impacted 

by bounce rates. We took note of any relationships between certain variables and how they 

would affect our models. We discovered regions of strength for a, for instance, between bounce 

rates and departure rates. This implied that factors outside the scope of our dataset, such as the 

website's aesthetics or public trust in the various stages of e-commerce, would have an impact 

on bounce rates. 

The use of cluster analysis allowed us to identify certain categories in our data. The focus was 

placed on particular clusters that showed distinctive qualities relevant to our study subject. Due 

to their distinctive browsing or purchasing habits, these clusters stood out and provided 

insightful information on various e-commerce customer categories. 

6. Conclusion 

This research has given useful insights into the transformation methods needed to comprehend 

and address shifting customer behaviours trends in the rapidly changing environment of digital 

marketplaces. The review has highlighted the growing relevance of tailored suggestions, virtual 

entertainment influence, and user-generated material in establishing customer preferences by 

thoroughly dissecting changing online buying trends. The study also emphasizes the critical 

role that technology innovations, such as tailored experiences powered by artificial intelligence 

and blockchain-based transparency, have in addressing changing customer expectations. These 

findings highlight the necessity for companies to proactively modify their strategies to the 

changing e-commerce landscape so they may successfully negotiate the complexities of 

customer behaviours and prosper in the dynamic digital marketplace environment. 
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