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Abstract 

This study explores the use of machine learning algorithms to predict online shopper purchase intention, aiming to provide e-commerce businesses 
with actionable insights into consumer behavior. The Online Shoppers Purchasing Intention dataset, containing 12,330 session records from an 
e-commerce site, was analyzed using two classification models: Random Forest and Support Vector Machine (SVM). The models were evaluated 
based on key performance metrics including accuracy, precision, recall, F1-score, and ROC AUC. Results showed that the Random Forest model 
outperformed the SVM model, achieving an accuracy of 90.43% and a ROC AUC score of 0.94, indicating strong predictive capability. 
PageValues and ProductRelated_Duration were identified as the most important features influencing purchasing behavior, with higher values of 
these features being strongly associated with successful purchases. The study provides valuable insights into the behaviors that drive purchasing 
decisions in e-commerce, showing that longer engagement with product-related content and higher monetary value pages significantly increase 
the likelihood of conversion. While the study contributes to understanding online shopper behavior through machine learning, it is limited by the 
class imbalance in the dataset and the absence of more granular customer data. Future research could address these limitations by incorporating 
additional features and exploring deep learning models for more accurate predictions. Practical implications of the study suggest that e-commerce 
businesses can improve conversion rates by optimizing product-related pages and focusing on key user behaviors that are predictive of purchases. 
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1. Introduction 

The rise of e-commerce has fundamentally transformed the global business landscape, driven by technological 

advancements and changing consumer behaviors. E-commerce, characterized by the buying and selling of goods and 

services through the internet, has become an essential component for businesses across various sectors. This 

transformation has been influenced largely by increasing internet penetration, enhanced mobile connectivity, and the 

growing trust in online transactions, which collectively foster an environment conducive to e-commerce growth [1], 

[2]. 

One significant factor contributing to the growth of e-commerce is the improvement in digital infrastructure, including 

the expansion of broadband and mobile networks, as well as the development of various payment methods. Enhanced 

technological capabilities have enabled businesses, especially Small and Medium Enterprises (SMEs), to reach broader 

markets that were previously inaccessible, thus amplifying their competitiveness and innovation [3], [4]. E-commerce 

allows these businesses to not only reduce costs associated with traditional retail but also to expand their product 

offerings and customer bases significantly [5]. 

Furthermore, e-commerce has become a crucial driver of economic growth, particularly evident during the COVID-19 

pandemic when physical interactions were limited. The surge in online shopping during this period highlighted the 

resilience and adaptability of the e-commerce sector. Global e-commerce sales reached approximately $4.28 trillion in 

2020, and it is projected to rise to $5.4 trillion by 2024. This growth trend has been particularly pronounced in 

developing countries, such as China, which has quickly become the largest e-commerce market globally [6], [7]. 
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The implications of e-commerce extend beyond mere economic metrics; it has led to a substantial shift in consumer 

behavior and expectations. With the ease of accessing various products and services, consumers have become 

accustomed to lower search costs and a wider array of choices than what conventional retail can provide [5]. 

Additionally, e-commerce platforms have created efficiencies that benefit consumers while facilitating better inventory 

management and supply chain logistics for businesses. The reliance on e-commerce has established a new normal in 

business operations, necessitating continuous adaptation to remain competitive in a rapidly evolving marketplace. 

The challenge of predicting purchase intent in online shopping sessions stems from a multitude of factors that 

significantly influence consumer behavior. Consumer attitudes play a critical role in shaping online purchase intentions, 

making their understanding paramount for e-commerce platforms [8]. For instance, the interplay between hedonic 

motivations—such as pleasure and satisfaction derived from shopping—and trust affects consumers' willingness to 

engage in online transactions. The complexity of these dynamics often makes it difficult for businesses to accurately 

forecast consumer behaviors. 

Moreover, information overload poses a considerable challenge. Consumers today are inundated with vast amounts of 

information, including online reviews and product details. Such overload can lead to confusion, affecting the decision-

making process and, consequently, the purchase intent [9]. However, some research suggests that electronic word-of-

mouth (E-WOM) can impact purchase decisions, but its effectiveness may be diminished by excessive or contradictory 

information. 

Additionally, perceived risk remains a significant barrier to predicting purchase intent. Consumers' anxiety about 

product quality, transaction security, and the overall reliability of online retailers can deter them from completing 

purchases. For example, in markets specializing in non-standardized products, mitigating perceived risks through 

quality assurances and enhanced payment security is essential for increasing purchase intent [10]. This relationship 

underscores the importance of trust and safety in shaping online consumer behavior, which tends to be unpredictable 

and varies significantly across different shopping contexts [11]. 

Furthermore, psychological factors also play a vital role in shaping purchase intentions. Behavioral studies indicate 

that internal traits, such as a consumer's propensity to be a reflexive buyer, can significantly influence purchasing 

decisions. Such internal factors, coupled with external influences like social norms, highlight the multi-faceted nature 

of consumer behavior [12]. Situational ethics also play an important role; consumers’ norms and attitudes can drive 

their decisions in specific contexts, particularly during events that fundamentally alter shopping behaviors, such as the 

COVID-19 pandemic [13]. 

The objective of this study is to predict online shoppers' purchase intention using machine learning algorithms. By 

leveraging various session-based features such as the number of pages visited, time spent on each page, and session 

bounce rates, the goal is to develop a predictive model that can accurately classify whether a given online shopping 

session will result in a purchase. Specifically, the research will utilize two popular machine learning algorithms—

Random Forest and Support Vector Machine (SVM)—to build and evaluate classification models. These models will 

be trained to predict the "Revenue" target variable, which indicates whether the session resulted in a purchase (True) 

or not (False). 

The significance of this study lies in its potential to improve e-commerce strategies and customer targeting. As online 

shopping continues to grow in scale and complexity, understanding and predicting purchasing behavior can 

significantly enhance personalized marketing, inventory management, and sales forecasting. By accurately predicting 

whether a session will lead to a purchase, e-commerce businesses can optimize their resources and tailor customer 

engagement efforts in real-time. This research could also provide insights into which features or behaviors are most 

predictive of a purchase, allowing businesses to refine their strategies and increase conversion rates. 

2. Literature Review 

2.1. Online Shopper Behavior 

Research on factors influencing online purchase decisions has identified several key determinants that shape consumer 

behavior in the digital marketplace. Central to many studies is the integration of psychological theories, such as the 
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Theory of Planned Behavior (TPB) and the Technology Acceptance Model (TAM), which help to elucidate the 

reasoning behind consumer decisions. For instance, Nguyen et al. underscore the significant influence of the e-

commerce platform's reputation and credibility on online purchase intention, noting that a high e-commerce exchange 

image directly correlates with consumers' willingness to buy [14]. 

Another critical factor is the role of online customer reviews and influencer marketing, highlighted by Fachmi and 

Sinau. Their study indicates that these variables jointly contribute to approximately 34.7% of the purchase decision-

making process. The influence of social media, online brand loyalty, and the effectiveness of influencers plays a 

substantial role, although other external factors, such as product pricing and marketplace competition, also significantly 

affect purchase decisions [15]. 

The quality of e-services and the ease of transaction are also pivotal elements contributing to consumers' purchasing 

decisions. Hartono et al. emphasize that enhanced e-service quality can lead to more effective and appealing online 

transactions, thereby positively influencing purchasing behavior [16]. Additionally, studies focused on specific product 

categories, such as food products, have shown that consumers place considerable value on factors like food hygiene, 

price, and convenience when selecting online offerings. Similarly, Rahman and Sultana identify brand name, pricing, 

and product quality as substantial drivers of mobile phone purchasing behavior, further asserting the subjective nature 

of these purchase intentions within specific market  [17]. 

2.2. Machine Learning in E-Commerce 

The application of machine learning algorithms, particularly Random Forest (RF) and Support Vector Machine (SVM), 

in predicting purchase behavior has garnered significant attention in recent research. These algorithms leverage large 

datasets to uncover patterns and trends in consumer behavior, aiding businesses in making informed marketing and 

operational decisions. 

Random Forest is a versatile ensemble learning method known for its effectiveness in classification tasks. In the context 

of e-commerce, RF has been utilized to predict customer purchase behavior by analyzing various input features derived 

from user interactions, preferences, and transaction histories. A study by Sunarya et al. demonstrated the capability of 

Random Forest to outperform logistic regression in terms of predictive accuracy, showcasing its robustness in handling 

complex datasets common in e-commerce environments [18]. This algorithm’s inherent ability to manage high-

dimensional data while mitigating overfitting makes it particularly suited for applications in online shopping behavior 

prediction. 

Support Vector Machine, on the other hand, is favored for its effectiveness in high-dimensional spaces and its flexibility 

in choosing various kernel functions. Its application has been discussed in the context of financial market predictions, 

underlining its capacity to discern patterns in data that could also apply to user behavior in e-commerce [19]. 

Additionally, RF and SVM have been compared in terms of their predictive power for e-commerce customer behavior, 

with some studies revealing that RF may offer advantages in scenarios characterized by diverse and non-linear 

relationships between variables 

In terms of performance comparison, recent findings indicate that while both algorithms possess their strengths, 

Random Forest frequently demonstrates a superior ability to generalize across multiple datasets typically encountered 

in e-commerce environments [20]. Furthermore, hybrid models that optimize parameter tuning processes, such as 

Bayesian-optimized Random Forest, have emerged, enhancing predictive capabilities further in complex environments 

like international e-commerce [21]. 

2.3. Feature Engineering Analysis 

Feature selection is a critical process in machine learning, particularly for classification tasks, as it involves identifying 

and selecting a subset of relevant features from a larger set of input variables. Effective feature selection can 

significantly enhance model performance by improving accuracy, reducing overfitting, and decreasing computation 

time. Various feature selection methods have been developed, each with its strengths and weaknesses, making their 

evaluation essential for optimal performance in classification tasks [22]. 
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One widely used approach is filter methods, which assess the relevance of features by evaluating their statistical 

properties relative to the target variable. For instance, the use of mutual information to gauge the dependency between 

features and the outcome can aid in selecting the most informative variables [23]. Another major category is wrapper 

methods, which involve training and evaluating a model using a subset of features and assessing the model's 

performance through techniques such as cross-validation. While often leading to high accuracy, these methods can be 

computationally intensive, particularly with large datasets, due to the iterative nature of training multiple models [24]. 

Embedded methods represent a hybrid that integrates feature selection within the model training process. Techniques 

like LASSO (Least Absolute Shrinkage and Selection Operator) apply a penalization strategy to feature coefficients, 

effectively reducing their impact and enabling automatic feature selection during the model fitting process [25]. These 

methods tend to strike a balance between the robustness of wrapper methods and the efficiency of filters, as they 

consider the interaction between features when building the model. 

3. Method 

3.1. Dataset Overview and Data Preprocessing 

The dataset used for this study is the Online Shoppers Purchasing Intention dataset, which consists of 12,330 records 

representing distinct web sessions from an e-commerce site over the course of one year. Each record includes several 

features that describe the characteristics of the shopping session, such as the number of pages visited, time spent on 

different types of pages, and user-related information like browser type and traffic source. The goal of this study is to 

predict whether a session will result in a purchase, using machine learning algorithms. 

The first step in the methodology was to load and inspect the dataset using the Pandas library. A quick analysis was 

conducted to understand the structure of the data, checking for any missing values or anomalies. The initial exploration 

revealed the need for preprocessing, particularly handling missing data and preparing categorical variables for model 

input. Missing values in the numerical features were handled by filling them with the mean value of the respective 

columns, which is a common approach when the missing data is assumed to be missing at random. For categorical 

features, missing values were replaced with the mode (the most frequent value), as this would maintain the most 

common category without introducing bias. After handling missing values, the dataset was ready for further 

transformation, where the numerical features were scaled, and categorical features were encoded. This ensured that all 

variables were appropriately prepared for machine learning algorithms, which require numerical input and benefit from 

standardized scales. 

3.2. Feature Encoding and Scaling 

One of the critical steps in preparing the dataset for machine learning was the encoding of categorical variables. The 

dataset contained several categorical columns, such as Month, OperatingSystems, Browser, Region, TrafficType, 

VisitorType, and Weekend. These categorical variables were transformed into numerical representations using 

LabelEncoder from Scikit-Learn. Label encoding converts each category into a unique integer, enabling the machine 

learning models to process them efficiently. 

In addition to encoding categorical variables, the numerical features needed to be standardized. The numerical features 

in the dataset include various counts and durations, such as the number of pages viewed in different categories (e.g., 

Administrative, ProductRelated) and the corresponding time spent on those pages. To ensure that each feature 

contributes equally to the model, especially for algorithms sensitive to feature scaling (such as Support Vector 

Machines), the StandardScaler was applied to normalize the numerical features. This scaled the features to have a mean 

of zero and a standard deviation of one, which helped improve the performance and convergence of the models. Scaling 

is particularly important when using algorithms like SVM, where unscaled features can lead to suboptimal 

performance. After encoding and scaling, the dataset was ready for model training. 

3.3. Train-Test Split 

After preprocessing, the dataset was split into training and testing sets using the train_test_split function from Scikit-

Learn. This function randomly divides the data, ensuring that the model is trained on one portion of the data and tested 

on a separate, unseen portion to evaluate its generalization capability. For this study, 80% of the data was used for 
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training, and 20% was reserved for testing. The random state was set to ensure that the data split was reproducible. The 

training set was used to train the machine learning models, while the testing set was used to evaluate their performance. 

The split ensures that the model's performance metrics are reliable and that the evaluation reflects how well the model 

will perform on unseen data. The shapes of the training and testing sets were printed to confirm that the split was 

performed correctly, with training data consisting of 80% of the records and test data consisting of the remaining 20%. 

3.4. Model Training and Evaluation 

Two machine learning models were trained to predict online shoppers’ purchase intention: Random Forest and Support 

Vector Machine (SVM). The Random Forest Classifier is an ensemble learning method that builds multiple decision 

trees and combines their outputs to improve prediction accuracy and prevent overfitting. The Random Forest model 

was trained using the default parameters from Scikit-Learn, and it was then used to predict whether a session would 

result in a purchase (1) or not (0). 

The second model, Support Vector Machine (SVM), was trained using the SVC class from Scikit-Learn, which 

supports binary classification. SVM works by finding the hyperplane that best separates the classes in the feature space. 

For this study, the probability=True option was set, which allows the SVM model to output probabilities for the class 

predictions. This is particularly useful for evaluating the ROC AUC score, as it requires probability estimates for the 

positive class. 

Both models were trained on the training set, and their predictions were made on the testing set. The model performance 

was evaluated using several metrics, including accuracy, precision, recall, F1-score, and ROC AUC. These metrics 

provide a comprehensive view of the model’s ability to correctly classify sessions that result in a purchase and avoid 

false positives or false negatives. 

3.5. Exploratory Data Analysis (EDA) 

Exploratory Data Analysis (EDA) was performed to gain a deeper understanding of the data and uncover insights that 

might inform model development. The distribution of the target variable (i.e., whether a session resulted in a purchase) 

was visualized using a countplot. This visualization provided insight into the class imbalance in the dataset, with a 

larger number of sessions resulting in no purchase compared to those resulting in a purchase. 

A correlation matrix was also generated to explore the relationships between numerical features. This helped identify 

which features were most strongly correlated with each other and whether any multicollinearity issues existed. A 

heatmap of the correlation matrix was plotted, with higher correlations highlighted in darker colors. This is crucial for 

understanding how features interact and whether some features might be redundant. 

Additionally, a pairplot was created to visualize relationships between the top five most important features, as identified 

by the Random Forest model. This allowed for a deeper exploration of how certain features, such as 

ProductRelated_Duration, SpecialDay, and BounceRates, influence the likelihood of a purchase, with each pair 

showing the distribution of features for both purchase and non-purchase sessions. 

3.6. Model Evaluation with ROC Curve 

To assess the performance of both models, ROC curves were plotted. The ROC curve illustrates the trade-offs between 

sensitivity and specificity, with the True Positive Rate (TPR) plotted against the False Positive Rate (FPR). The AUC 

(Area Under the Curve) is a valuable metric, as it provides a single value that summarizes the model's ability to 

discriminate between the positive and negative classes. Higher AUC values indicate better performance. The ROC 

curves for both models were plotted on the same graph to compare their performance visually. For each model, the 

FPR and TPR were calculated using the roc_curve function, and the AUC score was computed using roc_auc_score. 

This allowed for a direct comparison of the Random Forest and SVM models in terms of their ability to predict purchase 

intention across different decision thresholds. 

3.7. Feature Importance and Insights 

Feature importance was evaluated for the Random Forest model, which is capable of providing insights into which 

features have the most influence on the model's predictions. Feature importance scores were extracted from the trained 

Random Forest model and sorted in descending order. These scores highlight which features, such as 
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ProductRelated_Duration, SpecialDay, and PageValues, play a significant role in predicting whether a session results 

in a purchase. A bar plot was generated to visualize the relative importance of each feature. This helps in understanding 

the factors that drive purchasing behavior in online shopping sessions. By examining the feature importance, businesses 

can gain insights into which aspects of a shopping session to focus on in order to improve user engagement and increase 

conversion rates. 

This detailed methodology outlines the process of developing machine learning models to predict online shoppers’ 

purchase intention using Random Forest and SVM. By combining data preprocessing, feature engineering, and 

exploratory data analysis, this study aims to provide actionable insights for e-commerce businesses to enhance their 

customer targeting and improve conversion rates. 

4. Results and Discussion 

4.1. Data Overview Analysis 

The initial dataset consists of 12,330 records and 18 columns, with all features being non-null. A quick examination of 

the data revealed a range of numerical, categorical, and Boolean variables that describe different aspects of online 

shopper sessions. The dataset includes features such as the number of pages visited (e.g., Administrative, 

ProductRelated), the total duration spent on those pages (e.g., Administrative_Duration, ProductRelated_Duration), as 

well as session-level metrics such as BounceRates, ExitRates, and PageValues. Additionally, there are categorical 

variables representing the Month, OperatingSystems, Browser, Region, TrafficType, and VisitorType, along with the 

Revenue column, which indicates whether a session resulted in a purchase. 

The initial data exploration showed no missing values, as all columns were fully populated, confirming that the dataset 

was complete and ready for analysis. Descriptive statistics revealed the distribution of key features, such as the high 

variance in ProductRelated_Duration (ranging from 0 to over 63,000 seconds) and a relatively low average PageValues. 

This variability in session behaviors was crucial for modeling and understanding purchasing patterns. 

 

Figure 1. Distribution of Purchase Intention (Revenue) 

Figure 1 displays the distribution of the Revenue variable, which indicates whether a session resulted in a purchase (1) 

or not (0). The chart clearly shows an imbalance in the dataset, with a significantly higher number of sessions that did 

not result in a purchase (0) compared to those that did (1). Specifically, there are around 10,422 sessions where no 

purchase was made, while only 1,908 sessions resulted in a purchase. This class imbalance is common in e-commerce 

data and needs to be addressed during model training, as it may influence the model's ability to correctly predict 

minority class outcomes (purchases). 
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Figure 2. Correlation Matrix of Numerical Features 

Figure 2 provides a correlation matrix for the numerical features in the dataset. The correlation matrix visually 

represents the relationships between various numerical features, with each cell showing the Pearson correlation 

coefficient between two features. A darker red color indicates a stronger positive correlation, while blue shades reflect 

a negative correlation. Several key correlations are noteworthy. ProductRelated_Duration is highly correlated with 

ProductRelated (0.86), suggesting that the amount of time spent on product-related pages is strongly linked to the 

number of product pages viewed. This aligns with the intuitive assumption that users who engage more with product-

related content are more likely to convert into purchasers. BounceRates and ExitRates show a strong positive 

correlation (0.91), meaning that sessions with high bounce rates (users leaving the site quickly) tend to have higher exit 

rates (users leaving after visiting a few pages). This indicates that users who leave early are less likely to proceed with 

a purchase. PageValues shows a moderate correlation with ExitRates (-0.12), indicating that higher-value pages tend 

to have a slight negative relationship with exit rates, suggesting that valuable pages may keep users engaged longer. 

SpecialDay has a weak correlation with other features, suggesting that proximity to special shopping days, like 

holidays, has minimal direct impact on other user behavior metrics, although it could still be relevant for predicting 

purchasing intent during special occasions. These correlations provide valuable insights into how different user 

behaviors and session metrics are related and can inform which features might be most predictive when building a 

classification model. For example, ProductRelated_Duration and PageValues are likely to be important features for 

predicting whether a session leads to a purchase. 
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Figure 3. Pairplot of Top Features by Revenue 

Figure 3 displayed above visualizes the relationships between the top five most important features—PageValues, 

ProductRelated_Duration, ExitRates, ProductRelated, and BounceRates—with respect to the target variable Revenue 

(purchase outcome). In the plot, the blue dots represent sessions where no purchase occurred (Revenue = 0), while the 

orange dots represent sessions that resulted in a purchase (Revenue = 1). The diagonal histograms show the distributions 

of each feature, and the scatter plots below the diagonal show pairwise relationships between the features. PageValues 

(the monetary value of pages viewed) shows a strong concentration at low values, with a significant number of sessions 

having a value of 0. This suggests that most users do not engage with high-value pages. There is a noticeable trend 

where sessions with higher PageValues are more likely to result in a purchase (orange dots), and these sessions tend to 

correlate with longer durations spent on product-related pages (ProductRelated_Duration). This indicates that users 

who engage with higher-value pages and spend more time browsing product-related content are more likely to convert 

into purchasers. There is an inverse relationship between ProductRelated_Duration (the time spent on product-related 

pages) and ExitRates (the likelihood of leaving the session). Sessions with higher time spent on product-related pages 

tend to have lower exit rates, suggesting that users who browse more product content are less likely to abandon the 

session. The scatter plot also shows that users who leave quickly (high ExitRates) typically do not engage with many 

product-related pages (low ProductRelated_Duration). 

ProductRelated (the number of product-related pages viewed) is positively correlated with ProductRelated_Duration. 

This makes sense because users who view more product pages tend to spend more time on them. However, the data 

shows that many sessions with few product-related pages viewed (ProductRelated = 0 or 1) have zero or very short 

durations (ProductRelated_Duration). This could suggest that users who do not engage deeply with product content are 

less likely to convert into a purchase. ExitRates and BounceRates show a positive correlation, which is evident in the 

plot. Both metrics capture the likelihood that a user will leave the session quickly, with BounceRates representing a 

single-page exit and ExitRates capturing the overall session exit behavior. Interestingly, users who have high 

BounceRates (those who leave after viewing only one page) also tend to have higher ExitRates, indicating that a quick 

exit from the site usually leads to an overall session exit. These sessions (blue dots) are less likely to convert to a 

purchase. 

The pairplot visually reinforces the finding from earlier that purchasing sessions (orange dots) tend to show higher 

values of PageValues, ProductRelated_Duration, and ProductRelated, while non-purchasing sessions (blue dots) are 
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concentrated around lower values in these features. The BounceRates and ExitRates for sessions that result in purchases 

(orange) are relatively lower, indicating that users who make a purchase tend to engage more with the content and exit 

less frequently. In summary, the pairplot provides a clear visual representation of how specific features, such as 

PageValues, ProductRelated_Duration, and ProductRelated, influence the likelihood of a purchase, reinforcing the 

importance of user engagement and content interaction in driving conversions. The scatter plots reveal the relationships 

between these features and suggest strategies for improving website engagement, particularly focusing on product-

related content to increase the chances of conversion. 

4.2. Model Evaluation of Random Forest and SVM 

Two machine learning models, Random Forest and Support Vector Machine (SVM), were trained to predict whether a 

session would result in a purchase (the target variable Revenue). The performance of both models was evaluated using 

various classification metrics, including accuracy, precision, recall, F1-score, and ROC AUC. The Random Forest 

Model achieved an accuracy of 90.43%, indicating that it correctly predicted the outcome in the majority of cases. The 

precision (0.7439) was relatively high, meaning the model successfully identified positive purchases among the 

predicted purchases. However, the recall was lower (0.5653), reflecting that the model missed some actual purchase 

sessions. The F1-score (0.6424) combined precision and recall, giving a balanced evaluation of the model's 

performance. Most notably, the ROC AUC for Random Forest was 0.9363, suggesting that it had a strong ability to 

differentiate between purchase and non-purchase sessions. In contrast, the Support Vector Machine (SVM) model 

performed slightly worse, with an accuracy of 89.25%. While the precision was comparable to the Random Forest 

model (0.7477), the recall was much lower (0.4427), suggesting that SVM had more difficulty identifying purchase 

sessions. The F1-score for SVM was 0.5561, lower than Random Forest, and the ROC AUC was also lower at 0.8610. 

These results indicate that while SVM performs well overall, it has limitations in distinguishing between sessions that 

lead to purchases and those that do not, especially when compared to Random Forest. 

 

Figure 4. ROC Curve 

Figure 4 displays the ROC curve for both the Random Forest and SVM models. The True Positive Rate (TPR) is plotted 

against the False Positive Rate (FPR) for each model. The ROC curve shows the trade-off between sensitivity (True 

Positive Rate) and specificity (1 - False Positive Rate). The Random Forest model has a strong ROC curve, indicating 

its superior performance in distinguishing between sessions that result in a purchase and those that do not. The model’s 

AUC score of 0.94 shows that it has a high ability to correctly identify both positive and negative instances (purchases 

and non-purchases). The curve approaches the top-left corner, suggesting that the model achieves a good balance 

between false positives and true positives. The SVM model, on the other hand, performs somewhat less effectively, 

with an AUC score of 0.86. While it still provides a reasonable ability to distinguish between the two classes, the curve 

is slightly lower than that of Random Forest, showing that it has a higher rate of false positives or false negatives. The 

dashed diagonal line represents a random classifier, where the model is unable to make any meaningful distinctions 

between classes. The fact that both models significantly outperform the random classifier confirms their utility for 

predicting purchase behavior. 
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Feature importance analysis in Random Forest highlighted PageValues as the most influential feature, contributing 

approximately 37.33% to the model's predictions, followed by ProductRelated_Duration and ExitRates. This indicates 

that the monetary value of pages viewed and the time spent on product-related pages are the most significant predictors 

of purchase intent.  

 

Figure 5. Random Forest Feature Importances 

Figure 5 shows the feature importances for the Random Forest model. Feature importance scores are derived from the 

trained model and indicate how much each feature contributes to the model’s decision-making process. The importance 

scores are normalized, such that they sum up to 1. PageValues emerges as the most influential feature, contributing 

approximately 37.33% to the model's predictions. This suggests that the monetary value of pages viewed is a crucial 

predictor of whether a session results in a purchase. Users who engage with higher-value pages are more likely to make 

a purchase. ProductRelated_Duration comes second with an importance score of 9.25%, which aligns with the intuition 

that users who spend more time on product-related pages are more likely to convert into buyers. ExitRates and 

ProductRelated also play significant roles in predicting purchase behavior, with importance scores of 8.81% and 7.46%, 

respectively. This indicates that the likelihood of exiting the session and the number of product-related pages viewed 

both contribute meaningfully to the prediction of a purchase. Other features, such as BounceRates, 

Administrative_Duration, and Month, have lower importance scores, but they still provide useful information for the 

model’s predictions. This feature importance analysis highlights the key factors that drive purchasing behavior in online 

shoppers. By focusing on PageValues and ProductRelated_Duration, e-commerce businesses can better target users 

who are more likely to make a purchase. 

4.3. Feature Importance and Insights 

The Random Forest model provided valuable insights into the most influential features driving purchasing behavior. 

As mentioned earlier, PageValues emerged as the most important feature, suggesting that the financial value of pages 

viewed plays a significant role in determining whether a session will convert to a purchase. The high importance of 

ProductRelated_Duration also supports the idea that the more time users spend browsing product pages, the more likely 

they are to make a purchase. Other important features included ExitRates and BounceRates, indicating that visitors 

who engage with more pages and spend more time per page are more likely to purchase. These insights can guide e-

commerce businesses in refining their customer engagement strategies. For instance, optimizing product page content 

to increase time spent on those pages or improving the flow of the website to reduce exit rates could enhance conversion 

rates. Moreover, understanding the importance of PageValues suggests that targeted promotions or upselling strategies 

on higher-value pages could increase the likelihood of purchase. In summary, the results demonstrate that machine 

learning models, particularly Random Forest, can be effectively used to predict online shopper purchasing intention. 

The feature importance analysis provides actionable insights that e-commerce businesses can use to refine their 

strategies and improve customer conversion. 
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5. Conclusion 

The results of this study reveal that Random Forest outperforms Support Vector Machine (SVM) in predicting online 

shopper purchase intentions. The Random Forest model achieved an accuracy of 90.43%, with an impressive ROC 

AUC score of 0.94, indicating its strong ability to distinguish between sessions that lead to purchases and those that do 

not. On the other hand, the SVM model performed slightly less effectively, with an accuracy of 89.25% and a ROC 

AUC score of 0.86. Feature importance analysis showed that PageValues and ProductRelated_Duration were the most 

significant predictors of purchase behavior. These findings highlight the key factors influencing purchasing decisions, 

with longer engagement on product-related pages and higher-value page interactions being the most telling signs of 

purchase intent. This study contributes to the growing body of research on machine learning applications in e-

commerce by demonstrating how Random Forest and SVM can effectively predict online shopper behavior. By 

utilizing commonly available session-based features like PageValues, ProductRelated_Duration, and ExitRates, the 

study provides valuable insights into the factors that drive conversions. The analysis of feature importance further 

deepens our understanding of the specific session behaviors that indicate a higher likelihood of purchase. This research 

paves the way for more targeted e-commerce strategies, where businesses can focus on key user behaviors to optimize 

marketing efforts and improve sales conversion rates.  

While the study provides valuable insights, there are certain limitations to consider. One limitation is the class 

imbalance in the dataset, where the majority of sessions do not result in a purchase, which could skew the model’s 

ability to predict minority class instances accurately. Additionally, the study relies on a predefined set of features, and 

other potentially influential factors, such as user demographics or prior purchase history, were not included. Future 

research could focus on addressing the class imbalance using techniques like SMOTE or exploring advanced deep 

learning models like Convolutional Neural Networks (CNNs) or Recurrent Neural Networks (RNNs), which might 

capture more complex patterns in the data. Additionally, incorporating more granular customer data, such as user 

preferences or purchase history, could further enhance the prediction models and improve their applicability in real-

world e-commerce settings. For businesses, the findings of this study offer actionable insights that can be directly 

applied to optimize e-commerce strategies. By focusing on the most predictive features, such as PageValues and 

ProductRelated_Duration, businesses can design targeted marketing campaigns that engage users who are more likely 

to convert. For instance, improving the quality and visibility of product pages with higher monetary value or optimizing 

the website flow to encourage users to spend more time on product-related content can increase the likelihood of a 

purchase. Additionally, understanding the importance of ExitRates and BounceRates can help businesses reduce 

session abandonment by improving user experience and engagement. By leveraging these insights, e-commerce 

companies can fine-tune their marketing efforts, increase conversions, and enhance overall user experience. 
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