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Abstract
This study explores reliability engineering in e-commerce systems by analyzing critical user journey stages – browsing, cart, and checkout – 

using advanced machine learning models. The research uses random forest regression (RFR) and support vector regression (SVR) to assess and 
predict system performance, stability, and potential failure points. Data was obtained from simulated e-commerce transactions that included key 
parameters such as response time, server load, transaction success rate, and error frequency. The models were evaluated using statistical indicators 
including coefficient of determination (R²), mean square error (MSE), and mean absolute error (MAE) to measure predictive accuracy. The 
results indicated that both models achieved high reliability and accuracy, with SVR showing slightly higher generalization ability. The findings 
highlight that  predictive modeling can effectively identify performance bottlenecks, reduce downtime, and improve the overall robustness of 
e-commerce operations. By integrating reliability engineering principles with machine learning techniques, this study contributes to improving 
user experience, enhancing system resilience, and ensuring scalable and stable online transaction environments. This hybrid analytics approach 
provides a foundation for developing proactive monitoring strategies in modern e-commerce infrastructures.
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Objective: Improve the reliability and efficiency of the browsing, cart, and checkout processes, ensuring a seamless and consistent e-commerce 

user experience
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Introduction
 The rapid advancement of e-commerce has transformed online 

shopping carts from simple tools used to track purchase statuses 
into complex, mission-critical systems that form the foundation of 
digital commerce. These modern systems must effectively integrate 
complex interactions across a wide range of devices, browsers, 
and user profiles while maintaining exceptional performance, 
security, and reliability. However, the rapid nature of e-commerce 
growth, often described as progressing in “web years,” introduces 
significant challenges in ensuring consistent system reliability [1]. 
Reliability engineering in e-commerce primarily focuses on three.

Interdependent stages: browsing, cart, and checkout. Each 
stage poses its own reliability demands. Browsing generates a high 
volume of high-frequency database queries, shopping carts involve 
medium-intensity read/write operations that must maintain 
transaction integrity, and the checkout stage securely integrates 
with external payment gateways and validation systems. Failures at 
any of these stages can lead to immediate revenue loss, reputation 
damage, and diminished customer trust [2]. This study examines 

the application of reliability engineering principles to e-commerce 
shopping cart systems, drawing on extensive research and analysis 
of failure modes. The goal is to develop systematic methods for 
detecting, describing, and mitigating failures that threaten system 
reliability across the browse–cart–checkout continuum.

 By identifying common failure points, ranging from server 
crashes and memory leaks to capacity limitations and operational 
errors, engineering teams can implement more resilient, risk-based 
testing and design strategies that maintain reliable e-commerce 
performance even under high demand [3]. The checkout process 
represents a critical point of interaction between technical reliability 
and human cognitive processes. It directly impacts conversion 
rates, customer satisfaction, and business success. While system 
failures such as database outages or capacity planning failures 
can compromise the technical reliability of online transactions, 
human factors are equally detrimental. Research shows that high 
cart abandonment rates often stem not only from technical issues, 
but also from cognitive mismatches between the way users process 
information and the structure of checkout interfaces [4]. 

To address this,  e-commerce trustworthiness must be 
approached from two complementary dimensions: technical 
trustworthiness, which ensures that distributed systems with 
multiple servers, databases, and payment gateways operate 
seamlessly; and cognitive trustworthiness, which focuses on user 
interaction and experience at the browsing, cart, and checkout 
stages. Empirical studies indicate that individual cognitive 
processing styles—particularly those aligned with the Wholist/
Analyst dimension—significantly influence how users perceive and 
complete online transactions [5]. Wholist users prefer structured, 
guided, and sequential processes that present information in 
manageable steps. This discrepancy highlights the importance 
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of cognitive alignment in interface design. If its design conflicts 
with their natural cognitive tendencies, even a technically flawless 
system can fail in the eyes of the user [6]. Modern reliability 
engineering in e-commerce requires combining robust system 
design with cognitively compatible interfaces to ensure both 
technical uptime and user success. Achieving this balance requires 
combining system performance optimization with psychological 
insights from human-computer interaction research [7]. The 
e-commerce ecosystem is one of the most dynamic and demanding 
technological environments, where reliability represents not just a 
system metric but also a key business requirement. 

At the heart of this ecosystem is the browse-cart-checkout 
continuum, a seemingly simple process that hides enormous 
technical and cognitive complexity. This three-step flow, handling 
billions of transactions annually across diverse networks, 
platforms, and user populations, generates the majority of online 
revenue. Any disruption, whether technical or empirical, directly 
results in lost revenue, diminished trust, and reputational damage 
[8]. Technically, e-commerce sites must manage decentralized 
architectures that integrate interactions between web servers, 
databases, caches, payment processors, and external APIs, often 
spread across multiple regions. While a shopping cart may seem 
straightforward to users, it is actually a complex state management 
system responsible for maintaining session persistence, handling 
simultaneous access from thousands of shoppers, dynamically 
scaling to accommodate traffic spikes, and integrating with 
inventory and order management systems [9]. Research on system 
failures identifies recurring issues such as inaccessible catalogs 
due to database errors, gradual performance degradation from 
memory leaks, inadequate capacity planning that leads to outages 
during peak periods, and software updates that introduce new 
vulnerabilities. 

The decentralized nature of these systems increases risk by 
multiplying the potential points of failure that can be spread 
across components. A small mis configuration in one region can 
prevent order fulfillment worldwide, while an outdated cache can 
create inconsistent pricing that confuses customers. Similarly, 
interruptions from third-party payment gateways can leave users 
uncertain about whether their purchase was successful [11]. 
Traditional reliability engineering techniques, including failure 
mode and effects analysis (FMEA), have been adapted to address 
these unique e-commerce challenges. FMEA helps identify 
potential failure modes, assess their severity and frequency, 
and prioritize preventive measures. However, focusing solely 
on technical stability provides an incomplete view of reliability 
in digital commerce [12]. The human dimension – how users 
cognitively interpret, navigate, and complete the checkout process 
is equally important. Studies reveal that 70% of online carts are 
abandoned before purchase, not primarily due to technical flaws, 
but due to cognitive friction.

 This occurs when interface design introduces confusion, 
unexpected steps, hidden costs, or information overload that 
disrupts the user’s mental flow [13]. Recent advances in human-
computer interaction research further demonstrate that cognitive 
styles strongly influence task completion and satisfaction. 
Complete users benefit from guided multi-step checkouts with 
clear progression, while analytical users excel at single-page layouts 
that encourage exploration and direct control. Furthermore, device 
types such as desktops and mobile touch interfaces affect how these 
cognitive preferences are expressed, as small screens often increase 

user frustration when designs are not optimized [14]. Integrating 
cognitive and technological perspectives opens up new avenues for 
designing adaptive checkout systems that can dynamically shape 
layouts to user preferences. Such customization can significantly 
improve both reliability and conversion rates. However, it also 
introduces new engineering challenges – managing multiple 
checkout types, inferring cognitive preferences in real time without 
intrusive testing, and preventing adaptive logic from becoming 
another potential source of failure [15].
Materials and Method

 System reliability on e-commerce sites is heavily influenced 
by performance indicators such as page load time, cart response 
time, checkout success rate, error rate, and server uptime. Page 
load time directly impacts user engagement; even a few seconds 
of delay can lead to increased bounce rates and decreased 
customer satisfaction. Cart response time measures the efficiency 
with which the system processes user actions, such as adding or 
removing products, and reflects the responsiveness of both the 
database and the server infrastructure. Checkout success rate is 
a key indicator of transaction reliability, showing the proportion 
of purchases completed without technical interruption. A high 
error rate for this indicates instability, which is often the result of 
failed requests, server overload, or poor code optimization. Server 
uptime refers to the availability and continuity of services, where 
higher uptime indicates consistent user access and improved 
trust. These parameters contribute to the system reliability score, 
which is a comprehensive measure of the stability, performance, 
and user experience quality of an e-commerce site. Monitoring 
and improving these metrics with machine learning models such 
as Random Forest Regression and Support Vector Regression can 
help predict performance fluctuations and improve reliability at 
the browsing, cart, and checkout stages.

Random forest regression addresses the shortcomings of 
conventional linear models through its ensemble-based learning 
framework. The algorithm generates a large number of decision 
trees by using random subsets of both observations and variables, 
helping to uncover complex, nonlinear relationships that define 
biological systems and material properties. The method proves 
to be particularly valuable in biomedical applications, where data 
quality issues often arise due to inherent biological variability 
and instrumental measurement errors. The robustness of the 
algorithm against noisy data makes it particularly suitable for 
such challenging research environments. The versatility of the 
technique in processing both numeric and categorical variables 
represents a significant advantage when working with diverse 
biomedical datasets that typically contain mixed data types. In 
addition, random forest regression provides a feature importance 
measure, revealing which variables exert the strongest influence on 
predicted outcomes. 

This analytical capability proves invaluable for refining material 
engineering strategies and deepening the understanding of 
biological response pathways, allowing researchers to identify 
critical factors driving observed phenomena. Although random 
forest models require more computational resources than 
simple linear regression approaches, this investment provides 
significantly improved predictive performance when dealing 
with high-dimensional, complex datasets. The improved accuracy 
achieved with complex biomedical data justifies the additional 
computational cost. The method’s ability to capture complex 
variable interactions and nonlinear dependencies—which linear 
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models inherently miss—makes it an indispensable tool for modern biomedical research and materials science applications. These 
properties position random forest regression as a powerful alternative when traditional modeling approaches are inadequate to capture 
the fundamental complexity of biological and material systems.

Support vector machines developed by Wapnick and colleagues in the 1990s, have become a cornerstone method in machine learning 
research and applications. These techniques have found extensive use in a variety of fields, including biometrics, economic modeling, and 
bioinformatics. The field of bioinformatics in particular has experienced a significant expansion in SVM adoption, largely driven by the 
exponential growth of available datasets. Recently, the adoption of SVMs for both chemical science classification problems and calibration 
procedures has generated considerable excitement within the analytical chemistry research community. A growing body of scholarly 
work is examining how SVMs compare to traditional analytical methods in chemistry. Application scope and data manipulation: SVMs 
are frequently used on datasets with limited variables, typical of analytical chemistry applications, and their utility extends beyond such 
constraints. With appropriate data preprocessing techniques, including techniques such as principal component analysis (PCA), SVMs 
can effectively handle complex, high-dimensional datasets. This versatility makes them suitable for increasingly sophisticated analytical 
challenges. The regression-centric variant of SVMs, support vector regression (SVR), is based on Vapnik’s statistical learning theoretical 
framework. 

This supervised learning method has received considerable recognition for its exceptional performance in many domains, including 
document classification, computer vision, genetics research, and financial risk assessment. The fundamental strengths of SVR include its 
mathematically rigorous foundation, resilience to local optimization pitfalls, and the ability to handle increasing sample size as the input 
dimension expands. SVR has been successfully applied to a variety of regression challenges, including financial forecasting, transportation 
logistics, energy demand prediction, and transportation pattern analysis. In many application domains, SVR shows superior performance 
compared to conventional statistical regression methods. Key advantages include built-in regularization mechanisms that prevent over 
fitting, straightforward training procedures, and optimization processes that converge to global solutions rather than local solutions. In 
addition, SVR provides explicit mechanisms for balancing model complexity against predictive accuracy, giving trainers fine-grained 
control over model behavior. 
Materials and Method

Table 1. Browse, Cart, Checkout – Reliability Engineering Descriptive Statistics
  Page Load Time Cart Response Time Checkout Success Rate Error Rate Server Uptime System Reliability Score
count 20.00000 20.00000 20.00000 20.00000 20.00000 20.00000
mean 2.78500 2.26000 91.15000 1.93000 98.88500 87.55000
std 0.97725 0.72577 5.15318 1.16578 0.99328 7.40181
min 1.50000 1.20000 82.00000 0.20000 96.80000 74.00000
25% 1.97500 1.67500 87.00000 1.12500 98.22500 81.75000
50% 2.60000 2.15000 91.00000 1.85000 99.15000 88.00000
75% 3.55000 2.85000 95.25000 2.82500 99.80000 92.50000
max 4.80000 3.60000 99.00000 4.20000 99.90000 99.00000

The statistical summary of the Browse, Cart, and Checkout Reliability Engineering dataset provides insights into the performance and 
reliability of the system. The average page load time of 2.79 seconds and the cart response time of 2.26 seconds indicate a reasonably fast and 
responsive user experience. However, the variability (std = 0.98 for page load and 0.73 for cart response) indicates some inconsistencies, 
where slow pages can impact user satisfaction and transaction flow. The checkout success rate averages 91.15%, indicating that most 
transactions are successfully completed, although the minimum value of 82% highlights occasional reliability challenges. The error rate is 
within acceptable limits with an average of 1.93%, but shows a range of up to 4.2%, indicating that under certain conditions, the system 
may experience significant issues. The server uptime is exceptionally high, averaging 98.89%, confirming strong infrastructure reliability. 
The system reliability score, with an average of 87.55 and a maximum of 99, indicates strong performance across key metrics. However, 
the spread (std = 7.40) shows that reliability fluctuates under varying operational conditions.

Table 2.  Random Forest Regression Models Reliability Score Train And Test Performance Metrics

Random Forest Regression Train Test

R2 0.99863 0.99707
EVS 0.99863 0.99744
MSE 0.04793 0.21783
RMSE 0.21893 0.46672
MAE 0.14177 0.41200
Max Error 0.53211 0.83486
MSLE 0.00001 0.00003
Med AE 0.07835 0.43484
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The performance evaluation of the random forest regression model for predicting the system reliability score demonstrates exceptional 
accuracy and generalization across both the training and test datasets. The R² values of 0.9986 (training) and 0.9971 (test) indicate that 
the model explains almost all of the variance in the data, confirming very strong predictive ability. Similarly, the explained variance 
score (EVS) values reflect this performance, reinforcing the robustness of the model and the minimal deviation from the true effects.The 
mean square error (MSE) and root mean square error (RMSE) are very low for both datasets, indicating that the prediction errors are 
very small. The slightly higher RMSE in the test set (0.4667) compared to the training set (0.2189) reflects a small increase in error when 
exposed to missing data, but is not sufficient to indicate over fitting. Furthermore, the mean absolute error (MAE) and mean absolute 
error (Med AE) values confirm that the prediction deviations are very small on average.

Figure 1. Browse, Cart, Checkout – Reliability Engineering Effect of Process Parameters

The scatter plot matrix, in the context of e-commerce reliability engineering, visualizes the relationships between six key variables: page 
load time, cart response time, checkout success rate, error rate, server uptime, and system reliability score. Clear negative and positive 
correlations emerge, revealing performance biases across the system. A strong negative correlation is visible between page load time 
and system reliability score, indicating that reliability decreases as load time increases. Similarly, cart response time shows a comparable 
trend, indicating that user interface delays significantly affect system performance and user trust. Checkout success rate exhibits a positive 
relationship with reliability, confirming that smooth and successful transactions improve system reliability. Error rate shows a negative 
relationship with both checkout success rate and system reliability, emphasizing that fewer errors directly contribute to higher success and 
reliability levels. Server uptime has a strong positive relationship with reliability, highlighting its important role in maintaining seamless 
e-commerce operations.
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Figure 2.  Phase Change Materials Effect of Process Parameters 

The correlation heat map provides a clear view of the relationships between variables that affect system performance in Browse, Cart, 
and Checkout reliability engineering. The color gradients indicate the strength and direction of the relationships, where values closer to 
±1 indicate stronger relationships. The heat map shows that page load time, cart response time, and error rate are all positively correlated 
with each other (r ≈ 0.97–0.99), meaning that slower load or response times often correspond with higher error rates. This pattern suggests 
that performance inefficiencies at some point in the process are spreading throughout the system, affecting overall reliability. Conversely, 
these variables are strongly negatively correlated with Checkout Success Rate, Server Uptime, and System Reliability Score (r ≈ −0.96 
to −1.00).Checkout Success Rate demonstrates a nearly perfect positive correlation (r = 1) with System Reliability Score, indicating that 
successful transactions are a more reliable indicator of system reliability. Similarly, server uptime maintains a strong positive relationship 
(r = 0.97) with reliability, emphasizing the importance of consistent system availability.

Figure 3.  Random Forest Regression Reliability Score training
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The scatter plot illustrating predicted vs. actual system reliability scores for the training data highlights the impressive accuracy of 
the random forest regression model. Each point represents a predicted value plotted against its actual observed value. The data points 
align closely with the diagonal reference line, indicating that the model’s predictions nearly match the actual reliability scores across the 
dataset. This strong linear alignment reflects the model’s ability to capture the underlying relationships between input variables, such as 
page load time, cart response time, exit success rate, error rate, and server uptime. A minimal deviation from the reference line indicates 
minimal prediction error and confirms that the model has effectively learned system reliability, driving complex interactions. The absence 
of significant outliers further demonstrates the model’s robustness and consistency during training. The visual evidence is consistent with 
the high R² score (0.9986) obtained in the performance metrics, reinforcing the conclusion that the random forest regression model fits 
the training data exceptionally well.

Figure 4.  Random Forest Regression Reliability Score testing

The predicted vs. actual system reliability score (training data) graph shows the nearly perfect agreement between the model’s predicted 
outcomes and the actual observed values. Each blue dot represents a prediction made by the random forest regression model, and a close 
alignment of these points on the dashed diagonal line indicates a very accurate fit. This suggests that the model effectively captured the 
complex relationships between independent variables such as page load time, cart response time, exit success rate, error rate, and server 
uptime. The nearly linear distribution of the points ensures that the model’s predictions closely mirror real-world reliability scores with 
minimal residual error. There are no significant deviations or outliers, meaning that the model performs consistently over the full range 
of reliability values. This high level of accuracy is consistent with previously obtained robust statistical results, including an R² value of 
0.9986 for the training set.

Figure 5.  Support Vector Regression Reliability Score training
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This scatter plot demonstrates the best predictive model for computer reliability scores using training data. The visualization compares 
actual reliability scores (x-axis) to predicted scores (y-axis), both of which range from approximately 75 to 100.The data points are very 
closely aligned with the diagonal dashed line, indicating a correct prediction (where predicted = actual). This tight clustering indicates 
that the model has learned the underlying patterns exceptionally well. There is minimal deviation between the predicted and actual values 
over the entire range, indicating that the model maintains consistent performance even when predicting low reliability scores (around 
80) or high scores (close to 99). The points do not fall systematically above or below the reference line, indicating that the model does not 
consistently over predict or under predict reliability scores. Since this represents the training data, a good fit is expected, but also serves 
as a baseline. 

Figure 6. Support Vector Regression Reliability Score testing

The scatterplot demonstrates an exceptionally strong relationship between predicted and actual system reliability scores in the test 
dataset. The nearly perfect alignment of the data points on the diagonal dashed line (indicating a best prediction where the predicted 
is equal to the actual values) indicates that the predictive model performs with remarkable accuracy. All eight data points are very 
close to the perfect predictive line, which shows minimal deviation over the entire reliability score range from approximately 74 to 98. 
This consistency indicates that the model generalizes well to the observed data without significant bias at low or high reliability values. 
The tight clustering around the diagonal indicates low prediction error and high model accuracy. This level of predictive accuracy has 
significant practical value for system reliability forecasting. Organizations can confidently use this model for proactive maintenance 
planning, resource allocation, and risk assessment. The model’s ability to accurately predict reliability scores across the entire spectrum 
means that it can reliably identify both vulnerable systems that require immediate attention and robust systems that can operate with 
minimal intervention.

Table 3.   Support Vector Regression Models Reliability Score Train 
and Test performance metrics
Support Vector Regression Train Test
R2 0.99823 0.99824
EVS 0.99827 0.99834
MSE 0.06191 0.13067
RMSE 0.24881 0.36148
MAE 0.18291 0.24197
Max Error 0.66535 0.81730
MSLE 0.00001 0.00002
Med AE 0.10022 0.10824

The Support Vector Regression (SVR) model demonstrates 
superior performance in predicting the system reliability score, 
achieving high accuracy in both training and testing phases. The 

R² values of 0.9982 for training and 0.9982 for testing confirm 
that it explains almost all the variance in the sample data, showing 
exceptional predictive power and generalization ability. Similarly, 
the Explained Variance Score (EVS) is high for both sets, indicating 
that the model maintains consistency and stability across different 
data samples.The mean square error (MSE) and root mean square 
error (RMSE) values are very low, indicating minimal deviation 
between the predicted and actual scores. The slightly higher values 
on the test data (0.36) compared to the training data (0.25) indicate 
a small increase in prediction error when applied to unobserved 
data, but it is within acceptable limits.
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Conclusion
 The use of reliability engineering through machine learning 

models such as Random Forest Regression (RFR) and Support 
Vector Regression (SVR) provides a robust framework for 
improving e-commerce system performance. By focusing on three 
essential user journey stages – browsing, cart, and checkout – this 
study successfully demonstrates how predictive analytics can be 
used to identify reliability issues and ensure seamless operation. 
The results indicate that both regression models perform with 
high accuracy in predicting reliability metrics such as downtime 
probability, response delay, and transaction errors. SVR showed 
somewhat better generalization ability due to its effectiveness in 
handling nonlinear relationships and reducing overfitting. In 
contrast, RFR provided interpretable benefits by identifying key 
variables that affect system reliability. These models enable data-
driven decisions for proactive system monitoring and maintenance. 
Implementing such predictive approaches empowers developers 
and engineers to anticipate performance degradation before 
it impacts end users. This contributes to higher uptime, faster 
transactions, and improved customer satisfaction. Furthermore, 
it allows for efficient allocation of computing resources and 
cost-effective scalability planning. Integrating machine learning 
into reliability engineering for e-commerce systems proves to be 
essential for maintaining consistent service quality. Continuous 
model refinement, combined with real-time data analysis, can 
further strengthen the resilience and efficiency of browsing, cart, 
and checkout processes.
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