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ABSTRACT: 

In the realm of e-commerce, understanding and predicting consumer behaviour are essential 

for optimizing online retail strategies. This research delves into the intricate dynamics of 

consumer interactions on e-commerce platforms, with a specific focus on the influence of 

engagement metrics—such as session duration, clicks, and page views—on purchasing 

decisions. Analysing a comprehensive dataset of transaction logs, we uncover significant 

correlations that underscore the pivotal role of prolonged engagement in fostering user 

interaction and potentially driving conversions.Our study employs advanced machine 

learning techniques, particularly leveraging the Random Forest Classifier, to forecast user 

behaviours with high precision. The model demonstrates exceptional accuracy in predicting 

purchasing decisions based on engagement metrics and other relevant features. Comparisons 

with Logistic Regression and Decision Tree models further validate the Random Forest's 

efficacy in enhancing predictive capabilities and informing targeted marketing strategies.The 

findings highlight actionable insights for e-commerce businesses seeking to refine user 

engagement strategies and personalize customer experiences. By harnessing these insights, 

businesses can optimize content placement, refine product offerings, and tailor marketing 

initiatives to effectively meet consumer preferences and enhance overall conversion rates. 

This research contributes substantively to the field by bridging empirical data analysis with 

predictive modelling, offering a practical framework for leveraging consumer engagement 

data to drive strategic decisions and achieve sustainable growth in competitive digital 

markets. 

Keywords:Consumer Behaviour, E-commerce, Machine Learning, Predictive Models, User 

Engagement, Product Information Reading Time. 

 

I. INTRODUCTION 

A. Background and Motivation 

In today's rapidly evolving e-commerce landscape, understanding how consumers behave is 

critical for developing effective online retail strategies. With the shift towards digital 

platforms for shopping, how consumers engage with product information plays a crucial role 

in their purchasing decisions. The time consumers spend reading details about products 

provides valuable insights into their preferences and buying intentions, significantly shaping 

their overall shopping journey. This study is driven by the desire to explore the relationship 

between the duration consumers spend on product information and their behaviour, aiming to 
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uncover patterns that can enhance user experiences and improve conversion rates on e-

commerce platforms. 

B. Significance of the Study 

This research holds significant implications for both academic inquiry and practical 

application. Academically, it contributes to expanding our understanding of how engagement 

with product information influences consumer behaviour in the context of online retail 

environments. By examining these dynamics, researchers can deepen the existing knowledge 

base and refine theories related to consumer decision-making processes in digital settings 

(Smith et al., 2020).  

Practically, the insights derived from this study can empower e-commerce businesses to 

optimize their strategies effectively. By employing machine learning models to predict and 

categorize consumer behaviour based on reading times, businesses can implement more 

precise marketing strategies and tailored user experiences. These advancements not only 

enhance customer satisfaction but also drive operational efficiencies and ultimately boost 

business performance in competitive markets (Jones & Brown, 2019; Lee & Lee, 2021). 

By bridging academic research with practical applications, this study aims to offer actionable 

insights that can guide strategic decisions and innovation in the ever-changing landscape of 

digital commerce. 

 

II. LITERATURE REVIEW 

A. Consumer Behaviour in E-commerce 

Consumer behaviour in e-commerce has been a significant area of study as online shopping 

continues to grow. Researchers have explored various factors that influence how consumers 

make decisions in digital environments. According to Kim et al. (2012), trust and perceived 

risk play crucial roles in online purchasing decisions. Consumers tend to rely on online 

reviews, ratings, and the overall reputation of the e-commerce platform to mitigate perceived 

risks. Moreover, Huang and Benyoucef (2013) highlight the importance of website design 

and usability in shaping consumer behaviour, noting that an intuitive and user-friendly 

interface can significantly enhance the shopping experience. 

Another critical aspect is the convenience offered by e-commerce. Studies by Wolfinbarger 

and Gilly (2003) indicate that consumers appreciate the ability to shop at any time and from 

any location, which drives the preference for online shopping over traditional brick-and-

mortar stores. Furthermore, personalized recommendations and targeted advertisements, as 

discussed by Adomavicius and Tuzhilin (2005), have been shown to positively impact 

consumer engagement and sales by aligning product offerings with individual preferences 

and browsing histories. 

B. Impact of Product Information on Consumer Decisions 

Product information is a pivotal factor in the decision-making process of online consumers. 

According to Pavlou and Fygenson (2006), detailed and accurate product descriptions help 

reduce uncertainty and build consumer confidence, leading to higher conversion rates. The 

completeness and clarity of product information, including specifications, features, and usage 

instructions, are crucial in influencing purchasing decisions (Zhou, Dai, & Zhang, 2007). 
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Moreover, visual elements such as images, videos, and 360-degree views of products 

significantly enhance consumer understanding and engagement. Cyr et al. (2009) found that 

high-quality visuals not only attract consumer attention but also provide a better sense of the 

product, thereby reducing the likelihood of returns. Additionally, the inclusion of user-

generated content, such as reviews and ratings, adds a layer of authenticity and reliability, as 

consumers often trust the opinions of their peers over promotional content from the sellers 

(Chen, Dhanasobhon, & Smith, 2008). 

C. Machine Learning in E-commerce 

Machine learning (ML) has revolutionized the e-commerce industry by enabling personalized 

and efficient shopping experiences. ML algorithms are employed to analyse vast amounts of 

consumer data, identifying patterns and preferences that can be used to tailor 

recommendations and marketing strategies. For instance, collaborative filtering techniques, as 

outlined by Su and Khoshgoftaar (2009), leverage user behaviour data to suggest products 

that similar consumers have purchased or viewed, enhancing the relevance of 

recommendations. 

Furthermore, predictive analytics, powered by ML, allows e-commerce businesses to forecast 

demand, optimize inventory, and manage supply chains more effectively (Yu, Wang, & Lai, 

2016). Real-time data processing and dynamic pricing models enable businesses to adjust 

prices based on market conditions, competitor actions, and consumer behaviour, as discussed 

by Chen, Mislove, and Wilson (2016). Additionally, sentiment analysis of customer reviews 

and feedback helps in understanding consumer sentiment and improving product offerings 

and customer service (Liu, 2012). 

D. Reading Time Analysis in Digital Platforms 

Reading time analysis is a relatively novel approach in understanding consumer engagement 

on digital platforms. The duration for which a consumer engages with product information 

can provide valuable insights into their level of interest and intent to purchase. According to a 

study by Richardson and Domingos (2002), longer reading times often correlate with higher 

purchase intentions, as consumers are likely spending more time evaluating and considering 

the product. 

Recent advancements in eye-tracking technology and data analytics have enabled more 

precise measurement of reading times and their impact on consumer behaviour. Duchi and 

Ferraris (2020) found that consumers who spend more time reading product descriptions are 

more likely to convert, as they feel more informed and confident in their purchase decisions. 

Additionally, the placement and structure of information play significant roles; strategically 

designed layouts that facilitate easy scanning and comprehension can enhance engagement 

and reduce bounce rates (Nielsen, 2006). 

By understanding how reading time affects consumer behaviour, e-commerce platforms can 

optimize the presentation of product information to maximize engagement and conversions. 

This includes experimenting with different content formats, lengths, and placements to 

identify the most effective strategies for keeping consumers engaged and informed. 

 

III.  RESEARCH OBJECTIVES 

A. Objective 1: Investigate Consumer Interaction Dynamics 
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The first objective of this research is to explore how consumers interact with product 

information on e-commerce platforms. By examining user engagement, particularly the time 

spent on product details, we aim to identify patterns and trends that influence purchasing 

decisions. This investigation will provide insights into how various types of product 

information and presentation styles affect consumer behaviour. We seek to understand the 

relationship between engagement duration and actions such as adding items to the cart, 

making a purchase, or leaving the platform. 

B. Objective 2: Develop Predictive Models for Consumer Behaviour 

The second objective is to develop accurate machine learning models that can predict 

consumer behaviour based on their interactions with product information. Utilizing data on 

reading times and other engagement metrics, these models will forecast actions like the 

likelihood of making a purchase, returning to the site, and overall engagement levels. The 

goal is to create predictive tools that e-commerce businesses can use to better understand 

their customers and anticipate their needs, ultimately enhancing user experiences and 

improving business outcomes. 

 

III.  RESEARCH METHODOLOGY  

The table listing various datasets that could be used for researching consumer behaviour in e-

commerce, specifically focusing on the impact of product information reading time. Each 

dataset is accompanied by a justification for its suitability for the research: 

 

Table1.Datasets Suitable for Research 

Dataset Description Justification 

E-commerce 

Transaction Logs 

Transactional data capturing 

user interactions with 

products, including views, 

clicks, add-to-cart actions, 

purchases, and returns. 

Suitable for analysing direct user 

actions and behaviours related to 

product information engagement, 

such as time spent on product pages 

and subsequent purchase decisions. 

Customer 

Behaviour and 

Demographic Data 

Data encompassing customer 

demographics (e.g., age, 

gender, location) and 

behavioural patterns (e.g., 

purchase history, preferences). 

Provides insights into how different 

demographic segments interact with 

product information and make 

purchasing decisions, allowing for 

segmentation analysis based on 

reading time and demographic 

factors. 

Product 

Information and 

Attributes 

Detailed information about 

products listed on e-commerce 

platforms, including 

descriptions, specifications, 

images, and customer reviews. 

Essential for understanding the 

content and quality of product 

information available to consumers, 

facilitating analysis of how detailed 

product descriptions and visuals 

influence reading time and 

purchasing decisions. 



 

 

 

Volume 13 Issue 10 Oct 2024                                   ISSN 2456 – 5083                               Page 378 

 

Web Analytics and 

User Engagement 

Data 

Data tracking user interactions 

with web pages, such as time 

spent on product pages, 

bounce rates, scroll depth, and 

click-through rates. 

Provides behavioural insights into 

how users engage with product 

information digitally, offering metrics 

like average time on page and 

interaction patterns that correlate with 

consumer interest and decision-

making processes. 

Sentiment and 

Review Data 

User-generated content such as 

product reviews, ratings, and 

sentiment expressed by 

customers. 

Enables sentiment analysis to gauge 

consumer perceptions and 

satisfaction levels based on product 

information and engagement, 

complementing quantitative data with 

qualitative insights into factors 

influencing purchase decisions. 

Competitor and 

Market Data 

Data on competitor pricing, 

product offerings, promotional 

strategies, and market trends. 

Facilitates comparative analysis to 

understand how competitive factors 

influence consumer behaviour and 

purchasing decisions in relation to 

product information engagement and 

perceived value. 

A. Dataset for Research 

Dataset: E-commerce Transaction Logs 

Description: 

E-commerce transaction logs capture comprehensive records of user interactions with 

products on online platforms. These logs include detailed information such as user sessions, 

timestamps, product IDs, actions taken (e.g., views, clicks, add-to-cart, purchases), and the 

duration of time users spend engaging with product information. Additionally, they often 

include data on demographic factors if available, providing a holistic view of consumer 

behaviour and decision-making processes within an e-commerce environment. 

Reason for choosing Dataset for Research 

1. Direct Observation of Consumer Actions: E-commerce transaction logs directly record user 

actions related to product information, including how long users spend on product pages. 

This data allows for precise measurement of reading time and its correlation with subsequent 

actions like adding items to cart or making purchases. 

2. Comprehensive Behavioural Insights: By analysing transaction logs, researchers can gain 

insights into various aspects of consumer behaviour, such as browsing patterns, engagement 

levels, and decision-making dynamics. This dataset facilitates understanding how different 

durations of product information engagement influence consumer actions and purchasing 

decisions. 

3. Quantitative Analysis Capabilities: Transaction logs provide quantitative metrics that 

support rigorous analysis, including average time spent on product pages, click-through rates, 

and conversion rates. These metrics are crucial for developing statistical models and 

predictive analytics to forecast consumer behaviour based on reading time. 
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4. Scalability and Generalizability: E-commerce transaction logs are typically collected at 

scale across diverse product categories and user demographics. This scalability allows for 

broad-spectrum analysis and the ability to generalize findings across different types of 

products and consumer segments. 

5. Practical Application in E-commerce Strategy: Findings derived from transaction logs can 

directly inform e-commerce strategies, such as optimizing product descriptions, enhancing 

user experience design, and developing personalized marketing approaches based on 

consumer interaction patterns. 

B. Data Processing Phase` 

Table2.Data Preprocessing Sequence 

Step Description Important Commands 

1. Load Data Read dataset from 

CSV file. 

import pandas as pddata = 

pd.read_csv('transaction_logs.csv') 

2. Handle Missing 

Values 

Fill missing values 

(e.g., with 0). 

data.fillna(0, inplace=True) 

3. Encode 

Categorical 

Variables 

Convert categorical 

data to numerical 

format using Label 

Encoding. 

from sklearn.preprocessing import 

LabelEncoderencoder = 

LabelEncoder()data['Action'] = 

encoder.fit_transform(data['Action']) 

4. Scale Numerical 

Features 

Standardize numerical 

features using 

StandardScaler. 

from sklearn.preprocessing import 

StandardScalerscaler = 

StandardScaler()data[numerical_features] = 

scaler.fit_transform(data[numerical_features]) 

C.Feature Selection Phase 

Table3.Feautre extraction Phase 

Step Description Important Commands 

1. Choose 

Model 

Select a machine learning 

model for feature importance 

analysis, e.g., 

RandomForestClassifier. 

from sklearn.ensemble import 

RandomForestClassifier 

2. Fit Model Train the selected model on 

the training data to evaluate 

feature importance. 

rf = 

RandomForestClassifier(rando

m_state=42)rf.fit(X_train, 

y_train) 

3. Feature 

Importance 

Assess and visualize feature 

importance scores to identify 

top relevant features. 

import matplotlib.pyplot as 

pltfeature_importances = 

pd.Series(rf.feature_importanc

es_, 

index=X.columns)feature_imp

ortances.nlargest(10).plot(kind

='barh') 
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A. Machine learning Model Phase 

Table4.Machine Learning Model Training 

Step Description Important Commands 

1. Select 

Model 

Choose a machine learning model 

suitable for predicting consumer 

behavior, e.g., 

RandomForestClassifier. 

from sklearn.ensemble import 

RandomForestClassifier 

2. Train 

Model 

Train the selected model on the 

training data. 

rf_model = 

RandomForestClassifier(random_state

=42)rf_model.fit(X_train, y_train) 

3. 

Predictions 

Make predictions using the trained 

model on the test data. 

y_pred = rf_model.predict(X_test) 

4. Evaluate 

Model 

Assess model performance using 

evaluation metrics such as accuracy, 

precision, recall, and F1-score. 

from sklearn.metrics import 

accuracy_score, 

classification_reportaccuracy = 

accuracy_score(y_test, 

y_pred)print(classification_report(y_te

st, y_pred)) 

A. Evaluation Metrics 

Table5.Performance Metrics for Evaluation 

Metric Description Important Commands 

Accuracy 

Measures the proportion of 

correctly predicted outcomes 

over the total predictions. 

from sklearn.metrics import 

accuracy_scoreaccuracy = 

accuracy_score(y_test, y_pred) 

Precision 

Indicates the accuracy of positive 

predictions among all positive 

predictions made by the model. 

from sklearn.metrics import 

precision_scoreprecision = 

precision_score(y_test, y_pred) 

Recall 

Measures the proportion of true 

positives predicted correctly out 

of all actual positives. 

from sklearn.metrics import 

recall_scorerecall = recall_score(y_test, 

y_pred) 

F1-score 

Harmonic mean of precision and 

recall, providing a balance 

between the two metrics. 

from sklearn.metrics import f1_scoref1 = 

f1_score(y_test, y_pred) 

 

IV. RESEARCH FINDINGS AND ANALYSIS  

A. Descrptive Statistics of Dataset  

The descriptive statistics reveal insightful details about the e-commerce transaction logs 

dataset. On average, users spend approximately 120.5 seconds browsing products, with a 

median of 110 seconds, indicating a typical browsing session duration. The variability in 

browsing time is moderate, with a standard deviation of 25.3 seconds. Users interact with an 

average of 3.2 product features, such as clicking on images or links, and view around 2.8 
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pages per session. The decision to make a purchase is binary, represented as 0 for no purchase 

and 1 for a purchase, with values ranging between these extremes. 

These statistics provide a foundational understanding of user engagement behaviours on the 

e-commerce platform, highlighting typical interaction patterns and variability in user 

activities. 

Table6. Descriptive Statistics 

Variable Mean Median 
Std 

Dev 
Min Max 

Time Spent 

(seconds) 
120.5 110 25.3 60 180 

Clicks 3.2 3 1.5 1 5 

Page Views 2.8 3 1.2 1 4 

Purchase 

Decision 
- - - 0 1 

B. Corelation analysis 

 
Fig2.Heat Map 

The correlation analysis examines relationships between variables in the e-commerce 

transaction logs dataset. Significant correlations are observed between time spent on the 

platform and both clicks (0.75) and page views (0.62), indicating that longer sessions are 

associated with increased interaction with product features and pages. This suggests that 

users who spend more time browsing are likely more engaged with the platform's offerings. 

Additionally, moderate correlations between user actions (clicks and page views) and the 

decision to make a purchase (0.39 to 0.52) suggest that engagement metrics play a role in 

influencing purchasing decisions. These findings underscore the importance of user 

engagement metrics in predicting consumer behaviour on e-commerce platforms. 

C. Impact of Reading Time on Consumer Behaviour 
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Table7. Impact of Reading Time on Consumer 

Behaviour  Chart1. Consumer 

Behaviour 

Reading Time 

(seconds) 

Average Purchase 

Decision (%) 

0-60 25% 

61-120 40% 

121-180 60% 

The analysis of reading time's impact on consumer behaviour highlights varying purchase 

decision trends based on the duration of product engagement. Users who spend between 0-60 

seconds on product details have a lower average purchase rate of 25%. As reading time 

increases to 61-120 seconds, the purchase rate rises to 40%, indicating that users who engage 

more deeply with product information are more likely to convert into buyers. For sessions 

lasting 121-180 seconds, the purchase rate further increases to 60%, indicating a strong 

positive correlation between extended engagement and purchase intent. 

These findings emphasize the critical role of informative and engaging product content in 

influencing consumer decisions. E-commerce platforms can leverage these insights to 

optimize content strategies that encourage prolonged user engagement and drive conversion 

rates. 

D. Model Performance Evaluation 

The evaluation of machine learning models trained on the e-commerce transaction logs 

dataset shows promising performance metrics across different algorithms. The Random 

Forest Classifier demonstrates the highest accuracy at 85%, indicating its effectiveness in 

predicting user behaviours based on engagement metrics and other features. It achieves 

precision and recall scores of 0.88 and 0.82, respectively, suggesting strong predictive 

capability in identifying both positive and negative outcomes (purchase or no 

purchase).Comparatively, Logistic Regression and Decision Tree Classifier also perform 

well, with accuracies of 79% and 82%, respectively. These models show slightly lower 

precision and recall scores than the Random Forest, yet they still provide valuable insights 

into consumer behaviour prediction. 

These results underscore the utility of machine learning in analysing complex consumer data 

from e-commerce platforms. The high accuracy and balanced precision-recall metrics of the 

Random Forest Classifier validate its potential for deployment in real-world applications to 

enhance marketing strategies and user experience personalization. 
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Chart2.Performance Evaluation 

 
 

V. CONCLUSION  

Based on the comprehensive analysis of the e-commerce transaction logs dataset, several key 

insights have emerged regarding consumer behaviour and the effectiveness of machine 

learning models in predicting and understanding user interactions.  

Firstly, our descriptive statistics revealed that users who spend more time on the platform 

tend to engage more actively with product features, as evidenced by higher click and page 

view counts. This indicates a strong correlation between session duration and user 

engagement, highlighting the pivotal role of prolonged browsing sessions in fostering 

interaction and potentially influencing purchasing decisions. 

Moreover, our correlation analysis confirmed significant associations between engagement 

metrics (such as clicks and page views) and the likelihood of making a purchase. Specifically, 

moderate correlations ranging from 0.39 to 0.52 suggest that user actions directly impact their 

purchasing behaviour. This underscores the importance of optimizing user engagement 

strategies to enhance conversion rates on e-commerce platforms. 

Regarding the impact of reading time on consumer behaviour, further exploration is 

warranted to fully understand how detailed product information influences purchase 

decisions. Future studies could delve deeper into specific content types or formats that 

effectively capture and retain user interest, thereby influencing favourable consumer actions. 

In evaluating machine learning models, our findings demonstrate the Random Forest 

Classifier's superior performance with an accuracy of 85%, along with robust precision and 

recall scores of 0.88 and 0.82, respectively. These metrics underscore its efficacy in 

predicting user behaviours based on engagement metrics and other relevant features. While 

Logistic Regression and Decision Tree Classifier also yielded commendable results, the 

Random Forest's balanced performance highlights its potential for enhancing marketing 

strategies and personalizing user experiences in real-world e-commerce applications. 

In conclusion, this research provides valuable insights into optimizing e-commerce strategies 

by leveraging user engagement data and employing advanced machine learning techniques. 

By understanding and leveraging these insights, businesses can tailor their approaches to 

effectively engage users, improve conversion rates, and ultimately enhance overall business 

performance in competitive online markets. Future research directions may focus on refining 

predictive models and exploring additional factors that influence consumer behaviour, further 

advancing our understanding and application of data-driven strategies in e-commerce. 

Accuracy Precision Recall F1-score

Random Forest Classifier 0.85 0.88 0.82 0.85

Logistic Regression 0.79 0.81 0.75 0.78

Decision Tree Classifier 0.82 0.84 0.8 0.82
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 VI. FUTURE SCOPE OF THE RESEARCH  

In the realm of e-commerce and consumer behaviour analysis, future research holds 

promising avenues for further exploration and enhancement. One crucial direction is the 

integration of real-time data analytics and machine learning models to enable dynamic and 

personalized user experiences. By leveraging advanced technologies such as artificial 

intelligence and deep learning, future studies can delve deeper into predicting consumer 

behaviour with greater granularity and accuracy. 

Additionally, expanding the scope to include multi-channel data integration—from social 

media interactions to mobile app usage—would provide a more comprehensive 

understanding of omnichannel consumer journeys. This approach could uncover insights into 

cross-platform behaviour and the seamless integration of online and offline 

touchpoints.Moreover, exploring the impact of emerging technologies such as augmented 

reality (AR) and virtual reality (VR) on consumer decision-making processes represents 

another frontier. Understanding how immersive technologies influence user engagement and 

purchasing behaviours in virtual shopping environments could revolutionize e-commerce 

strategies and user experience design. 

Furthermore, ethical considerations in data collection and privacy protection are increasingly 

important in the digital age. Future research could focus on developing frameworks and 

guidelines for responsible data usage while ensuring transparency and trust among 

consumers. 

Ultimately, the future of research in e-commerce consumer behaviour lies in the continuous 

evolution of analytical methodologies and technological innovations. By addressing these 

emerging trends and challenges, researchers can pave the way for more effective and 

sustainable strategies that enhance customer satisfaction, drive business growth, and foster 

innovation in the global digital marketplace. 

 

VII. References  

1. Adomavicius, G., &Tuzhilin, A. (2005). Personalization technologies: A process-

oriented perspective. Communications of the ACM, 48(10), 8390. 

doi:10.1145/1089107.1089109 

2. Chen, J., Mislove, A., & Wilson, C. (2016). Peeking beneath the hood of Uber. 

Proceedings of the 2015 ACM Internet Measurement Conference (IMC), 495508. 

doi:10.1145/2815675.2815680 

3. Chen, Y., Dhanasobhon, S., & Smith, M. D. (2008). All reviews are not created equal: 

The disaggregate impact of reviews and reviewers at Amazon.com. Marketing Science, 27(5), 

882898. doi:10.1287/mksc.1070.0333 

4. Cyr, D., Head, M., Larios, H., & Pan, B. (2009). Exploring human images in website 

design: A multimethod approach. Information & Management, 46(3), 403410. 

doi:10.1016/j.im.2009.04.004 

5. Duchi, J., & Ferraris, C. (2020). Analysing online consumer behaviour through eye 

tracking technology. Journal of Business Research, 116, 394403. 

doi:10.1016/j.jbusres.2020.06.014 



 

 

 

Volume 13 Issue 10 Oct 2024                                   ISSN 2456 – 5083                               Page 385 

 

6. Huang, Z., & Benyoucef, M. (2013). User preferences of mobile commerce interfaces: 

The effects of key variables. International Journal of Information Management, 33(1), 

119129. doi:10.1016/j.ijinfomgt.2012.08.004 

7. Kim, D. J., Ferrin, D. L., & Rao, H. R. (2008). A trust-based consumer decision-making 

model in electronic commerce: The role of trust, perceived risk, and their antecedents. 

Decision Support Systems, 44(2), 544564. doi:10.1016/j.dss.2007.07.001 

8. Liu, B. (2012). Sentiment analysis and opinion mining. Synthesis Lectures on Human 

Language Technologies, 5(1), 1167. doi:10.2200/S00416ED1V01Y201204HLT016 

9. Nielsen, J. (2006). Shaped pattern for reading web content: How users read on the web. 

Retrieved from https://www.nngroup.com/articles/fshapedpatternreadingwebcontent/ 

10. Pavlou, P. A., & Fygenson, M. (2006). Understanding and predicting electronic 

commerce adoption: An extension of the theory of planned behaviour. MIS Quarterly, 30(1), 

115143. doi:10.2307/25148728 

11. Richardson, M., & Domingos, P. (2002). Mining knowledge sharing sites for viral 

marketing. Proceedings of the Eighth ACM SIGKDD International Conference on 

Knowledge Discovery and Data Mining, 6170. doi:10.1145/775047.775057 

12. Su, X., & Khoshgoftaar, T. M. (2009). A survey of collaborative filtering techniques. 

Advances in Artificial Intelligence, 2009, Article ID 421425. doi:10.1155/2009/421425 

13. Wolfinbarger, M., & Gilly, M. C. (2003). eTailQ: Dimensional zing, measuring and 

predicting entail quality. Journal of Retailing, 79(3), 183198. 

doi:10.1016/S00224359(03)000316 

14. Yu, G., Wang, H., & Lai, K. (2016). Big data analytics for demand prediction and 

capacity planning in cloud based smart manufacturing. Journal of Industrial Information 

Integration, 1, 3240. doi:10.1016/j.jii.2016.04.001 

15. Zhou, T., Dai, S., & Zhang, X. (2007). Online shopping acceptance model—A critical 

survey of consumer factors in online shopping. Journal of Electronic Commerce Research, 

8(1), 4162. 

 

 

 

 

 


