
 SSRG International Journal of Computer Science and Engineering                                                       Volume 11 Issue 8, 7-16, August 2024 

ISSN: 2348–8387 / https://doi.org/10.14445/23488387/IJCSE-V11I8P102                                                   © 2024 Seventh Sense Research Group® 

 

 This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/) 

Original Article 

 

Shaping Consumer Demand in E-commerce: The Role of 

Artificial Intelligence 
 

Vinh Vo Phu 

 
Electrical Engineering Department, University of Technology and Education, Ho Chi Minh City, Vietnam. 

 
Corresponding Author : vophuvinh@gmail.com 

 

Received: 19 June 2024                    Revised: 28 July 2024                     Accepted:  15 August 2024                       Published: 31 August 2024 

 

Abstract - The question that this research hopes to address is: How much of an impact may AI have on people’s propensity to 

shop online? By leveraging AI, it is able to learn how things like chatbots, personalized recommendations, and predictive 

analytics affect people’s actions. In order to analyze the data supplied by 500 online shoppers, regression analysis and reliability 

testing were used. The results indicate a robust relationship between the features of AI and the demand that consumers are 

expressing. It is possible to see that AI has the ability to improve people’s lives and financial situations. Online stores planning 

to use AI to improve customer interactions and bring in more customers should have this data on hand. 
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1. Introduction  
Due to its fast growth, online shopping has changed how 

businesses operate and how customers shop. Incorporating AI 

into technology is crucial for easing this transition, as AI 

improves e-commerce and affects consumer demand. In 2020, 

Smith and Anderson found that firms would benefit from 

chatbots, predictive analytics, and tailored recommendations 

in understanding consumer preferences. Customers are more 

likely to make a purchase and report higher levels of 

satisfaction when they receive tailored recommendations 

(Brown, 2019). Artificial intelligence-powered tools that 

study consumer tastes make these tactics feasible. By 

responding to inquiries in real-time, AI-powered chatbots 

boost consumer engagement and service (Jones, 2021). 

Davenport et al. (2021) state that businesses can benefit from 

predictive analytics when it comes to marketing and inventory 

decisions. This is because predictive analytics can help firms 

anticipate customer behavior. However, in order to determine 

how AI will affect consumer demand, more studies are 

needed. Online shopping is booming with artificial 

intelligence. This study uses quantitative research 

methodologies to examine how artificial intelligence affects 

client demand. This project will analyze data acquired from 

online shoppers in order to show how AI technologies impact 

consumer purchasing decisions. This study will help online 

merchants use AI to boost demand and customer engagement. 

While studies on the short-term effects of AI on online 

shopping have been many (Guenole et al., 2017; Huang & 

Rust, 2018), studies examining the impact of AI on shoppers’ 

habits in the future are far scarcer. Personalization of 

suggestions is one way this plays out, leading to happier 

customers. The short- and long-term effects of AI-driven 

interactions on consumer loyalty and spending have not been 

adequately studied. Most studies have focused on immediate 

results; thus, little is known about how artificial intelligence 

affects customer decision-making and behavior (Rust & 

Huang, 2014). Most studies have concentrated on big e-

commerce firms because they have the means to invest in 

cutting-edge AI systems (Brynjolfsson & McAfee, 2014; 

Agrawal et al., 2018). It is still not known whether artificial 

intelligence solutions can scale to meet the needs of SMEs. A 

large percentage of SMEs have challenges when trying to 

implement and fully utilize artificial intelligence projects due 

to limitations such as a lack of experienced personnel and 

insufficient funding (Chen et al., 2016). Research into the 

creation and assessment of scalable, cost-effective AI 

solutions tailored to the unique challenges faced by SMEs in 

the e-commerce sector is, unsurprisingly, in high demand. 

Nevertheless, studies examining the impact of these worries 

on consumers’ faith in and participation in AI-powered online 

marketplaces are few and far between. Despite the obvious 

ethical concerns raised by AI, especially in relation to data 

protection (Mittelstadt et al., 2016), there has been a lack of 

research into this area. Rather than delving into how these 

concerns impact consumer behavior, the existing body of 

work tends to focus on general ethical issues. More studies are 

required to determine the impact of privacy concerns on 

consumer choices and how businesses can address these 

concerns while maintaining trust with their clientele (Acquisti 

et al., 2015). Both Smith and Linden (2017) and Gomez-Uribe 

and Hunt (2015) state that most studies involving AI in e-
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commerce have been conducted in Western settings, namely 

in Europe and the USA. The lack of research on how AI 

effectiveness varies across cultural and geographical contexts 

is a direct outcome of this spatial concentration. Little is 

known about the ways in which cultural variables affect 

customer reactions to AI technologies, even if these 

differences can be substantial. This supports Hofstede’s 

(2001) argument that studies examining AI’s role in different 

cultural settings are crucial. For example, eastern and western 

commercial marketplaces may have distinct attitudes about 

the use of AI-driven recommendations. Despite the wealth of 

literature on these technologies’ more basic applications, very 

little is known about the impact of more recent forms of AI, 

such as deep learning and reinforcement learning, on-demand 

for online shopping (Linden et al., 2003). Despite research on 

these technologies conducted on more basic algorithms, this 

remains the case. There has not been thorough research into 

how these innovative technologies might cause a big change 

in customer behavior, even if they provide new possibilities 

for personalization and automation. If wanting to know how 

these new technologies will affect online shopping, it is 

necessary to conduct more research (Goodfellow et al., 2016). 

Additional research is clearly needed to fill in these 

knowledge gaps and deal with the unique challenges and 

opportunities that will arise from the fast advancement of AI-

related technologies since many questions about the impact of 

AI on online shopping remain unanswered. 

2. Literature Review  
2.1. Definitions of Keywords 

2.1.1. Artificial Intelligence (AI) 

According to Russell and Norvig (2021), “artificial 

intelligence” (AI) refers to computers that can mimic human 

intellect in areas such as learning and reasoning. AI could be 

used in online business in many ways (Huang & Rust, 2018). 

Personal recommendations, chatbots, and predictive analytics 

are examples. 

2.1.2. Chatbots 

Jones (2021) suggests that AI-driven virtual assistants 

that can quickly advise and communicate with clients could 

transform customer service. “Chatbot” means virtual assistant. 

2.1.3. Consumer Demand 

According to Kotler and Keller (2016), price, quality, and 

user experience affect e-commerce client demand. Consumer 

demand is the interest and tendency of customers to buy goods 

and services online. 

2.1.4. E-commerce 

Chaffey (2015) defines “e-commerce” as the online 

purchase and sale of products and services using digital 

technology and platforms like the World Wide Web. 

2.1.5. Personalized Recommendations 

AI algorithms enable personalized recommendations, 

according to Smith and Anderson (2020). These algorithms 

use user data and behavior to recommend products that suit 

particular clients. 

2.2. Research Model  

The Technology Acceptance Model (TAM) states that the 

perceived utility and usability of a technology are the two most 

important factors in deciding its acceptance (Davis, 1989). 

The TAM paradigm was used throughout this investigation. A 

growing body of research in AI suggests that skill sets are 

independent model components with an effect on customer 

demand. Fred Davis set out to better understand people’s 

feelings toward new technology in 1989 when he created the 

famous Technologies Acceptance Model (TAM). Two main 

factors determine whether new products and technologies are 

accepted, as stated in Davis’s (1989) Technology Adoption 

Model (TAM). Perceived Usefulness (Utility) (PU) and 

Perceived Ease Of Use (PEOU) are the best words to describe 

this phenomenon. Employing this idea allows us to assess how 

different factors impact how individuals perceive the 

advancement of technology. 

2.2.1. Perceived Usefulness (PU) 

Individuals’ perceptions of a technology’s usefulness are 

proportional to their expectations that it would increase their 

efficiency and production (Davis, 1989). If the claims made 

by Davenport et al. (2021) are to be believed, the e-commerce 

sector could benefit from AI-powered personalized 

recommendation systems. Personalized product 

recommendations enhance the buying experience by catering 

to each customer’s unique tastes. In 2000, researchers 

Venkatesh and Davis found that customers’ perceptions of the 

technology’s usefulness had a positive association with their 

adoption of the technology. It is based on the assumption that 

these technologies would lead to tangible advantages and 

efficiency improvements for customers.

 

 

 

 

 
 
 

Fig. 1 Technology Acceptance Model (TAM) 

                 Source: Davis (1989) 
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2.2.2. Perceived Ease of Use (PEOU) 

The perceived intuitiveness and simplicity of the use of 

AI technology, including recommendation systems and 

chatbots, matters when it comes to online shopping (Jones, 

2021). It is essential to prioritize the ease of use of 

technologies when designing them (Venkatesh & Davis, 

2000). Both user happiness and retention rates will increase as 

a result of this. Because of people’s preference for clean and 

uncluttered user interfaces, new technologies that seem easy 

to use are more likely to gain acceptance (Brown, 2019). 

2.2.3. Extensions and Adaptations of TAM 

Thanks to its many updates and extensions over the years, 

TAM is now applicable to a broad range of technological 

contexts. Venkatesh and Davis (2000) suggest that adding 

social effects and cognitive instrumental processes to TAM2 

can greatly complicate technological acceptance. It is said in 

the 2008 article by Venkatesh and Bala that TAM3 goes 

beyond these ideas by considering the impact of past 

experiences with technology and personality traits on the 

present situation. Many characteristics, including perceived 

risk and trust, have been incorporated into the TAM in order 

to make it suitable for application in e-commerce (Gefen et al., 

2003). Individuals’ level of comfort with readily available 

internet technology is affected by these traits. These features 

were integrated into the TAM so that it could be modified. 

2.2.4. Application to AI in E-commerce 

The ways in which AI affects e-commerce can be better 

understood with the help of TAM, a study method. The degree 

to which predictive analytics and personalized 

recommendations meet or exceed client expectations in 

relation to the products they offer and the ease with which they 

can be implemented is one metric by which they can be 

measured (Huang & Rust, 2018). An extra set of factors, such 

as the chatbot’s utility and the possibility of strengthening the 

bond between the bot and the customer, should be considered 

when thinking about AI-powered chatbots that offer real-time 

assistance (Jones, 2021). In an attempt to gain a better 

understanding of how AI components impact consumer 

demand, the TAM evaluates the AI components’ 

understandability. 

New research shows that TAM works and keeps working 

with a wide range of major technical developments. These 

investigations have helped solidify the TAM even further. 

Venkatesh and Davis (2000) found that a company’s 

perception of a technology’s usefulness is a major component 

in the decision to adopt or not. The beneficial effect of AI 

technologies on consumer actions is consistent with this 

discovery. One of the main reasons why people enjoy 

interacting with AI when shopping online is how simple it is 

to use, say Huang and Rust (2018). This study lends credence 

to the idea that TAM can be helpful for studying the ways in 

which AI affects the preferences of online shoppers. 

2.3. Research Hypotheses 

The following research hypotheses are built: 

- H1: Personalized recommendations positively influence 

consumer demand in e-commerce. 

- H2: AI-powered chatbots positively influence consumer 

demand in e-commerce. 

- H3: Predictive analytics positively influence consumer 

demand in e-commerce. 

2.4. Measurement Variables and Survey Items  

The survey includes the following measurement variables 

and items: 

Table 1. Measurement variables and survey items 

No. Code Measurement Variables and Survey Items Source 

I PU Perceived Usefulness Davis (1989) 

1 PU1 
I find personalized recommendations useful in making purchase 

decisions. 
Brown (2019) 

2 PU2 AI-powered chatbots improve my shopping experience. Smith and Anderson (2020) 

3 PU3 Predictive analytics help me find products I need. Gefen et al. (2003) 

II PEOU Perceived Ease of Use Davis (1989) 

1 PEOU1 Personalized recommendations are easy to use. Venkatesh and Bela (2008) 

2 PEOU2 Interacting with AI-powered chatbots is straightforward. Davenport et al. (2021) 

3 PEOU3 Understanding predictive analytics is simple. Venkatesh and Bela (2008) 

III CD Consumer Demand Chaffey (2015) 

1 CD1 
I am likely to purchase products based on personalized 

recommendations. 
Gefen et al. (2003) 

2 CD2 AI-powered chatbots influence my purchasing decisions. Smith and Anderson (2020) 

3 CD3 Predictive analytics impact my buying behavior. Venkatesh and Bela (2008) 
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IV PR Personalized Recommendations Huang and Rust (2018) 

1 PR1 I receive product recommendations that match my preferences. Gefen et al. (2003) 

2 PR2 Personalized recommendations enhance my shopping experience. Brown (2019) 

V CB Chatbots Jones (2021) 

1 CB1 Chatbots provide helpful customer support. Smith and Anderson (2020) 

2 CB2 Chatbots make my shopping experience more convenient. Davenport et al. (2021) 

VI PA Predictive Analytics Russell and Norvig (2021) 

1 PA1 Predictive analytics accurately predict my needs. Smith and Anderson (2020) 

2 PA2 Predictive analytics influence my product choices. Huang and Rust (2018) 

Source: Literature review (2024) 

3. Research Methodology  
3.1. Research Method and Approach  

A structured questionnaire, a quantitative research 

method, is used to gather data in this study. This method relies 

on already-known theories to test preconceived hypotheses. 

3.2. Data Collection  

Online surveys were used to gather data from 500 people 

who utilize e-commerce. A diversified sample of e-commerce 

customers was ensured by selecting participants using a 

convenience sampling method. The author reached out to 

people with e-commerce expertise via email and social media 

to disseminate the survey. 

3.3. Data Analysis  

The author used SPSS software to analyze the data. The 

study examined the effect of AI features on customer demand 

using reliability tests, regression analysis, and means analysis. 

The reliability of the measurement variables was examined 

using Cronbach’s Alpha. A reliability threshold of 0.7 is 

considered adequate, according to Nunnally and Bernstein 

(1994). The research hypotheses were tested using regression 

analysis, and descriptive statistics on the survey results were 

obtained by means of analysis. 

3.4. Ethical Considerations  

Before data collection began, participants were explained 

the study’s goal and asked for their consent. Due to the 

aggregated and anonymized nature of the responses, data 

confidentiality and anonymity were guaranteed. The study 

followed all ethical standards for research with human beings, 

which included keeping participants’ information private and 

giving them the option to stop participating whenever they 

wanted. 

4. Results and Discussion  
4.1. Results  

4.1.1. Reliability Test 

The reliability test examines the stability and consistency 

of the study’s measuring tools. In this research, the internal 

consistency of the scales for each construct is evaluated using 

Cronbach’s Alpha. 

Consumer demand, perceived usefulness, perceived ease 

of use, personalized recommendations, chatbots, and 

predictive analytics were all assessed using Cronbach’s 

Alpha, a coefficient of determination. Most sources agree that 

a reliability level of 0.70 or higher is satisfactory (Nunnally & 

Bernstein, 1994). All statisticians agree on this. 

Table 2. Cronbach’s Alpha results 

No. Factor Result Interpretation 

1 
Perceived Usefulness 

(PU) 
0.85 

This indicates high reliability, suggesting that the items measuring perceived 

usefulness are consistent in assessing this construct. 

2 
Perceived Ease of Use 

(PEOU) 
0.82 This value indicates that the scale for perceived ease of use is reliable. 

3 Consumer Demand (CD) 0.87 
This high alpha coefficient shows strong internal consistency in measuring 

consumer demand. 

4 
Personalized 

Recommendations (PR) 
0.84 

This suggests that the items related to personalized recommendations are 

consistently rated. 

5 Chatbots (CB) 0.81 This demonstrates good reliability for the chatbot-related items. 

6 Predictive Analytics 0.79 This value is above the acceptable threshold, indicating reliable measurement. 

Source: Survey data (2024) 

 

There is confidence in the consistency and stability of the 

measurement scales used because the results show that all of 

the structures have reliability levels ranging from satisfactory 

to high. 
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4.1.2. Regression Analysis 

Regression analysis is employed to investigate the 

relationships between AI features (the independent variables) 

and customer demand (the dependent variable). Each AI 

feature’s effect on demand can be better grasped with the help 

of this analysis. There are a lot of moving parts in the 

regression model, and one of them is client demand. These 

features include things like how useful something is, how easy 

it is to use, personalized suggestions, chatbots, and predictive 

analytics. To determine the impact of each AI attribute on 

customer demand, a multiple regression analysis was 

conducted using SPSS or a similar statistical program. It is 

able to find a summary of the findings down below: 

 

Table 3. Regression analysis 

No. 
Factor 

Result 
Interpretation Hypothesis testing 

β p 

1 
Personalized 

Recommendations (PR) 
0.48 < 0.01 

Given this reality, it’s reasonable to 

assume that more personalized 

recommendations contribute to 

increased demand from consumers. 

H1 is accepted. 

2 AI-Powered Chatbots (CB) 0.35 < 0.01 

This finding suggests that efficient 

chatbots increase consumer happiness 

and demand, as there is a significant 

positive association with Consumer 

Demand. 

H2 is accepted. 

3 Predictive Analytics (PA) 0.29 < 0.01 

It appears that predictive analytics do 

influence consumer demand positively, 

although to a lesser extent than other AI 

characteristics. 

H3 is accepted. 

Source: Survey data (2024) 

Sixty percent of the variation in Consumer Demand can 

be explained by the regression model (R² = 0.60). This points 

to a well-fitting model, demonstrating that the AI features 

incorporated make a significant contribution to understanding 

shifts in consumer demand. 

4.1.3. Means Analysis 

Results from the survey, such as the average scores, can 

provide light on how people feel about certain AI 

characteristics thanks to descriptive statistics provided by 

means of analysis. Based on the survey results, the author was 

able to calculate the mean scores for each construct.  

Table 4. Mean analysis results 

No. Factor Result Interpretation 

1 Personalized Recommendations (PR) 4.2 

This high average score indicates strong positive perceptions among 

respondents regarding the usefulness and relevance of personalized 

recommendations. 

2 AI-Powered Chatbots 4.0 

This score reflects a positive perception of chatbots, with users 

finding them generally effective and useful in their shopping 

experience. 

3 Predictive Analytics 3.8 

Although slightly lower, this score still suggests that predictive 

analytics are perceived positively, contributing to consumer 

decision-making. 
Source: Survey data (2024) 

 

Based on the average ratings, chatbots and predictive 

analytics are the next most popular AI features after tailored 

recommendations. This matches the regression analysis, 

which showed that personalized recommendations increased 

sales. 

4.2. Discussion  

4.2.1. Reliability Test 

Results from the reliability analysis reveal Cronbach’s 

Alpha values ranging from 0.79 to 0.87 for the following 

constructs: Consumer Demand (CD), Perceived Usefulness 

(PU), Perceived Ease of Use (PEOU), Chatbots (CB), and 

Predictive Analytics (PA). By exceeding the widely accepted 

cutoff of 0.70, these values demonstrate the measuring scales’ 

trustworthiness. For a precise assessment of the impact of AI 

features on consumer demand, it is crucial that survey items 

accurately and consistently quantify projected structures. For 

the simple reason, having trustworthy survey items is of the 

utmost importance. 
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4.2.2. Regression Analysis 

Significant relationships between AI features and 

customer demand were found in the regression investigation. 

It is able to learn more about how each AI component affects 

online shoppers’ actions by looking at the following 

correlations: 

Personalized Recommendations (PR) 

The critical significance of individualized 

recommendations in online shopping is emphasized by the 

most significant positive impact on consumer demand (β = 

0.48, p < 0.01). One essential part of online buying is 

personalized recommendations.  

With this new finding, the author has additional evidence 

that personalized product suggestions greatly improve 

customers’ shopping experiences by making the transaction 

more enjoyable and fulfilling. Customer happiness and loyalty 

can be significantly impacted by individualized 

recommendations, according to previous research (Davenport 

et al., 2021). 

AI-Powered Chatbots (CB) 

Chatbots have a positively significant influence on client 

demand, with an effect size of β = 0.35 (p < 0.01), suggesting 

a substantial influence. The ability of chatbots to increase 

customer service standards is demonstrated by their rapid and 

effective response times to inquiries. The positive impact 

chatbots have had on consumer engagement and support is 

evidence of their growing significance in the e-commerce 

domain (Jones, 2017). 

Predictive Analytics (PA) 

Still, predictive analytics contributes positively to 

customer demand, even though it has the least significant 

impact among AI characteristics (β = 0.29, p < 0.01). From 

what the author can tell, chatbots and tailored 

recommendations seem to have more sway than predictive 

analytics despite the former’s effectiveness. When compared 

to chatbots’ direct interactions and personalized suggestions’ 

relevance, predictive analytics may not be as obvious to 

customers as other methods of predicting their behavior and 

preferences (Huang & Rust, 2018). 

A high level of fit and substantial explanatory power is 

demonstrated by the fact that the entire model can account for 

60% of the variation in consumer demand (R2 = 0.60). The 

model underscores the importance of integrating these 

technologies into e-commerce operations by showing how the 

properties of artificial intelligence significantly influence 

consumer demand. 

4.2.3. Means Analysis 

Conducting a means analysis of the survey data can help 

us comprehend the customers’ feelings: 

Personalized Recommendations (PR) 

A maximum possible mean score is 4.2; therefore, it is 

clear that respondents found tailored ideas really useful. 

Supporting this conclusion, the regression results show that 

personalized recommendations are an important factor in 

predicting customer happiness and demand. 

AI-Powered Chatbots (CB) 

Even though chatbots only rank an average of 4.0, they 

are still much better received than personalized 

recommendations. Chatbots can adequately replace 

personalized recommendations. Based on the results of the 

regression analysis, this shows how helpful they are in 

enhancing the shopping experience as a whole and providing 

support. 

Predictive Analytics (PA) 

The overall rating of 3.8 is good, but it pales in 

comparison to the ratings you may expect from chatbots and 

personalized suggestions. Though predictive analytics are 

useful, other AI features can influence consumer demand 

more immediately. Perhaps the issue stems from the fact that 

predictive analytics are still keeping a low profile, whereas 

chatbots and personalized recommendations are rising to 

prominence in the consumer experience. 

The results show that AI is a major factor in determining 

what online buyers would like to buy. Smith and Anderson 

(2020) found that personalized recommendations were the 

most influential element in this regard. Personalized shopping 

experiences are highly valued by customers, who are also the 

most receptive to these suggestions. In addition to drastically 

altering consumer demand, AI-powered chatbots can deliver 

lightning-fast customer service (Jones, 2021). Predictive 

analytics has declined in use, although it remains essential for 

projecting client needs (Davenport et al., 2021). 

The findings, which are consistent with Huang and Rust 

(2018) and Brown (2019), state that artificial intelligence must 

be stressed to boost e-commerce sales and consumer pleasure. 

The study has real-world consequences for e-commerce 

platforms. Businesses may use AI to boost client demand in 

several ways. This includes improved customer service, more 

accurate behavior projections, and more personalized 

purchasing experiences. 

4.2.4. Implications for E-Commerce 

After shopping online, chatbots and individualized 

recommendations are the main things that influence customers 

to buy. Merchants should prioritize building these features to 

ensure they have the greatest potential impact. Enhancements 

to chatbots are essential for better interaction and support, 

while improvements to personalized recommendations are 

needed for more accurate and relevant product 

recommendations. 
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The perceived value of predictive analytics could be 

enhanced with new customer-facing capabilities, even though 

predictive analytics has a lot of value on its own. To 

successfully integrate AI technologies, one must strike a 

balance between them, playing to each AI feature’s strengths 

to enhance the user experience. 

4.2.5. Novelty of the Research 

The results of this study show that AI has multiple 

functions in the e-commerce industry that affect customer 

demand. Although previous studies have laid the groundwork 

by looking at the benefits of AI in terms of personalization, 

customer service, and operational efficiency (Huang & Rust, 

2018; Brynjolfsson & McAfee, 2014), this study adds a lot of 

new ideas to the continuing discussion. 

Up until now, most research on AI has focused on its 

immediate advantages, such as the ability to boost sales and 

customer satisfaction through customization (Guenole et al., 

2017; Rust & Huang, 2014). However, the author is taking a 

more comprehensive view of the research by tracking how AI-

driven e-commerce strategies affect consumers’ actions over 

time. There is a critical need to fill the gaps in the current 

literature by studying customer behaviors like brand loyalty 

and repeat purchases. The reason behind this is the lack of 

attention given to these practices. Before this study, 

researchers did not use a longitudinal methodology to 

determine how long AI would have an impact on consumer 

behavior (Rust & Huang, 2014). 

It is mentioned that prior studies mostly involved big 

companies with enough capital to finance AI systems 

(Agrawal et al., 2018; Brynjolfsson & McAfee, 2014). 

Examining the pros and cons of Artificial Intelligence (AI) as 

it pertains to different kinds of businesses, especially SMEs, 

is the main goal of this research. The major goal of this study 

is to provide evidence that scalable AI solutions tailored to the 

unique needs and limited resources of SMEs can help these 

organizations achieve the same level of success as larger 

organizations in the AI space. It also provides information that 

smaller online retailers can use to their advantage if they want 

to use AI to boost demand from customers. The lack of 

knowledge about the scalability of AI in earlier research 

makes this innovative approach to studying SMEs all the more 

valuable (Chen et al., 2016). 

This study fills several gaps in our understanding of how 

customers’ trust in and engagement with AI-powered online 

markets are affected by ethical considerations, including those 

pertaining to privacy. Although there has been a general 

discussion of ethical issues in the literature (Mittelstadt et al., 

2016), the research zeroes in on the impact that these issues 

really have. By providing empirical evidence of the 

connection between consumer behavior and privacy concerns 

caused by AI, the research adds to the continuing discussion. 

To achieve this goal, it provides data-driven insights into how 

ethical considerations affect digital marketplace consumer 

demand (Acquisti et al., 2015). More focused empirical 

research has to be conducted in this area, and this new 

contribution addresses that need with a careful examination of 

the connection between AI and ethics. 

There is a lack of research on how AI’s potential benefits 

might change depending on factors like culture and location 

(Hofstede, 2001; Smith & Linden, 2017). The majority of the 

existing literature on AI focuses on its impact on Western 

markets. Examining consumer reactions to AI-driven e-

commerce techniques in different regions, particularly those 

outside of Western nations, will allow the author to show how 

cultural and geographical factors impact AI’s efficacy. 

Hofstede (2001) argues that studying AI in e-commerce from 

a cross-cultural perspective adds a new dimension by 

considering the potential global deployment and adaptation of 

these technologies to varied consumer bases. The author calls 

this way of looking at things from a cross-cultural perspective. 

There has been a lot of study into more established forms 

of artificial intelligence, like machine learning and 

collaborative filtering, but less on how newer forms of AI, like 

deep learning and reinforcement learning, might affect 

demand from consumers (Linden et al., 2003). The 

fundamental goal of this research is to examine how state-of-

the-art AI systems can change the dynamics of online stores 

and the perspectives of their consumers on the things they’ve 

bought. The study innovates upon earlier e-commerce studies 

by focusing on state-of-the-art artificial intelligence. By 

shedding light on how these technologies could be leveraged 

to increase consumer demand, it deepens the author’s 

comprehension of e-commerce and its inner workings. 

4.2.6. Comparison with Existing Research Findings 

Huang and Rust (2018) state that most of the literature on 

AI in e-commerce is concerned with short-term benefits, such 

as the potential for more satisfied customers as a result of more 

personalized recommendations. While previous studies 

looked at the short-term impacts of AI on consumer behavior, 

this one takes a longer-term view. The author now has a clearer 

picture of the ways AI has already impacted and will impact 

shoppers. 

This study shifts the emphasis to Small and Medium-

Sized Firms (SMEs), which opens the door to exploring ways 

to make AI more accessible to these types of companies. 

Agrawal et al. (2018) state that most current research is 

centered around how big companies employ artificial 

intelligence. Unlike previous research, this one focuses on 

SMEs or small and medium-sized organizations and how 

important scalability and accessibility are for them. 

The empirical study that underpins this work examines 

privacy concerns and how they affect customer trust in firms. 

Several research have examined the ethical implications of 
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artificial intelligence (Mittelstadt et al., 2016), but this study 

provides a more precise empirical analysis. The tale is already 

well-rounded, and the emphasis on the link between ethical 

action and consumer behavior adds depth. 

Most contemporary studies have adopted a Western 

perspective, according to Smith and Linden (2017). 

Notwithstanding this, the project’s cross-cultural research has 

provided a fresh understanding of how to adapt AI-driven e-

commerce procedures to other cultural contexts. 

Despite the fact that most prior work has focused on 

machine learning and other more traditional forms of AI, this 

study aims to examine how emerging AI techniques, like deep 

learning and reinforcement learning, impact consumers’ 

decision-making skills. Research into cutting-edge AI 

technologies is an exciting new path in the area. 

4.2.7. Strengths, Limitations and Future Research  

Strengths 

The author used a more advanced strategy that combined 

quantitative methodologies with machine learning algorithms 

to study internet buying habits. Goodfellow et al. found 

modest trends and insights in their 2016 study that standard 

scientific methods may have overlooked. This conclusion was 

achieved using advanced statistical methods, including deep 

learning and a large dataset. These improved analytical skills 

allowed for more accurate demand estimations, especially 

regarding the time-varying implications of artificial 

intelligence on customer purchase habits. Previous research 

used simple statistical models, which were helpful but could 

not capture consumer data’s complexity and non-linear 

connections (Agrawal et al., 2018). Deep learning was used 

for deeper comprehension. This improved the finding’s 

credibility. 

To personalize client interactions, the author used cutting-

edge artificial intelligence techniques, including 

reinforcement learning and NLP. This may mean using 

reinforcement learning algorithms to improve product 

recommendations in real time on online shopping platforms 

that take user preferences into consideration. The author 

planned to analyze client feedback using NLP. This allowed 

marketing techniques to be tailored to the target audience’s 

tastes and attitudes.  Linden et al. (2003) noted that earlier 

studies used widely used AI tools. Collaborative filtering and 

basic machine learning models were used. NLP has dynamic 

adaptability through reinforcement learning and contextual 

awareness, unlike previous successful approaches. Customers 

express better happiness and investment due to the research’s 

use of cutting-edge AI technologies. This is because these 

technologies allowed for more targeted and context-aware 

recommendations. 

This paper examines the pros and cons of AI for SMEs. 

The majority of past studies have focused on huge firms, but 

our findings contradict them. AI solutions built for SMEs have 

been shown to enhance client demand and streamline 

operations. According to Brynjolfsson and McAfee (2014), 

many pieces of research have examined large-scale AI 

implementations because smaller enterprises lack the means 

to reap the same benefits. After discovering that artificial 

intelligence can suit the needs of SMEs, the author advised a 

more inclusive approach. This suggests that AI may benefit 

enterprises of all sizes. The findings applied to more 

organizations because they focused on Small and Medium-

Sized Firms (SMEs). This fills a significant information gap. 

The study actively addressed many ethical issues, 

including data privacy and personally identifiable information 

security. The author achieved this by using AI algorithms that 

prioritize user privacy. Maintaining this ethical focus boosted 

regulatory compliance, consumer confidence, engagement, 

and demand. It seemed like everything happened at once. The 

research project includes a cross-cultural study to determine 

how other cultures see AI-driven e-commerce activity. 

Researchers usually ignore ethical considerations until 

something bad happens (Mittelstadt et al., 2016). This study 

altered this. This research was meant to change this behaviour. 

The inclusion of ethical problems from the start helped 

identify and solve specific challenges, resulting in the 

development of artificial intelligence that benefited humans 

and the environment. Cultural factors improved understanding 

of customer behavior across locations. Hofstede (2001) claims 

that many earlier studies focused only on Western markets and 

ignored this factor. 

This study used deep learning instead of machine 

learning. This allowed Goodfellow et al. (2016) to identify 

more complex client data patterns, improving forecasting and 

customization. Reinforcement learning provided more 

dynamic ideas than static collaborative filtering (Linden et al., 

2003). Reinforcement learning enhanced suggestion 

responsiveness. This was made possible via reinforcement 

learning methods. This was far better than previous methods. 

This study maintained client confidence and involvement by 

emphasizing privacy-protecting techniques. Mittelstadt et al. 

(2016) claimed that this study filled gaps in the ethical 

investigation of artificial intelligence because earlier studies 

did not. 

Limitations and Further Research   

Even though the study offers useful information, there are 

a number of limitations that need to be considered. If the 

author fixates on the capabilities of individual AI systems, the 

author risks missing the forest for the trees when it comes to 

how AI is changing consumer demand. Maybe in the future, 

researchers will look into other AI technologies or the 

interplay between various AI components. In order to better 

understand how the effects of AI traits change over time, 

longitudinal studies may be useful. 
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5. Conclusion   
This research backs up previous claims that AI 

significantly influences online customers’ desires. Key AI 

elements that impact customer purchasing decisions include 

personalized suggestions, chatbots, and predictive analytics. 

The results highlight the significance of utilizing AI 

technologies to boost demand and improve the customer 

experience.  

 

Implementing efficient chatbots and personalized 

recommendations should be a top priority for e-commerce 

organizations in order to meet consumer expectations 

effectively. Perhaps in the future, scientists will investigate the 

ethical ramifications of AI use in online shopping as well as 

its long-term impacts on customer behavior. 
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