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Abstract – We review the factors influencing user satisfaction in AI-based chatbots on online shopping websites, focusing 

on utilitarian, hedonic, technological, and social gratifications, social influence and perceived privacy threats. Using survey 

data of 1,007 respondents spread throughout Northern, Central, and Southern areas of Vietnam, the constructs were 

operationalized by using validated reflective measures and then analyzed using PLS-SEM. The empirical findings 

demonstrate that the following types of gratifications, utilitarian, hedonic, technological, and social gratification, along 

with social influence, are significant contributors to user satisfaction, and perceived privacy risks do not play an important 

role. The results presented highlight the significance of social and experience elements in the interactions of chatbots with 

e-commerce, and these findings can be applied practically to the development of AI-based systems that can improve 

engagement, trust, and loyalty among young, digitally-savvy consumers. 

 

Keywords – AI Chatbots, E-Commerce, User Satisfaction, Gratification Theory, Social Influence, Privacy Risks, Partial 

Least Squares Structural Equation Modelling. 
 

I. INTRODUCTION 

Chatbots are flexible and have a significant potential. The human service personnel are often forced to deal with the 

boundaries of their knowledge; they might experience difficulties in managing various organizational resources, and they 

might feel tired [1]. Chatbots are accessible 24 hours, and due to the scalability technology, clients can access it without any 

waiting period. As a result, they have significant potential to reduce costs and automate the processes in the enterprises. 

Well-known chatbots, including Apple Siri, Amazon Elexa are common knowledge, and the employment of chatbots as 

tools to address various tasks is on the rise. The first example is the IBM question-answer framework, referred to as Watson. 

Chatbots are not only applied in IT firm but can be used elsewhere. In 2020, more than 85% of client contacts were arranged 

via different types of chatbots. As an example, external communication (such as by companies communicating with their 

customers through chatbots) is one area that businesses may use chatbots; however, internal communication (business-to-

business) is another area where chatbots can be used. Large companies often use chatbots as recruitment, employee support, 

and training, the example of Meet Frank is an anonymous chatbot, which helps to introduce talent to businesses. 

Communicating with clients through Live-Chat interfaces has become a common practice to provide real-time client service 

in a number of settings, among which is e-commerce.  

AI-based Chatbots facilitate the dialogue through Natural Language Processing (NLP) with the help of text or voice. 

They offer 24/7 availability, thus improving the engagement of the customers and the performance of the business. Chatbots 

provide pertinent responses after interpreting user messages in natural language and can handle multiple users at once. They 

frequently employ the first-person narrative, including such pronouns as I, or they also use the names of users to make the 

conversation feel more realistic and, therefore, establish a feeling of association and trust. However, there are still a number 

of chatbots that are still below the expectations of consumers. Since human communication is inherently social in nature, 

the chatbot should be designed in a way that takes into account social aspects to enhance interaction [2].  

https://www.ansispublications.com/journals/jdbim/jdbim.html
https://creativecommons.org/licenses/by/4.0/
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AI chatbots have now become a common feature in customer service, providing real-time responses to requests and 

solving issues in real time. This does not only improve the level of customer satisfaction through reduction of wait time but 

it also helps organizations to facilitate more clients contact without extra expenses. Data analytics also enable companies to 

understand client behavior thus enabling them to tailor their services to meet their individual needs and interests. This level 

of personalization is very welcomed by the customers and can lead to satisfaction in improved level. The latest developments, 

including blockchain and IoT, have significantly enhanced transparency and monitoring of the product condition along with 

the traditional technologies in the field of logistics. blockchain offers safe non-mutable leads concerning delivery data and 

thus helps alleviate the problem of trustworthiness and responsibility.  

Digital technology and growth of e-commerce have significantly changed the behavior of customers and transformed the 

retail environment. Development of electronic commerce has made online shopping an essential part of everyday life in 

various countries, which is mostly explained by the high number of advantages connected with the convenience of the 

process of buying products. However, with digitization, there are not only the economic activities that are carried out 

exclusively through the online platform, but also the activities that involve online and offline options. The retail industry is 

increasingly implementing omni-channel solutions and provides the customer with numerous alternatives, including online 

shopping and webrooming (researching online and making a purchase offline) [3].  

In this study, we focus on analyzing the effect of using AI-powered chatbots and their effect on the satisfaction of users 

in online stores. In particular, we examine the impact of hedonic, utilitarian, technological, and social gratifications, social 

influence, and perceived risks of privacy on the way customers assess chatbot interactions. Based on these deliberations, the 

research is able to draw six main hypotheses:  

• H1: Higher utilitarian gratification, or the practical and functional advantages of chatbot interactions, will result in 

the higher satisfaction of users.  

• H2: It is assumed that hedonic gratification, which can be described as delight and enjoyment associated with the 

communication with chatbots, impacts positively on user satisfaction.  

• H3: Technological gratification, which entails perceptions of innovation, system intelligence, and performance, is 

likely to boost user satisfaction.  

• H4: The social gratification, which is a measure of the perceived social presence and the quality of the conversation 

with the chatbot, is theorized to have a positive impact on the satisfaction.  

• H5: Perceived privacy risk is assumed to be a possible negative determinant of user satisfaction.  

• H6: Social influence as a factor, which is the influence exerted by the peers and social networks, is hypothesized to 

have a positive influence on the user satisfaction.  

These are the hypotheses that help to develop the conceptual basis of the empirical analysis that will be provided in the 

following sections. All of them are indicators of functional and social determinants of satisfaction within the context of AI-

mediated e-commerce interactions. 

 

 
Fig 1. Conceptual Model. 

 

Fig. 1 presents the conceptual model that will be used in this study, where six independent constructs are integrated. 

These include social influence, social gratification, technological gratification, hedonic gratification, utilitarian gratification, 

and perceived privacy risks that are expected to affect the dependent variable, which is user satisfaction. The rest of the paper 

is structured in the following manner: Section II reviews related works on uses & gratifications in AI chatbots, social 

influence on technology user, and perceived risk and trust online. Section III describes the samples, study design, and data 

sources, including measurement model evaluation construct measurement, and formulation/estimation of structural model. 
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Section IV provides a detailed discussion of our findings. Lastly, Section V concludes our study and highlights the relevance 

of user satisfaction in AI-based chatbot communication in e-commerce websites.  

 

II. RELATED WORKS 

Uses & Gratifications in AI Chatbots 

Quan‐Haase and Young [4] reviewed the Uses and Gratification Theory (U&G) as a communication theory that is a 

foreground of social interactions. This theory has a functionalist perspective on communication and media that assume that 

the main role of media is to fulfil the needs and interests of the viewers. The satisfaction of these needs, therefore, results in 

the increase of pleasure. Happiness and gratification are based on two main questions:  

1) What prompts people to use specific media?  

2) What is the kind of pleasure that media can provide people?  

The first method is analyzing the motivations of the audience followed by determining the message and the social 

structure. The theory is concerned with the media-seeking behavior of the consumers and their satisfaction with the type, 

content, and the process of using media. The two stated questions in U&G would eventually resolve the good and bad 

outcomes associated with using certain type of media. 

 

 
Fig 2. Streamed R&G Model. 

  

The Uses and Gratifications (U&G) theory in Fig. 2 was extended by Xie, Wang, and Cheng [5] to investigate the 

acceptability of artificial intelligence (AI) chatbots by consumers to online shopping in China. A questionnaire was 

conducted online on 540 participants, and all reported to actively use online commerce and being aware of chatbot 

technology. The ensuing data analysis offered empirical evidence of the hypothesis that utilitarian (e.g., perceived 

authenticity of conversation and convenience) and hedonic (e.g., perceived enjoyment) factors have a positive effect on the 

positive attitude of consumers towards the use of chatbots. Nonetheless, privacy challenges and the comparatively 

underdeveloped nature of the technology were cited as it gave rise to major discouraging factors.   

According to Zadeh et al. [6], a UGT approach has been recently embraced as a way of predicting consumer behaviors 

pertaining to incentives to use social media platforms. In these platforms, the brands have a clear goal of engaging audiences 

by providing them with value or satisfaction through the content. In this regard, the content should be designed in a way that 

it offers certain value to the intended customers, thus contributing to greater engagement and desired results. In the recent 

literature [7], which explores consumer decision making in online and social media traditions, constructs based on UGT, 

such as the desire to socialize, be entertained, seek and share information, and obtain a reward or remuneration, have been 

studied. 

 

Social Influence on Technology Use 

Social influence has been empirically established to directly influence the intention of users in a context of compulsory usage 

and directly impact the view of the users in a context of voluntary usage. Besides, Assefa and Frostell [8] have noted that 

there are different degrees of social impact when comparing different technologies being studied. In the consumer milieu, 

social influence has taken antagonistic roles. An example is that a number of studies have also established a direct positive 

implication of social impact on the intention to use technology. Further studies have reported a positive direct effect of social 

processes on attitudes of customers. 

As described by Graf-Vlachy, Buhtz, and König [9], social dynamics have a significant effect on human behavior 

especially in the context of the adoption of information technology, which has attracted the attention of a number of scholars. 

Conceptualization of social influence is seen as the change in the beliefs, emotions, attitudes, or actions of one individual 

and is caused by the interaction with another individual, or a group of individuals who are perceived as similar, desirable or 

authoritative. Social influence has been known to have a role in information systems research as the inter-personal 

considerations of technology adoption and usage, with that decision often being made collaboratively, or with consideration 

of how they affect or meet the needs of others or groups. 
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Holtgrewe [10] argued that since information and communication technologies (ICT) are increasingly turning into an 

element that cuts across every aspect of the modern lifestyle, the question of the factors that affect the choices of people to 

accept and use these technologies has been of immense importance. The prevalence of innovative technologies, especially 

social ones, can indicate that social influence can become the primary determinant of the success of such systems. Based on 

this, scholars and practitioners should understand the impact of social influence in the implementation of technology. 

 

Perceived Risk and Trust Online 

The online retail setting has unique features that lead to a perceived threat by the consumer, unlike the physical retail setting. 

Perceived risk is a significant interference to the development of ecommerce and is a detrimental factor to its potential to 

serve as a long-term source of competitive advantage in organizations. However, in B2C, Chiu et al. [11] also noticed that 

the perceived risk increases to the detriment of the utilitarian value and enhances the impact of hedonic significance on the 

intention to repurchase. 

 

 
Fig 3. Influences on Internet Privacy Awareness Among the Users. 

 

Many factors are behind the unwillingness of buyers to purchase items on the websites, as shown in Fig. 3; however, 

studies have shown that one of the major reasons is lack of trust. Corporate credibility which includes human trustworthiness 

and knowledge refers to the degree to which a company meets the expectations of customers when it comes to products and 

services provision.   

Hirunyawipada and Paswan [12] recognizes four types of perceived risk namely, technological risk, vendor risk, 

customer risk, and product risk. The perceived technological risk is described as the level of perceived loss by consumers to 

potential losses brought about by internet and its technological infrastructure with respect to slow downloads, inability to 

search, or potential weaknesses in security. Vendor perceived risk is the dimension to which consumers perceive that online 

purchases can cause losses that can be attributed to the internet vendors including failure to deliver goods and misuse personal 

information.  In case the clients purchase goods or services via chatbots, they run a risk to find themselves in a dangerous 

situation of privacy breaches in case of misuse or leakage of personal data, including phone numbers, names, or addresses, 

to third parties. The negative implications of privacy threat on user happiness have been researched.  

Miyazaki and Fernandez [13] proved that the privacy and security worries can reduce the consumer happiness in the 

online environment. Since chatbots are commonly used in both corporate communication and online transactions, it can be 

assumed that the perceived threat to privacy of clients about corporate chatbots can decrease their satisfaction with chatbot 

services. 

 

III. DATA AND METHODS 

Sample, Study Design and Data Source 

This research employs primary survey data of the respondents with previous experience of using AI-powered chatbots in 

online shopping platforms. Survey data was collected using a designed online questionnaire that was distributed to the North, 

Central, and Southern parts of Vietnam to reflect the heterogeneity of the region in relation to digital consumption behaviors. 

Complete, consistent, and quality responses were filtered to come up with a final dataset that comprised 1,007 valid 

observations. The sample is vastly represented by young adults who are highly active online shoppers utilizing chatbots, 

which is the demographic profile that will accommodate the goal of the study to explore the development of satisfaction in 

AI-mediated e-commerce relationships. 

The size of our sample was evaluated with the desired SEM (structured equation modelling) requirements to ascertain 

the level of sufficiency of the dataset in conducting a multivariate analysis. The number of observations was sufficient to 

estimate a structural model with multiple latent predictors with a minimum number. The sequence of methodological 
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decisions that will direct the screening of the data, inclusion criteria and the readiness to analyze the data will be presented 

in a methodological flowchart (see Fig. 4) describing every decision node and validation step, which will be included in the 

final version of the manuscript. 

 

Measurement Model Evaluation Construct Measurement  

All constructs of the study were modeled as reflective latent variables, which were measured through many observed 

indicators. The adapted version of validated instruments that were used as measurement items in the previous literature 

guaranteed a theoretical consistency and content validity. The extent of agreement with every statement was measured using 

a five-point Likert scale hence the responses were taken.  

 

 
Fig 4. Workflow in Data Collection. 

 

The observed indicator of latent construct 𝑥𝑖𝑗  is denoted by 𝑖 and 𝑗. The relationship of the reflective measurement can 

be stated using Eq. (1).  

 

 𝑥𝑖𝑗 = 𝜆𝑖𝑗𝜂𝑖 + 𝜀𝑖𝑗   (1) 

 

with 𝜆𝑖𝑗 representing the factor loading, 𝜂𝑖 representing the latent construct, and 𝜀𝑖𝑗 representing measurement error. 

Internal consistency reliability (ICR) was tested through a number of coefficients; the α of Cronbach was calculated using 

Eq. (2).  

 

 𝛼 =
𝑘

𝑘−1
(1 −

∑ 𝜎𝑥𝑗
2𝑘

𝑗=1

𝜎𝑇
2 ) (2) 
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where 𝑘 refers to the number of indicators, 𝜎𝑥𝑗
2  distorts the variance of indicator 𝑗, and 𝜎𝑇

2 distorts the overall variance of 

the construct. In order to calculate composite reliability, we employed Eq. (3). 

 

 𝐶𝑅 =
(∑ 𝜆𝑗

𝑘

𝑗=1
)

2

(∑ 𝜆𝑗

𝑘

𝑗=1
)

2

+∑ 𝜃𝑗

𝑘

𝑗=1

     (3) 

 

where, 𝜃𝑗 is indicators error variance. Evaluation of CR (convergent validity) was achieved by computing AVE (average 

variance extracted) using Eq. (4).  

 

 𝐴𝑉𝐸 =
∑ 𝜆𝑗

2𝑘
𝑗=1

∑ 𝜆𝑗
2𝑘

𝑗=1 +∑ 𝜃𝑗
𝑘
𝑗=1

  (4) 

 

The concept of discriminant validity (DV) was tested by employing F-L (Fornell-Larcker) methodology, which 

necessitates that the AVE’s square root of constructs should be more than its inter-construct relationships. The overall 

reliability/validity measurement chain, including predetermined acceptance levels and re-specification guidelines, is 

illustrated in a measurement evaluation workflow (see Fig. 5), which is mentioned in the present paper in order to guarantee 

methodological transparency. 

 

Strategy of Formulation and Estimation of Structural Models 

After the validation of the measurements, structural relationships between latent constructs were estimated based on Partial 

Least Squares Structural Equation Modelling (PLS-SEM). This approach was chosen because it is strong in dealing with 

complex models, non-normal data distribution and the research objectives of prediction.  

 

 
Fig 5. Evaluation of the Measurement Model. 

 

User Satisfaction was considered the endogenous construct under the impact of the gratification dimensions, privacy 

threats and social impact, and the structural model is modeled using Eq. (5).  
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 𝑈𝑆 = 𝛽1𝑈𝐺 + 𝛽2𝐻𝐺 + 𝛽3𝑇𝐺 + 𝛽4𝑆𝐺 + 𝛽5𝑃𝑅 + 𝛽6𝑆𝐼 + 𝜁     (5) 

 

in which 𝛽𝑖 is the structural path coefficients and 𝜁 is unexplained variance. The Variance Inflation Factor in Eq. (6) was 

used to test collinearity between constructs of predictors and the value. 

 

 𝑉𝐼𝐹𝑖 =
1

1−𝑅𝑖
2 (6) 

 

where 𝑅𝑖
2 has been obtained by regressing the predictor on all the other exogenous constructs. VIF values were all in 

acceptable values, thus, collinearity did not affect the stability of the estimation.   

A non-parametric bootstrapping test of 1,007 resamples was used to test the hypothesis. Bias-corrected and accelerated 

confidence intervals were applied when statistically testing the significance. The t-statistic of each structural path was worked 

out to using Eq. (7). 

 𝑡𝑖 =
𝛽̂𝑖

𝑆𝐸(𝛽̂𝑖)
      (7) 

 

 
Fig 6. Structural Model Analysis. 

 

𝑆𝐸(𝛽̂𝑖) represents the bootstrapped standard error. The paths were deemed statistically significant when the respective 

𝑝-value was less than the standard 5.745 = 0.05. The rationale behind the evaluation of the hypothesis, such as decision 

limits and acceptance level, is presented in a structural decision flowchart in Fig. 6. 

 

IV. RESULTS AND DISCUSSION   

The target population of the survey participants is provided in Table 1. Among the participants, 37.60% were male, and 

62.41% were female. The greatest age group was comprised of the individuals aged between 18 and 23 (61%), then the aged 

between 24 and 30 (39%). Earnings per month were grouped into various categories: 15.5% earned 5 million VND, 32.2% 

earned 6 million VND, 35.7% earned 11 million VND, and 16.71% had an income of more than 11 million VND. The 

sample was a representative sample comprising of a diverse population of educational levels: 6.30% PHD, 8.31% master 

degree, 53.70% bachelor degree, 13.72% college, 7.11% intermediate training, and 10.90% high school.  
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Table 1. Overview of the Sample 

Analytical dimension Key distribution patterns (frequency; %) 

Gender composition 62.41% (628) Female · 37.60% (379) Male 

Age structure 18–23 years: 614 (61.0%) · 24–30 years: 393 (39.0%) 

Income range (monthly) 

6–11 million VND: 359 (35.7%) · 2–6 million VND: 324 (32.2%) · 

Over 11 million VND: 168 (16.7%) · Under 2 million VND: 156 

(15.5%) 

Educational attainment 

University: 541 (53.7%) · College: 138 (13.7%) · High school: 110 

(10.9%) · Master: 84 (8.3%) · Doctor: 63 (6.3%) · Intermediate: 71 

(7.1%) 

Geographical distribution South: 385 (38.2%) · North: 327 (32.5%) · Central: 295 (29.3%) 

E-commerce platform preference 

Shopee: 371 (36.8%) · Lazada: 233 (23.1%) · Tiki: 218 (21.6%) · 

Taobao: 52 (5.2%) · Sendo: 48 (4.8%) · Other: 54 (5.4%) · 

Amazon: 31 (3.1%) 

 

Of all the respondents, 32.5% of the participants were found in the North, 29.3% were found in the Midwestern and 38% 

were found in the South. Shopee had been used by 36.8 per cent of respondents as well as Tikia 21.6, Lazada 23.1, and other 

sites, Taobao, Sendo, and Amazon, formed the other 18.5%. 

The dataset contains descriptive statistics of a great number of important parameters. Utilitarian Gratification (UG) scale 

showed low response variability with the mean being 3.80 with SD of 0.90. The higher and more stable measure of 

satisfaction is the Hedonic Gratification (HG) which has an average of 3.85 with a SD of 0.771. The average of TG 

(technological gratification) rating is 3.78 and 0.72 SD. The level of contentment in SG (social gratification) has been 

constant, showing mean score of 3.87 and 0.761 SD. The respondents had a moderate degree of consensus with a mean 

Privacy Risks (PR) of 3.97 and a standard deviation of 0.68. An average of 3.78 and SD of 0.86 on SI (social influence) 

show that there is a great deal of heterogeneity in the responses. 

The level of customer satisfaction in the United States is very high with a 3.92 average and a 0.75 SD. It can be concluded 

that the digital services under evaluation have fulfilled the satisfaction of the respondents generally. A critical analysis is 

given in Table 2. 

Table 2. Data Analysis 

Construct Code Observed Construct Mean Score SD 

PR Privacy Risks 3.97 0.68 

SI Social Influence 3.78 0.86 

HG Hedonic Gratification 3.85 0.77 

UG Utilitarian Gratification 3.80 0.90 

TG Technological Gratification 3.78 0.72 

SG Social Gratification 3.87 0.76 

 

The details of the assessment of ICR are represented in Table 3. The attainment of ICR was when the Cronbach alpha, 

Dijkstra-Henseler’s rho_ A, and composite reliability were above the 0.70 mark (77). Moreover, convergent validation was 

checked by making sure that all constructs had an AVE value of greater than 0.51. In addition, the justification of the DV is 

supported with the help of the application of the F-L methodology as Table 4 shows. The AVEs square roots of all constructs 

are higher than the inter-construct highest correlations. In turn, the data in each construct show more association with the 

particular construct in question than any other, as shown by this detailed analysis. These results also support the validity and 

reliability of the method of measuring.   

Table 3. Data on Validity as Well As Reliability 

Indicator UG HG TG SG PR SI 

Cronbach’s alpha 0.911 0.913 0.856 0.882 0.839 0.880 

Composite reliability 0.924 0.914 0.888 0.883 0.849 0.891 

Rho_A 0.933 0.931 0.897 0.914 0.885 0.911 

AVE 0.736 0.658 0.636 0.680 0.607 0.682 

Table 4. Discriminant Validity 

Construct 1 2 3 4 5 6 7 

1. HG 1.000       

2. PPR 0.568 1.000      

3. SG 0.868 0.545 1.000     

4. SI 0.861 0.514 0.830 1.000    

5. TG 0.795 0.465 0.827 0.740 1.000   

6. UG 0.976 0.575 0.806 0.886 0.677 1.000  

7. US 0.764 0.540 0.842 0.766 0.765 0.801 1.000 
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The structural model was further tested after a comprehensive test of the measurement models. An initial test of 

multicollinearity was done through analysis of inner variance inflation factor (VIF). It is worth noting that except the highest 

value of 3.908, all other VIF estimates have not surpassed the traditional value of five thus suggesting that the analysis was 

not affected by collinearity.  

Table 5. Model Estimations 

Hypothesis Structural Path p-value t-value Path Coefficient Decision 

H1 UG → US 0.000 4.379 0.134 Supported 

H2 HG → US 0.000 5.627 0.207 Supported 

H3 TG → US 0.004 2.926 0.087 Supported 

H4 SG → US 0.003 3.827 0.140 Supported 

H5 PR → US 0.192 1.305 0.034 Not Supported 

H6 SI → US 0.000 10.231 0.366 Supported 

 

Therefore, the effect of multicollinearity was not brought into the results. Then, statistically significant and relevant 

relations of the structural model were tested through the resampling method with 1,007 samples with acceleration and bias 

modification with a dual-tail hypothesis test added to it. These estimations are shown in their entirety in Fig. 7 and Table 5. 

The analysis indicates that there are different levels of relationship in the various constructs. The study pinpointed a number 

of significant and positive relationships with other areas of user happiness. The results suggest that H1 is supported because 

utilitarian pleasure plays a major objective of enhancing user experience with chatbots engagement on e-commerce sites. 

 

 
Fig 7. Estimated Model. 

 

The statistics indicate that individuals who obtain utilitarian gratification (by attaining practical goals and retrieving data) 

express a high level of contentment. This finding increases the previous literature that reported that the perceived usefulness 

of AI-based chatbots positively affects the levels of user satisfaction. The hedonic gratification is a strong driver and therefore 

the idea is that consumers who experience pleasure after using chatbots would have a high level of happiness; therefore, H2 

is well proved. The findings are meaningful to the usefulness of enjoyable and emotionally satisfying interactions as shown 

by research studies by Liaw and Huang [14].  

People who derive enjoyment and enjoy the communication with chatbots display better overall satisfaction, which 

proves the critical importance of hedonic experiences. The technological gratification can contribute greatly to the user 

pleasure which supports H3 and underlines the role of technological factors in the development of the user experience. A 

favorable correlation between technological pleasure and user happiness is also found by Spahn [15]. The growing number 

of internet customers in an unstable business environment has made the companies deliver outstanding customer services. 

However, with the emergence of AI-powered chatbots, people have provided effective remedies to their advertisement issues 

and have allowed companies to connect with customers by means of enhanced customer service experiences. In turn, one 

should better understand the factors that increase customer pleasure and the experience using the chatbot.  

It has been shown previously that utilitarian pleasure, social gratification, and hedonic gratification are major user 

gratifications, which have positive impacts on user attitudes and increase their trust in the new technology. Utilitarian 

satisfaction, e.g., will help chatbot clients to receive the relevant insights and increase customer fulfillment. Hedonic pleasure 
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is the level to which the consumers are emotionally supported by the engagements and amusement thus enhancing the 

technological experience. Social satisfaction facilitates interactions between chatbot clients and their social dynamics, 

increasing the level of confidence of users and rendering the chatbot experience based on AI technology more fertile. In 

addition, studies have indicated that technological competencies including emotional skills, cognitive skills and relational 

skills are contributing factors to user pleasure with technology. In this research, the competencies are conceptualized to 

examine user happiness and chatbot usability.  

Social pleasure has a strong influence on user experience in chatbot engagement on e-commerce sites, thus supporting 

H4. This result demonstrates the positive effect of social gratification on the happiness of users as it implies that the user, 

who is appreciative of social interactions enabled by chatbots, will be more satisfied with their user experience, as other 

researchers (such as Cheng and Jiang [16]) also have. It shows that promoting a social engagement environment in the e-

commerce sites improves user experiences. Our results regarding pleasure correspond with the findings of Hsu and Lin [17] 

who describe that the user gratification with chatbot service is significantly related to four important areas: social, technical, 

hedonic, and utilitarian fulfillments.  

Social impact has been considered as a major contributor to customer satisfaction. The study demonstrated that social 

impact is a major element that determines the level of user happiness when interacting with a chatbot on e-commerce 

websites since the path coefficient of social impact is 0.366, thus supporting H6.  

 

 
Fig 8. Approximated Path Coefficients Between Variables. 

 

Among the six criteria that were studied within the framework of the research, social impact (SI) turned out to be the 

greatest predictor of customer satisfaction with AI-driven chatbots on e-business websites in Vietnam (see Fig. 8, ***p < 

0.001, **p < 0.01). The findings are in correspondence with the findings of Dunne, Lawlor, and Rowley [18]. Their research 

contributes to the significance of social networks in stimulating the views and pleasure of young users. Such conclusions are 

in line with the conclusion drawn by Vohra and Bhardwaj [19], hence depicting the applicability of peer engagement in the 

e-commerce industry.  

Those who are affected by social conditions and, in particular, those who are supported with the help of chatbots, provide 

high levels of satisfaction, which proves the critical role of social factors in ensuring full customer satisfaction. This outcome 

in Vietnam could be explained by the fact it has a collectivist society and people tend to follow group norms, perspective 

and shared experience rather than personal preferences. The use and interaction with new technologies like chatbots is 

influenced to a great extent by the peers, relatives, and social networks in young people. This cultural divide shows the 

significance of social influence where judgements are usually influenced by the views or recommendation of others about a 

certain idea. Additionally, the young potential consumers are typically involved in social media such as Facebook where 

tech insights and peer communication are common. 

The societal impact of the societal media is augmented through the rapid access/delivery of encounters with the chatbots 

and, as such, increases trust and acceptability. The result highlights the significance of e-commerce sites to work tactically 

in using social impact to enhance consumer happiness and adoption levels especially in a socially dynamic country like 

Vietnam. Nevertheless, discussing the conceptual framework, it is fundamental to consider that H5 that determines the direct 

effect of privacy concerns on user satisfaction is not supported. We obtained a 0.192 p-value, which is statistically not 

significant implying that there is no adequate data to prove stronger direct effect in this scenario. This observation is in stark 

contrast with most of the earlier studies that have attributed privacy issues to user pleasure such as the ones done by 

Kokolakis [20]. This surprising finding can be explained by a number of variables.  
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First, teenagers are technologically more skilled and knowledgeable about shopping systems on the Internet. Their 

experience of revealing personal data to the digital services including e-commerce service providers, and social media is one 

that is expected to reduce their anxieties about privacy risks. Several AI-driven chatbots have been integrated into key e-

commerce apps like Shopee, Lazada and Tiki, in addition to major banking organizations, in Vietnam. Users often assume 

that such platforms will handle their personal data in a responsible manner, which will minimize the anxieties about privacy. 

Moreover, younger users are more likely to focus on the specific functional benefits, such as convenience and efficiency, 

and affective benefits, such as enjoyment, linked to the use of chatbots and tend to take them at the cost of more abstract 

concerns about data security.  

Accordingly, the apprehension towards the risk of privacy disclosure was relatively lower among the respondents in 

respect to the disclosure of financial and payment details to chatbots. Though privacy related issues do not significantly 

influence the overall satisfaction, they cannot be overlooked by e-commerce companies and banks. Clearly revealing the 

habits of data use and enforcing effective security measures can foster a long-term sense of trust, especially as more people 

recognize the problem of privacy. 

 

V. CONCLUSION 

The study provides empirical data on the factors that drive user satisfaction in AI-based chatbot communication in e-

commerce websites. Utilitarian, hedonic, technological and social gratifications were also identified to significantly increase 

satisfaction, which supports the critical role of functional, emotional and social benefits that chatbots bring to positive user 

experiences. Social influence proved to be the strongest predictor, which shows the role of peer networks and collective 

norms in the perception of technology adoption in the Vietnamese setting. In contrast to the hypotheses, perceived privacy 

risks did not show a substantial influence on the level of gratification, which may be defined by the fact that users become 

accustomed to using digital platforms and rely on the level of trust in well-known services. These findings provide practical 

information to e-commerce operators who seek to optimize chatbots, focus more on engagement, functionality and socially 

enhanced user experiences as avenues to greater satisfaction and adoption. 
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