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Increased use of artificial intelligence service agents (AISA) has been associated with 

improvements in AISA service performance. Whilst there is consensus that unique forms of 

attachment develop between users and AISA that manifest as parasocial relationships (PSRs), 

the literature is less clear about the AISA service attributes and how they influence PSR and 

the users’ subjective well-being. Based on a dataset collected from 408 virtual assistant users 

from the US, this research develops and tests a model that can explain how AISA-enabled 

service influences subjective well-being through the mediating effect of PSR. Findings also 

indicate significant gender and AISA experience differences in the PSR effect on subjective 

well-being. This study advances current understanding of AISA in service encounters by 

investigating the mediating role of PSR in AISA’s effect on users’ subjective well-being. We 

also discuss managerial implications for practitioners who are increasingly using AISA for 

delivering customer service.  
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I. Introduction 

Artificial intelligence service agents (AISA) are AI-based applications, machines and robots 

that can learn from experience and improve their service performance.1 AISA such as virtual 

assistants2 and physical social robots3 have demonstrated a capability to deeply integrate into 

service delivery4 and offer high quality service, often comparable or even superior to human 

service employees.5,6 Consequentially, AISA are broadly seen to have a strong potential to 

revolutionize the service industry.7-9 There is growing evidence that service providers are 

deploying AISA to build and manage customer relationships.10,11 AISA adoption growth is 

forecast to between 14% and 33% for the market value of AISA from 2021 to 2025.12,13 

Increasing consumer interaction with AISA, in combination with rapid advances in AI 

innovation, are enhancing AISA service performance.14 With continued use, consumers can 

actively contribute to AISA’s service performance improvement; due to AISA’s ability to learn 

from consumer’s past behavior, they can adapt and improve future service performance (e.g. 

offering more personalized service).7 In addition, as AI technology advances, service providers 

are expected to have greater access to more sophisticated AISA which can be used to offer 

more efficient and personalized service solutions to consumers.15 This is expected to enhance 

AISA’s performance capabilities and scope of contribution to AI-enabled services.16 

Notwithstanding the importance of AISA’s utilitarian benefits,17,18 advancements in AI 

are also enabling AISA to provide hedonic outcomes, such as empathy reactions to consumer’s 

emotions.5 Research has found that such reactions can evoke a sense of attachment with AISA 

for some consumers.19 For instance, some consumers have reported imagining having intimate 

sexual relationships with their virtual assistants such as Siri, Google Assistant and Alexa, with 

over a third wishing that their virtual assistants were real people.20 Whilst research into the 

nature and implications of such emotional relationships to a non-human entity such as AISA 
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have gained attention in recent literature,21,22 more research has been called for to better explain 

the effects of AISA on consumer’s well-being perceptions.7,23,24 

We draw on the parasocial relationship (PSR) theory to investigate how AISA affect 

the consumer’s PSR with their AISA and the consumers’ subjective well-being. First 

introduced by Horton and Wohl(25) and Horton and Strauss(26), PSR is defined as the emotional 

bond that people develop with a character (e.g. media performer). Building on this notion, we 

argue that the salient attributes of AISA service, namely anthropomorphism and enjoyment 

AISA use offers to consumers, can enhance the consumer’s PSR with their AISA. Accordingly, 

we develop and test a model that explains how these AISA attributes can affect consumers’ 

subjective well-being and the role that PSR plays in this relationship. 

We make the following two key contributions. First, our theoretical model features the 

mediating role of PSR in the AISA context. This advances our understanding of AISA, PSR, 

as well as the relationship between them. Existing research underscores the increasing 

significance of AISA8 and PSR in service delivery,27 but falls short of explaining the nature of 

their roles and related implications. In addressing this shortcoming, our study goes beyond 

traditional service outcomes, such as satisfaction and loyalty28 to explain the specific role that 

PSR plays and how it is activated by consumer perceptions of AISA attributes. In addition, our 

research contributes to PSR theory by identifying anthropomorphism and enjoyment as new 

antecedents to PSR.29 

Second, our empirical investigation advances the understanding of how consumer well-

being can be affected by AI-enabled services.30 We note that existing research appears to have 

a dominant focus on the service providers’ viewpoint, specifically looking at the importance of 

achieving service outcomes, such as customer satisfaction, perceived value and loyalty,28 as 

means of advancing their commercial interests.31 In PSR studies, researchers have also shown 



4 

 

how an increase in PSR can positively influence the continued use of technology platforms.27,32 

However, scholars continue to call for more research looking at the role of services in affecting 

the well-being of consumers.30,33 While service research has made important inroads in this 

area,34,35 our study extends this line of research by investigating how service can improve 

consumers’ wellbeing in the emerging and increasingly relevant AISA service environment.7,24 

The remainder of the paper is structured as follows. We begin with an overview of the 

AISA research landscape by introducing a classification mapping various AISA types. We 

proceed with a discussion of PSR theory and related research, AISA attributes and subjective 

well-being which we use as a basis to develop a research model. This discussion culminates 

with our hypotheses. We show how the AISA service attributes can activate PSR. We then 

discuss the method used to collect data to test our theoretical model and hypotheses using 

virtual assistants as a common type of AISA. We conclude the paper with a discussion of our 

findings, theoretical and managerial implications, limitations and future research. 

 

II. An AISA Classification 

AISA's learning capability, in comparison to other types of technology-based self-service, 

allows them to successfully perform increasingly more complex service tasks.5 There is 

evidence that AISA can perform some services better than humans and non-AI self-service 

technology.6,36 On the one hand, AISA are potentially less limited by prejudices and the relative 

inefficiency compared to humans. As such AISA can conduct certain aspects of service 

delivery more efficiently than service employees.6 On the other hand, in comparison to non-AI 

self-service technologies that are typically rigid in following specified interaction scripts, AISA 

can adapt and as a result, offer greater scope for customized social engagement and 

personalization to consumers in service encounters.6, 22 



5 

 

While these characteristics apply to a broad spectrum of AISA, it is important to 

differentiate these applications as more are developed and become available for use in the 

market. AISA can be categorized based on their perceived primary benefits (i.e. utilitarian vs 

hedonic) and their form (i.e. virtual vs physical). Consumers’ affective responses towards 

AISA also differ. Thus, we map the AISA landscape based on how consumers generally value 

an AISA application in the utilitarian-hedonic spectrum5 and whether they are predominantly 

virtual or physical in representation.6,7 

 

[Insert Figure 1 here] 

 

Consumers place primary value on AISA’s hedonic factor when the AISA is primarily 

designed to provide affective service.37 They are designed with varying purposes and play 

increasingly important roles such as supporting consumers in changing their behaviors,38 or 

assisting the elderly in their living environments.39 For instance, social robots such as Pepper 

are developed to converse with consumers and keep them company in aged care and schools.40 

Pepper is also mainly classified as a physical AISA despite having virtual text displays which 

are used to interact with consumers.40 Physical representation can create relatively higher 

affective responses from users than virtual AISA.41 Thus, we expect that AISA which are 

mainly designed to meet the hedonic needs of consumers and that have a more physical 

representation are likely to evoke high affective responses from consumers, as shown in Figure 

1.   

Nonetheless, many consumers have turned to virtual forms of AISA, such as the 

companion chatbot Replika42 and virtual assistants including Siri, Alexa and Google 

Assistant,43 to address their hedonic needs due to their greater availability and convenience to 
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access. These AISA are predominantly voice or text-based activated and are widely accessible 

via smartphones (e.g. Siri, Google Assistant, Replika) and internet-connected devices (e.g. 

Alexa, Google Home Mini).44 They can offer hedonic benefits to consumers, such as having 

conversations and telling jokes.44 Accordingly, virtual assistants have capacity to offer hedonic 

functionality to consumers. It is therefore possible for consumers to form emotional 

relationships with their virtual assistants.20 Due to the wide popularity and availability at the 

time of this study, we selected virtual assistants as a suitable AI application type representing 

AISA in our research. 

 

III. Theoretical background and Hypotheses Development 

Parasocial Relationship 

The PSR conceptualization was originally developed to describe the illusionary bond that 

viewers form with characters played by performers in media such as television and theatre.25 

Despite this quasi-relationship being one-sided and lacking any real, humanlike reciprocation, 

spectators can be influenced by a performer through the performer’s persona in their role.25 

This enduring relationship can develop over multiple parasocial interactions which are short-

term encounters in which the viewer experiences a sense of immediacy to respond and 

participate with the performer.25,26,45 That is, PSR can exist beyond the moment of interaction46 

and is concerned with the longer term relationships viewers can form with a performer.47 In the 

AISA use context, AISA plays the role of the performer. 

In terms of interaction, the one-sided bonding that is PSR can be triggered by both 

actual non-interaction (e.g. actors on television screen) and with actual interaction (e.g. a talk 

show host mingling with his audience).25 The latter constitutes a more explicit form of 

parasocial interaction (i.e. a perception of intimate communication albeit only by one party in 
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reality) which can nonetheless lead to PSR.26 One-to-one communications can be termed 

parasocial if the persona cannot address each audience member.26 Specifically, Hartmann(48) 

suggests that interactive encounters may be considered to be parasocial even when they are 

with artificial agents since such entities are nonetheless perceived to be social beings. 

Accordingly, we argue that the personal bond that AISA users may experience with AISA can 

be of a parasocial nature, since AISA do not experience the emotional bond in return, and there 

remain limits to the ability of an AISA to truly feel and cater to the individual interaction 

nuances of multiple user profiles.10 

Beyond celebrities and fictional characters, the concept of PSR has been extended and 

measured for other types of personas25 including race car drivers,49 social network 

connections50 and live-streaming gamers.32 Social, task and physical attraction to the persona 

have been identified as factors driving the form of a PSR29 and have been widely accepted in 

the literature.27,51 Consumers can also develop PSR with inanimate target personas, such as 

puppets25 and AISA such as virtual assistants27 due to their anthropomorphic attributes. Thus, 

the AISA attribute of anthropomorphism can be a PSR trigger. 

 

AISA Attributes 

Prior technology adoption research has identified a number of factors that drive AISA adoption 

and continued use. For example, consistently with Lu et al.,(52) Gursoy et al.(53) identified six 

major predictors of consumers’ willingness to accept AI devices in service delivery: 

performance efficacy, hedonic motivation, anthropomorphism, social influence, facilitating 

condition, and emotion. In the context of service robot adoption, perceived usefulness, social 

capability, and device appearance are the key drivers.54 Niemelä et al.(55) found that hedonic 

motivation is the primary factor influencing customers’ behavior-intention of using AI devices 
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in retail stores. However, these studies only investigated consumers’ willingness to adopt the 

AI devices whilst the full extent of impact of using AI devices or applications remains 

unknown.  

Building on these adoption studies, we argue the affect related drivers of adoption may 

also contribute to users’ wellbeing. In particular, prior research focus on the salient attributes 

of anthropomorphism and hedonic experience or enjoyment of using AISA suggest that in 

addition to utilitarian benefits, consumers value the ability of AISA to meet their hedonic 

needs.1 We posit that anthropomorphism and enjoyment act as key drivers to PSR which in 

turn leads to subjective well-being. We explain this position in the following subsections which 

culminate with the argument that PSR is activated by the cumulative effect of 

anthropomorphism and enjoyment. 

Anthropomorphism is a key characteristic that distinguishes AI from non-AI 

applications and a salient attribute of AISA.6,56 It describes the attribution of human capacities 

to non-human agents, specifically referring to the attachment of human-like characteristics to 

AISA. Indeed, similar to television characters that create the illusion of intimacy through 

gestures and other communication cues,25 AISA have a wide range of interface designs that 

can mimic human traits, such as voice.57  

Prior information systems (IS) research suggests that a consumer can develop 

perceptions of a social presence when interacting with an anthropomorphic AI application.58 

Such responses can occur as a result of human capacities and characteristics, including human-

like communication or features. This perception of social presence is similar to the PSR 

phenomenon in which viewers form hedonic connections with their television characters.58 

Conceptually, the social attraction element of PSR corresponds directly to the anthropomorphic 

characteristics of AI27 which motivate ongoing use of the application. Perceptions of AISA’s 



9 

 

social attraction, which include the humanness of the interaction experience, have been shown 

to be positively associated with PSR.27  

In addition to the abovementioned evidence in the IS literature, PSR theory is also 

helpful in explaining the relationship consumers form with brands. Conceptually, PSR 

adequately captured the nature of this affective attachment which is one-sided towards an 

object (i.e. brand) that is inanimate and anthropomorphic.59 Following this line of argument, it 

is reasonable to posit that consumers are likely to develop PSRs with an AISA that is inanimate 

and anthropomorphic similar to the way they develop PSRs with a media character or a brand.  

Based on these arguments, we hypothesize that:  

H1. AISA’s anthropomorphism positively influences the consumer’s parasocial 

relationship with AISA. 

 

Perceived enjoyment is the perceived pleasure an individual is expected to experience 

from using an AISA. Enjoyment or hedonic motivation has consistently been found to be the 

primary predictor of consumer technology acceptance and adoption behavior.60-62 Prior 

research indicates that enjoyment leads to positive behavioral consequences with respect to the 

intention to use technology,63,64 intention to purchase virtual goods in a game,65 and intention 

to shop online.66   

AISA have been reported to satisfy one’s need for novelty and entertainment.67 While 

the level of enjoyment has been shown to be significantly correlated with the level of happiness 

in non-AI contexts, we argue that this relationship is mediated by PSR in the AISA context. 

Customers who believe that using AI devices is fun and interesting are likely to develop PSRs 

with AISA. There are two possible explanations for this phenomenon. First, high level of 

hedonic motivation may bias the general evaluation of an AISA based on the cognitive 
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dissonance theory, resulting a more favorable general attitude which forms the foundation of 

an affective bond with the AISA. Second, the AISA is not merely acting as an intermediary to 

facilitate a relationship between the consumer and other humans, but is rather the target of the 

relationship formation itself.68 Similar to the way that enjoyment leads people to engage in 

PSRs with a performer, it is reasonable to expect an affective bond forming as a result of 

enjoyable moments of interactions between the user and AISA. Accordingly, we argue that the 

consumers’ feeling of enjoyment experienced whilst interacting with an AISA can result in an 

increased emotional bond with their AISA. The development of PSR is reinforced by multiple, 

ongoing interactions with AISA. The accumulation of such frequent parasocial interactions, 

which are anchored by degrees of enjoyable moments, can lead to PSR.45 Thus, we hypothesize 

that: 

H2. Enjoyment in using AISA positively influences the consumer’s parasocial relationship 

with AISA. 

 

Subjective Well-being 

Subjective well-being refers to the evaluation that people have of their own lives.69 This self-

assessment can be cognitive (e.g. life satisfaction) or affective (e.g. moods and emotions).70-72 

Various scales have been developed in the literature to measure these cognitive or affective 

components,73,74 including the ‘satisfaction with life’ scale71 and ‘subjective happiness’ scale.75 

The hedonic focus of measuring subjective well-being fits within our study context of affective 

outcomes arising from consumer interactions with the service environment,70 and has been 

applied in past service studies.35 Subjective well-being has been put forth as an important 

research area due to the increasing permeability and impact of service systems in the 

consumers’ lives.76-79 
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As technology becomes more integrated into service80 and an array of technologies 

including AISA are introduced into the service industry,8 it is also critical to assess how well-

being can be affected with the use of these applications in service. The association between 

technology and well-being may be negative if the user is unsure of how to use a complex 

system,81 or positive if the technology facilitates continued interactions.82 PSR resulting from 

AISA is unique in its resemblance to a real social relationship and can involve more emotional 

connections with consumers.15,22 

Beyond professional social support services, general supportive interactions with others 

can improve a person’s subjective well-being.83 PSR attachments are a means to experience 

such social relationships,25 and can also impact the person’s overall affective state.46 Hence, 

we hypothesize that: 

H3. Parasocial relationship with AISA positively influences a consumer’s subjective well-

being.  

 

Gender and Length of Use 

Consumers of different demographics tend to place different emphasis on hedonic benefits 

associated with technology60 including AISA.43 Specifically, gender differences have been 

found in prior studies of technology adoption behavior. For instance, Gefen and Straub(84) 

found that females experienced a higher perceived social presence with emails as well as 

greater perceived usefulness, while males may feel more at ease with using technology as 

compared to females. Venkatesh et al.(60) also showed that the impact of habit on the intention 

to use technology is stronger for males than females.  

Indeed, issues of gender in AI assistant design have triggered much debate in recent 

years as more consumers adopt AI voice assistants. Many questions have been raised by 
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researchers and academics when examining the phenomenon and confronts these views with 

discussions around the feminization of AI. In the context of computer-embodied voices, human 

gender stereotypes apply - male voices are found to be more dominant, forceful, and assertive. 

This partly explains why female voices are selected for AISA such as Alexa, Siri and Google 

Assistant. However, this phenomenon remains an open question and subject of further 

theoretical and empirical enquiry. 

For our specific study, we expect gender differences in AISA usage. From a social 

psychology perspective, male users are generally more pragmatic and highly task- and result-

oriented than females.85 Social role theory suggests that females are characterized by emotional 

traits while males exhibit instrumental traits. In addition, gender differences are evident in 

terms of general attitudes and behavioral intention towards AI technology and robotics in 

particular. Not surprisingly, due to a stronger need for social connection and technology 

anxiety, Japanese females are found to anthropomorphize robots more strongly than Japanese 

men.86 Similarly, earlier research looking a gender difference and PSR found that females are 

more likely to report formation of parasocial relationships with media celebrities or characters 

than males.87 Thus, it is not unreasonable to argue that the emotional connections and social 

support conjured from PSR are more likely to influence females’ subjective well-being than 

for males. That is, females may experience stronger effects of PSR than males while using 

AISA.88  

Like social interaction, PSRs become stronger when more interaction occurs. AISA 

have the ability to learn quickly from past interactions and historical information5,9 which in 

turn enable them to manage interactions in service encounters with greater scope and 

complexity relative to the specific, predefined interaction scenarios that are typically managed 

by traditional service technologies such as SSTs.89-91 We argue that as customization and 

personalization are strengthened in users’ interactions with AISA, affective bonds with AISA 
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would increase, ultimately influencing one’s overall affective state. Hence, we expect the 

extent to which PSR influences the user’s subjective wellbeing depends on the length of AISA 

experience.  Hence, we hypothesize that: 

H3a. The positive impact of parasocial relationship on subjective well-being is stronger for 

female than for male users. 

H3b. The positive impact of parasocial relationship on subjective well-being is stronger for 

users with longer AISA experience than for users with shorter AISA experience. 

The theoretical framework integrating our proposed interrelationships between the 

variables discussed in this section is shown in Figure 2.  

 

[Insert Figure 2 here] 

 

IV. Methodology 

Construct Measurement 

The measures used in this study were adapted from previous constructs in the literature. 

Anthropomorphism was measured by adapting items developed by Moussawi and Koufaris(92) 

and Bartneck et al.(93) While items from Moussawi and Koufaris(92) were developed for virtual 

assistants, our study wanted to ensure that the constructs used could also be applied across 

other AISA types as depicted in our AISA classification in the earlier Figure 1. Accordingly,  

items from Moussawi and Koufaris(92) which tap onto the personality aspects of AISA (“The 

personal intelligent agent can be happy/friendly/respectful/funny/caring”) were collapsed into 

a single measure item “The AISA has personality”, whereas items associated with behavior 
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(“The personal intelligent agent can feel love/get upset at times/get frustrated at times”) were 

collapsed into the measure item “The AISA is able to behave like a human”. We also turned to 

the Godspeed Questionnaire Series by Bartneck et al.(93) which is one of the most frequently 

used, widely validated scales in human-robot interaction 94 and which continues to be used in 

recent research.95 Specifically, one item from the anthropomorphism scale of Bartneck et al.(93) 

that was worded most appropriately to measure the humanness of the AISA was also adapted 

as the measure item “The AISA has humanlike features”. Facets from the other items in their 

anthropomorphism scale were already captured in our existing item measures or could not be 

appropriately generalized across other AISA types (e.g. “Moving elegantly”). Overall, by 

reducing the complexity and scale length while still retaining the meaning of the intended item 

measures, greater construct clarity could also be reached.96 Our resulting anthropomorphism 

construct was also reliable and valid with sufficient psychometric properties (see later section 

on Model Evaluation). For enjoyment, we used the expected enjoyment scale from 

Dabholkar.(97) To measure PSR, we adapted five of the six items from the positive PSR 

sentiments on virtual friendship by Hartmann et al.(49) that were appropriate to the AISA 

context. Finally, subjective well-being was measured using three items from Su et al.(35) While 

these scales were originally developed in different contexts, they demonstrate consistent 

reliability in measuring the intended target constructs. For example, items in the enjoyment 

scale, which was developed to measure the pleasure of using touch-screen kiosks, demonstrate 

sound reliability and validity when measuring the pleasure that consumers experience from 

using technology and have been featured in many contexts such as e-service,98 social media,99 

and virtual assistants.100 Table 1 details all the item measures used in our study. 

 

[Insert Table 1 here] 
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Data Collection 

A self-administered survey was distributed using the online panel company Qualtrics to virtual 

assistant users from the USA. Purposive sampling was used with the survey participation 

dependent on the respondents having prior experience interacting with virtual assistants in the 

last three months. To ensure that respondents were clear on the AISA usage context (i.e. virtual 

assistants), examples of different types of virtual assistants were provided in the survey 

introduction in the form of illustrating images. The use of Qualtrics also allowed the 

questionnaire to be further customized to a more familiar scenario based on the choice of virtual 

assistant that was indicated by the respondents. For instance, Alexa users would answer the 

question “Alexa has humanlike features”, while Siri users would instead respond to “Siri has 

humanlike features” in the survey. The sample was sourced from the US since it represents one 

of the top 10 countries with a significant number of AISA users101 and is expected to continue 

to lead the global market share for virtual assistants.13 

 The questionnaire consisted of two sections. The first section contained demographic 

and AISA usage questions including screening questions on their AISA usage to ensure that 

respondents met the participation criteria (i.e. i) Individuals 18 years and above, ii) US residents 

and iii) used virtual assistants in the past 3 months). In the second section, respondents were asked 

to rate the construct item statements in Table 1 using a seven-point Likert scale anchored from 

1 = strongly disagree to 7 = strongly agree. Construct items were shown in random order to the 

respondents. 

Several measures were taken to improve overall response quality. First, we included 

one instructional manipulation check102 at the beginning of the survey which instructed 

participants to select “Others” to a question “Any other comments before we proceed with the 

survey”. To reduce common method bias, several procedural remedies as recommended by 
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MacKenzie and Podsakoff(103) were factored into our survey, including enhancing cognitive 

effort by explaining to respondents how their responses will benefit the study, and encouraging 

true responses by describing procedures to ensure anonymity. At the beginning of the survey, 

respondents were also informed that formal ethics approval was obtained for the study from 

the authors’ affiliated university. In addition, straight-lining problems with participant 

responses were also addressed. Specifically, responses containing identical or nearly identical 

response categories to the questionnaire items were removed.104   

The final sample gathered from Qualtrics which satisfied the data requirements 

consisted of 408 responses with an almost even gender split (male=49.8%, female=50.2%). 

Half the respondents used their AISA on a daily basis (50.0%) while about one-third did so 

weekly (32.4%). Majority of respondents (52.2%) had also used their AISA for 1-3 years. 

Alexa, Google Assistant and Siri were three most popular types of virtual assistants used which 

mirrors the virtual assistant usage trend amongst the US population.105 Table 2 summarizes the 

profiles of respondents for the survey. 

 

[Insert Table 2 here] 

 

V. Analysis and Results 

Model Evaluation 

The psychometric properties of our study model were assessed using the Partial Least Squares 

Structural Equation Modelling (PLS-SEM) via the software package SmartPLS 3. The PLS-

SEM method has been used in IS research and is well-suited for exploring and predicting new 

theoretical relationships between variables.106 In addition, as the mediating role of PSR is of 

significance to our study, the PLS-SEM method offers the advantage of establishing mediation 
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effects without the need for a separate mediation analysis using the PROCESS macro in SPSS 

107. Accordingly, the software package SmartPLS 3 was used to execute PLS-SEM rather than 

SPSS AMOS which is also more appropriate for Covariance-Based Structural Equation 

Modelling.106 

The advocated two-step model assessment procedure consisting of evaluating the outer 

measurement model before testing the inner structural model was used for our study.108 In terms 

of model fit, the applicability and reliability of different goodness-of fit measures for PLS-

SEM remain debated and cautiously advocated in the literature.109,110 Accordingly, the 

frequently used Standardized Root Mean Square Residual (SRMR) heuristic for PLS-SEM111 

was employed for our model. Confirmatory factor analysis resulted in an SRMR value of .05 

which met the suggested threshold of .08.112  

Next, we evaluated the PLS-SEM measurement model for reliability and validity.106 

For internal consistency reliability, all Cronbach’s alpha and composite reliability values 

satisfied the recommended threshold of .70.113 As for convergent validity, all average variance 

extracted (AVE) values exceeded the minimum cut-off of .50.114 In terms of indicator 

reliability, all factor loadings satisfied the ideal criteria of .70.113 Table 3 summarizes the 

reliability and convergent validity results of the measurement model. 

 

[Insert Table 3 here] 

 

For discriminant validity, all values of the Hetero-Trait Mono-Trait (HTMT) ratio of 

the correlations were found to meet the conservative cut-off of .85, indicating discriminant 

validity115 (see Table 4). 

 

[Insert Table 4 here] 
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Common Method Bias Testing 

In addition to procedural remedies, statistical remedies were employed in our study to further 

mitigate common method bias. First, using Harman’s single-factor test, none of our model 

factors accounted for more than 50% of the covariance among items.116 In addition, using the 

guidelines by Kock,(117) the variance inflation factor (VIF) values from a full collinearity test 

were lower than the threshold of 3.3. Both tests suggested that common method bias remained 

undetected in our study. 

 

Hypotheses Testing 

Having assessed our measurement model to be satisfactory, we proceeded to assess the 

structural model and conducted path analysis. The statistical significance of the weights in the 

analysis was achieved through a bootstrapping procedure with 5000 samples using a two-tail 

test at 95% significance level. As shown in Table 5, there was a significant and positive 

relationship between anthropomorphism and PSR (β=.50, p < .001), thus supporting H1. There 

was also a significant and positive relationship between enjoyment and PSR (β=.26, p < .001), 

supporting H2. Upon analysis, the strength of correlation between anthropomorphism and PSR 

was almost twice compared to enjoyment and PSR. Finally, there was a significant and positive 

relationship between PSR and subjective well-being (β=.31, p < .001), supporting H3.  

 

[Insert Table 5 here] 

 

To test H3a and H3b, we conducted a multi-group analysis to assess if the path 

coefficient between PSR and subjective well-being varied according to the demographic 

variables of respondent’s age and the length of time using AISA. Using a median split, contrary 
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to our hypothesis, results indicated that the effect was significantly higher for males than 

females (β difference=.19, p difference < .05), thus rejecting H3a. However, the effect between 

PSR and subjective well-being was significantly higher for those who had used their AISA for 

4 years and above compared to those who had used AISA for less than 4 years (β 

difference=.24, p difference < .01), thus supporting H3b. These results will be further discussed 

in the next section. 

 

VI. Discussion 

Theoretical Implications 

Consumers are using AISA for a variety of reasons including as means to help fulfil their 

emotional needs which promote general life satisfaction. We develop and test a theoretical 

model integrating PSR construct into the AISA enabled service context. Our results show that 

an inanimate entity such as AISA can induce PSR for consumers, which in turn can positively 

affect consumers’ subjective well-being. This is in general in consistent with past studies which 

have linked human service attributes to subjective well-being.34,35 In addition, this study 

extends our understanding of how AISA-enabled service can contribute to subjective well-

being.1 We also advance the PSR theory by establishing how AISA anthropomorphism can be 

a more important antecedent to PSR as compared to enjoyment. 

Our study is a direct response to the call for further research of how AI-enabled services 

impact consumers.7,24 To the best of our knowledge, this is the first study to empirically 

examine how AISA affects subjective well-being. More specifically we identify PSR as a 

mechanism through which subjective well-being can be enhanced with AISA. PSR conjured 

from interacting with AISA, a form of automated social presence,22 results in social support 
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which is critical to subjective well-being. While studies in human– computer Interaction (HCI) 

and human–robot Interaction (HRI) provided preliminary evidence for social support by social 

robots118,119 and that companion robots tend to have positive psychological effects (i.e. 

decreased feelings of loneliness) by forging social relationships,120 the mechanism through 

which they influence well-being is under researched. Additionally, we extend the work of 

Hartmann(121) pertaining PSR. Specifically, Hartmann(121) provides strong theoretical 

arguments that PSR contributes to well-being. By contrast, in our study we find empirical 

evidence to support this link empirically in the context of AISA, and also identify some 

conditions, including PSR antecedents and moderators and can affect the relationship. 

Overall, these findings contribute to both the literature in the area of service and well-

being,76 and the IS literature in the context of investigating new consumer outcomes.122 

Another interesting finding of our study was the greater influence of PSR on subjective 

well-being for male consumers. This result is in contrast to our hypothesis and extant 

technology-usage studies in which males were found to be less emotionally oriented than 

females.60,123 A possible explanation for this finding is based on how AISA differs from other 

non-AI-based service applications. The user interface of AISA primarily designed for hedonic 

tasks tend to lean towards being more female-like,124 thus amplifying the effects of the 

emotional bonds male users can form with their AISA in satisfying their hedonic needs.20 This 

is also in line with prior findings that males hold more positive views towards AISA than 

females.19 Indeed, there is evidence to suggest that females may experience higher inhibitions 

in using new technology due to a perceived lack of control and uncertainty over the 

technology.125 These negative dispositions may reduce their overall affective state from 

engaging with AISA.  

Another possible explanation of the result could be related to the motives for using 

virtual assistants. Extant research looking at implications of gender differences on ICT use has 
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found that males tend to see technology as instrumental to achieving specific outcomes such 

as entertainment and to obtain information. By contrast females view ICT as instrumental for 

achieving communication outcomes, e.g., to facilitate maintaining and nurturing 

relationships.126-129 This could explain our findings. That is, male users find that virtual 

assistants improve their well-being by way of helping them accomplish entertainment and 

information outcomes. By contrast, virtual assistants were not, at present stage of development, 

found by female participant to improve their well-being to the same degree as the male 

counterparts to achieve their motives, i.e., to facilitate communication to maintain and nurture 

relationships. 

Overall, our theoretical results underscore the important role of affective attributes in 

the development of AISA and contribute to the areas of emotion research and consumer well-

being in service environments provisioned by AISA. 

 

Managerial Implications 

With the knowledge that AISA usage can increase levels of PSR which in turn can increase 

subjective well-being, consumers can take advantage of AISA services. Accordingly, 

companies can also take consideration of this finding in the development and implementation 

of AISA to the market. As our research has highlighted the key role of anthropomorphism as a 

strong PSR trigger, consumers can now actively seek AISA with more anthropomorphic 

attributes (e.g. interfaces associated humanlike voice and gestures) which can better cater to a 

consumer’s specific service situation and thereby fostering more affective interactions. 

Second, on the positive link between PSR and subjective well-being, consumers can 

use AISA as a viable means of meeting their hedonic needs. As such, companies can be more 
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forthcoming on the positive benefits that AISA can bring to consumers’ well-being by 

promoting these as part of the core service benefits in their promotion campaigns. 

Finally, consumers can express their interest to companies to be able to personalize 

their AISA based on specific gender cues such as the AISA name, appearance and tone of 

voice. Companies with expertise to understand different gender preferences associated with 

AISA can develop a more effective AISA range to serve a broader and more inclusive 

market.124 In addition, consumers can also seek AISA which are able to grow with them for the 

long term in order to reap the benefits associated with an increase in their well-being. This also 

lends well to companies seeking to foster greater customer loyalty.  

 

VII. Limitations and Further Research 

There are several limitations in our study which represent opportunities for future research. 

First, our sample was based on US consumers. As such, their perceptions may not be 

representative of other populations from regions where attitudes and experiences with AI may 

differ.130,131 Thus, future research can investigate cultural differences of our model by 

comparing it based on samples from different countries/regions or sub-cultural groups.  

Second, our findings suggest that the length of AISA usage is a moderator of the PSR-

subjective well-being link. However, the effects in our study are based on a cross-sectional 

view. Thus, a better understanding of the shifts in the levels of anthropomorphism, enjoyment, 

PSR and well-being in the long run through longitudinal studies is worth further investigation.  

Third, our interdisciplinary study focused on the role of users as consumers in the 

service context. Further research with deeper insights from psychology can illuminate how the 
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relationships in our theoretical model may differ for different users with varying psychological 

characteristics. 

Fourth, our focus on this study can been on the moderating effect of the gender of AISA 

users on the relationship between PSR and subjective well-being. Further research could look 

at the implications of the effects of assigned AISA gender and how that might influence the 

relationships that we have identified in this study. The work of Greenwood and Long(132) which 

shows that single (relative to partnered) participants maintained a stronger parasocial 

relationship with opposite gender characters suggests that this could be promising avenue of 

further research. 

Finally, our findings are based on one type of AISA which falls in the category that is 

of virtual representation and provides hedonic values. Further research should examine how 

various types of AISA with different representation-value contexts as identified and presented 

in this paper, such as social robots with high physical representation and hedonic value, can 

affect the relationships between anthropomorphism, enjoyment, PSR and subjective well-

being. The answer to these questions will become increasingly important as AISA become 

more sophisticated and permeate more aspects of society. 
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Figure 1. Spectrum of AISA by general representation, value to consumers and affective 

responses.    
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Figure 2. Research model. 
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Table 1. Survey items. 
 

Construct Item Source 
Anthropomorphism ANT1 

ANT2 
ANT3 
ANT4 
 

The AISA has humanlike features. 
The AISA has personality. 
The AISA is able to behave like a human. 
The AISA is able to communicate like a human. 
 

Moussawi and 
Koufaris,(92) 

Bartneck et 
al.(93) 

Enjoyment ENJ1 
ENJ2 
ENJ3 
ENJ4 

Using the AISA is fun. 
Using the AISA is enjoyable. 
Using the AISA is interesting. 
Using the AISA is entertaining. 
 

Dabholkar (97) 

Parasocial 
relationship 

PSR1 
PSR2 
PSR3 
PSR4 
PSR5 

I think the AISA is like an old friend. 
The AISA makes me feel as comfortable as when I am with friends. 
I think about the AISA even when I am not interacting with it. 
I miss the AISA if I do not use it for a long time. 
I feel that I know the AISA very well. 
 

Hartmann et 
al.(49) 

Subjective well-
being 

SWB1 
SWB2 
SWB3 

In general, I consider myself a very happy person. 
Compared to most of my peers, I consider myself happier. 
I am generally very happy and enjoy life.  
 

Su et al.(35) 
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Table 2. Profile of survey respondents. 
 

Category Frequency Percentage Category Frequency Percentage 
 
Gender 

Male 
Female 
Total 
 

 
 

203 
205 
408 

 
 

49.8 
50.2 

100.0 

Work industry 

Accommodation and food 
services 
Administrative and 
support services 
Arts and recreation 
services 
Construction 
Education and training 
Electricity, gas, water and 
waste services 
Financial and insurance 
services 
Health care and social 
assistance 
Information media and 
telecommunications 
Manufacturing 
Mining 
Professional, scientific 
and technical services 
Public administration and 
safety 
Rental, hiring and real 
estate services 
Retail trade 
Transport, postal and 
warehousing 
Wholesale Trade 
Other Industries 
Retired 
Unemployed 
Total 
 

 
18 

 
16 

 
10 

 
8 

31 
9 

 
36 

 
36 

 
24 

 
6 
3 

44 
 

12 
 

7 
 

39 
14 

 
1 

19 
22 
53 

408 

 
4.4 

 
3.9 

 
2.5 

 
2.0 
7.6 
2.2 

 
8.8 

 
8.8 

 
5.9 

 
1.5 
.7 

10.8 
 

2.9 
 

1.7 
 

9.6 
3.4 

 
.2 

4.7 
5.4 

13.0 
100.0 

Age 

18-24 
25-34 
35-44 
45-54 
55-64 
65 and above 
Total 

 
67 

125 
114 

46 
30 
26 

408 

 
16.4 
30.6 
27.9 
11.3 

7.4 
6.4 

100.0 
 

Highest education 

Less than high school 
High school 
Vocational training 
Some college 
Bachelor’s degree 
Postgraduate degree 
Total 
 

 
7 

76 
15 

111 
120 

79 
408 

 
1.7 

18.6 
3.7 

27.2 
29.4 
19.4 

100.0 

Personal annual income 

(USD) 

Less than $25,000 
$25,000 to $49,999 
$50,000 to $74,999 
$75,000 to $99,999 
$100,000 and more 
Total 
 

 
 

100 
96 
82 
53 
77 

408 

 
 
24.5 
23.5 
20.1 
13.0 
18.9 

100.0 

AISA usage frequency 

Daily 
Weekly 
Every 2-3 weeks 
Monthly 
Every 2-3 months 
Every 4-6 months 
Once a year  
Total 
 

 
204 
132 

31 
21 
12 
2 
6 

408 

 
50.0 
32.4 

7.6 
5.1 
2.9 
.5 

1.5 
100.0 

Virtual assistant type 

Alexa  
Bixby 
Cortana 
Google Assistant 
Google Home Mini 
Google Nest Mini 
Siri 
Total 
 

 
131 

17 
1 

118 
30 
1 

110 
408 

 

 
32.1 

4.2 
.2 

28.9 
7.4 
.2 

27.0 
100.0 

AISA usage experience 

Less than 1 year 
1-3 years 
4-5 years 
6-7 years 
8 years and above 
Total 
 

 
92 

213 
75 
22 
6 

408 

 
22.5 
52.2 
18.4 

5.4 
1.5 

100.0 
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Table 3. Reliability and convergent validity results of measurement model. 
 

Construct Item Mean Standard 
deviation 

Loading Cronbach’s 
alpha 

Composite 
reliability 

AVE 

Anthropomorphism 
 

ANT1 
ANT2 
ANT3 
 
ANT4 
 

The AISA has humanlike features. 
The AISA has personality. 
The AISA is able to behave like a 
human. 
The AISA is able to communicate like 
a human. 
 

4.47 
4.84 
4.45 

 
4.81 

1.45 
1.48 
1.52 

 
1.42 

.83 

.78 

.88 
 

.84 

.85 .90 .69 

Enjoyment ENJ1 
ENJ2 
ENJ3 
ENJ4 

Using the AISA is fun. 
Using the AISA is enjoyable. 
Using the AISA is interesting. 
Using the AISA is entertaining. 
 

5.66 
5.68 
5.75 
5.68 

 

1.25 
1.19 
1.07 
1.21 

.87 

.91 

.87 

.84 
 

.90 .93 .76 

Parasocial 
relationship 

PSR1 
PSR2 
 
PSR3 
 
PSR4 
 
PSR5 

I think the AISA is like an old friend. 
The AISA makes me feel as 
comfortable as when I am with friends. 
I think about the AISA even when I am 
not interacting with it. 
I miss the AISA if I do not use it for a 
long time. 
I feel that I know the AISA very well. 
 

3.88 
4.23 

 
3.34 

 
3.57 

 
4.52 

1.80 
1.73 

 
1.93 

 
1.92 

 
1.62 

 

.86 

.82 
 

.84 
 

.86 
 

.81 

.89 .92 .70 

Subjective well-
being 
 

SWB1 
 
SWB2 
 
SWB3 

In general, I consider myself a very 
happy person. 
Compared to most of my peers, I 
consider myself happier. 
I am generally very happy and enjoy 
life.  
 

5.01 
 

4.57 
 

5.03 

1.51 
 

1.56 
 

1.51 

.92 
 

.90 
 

.89 
 

.89 .93 .81 
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Table 4. Discriminant validity results of measurement model using HTMT analysis. 
 

Construct Anthropomorphism Enjoyment Parasocial relationship Subjective well-being 

Anthropomorphism 
    

Enjoyment .51 
   

Parasocial Relationship .70 .54 
  

Subjective Well-Being .26 .25 .35 
 

 

  



39 

 

Table 5. Hypotheses testing results for main paths in research model. 
 

Hypothesis β Values p Values Result 

H1: Anthropomorphism → Parasocial Relationship .50 .001 Supported 

H2: Enjoyment → Parasocial Relationship .26 .001 Supported 

H3: Parasocial Relationship → Subjective Well-Being .31 .001 Supported 

 

 


