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Abstract

:

As various types of robots increasingly influence consumers’ service experiences, companies need to consider how to be competitive in this new artificial intelligence and service automation business environment. However, only limited studies have investigated the factors involved in consumer behaviors toward robot restaurant visitors and their impacts. This study integrates trust, the perceived risk, and satisfaction with the well-known Technology Acceptance Model’s (TAM) original constructs (perceived usefulness, perceived ease of use, and acceptance) in the robot service restaurant setting. A scenario-based online survey was performed on 338 respondents. Structural equational modeling shows the direct impact of PU (perceived usefulness) and the indirect impact of PEOU (perceived ease of use) on consumers’ revisit intention to robot restaurants. Trust significantly increases PU and PEOU toward a service robot, and increased trust in robot service decreases the perceived risk as well as increases satisfaction. Further, perceived risk decreases satisfaction and revisit intention. The study provides useful information for hospitality marketers to acknowledge how consumers accept robot service and better understand the key drivers of robot restaurant revisit intention.
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1. Introduction


The emergence of robots in the service industry is one of the radical technical innovations of the current 4th Industrial Revolution. Service robots have been discussed in several studies, especially those in the services management setting. A service robot refers to the autonomous technology offered by a computer without human help and/or instructions [1]. In a front-line service setting, the term service robot refers to autonomous decision-making systems that enable interaction, communication, and delivery service to an organization’s customers [2]. Professional and personal use of service robots is reported to be growing at 30% percent a year, and it is expected that the robotic market will reach USD 55.72 B in 2026 as the demand for service robots continues to increase [3].



Encountering hotels and restaurants where cooking and services are provided by robots is not just in the near future. It is an emerging reality. For example, in Japan, Henn-na Hotel, an unmanned hotel, has been operating since 2015, managed only by robots for luggage-carrying, reception and communication, and cleaning [4]. The robot, Connie, at this Hilton hotel is responsible for concierge services, and Yobot, at Yotel stores, for a guest’s bags [5]. A robot servant named A.L.O at the Aloft hotel, Cupertino, delivers items like shampoo, soap, towels, and bed linens to your room and also takes dirty laundry. These robots have also begun to appear at restaurants. Moley, a robotic kitchen chef with two robotic arms, cooks according to a given recipe and is available for sale [6]. Along the same line, Spyce, a restaurant with a robotic kitchen in Boston, prepares food in three minutes or less.



Further, it also appears that the COVID-19 pandemic has accelerated the avoidance of services with high levels of human contact. During the COVID-19 pandemic period, the interpersonal interactions associated with human employees could cause a greater risk of virus transmission. It is thus a logical argument that replacing human employees with a service robot could lower the risk of infection [7], especially in the hospitality industry with its high-contact services.



While some see the progress of robot technology as a challenge regarding jobs and unemployment, this implementation of robots enhances consumer service experiences and offers several positive benefits, such as improving service consistently, reducing waiting times, welcoming customers, or producing higher productivity that hospitality industries desire [8]. In particular, reduction of labor costs and increased efficiency are some of the major benefits that robots offer [9]. The unique particularity of the hotel and restaurant industry is its labor-intensive work environment [10]. Thus, the role of robots in the further integration of the consumer experience becomes crucial for sustainable business [11].



As various types of robots influence consumer service experiences, if companies are hesitant to adapt to the new artificial intelligence and service automation business environment, they may fall behind competitively in the market. This study raised the question of how consumers accept service robots and what variables mostly influence the behavioral intention of robot service restaurants. In light of this issue, a comprehensive model, using a solid theoretical basis and identifying the driving factors for behavioral intentions related to robot service can contribute to both academic study and industrial practice.



The Technology Acceptance Model (TAM) is the most well-known and widely applied theory used to explain the psychological mechanism for consumer acceptance of technology, such as mobile apps, bank information services, and e-commerce [12,13]. In TAM, perceived usefulness (PU) and perceived ease of use (PEOU) are critical elements that affect behavioral intention. Prior studies using TAM were widely applied to predict consumers’ acceptance of information technology (IT) products, but it has been rarely applied to service robots [14]. Thus, an extended TAM model with new variables that explain service robot acceptance can offer better understanding of the potential consumer psychological mechanism behind their perception of robot restaurants.



This study pays attention to trust as a critical antecedent variable of TAM for service robot usage. The importance of trust in technology acceptance seems apparent since a large body of empirical research has validated that view [15,16,17]. According to several studies in the IT literature, trust lowers uncertainty that may arise from the online environment where it is likely to be out of one’s control [18]. It is reasonable to argue that trust lowers the uncertainty that may arise from a service robot that is operated by an automated program with minimal or no human involvement [19,20]. In particular, unlike other industries, restaurants provide food which is directly related to health and life of their consumers (i.e., food poisoning causes illness), so more research on the level of TAM trust at robot restaurants is a priority.



Despite the rapid growth in the use of service robots, certain concerns have arisen with such fast robot adoption [21]. For example, technical problems related to the hardware and software systems in robots or uncertainties occurring during the interaction between robots and humans can lead to service failures [22,23]. Both trust and the perceived risks are viewed as motivational constructs in consumer psychology, often influencing subsequent behavioral response. Since trust and even perceived risk are crucial constructs of the service robot context where uncertainty is indeed present, it is reasonable to insist that these variables are well integrated in the new extended TAM model. This empirical evidence can have considerable practical value when guiding strategic initiatives undertaken by hospitality operators. Additionally, satisfaction is well established in the restaurant marketing literature as a critical variable of usage, intentions, and trust, and these and the perceived risk are critical antecedent variables of eventual and ongoing satisfaction [24,25,26].



Given the growth of robots in the industry, hospitality studies are interested in the following related topics: Perception, attitudes, and preferences regarding the use of robotics at restaurants and hotels [21,27,28], the interaction between service robots and humans [29,30,31]; and the application of TAM and the perception of restaurant service robots among general managers [12]; the antecedents of customers’ willingness to use AI robotic devices [32], and the service failure of robots [33,34]. Some of the existing robot research includes review papers and proposal papers that contains suggestions/directions for the hospitality industry [2,19,31,35,36,37,38]. However, it provides little guidance for practical decision management. That issue may be because of the relatively small number of companies that actually have adopted and are operating service robots in their hospitality industries. Determining the drivers of consumer behavioral intention toward robot restaurants at business hotels and further empirical verification of trust, perceived risk, and satisfaction as critical antecedent variables is now required since there is a lack of research on these issues.



To contribute to this emerging but still underdeveloped field of service robot research, we propose a research framework that can lead to a better understanding of potential consumers’ psychological mechanism in the TAM model as applied to the robot service restaurant setting. The primary research issues thus are:




	
Investigating the drivers of customers’ behavioral intention of having robot restaurants at business hotels;



	
Determining how to integrate TAM with trust, perceived risk, and satisfaction to predict consumer behavior in the context of robot service restaurants.









2. Theoretical Background and Hypothesis Development


2.1. The Technology Acceptance Model (TAM)


With the growing development of new technology, a decision regarding either technology acceptance or rejection is an important factor for the successful implementation and utilization of technology. In addition, during the last few decades, researchers have developed several models to explore why people decide to either accept or reject a technology and to determine what the antecedent variables are of such technology acceptance. This current study discusses the technology acceptance model suggested by Davis [39,40]. TAM is one of the most widely recognized and established models to explain technology acceptance [41,42,43]. TAM adapted Ajzen and Fishbein’s theory [44] of reasoned action, representing the view that beliefs affect attitudes, which in turn result in intentions and behaviors. TAM originated based on that relationship of ‘belief-attitude-intention-behavior’ to explain user acceptance of technology [14]. Davis’s theory [39] identified the two primary factors that motivate user technology adoption, namely, perceived usefulness (PU) and perceived ease of use (PEOU). PU and PEOU influence the attitudes and intention to use a technology, which in turn influences actual usage, the dependent variable of TAM [45]. Davis [40] defined PU as a person’s subjective belief that an individual’s job performance can be enhanced by using a particular technology [14,40]. PEOU is defined as an individual’s belief that operating a particular system is easy and needs less effort [14,40]. Davis [40] insisted that user belief that a new technology is difficult to use means that this user will tend to reject its use even when the technology offers increased usefulness.



Initially, TAM was developed for employee technology acceptance in work-related activities, which was applicable to organizational settings. As TAM took a leading role in explaining users’ acceptance of new technology, it was extended and modified into a variety of non-organizational sections [13]. A new extended and modified model that accounts for new external variables has been presented to explain the acceptance of new technology [14,46]. In this extended TAM, external factors, such as personal features (e.g., self-efficacy, risk, trust, and innovativeness) [47], system features (e.g., screen design) [48], and organizational features (e.g., training) [49] have been investigated, and their influences on attitude and behavior through the application of PU and PEOU have been determined.



These two crucial TAM constructs, PU and PEOU, have been studied in hospitality contexts to examine the acceptance of many technologies, such as hotel front office systems [42], Facebook commerce [50,51], user-generated content-adoption [52], radio frequency identification of cashless payment systems [13], self-service hotel technologies [53], mobile tourism applications [51], hotel tablet applications [54], disruptive mobile wallets [43], and biometric technologies at music festivals [45].



Although TAM has been investigated frequently for technology acceptance in the hospitality and tourism industry [46], limited research has been accomplished thus far on its application to restaurant robot service [14]. Most studies on technology acceptance have determined that perceived PEOU directly affects PU and intention to use and actual use [14,52,55,56,57,58]. Wang et al. [59] provided empirical evidence of the positive impact of perceived easiness of ride-sharing online service use on their perceived usefulness of ride-sharing online services. In a study conducted by Assaker [52] applying TAM on travel usage intention of online reviews, the results showed that PEOU and PU have a constant and direct effect on intentions. Thus, based on this literature, we assume that consumers’ positive perception of usefulness and easiness of robot use will promote the revisiting intention to a robot restaurant, and the more consumers perceive a service robot as easy to use, the more they will perceive it as useful. Thus, the following hypotheses are offered:



Hypothesis 1.

The PU of a robot service has a significantly positive impact on behavioral intention.





Hypothesis 2.

The PEOU of a robot service has a significantly positive impact on behavioral intention.





Hypothesis 3.

The PEOU of a robot service has a significantly positive impact on the PU of that robot service.






2.2. Integrating Trust with the Technology Acceptance Model (TAM)


In a broad sense, trust is defined as the belief that other people will behave within a predictable range [60]. According to Luhmann [60], trust can reduce consumers’ perceived social complexity in the social environment in which they live and interact with e-venders. Trust lowers uncertain and unpredictable e-vendor behaviors, such as unfair pricing, unauthorized use of credit cards, exposure of privacy [61]. It is similar to the Internet based e-commerce literature where trust has been considered as one of the main reasons for consumers to refrain from engaging in e-commerce [62]. Tussyadiah et al. [19] stated that “trust is defined as a user’s expectation that information technology artifacts, such as robots, and their likes will fulfill the expected responsibilities” (page 5). Because robots are programmed to perform various tasks and make decisions autonomously without human involvement, consumers should consider the risk of responsibility derived from that robot’s performance [19,20].



Thus, it is reasonable to argue that trust is an important element in robot service because of the high level of uncertainty that exists in most robot services. Especially, in hospitality settings, service encounters between humans frequently occur, so the replacement of robots for humans (employees) can result in great changes in the nature of the customer service experience and attitude, and behavioral outcomes [19,63,64]. Although trust in the e-commerce context has been an issue of extensive study, it is relatively novel in the case of robots in restaurant areas [11]. This current study highlights the need to understand how trust drives intention to use service robot restaurants in particular, and assumes that trust plays an important role in choosing robot service at a restaurant.



In the e-commerce context, trust allows consumers to be certain to receive the expected useful interaction whereas being ‘not worthy of trust’ makes consumers take a loss from the e-commerce transaction [16,17]. Previous studies have insisted that trust positively influences perceived ease of use by reducing the need for consumers to understand, monitor, and control the transaction circumstance; however, lack of trust forces consumers to have to pay special attention to the transaction process, thereby taking more time and effort [16,17]. This argument is consistent with that of Lee et al. [12], who argued that consumers who have high trust in service robot and expectation for their desired performance task will think that robots are useful and easy to use. Trust has also been determined to be a critical antecedent factor of the PU and PEOU of various technologies, such as mobile payments [65], information systems [66], online shopping [67], and e-commerce and e-government [68,69]. Based on this argument, the following hypotheses integrating trust with TAM variables have been developed. Further, based on the literature reviews, we assume that trust will increase the degree of PU and PEOU for the robot service at restaurants.



Hypothesis 4.

Trust has a significantly positive impact on the PU of robot service.





Hypothesis 5.

Trust significantly and positively impacts the PEOU of robot service.






2.3. Trust, Perceived Risk, and Customer Satisfaction


As trust in robot use plays an essential role in uncertain situations, the perceived risk toward robot use also plays an important role for robot acceptance. Even though the definition of risk has a multidimensional context [70], in the current study, perceived risk refers to consumers’ perceptions of the uncertainty involved when the seriousness of undesirable consequences is a result of their behaviors [71,72,73]. Risk perception is also strongly associated with uncertainty and unfamiliarity [12]. In an e-commerce situation, consumers may experience a certain degree of risk because consumers’ behaviors depend mostly on cyberspace objects (e.g., images or video clips) which cannot be touched smelled, or directly interacted with [18].



Consumers who face new technology may perceive a high level of psychological risks involving fear, hesitation, and even some negative feelings [74]. From this perspective, trust and the perceived risk are strongly interrelated in the robot context. Trust enhances the consumer’s belief in technology, thereby attenuating the perceived risk in any new technology. Hence, trust reduces high levels of risk perception just as trust helps consumers attenuate uncertainty or anxiety about possible outcomes [75,76,77]. The opposite association between trust and the perceived risk has been examined in Internet technology [78,79]. Thus, the following hypotheses are offered:



Hypothesis 6.

Trust has a significantly negative impact on perceived risk toward robot service restaurants.





Hypothesis 7.

Trust has a significantly positive impact on customer satisfaction in a robot service restaurant.





According to Udo, Bagchi, and Kirs [80], perceived risk awakens negative emotions which in turn affect behavioral intentions. In technology-driven services, system failure increases perceived risk, such as personal risk, psychological risk, economic risk, privacy risk, and technical risk, which accompanies loss [80,81,82,83], and this multidimensional context of perceived risk can reduce satisfaction regarding e-service quality [83]. Additionally, numerous past studies in these various categories have shown the negative impact of risk on behavioral intention for an online shopping channel [17,67,77,84,85]; telemedicine services [41]; food purchases [86], and restaurant visits [87]. When individuals are uncomfortable with any uncertain and ambiguous situation, they tend to stay away from those situations [88]. Once consumers have experienced that robot service can produce negative consequences, these consumers’ satisfaction will be decreased, and eventually they will avoid those negative outcomes by ceasing to revisit those restaurants. As noted above, there is agreement in the body of the literature that risk is related to satisfaction and intention to use robots. Unfortunately, there is limited research on the negative influence of robot usage/services.



This study also notices that satisfaction is a significant determinant of service robot usage due to satisfaction being an important driver that leads to a specific behavioral intention [80,85]. Ample literature has emphasized the importance of satisfaction, and companies put great effort into satisfying consumer’s needs for success in competitive business. Trust and perceived risk are regarded as critical antecedents of satisfaction, which in turn, influences behavioral intentions. These relationships are well established in the restaurant marketing research [24,25,26]. Consumers’ perceived risk decreases satisfaction, while trust increase satisfaction [89]. Thus, we suggest that trust lowers perceived risk and is the driving force behind customer satisfaction. This current study thus hypothesizes the association between perceived risk, satisfaction, and intention to revisit robot service restaurants as follow (Figure 1).



Hypothesis 8.

Customer perceived risk has a significantly negative impact on satisfaction at robot service restaurants.





Hypothesis 9.

Customer perceived risk has a significantly negative impact on behavioral intentions to visit a robot service restaurant.





Hypothesis 10.

Customer satisfaction toward robot service restaurants has a significantly positive impact on behavioral intention.







3. Methodology


3.1. Samples and Procedures


Data collection were conducted utilizing a web-based survey platform. The target population for this study consisted of restaurant consumers in Korea. Using a professional online market research company, the questionnaire was distributed to research company panels who had visited a restaurant recently. These panels received online points which can be exchanged for cash as rewards. The questionnaire was designed to be scenario-based in order to provide a more realistic environment for the robot restaurants. Before the main data collection, a pilot test was conducted with 50 college students and 100 university students; the sample size of those who completed the questionnaire was regarded as sufficient to check reliability.



Two robot pictures (Figure 2) were shown to the participants due to the perception that participants will be affected by their previous exposure to robots from the mass media or other sources [90]. The following scenario was shown to the participants:


“You will stay overnight at the business hotel in Seoul, South Korea. You will visit the hotel’s Italian restaurant for dinner and are going to eat tomato spaghetti. In this restaurant, you can order food and drinks through the artificial intelligence service robot or a digital menu board (tablet PC or mobile phone application, etc.). Ordered food is cooked by the shown robot according to the recipe and served by the shown robot. It is able to communicate with customers”.







The participants also saw pictures of the service robots cooking and serving at a restaurant (Figure 2). A total of 364 panels submitted the questionnaires; from these, 26 questionnaires were removed for missing data and biased responses. Thus, the sample size used in this study (n) was 338 participants with a response rate of 92.9%.




3.2. Instrument Development


Based on the previous literature, the concept of TAM for the hotel restaurant’s artificial intelligence robot was applied, and it established the causal relationship between trust, the perceived risk, and customer satisfaction. First, the respondents answered all items using a 5-point scale (1: Strongly disagree to 5: Strongly agree) regarding PU, PEOU, trust, the perceived risk, customer satisfaction and behavioral intention. Second, questions were asked on the participants’ demographics (e.g., gender, age, level of education, job, and region).



Measurement items for PU (3 items) and PEOU (three items) were adapted from Palau-Saumell [91], Herrero et al. [92], and Venkatesh et al. [93]. PU asked, “I find that robot services are useful in my daily life,” and PEOU asked, “Using robot services is easy for me,” and both included three items. Trust was composed of four items (e.g., “I believe that robot service is trustworthy”) and adapted from Alalwan et al. [65] and Ejdys [94]. Perceived risk was composed of three measurement items (e.g., “Robots will have defects in technology and machines”) and were adapted from Hansen et al. [79] and Mutahar et al. [95]. Customer satisfaction (two items) referred to the degree of the comprehensive psychological state, such as a favorable or unfavorable feeling about robotic service, and the measurement items (e.g., “Robots will provide services that satisfy my needs and preference”) were adapted from Jin et al. [26], and Kim and Qu [96]. Behavioral intention had four measurement items (e.g., “I plan to visit a restaurant where robot service is provided”) adapted from Kaushik et al. [53] and Jang and Lee [97].




3.3. Data Analysis


This study analyzed and verified the data using the Statistical Package for the Social Sciences (SPSS) and Analysis of Moment Structures (AMOS) program. All items were verified for validity and reliability using confirmatory factor analysis (CFA) in AMOS and Cronbach’s alpha analysis in SPSS. The results for the proposed hypotheses and theoretical model are presented using the Structural Equation Model (SEM) in AMOS.





4. Results


4.1. Profiles of the Study Participants


The genders of the study participants were 165 (48.8%) males and 173 (51.2%) females. By age group 93 (27.5%) were in their 20s, 96 (28.4%) in their 30s, and 98 (29.0%) in their 40s and 51 (15.1%) in their 50s. Most of the participants were confirmed to have graduated from a two-year college 292 (86.4%).




4.2. Study Reliability and Validity


The standardized coefficients for all the items before the hypotheses were verified were 0.718 or higher, and Cronbach’s alpha value was over 0.758 (see Table 1). The convergence validity and discriminant validity of the measurement scale were both verified using CFA analysis. Fornell and Larcker [98] provided the recommended cut-off of 0.70 for composite reliability. As a result, composite reliability was acceptable in the range of 0.788 and 0.928. Bagozzi and Yi [99] suggested that the cut-off score be 0.70 for the average variance extracted (AVE). The result ranged 0.621 to 0.831, so that requirement was satisfied. The fit of the proposed items was generally confirmed as acceptable (χ2 = 222.122; df = 137; χ2/df = 1.621, GFI = 0.934; NFI = 0.944; CFI = 0.977; RMSEA = 0.043; RMR = 0.027). The discriminant validity was explained by comparing each AVE value and the squared correlation value of two potential factors (see Table 2). The discriminant validity was explained by comparing the AVE value and the squared correlation value of two potential factors (see Table 2). The results were 0.010 to 0.466, which was lower than the AVE value.




4.3. Structural Equation Modeling (SEM)


SEM was used to assess the structure model for the potential factors for the proposed 10 hypotheses. All the standardized path coefficients were shown together with t-values and results for each hypothesis (see Table 3). The total fit of the proposed model was generally confirmed as acceptable (χ2 = 282.918; df = 142; χ2/df = 1.992, GFI = 0.916; NFI = 0.928; CFI = 0.963; RMSEA = 0.054; RMR = 0.047). Hypothesis 1 was supported. Perceived usefulness had a significant effect on behavioral intention (β = 0.616; t = 6.788; p < 0.001). Perceived ease of use had no significant effect on behavioral intention (β = 0.002; t = 0.021; p > 0.05). So, Hypothesis 2 was rejected. Hypothesis 3 was supported as a positive relationship was found between perceived usefulness and perceived ease of use (β = 0.429; t = 6.936; p < 0.001). Trust positively affected perceived usefulness, so Hypothesis 4 was also supported (β = 0.521; t = 8.429; p < 0.001).



Hypothesis 5 saying that trust would positively affect perceived ease of use was supported (β = 0.506; t = 8.251; p < 0.001). Hypothesis 6 was verified, as a negative relationship existed between perceived trust and perceived risk (β = −0.147; t = −2.447; p < 0.05). Hypothesis 7, which said that trust has a significant effect on customer satisfaction, was supported (β = 0.211; t = 3.436; p < 0.001). Hypothesis 8 was also supported. Perceived risk had a negative effect on customer satisfaction (β = −0.461; t = −6.377; p < 0.001). Hypothesis 9 was explained as a negative relationship existing between perceived risk and behavioral intention (β = −0.116; t = −1.994; p < 0.05). Lastly, Hypothesis 10 was supported, in that customer satisfaction had a positive significant effect on behavioral intention (β = 0.138; t = 2.149; p < 0.05). In turn, the directions of the proposed hypotheses all corresponded, and the results, except for Hypothesis 2, of the proposed nine hypotheses were all adopted.





5. Discussion


The current study explores how well antecedents can predict consumers’ revisit intention to robot service restaurants and proposes a new extended TAM model by integrating three critical variables (trust, perceived risk, and satisfaction) with the original technology acceptance constructs to enrich the understanding of the unique character of robot service in business hotel restaurants. There are new findings regarding the critical variables associated with robot service restaurant consumer behavior.



First, it was confirmed that there is a positive influence of PU on intention to revisit robot service restaurants. It indicates that the more consumers perceive service robots as useful, the more they intend to revisit robot restaurants. This finding agrees with the findings in the previous TAM literature [29,47]. Additionally, the present study finds a positive indirect effect of PEOU on revisit intention through PU. That is, consumers perceive that the easier the robot is to use, the more useful it is, which in turn leads to a positive intention to revisit that robot restaurant.



However, this study also confirmed there was no significant direct relationship between PU and behavioral intention to revisit. Furthermore, the indirect relationship between PEOU and technology acceptance behavior through PU was similar to what was found in a prior study, which applied TAM on the acceptance of biometric technology at music festivals (i.e., fingerprinting) [45].



Secondly, these results confirmed trust as a crucial antecedent variable of TAM. It infers that trust is generally important in the acceptance of robot service restaurants. Trust has been regarded as a potentially essential element for technology acceptance, especially, in uncertain environments [61]. Trust can reduce the perceived social complexity, which is being generated by the interaction with service robots [60]; also, trust can relieve the risk of responsibility from the robot’s malfunctioning [19,20]. Whenever humans face a high-risk and unpredictable situation, trust becomes a more powerful tool. Thus, trust becomes critical in the service robot environment. The total effects of the three critical variables (Hypothesis 4 ~ Hypothesis 10) showed the hierarchical importance of each of these variables for predicting revisit intention to a robot restaurant.



The impact of trust on PU (β = 0.521) showed the strongest effect and the impact of trust on PEOU (β = 0.506) as the next strongest effect. It is inferred that when consumers trust the service robots at a restaurant, they will perceive robots as more useful and easy to use. The positive impact of trust on PU is based on the logic that trust allows consumers to become susceptible to the guarantee that they will gain the expected useful interaction they desire from the service robot [16,84]. Trust increases PU because trust decreases the required time and effort to use robots by lessening the special attention required to understand and control new technology. This result is precisely consistent with the prior studies by exploring consumers’ behavioral intention to use social media for e-transactions and also by showing the impact of trust on the PU for electronic social media transactions [79] and by determining the impact of trust on the PEOU of e-transactions [68].



Third, the findings revealed that increased trust in robot service decreases the perceived risk, which is in line with the previous extended TAM literature [78,79]. It further suggests that the TAM model could also apply to a robotic system to explain the acceptance of robot service restaurants. It provides empirical data that proves that trust is a powerful means for lowering perceived risk by alleviating consumers’ perception of the undesirable consequence of possible technical errors and malfunctions. In other words, lack of trust is identified as one of the major obstacles in the acceptance of robot service.



Finally, the increased trust in robot service increases satisfaction toward robot service restaurants, and the increased perceived risk decreases satisfaction toward robot service restaurants, which is in line with the previous extended TAM studies [89]. The present study found that there is a negative impact of perceived risk toward robot service on consumer satisfaction and intention to revisit robot service at business hotel restaurants. As Table 2 describes, respondents’ perceived risk toward robots (M = 3.718, SD = 0.731) is slightly higher than trust (M = 3.330, SD = 0.699); therefore, reducing consumer perceived risk toward the chef and serving robot should precede any effort to improve trust at service restaurants.



It also shows that consumers’ satisfactions toward robot service at business hotel restaurants increases their intention to revisit positively. This finding is consistent with the several marketing studies’ supporting the influence of satisfaction on behavioral intention [67,83,85]. The finding further validates the extended TAM for trust, risk, and satisfaction, and explains the consumer behavior regarding robot restaurants by explicitly describing their main effects.




6. Implications of the Research


The current study provides several theoretical contributions to the general body of knowledge in the technology literature in the hospitality area. Most of the prior research on robots in hospitality has focused on the hotel context, such as concierge or delivery robots. A few research efforts have empirically tested services of restaurant robots: The association between consumer innovation and customer’s attitudes toward restaurant robots [100], restaurant managers’ perception of robots [12], and a few qualitative studies [21]. Less research has been undertaken on delivery and chef robots at restaurants. This study enhances the service robot literature by investigating the influencing factors for consumers’ behavioral intentions to use robot restaurants.



This study successfully extended TAM to restaurant service robots by grounding new critical variables. It is one of the first studies to integrate trust, perceived risk, and satisfaction with TAM and apply it to robot restaurants. The three critical variables of trust, perceived risk, and satisfaction are arranged in the core original PU-PEOU-acceptance model, and thus, it stabilizes and establishes new model development. Following the outbreak of COVID-19, non-face-to-face services are rapidly becoming a major source of competitive advantage in the service industry. Unfortunately, little was known about how consumers accepted service robots at restaurants. Hence, the newly proposed extension of the TAM model contributes positively to the emerging robot service literature in the hospitality field.



The present study also has implications for future research into the consumer behavior of business hotel restaurant visitors. This study raises the issue of consumer restaurant service robot acceptance, which is a relatively understudied area regarding consumer behavior. It emphasizes risk perception as a major barrier for acceptance of restaurant service robots and trust as an enhancer in the same service robot context. Although extensive e-commerce research has experimentally proven the role of trust and risk in purchase intentions for online behaviors [101,102], empirical research evidence that determines the directional causal relationship from trust to perceived risk in the robot restaurant consumer segment is still limited.



In addition, these empirical results offer important practical directions for increasing behavioral intention for operators who have already provided robot service or have plans to adopt it. First, the present study finds a direct effect of PU and an indirect effect of PEOU on revisit intention. Operators and marketers should provide several benefits to increase their consumers’ level of PU. For example, time saving through fast transactions or fast cooking time or an easy ordering process based on a user-friendly robot system might be provided as effective future operating strategies.



Second, this study highlights the crucial role of trust in increasing of PU, PEOU, and satisfaction for the reduction of perceived risk. It indicated that trust in a robot system has the potential benefit of success. Thus, restaurant managers should focus on enhancing robot reliability awareness by image marketing through advertisement exposure or promotional materials to demonstrate the robot’s technological innovations.



Third, the results showed the negative influence of perceived risk on satisfaction and revisit intention to robot service restaurants. It indicated that consumers perceived risk is high when they have more uncertainty about malfunction, errors, or technical inaccuracies from unfamiliar serving or chef robots. Adoption of a guaranteed and safe robot system (hardware and software) should be a priority for hospitality operators. Further, the creation and promotion of an image of errorless and perfect robots is recommended for hospitality marketers. Providing information can reduce risk perception by eliminating uncertainty. Money-back guarantees (i.e., a simple statement such as “in case of malfunction, we will compensate you”) can be an effective risk-reducing marketing strategy by lowering the fear that might arise from using a chef and service robot.




7. Limitations and Future Research


Small sample sizes for extended TAM model development based on an online survey might be a concern for this study, since it has limitations for generalization. Future research should re-examine a more diverse sample of respondents. Also, the research design used the scenario-based virtual images of a restaurant. The chef robot and serving robot shown in this current study have not yet been widely commercialized; thus, the scenario-based survey method is presently unavoidable. Since the survey was conducted online, the possibility that the respondents feel favorably toward other technology is considered. Also, the artificial restaurant setting limited generalizability. It is recommended that future research should explore respondents who have experienced actual robot service at restaurants, avoiding the use of an online survey.



This current study found a perceived risk, which emphasizes the performance function as a critical driver of behavioral intention. Given the significance of perceived risk, future research should expand perceived risk as a multidimensional concept (time, financial, psychological, social, and so on) in more detail since this current study focused on only the functional facet of the dimension of perceived risk. In addition, this study resulted from a survey of Koreans, and it is suggested that comparative studies between various countries are necessary, as there may be differences in technology development capabilities country by country. Given this consideration of the noticeable differences in technology levels in various countries, a comparative study on consumers’ perception of robot service between countries might provide valuable new information for international operators/marketers. Finally, as mentioned above, even though understanding how trust and perceived risk interact in robot service can provide valuable information to operators/marketers, the integration of new extended TAM with social, emotional, and relational elements would be a potential area for future research and broaden the understanding of the key drivers of robot service users and their behavioral intentions.
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Figure 1. A proposed model. 
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Figure 2. Photos (left) A serving robot; (right) A chef robot. 
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Table 1. Reliabilities and confirmatory factor analysis.
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Construct

	
Standardized Loadings

	
t-Value

	
Composite Reliabilities

	
AVE

	
Cronbach’s Alpha






	
Perceived usefulness

	

	
0.862

	
0.799

	
0.799




	
PU1

	
0.758

	
Fixed

	

	

	




	
PU2

	
0.788

	
13.412 ***

	

	

	




	
PU3

	
0.720

	
12.389 ***

	

	

	




	
Perceived ease of use

	

	
0.903

	
0.695

	
0.868




	
PEOU1

	
0.827

	
Fixed

	

	

	




	
PEOU2

	
0.894

	
18.095 ***

	

	

	




	
PEOU3

	
0.776

	
15.731 ***

	

	

	




	
Trust

	

	
0.928

	
0.831

	
0.890




	
TR1

	
0.828

	
Fixed

	

	

	




	
TR2

	
0.838

	
17.950 ***

	

	

	




	
TR3

	
0.853

	
18.395 ***

	

	

	




	
TR4

	
0.775

	
16.108 ***

	

	

	




	
Perceived risk

	

	
0.922

	
0.723

	
0.884




	
PR1

	
0.779

	
Fixed

	

	

	




	
PR2

	
0.926

	
17.529 ***

	

	

	




	
PR3

	
0.840

	
16.528 ***

	

	

	




	
Customer satisfaction

	

	
0.788

	
0.621

	
0.758




	
CS1

	
0.852

	
Fixed

	

	

	




	
CS2

	
0.718

	
8.356 ***

	

	

	




	
Behavioral intention

	

	
0.923

	
0.691

	
0.898




	
BI1

	
0.835

	
Fixed

	

	

	




	
BI2

	
0.866

	
19.079 ***

	

	

	




	
BI3

	
0.838

	
18.216 ***

	

	

	




	
BI4

	
0.783

	
16.545 ***

	

	

	








Note: Perceived usefulness (PU), perceived ease of use (PEOU), trust (TR), perceived risk (PR), customer satisfaction (CS), behavioral intention (BI). χ2 = 222.122, df = 137, χ2/df = 1.621, Goodness of Fit Index (GFI) = 0.934, Normed Fit Index (NFI) = 0.944, Comparative Fit Index (CFI) = 0.977, Root Mean Square Error of Approximation (RMSEA) = 0.043; Root Mean Square Residual (RMR) = 0.027. *** p < 0.001.
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Table 2. Correlations Estimates.
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	1
	2
	3
	4
	5
	6
	M ± S.D.





	1. PU
	0.799 a
	0.460 b
	0.466
	0.010
	0.023
	0.323
	3.877 ± 0.675 c



	2. PEOU
	
	0.695
	0.257
	0.011
	0.017
	0.194
	3.729 ± 0.761



	3. TR
	
	
	0.831
	0.030
	0.075
	0.462
	3.330 ± 0.699



	4. PR
	
	
	
	0.723
	0.238
	0.026
	3.718 ± 0.731



	5. CS
	
	
	
	
	0.621
	0.086
	2.85 ± 0.832



	6. BI
	
	
	
	
	
	0.691
	3.29 ± 0.752







Perceived usefulness (PU), perceived ease of use (PEOU), trust (TR), perceived risk (PR), customer satisfaction (CS), behavioral intention (BI). a Average variance extracted (AVE). b Matrix entries are the square correlations. c Mean ± Standard deviation.
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Table 3. Structural parameter estimate.






Table 3. Structural parameter estimate.





	Hypothesized Path

(Stated as Alternative Hypothesis)
	Standardized

Path Coefficients
	t-Value
	Results





	H1: PU → BI
	0.616
	6.788 ***
	Supported



	H2: PEOU → BI
	0.002
	0.021
	Rejected



	H3: PEOU → PU
	0.429
	6.936 ***
	Supported



	H4: TR → PU
	0.521
	8.429 ***
	Supported



	H5: TR → PE
	0.506
	8.251 ***
	Supported



	H6: TR → PR
	−0.147
	−2.447 *
	Supported



	H7: TR → CS
	0.211
	3.436 ***
	Supported



	H8: PR → CS
	−0.461
	−6.377 ***
	Supported



	H9: PR → BI
	−0.116
	−1.994 *
	Supported



	H10: CS → BI
	0.138
	2.149 *
	Supported







Note: χ2 =282.918, df = 142, χ2/df = 1.992, Goodness of Fit Index (GFI) = 0.916, Normed Fit Index (NFI) = 0.928, Comparative Fit Index (CFI) = 0.963, Root Mean Square Error of Approximation (RMSEA) = 0.054; Root Mean Square Residual (RMR) = 0.047. *** p < 0.001, * p < 0.05.



















	
	
Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.











© 2021 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






media/file4.png





nav.xhtml


  sustainability-13-04431


  
    		
      sustainability-13-04431
    


  




  





media/file0.png





media/file2.png
TAM

Perceived
usefulness

Behavioral
Intention

H6(-)

Perceived
risk






media/file3.jpg





media/file1.jpg
Perceived
usefulness

Customer
Satisfaction





