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Abstract  
The objective of this study was to improve the customer experience by focusing on the impact of avatar 
concierge solution which can be controlled and moved by a human agent with gestures in distance. We 
want to tend and apply the technology acceptance model (TAM) to service robots designed for 
improving the customer experience.  
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1. Introduction 

The market of service robot technologies and telepresence solutions is expected to grow continuously during the 
next ten years. By 2025, 85% of customer interactions will take place without a human agent (Schneider, 2017). 
In several industries (i.e. retail, hospitality, healthcare, etc.), service delivery robots are becoming increasingly 
integrated into the workforce with two major goals: i) to optimize service productivity and ii) to enhance the 
customer experience. According to the International Organization for Standardization, a “service robot” is a 
robot ‘that performs useful tasks for humans or equipment excluding industrial automation applications’ (ISO 
8373). For Wirtz et al. (2018), service robots are system-based autonomous and adaptable interfaces that 
interact, communicate, and deliver service to an organization’s customer. Service robots can be physical (e.g. 
Pepper, see Figure 1) or virtual (e.g. Alexa); they can also be either humanoid, by simulating a human 
appearance (e.g. Sanbot Max), or non-humanoid (e.g. Roomba the cleaning robot). Avatars are increasingly 
capable of completing cognitive-analytical tasks thanks to underlying computer power or emotional-social 
capacities (e.g. reception robots). As robots can be connected to a Customer Relationship Management (CRM) 
system, they can provide customized service. In the service sector, the opportunities offered by robotics in 
combination with cameras, sensors, speech recognition, big data, artificial intelligence, mobile, and cloud 
technology are especially promising (Wirtz et al., 2018). With their local input (e.g. cameras, microphones, and 
sensors) and their ability to access other sources such as the internet or a knowledgebase, service robots will be 
increasingly able to adapt to each situation and learn from previous mistakes.  

Figure 1: Pepper robot 

 



 

 

Murphy et al. (2017) showed that the projected growth of using robots as concierges in hotels, museums and 
airports is very strong for the coming years. In parallel, several researchers have investigated the use of so-called 
telepresence robots in different contexts and scenarios, including remote visits of libraries or museums (Guth and 
Vander Meer, 2017), as a concierge in parks (Rano et al., 2004), and as home assistants for elderly healthcare 
(e.g. Michaud et al., 2007; Koceski and Koceska, 2016). As technology becomes omnipresent in our society, 
academic literature about the use of robotics has gained importance in the past several years. Focusing more on 
the hospitality industry, Bowen and Whalen (2017) argued that human interactions between host and customer 
are being replaced by human-robot interactions. Indeed, robots are increasingly becoming integrated into the 
operations of hotels, which has a significant impact on customers’ service experience (Tussyadiah and Park, 
2018). These elements explain why the emphasis of the research is mainly on human-robot interactions and the 
acceptance of technology (Tung and Law, 2017; Ivanov et al., 2017; Tussyadiah and Park, 2018). As Ivanov and 
Webster (2017) demonstrate, the adoption of robotics in the hospitality context has financial benefits (e.g. labor 
cost savings) and non-financial benefits such as a better perception of service quality through new attractive and 
interactive ways of delivering a service, communicating and engaging with customers. In their research, Ivanov 
et al. (2017) explored which of the robot’s hotel-related activities are the most easily accepted by consumers. 
Their results revealed that customers showed less resistance when the robot is used as a concierge and other 
hotel-related tasks (e.g. information providers, transporting goods, payments). 

 

2. Technology acceptance model (TAM) applied to frontline service robots 

According to Flandorfer (2012), compared to traditional TAM studies, TAM applied to robots is more intricate 
because robots are complicated devices. Research shows that acceptance of robots depends on complex 
dynamics between several factors: (i) the user’s characteristics, (ii) the robot’s characteristics, (iii) the user’s 
beliefs about the robot and about his/her interactions with it, and (iv) variables such as attitude toward use, use 
intention and actual use (De Graaf and Ben Allouch, 2013). The authors agree that age, gender, cultural 
background, and personality are factors that influence the user’s adoption of robotics. For example Eyssel et al. 
(2012) conducted an experiment to determine if people show a higher propensity to accept the robot when the 
robot’s voice is: human-like vs. synthesized; and female vs. male. Their results show that participants 
demonstrated greater acceptance and felt psychologically closer to the robot when the robot and participants 
shared the same gender and when it used a human-like voice. In addition, the robot’s characteristics play a role 
in whether it is accepted or rejected. These characteristics include both utilitarian (e.g. usefulness and ease of 
use) and hedonic aspects (e.g. enjoyment and attractiveness) (De Graaf and Ben Allouch, 2013). De Ruyter and 
Aarts (2004) showed that the users were more likely to accept and had a higher intention to use a robot that 
demonstrated social abilities. Furthermore, Gaudiello et al. (2016) investigated human-robot acceptance more 



deeply by focusing on trust. Their study suggested that distrust of robots is correlated to the nature of the task: 
robots are more easily accepted in functional tasks rather than in social tasks. These results stand in contrast with 
the findings of De Ruyter and Aarts (2004) and underscore the interdependence between factors, which can 
influence technology uptake in different ways. Regarding the hedonic aspects, De Graaf and Ben Allouch (2013) 
demonstrated that TAM would be enhanced if robot design were to include user experience variables such as 
enjoyment, adaptability, sociability and perceived behavioral companionship. Indeed, according to the authors, 
enjoyment has an influence on use attitude, ease of use and use intention. Finally, the control beliefs of the user 
about the robot, such as past experience with robots and perceived behavior control, affect the adoption of the 
technology. Indeed, people do not have the same resources and capacities toward robotics. Lack of knowledge 
about technology can make people feel overwhelmed, which makes them less likely to use robotics (Broadbent 
et al., 2009). 

Figure 2 shows our extended model of TAM. We want to identify factors impacting the intention to use this 
technology. The latent variables are explained in the next chapter. 

Figure 2: Research model 

 

3. Methodology 

3.1 Measures 

Response options for each item was ranged from 1 (strongly disagree) to 7 (strongly agree). Ease of use and 
usefulness were assessed with items adapted Davis (1989). Social presence was assessed with items adapted 
from Gefen and Straub (2003). Trust was assessed with items adapted from Gefen and Straub (2003), Gefen and 
Straub (2004), and Cyr et al. (2005). Emotional appeal and empathy were assessed with items adapted from 



Hassanein and Head (2007). Fear of robots was assessed with items adapted from Nomura et al. (2008). Finally, 
intention to use was assessed with items adapted from Hellier et al. (2003).  

3.2 Sampling and data collection procedures 

As the aim of the research was to assess how customers perceive the quality of service delivered by a robot as a 
concierge, Pepper was mainly placed in the lobby of the school at EHL. Questions asked by the users were very 
diverse, ranged from “how is the weather” to precise questions about the school. Pre-recorded gestures were 
used to attract people to come and interact with Pepper or as an entertainment during the interaction. First, we 
asked people to ask questions to the robot during 5 to 10 minutes. Second, we distributed our questionnaire to 
them for catching their feeling about the interaction. We had 181 respondents (43.3% male and 56.7% female). 
The age of respondents was between 18 and 71, with an average age of 29.14. 

3.3 Data analysis method 
Structural equation modeling (SEM) was adopted to test the hypotheses due to the fact that the model contains 
several latent variables. SmartPLS 2.0 was used for the analysis. We employed a bootstrapping method (200 
sub-samples) to test the significant level of regression path coefficients (Hair et al., 2011). We used the 
blindfolding approach (cross-validated communality and redundancy). The cross-validated communality index 
measures the quality of the measurement model of each block. The quality of each structural equation is 
measured by the cv-redundancy index (i.e. Stone-Geisser Q2). Q2 measures the extent to which observed values 
are reconstructed by the model and its parameter estimates (Chin, 1998). The technique represents a synthesis of 
function fitting and cross-validation (Henseler et al., 2009). If it is negative, the model has no predictive 
relevance; values around 0.15 indicate a medium predictive relevance and around 0.35 a high predictive 
relevance (Henseler et al., 2009; Hair et al., 2012). In this model, the independent variables are therefore good 
predictors for usefulness and intention to use. For trust and degree of intrusiveness, the independent variables 
have a moderate predictive relevance.   
 

4. Results 

4.1 Descriptive analysis 

The Figure 3 shows the average for each latent variable. Globally, Pepper was gladly accepted and most 
respondents were willing to use the robot in the future.  

Figure 3: Descriptive analysis 



 

Note: from 1 (strongly disagree) to 7 (strongly agree) 

We also found that people are empathetic towards Pepper. This shows two aspects: firstly that Pepper is able to 
show feelings (happiness, sadness, shyness, etc.), and that we were able to understand or share these emotions 
with the users. This is proved by the construct “emotional appeal”. Indeed, it is the construct that scored the 
highest. Pepper definitely appealed to our emotions, made us happy or made us laughed. The respondents also 
thought that Pepper’s aesthetic was astonishing. We had a lot of comments about how cute it looks like. 
Although some people commented that they did not understand why such a robot would be used, most people 
thought that Pepper was useful in its role, that is being a concierge and answering questions. We also found that 
the robot was perceived to be reliable. Identically, Pepper’s responsiveness was judged positively, although 
some people complained about the fact that the answers come a bit too late.  

The Figure 4 shows the differences between the emotional appeal and the usefulness of the robot. It is interesting 
to notice that, while they both performed well (respectively average of 6.12 and 5.53), the emotional appeal 
dimension is more important than the usefulness dimension. 

 Figure 4: Emotional appeal VS Usefulness  



 
Note 1: Performance’s scale (1 to 7 = best score);  
Note 2: Importance’s scale (impact of each dimension on the overall satisfaction) 
 

4.2 Results and discussion 

All latent variables have a composite reliability higher than 0.7, confirming that the scale reliabilities have 
adequate and stable measurement properties. Convergent and discriminant validity are also confirmed.  

The Figure 5 shows the results of our research model 1. The usefulness of the robot was impacted by two 
constructs: the ease of use (γ = 0.598) and the social presence (γ = 0.184). Ease of use impacted much more the 
usefulness than the social presence. Both, they explains 59.7% of variance of usefulness. Therefore, H1 and H2 
are confirmed.  

Social presence has a positive impact on trust (γ = 0.659). Indeed, 43.4% of variance is explained by social 
presence. The “human touch” of the robot has also an impact on the emotional appeal of users (γ = 0.489). The 
human skills of the robot seems to increase the pleasure for users to interact with it. Hence H3 and H4 are 
supported. 

The aesthetic aspect of the robot has a significant impact on enjoyment (γ = 0.261). The visual increases the 
pleasure for users interacting with the robot. Thus, designing and selecting a visually appealing robot is a key to 
create a pleasant experience. Hence, H5 is supported.  

Trust in the information provided by the robot has no significant impact on its usefulness and emotional appeal. 
Therefore, H6 and H7 are rejected.  

The degree of usefulness and the emotional appeal, perceived by users interacting with the robot, have a 
significant influence on their desire to use again the robot in the future. The enjoyment plays a more important 
role than the usefulness perceived (γ = 0.348 VS γ = 0.236). Indeed, the fun part of the interaction seems to play 
a major role. Moreover, trust in the robot also impacts significantly the intention to use (γ = 0.321). Hence H8, 
H9, and H10 are supported. 



Finally, the fear of robots impacts negatively the intention to use (γ = -0.154). One can claim that H11 is also 
supported. Overall, 64.8% of variance of the intention is explained by the dependent variables. 

Figure 5: Results of the PLS analysis  

 

 

Note: *Significant at 0.05 level. **Significant at 0.01 level. ***Significant at 0.001 level. 

 

5 Conclusion 

The market of service robot technologies and telepresence solutions is expected to grow continuously during the 
next ten years. This tendency will have a major impact on firms’ service productivity. Indeed, service robots can 
potentially increase firms’ service productivity and have a major impact on employment. With the development 
of AI, robots will increase their abilities to interact with clients. In addition, they will increasingly help the 
employees of a firm by assisting them in their interactions with guests. Several questions have begun to emerge: 
How is our personal data used during (and after) our interaction with a robot? Does the robot have the 
authorization to record a situation or an interaction with a guest? Should robots be taxed? Are robots being used 
to save money by replacing humans? The development of the next generation of service robot technologies will 
have a significant impact on the productivity of firms’, on jobs, and on the customer experience; consequently, 
this research have been an important topic for our society.  

 

5.1 Limitations 



First, the sample was a bit too homogeneous. Even if the respondents were aged between 18 and 71, the average 
was 29 years old. It could be interesting to observe robot-human interactions in other contexts with a more 
heterogeneous population. Second, sometimes the respondents were impressed by the technology itself and not 
only the “concierge-receptionist” aspect of the robot. It can therefore create a bias on our results. Third, some 
people were refractory to the technology and did not want to participate. It can also create a bias, in a sense that 
their point of view can be missing in our results.  
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