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Self-Efficacy and Acceptance of Robots 

Abstract 

As many post-industrial societies are rapidly ageing, intelligent and innovative solutions from 
the technology side are sought to ensure that welfare services continue in the future. Both social 
and nonsocial assistive robots are considered as solutions. To ensure the successful 
implementation of new technology, it is essential to understand the factors that influence the 
user’s decision to accept or reject technology. The aim of this study was to understand the 
association between robot use self-efficacy and acceptance of robots. Acceptance of humanoid, 
pet, lifting, and telepresence robots were studied among care work staff (N = 3800). Analyses 
were based on linear regression analysis. The results showed that robot use self-efficacy is 
associated with the acceptance to use humanoid, pet, and telepresence robots. The strongest 
connection was found between robot use self-efficacy and the functional and social acceptance 
of a humanoid robot. General self-efficacy was not associated with any of the robot types 
studied in the final models. Furthermore, no interaction effect was found between general self-
efficacy and robot use self-efficacy. The results underline that psychological processes on 
acceptance of robots vary between different types of robots. The results imply that robot use 
self-efficacy is important for understanding acceptance and implementation of robots. The 
explanatory power of self-efficacy is better when it is tied to a specific matter such as the use 
of care robots. 
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experience 
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Self-Efficacy and Acceptance of Robots 
 
As many post-industrial societies are rapidly ageing, fresh and innovative solutions from the 
technology side are sought to ensure that welfare services continue in the future. A partial 
solution to support the quality of welfare services is proposed to be found in robots (Broadbent, 
Stafford, & MacDonald, 2009; Koceski & Koceska, 2016). The advances in artificial 
intelligence enable robots to act more autonomously and thus re-arrange care work (Broekens, 
Heerink, & Rosendal, 2009; Van Wynsberghe, 2013).  

In this study, service robot stands for a professional or non-professional device that is 
programmable for at least two axes and is capable of moving around in the environment to 
carry out useful tasks for the human or is not within the industry. Its degree of autonomy may 
vary from human-driven partial autonomy to fully automated robots (ISO 8373: 2012), and it 
is seen as a combination of both hardware and software robotics. Robots in welfare services 
can be categorized into social and nonsocial assistive robots (Heerink, Kröse, Evers, & 
Wielinga, 2010) as the robot prefix “social” stands for a robot’s ability to recognize other robots 
and humans and communicate with, learn from, and engage in social interaction with them 
(Fong, Nourbakhsh, & Dautenhahn, 2003). In this study, a telepresence robot is also 
categorized as a social robot, since it involves human presence. 
 For the home-care customers, care robots are believed to be useful, for example by (a) 
assisting home care customers and their caregivers in daily tasks, (b) monitoring behavior and 
health, and (c) providing companionship (Sharkey & Sharkey, 2010) as well as facilitating 
social interaction (Koceski & Koceska, 2016) and acting as a therapeutic tool (Shibata, 2012). 
For example, the humanoid robot Zora (Johnson, Cuijpers, Pollmann, & van de Ven, 2016; 
Melkas, Hennala, Pekkarinen, & Kyrki, 2016), the telepresence robot Double (Koceski & 
Koceska, 2016; Schulman et al., 2013), and the therapeutic pet robot Paro (Shibata, 2012; 
Wada & Shibata, 2004) are robots developed for these purposes. Besides, for example in 
surgery, robotics has been utilized for a long time (Palep, 2009; Wasen, 2010). Also, care 
workers have considered the robots in elder care to be useful, especially in lifting heavy loads 
(Broadbent et al., 2012). 
 The care worker’s viewpoint in the acceptance of new technology is particularly 
important, as they work closest to the home care customers and thus affect their ability and 
direct quality of care (From, Nordström, Wilde-Larsson, & Johansson, 2013). To ensure the 
successful implementation of new technology, it is essential to understand the factors that 
influence the user’s decision to accept or reject technology (Hasan, 2006; Venkatesh, 2000). 
Self-efficacy is one of the key drivers of human activity (Bandura 2006), and it has been found 
to have both direct and indirect impact on the intention and actual use of different technologies 
(e.g., Agarwal, Sambamurthy, & Stair, 2000; Hasan, 2006; Hsu & Chiu, 2004; Rahman, Ko, 
Warren, & Carpenter, 2016). 

The aim of this study was to analyze the association between robot use self-efficacy 
and acceptance of assistive robots. Theoretically this study is based on Bandura’s theory of 
self-efficacy. Acceptance of both social and nonsocial assistive robots were studied with users 
having firsthand user experience of assistive robots toward both social and nonsocial robots. 
Acceptance of robotics is in this study defined as a positive user experience of robots.  

 
 

Self-efficacy and Usage of Technology 
 
According to the widely used Bandura’s (1977, 1986, 1997) theory of self-efficacy, self-
efficacy refers to an individual’s estimates or beliefs about his/her own ability to perform in a 
particular situation or task. Instead of actual abilities, the individual’s estimates of what he/she 
can do with his/her own skills are essential. Self-efficacy is one of the guiding factors of human 
activity: It affects human behavior both directly and via its effects, such as the individual’s 
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motivation, thinking patterns, and, for example, how much and how long an individual strives 
to accomplish a particular situation or task (Bandura, 2006). However, it has also been stated 
(Williams & Rhodes, 2014) that people’s views of their abilities reflect a broader concept of 
motivation rather than solely self-efficacy, which somewhat problematizes the connection 
between motivation and self-efficacy. As self-efficacy consists of perceptual beliefs related to 
the specific activity of an individual, its measurement must be tied up with a particular situation 
and task (Bandura, 2006; Bong, 2006). 
 In the technology context, self-efficacy has been explored within the use of computers 
(e.g., Compeau & Higgins, 1995; Marakas, Yi, & Johnson, 1998), software (Agarwal et al., 
2000; Hasan, 2006) and the Internet (Eastin & LaRose, 2000; Hsu & Chiu, 2004), after which 
time, self-efficacy research has also extended to the context of health technology (Rahman et 
al., 2016) and robotics (Turja, Rantanen, & Oksanen, 2017). Computer self-efficacy refers to 
the ability of the individual to use a computer, and individuals with high computer self-efficacy 
used more computers, enjoyed their use, and experienced less anxiety about using them 
(Compeau & Higgins, 1995). Computer self-efficacy has also been divided into general 
computer self-efficacy (GCSE) and task-specific computer self-efficacy (CSE), and task-
specific computer self-efficacy has been further divided into application environments and 
specific applications sub-levels (Marakas et al., 1998). In the software context, general 
computer self-efficacy has been found to have a significant impact on software specific self-
efficacy, particularly in the early stages of training, and previous experience was found to have 
a significant effect on general computer self-efficacy but not on software-specific self-efficacy 
(Agarwal et al., 2000).  

Internet self-efficacy (ISE; e.g., Eastin & LaRose, 2000) has also been divided 
into general internet self-efficacy (GISE) and web-specific self-efficacy (WSE; Hsu & Chiu, 
2004). General Internet self-efficacy has been found to positively predict the web-specific self-
efficacy of an individual; web-specific self-efficacy had a significant direct impact on the use 
of online services, while general internet self-efficacy had an indirect effect on the use of online 
services through web-specific self-efficacy, attitude, and behavioral intention (Hsu & Chiu, 
2004). Similarly, in a related software application study, general computer self-efficacy 
predicted system-specific self-efficacy, and system-specific self-efficacy predicted intention to 
use technology, whereas general computer self-efficacy predicted intention to use technology 
only through system-specific self-efficacy and ease of use of technology (Hasan, 2006). 
 Health technology self-efficacy (HTSE) indicates individuals’ perceptions of their 
ability to use health technologies such as devices used to diagnose, monitor, or treat health or 
any individual’s health condition (Rahman et al., 2016). In the context of software (Agarwal et 
al., 2000), Internet (Hsu & Chiu, 2004), and software applications (Hasan, 2006), a positive 
relation between the general technology context-related self-efficacy and the task-specific self-
efficacy was found. Similarly, both general self-efficacy and general computer self-efficacy 
were found to predict health technology self-efficacy, and health technology self-efficacy had 
a positive influence on attitude toward the use of health technologies (Rahman et al., 2016). 
Robot use self-efficacy (RUSH) refers to the beliefs of care workers about their ability to use 
robots, and it has been found to be a separate construct from general self-efficacy (Turja et al., 
2017). 
 
 
Acceptance and Implementation of Robots 
 
Organizations invest in new information technology in order to maintain and improve their 
competitiveness, but technology investments do not yet guarantee that people will use new 
equipment or systems (Beedholm, Frederiksen, Skovsgaard Frederiksen, & Lomborg, 2015; 
McFarland & Hamilton, 2006). Self-efficacy has been shown to have a direct impact on the 
intent of using different technologies in the context of healthcare (Ma & Liu, 2005), online 
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shopping (Vijayasarathy, 2004), teaching (Hu, Clark, & Ma, 2003), and computer usage (Teo, 
2009). Self-efficacy has also been found to have direct effects on the actual use of technology 
(Yi & Hwang, 2003). However, the connection between self-efficacy and user experience is 
not unambiguous, as some studies have not found self-efficacy to have direct effect on intention 
to use technology (e.g., Heerink et al., 2010; Venkatesh, Morris, Davis, & Davis, 2003). Self-
efficacy has also been found to influence technology acceptance indirectly on different factors 
related to user experience  such as attitudes (Hsu & Chiu, 2004), anxiety (Compeau & Higgins, 
1995; Czaja et al., 2006), ease of use (Hasan, 2006; Hu et al., 2003; Igabria & Iivari, 1995; 
Venkatesh, 2000), and usefulness (Teo, 2009). 
 Previous technology experience and interest in technology are also known to predict 
technology acceptance (Heerink, 2011; Nomura, Kanda, & Suzuki, 2006). Previous experience 
also positively influences self-efficacy (Igbaria & Iivari, 1995), and high self-efficacy predicts 
a broader prior experience (Hu et al., 2003). As the prior experience increases, however, the 
net effect of self-efficacy in technology acceptance falls (Hu et al., 2003). New technologies 
are typically accepted by young people more than older people, men more than women, and 
the highly educated more than the less educated (de Graaf & Ben Allouch, 2013; Heerink, 
2011; Flandorfer, 2012; Scopelliti, Giuliani, & Fornara, 2005). However, previous experience 
with technology has been found to mitigate the influence of sociodemographic factors (e.g. age 
and gender) on acceptance: When technology becomes more familiar to its users, it is likely 
that the effects of sociodemographic factors will decrease. (Flandorfer, 2012.) 
 The acceptance of robots has much in common with the acceptance of other 
technologies, but it has some unique characteristics as well. Although robots have been in the 
industry for years, most of the research in robot acceptance has examined service robotics 
(Savela, Turja, & Oksanen, 2017). Their possible benefits in welfare services (Koceski & 
Koceska, 2016; Sharkey & Sharkey, 2010; Shibata et al., 2012) are also of interest because 
welfare services have been considered to be a human-centered field (Nourbakhsh, 2015). In 
addition to user and technology review, taking into account a certain professional context is 
central to understanding new technology acceptance (Chau & Hu, 2002; Hu et al., 2003). The 
attitudes toward robots in various professional tasks has been studied most precisely in the 
social and health sectors (Savela et al., 2017). 
 Care workers have been more concerned about care robots than elderly people and their 
relatives, which has been interpreted as originating from fear of losing their jobs (Broadbent et 
al., 2012), seeing technology as competing with human contact (Saborowski & Kollak, 2015), 
suspicion of whether nursing robots are useful in elderly care (Wolbring & Yumakolov, 2014), 
or difficulties in evaluating them resulting from lack of prior experience (Fuji et al., 2011). 
However, care workers see robots as most useful in lifting heavy things, turning on and 
switching lights off, closing and launching electronic devices, access control work (Broadbent 
et al., 2012), monitoring vital signs, facilitating social communication, and providing 
medication reminders (Alaiad & Zhou, 2014). Care workers have also been shown to be 
adopting, for example, a bath robot (Beedholm et al., 2015), working together with a robot 
surgeon (Wasen, 2010), monitoring robots (Jenkins & Draper, 2015), and telepresence robots 
(Koceski & Koceska, 2016). 

Due to the fact that service robotics is an emerging field there is currently lack of studies 
investigating difference between acceptance of social and nonsocial robots. It is however 
possible that robot types that are closer to traditional machines already used in industrial 
automation for decades are easier to be accept (Taipale, Luca, Sarrica, & Fortunati, 2015). 
Previous studies have for example noted that people find human-like robots more uneasy than 
mechanical robots (Arras & Cerqui, 2005; Gray & Wegner, 2012; Kätsyri, Förger, Mäkäräinen, 
& Takala, 2015). Also, robots are less readily accepted in work fields relying on human 
interaction, such as care work (Savela, et al., 2018). For these reasons perhaps, there are also 
differences on the relationship between self-efficacy and acceptance of social and nonsocial 
robots. 



SELF-EFFICACY AND ACCEPTANCE OF ROBOTS 
 

5 

Hypotheses 
 
This article reports findings in research conducted among care work staff. Our aim was to study 
the relationship between robot use self-efficacy and acceptance of both social and nonsocial 
assistive robots. We examined the relationship between robot use self-efficacy and acceptance 
of assistive robots as well as the changes that occur when other background variables selected 
in a research set are considered in the review. In addition, by including both robot use self-
efficacy and general self-efficacy in the research setup, our aim was to examine self-efficacy 
and acceptance of new technology in a broader sense.  

Our hypotheses are based on previous literature on different technological forms of 
self-efficacy (Agarwal et al., 2000; Hasan, 2006; Hsu & Chiu, 2004; Rahman et al., 2016) and 
the theory of self-efficacy (Bandura 1997, 1986, 1997, 2006). Our study provides new evidence 
on social and nonsocial assistive robots, which have not been previously studied in relation to 
the self-efficacy. We hypothesized: 

• H1. Robot use self-efficacy directly predicts acceptance of assistive robots  
• H2. General self-efficacy does not directly predict acceptance of assistive robots  
• H3. General self-efficacy predicts robot use self-efficacy 

 
 

Method 
 
Participants 
 
This study was conducted among care work staff in Finland. A representative sample of care 
work staff was collected via two major unions in October–November 2016: The Finnish Union 
of Practical Nurses and the Union of Health and Social Care Professionals in Finland. The 
respondents for both surveys were drawn from the union member registers and contacted via 
email. Voluntary participants then filled the survey online. The survey was administrated with 
Limesurvey software run in the University server. 

The first survey yielded a total response rate of 11.0%, and the second survey yielded 
a 9.0% response rate. In total, 3800 people responded to the surveys, but the analyses focus on 
those respondents who have had firsthand experience of assistive robots (n = 501). The 
participants were mostly female (94.6%) and were aged 17–70 (M = 46.50; SD = 11.30). 
 
 
Measures 
 
Acceptance of robots. This study included four different dependent variables. Each of the 
variables considered care workers’ experience of different robot type separately. Investigation 
involved acceptance of both social robots (humanoid, pet, and telepresence robots) and non-
social robots (lifting robot). Each of these robot types had a set of nine question measures that 
was applied from Heerink’s questions of functional and social acceptance (Heerink et al., 
2010).  Therefore, in this study user acceptance was studied via user experience which is a 
collection of nine different variables applied from Heerink’s study. All nine variables predict 
intention to use technology and the actual use of technology and they hence refer to positive 
user experience. For example, a question of perceived usefulness was formed as “I think the 
[robot] would be useful in my job” (See Appendix A for the English translations of all the nine 
statement questions).  

All dependent measures showed good inter-item consistency: Humanoid robots (a = 
.75), pet robots (a = .83), telepresence robots (a = .79), and lifting robots (a = .79), and as a 
composite variable, the measure had excellent reliability (a = .94). Questions of the dependent 
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variables were shown only for participants with experience of the robot in question. Less than 
10 percent of the participants had experience of some of these robots, which also affected the 
number of participants and thus the final sample size. 

Robot use self-efficacy. The main interest in analysis relies on the relation of robot use 
self-efficacy and acceptance of four different robots. This study used a validated robot use self-
efficacy in health work (RUSH-3) scale (Turja et al., 2017). It involved three questions: (a) I’m 
confident in my ability to learn how to use care robots if they were to become part of my unit, 
(b) I’m confident in my ability to learn simple programming of care robots if I were provided 
the necessary training, and (c) I’m confident in my ability to learn how to use care robots in 
order to guide others to do the same. This three-question measure had good reliability (a = 
.84). See Table 1 for exact details. 
 Socio-demographic background variables. Age (M = 46.50, SD = 11.30, range 17–70) 
and gender (94.6% female) were used as controls in the models. 
 Technology variables. Robot experience was asked with a question: “Which of the 
following devices that are called as a care robot will be familiar to you through practical work?” 
The care robots were: (a) telepresence robots (or mobile video callers), (b) humanoid robots 
(e.g., Zora), (c) pet robots (e.g., Paro), and (d) robots designed for lifting or moving human 
beings. The composite variable formed a 0–4 scale (M = 0.19, SD = 0.49). The robot types 
were the same as in the dependent variables. Interest of technology was asked with a question 
modified from Special Eurobarometer 382 (2012): ‘‘Are you very interested (3), moderately 
interested (2), or not at all interested (1) in technology and its developments?’’ (M = 2.07, SD 
= 0.49). 
 General self-efficacy. General efficacy was measured with the short form general 
efficacy scale (GSE-6; Rompel et al., 2013). It involved six questions: (a) If someone opposes 
me, I can find means and ways to get what I want; (b) it is easy for me to stick to my aims and 
accomplish my goals; (c) I am confident that I could deal efficiently with unexpected events; 
(d) thanks to my resourcefulness, I know how to handle unforeseen situations; (e) I can remain 
calm when facing difficulties because I can rely on my coping abilities; and (f) no matter what 
comes my way, I’m usually able to handle it. This six-question measure had high reliability (a 
= .81). See Table 1 for exact details. 
 
 
Statistical Analyses 

The analysis involved both descriptive statistics and ordinary least squares (OLS) 
regression models. The models were run separately for each robot type. Model 1 included only 
robot use self-efficacy, model 2 adjusted for gender and age, model 3 added robot experience 
and interest in technology and its development, and finally in model 4 general self-efficacy 
was added. All variables were introduced to the model in a specific order for enabling the 
examination of changes that occur when other background variables are considered in the 
review and to control the research model. All of the models were additionally tested for 
potential problems with multicollinearity and heteroscedasticity of residuals. We reported non-
standardized (B) and standardized (β) regression coefficients, standard errors, and p-values for 
statistical significance. A separate test on the interaction effect between self-efficacy variables 
was also conducted and reported. 

 
 

Results 
 
Table 1 shows descriptive statistics for the variables. The participants were mostly female 
(94.6%), and the average age was 46.50 years. The most well-known robot type among 
participants was the pet robot (n = 220), and the second-most well-known type was the 
humanoid robot (n = 104). Participants showed relatively high robot use self-efficacy (M = 
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4.19, SD = 0.77) and interest in technology and its development (M = 2.07, SD = 0.49) but low 
general self-efficacy (M = 2.63, SD = 0.91) and robot experience (M = 0.19, SD = 0.49). 
Furthermore, within correlation analysis, no significant correlation was found between general 
self-efficacy and robot use self-efficacy. 

Table 2 shows the results of linear regression between robot use self-efficacy and 
acceptance of humanoid robots. In Model 1, the results indicated that robot use self-efficacy 
significantly predicted acceptance of humanoid robots (β = .53, p < .001). In the third model, 
interest in technology and its development was found to predict acceptance of humanoid robots 
(β = .18, p < .05). In the last model, the connection between robot use self-efficacy and 
acceptance of humanoid robots moderately decreases but remains significant (β = .48, p < 
.001). Together, the variables explained 31% of the variance (R2 = .31, F = 8.60, p < .001). 

Table 3 shows the results of linear regression between robot use self-efficacy and 
acceptance of pet robot. In Model 1, the results indicated that robot use self-efficacy 
significantly predicted acceptance of pet robots (β = .33, p < .001). In the second model, the 
male gender was found to negatively predict acceptance of humanoid robots (β = -.15, p < .05). 
In the last model, the connection between robot use self-efficacy and acceptance of pet robots 
moderately strengthens and remains significant (β = .34, p < .001). Together, the variables 
explain 12% of the variance (R2 = .12, F = 6.01, p <. 001). 

Table 4 shows the results of linear regression between robot use self-efficacy and 
acceptance of lifting robots. In Model 1, the results indicated that robot use self-efficacy did 
not significantly predict acceptance of lifting robots. In other models, none of the variables 
predicted acceptance of lifting robots, either. Hence, this model was not able to explain the 
connection in question. 

Table 5 shows the results of linear regression between robot use self-efficacy and 
acceptance of telepresence robots. In Model 1, the results indicated that robot use self-efficacy 
significantly predicted acceptance of telepresence robots (β = .44, p < .001). In the third model, 
robot experience (β = .20, p < .05) and interest in technology and its development (β = .33, p 
< .01) were found to predict acceptance of telepresence robots. In the last model, the 
connection between robot use self-efficacy and acceptance of telepresence robots decreases but 
still remains significant (β = .27, p < .001). Together, the variables explain 30% of the variance 
(R2 = .30, F = 6.84, p <. 001). 

In all of the models, neither age nor general self-efficacy predicted any of the robot 
types studied. No interaction effect was found between robot use self-efficacy and general self-
efficacy, either (p > 0.05). 

 
 

Discussion 
 

This was the first study analyzing the association between robot use self-efficacy and 
acceptance of social and non-social assistive robots. Acceptance of robots was defined in this 
study as positive user experience that is related to both intention to use and actual use of robots. 
Our results showed that robot use self-efficacy was associated with acceptance of humanoid, 
pet, and telepresence social robots but not with lifting nonsocial robot. General self-efficacy 
was not associated with any of the four robot types. Additionally, no interaction effect was 
found between general self-efficacy and robot use self-efficacy. 

The results partially confirm the first hypothesis of the study: Robot use self-efficacy 
predicts the functional and social acceptance of humanoid, pet, and telepresence robots. The 
findings are in line with previous literature concerning task-specific self-efficacy and attitude 
toward the use of technology (Rahman et al., 2016), intention to use technology (Hasan, 2006), 
as well as the actual use of technology (Hsu & Chiu, 2004). Further, our results indicate that 
task-specific self-efficacy predicts different user experience related factors, such as attitudes 
(Hsu & Chiu, 2004), anxiety (Compeau & Higgins, 1995; Czaja et al., 2006), ease of use 



SELF-EFFICACY AND ACCEPTANCE OF ROBOTS 
 

8 

(Hasan, 2006; Hu et al., 2003; Igabria & Iivari, 1995; Venkatesh, 2000), and usefulness (Teo, 
2009) which have previously studied within technology context related self-efficacy. 

However, our study provided new evidence on robot use self-efficacy and user 
experience of assistive robots. That is, robot use self-efficacy is associated with acceptance of 
the assistive social robots studied but not with nonsocial robots. Among assistive social robots, 
the strongest connection was found between robot use self-efficacy and the functional and 
social acceptance of a humanoid robot. This finding seems interesting, as the appearance of 
humanoid robots are the most human-like among the robots studied. This perspective also 
provides new empirical understanding on acceptance of assistive robots. It partly fits also to 
the perspective where human-likeness of robots have been investigated (Arras & Cerqui, 2005; 
Gray & Wegner, 2012; Kätsyri, Förger, Mäkäräinen, Takala, 2015). Our results at least 
underline that the role of robot use self-efficacy becomes stronger as the social and human 
aspects of robots increase. One potential explanation could be that human-likeness in robots’ 
shape may indicate the kind of tasks a robot is able to do and thus, people feel more confident 
about handling and learning those skills eventually. Another way of looking at it is that robot 
use self-efficacy is not part of the acceptance phenomenon if the robot strongly resembles a 
machine. This finding might have practical importance when designing and implementing 
assistive robots. 

General self-efficacy was not associated with any of the four robot types. The results 
confirm our second hypothesis: General self-efficacy does not directly predict acceptance of 
assistive robots (Hasan, 2006; Hsu & Chiu, 2004; Rahman et al., 2016). Therefore, general 
self-efficacy was associated with neither assistive social robots nor non-social robots. 
However, it is also noteworthy that in previous research, there are mixed findings on the 
relationship between self-efficacy and technology usage behavior, as some studies have not 
found self-efficacy to have direct effect on intention to use technology (e.g., Heerink, 2010; 
Venkatesh et al., 2003). 

The results do not confirm our third hypothesis on association between general self-
efficacy and robot use self-efficacy. Furthermore, no interaction effect was found between 
general self-efficacy and robot use self-efficacy, and hence our study cannot fully confirm the 
effecting connection between these two variables. Overall, our findings underline the relevance 
of task-specific self-efficacy when researching acceptance of robots. The results show that the 
explanatory power of self-efficacy is better when it is tied to a specific matter such as the use 
of care robots (Bandura 2006). The benefits of task-specificity also include better measurement 
accuracy, as the respondents know what they are assessing in their own ability (Bong 2006). 

The development of robots has been rapid recently, but different technologies have 
been in use for a long time. Therefore, it can be assumed that technology-related self-efficacy 
has evolved as different technologies have been introduced and adopted. For these reasons we 
theoretically assumed that robot use self-efficacy has developed first before the acceptance of 
robot technology. The relation between robot use self-efficacy and other forms of technological 
self-efficacy should be studied in future. This could give us important contextual knowledge 
on usage of technology and robots in general. 

 
 
Limitations 
 
As a potential limitation, it is crucial to consider whether the results of general self-efficacy 
research can be paralleled with the general self-efficacy in technology context findings. 
Besides, interpreting self-efficacy measurements can also be challenging, as people may 
interpret self-efficacy assessments differently. In practice, we have limited possibilities to 
conclude whether the self-efficacy measurements are interpreted as assessments of one’s own 
ability (Bandura 1977, 1986, 1997, 2006) or motivation in a broader sense (Williams & 
Rhodes, 2014). On the other hand, as the data was limited to care workers in Finland, one 
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country offers a unified language region, which may reduce the possible conflict in concept 
interpretation. Our study was also limited by a cross-sectional research design and hence it is 
impossible to estimate the development of technological self-efficacy over time. Longitudinal 
studies noting how technological self-efficacy changes after the of new technologies would be 
important to conduct in the future. 

 
 

Conclusion 
 
Robot use self-efficacy predicted acceptance of humanoid, pet, and telepresence robots 
(assistive social robots), whereas general self-efficacy did not have an effect on any of the robot 
types studied. The results imply that the explanatory power of self-efficacy is better when it is 
tied to a technology-specific matter such as the use of care robots. Among assistive social 
robots, robot use self-efficacy had the strongest connection to the functional and social 
acceptance of humanoid robots. Our results underline that the role of robot use self-efficacy 
becomes stronger as the social and human aspects of robots increase. Future studies should 
continue investigating the functional and social acceptance of humanoid robots. These findings 
offer new insights for practitioners, professionals, and future research in acceptance and 
implementation of assistive robots. 
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Tables 

Table 1 
       

Descriptive Statistics for Variables 
            

Variables % n M SD Range n of items a 
Acceptance of humanoid 
robot  

104 28.99 5.39 17–42 9 .750 

Acceptance of pet robot  220 33.51 6.33 11–45 9 .831 
Acceptance of lifting 
robot  

93 32.01 5.19 13–44 9 .788 

Acceptance of 
telepresence robot  

84 29.00 5.71 9–42 9 .789 

Robot use self-efficacy  3377 4.19 0.77 1–5 3 .843 
Age  3700 46.50 11.30 17–70   

Gendera  3685 0.05 0.23 0–1 1  

     female 94.6 199      

     male 5.4 3486      

Robot experience  3476 0.19 0.49 0–4 4  

Interest in technology 
and its development  

3736 2.07 0.49 1–3 1  

General self-efficacy   3584 2.63 0.91 1–9 6 .814 
Note. aGender: 0 = female, 1 = male. 
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Table 2 
            

Summary of Regression Analysis for Variables, Humanoid Robot as a Dependent Variable (n = 104) 

    
Model 

    
Model 

    
Model 

    
Model   

1 2 3 4   
Variable B SE B β B SE B β B SE B β B SE (B) β 

Robot use self-
efficacy 4.60 0.73 0.53*** 4.86 0.74 0.56*** 4.17 0.77 0.48*** 4.15 0.78 0.48*** 

Age    0.04 0.040 0.08 0.02 0.04 0.05 0.03 0.04 0.06 
Gender    -2.60 1.83 -0.12 -2.30 1.79 -0.11 -2.28 1.80 -0.11 

Robot experience       0.69 0.60 0.10 0.70 0.60 0.10 

Interest in 
technology and its 
development 

      2.04 0.98 0.18* 2.02 0.99 0.18* 

General self-
efficacy 

         -0.19 0.59 -0.03 

R2  .27   .28   .32   .31  

F for change in R2 
 39.53   1.54   3.42   0.10  

  ***           *         

Note. Dependent variable: Humanoid robot 
*p < .05. **p < .01. ***p < .001 
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Table 3 
            

Summary of Regression Analysis for Variables, Pet Robot as a Dependent Variable (n = 220) 

    
Model 

    
Model 

    
Model 

    
Model   

1 2 3 4   
Variable B SE B β B SE B β B SE B β B SE (B) β 

Robot use self-
efficacy 2.94 0.58 0.33*** 3.10 0.57 0.35*** 3.00 0.61 0.34*** 3.01 0.61 0.34*** 

Age    0.04 0.034 0.08 0.04 0.04 0.08 0.04 0.04 0.07 
Gender    -3.87 1.63 -0.15* -4.03 1.67 -0.16* -3.85 1.68 -0.15* 

Robot experience       -0.03 0.71 0.00 -0.05 0.71 0.00 

Interest in 
technology and its 
development 

      0.50 0.87 0.04 0.45 0.87 0.04 

General self-
efficacy 

         0.58 0.47 0.08 

R2  .11   .13   .12   .12  

F for change in R2 
 26.18   3.76   0.17   1.54  

  ***     *               

Note. Dependent variable: Pet robot 
*p < .05. **p < .01. ***p < .001 

 
 
  



SELF-EFFICACY AND ACCEPTANCE OF ROBOTS 
 

16 

Table 4 
            

Summary of Regression Analysis for Variables, Lifting Robot as a Dependent Variable (n = 93) 

    
Model 

    
Model 

    
Model 

    
Model   

1 2 3 4   
Variable B SE B β B SE B β B SE B β B SE (B) β 

Robot use self-
efficacy 1.37 0.80 0.18 1.36 0.81 0.18 1.37 0.83 0.18 1.54 0.84 0.20 

Age    -0.03 0.04 -0.09 -0.03 0.04 -0.09 -0.03 0.04 -0.09 
Gender    -0.51 1.59 -0.04 -0.48 1.69 -0.03 -0.32 1.69 -0.02 

Robot experience       -0.03 0.84 0.00 -0.13 0.84 -0.02 

Interest in 
technology and its 
development 

      -0.07 1.16 -0.01 -0.27 1.17 -0.03 

General self-
efficacy 

         -0.83 0.65 -0.14 

R2  .02   .01   -.02   -.01  

F for change in R2 
 2.95   0.34   0.00   1.64  

                        

Note. Dependent variable: Lifting robot 
*p < .05. **p < .01. ***p < .001 
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Table 5 
            

Summary of Regression Analysis for Variables, Telepresence Robot as a Dependent Variable (n = 

84) 

    
Model 

    
Model 

    
Model 

    
Model   

1 2 3 4   
Variable B SE B β B SE B β B SE B β B SE (B) β 

Robot use self-
efficacy 3.32 0.76 0.44*** 3.39 0.80 0.44*** 2.07 0.81 0.27* 2.05 0.82 0.27* 

Age    0.05 0.06 0.08 0.01 0.06 0.02 0.01 0.06 0.01 
Gender    1.62 2.10 0.08 0.48 1.94 0.02 0.56 1.98 0.03 

Robot experience       1.49 0.70 0.20* 1.50 0.71 0.20* 

Interest in 
technology and its 
development 

      3.35 1.06 0.33** 3.38 1.07 0.33** 

General self-
efficacy 

         0.17 0.63 0.03 

R2  .18   .17   .31   .30  

F for change in R2 
 19.22   0.71   8.54   0.07  

  ***           ***         

Note. Dependent variable: Telepresence robot. 
*p < .05. **p < .01. ***p < .001 
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APPENDIX A 
English translation of the nine statements used in the four robot-specific dependent variables.  

 
1. I think it’s a good idea to use the [robot] (Attitude towards technology) 
2. I think the [robot] would be useful in my job (Perceived usefulness) 
3. I think I can use the [robot] without any help (Perceived ease of use) 
4. Working with the [robot] would be pleasant (Perceived enjoyment) 
5. I would not be worried about the safety of using the [robot] (Trust) 
6. I think the [robot] can be adapted to what I need (Perceived adaptivity) 
7. I know enough of the [robot] to make good use of it (Facilitating conditions) 
8. I would not be afraid to make mistakes with the [robot] (Anxiety) 
9. Pleasant/smooth interaction (Perceived sociability/operating friendliness)  

 
Response options:  5-point Likert scale from “totally disagree” to “totally agree”. 




