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Abstract
Robots are increasingly being used to assist with various tasks ranging from industrial manufacturing to welfare services.
This study analysed how robot acceptance at work (RAW) varies between individual and national attributes in EU 27. Eurobarometer surveys collected in 2012 (n = 26,751) and 2014 (n = 27,801) were used as data. Background factors also included
country-specific data drawn from the World Bank DataBank. The study is guided by the technology acceptance model and
change readiness perspective explaining robot acceptance in terms of individual and cultural attributes. Multilevel studies
analysing cultural differences in technological change are exceptionally rare. The multilevel analysis of RAW performed
herein accounted for individual and national factors using fixed and random intercepts in a nested data structure. Individuallevel factors explained RAW better than national-level factors. Particularly, personal experiences with robots at work or
elsewhere were associated with higher acceptance. At a national level, the technology orientation of the country explained
RAW better than the relative risk of jobs being automated. Despite the countries’ differences, personal characteristics and
experiences with robots are decisive for RAW. Experiences, however, are better enabled in countries open to innovations.
The findings are discussed in terms of possible mechanisms through which the technological orientation and social acceptance of robots may be related.
Keywords Change readiness · Europe · ICT exports · Multilevel analysis · Robot acceptance at work · Technology
acceptance

1 Introduction
For 60 years, industrial robots have gained traction in
assembly lines, from precise manufacturing to automotive
and food industries [1, p. 1]. Robots that are mechatronic,
reprogrammable, and often multidimensional devices are
increasingly utilised in various service tasks. In the European Union (EU), Germany stands out as the country with
the most industrial robots, although the frequency of service
robots is more widespread among European countries [2].
The most common forms of service robots are found in the
fields of agriculture, military, medical care, and logistics [3,
4]. However, no robust statistics are available for the number
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of service robots used in different domains of work. One
exception is the milking robot, which is the most common
type of service-work robot [4]. The leading EU countries in
milking-robot use are Finland, Sweden, and Germany [5].
A basic principle holds that automation offers its best
productivity gains when robots replace human work in
high-wage countries [6]. For some tasks, human labour is
replaced by automation, but technology is also seen as creating a new kind of work, especially in low-end and high-end
skills [7–10]. The skill-biased technical change hypothesis
considers that automation will lead to higher demands for
high-skilled jobs [7–9]. Indeed, studies show that automation
risk primarily concerns the low-skill and low-wage range of
work. In the service sector, this type of work includes, for
example, telemarketing [11]. Nevertheless, organisations
may be able to fully capitalise on emerging new technology
only if staff members are motivated and accepting of this
change. Social acceptance is essential, especially given that
social robots will be working alongside people in the same
space [12].
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Robot acceptance at work (RAW) is one of the thresholds
of current technological advancements. The U.S. National
Robotics Initiative [13] and Japan’s Robot Revolution Initiative [14] promote robot use in daily life, as well as higher
acceptance of both industrial and service robots. The EU has
also taken initiative and funded SPARC, the largest research
and innovation programme in civilian robotics in the world
[15]. However, do these policies manifest themselves in
terms of robotisation readiness in the population?
With no studies exploring national variation in robot
acceptance, cross-national comparative studies analysing
emerging technological change are currently needed. Due to
rapid robotisation in the service sectors, this kind of research
evidence is important in understanding the phenomenon
in different countries and could provide further necessary
information for policymakers, employers, and organisations.
Contributing to geographical and cultural discussions of
technology, this is the first multilevel study of robot acceptance across the EU population.
The technology acceptance model (TAM) and literature
on the readiness for change provide a foundation for explaining RAW with individual experiences and social norms. The
robot assistance in question does not segregate industrial and
service robots. However, this study is particularly relevant
in a time when robots are being increasingly implemented
in services. Working with and for people, robots must be
accepted by the staff before they can truly be considered as
a part of daily routines [16].

2 Background
The TAM seeks to understand how users both accept and
start to use technology [17]. It is grounded in the theory
of reasoned action (TRA), set out in Fishbein and Ajzen
[18], and its extension, the theory of planned behaviour
(TPB), found in Ajzen [19]. The TAM simulates the way
people behave based on their attitudes and intentions. The
first version of the TAM neglects the components of social
influence included in the TRA and TPB [17]. Subsequent
modifications to the TAM have since returned to the original
TRA and TPB by explaining perceived usefulness—not only
with individual but also social factors [20, 21]. The TAM
and its modifications have been widely used to predict the
perceived usefulness and usage intentions of technology by
individual factors, such as previous experiences and social
factors, including subjective norms [22].
Although the TAM focusses on technology itself, we need
to expand our analysis to change readiness given that robots
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are only just arriving to service fields of work. Readiness
for organisational change is defined as a mindset in which
the change itself and the new task demands are perceived
as agreeable [23]. On the verge of—for example, robotisation—people already have an idea of the benefits and risks
regarding the change [24].
The readiness for change is dependent on individual and
organisational factors. In addition, employees’ attitudes are
sometimes culturally dependent, as concluded by Ronen and
Shenkar [25], who clustered countries by attitudinal dimensions, such as technological development. Ronen and Shenkar [25] divided European countries into five clusters: Latin,
Germanic, Anglo, Near Eastern, and Nordic. In a wider
scope of value-based differences, Inglehart and Welzel [26]
divided Europe into three clusters: traditionally Catholic,
traditionally Protestant, and English-speaking countries.
Compared to the secular–rational EU countries, traditionally Catholic Mediterranean countries associate more with
conservative values [26] and even tend to value religion over
science [27, p. 32].

2.1 Individual Factors Related to RAW
In prior studies, younger generations, males, and people with
higher education have been shown to accept robots more
readily than others [28]. Parallel to those of higher education, higher-level employees are typically more open to technological changes in organisations [29].
User experience is also associated with robot acceptance.
Experimental studies have demonstrated that attitudes are
more positive after, relative to before, introducing a robot
to test subjects [30–32]. More broadly, people who have a
high competence in ICT (information and communication
technology) are also more likely to accept robot assistance
compared to those who are less competent in this area [33].
Again, the findings in technology acceptance are consistent with the literature in change management. As Schyns
summarises, early participation leads to higher readiness for
change [34].
There are a few special characteristics regarding robot
acceptance in a work context. Robots are viewed as more
acceptable in manufacturing than, say, healthcare work or
education [35]. However, regardless of the field of work,
implementing new technology demands organisational
changes and change management [36]. Using technologies
at work is typically mandatory, rather than voluntary, as it
is in a consumer context. As an example of this particularity of the work context, cultural norms are hypothesised as
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having a smaller role in work-related robot acceptance than
home-related robot acceptance [37].

2.2 Cultural Factors Related to RAW
Most technology acceptance and change readiness models
stress the importance of social influence. In the TAM, subjective norm refers to what is perceived to be the shared
opinion of the social environment. More specifically, shared
norms and changes in group dynamics are found to influence
technology resistance [38].
Cultural background has been associated with robot likeability, credibility, and trustworthiness [39, 40]. The perceived attributes of robots even vary between seemingly
similar European countries. For example, the Dutch are
more prone to anthropomorphism (i.e. humanising lifeless
objects) than Germans [28]. Meanwhile, we found no studies
that use technological readiness or orientation as a national
or other group-level attribute influencing robot acceptance.
Studies have primarily focussed on the characteristics that
determine acceptance at an individual level.
Given that technology acceptance is socially constructed
[12, 20, 21], it should be explained by the application of
individual and cultural predictors. Technological development within a country is one starting point for cross-national
comparison; it is indicated by different factors, including the
usage of technology and the level of ICT exports. In addition to individual experiences, national-level technological
experience (e.g. cellular phone rate) also predicts technology
acceptance [41, 42]. The level of ICT exports in particular
refers to high-end skill demands in work [11, 42].
The technological development of a country is also considered to predict robot acceptance and provide high-end
jobs [10, 21]. However, we view robot acceptance from the
perspective of occupational change and change readiness.
The culture that embraces technological changes may also
produce fear of employment—especially with low-end skill
tasks—because of the risk of job automation [43]. Hofstede’s concept of uncertainty avoidance indicates the degree
of tolerance for ambiguity and risk [44]. Uncertainty avoidance varies culturally and regulates, for example, the willingness to adopt new technology [45].
Prior cross-cultural studies seem to have concentrated
on the differences in individualistic thinking and behaviour.
Compared to Western countries, Asian cultures are seen as
more collectivistic, where goals and attitudes are shared
with some collectivism. Hence, people mostly conform to
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the norms of society [46]. However, studies on technology
acceptance contradict this assumption. In a meta-analysis
of the TAM, Schepers and Wetzels [47] compared Western
and non-Western studies, finding that subjective norms have
a larger impact on behavioural intention in individualistic
Western countries.

2.3 Hypotheses
In testing Brown and Venkatesh’s [37] assumption, we
hypothesised that individual factors play a more significant
role in RAW than national factors do.
H1 Age, gender, occupation, employment, Internet use, and
robot experience together predict RAW more significantly
than national technology orientation.
Next, we concentrated on national factors of technological orientation associated with RAW. Hypothesis 2 and 3 can
be perceived as being competitive with each other: Does the
population-level attitude towards robots depend more on the
country’s technological developmental history [10, 21, 25]
or predictions of work automation in the future [7–10, 43]?
H2 A higher level of technological development (ICT
export rate and cellular phone ratio) correlates positively
with RAW.
H3 Job automation risk rate correlates negatively with
RAW.

3 Methods
This study is based on the Special Eurobarometer “Public
attitudes towards robots” data, which were collected in two
separate years. Eurobarometers are polls administered by
the European Commission since 1974 and are funded by
the EU. The polls monitor EU citizens’ social and political views and account for phenomena such as robotisation.
Attitudes towards robots have been found to be relevant in
a time where robots are gradually developed for social, not
only industrial, environments and working communities.
Representative samples of populations aged 15 or over (ca.
1000/country) are collected, along with face-to-face interviews conducted at the participants’ homes in their mother
tongues. The sampling is based on a random selection of
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sampling points after stratification by the distribution of the
national and regional resident population [48]. Eurobarometer data sets are publicly available via different European
data archives.
To analyse the temporal variance, we combined data from
the 2012 (n = 26,751) and 2014 (n = 27,801) Eurobarometer
waves. Both surveys were structured as face-to-face interviews in EU countries. One country (Croatia) was excluded
from the analysis because it only had one measurement
point. The aggregate data (N = 53,543) of repeated crosssectional measures encompassed 27 countries.

3.1 Dependent Variable
RAW was measured by a question on how respondents felt
about “having a robot assist [them] at work (e.g. in manufacturing)”. The scale for the question ranged from 1 (totally
uncomfortable) to 10 (totally comfortable) (M = 6.24;
SD = 3.11). This was one of many questions concerning
robots in the 2012 and 2014 Eurobarometer surveys [49], yet
it was the only one concerning robots assisting the respondent in his or her own work. The intention to use technology
was previously measured with a single item [e.g. 50].
Pictures were shown to respondents: first, a food-processing industrial robot gripper and, second, a drink-serving
Care-o-Bot 3 robot (see “Appendix A”). The order of the
pictures was not randomised because they were both presented prior to the questions concerning robot assistance.
The definition of robots was also used to prime the questions
after the example pictures:
A robot is defined as a machine which can assist
humans in everyday tasks without constant guidance
or instruction, e.g. as a kind of co-worker helping on
the factory floor or as a robot cleaner, or in activities
which may be dangerous for humans, like search and
rescue in disasters. Robots can come in many shapes
or sizes and some may be of human appearance. Traditional kitchen appliances, such as a blender or a coffee
maker, are not considered as robots.

3.2 Independent Variables
Individual-level variables included gender (54.4% female),
age (M = 49.59; SD = 18.15), full-time education completion age (Mo = 18), dichotomous employment status (50.9%
not working at the time of the study), dichotomous frequent Internet use at work (24.4% used daily), dichotomous
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experience with robots at work (5.6% used a robot), and
experience with robots elsewhere (sum variable 0–2 where
0 = no experience, 1 = used a robot in one other context,
2 = used a robot in two other contexts; Mo = 0; M = 0.07;
SD = 0.27). The dichotomisation of the employment status
was rationalised for the topic of the study: 30.8% of the
respondents were retired (6.3% before age 65), 8.4% were
unemployed, 7.1% were students, and 6.8% were homemakers. Internet use at work and experiences with robots were
dichotomised because of the unequal distribution of the
responses.
National-level variables drawn from the World Development Indicators database [51] included cellular phone
ratio, referring to subscriptions per 100 people (range
96.3–160.7%), and ICT exports, referring to the percentage of exported ICT goods relative to total exported goods
(range 1.1–12.7%). ICT exports consisted of computers and
peripheral equipment, communication equipment, consumer
electronic equipment, electronic components, and miscellaneous information and technology goods. National-level
variables also included job-automation risk rate [11], referring to the amount of jobs at risk of being automated in the
country (range 46.7–61.9%). Some national-level variables
of interest were excluded from the final model because of
their lack of explanatory power. Regarding technological
orientation, these included ICT import rate and the intensity
rate of research and development. Regarding general indicators, the excluded variables were unemployment rate and
gross domestic product.

3.3 Statistical Analyses
To analyse the variance components in acceptance of RAW,
we applied a multilevel model to the data (Stata 12.1) and
examined explanatory variables at a fixed individual and
fixed national level. Random effects control for country and
time, which are also seen as possible explanatory variables
but are random in the sense that they have several more possible levels than what is sampled in the random collection
at hand.
Multilevel modelling is an extension of the standard
multiple regression analysis. Here, it accounts for correlated responses at levels where dependencies of observations (individual level) or clustering effects (national level)
occur. The rationale for using multilevel modelling is the
assumption that data nested within a group tend to be more
alike than data from individuals selected at random. Eurobarometer statistics for robot acceptance have not been
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combined with national statistics before this study. In this
multilevel design, individual-level phenomena are nested
within countries. The analysis progresses in three linear
regression models.
The preliminary results are reported as percentages,
ranges, modes (Mo), means (M), standard deviations (SD),
and coefficients of variance between groups (F). Before conducting the multilevel analysis, the data were weighted with
the coefficient “W22 Weight EU-27” to adjust each national
sample in proportion to its share of the total population. The
multilevel analysis is reported as unstandardised regression
coefficients (b) and their standard errors (SE). The model fit
is reported as the log likelihood and Wald C
 hi2 test statistics.
Also, the coefficients of determination (R2) and Cohen’s d
effect sizes for linear models (d) were calculated as post hoc
power analyses to the final model. Effect sizes are used in
addition to p values to calculate a proportion of variability
explained, independent of sample size. Also, to indicate the
within-group correlation in the nested data, we report the
intraclass correlation (ICC).

4 Results
More than 86% of the respondents reported that they had not
used a robot in any context, and 12.5% had used a robot in
some context and 0.9% in more than one context. About 6%
of the respondents had used a robot at work. This proportion has remained roughly the same between the years 2012
and 2014.
Evaluations of RAW were slightly positive in both of the
measurement points (2012: M = 6.30; Mo =10; SD = 3.07 and
2014: M = 6.19; Mo = 10; SD = 3.16). Although the average
level of RAW was somewhat decreased over time, the difference was not significant. Means by country and year are
in “Appendix B”. In 2014, the most positive views were
reported in Sweden, Estonia, Denmark, and Poland, with
the most negative views in Romania, Cyprus, Portugal, and
Greece.
The variance analysis indicated the average RAW scores
differing between countries (F(20) = 166.58; p < .001). Less
variance was found for the two time points (F(1) = 8.03;
p < .005), but an interaction between country and time
was highly significant (F(20) = 3.76; p < .001). However, a

Table 1  Multilevel analysis of RAW, linear regression

Robot acceptance at work (RAW)
Fixed effectsa
National-level effects
ICT exports
Cellular-phone ratio
Job-automatisation risk
Individual-level effects
Gender (female)
Age
Years of education
Employed
Daily Internet use at work
Robot experience at work
Robot experience elsewhere
Constant
Random intercept effects
National-level SD
Time-level SD
SD (residual)
Log likelihood
Wald chi2
a

Model 1
National level

Model 2
Individual level

Model 3
Individual level & nationallevel

(n = 49,900)

(n = 50,143)

(n = 49,204)

b

SE b

.108***
.020**
− .113**

.022
.007
.038

8.334***

2.110

.604
.194
2.910
133,925.41
63.19***

.080
.064
.041

b

SE b

b

SE b

R2

.104***
.017**
− .088*

.019
.007
.037

.027
.013
.021

− .617***
− .004
.177***
− .244***
.396***
1.195***
.523***
6.266***

.088
.003
.015
.067
.098
.125
.122
.236

− .617***
− .004
.177***
− .244***
.395***
1.194***
.523***
8.213***

.088
.003
.015
.067
.099
.125
.123
2.059

.818
.209
2.807
123,178.80
987.48***

.121
.065
.032

.521
.210
2.806
123,056
1089.02***

.080
.065
.032

d

.008
.059

.005

.220

.123
.316
.518

Data weighted by EU-27, providing adjustments for each national sample in proportion to its share in the total EU population aged 15 and over

*p < .05; **p < .01; ***p < .001
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Tukey’s test did not produce any robust groups of countries
sharing similar variations in RAW.
A multilevel analysis was employed to analyse RAW at
the individual and national levels. Due to the satisfactory
national-level differences (ICC = .08) but ambiguous results
in grouping and comparing the countries, we employed
multilevel models with country and time added as random
effects (Table 1). To the first model, we added national-level
fixed effects; to the second model, we added individual-level
fixed effects. The third model consisted of national- and
individual-level effects.
In the third model, the most variance in RAW was captured by individual-level factors (H1). More acceptance
was found in males (b = − .617) who had studied longer
(b = .177), were not employed (b = − .244), and had personal experience with robots at work (b = 1.194) or elsewhere (b = .523). Average RAW scores were significantly
different between those who had robot experience at work
and those who did not. The 6% who had used a robot at work
had almost 1.2 points more positive assessments of RAW.
Effect size (d = .518) indicates the linear difference between
the two groups as more than half the standard deviation. The
respondents who were employed and used the Internet daily
for work also had higher RAW than those who did not use
the Internet daily (b = − .395).
At the national level, more acceptance was found in
countries with higher levels of ICT exports (b = .104), more
cellular phones per capita (b = .017) (H2), and lower jobautomation risk (b = − .088) (H3).
The individual and national variance components are the
differences in averages on the outcomes across countries and
time. In addition, the random part of the model showed considerably more variance between the countries than between
the 2 years of measured RAW.

5 Discussion
In the first multilevel analysis of robot acceptance, we studied the variance of RAW regarding individual and national
attributes in the European population. Based on the TAM
[20, 21], we expected to find differences, first, among individuals and, second, between country-level technological
orientation and job-automation risk rate.
Supporting our first hypothesis and Brown and Venkatesh’s [37] study, the individual-level differences
accounted for more variance than national-level differences. Those who had used a robot at work felt significantly
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more comfortable with robot assistance at work, which
supports the experimental findings that the introduction of
robots leads to better robot acceptance [30–32]. Also, male
respondents and those with longer education were more
prone to accept robots at work, which matches the findings
of past research [28]. However, respondents who were not
employed at the time of the study reported a higher level
of RAW. This is mostly attributable to the more positive
attitudes of students and retired people compared to those
employed. As a result, age, at least to some extent, did not
significantly explain acceptance in the linear models.
The connection between RAW and technological orientation stems from the data due to diverse factors. At the individual level, those who reported using the Internet daily at
work had a higher level of RAW, which is somewhat in line
with Katz and Halpern’s finding that ICT-competent people
are more accepting of robots [33]. The finding is supported
by the national-level result of higher RAW in countries with
a larger cellular phone ratio. This result supports our hypothesis and can be interpreted as technological readiness in the
country being linked to more positive views of robots.
Our study contributes to robot acceptance discussions by
introducing a model that includes national variation. The
best national explanatory variable was the ICT export rate,
which indicates technological development and the level
of high-end skilled work within a country. In line with our
hypothesis, a higher proportion of ICT goods out of the total
exports predicted higher RAW. Also in support of the third
hypothesis, lower job-automation risk in a country predicted
higher RAW. These results imply that acceptance depends
not only on perceived opportunities in high-end skilled work
but also perceived opportunities in low-end, skilled, easily
automated work.
Unexpectedly, the attitude towards robots was higher in
countries with both technological advances and at a lower
risk for future work automation. Cellular phone frequency
and high-technology exports refer to the near history of the
countries’ technological orientation. On the other hand,
the risk of jobs being replaced by automation refers to the
future. Although technological orientation associates positively with RAW, views regarding an automated future have
an opposite effect on robot acceptance. RAW was lower in
countries facing more automation. Nevertheless, the national
orientation in manufacturing and using high technology
seems to increase RAW more than the risk of jobs being
automated reduces it. Technological development enables a
generally optimistic attitude towards robotisation, whereas
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a risk for automatised production is actually a risk for some
and an opportunity for others.
As Bartneck et al. [39] and Li et al. [40] have shown, there
are cultural differences in robot acceptance. We strived to
deepen the knowledge of cultural variability by conducting a
multilevel analysis. Differences between EU countries in our
data can be considered, first, as a result of the dissimilarities in robot frequency or implementation areas. However,
the mechanism of experience leading to acceptance is far
from straightforward, for the population in some of the most
robotised EU countries (i.e. Germany and Finland) do not
appear to be the most accepting of robots. Second, cultures
vary in terms of how people are prone to experiencing social
robots when it comes to enjoyment, anthropomorphism, and
perceived behavioural control [28]. This discussion usually
touches upon the differences between Western and Asian
cultures [40, 47], but even a smaller scale divergence can
make a difference [28], as was the case for our European
data. Third, we can look at the variation between countries
as an outcome of the national media discourse centring on
more positive or negative headlines (e.g. addressing robots
and work-related changes). Additionally, the emphasis and
possible changes in media discourse offer one possible
explanation for the temporal changes within countries.
Comparing the 2 years of data, the evaluations of RAW
did not change on average, although there were significant
“two-year trends” within countries towards both positive and
negative attitudes. The highest upward trends were found
in Luxembourg and Austria. The highest downward trends
were in the Slovak Republic and Finland. In Luxembourg
and Austria, the proportion of the highest paid occupations
increased between 2011 and 2013, whereas this proportion
decreased in Finland [52]. Hence, in the countries where the
average attitude changed the most in a positive direction,
work opportunities in high-wage jobs increased. This adds to
the association of higher RAW in countries with higher ICT
exports, indicating more perceived opportunities at high-end
skilled work.
The average levels of RAW in the combined data suggest
that the acceptance of robots will be slower in Mediterranean
countries compared to other EU countries. The most positive views on RAW came mainly from Northern and Eastern
European countries, with the most negative coming from
Southern Europe. Of these most rejecting countries, Cyprus,
Portugal, Malta, Greece, Italy, and Spain are categorised
as traditionally Catholic Mediterranean countries [26] that
embody a conservative culture with persistent traditions and
ideals that are passed on from one generation to the next [11,
32, 53, 54].
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This cultural conventionality may manifest as resistance
to new technology in work contexts. However, the differences in RAW are not simply explainable by the rate of
technology adoption in countries and in workplaces [42].
Likewise, they are not explainable by a country’s profiles in
individuality, hierarchicality, uncertainty avoidance [44, 55],
or even technological similarity [56].
Nevertheless, the division between Mediterranean countries and others, especially Northern and Eastern European
countries, is also reflected in ICT export statistics. Estonia,
Hungary, the Netherlands, Poland, and Sweden have the
highest ICT export rates in the EU. The mixed profiles of
the top five ICT exporters include relatively strong innovator countries, namely Estonia, the Netherlands, and Sweden [57], but also Hungary and Poland, where their high
ICT export rates mostly consist of subcontracting electrical
equipment [58, p. 18). Therefore, we suggest that the mixed
country profile regarding both higher RAW and higher ICT
exports is a combination of high-skill work centred in ICTinnovating countries and low-skill work centred in countries
that benefit from cooperation with ICT-innovating countries.
In a theoretical sense, we claim that Europe is roughly
divided between conventional and innovative countries.
Innovativeness can refer either to active product development or to investments in robotising production lines.
Economic globalisation and the free movement of workers
inside the EU will undoubtedly mix conventional and innovative cultures together. From the viewpoint of a multinational company choosing destinations for implementing new
and robotised operations, they may look to countries that
are proven to have high robot acceptance and an innovative stance on the renewal of work. Nevertheless, it is as
much about considering the cultural differences inside a
country and inside a workplace for the various cultures to
work together. In a practical sense, this means, for example,
different approaches in orienting new employees from various cultures.
Regardless of the large and representative statistics used,
some data shortages still persist. Eurobarometer surveys
only provide population-based samples with no possibility
for singling out specific occupational groups. Also, due to
the limitations of Eurobarometer data, value-based motives
behind robot acceptance were approachable only in the
national-level discussion.
Our study has a hypothetical bias because a minority
of the respondents have personally used a robot. However,
the lack of experience does not take away from the aim of
measuring readiness for robotisation [24]. Although most
respondents had to imagine a robot and a concomitant
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reaction to said robot, the variance of imagination was
minimised by the questionnaire’s inclusion of a definition
and illustrations of robots. Yet, the study designs aimed at
maximising the coefficients of determination would need to
consider the robots’ attributes as well as the people using
them [59]. Also, video examples of robots would have been
more explanatory than the pictures used.

6 Conclusions
We found that accepting robots as assistants at work is
mainly associated with individual experiences. However,
national-level attributes related to a country’s history of
manufacturing high technology goods especially contributed to the total variance. The correlation between RAW
and national-level factors leads to the conclusion that
social norms further regulate robot acceptance. Here, our
study offers a novel aspect to the one-level discussions
mostly focussed on the individual factors explaining robot
acceptance.
The distribution of RAW did not strictly follow prior
models of country differences. Instead, robot acceptance
seems to follow a novel divide between conventional countries and innovative countries of either their own product
development or production robotisation. Our study implies
that robotisation brings challenges depending on the technological developments in each country. In a robotising
world, work opportunities may actually decrease in cultures
less open to the renewal of work. This will only further the
already existent divide between the innovative and noninnovative European countries.
Although the explanatory power at the national level was
found to be lower than at the individual level, the results support the multilevel examinations of the nested data. Future
studies should investigate how RAW varies between different organisations and groups of professionals.
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Robot acceptance at work (RAW) in terms of country and year means
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