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Abstract
Robots have been employed in the industrial sectors for over half a century; however, their appearance in the domestic sphere
is a modern phenomenon, occurring in just the last decade. These so-called social robots are carrying out a variety of tasks
traditionally carried out by humans, and in contexts in which they must interact with human beings. These kinds of social
robots are now being used in the welfare services, providing assistive services and companionship for the infirm or elderly, and
even children. Thus, the use of social robots in everyday life has triggered an animated debate about the acceptance of these
devices by their end users. In this paper, multilevel analysis is applied using data from the Eurobarometer survey (sample
size 27,901, covering 28 countries) to investigate how socio-demographic characteristics and country-level indicators of
technological and economic development (the rate of high-technology manufactured exports, the cellular phone subscriptions
rate and GDP) influence how robots are accepted in the realm of the social services. The results show that only individual
(socio-demographic) and technology acceptance model (TAM) factors influence attitudes towards social robots. The effects
of the contextual variables considered were not statistically strong enough to explain the attitudes towards social robots for
social services.

Keywords Social robot · Social assistance · Europe · Multilevel analysis

1 Introduction

Over recent years, we have witnessed an increase in the
application of technology in all areas of daily life, and one
of the most relevant changes concerns the development of
robotic technologies for everyday life activities. Robots are
increasingly being used in the healthcare sector (e.g. medical
devices) [1, 2], and their appearance is also expanding in the
entertainment sector (e.g. toys) [3] as well as in the domes-
tic sphere [4–7], where they are used to perform housework
tasks, and even social assistance for the elderly or children
[8, 9].

The development (or “evolution”) of robots has many
implications for a number of social dimensions, such as wel-
fare policies [10, 11] and legislation [12, 13], as well as
from an ethical standpoint [14, 15]. Their introduction into
the welfare and healthcare services has necessitated many
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new scientific studies, such as those investigating people’s
attitudes towards robots [17–19]. Trying to anticipate how
peoplemay react to new technologies is fundamental because
it advances the debate on the issues that concern the potential
replacement of human workers with robots [20]. Such data
is useful for professional figures, such as policymakers, leg-
islators, programmers, IT experts and those responsible for
developing IT education programmes [17], aswell as advanc-
ing sociological knowledge that aims to help people enhance
their health and quality of life.

In summary, this study confirms the impact of certain
socio-demographic features, such as gender and living area,
on attitudes towards social robots. The extent to which indi-
viduals use the internet—a dimension not considered in
previous studies—also appears to be correlatewithmore pos-
itive attitudes towards robots. The strong and weak aspects
of this research and issues to be addressed by future research
are discussed.

123

http://crossmark.crossref.org/dialog/?doi=10.1007/s12369-021-00831-4&domain=pdf
http://orcid.org/0000-0001-7200-8595


International Journal of Social Robotics

2 Background

Over the last decade, a transition in robot use has occurred.
Robots are no longer confined to the industrial sector, but
have become commonplace in the field of medical surgi-
cal devices, and they are also expanding into the domestic
sphere and social services [4–6]. Indeed, robots are increas-
ingly found providing social assistance (i.e. companionships)
in hospitals, home contexts or other settings for the elderly,
disabled or even children [8, 9]. Although the transition of
a robotic device from the industrial into the social sphere
might be considered a normal consequence of technological
development, the implications of such a transition are highly
relevant, not only in terms of legislation [12, 13] and wel-
fare policies [10], but also from the ethical standpoint [15].
This is because the transformation in question necessitates
that people interact with non-human beings, or are exposed
to interactions between non-human beings.

Robots have a long tradition of being used in the industrial
andmilitary sectors; these sectors are typically circumscribed
in that the actions performed by robots are highly formal-
ized, according to certain task rules, and access to the robots
is generally restricted to the individuals (factory workers
and military personnel) directly involved in those activi-
ties [4, 6, 21]. From a sociological point of view, robots
were introduced into manufacturing for three different rea-
sons: (1) to advance the quality of the assembly process; (2)
to guarantee the regularity of the production process; and
(3) to perform the most dangerous tasks and reduce risk
exposure to humans [6]. In the industrial/military context,
actions are highly formalized, meaning that human work-
ers and robots must perform specific tasks. Although trade
unions and labour movements that aimed to defend employ-
ers’ rights fought against the introduction of robots into the
workplace, robots are now commonplace in numerous indus-
trial sectors [4, 6], and indeed outnumber human employees
in some manufacturing settings.

Progress in technology, and an increase in the application
of artificial intelligence (AI), has transformed robot shapes
and functions, even mimicking biological forms, generating
robots increasingly able to interact and communicate with
other autonomous physical agents that abide by human social
rules, as well as humans themselves [22]. Robots that com-
bine technical aspects with social aspects are the so-called
social robots [23] or socially assistive robots [24]. In other
words, to be social, a robot needs to be endowed with social
functions that allow it to interact according to the context,
and it must have a form that explicitly allows it to be social,
independent of the end user. Furthermore, these robots must
not pose a danger to humans. Assuming this perspective,
social robots can be defined as: “… embodied agents that are
part of a heterogeneous group: a society of robots or humans.
They are able to recognize each other and engage in social

interaction. They possess histories (perceive and interpret the
world in terms of their own experience), and they explicitly
communicate with and learn from interaction” [25], p. 1482].

With the introduction of robots into the domestic sphere
of everyday life—or the reproduction sphere, as defined by
Fortunati [22], but see also Fortunati, Esposito et al. [4] and
Taipale et al. [6]—social robots have started to operate in
an environment that is much less formalized than that of the
industrial or surgical sector. They have to carry out tasks,
such as providing companionship, assisting elderly or dis-
abled people—work that is usually performed by women
and is low paid [4], and within a context where no organized
social movements exist that fight to defend the interests and
rights of those who will be exposed to the robots, i.e. the end
consumers of these engineered products. Indeed, we might
say that social robots are being required to simulate human
beings [26].

There are many examples in the literature of the use of
social robots for performing clinical procedures, thus in the
field of medical services (for reviews on this topic see: Chen
et al. [11]; Leite et al. [27]; Wang et al. [28]), whereas little
research has been made into the use of social robots in the
social services, such as for the provision of companionship.
This division in social robot functions between the medical
and social spheres reflects two very different types of appli-
cation, as underlined by Coghlan [29]: functional care (e.g.
monitoring physiology, diagnosing and lifting), and affective
care (e.g. comforting, bringing enjoyment to isolated people
and stimulating emotions). An example of the latter is Sony’s
robot dog AIBO, which can be used in care setting as well
as at home for people in need of companionship [29].

The adaptation of the robot for social or affective care has
given rise to new scientific questions, not only from the tech-
nological perspective, but also froma sociological viewpoint;
examples include: what are people’s attitudes towards affec-
tive robots, andwhat are the individual and social dimensions
that determine acceptance towards social or assistive robots?
To form hypotheses on the potential consequences of their
introduction, and to provide data useful for those responsi-
ble for developing IT education programmes and policies
regarding robot use (policymakers, programmers, IT experts
and educators), it is of great importance that we first attempt
to answer these questions.

One of the most applied theoretical models used to iden-
tify the factors that predict people’s motivations for adopting
new technologies is the technology acceptancemodel (TAM)
[30]. Grounded in the theory of reasoned action (TRA) [31]
and in the theory of planned behaviour (TPB) [32], TAMwas
originally used to assess the general acceptance of comput-
ers, but since the rapid expansion of other novel technologies,
many researchers continue to turn to this model to explain
the human acceptance of these innovative tools. Furthermore,
the number of the predictive variables included in the TAM
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model has grown over time. The key indicators applied in
the original model included: perceived usefulness (PU), and
perceived ease of use (PEOU) [33]; whereas, examples of
those added later on include: compatibility, privacy, nor-
mative beliefs, and self- efficacy used to explain consumer
intention to use on-line shopping [34], trust in technology
used to predict people’s intention to use smart-city services
[35], and anxiety or technophobia with regard to predicting
the public perception of AI/robot-related technologies [33].
TAMwas further expanded recently by adding variables that
concern the contextual level [33].

2.1 Attitudes towards Robots in Europe

The Eurobarometer surveys provide the main source of data
on people’s attitudes towards robots inEurope. These surveys
have been monitoring the acceptance of robots for perform-
ing certain tasks in various fields of application since the
2012.

Taipale et al. [6], using data from the Special Eurobarom-
eter 382, pertaining to the year 2012, and applying ordinal
logistic regression, investigated the socio-demographic pro-
files of European citizens already exposed to robots in social
scenarios. From their analysis it emerged that “large cities
seem to be the most favourable places for the introduction of
robots into the health and care sectors. While in villages and
smaller towns attitudes towards the care and health services
seem to be still family and community oriented, in the large
cities people are used to relying more on external or techno-
logical aid” [6], p. 22]. Furthermore, the results showed that
pensioners are not reluctant to use robots in the sphere of
domestic life, but a concern does persist regarding reduced
human contact; however, this result may was probably due
to the misrepresentation of robots, which were seen as sub-
stitutes for human beings.

Moreover, Hudson et al. [18] analyzed people’s attitudes
towards robots used in caring for the elderly. What the
researchers found is that, compared with young people, the
elderly were more hostile towards the use of robots. Women
supported the use social robots less than men, and those who
live in larger town and cities expressed more confident atti-
tudes towards robots compared with those from villages and
small towns. Although the analyses carried out by Taipale
and colleagues [6] and by Hudson et al. [18] are two of the
few explicative analyses to assess robot acceptance, they did
not consider the role of context [36].

The importance of including the effect of context in the
analysis of the acceptability of robots has been underlined
Katz et al. [37]. In their analysis of human–robot interac-
tions, they highlighted that the cultural differences between
groups are relevant for robot acceptance. The same conclu-
sion was drawn by Li et al. [38], who stated “we observed
significant interaction between culture and robot task and

tend to conclude that when the tasks are mainly differen-
tiated by the robot’s utterances, people from a low-context
culture aremore influenced in the emergent scale than people
from a high-context culture are” [33], p. 184].

The environmental effect was, however, considered by:
Turja and Oksanen [39], who focussed more on attitudes
towards robots in the workplace; Gnambs and Appel [17],1

who also contemplated how attitudes towards robots have
changed over the years in the 28 EU countries; and Vu and
Lim [33], who studied the effects of individual and coun-
try factors on public acceptance of artificial intelligence and
robotic technologies.

Turja and Oksanen [39] explored the concept of robot
acceptance at work, applying TAM in a cross-national com-
parison study. They used amultilevel method that also allows
the context effect to be considered in the analysis. The main
results obtained at the individual level were that more robot
acceptance is shown by males, highly educated people, the
unemployed and citizens with previous experience of robots;
at the country level, robot acceptance was more diffuse in
nations with a high level of IT (information and technology)
exports, a high diffusion of cellular phones and a low risk
of job-automation. In conclusion, as stated by the authors,
the national-level attribute contributes to the explanation of
the total variance. However, it is important to remember that
in the Turja and Oksanen [39] study, the context considered
regarded the acceptance of robot assistance in a manufactur-
ing context.

Gnambs and Appel [17], using Eurobarometer data from
three different years (2012, 2014 and 2017), applied a
multilevel analysis to investigate changes in attitudes over
time, as well as individual- and country-level differences.
The individual features they considered were: gender, age,
years of education and employment; whereas the country
characteristics they considered were: percentage of older cit-
izens, unemployment rate, percentage of technology export,
research investment and geographical latitude and longi-
tude. The focus of their research was more on the general
appraisal of robots, measured as a positive or negative view
of robots in combination with the following two statements:
robots are good for society; and robots are needed to do
jobs that are hard for people to do. In line with previous
studies, Gnambs and Appel [17] found that men—who are
more likely to have a higher education level than wom-
en—have more favourable attitudes towards social robots
compared with woman. With regard to employment condi-
tions, Gnambs and Appel [17] distinguished between white-
and blue-collar workers and the unemployment, and they
discovered that white collar workers were associated with
slightly more positive attitudes towards robots than blue
collar workers and the unemployed. In contrast with other

1 See also Gnambs [40].
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studies (e.g. Hudson et al. [18]), they found age to have
a negligible impact on the evaluation of robots. Regarding
contextual variables, the authors identified that societies char-
acterized by a high proportion of elderly people were more
inclined to have positive attitudes towards robots, higher
unemployment rates corresponded with a very low level
of positive attitudes towards robots, and northern countries
showed significantly more positive attitudes towards robots
than countries located in the south. Although the authors
also considered task-specific attitudes towards robots, which
included helping the elderly and infirm, they did not offer
any in-depth discussion on this specific topic—for example,
by considering the effect of national context—leaving this
area as yet unexplored.

Vu and Lim [33], using Eurobarometer 87.1 data, inves-
tigated the factors influencing public attitudes towards the
acceptance of AI/robots. The three latent variables—dig-
ital technology efficacy, perceived threat of general job
loss and usefulness—and the single-question variable, prior
knowledge of AI (but these two lasts were excluded in
the final model, as some demographics variable), constitute
the individual-level factors that were combined with three
national level variables—innovation, government effective-
ness and GDP per capital—in a multilevel SEM analysis.
The results, in addition to proving the relevance of individual
factors in shaping public attitudes towards AI/robotics, sup-
port that TAM should include the technophobia dimension
in addition to the two traditional variables (perceived useful-
ness and perceived ease of use). In fact, the perceived threat
of general job loss was found to have a significant negative
impact on the acceptance of AI/robots, while digital tech-
nology efficacy positively impacts the attitudes towards of
AI/robots. At the country level, however, it emerged that the
techno-socio environment has not had any direct significant
impact on the acceptance of AI/robots.

2.2 Research Hypotheses

To date, social research into robots has mostly investigated
attitudes towards robots in general and addressed people’s
concerns about their use in the workplace. The use of
robots for performing specific social tasks, such as provid-
ing companionship, has received much less attention; thus,
considering their growing role in this domain, it is crucial
that we advance our knowledge about the factors at both the
individual and contextual levels that may influence people’s
attitudes towards social robots for social services.

To address this gap in the literature, I applied the TAM
approach, as proposed byVu andLim [33], which takesmany
more socio-demographic (i.e. individual) features, not previ-
ously considered in the past literature, into consideration. In
addition to the individual variables traditionally considered,
such as gender, age, education and area of living, this analy-

sis also included family condition, the number of children in
the family and social class to investigate whether these fea-
tures influence people’s attitudes towards robots for social
services.

Based on our current knowledge of robot acceptance, I
propose the following hypotheses:

H1 Perceptions about the use of robots in the social services
vary between different European countries (as suggested by
previous studies considering both individual and contextual
level variables).

H2 (Hypotheses concerning individual-level predictors)
older women with a low education level and living in rural
areas are less likely to have a positive attitude towards social
robots, whereas belonging to a higher social class could pos-
itively influence robot perceptions (H2a). A high number of
the children in the family may negatively influence attitudes
towards social robots, while being a worker may positively
affect the dependent variable (H2b). Moreover, I postulate
that technical knowledge (such as knowledge about artificial
intelligence) in individuals and the two TAMpredictors (dig-
ital technology efficacy and perceived usefulness) positively
influence attitudes towards robots, whereas the perceived
threat of general job loss is likely to impact attitudes in a
negative manner (H2c). Finally, I hypothesize that people
who use the internet frequently are more likely to express
positive opinions about robots (H2d).

H3 Since the level of AI knowledge varies between coun-
tries, I postulate that the effect of AI knowledge on attitudes
towards social robots is stronger in some countries than in
others.

H4 Although the rate of high-technology exports (an indica-
tor of a country’s technological development) was previously
found to have a discordant effect on attitudes towards social
robots [17, 39], I postulate that a high level of technological
development, a high cellular phone subscription rate, and a
high level of economic development are likely to correlate
positively with attitudes towards social robots.

H5 Finally, the relationship between attitudes towards social
robots and AI knowledge may vary as a function of (or, be
moderated by) the degree of technological development of
the country.

3 Data andMethods

3.1 Data

The data used in this analysis come from the Eurobarometer
surveys. The surveys were founded by the EU and are admin-
istered by the European Commission. The Eurobarometer
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data are collected by means of face-to-face interviews at the
respondents’ homes and they are conducted in the mother-
tongue language of the participants. Each survey involves
approximately 1000 interviews per country of the popula-
tion aged 15 years or over. Sampling involves the random
selection of a sampling point after stratification according to
the distribution of the national and regional population. The
Eurobarometer database is an open source, and data can be
downloaded from the various European data archives (e.g.
GESIS—Leibniz-Institute for the Social Sciences2 and EU
Open Data Portal3).

Three different Eurobarometer surveys have investigated
topics regarding social robots: Eurobarometer 77.1 (year
2012)4; Eurobarometer 82.4 (year 2014)5; and Eurobarome-
ter 87.1 (year 2017).6 The questions used to investigate robot
issues were not always the same, and the concept of artificial
intelligence was first introduced in the most recent survey.
The surveys provide a definition of what is intended by the
term robot together with two example photographs.7

For the present study, only the most recent survey is used.
Its sample is composed of 27,901 residents (level-one) from
across the 28 EU member states (level-two).

3.2 Individual-Level Variables

The acceptance of robots for social services and companion-
ship—the dependent variable—was measured by a question
which asked how the respondent felt about: “having a robot
provide you services and companionshipwhen you are infirm
or elderly”. The response scale ranges from totally uncom-
fortable (value: 1) to totally comfortable (value: 10) (M
� 4.22, SD � 3.01). The answers “it depends” (sponta-
neous) and “DK” (don’t know) were excluded, as were non
responses.

The explicative variables considered include sociodemo-
graphic indicators, indicators of use of information and
communication systems, the TAM indicators as suggested by
Vu and Lim [33], and an indicator of AI knowledge. Specifi-
cally, the sociodemographic indicators are: gender—used in

2 For more information see: https://www.gesis.org/en/home.
3 For more information see: https://data.europa.eu/euodp/en/home.
4 https://search.gesis.org/research_data/ZA5597.
5 https://search.gesis.org/research_data/ZA5933.
6 The GESIS Data archive codes are: ZA No. 5597, ZA5933 and
ZA6861, respectively.
7 The definition is: “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 coffeemaker, are not considered as robots” (Eurobarometer
87.1 questionnaire).

the model as a dichotomic female vs male variable (refer-
ence category � male). Age, years spent in education and
number of children (aged less than 14 years old) in the
family—considered as a continuous variable. Employmen-
t—which indicates the current occupation of the interviewee;
responses were recoded as: worker (e.g. farmer, fisherman,
professional, shop owner, business proprietors, employed
professional), house person (e.g. responsible for ordinary
shopping), unemployed, retired and still studying (refer-
ence category � worker). Family condition—ranging from
single (living with or without children), single living with
a partner, married or re-married with or without children
(including children from previous marriages/unions), or
divorced, separated or widowed; each option possible with
or without children. For the analysis of the present study,
I considered the following clustered categories: unmarried,
(re)married/unmarried with partner, divorced or separated,
and widowed (reference category � single with or with-
out children). Status—self-assessed as belonging to one of
five class options. The responses were clustered into three
categories: lower—which includes the working class and
the lower middle class of society; middle class; and upper
class—representing the sum of the upper middle and the
higher classes of society (reference category � lower). Liv-
ing location—classified as: rural area or village, small- or
middle-sized town, or large town (reference category� rural
area or village).

As a measure of the use of information and communica-
tion systems, the analysis considered the frequency of the
use of the internet (net use). This information was computed
by summing the responses to the following questions: use of
the internet at home, in the work place, on personal mobile
devices (laptops, smartphones, tablets, etc.), or elsewhere
(school, university, cyber-café, etc.). Each variable contained
4 response categories that were: every day or almost every
day (reference category), two or three times a week, about
once a week (options were recoded as: weekly), two or three
times amonth (optionswere recoded as:monthly or less), less
often or never, and no internet access (recoded as never/no
access).

The first indicator of technology experience considered
AI knowledge. This was measured by asking respondents
whether they had heard, read or seen anything about artificial
intelligence in the previous 12 months. The response consti-
tuted a dichotomic variable (positive responses� 1; negative
responses � 0) (reference category � positive responses).

TheTAM indicators are perceived usefulness, digital tech-
nology usefulness and perceived threat of general job loss,
all considered as continuous indicators. The single variables
used to identify the latent factor are reported in Table 2. The
missing data for each variable were excluded from the anal-
ysis.
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3.3 Country-Level Variables

The contextual-level variables included in the model were:
(i) GDP per capita, as an indicator of economic development
(M � 100.50, SD � 65.78, range 25.20–324.70); (ii) the
high-technology exports rate (M� 12.039, SD� 7.01, range
4.30–34.50), which concerns products associated with high
R&D intensity, such as aerospace products, computers, phar-
maceuticals, scientific instruments and electrical machinery;
and (iii) the cellular phone subscriptions rate (per 1000 peo-
ple) (M � 123.00, SD � 13.40, range 99.45–153.28). The
first two variables were drawn from the Eurostat database,8

whereas the latter was drawn from the World Development
Indicators database.9 All national-level variables refer to the
year 2017.

3.4 Statistical Techniques

In order to investigate how micro (individual) and macro
(contextual) dimensions affect people’s attitudes towards the
use of robots for social services, multilevel analysis was
carried out. The multilevel model is an extended form of
regression analysis that can be used to handle grouped data,
such as clusters of individuals [41], schools [42] or other
kinds of groups [43]. In this secondary analysis, the first
level is formed by the individuals who took part in the sur-
vey,whereas the second level is composed of the 28European
member states.10

Before applying multilevel analysis, and in accordance
with Vu et al. [33] who identified the structure of the TAM
factors using the same database, confirmatory factor anal-
ysis (CFA)11 was applied to test whether the relationships
between the observed variables and their underlying latent
construct could be confirmed. Digital technology efficacy
was computed using three 4-point-scale items (1: totally dis-
agree; 4: totally agree), whereas the perceived usefulness of
robots was assessed using two 4-point-scale statements (1:
totally disagree; 4: totally agree). The perceived threat of
general job loss due to robots was computed using two 4-
point-scale statements (1: totally disagree; 4: totally agree).
All the single variables used to construct these factors are
specified in Table 2. Tables 1 and 2 report the results of the
CFA.

8 https://ec.europa.eu/eurostat/data/database.
9 https://databank.worldbank.org/source/world-development-
indicators.
10 In the paper, the first level concept is used in an interchangeable way
with concept level 1, i.e. the ‘people’ or ‘individual’ level. In the same
way, the second level concept is related to level 2, i.e. the ‘country’,
‘state’ or ‘community’ level, as well as the ‘group’ level.
11 This was carried out using the ‘lavaan’ package in R.

Table 1 Confirmatory factor analysis (CFA) results

Lavaan 0.6–9 ended normally after 39 iterations

Estimator ML

Optimization method NLMINB

Number of model parameters 17

Number of observations 23,593

Model test user model

Test statistic 304.554

Degrees of freedom 11

p-Value (Chi-square) 0.000

RMSEA 0.034

SRMR 0.019

CFI 0.996

TLI 0.993

For each factor (computed by summing the single variable
values weighted by the CFA values), the internal consistency
was then checked. Digital technology efficacy: M � 0.63,
SD � 5.07, Cronbach’s α � 0.94; perceived usefulness: M
� 0.85, SD � 5.07, Cronbach’s α � 0.64; perceived threat
of general job loss: M � 0.81, SD � 2.72, Cronbach’s α �
0.69.

Multilevel techniques allow us to estimate: (1) fixed
parameterswhich represent the overall relationships between
individual factors and robot acceptance across all coun-
tries; (2) the random parameters which denote the variations
between countries in robot acceptance; and (3) the effect of
country-level predictors and the interaction of this effect (also
a fixed parameter).

The analyses were carried out using the lmer function
(Linear Mixed Effects in R) from the lme4 package. The
maximum likelihood method was used as estimator. The
model-based approach [41] was followed for the analysis,
thus the weights of the variables were not applied. The fol-
lowing models were sequentially developed:

Model 1Nullmodel: a two-level null (or empty)12 model of
the individuals (level 1) nested within countries (level 2),
with no predictor variables in the fixed and random part of
the model. This model can only identify the intercept and
any community effects. In this null model, the variation in
attitudes towards robots is distributed across individuals
(within countries) and between countries.
Model 2Random interceptmodel: this is the same asmodel
1, but it includes all the individual explanatory predictors
in the fixed part of the model. This model assesses the
effect of individual predictors on attitudes towards robot
acceptance.

12 This model is also called the ‘empty model’ because it does not
consider the explanatory variable [36].
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Table 2 Full confirmatory factor
analysis model Factor Estimate SE z-Value p-Value

Digital technology efficacy

You consider yourself to be sufficiently skilled

In the use of digital technologies in your daily life 1.000

In the use of digital technologies to use online public services,
such as filing a tax declaration or applying for a visa online

1.061 0.005 205.897 0.000

In the use of digital technologies to benefit from digital and online
learning opportunities

1.047 0.005 208.526 0.000

Perceived usefulness

Robots and artificial intelligence are a good thing for society,
because they help people do their jobs or carry out daily tasks at
home

1.000

Robots are necessary as they can do jobs that are too hard or too
dangerous for people

0.562 0.055 28.219 0.000

Perceived threat of general job loss

Due to the use of robots and artificial intelligence, more jobs will
disappear than new jobs will be created

1.000

Robots and artificial intelligence steal people’s jobs’ 1.544 0.055 28.219 0.000

Model 3 Random slope model: this model includes the
same independent variables asmodel 2 (the “random inter-
cept model”), but the dichotomized AI knowledge indica-
tor—an individual explanatory predictor—is allowed to
vary between countries for the reasons set out in the theo-
retical framework.
Model 4 Contextual model: in addition to all the individual
explanatory indicators, thismodel includes the effect of the
country level variable. Thus, this model assesses the effect
of context on attitudes towards robots.
Model 5 Cross-level contextual model: in addition to
the previous indicators, this final model computes the
interaction between the individual variable—i.e. the
dichotomized AI knowledge—and the contextual indica-
tor.

The application of multilevel analysis to the study of techno-
logical change has not been widely used; however, as shown
by Turja and Oksanen [39], this method presents numerous
possibilities, such as the ability to analyze nested data and to
handle complex models.

4 Results

The results of the statistical analyses for all five models fitted
are presented in Table 3. Since the first hypothesis takes into
consideration the role of context, the analysiswas initiated by
fitting the null model (model 1), which does not contain any
individual- or country-level characteristics. As underlined by
Snijders and Bosker [41], this model helps to decompose the
variability in the data between the individual and country
levels, and provides a baseline for comparing the size of the

contextual variation in attitudes towards robots in the sub-
sequent models [43, 44]. The null model only incorporated
random effects of context in order to model between-country
variation in attitudes towards social robots. In this model, the
overall mean across countries was estimated as 4.20.13

The between-country variance in the attitudes towards
social robots was estimated to be 0.52, whereas the within-
country variance (i.e. between individuals) was 8.63. The
country differences are clearly expressed in the caterpillar
plot illustrated in Fig. 1. The plot shows the estimated resid-
uals for all 28 countries in the sample. For more than half of
the states, the 95% confidence interval does not overlap the
horizontal line at zero, indicating that the overriding attitudes
towards social robots for social assistance in these communi-
ties were significantly different to the average response (i.e.
above or below the zero line). A clear difference at the coun-
try level emerged from the analysis of this model.

To identify the proportion of the total variance that is due
to between-country differences, the variance partition coef-
ficient (VPC)14 was computed. Thus, 5.68 (χ2 � 1173.08,
p<0.000) of the total variance in the dependent variable (i.e.
the acceptance of robots as providers of welfare services)
can be attributed to community characteristics (or between-
country variation). This value is in line with that obtained
by previous studies, and denotes that most of the variance

13 As stated by Steele “A multilevel model can be thought of as con-
sisting of two components: a fixed part which specifies the relationship
between the mean of y and explanatory variables, and a random part
that contains the level 1 and 2 residuals” [45]. For this reason, the two
components are shown separately in Table 3.
14 The VPC represents the proportion of the total observed individual
variation in the outcome that is attributable to between-cluster variation.
The higher this proportion, the higher the general contextual effect.
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Fig. 1 Caterpillar plot (model 1) showing country residuals and 95% confidence intervals of attitudes towards social robots

is attributed to differences between respondents, while little
variance is due to the context effect. However, although the
effect of context on the dependent variable is limited, it is
important to take into consideration, and justifies the appli-
cation of multilevel model analysis.

The impact of the predictive individual factors upon the
dependent variable—that allow us to answer the second
hypothesis—were included in the random intercept model
(Table 3, model 2). This model is based on the assumption
that the relationship between the dependent variable and the
independent variables is the same for each country, although
the intercept (i.e. the average outcome for an individual with
a given set of characteristics) varies between the level-2 units
[44]. In other words, from this model, we might expect each
participant to exhibit some individual differences that affect
the intercept, but not the slope. By adding explanatory vari-
ables to the random intercept model, we then investigated
the extent to which they are able to explain the variability of
the dependent variable at both levels (the individual and the
country level) [36].

The random interceptmodel shows that although the effect
of age is significant, it has a negligible (− 0.02) effect on peo-
ple’s attitudes towards social robots. Whereas being female
reduces the acceptance of social robots for companionship
by around 0.47 points compared with being male. Being a
homemaker significantly increases positive attitudes towards
social robots (by around 0.26 points) compared with being a

worker. The same significant positive effect is present if we
compare being a worker with being retired: being retired
increases positive attitudes towards social robots by 0.16
points compared with the reference category. Both the social
class and place of living have significant positive effects on
the dependent variable. The probability that an individual
expresses a positive attitude towards social robots is 0.13
points higher in those who consider themselves to belong to
the middle class compared with those rating themselves to
pertain to the lower class, and 0.6 points higher compared
with those declaring to belong to the higher class. Moving
from a rural area to a small/medium size city increases social
robot acceptance by 0.13 points, whereas moving from a
rural area to a large town increases acceptance by around
0.24 points. Having vs not having access to, or not using the
internet, also has a significant impact on social robot accep-
tance. The probability of accepting robots for companionship
is 0.33 points lower in people that never use internet com-
pared with those who use it daily.

The acceptance of social robots in peoplewith no previous
AI knowledge is around 0.23 points lower than that for people
with AI knowledge.

The TAM variable perceived usefulness has a signif-
icant negative effect on people’s attitudes towards social
robots equivalent to 0.18 points; whereas the variable digital
technology efficacy, although having a significant negative
impact on the dependent variable, its effect is not relevant.
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Finally, the increase in the perceived threat of general job
loss (an anxiety indicator) generates a significant drop by
0.15 points in attitudes towards social robots.

In the random intercept model, variation at the country
level was estimated after allowing for, and conditional on,
selected individual compositional characteristics. After con-
trolling for individual compositional characteristics, we can
see that the variation between countries decreases in mag-
nitude slightly, from 0.52 (model 1) to 0.36 (model 2), thus
the VPC becomes 4.64% (χ2 � 725.09, p<0.000). In other
words, this result confirms that context exerts an effect on
the variation in the attitudes towards social robots.

The answer to the third hypothesis is derived from the
random slope model (model 3), in which the indicator AI
knowledge was allowed to vary between countries, whereas
the effect of each of the other explanatory variables was
assumed to be the same for each country. This was done
because we postulated that the relationship between AI
knowledge and attitudes towards social robots might differ
between individuals in addition to the baseline differences;
thus, both the intercept and the slope of the AI knowledge
predictor are allowed to vary randomly across countries.15

Moreover, as our study entailed the testing of a specific
hypothesis, a random slope should theoretically have been
selected. However, as stated by Snijders and Bosker [41] “if
the theory (whether this is general scientific theory or a prac-
tical policy theory) does not give any clue with respect to a
random slope for a certain predictor variable, then one may
be tempted to refrain from using random slope. However, this
implies a risk of an invalid statistical test … In data explo-
ration, one can try various specifications. Often it appears
that the chance of detecting slope variation is high for vari-
ables with strong fixed effects” (2012, 87). In our case, since
no strong theory exists concerning attitudes towards the use
of social robots for social assistance, the decision to use a
random slope for the indicator AI knowledge was based on
my own personal hypothesis and not on an established the-
ory. That said, this choice was in line with the “strong fixed
effect criterion” illustrated by Snijders and Bosker [41].

The values of the parameters in the fixed part of model 3
are approximately the same as in the random interceptmodel.
The additional parameters introduced into the random slope
model are: the slope variance (since the AI knowledge vari-
able has a random effect), and the intercept-slope covariance.

The intercept-slope covariance estimate was negative, and
its effect was negligible (Covar (AI/Cons) � − 0.00), thus
the relationship of the independent and dependent variables
does not differ across countries.

15 This process adds new conditions to the model: the slope variance
and the covariance between intercept and slope. These new data values
are presented in the “random part” section of the “random slope model”
(model 3) presented in Table 3.

The effect of the contextual variables was tested in the
context model (model 4), in which the country-level vari-
ables were included in the model in precisely the same way
as the people-level variables. Once again, it was possible to
notice a significant fixed effect of the individual level pre-
dictor, which was of approximately the same value as in the
previous models. The three contextual variables considered
as possible predictors at the country level of attitudes toward
social robots for social services and companionship did not
have a significant effect. Thus, considering the non-relevant
effect of these context factors, we cannot say that the attitude
towards social robots between countries can be accounted for
by the country-level characteristics examined in this paper.

The interaction of the AI knowledge with the contextual
variable “high-technology export rates” is presented in the
cross-level interaction model16 (model 5). This model was
designed to test the extent towhichAI knowledge,moderated
by the rates of high-technology context, accounts for attitudes
towards social robots. Since the context variable was not
significant, it would be worth removing this non-significant
variable from the model. However, as suggested by the lit-
erature (see, for example, Snijders and Bosker [41]), if a
theoretical reason exists to consider the interaction, even if
the independent variable is not significant, it is right to apply-
ing a multilevel cross-level interaction analysis. In this case,
the interaction was computed following the theoretical idea
that a technological context influences people’s knowledge
about AI [46]. In other words, we might postulate that the
effect of being in a country characterized by high-technology
exports was not significant on average, but could have a posi-
tive effect on thosewho haveAI knowledge and on thosewho
do not have AI knowledge.17 The coefficient of the interac-
tion was equal to − 0.07 and was not significant, thus it is
negligible.

For each model, the fit information AIC and BIC statis-
tics were computed. These metrics, used to compare models,
permit us to assess whether the fitted models are improved
or not by including the independent variables” (the smaller
their values, the better model fit). The AIC and BIC statistics
are lower when the independent variables are included in the
model. Thus, the AIC statistic decreases a little further when
AI knowledge is allowed to slope in the mode, whereas the
BIC value increases. The chi-square test for deviance was
also applied, and this indicated the random-intercept slope
model (χ2 � 6.4867, p<0.05) to have the best fit.

16 The interaction model offers the opportunity to check whether the
effect of one explanatory variable on the dependent variable depends
on the value of another explanatory variable.
17 It was also checked, by means of ANOVA, the relation between
the AI knowledge and the high-technology exports indicator and the
relation is significant (F(1, 23,242) � 59.1, p <0.000).
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5 Discussion and Conclusions

The aim of this study was to expand upon the current body
of literature on cross-country variations in perceptions about
the use of robots in social services. The multilevel approach
was used to test five specific hypotheses.

The results sustain H1, which predicted the existence of
significant between-country variability in attitudes towards
social robots. They show that a difference in the attitudes
towards robots exists at the country level, although they can-
not affirm that this difference depends on high-technology
export rates, on mobile phone subscription rates or on the
indicator of economic development (i.e. GDP) as hypothe-
sized in H4. Since the contextual indicators analyzed here
were not significant, the possibility that environment can
affect attitudes towards social robots remains an open issue.
As far as context is concerned, in their study Turja and
Oksanen [39] found a significant effect of ICT exports, the
cellular-phone subscription rate and job-automatization risk,
whereas Gnambs and Appel [17] identified a significant rela-
tion between the percentage of technological exports and
geographical latitude. Despite the significance, these stud-
ies considered attitudes towards robots in the manufacturing
context and a general appraisal of robots, respectively, and
not specific attitudes towards robot for social services. Pos-
sible examples of the contextual variable that should be
included are the percentage of older citizens and the unem-
ployment rate, as employed by Gnambs and Appel [17].
However, other cultural indicators should also be included
in future analyses.

The results also confirm H2, but only in relation to gen-
der and town size. The effect of age and level of education
were not significant, thus we cannot corroborate the results
of previous studies present in the literature [17, 18, 40]. H2a
was confirmed, and this means that moving from a low social
class to a high social class generates a more positive attitude
towards social robots. Furthermore, those living in towns are
more likely to have a positive attitude than those living in
rural areas. In light of these findings, we can affirm that indi-
viduals living in big cities and belonging to a high social class
are more likely to indicate a favourable acceptance of robots
for the provision of companionship. This finding is important
as it infers that those belonging to a low social class, that is,
withmore social and economic disadvantages andwhomight
stand to benefit from social robots the most, are in fact less
likely to feel comfortable about receiving assistance from a
robot.

The results do not support H2b. Considering the employ-
ment variable, being a homemaker or retired but not a
worker were associated with a greater level of acceptance
towards social robots. In contrast with the findings reported
by Gnambs and Appel [17], in which the employment condi-
tion was found to be significant, our study only found being

a homemaker or retired to have a significant effect upon the
dependent variable. However, it is important to bear in mind
that a different variable “aggregation” was used to measure
employment in the cited study, which referred to the same
question adopted in the Eurobarometer questionnaire to col-
lect information about employment. Gnambs and Appel [17]
recoded it into three categories: ‘white-collar workers’, ‘blue
collar workers’ and ‘non-employed’. In the present analysis,
different groups were used (‘worker’, ‘homemaker’, ‘unem-
ployed’, ‘retired’ and ‘still studying’). The information is
substantively the same, but it is necessary to consider that the
sample in the study by Gnambs and Appel [17] also includes
data from the surveys carried out in the years 2012 and 2014,
whereas the present work only considered the 2017 survey.
The different effect of work condition on attitudes towards
robots could thus be due to the fact that this study is under-
powered compared with the research by Gnambs and Appel
[17]. Similarly, education level was not found to influence
the dependent variable in the present study, which previous
research has, once again, found to have a significant relation-
ship with opinions about robots [17, 18, 40].

In summary, the analysis found that the main socio-
demographic characteristics most associated with a positive
attitude towards social robots for social assistance are being
middle or high class, male and living with children in the
city.

The results support H2c since the indicators that regard
technology confidence (in this case, AI knowledge) con-
tributed towards having a positive opinion about robots in
social services, as would be expected. Furthermore, all the
TAM factors influencing motivation to adopt new technolo-
gies were significant. However, in the present study, digital
technology efficacy had a negative impact, whereas in the
study byVu et al. [33] it had a positive effect. By contrast, the
perceived threat of general job loss had a positive effect in the
present study, but a negative one in the study byVu et al. [33].
This couldbedue to the fact that the present research is specif-
ically concerned with robots for companionship, whereas in
that by Vu et al. [33] the dependent variable considers robots
in general.

H2 also concerns the individual level predictor which
states that people who use the internet frequently are more
confident with robots (H2d). The analysis confirmed this to
be true. People who use the internet daily are alsomore likely
to express confident opinions about social robots than peo-
ple who do not have any internet access. This finding should
stimulate further reflections and research into the issues con-
cerning the digital divide.

Finally, the results support H3, but they do not sustain H5,
thusmore different country level factors should be considered
in further studies in order to identify which factors impact
attitudes towards social robots at the contextual level.

123



International Journal of Social Robotics

The purpose of this studywas to answer the research ques-
tions using an approach that tests the hypotheses considering
both themicro and themacro level.Although the results at the
contextual level are not conclusive, the overall results provide
important information for social policies makers, educators
and organizations that will help them consolidate initiatives,
formulate precise guidelines and best practices, and identify
the most relevant variables to consider in order to facilitate
the acceptance of social robots for the provision of compan-
ionship. Since our results show that people living under more
disadvantaged conditions (i.e. belonging to a low social class
and living in rural area) have less positive attitudes towards
social robots, the initiatives to pursue at the educational, polit-
ical and practical levels will require careful consideration in
order to avoid that the use of the social robots for the assis-
tance of the elderly generate more social inequality.

According to the informative statistics (AIC and BIC),
the random slope model is the best model, and it shows a
clear relationship betweenopinions about robots andhaving a
positive attitude towards the use of robots for social services,
a relationship which differs across countries.

The relatively small number of clusters (28 countries)
could be considered a limitation of the study. Although the
debate about the number of clusters to use remains open, var-
ious studies considering different numbers of level-2 units
are present in the literature. Another possible limitation of
the study could be the presence of non-significant variables,
which could have been excluded from the statistical model,
but were instead left in to demonstrate the model in its
entirety.

Moreover, future studies should examine the effect of time
in the evaluation of robots for social assistance since robots
are expected to be increasingly introduced into this sphere
of society [16]. Future work could also consider robot shape
and specific functions. This research could be developed even
further by considering the sub-national levels since national
characteristics are not always homogeneous within any given
country. This would also increase the number of the level-2
units and provide the opportunity to consider the countries
again, even as a third level of analysis.
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