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Abstract
Successful implementation of robots in welfare services requires that the staff approves of them as a part of daily work tasks. 
In this study, we identified psychological and socio-demographic determinants associated with readiness for robotization 
among professional Finnish care-workers. National survey data were collected from professional care workers (n = 3800) 
between October and November 2016. Random samples were drawn from the member registers of two Finnish trade unions. 
The data were analyzed with regression models for respondents with and without firsthand experience with robots. The 
models explained 34–39% of the variance in the readiness for robotization. The readiness was positively associated with 
self-efficacy, perceived social norms, interest in technology, and perceived impacts on employment. It was also found that 
the readiness was less determined by age, gender, profession and job satisfaction among the respondents with firsthand robot 
experience. Among care workers with no experience with robots, older age and lower job satisfaction predicted a readiness 
for robotization. Care workers stand out as a distinctive group of potential service robot users, with their high confidence 
in using new technology and low job satisfaction predicting a higher readiness for robotization. Social norms among care 
workers emerged as an important factor in the readiness for robotization.

Keywords Care work · Change readiness · Nurse · Self-efficacy · Social norms · Technological change

1 Introduction

Care workers and organizations are witnessing a pervasive 
and ongoing technological change. Care robots are gradu-
ally being introduced to care of older people with the aim 
to optimize and facilitate nursing work and also assist the 
older people themselves [1, 2]. Due to this development, the 

staff’s robotization readiness is a crucial factor determining 
the future care work [3, 4].

Following the distinction between industrial and service 
robots, care robots are defined by the context of use [5, 6]. 
Hence, the term care robot refers to a robot performing or 
assisting in tasks of care [7]. Care robots are typically cat-
egorized as monitoring, assistive, social and socially assis-
tive robots—the latter of which refer to more autonomous 
interaction with people [8, 9]. Care robots today are either 
very instrument-like or designed mostly for entertainment 
[1, 2, 10]. However, developments in artificial intelligence 
foreshadow significant improvements in robotics [11] and 
can take care robots to new levels of autonomy and inter-
activity [12]. A new generation of robots are anticipated to 
optimize nursing work, a field that struggles with inadequate 
resources and unergonomic or repetitive tasks [11, 13–18].

Users will adopt technologies offering the functions that 
best suit their individual needs [19]. However, social and 
organizational culture also have important roles in defining 
the perceived risks and opportunities of new technologies 
[20, 21]. Social networks and individual change agents and 
early adopters determine the acceptance of new technologies 
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within organizations [22]. Agency in technological change 
is associated with enthusiastic technology use, technology-
supportive culture, and enabling policies, standards and 
regulations [23, pp. 122–123].

Care staff’s readiness for change cannot be taken for 
granted as it varies due to complex individual differences 
[3, 24, 25]. As acknowledged in change management litera-
ture, even before robotization occurs, people already have 
perceptions of the benefits and risks regarding the change 
[24]. In addition, it is not simply the amount of technological 
education received that predicts readiness for robotization 
but also the degree of self-confidence that the education has 
established in the individual [26, p. 69].

In this study, we investigated care workers’ readiness for 
robotization (CRR) before robots are widely implemented 
in care work.1 We analyzed psychological and socio-demo-
graphic determinants associated with CRR and evaluated 
whether this profile differs whether or not the respondent has 
prior firsthand experience with robots. Our study is guided 
by the theory of change readiness [24, 27] and more pre-
cisely individual differences in technology change readiness.

2  Readiness for Organizational Change

Readiness for organizational change is defined as an attitu-
dinal mindset where changes, along with new task demands, 
are perceived as agreeable [24]. Readiness for change is cru-
cial in organizations, given that even when changes are initi-
ated and led by management, they become evident only after 
they are accepted among the staff [22]. Cognitive factors 
such as perceptions of self-efficacy and social norms toward 
the change contribute to staff members’ readiness for change 
[25, 28–31], which is reflected in employees’ beliefs, atti-
tudes and intentions regarding the need for changes and in 
the organization’s capacity to implement those changes [28].

Staff members are expected to be open to occupational 
changes and possible re-education, yet the importance of a 
technology-supportive work culture is sometimes forgotten 
[23, pp. 122–123]. The question is, does the organization 
truly integrate people and structures in the process of con-
tinuous learning and change when preparing for robotization 
[32]? Furthermore, have the changes been planned in such a 
way that employees at different levels have the same oppor-
tunities to participate in, say, robot trials?

The organizational change proceeds in five stages: pre-
contemplative, contemplative, preparatory, action and main-
tenance [24, 27]. Robotization in healthcare is currently in 
the contemplative stage, where people recognize the need for 

change [5, 33, 34] but have not decided whether to allow it 
to happen. The nursing field struggles with resource short-
ages, excessive time pressures and physical strains [13, 15, 
18]. On the other hand, robotizing care tasks would mean 
profound changes in care practices and even the core of the 
care profession [35]. Moreover, people are especially hesi-
tant in accepting robots as autonomous substitutes for nurses 
[2, 11]. Because of the contemplative stage of care work 
robotization, readiness for change is restricted here as an 
attitudinal readiness for change. A large part of readiness 
for change is attitudinal in a sense that employees explicitly 
evaluate the change and this evaluation defines for example 
the intention to use new technology [36].

In addition to change readiness theory, we refer also to 
empirical studies that draw from the technology acceptance 
model (TAM) [37]. Because it centers on usability, TAM 
is normally intended for studies where technology is intro-
duced to study participants. However, juxtaposing the two 
theories, we are interested in whether some of the individual 
explanatory factors from TAM correspond with readiness for 
technological change.

3  Individual Determinants of Technological 
Change Readiness

Talking about care robots is not possible without bringing 
up care itself. Humanity, kindness, reciprocity and empathy 
are considered to be core values in care ethics, and for any 
technological change to be approved by care workers, they 
must be congruent with these shared practice values [35]. 
Change readiness, too, is considered as a shared psychologi-
cal state in which employees are confident in their collective 
willingness and ability to implement the changes [38, p. 1].

One way to measure shared values among potential users 
is the subjective norm [29, 39, 40]. Subjective norms refer 
to perceived social norms among important individuals who, 
in the case of organizational change, can represent either 
change agency or change resistance in the workplace [41]. 
The concept of the subjective norm originates in Fishbein 
and Ajzen’s [40] theory of reasoned action and has been 
included in various versions of TAM [37, 42].

In social identity theory, work group norms are defined 
as standards that are internalized through identification, and 
they affect a worker’s attitude to the extent that the indi-
vidual identifies with the group [43]. Hence, group norms 
determine personal attitudes. The subjective norm differs 
from social identity theory in that perceived norms can 
modify personal attitudes in either direction [40]. Accord-
ing to this theory, nurses could therefore either adopt or 
resist technological change based on their perception of 
peer endorsement. However, empirical studies show quite 
consistently norms being shared and not rejected. Subjective 

1 Statistics of service robots used in different sectors today are 
reported by the International Federation of Robotics: https ://ifr.org/
downl oads/press /Execu tive_Summa ry_WR_Servi ce_Robot s_2017_1.
pdf.

https://ifr.org/downloads/press/Executive_Summary_WR_Service_Robots_2017_1.pdf
https://ifr.org/downloads/press/Executive_Summary_WR_Service_Robots_2017_1.pdf
https://ifr.org/downloads/press/Executive_Summary_WR_Service_Robots_2017_1.pdf
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norms have been found to influence resistance to technologi-
cal change [44] as well as technology acceptance [21, 29, 
45]. Especially in studies applying TAM, social influence 
is an important determinant in assessments of technology’s 
usefulness [21].

Self-efficacy is another key construct explaining change 
readiness. It is divided into general and domain- or task-
specific self-efficacy. General self-efficacy denotes individu-
als’ cognitive beliefs in their ability to cope with different 
and challenging situations [46–48]. The self-efficacy model 
is based on social cognitive theory, where behavior is not 
seen merely as a mechanical consequence of environmen-
tal factors and motivators but as a process where behavior, 
personal factors and environment dynamically shape one 
another. Even a person’s own behavior influences their other 
behavior. In social cognitive theory, the predictive power 
of each dimension—behavior, personal factors and environ-
ment—is always dependent on the individual and the context 
[47, pp. 18–24]. Moreover, because of the dynamic nature 
of interplay between the dimensions, causality is difficult 
to both generalize and to time. Bandura has hence asserted 
that the theory can be applied without considering all three 
dimensions in the same analysis [48, p. 6]. Self-efficacy is 
one of the personal factors predicting behavior. By motivat-
ing emerging change, self-efficacy is most relevant in the 
contemplation stage of organizational change [31, 47, 49]. 
In addition, the self-efficacy model has been considered to 
be suitable for studying nursing work [50].

According to Bandura, past experiences and potential 
future accomplishments are the most important factors 
strengthening an individual’s self-efficacy [46, p. 205]. As 
current behavior influences future behavior, strong self-effi-
cacy in one domain is generalized to other potential domains 
[51]. Employees who feel generally self-efficacious adapt 
to novel environments during organizational changes [52]. 
Care workers with higher self-efficacy regarding changes in 
their work tasks also report higher readiness for the organi-
zational change [25].

Although general self-efficacy has been positively related 
to change readiness [31, 52], the predictive power of self-
efficacy is most accurate when determined by domain- or 
task-specific measures rather than general measures [53]. 
Technology-specific self-efficacy indicates individuals’ con-
fidence for learning and mastering a certain form of tech-
nology [29, 54]. Technology-specific self-efficacy correlates 
with technology acceptance [55] and readiness for organi-
zational change [28, 56], yet to the best of our knowledge 
there are no studies focusing on care work and emerging 
robotization.

In a study of computer-use self-efficacy, supportive and 
encouraging organization culture predicted workers’ deci-
sions to use computers, and this relationship was moderated 
by computer-use self-efficacy [54]. Bandura has illustrated 

the dynamics between individual self-efficacy and social 
environment by using a concept of collective self-efficacy. 
Applying to organizational change, collective self-efficacy 
refers to staff members having a shared view of their capabil-
ities to organize and execute change implementations [38]. 
Concepts of job satisfaction, fear of employment and organi-
zational participation have also been previously identified 
as predicting change readiness. The more that employees 
report job satisfaction [30] and the less they report fear of 
unemployment [35], the more they seem to show readiness 
for organizational change. There is also qualitative evidence 
of an association of consensual adaptation with the success-
ful use of technology [57, 58]. In the case of the contem-
plation stage of technological change, we see the relevance 
in employees’ participation in planning and implementing 
equipment purchases in their organization.

In addition to the psychological factors associated with 
readiness for technological change, there is some evidence of 
prior experiences and general interest in technology leading 
to a higher acceptance of different technological applica-
tions such as computers [59] and robots [60, 61]. Firsthand 
experience with robots correlate strongly with evaluations of 
robots’ pleasance and trustworthiness [62]. Similarly, young 
age, male gender, and high education have been shown to 
correlate with robot acceptance [63].

An organizational culture that embraces change and 
learning predicts job satisfaction and motivation to engage 
new tasks among employees [64]. Some staff members have 
the opportunity to participate in planning or piloting new 
ways of work, thereby gaining experience and having the 
opportunity to increase their self-efficacy beliefs [65]. Other 
studies, however, imply that individual factors, such as effi-
cacy or social norm beliefs, lose their predictive relevance 
after people have firsthand experience of a new practice [21, 
31, 47, 49, 66]. This is especially plausible in the robotiza-
tion context, since people have varied mental representations 
of robots [62]. Many people have only indirect experience of 
robots from the media or co-workers, and their opinions can 
hence be understood as vague or ill-informed [66]. Indeed, 
people do tend to trust more in information they have dis-
covered themselves [28]. We argue that once care workers 
have direct experience with robots, this firsthand informa-
tion alone most predicts robotization readiness, surpassing 
socio-demographic differences and even differences in self-
efficacy and perceptions of social norms.

Based on this review of the literature on the readiness for 
organizational change and technology acceptance of health-
care robotization, we hypothesized the following:

H1 Robot-use self-efficacy correlates positively with CRR.

H2 Subjective norms that are accepting toward robots cor-
relate positively with CRR.
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H3 Individual factors determine CRR stronger among the 
respondents without firsthand experience with robots com-
pared to respondents with such experience.

The hypotheses were tested by conducting surveys of 
robotization readiness in a presentative sample of Finnish 
care workers.

4  Method

4.1  Data

Survey data of care workers were collected in Octo-
ber–November 2016. The first sample was randomly selected 
from the members of The Finnish Union of Practical Nurses, 
who were currently working with older adults (n = 2218). 
Every other individual in the population was chosen for sam-
pling with an equal likelihood of selection. Participants were 
aged 17–68 (M = 45.5; SD = 12.1), and 89.8% were female. 
The response rate was 11%.

The second sample was collected from The Union of 
Health and Social Care Professionals in Finland. The sample 
included every nurse and physiotherapist currently working 
at older adults and homecare services, and every third, ran-
domly selected nurse and physiotherapist working at a health 
center or a hospital. This sample comprised mostly female 
(89.0%) nurses (n = 1701) and physiotherapists (n = 81) aged 
19–70 (M = 47.5; SD = 10.4). The response rate was 9%.

Online questionnaires for both samples were identical and 
included multiple-choice questions about personal and occu-
pational details, experience with robots, and attitudes toward 
technology in general and robots more specifically. Respond-
ents who completed the first page of socio-demographic 
information and a question concerning interest in technology 
were included in the final aggregate data (n = 3800).

The division between practical (64.9%) and registered 
(35.1%) nurses in the aggregate data corresponded with 
the division of practical (64.7%) and registered (35.3%) 
nurses in the population of Finnish care workers [67]. In 
this respect, the data appeared to be representative. However, 
approximately 25% of the respondents did not complete the 
whole nine-page survey. The completion rate analysis did 
not note differences in CRR, occupation or gender between 
respondents who completed the questionnaire and those 
who dropped out along the way. However, the dropped-out 
respondents were on average younger (M = 44.0) than the 
ones completing the questionnaire [M = 47.3; F(01) 61.19; 
p < .001].

The definition of robots—taken from the Eurobarom-
eter [68] questionnaire—primed the questions: “A robot 
is defined as a machine which can assist humans in every-
day 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.” The priming also included two photographs, 
one of an industrial robot and the other of a Care-O-bot 
service robot [68].

4.2  Dependent Variable

To measure robotization readiness, we described health-
care-work-related scenarios and asked the respondents to 
evaluate how comfortable they would be if a robot were 
to assist them in that work task. The question format, 
with a response scale from 1 (totally uncomfortable) to 
10 (totally comfortable), was adapted from the validated 
Eurobarometer questionnaire [68]. By the combination of 
robot-assisted-care work scenarios, we applied a covert 
question form to measure CRR. Thus, we rejected the idea 
of using direct questions where the respondents would 
assess their own readiness for such change. This strategy 
was rationalized first by the abstract nature of change and 
second by the need to minimize the response bias that 
could arise from motives regarding personnel policy and 
robotizing work [69].

The scenarios included 13 potentially robot-assisted 
tasks, which focused mostly on care of older people. 
Robotic surgery and robot cars were excluded from the 
study. Descriptive statistics are presented in Table 1. The 
items are in the order of presentation in the questionnaire. 
Full-length question forms are in “Appendix”. The com-
posite variable (range 13–130) was returned to its original 
scale from 1 to 10 (M = 6.59; SD = 2.19; α .933).

Table 1  Items of care workers’ readiness for robotization

Evaluations of tasks assisted by robots (1–10) Mo M SD

Documenting 10 6.35 3.10
Autonomous stretcher 5 5.75 2.99
Courier 10 7.01 2.87
Sorting and shelving 10 7.63 2.67
Interpreter 10 7.11 2.90
Telepresence (e.g., emergency situations) 10 6.27 3.06
Telepresence in health checks 1 4.66 2.98
Planning care or medication 10 5.88 3.16
Unhygienic task 1 5.53 3.17
Moving heavy materials 10 8.73 2.06
Moving a patient 10 7.66 2.83
Exoskeleton in patient move 10 6.22 3.18
Threatening situations 10 6.82 3.04
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4.3  Independent Variables

Experience with robots was investigated by asking whether 
the respondent had used robots in different contexts: home, 
care work, other work and somewhere else. A composite 
variable formed a scale from 0 to 5. Slightly more than 13% 
of the respondents had any firsthand experience with robots 
(Mo = 0; M = 0.15; SD = 0.42).

Robot-use self-efficacy in care work was measured with 
a 3-item scale, including questions of confidence in learning 
robot use, confidence in learning robot programming and 
confidence in guiding others in robot use [70]. The responses 
were given on a scale from 1 (totally disagree) to 5 (totally 
agree), with a higher number indicating higher self-effi-
cacy. The composite variable (range 3–15) was returned to 
its original scale from 1 to 5 (Mo = 5; M = 4.19; SD = 0.77; 
α = .852).

To control for general self-efficacy, a six-item GSE-6 
questionnaire was used in the analysis [71]. The responses 
were given on a scale from 1 to 4, with a higher level indi-
cating higher general self-efficacy. The six questions were 
summed as a composite variable (range 6–24) and returned 
to its original scale from 1 to 4 (M = 2.45, SD = 0.73; 
α = .935).

The subjective norm was measured by three statements 
adapted from Ajzen’s model [29] and formatted to care 
robots: (1) “The community I work in is mostly welcoming 
in regard to using care robots”, (2) “Utilizing care robots 
would arouse considerable objections among the employ-
ees”, (3) “My colleagues are enthusiastic about the possi-
bility of using care robots”. The responses were given on a 
scale from 1 to 5, and after equalizing the scales, a higher 
number indicated a more positive subjective norm toward 
robots. The composite variable (range 3–15) was returned to 
its original scale from 1 to 5 (Mo = 3; M = 2.52; SD = 0.75; 
α = .828).

Job satisfaction was measured with a question: “I con-
sider my job to be pleasant and interesting”. The responses 
were given on a scale from 1 to 4, with a higher number indi-
cating higher job satisfaction (Mo = 3; M = 3.33; SD = 0.63). 
This form of question has been used in broad Nordcare sur-
veys for nurses. Single-item measures of job satisfaction are 
considered sufficient when used as one of the explanatory 
variables [72]. In addition, an item measuring the lack of 
participation in the organization’s assistive equipment pur-
chases was used as a predictor. Over one-third (39.8%) of 
the respondents reported not being involved in any of the 
assistive-equipment purchasing processes (from planning to 
implementing).

To measure the perceived impacts on employment, 
we used the statement: “Robots steal people’s jobs”. The 
responses were given on a scale from 1 (totally disagree) 
to 5 (totally agree) (Mo = 4; M = 3.15; SD = 1.12). The 

question was copied from the Eurobarometer questionnaire 
of repeated measures [68]. General interest in technology 
was similarly measured with a question modified from Euro-
barometer: “Are you very interested (3), moderately inter-
ested (2), or not at all interested (1) in technology and its 
developments?” (Mo = 2; M = 2.07; SD = .49). We also con-
sidered an explanatory variable of technological education, 
but it proved to be an insignificant predictor.

As socio-demographic variables, we added age (range 
17–70; M = 46.50; SD = 11.30), gender (94.6% women) 
and profession of the respondent to the analysis. Approxi-
mately 56% of the respondents were practical nurses, and 
34% worked either as registered or head nurses. During the 
analysis, the profession was later dichotomized into practical 
nurses and other, higher-education employees. A plan to use 
the respondents’ managerial status and working years was 
withdrawn, as they did not add to the models as significant 
predictors.

4.4  Statistical Procedures

Descriptive findings are presented as percentages, means 
(M), modes (Mo), standard deviations (SD), and correlations 
(r), along with t-tests, Chi square tests (χ2) and variance 
analysis (F) for group comparisons. To carry out a profile 
of CRR, it was necessary to choose several explanatory vari-
ables for the regression analysis, yet to constrain the amount 
to prevent collinearity. Linear regressions are presented in 
two models: respondents who have never used robots, and 
respondents who have used a robot in at least one context.

Regression tables present unstandardized (B) and stand-
ardized (β) betas, standard errors (SE) and the predictive 
power of the models (R2). Models were tested for potential 
problems with multicollinearity and heteroscedasticity of 
residuals. Fisher’s Z test was performed to test the difference 
in predictive power between the models (adjusted R2 val-
ues). Post hoc analysis included inspecting any interactions 
between explanatory factors.

5  Results

5.1  Preliminary Analysis

Respondents who reported having direct experience with 
robots in some context had a higher CRR (M = 7.14; 
SD = 1.97) than those who had no experience [M = 6.50; 
SD = 2.22; F(1) = 31.60; p < .001]. There were also differ-
ences between occupational groups [F(4) = 21.69; p < .001]. 
Dunnett’s T3 post hoc test revealed that the difference lay 
only between practical nurses (M = 6.28; SD = 2.24) and the 
other occupational groups (M = 6.90; SD = 2.07). As prac-
tical nurses reported significantly less CRR compared to 
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other care workers, occupation was dichotomized to practi-
cal nurses and other occupational groups for the regression 
analysis. Those with direct robot experience were more often 
involved with assistive equipment purchases (χ2 = 10.02; 
p < .005). Participation in assistive equipment purchases 
did not, however, correlate with CRR, general self-efficacy 
or robot-use self-efficacy. Correlations between scaled vari-
ables are presented in Table 2.

5.2  Multivariate Analysis of CRR 

In the regression models (Table 3), 34–39% of the variance 
in CRR was explained by the independent variables. Fish-
er’s Z test confirmed that the chosen independent variables 
worked equally well for both experienced and non-experi-
enced groups (p = .171).

Robotization readiness associated consistently with 
respondents who reported interest in technology, had high 

robot-use self-efficacy and who did not believe there is a 
robot-rejecting norm in the workplace or that robots are 
stealing jobs in general.

Robot-use self-efficacy was the best explanatory varia-
ble for CRR regardless of whether the respondent had first-
hand robot experience or not. The care workers reported 
high self-efficacy in using robots as assistants. A clear 
majority (87.2%) of care workers felt confident in learn-
ing to use care robots in their work (Mo = 5; M = 4.28; 
SD = 0.83). The respondents were almost as confident in 
their ability to guide others as in using care robots (Mo = 4; 
M = 4.14; SD = 0.88) and even in learning to use robots 
on a programming level (Mo = 4; M = 4.16; SD = 0.91). 
According to Bonferroni’s post hoc test, both registered 
nurses (M = 4.25; SD = 0.72) and head nurses (M = 4.39; 
SD = 0.64) were significantly more self-efficient than the 
practical nurses (M = 4.13; SD = 0.80). General self-effi-
cacy was controlled in the regression analysis and did not 

Table 2  Correlations between care workers’ readiness for robotization (CRR) and scaled explanatory variables

**Correlation is significant at the < 0.01 level (2-tailed)
*Correlation is significant at the < 0.05 level (2-tailed)

1 2 3 4 5 6 7 8

1 CRR 
2 Robot experiences .101**
3 Robot-use self-efficacy .369** .126**
4 Subjective norm .378** .066** .138**
5 Job satisfaction − .009 .031 .071** − .014
6 General self-efficacy .133** .037* .052** .146** .038*
7 “Robots steal jobs” − .403** − .040* − .189** − .334** − .068** − .176**
8 Interest in technology .294** .131** .316** .096** .052** .078** − .191**
9 Age .060** − .019 − .144** .130** .067** .057** − .121** .023

Table 3  Care workers’ 
robotization readiness in two 
regression models: respondents 
lacking any robot experience 
(n = 2379) and respondents with 
some experience using robots 
(n = 373)

Model 1 Model 2

No experience Experience

B (SE) β p B (SE) β p

(Constant) 2.153 (.470) < .001 0.795 (1.150) .490
Age .009 (.003) .042 .013 .001 (.009) − .001 .989
Female − .342 (.173) − .033 .048 − .465 (.293) − .071 .114
Practical nurse − .274 (.098) − .062 .005 .511 (.236) .132 .031
Interest in technology .556 (.079) .122 < .001 .583 (.198) .147 .003
Not involved in purchases .086 (.074) .019 .247 − .358 (.183) − .088 .050
“Robots steal jobs” − .429 (.036) − .218 < .001 − .394 (.083) − .224 < .001
Job satisfaction − .178 (.059) − .051 .002 − .106 (.131) − .036 .418
General self-efficacy − .110 (.068) − .036 .104 .308 (.148) .126 .039
Robot-use self-efficacy .783 (.052) .271 < .001 .875 (.149) .291 < .001
Subjective norm .743 (.055) .249 < .001 .682 (.115) .272 < .001
Adjusted R2 (R2) .343 (.346) .386 (.404)
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invalidate the association between CRR and the specific 
robot-use self-efficacy.

The subjective norm and CRR had a similarly consistent 
relationship in both of the regression models. The respond-
ents who felt that there is not much resistance toward robots 
in the workplace reported higher readiness for robotization. 
Interactions between explanatory factors were investigated 
for both models as post hoc analysis. However, statistically 
significant interactions were not found.

5.3  Differences Between Models

Regarding the portion of respondents who had firsthand 
robot experience, higher CRR was associated with high gen-
eral and robot-use self-efficacy, low worries about robots 
stealing peoples’ jobs, perception of an accepting subjec-
tive norm toward robots and general interest in technology. 
Among those with no robot experience, a higher CRR was 
reported by older and male respondents, who worked as 
practical nurses, were generally interested in technology, 
thought that robots are not stealing jobs, were less satisfied 
in their job, had high robot-use self-efficacy and an accept-
ing subjective norm toward robots.

Experience with robots diminished the individual dif-
ferences in CRR regarding age, gender and job satisfac-
tion. The difference between occupational groups was even 
more extreme. In the preliminary analysis, practical nurses 
reported less CRR. However, among respondents who had 
experience with robots, practical nurses stood out with a 
higher CRR on average. In a similar vein, those who had 
been involved with assistive equipment purchases were more 
prone to see the benefits in robotization. However, the asso-
ciation was significant only among those who had experi-
ence with robots.

As the most significant interaction between the models, 
it turned out that robot experience moderated the relation-
ship between work satisfaction and CRR (t = 1.96; p = .050). 
Lower job satisfaction predicted robotization readiness, 
especially for those without robot experience. In other 
words, firsthand robot experience buffered the impact that 
poor job satisfaction had on higher readiness for robotiza-
tion (Fig. 1).

6  Discussion

In this study, we examined care workers’ readiness for robot-
ization [24] at a time when robots are only just being intro-
duced into care work. Analyzing the individual differences 
between care workers, we found that CRR is strongly associ-
ated with self-efficacy and a subjective norm (i.e., perceived 
approval of co-workers) toward using care robots.

Care workers in our data are confident in their ability 
to learn how to use new technology. They actually stand 
out with their extremely high robot-use self-efficacy when 
compared to those of a prior study of nurses’ self-efficacy 
using computers [73]. The high self-efficacy and robotiza-
tion readiness among Finnish care workers add to prior stud-
ies of Finnish women demonstrating an eagerness to use 
information technology and new equipment [74, p. 125].

In line with our first hypothesis as well as with social 
cognitive theory [45], contemplation-stage self-efficacy 
supports an individual’s robotization readiness. However, 
this was only consistent concerning the specific robot-use 
self-efficacy. While our results confirmed the importance of 
technology self-efficacy [28, 55, 56]—now also regarding 
robots—they did not fully repeat the prior findings of an 
association of general self-efficacy with change readiness 
[25, 31, 52]. The correlation between general self-efficacy 
and CRR was mild to begin with, and in the model with 
non-experienced robot users, general self-efficacy did not 
hold any predictive power.

Supporting our second hypothesis, we found that if the 
attitudes towards robots in a work community were per-
ceived as approving, the care workers were more ready 
for robotization. This indicates first that norms are being 
shared [20, 21, 29, 43, 45] and second that an organiza-
tional culture that supports continuous learning and tech-
nology use is important [23, 32, 64]. Our results imply 
that staff members who are open to new innovations in 
the workplace spread this attitude in a form of shared 
norms and eventually heighten the readiness for robotiza-
tion. Conversely, staff members who resist robots spread a 
negative attitude and promote a lower readiness for roboti-
zation. Finally, our results do not support the interaction 
between self-efficacy and social norm when predicting 

Fig. 1  Robot experience buffering the impact poor job satisfaction 
has on readiness for robotization
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technology use [54] but rather identify robot-use self-
efficacy and subjective norm as two separate significant 
predictors of CRR.

The results partly support our third hypothesis while also 
substantiating prior findings that personal factors play a 
lesser role in change readiness after the change has occurred 
[31, 47, 49]. This highlights the importance of direct experi-
ence as an explanatory factor. Age, gender, occupation and 
job satisfaction were meaningful factors for explaining CRR 
only for those who did not yet have experience using robots. 
However, the findings were not consistent throughout the 
models. Interest in technology predicted CRR slightly more 
significantly with respondents who had experience with 
robots. In addition, self-efficacy, perceived social norm, and 
perceived impacts on employment predicted CRR equally 
well in both of the models.

Among care workers who had no firsthand experience 
with robots, older age predicted higher CRR. This result is 
inconsistent with TAM studies, where young age predicts 
more positive attitudes toward robots in the population [63]. 
This suggests that care workers are a special group of poten-
tial users of service robots. It can also be seen as drawing 
a line between TAM and readiness-for-change models. The 
negative correlation between age and technology acceptance 
is sometimes explained by an age-related digital divide and 
the computer literacy of younger adults (e.g., [75, 76]. How-
ever, our model does not indicate robot acceptance but readi-
ness for robotization. In this framework, younger employees 
may have more to lose in terms of their work being automa-
tized. Further, older employees may be relatively open to 
changes because they are already more experienced and look 
for assistive tools that would ease the physical strains of 
certain tasks. This interpretation is supported by our results, 
which indicate that males and practical nurses are more wel-
coming to robots; they fit the profile of care workers who do 
the most physically demanding work.

The results concerning job satisfaction were somewhat 
conflicting. First, job satisfaction did not correlate with an 
accepting subjective norm toward care robotization, even 
though this was implied in at least one prior study [64]. 
Second, contrary to Lipińska-Grobelny and Papieska [30], 
job satisfaction correlated negatively with change readiness. 
The topic in their 2012 study was a new management system 
in the manufacturing field [30], so similarities between the 
two studies are limited. Care context and the contemplation 
stage of technological change form a distinctive context for 
organizational change research. Lower job satisfaction pre-
dicted robotization readiness, especially for respondents who 
did not have direct robot experience. It seems that expecta-
tions are high toward care robotics and its potential. How-
ever, these expectations do not necessarily meet the reality 
of robotics today, since those with firsthand experience do 
not share the same anticipation.

According to the change management literature, staff 
member participation in planning or piloting new ways of 
working not only leads to new work experience but also 
increases self-efficacy and determines higher change readi-
ness [65]. Our results do not completely support this. CRR 
or self-efficacy did not significantly vary between those who 
had participated in equipment purchases and those who had 
not. However, the respondents with direct robot experi-
ence were more often involved with equipment purchases. 
In regression analysis, CRR was only higher among care 
workers who were included in equipment purchases but who 
also had used robots.

Our study describes individual factors found in possible 
change agents, who are needed in an early stage of organiza-
tional change [65]. In addition to an indication of robotiza-
tion readiness, the results offer an opportunity to consider 
things from the developmental point of view. For example, 
supporting the employees in their technology use and self-
efficacy is a way to avoid a vicious circle of fear of new 
technology leading to a rejection of new technology [47, 
pp. 400–401]. In our data, robot experience correlated posi-
tively with CRR and evened out demographic differences. 
Practical nurses seem to benefit the most from the firsthand 
information and trials of new technology. In the context of 
technological change, employees should feel that they are 
engaged in new ways of work and feel skilled enough to 
work with the new systems.

It is important to include staff at different levels in the 
planning of new systems and equipment purchases. Study 
about resigning nursing managers revealed that badly con-
ducted organizational changes is one the main reasons nurs-
ing managers leave their job. Implementing changes without 
the opportunity to collaborate in the decision-making was 
perceived as particularly difficult [77].

6.1  Limitations and Future Research

The care worker data included 373 respondents who had first-
hand robot experience. Although a relatively large subsam-
ple, the data was dominated by those with no experience with 
robots. Some of the explanatory power lost in the first regres-
sion model may be a result of this imbalance. Additionally, 
in future studies, it would be advisable to cover the quality 
of the experience, as it is sometimes a more important factor 
than quantity in regard to forming, for example, self-efficacy 
[78, p. 135]. Another issue with our data regards causality. In 
our models, we presented factors influencing CRR, but the 
dynamic relationship between the variables is acknowledged. 
The potential people see in robotics can explain their percep-
tions of, for instance, self-efficacy and how others also think 
about robots. We wish to also add that robotization progresses 
fast. This could be seen as a limitation as our data was col-
lected in the fall 2016. However, we believe that psychological 
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mechanism of robotization readiness might stay similar over 
the time.

In this study, we have approached robotization readiness 
through the lens of cognitive processes such as self-efficacy 
and perceived social norm. In future studies, effect-related 
processes should be taken into account as well: factors such 
as personal and occupational values. For example, religious 
background and motives can be expected to be good predictors 
also for accepting robotization in care work [60]. The level of 
robot-use self-efficacy is notably high in our care worker data. 
However, we recommend cross-country comparisons to gain 
knowledge of variation between cultures, since our results can 
only be generalized to Finnish care workers.

7  Conclusion

Summarizing the results, we have identified key forces in Finn-
ish care workers’ readiness for robotization. Potential change 
agents are distinguished from others by their high interest in 
technology, high robot-use self-efficacy, perception that co-
workers approve robots, and optimism that robots will not take 
peoples’ jobs. In addition, regarding staff without firsthand 
experience with robots, higher readiness for robotization was 
reported by practical nurses of older age, male gender, and 
lower job satisfaction.

Robotization entails many possibilities in facilitating and 
modernizing care work. Social cognitive theory explains how 
individual and collective self-efficacy can result in more effec-
tive change implementation. Care workers show remarkably 
high confidence in learning to use robots in their work. This 
offers a promising starting point for effective change imple-
mentation. In robotizing care work, it is important that the staff 
have the skills and confidence to make the most of next-gen-
eration robots and the opportunities that they present. Among 
care workers, change readiness seems to be quite contagious, 
and organizations should strive toward a shared psychological 
state of welcoming changes that are collectively determined 
to be beneficial.
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Appendix

In the last section of the questionnaire are examples of 
care work tasks, which could, in principle, be done with 
robots or done with robot assistance. Please rate every 
scenario by how comfortable you would feel about a robot 
assisting you with that specific task.

 1. Robot documenting patient information
 2. Robotic and autonomous stretcher
 3. Robot as a courier
 4. Robot sorting and shelving goods
 5. Robot as an interpreter (including sign language)
 6. Telepresence robot in communication between patient 

and nursing staff, especially in emergency situations 
(picture below)

 7. Telepresence robot in minor health checks
 8. Robot planning care procedures (i.e., controlling medi-

cation interaction)
 9. Robot assisting in unhygienic tasks
 10. Robot moving heavy materials or large amount of 

goods
 11. Robot assisting in moving or lifting a patient
 12. Robo-powered suit (exoskeleton) for a care worker to 

wear while moving or lifting a patient
 13. Robot assisting in threatening situations.

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/


88 International Journal of Social Robotics (2020) 12:79–90

1 3

References

 1. Whelan S, Murphy K, Barrett E, Krusche C, Santorelli A, Casey 
D (2018) Factors affecting the acceptability of social robots 
by older adults including people with dementia or cognitive 
impairment: a literature review. Int J Soc Robot. https ://doi.
org/10.1007/s1236 9-018-0471-x

 2. Savela N, Turja T, Oksanen A (2017) Social acceptance of 
robots in different occupational fields: a systematic litera-
ture review. Int J Soc Robot. https ://doi.org/10.1007/s1236 
9-017-0452-5

 3. Weiner BJ (2009) A theory of organizational readiness for change. 
Implement Sci 4:67. https ://doi.org/10.1186/1748-5908-4-67

 4. Weng Y, Chen C, Sun C (2009) Toward the human-robot co-exist-
ence society: on safety intelligence for next generation robots. Int J 
Soc Robot 1:267–282. https ://doi.org/10.1007/s1236 9-009-0019-1

 5. Decker M, Dillmann R, Dreier T, Fischer M, Gutmann M, Ott I, 
Döhmann I (2011) Service robotics: do you know your new com-
panion? Framing and interdisciplinary technology assessment. 
Poiesis Prax 8:25–44. https ://doi.org/10.1007/s1020 2-011-0098-6

 6. IFR (2015) World robotics 2015 service robots. International 
federation of robotics. http://www.ifr.org/servi ce-robot s/stati 
stics . Accessed 4 Oct 2017

 7. Goeldner M, Herstatt C, Tietze F (2015) The emergence of care 
robotics—a patent and publication analysis. Technol Forecast 
Soc Change 92:115–131

 8. Frennert S, Eftring H, Östlund B (2017) Case report: impli-
cations of doing research on socially assistive robots in real 
homes. Int J Soc Robot 9:401–415

 9. Sharkey A, Sharkey N (2012) Granny and the robots: ethical 
issues in robot care for the elderly. Ethics Inf Technol 14:27–40

 10. Shaw-Garlock G (2009) Looking forward to sociable robots. Int 
J Soc Robot 1:249–260

 11. Etzioni A, Etzioni O (2017) The ethics of robotic caregivers. 
Interact Stud 18:174–190

 12. Henry KE, Hager DN, Pronovost PJ, Saria S (2015) A targeted 
real-time early warning score (TREWScore) for septic shock. 
Sci Transl Med 7(299):299ra122

 13. Andersen GR, Westgaard RH (2013) Understanding significant 
processes during work environment interventions to alleviate 
time pressure and associated sick leave of home care workers—
a case study. BMC Health Serv Res 13:477

 14. Ausserhofer D et al (2014) Prevalence, patterns and predictors 
of nursing care left undone in European hospitals: results from 
the multicountry cross-sectional RN4CAST study. BMJ Qual 
Saf 23:126–135

 15. Ball J, Murrells T, Rafferty AM, Morrow E, Griffiths P (2014) 
‘Care left undone’ during nursing shifts: associations with work-
load and perceived quality of care. BMJ Qual Saf 23:116–125

 16. Menon SP (2015) Maximizing time with the patient: the creative 
concept of a physician scribe. Curr Oncol Rep 17(12):59

 17. Sparrow R, Sparrow L (2006) In the hands of machines? The 
future of aged care. Minds Mach 16:141–161

 18. Trydegård GB (2012) Care work in changing welfare states: 
Nordic care workers’ experiences. Eur J Ageing 9:119–129

 19. Rogers EM (1995) Diffusion of innovations, 4th edn. Free Press, 
New York

 20. Bijker W (1993) Do not despair: there is life after constructiv-
ism. Sci Technol Human Values 18:113–138

 21. Venkatesh V, Davis FD (2000) A theoretical extension of the tech-
nology acceptance model: four longitudinal field studies. Manag 
Sci 46:186–204. https ://doi.org/10.1287/mnsc.46.2.186.11926 

 22. Burkhardt ME, Brass DJ (1990) Changing patterns or patterns of 
change: the effects of a change in technology on social network 
structure and power. Adm Sci Q 35:104–127

 23. Gripenberg P (2004) Virtualizing the office. In: Heiskanen T, 
Hearn J (eds) Information society and the workplace: spaces, 
boundaries and agency. Routledge, London, pp 103–125

 24. Prochaska JO, Velicer WE, Rossi JS, Goldstein MG, Marcus BH, 
RaJiowski W, Eiore C, Harlow LL, Redding CA, Rosenbloom D, 
Rossi SR (1994) Stages of change and decisional balance for 12 
problem behaviors. Health Psychol 13:39–46

 25. Cunningham CE, Woodward CA, Shannon HS, MacIntosh J, Len-
drum B, Rosenbloom D, Brown J (2002) Readiness for organiza-
tional change: a longitudinal study of workplace, psychological 
and behavioural correlates. J Occup Organ Psychol 75:377–392

 26. Frankel EG (1990) Management of technological change: the 
great challenge of management for the future. Springer, Berlin

 27. Prochaska JO, Velicer WF (1997) The transtheoretical model of 
health behavior change. Am J Health Behav 12:38–48

 28. Armenakis AA, Harris SG (2002) Crafting a change message 
to create transformational readiness. J Organ Change Manag 
15:169–183

 29. Ajzen I (1991) The theory of planned behavior. Hum Decis Pro-
cess 50:179–211

 30. Lipińska-Grobelny A, Papieska E (2012) Readiness for change 
and job satisfaction in a case of Lean management application—a 
comparative study. Int J Occup Med Environ Health 25:418–425. 
https ://doi.org/10.2478/S1338 2-012-0044-4

 31. Wanberg CR, Banas JT (2000) Predictors and outcomes of open-
ness to changes in a reorganizing workplace. J Appl Psychol 
85:132–142

Picture: Francesca I. Cavallaro, 
David Facal, Lucia Pigini, Mar-
cus Mast, Lorenzo Blasi. Pro-
ject Multi-Role Shadow Robotic 
System for Independent Living. 
http://srs-proje ct.eu/sites /defau 
lt/files /SRS%20247 772%20DEL 
IVERA BLE%201.1.pdf

https://doi.org/10.1007/s12369-018-0471-x
https://doi.org/10.1007/s12369-018-0471-x
https://doi.org/10.1007/s12369-017-0452-5
https://doi.org/10.1007/s12369-017-0452-5
https://doi.org/10.1186/1748-5908-4-67
https://doi.org/10.1007/s12369-009-0019-1
https://doi.org/10.1007/s10202-011-0098-6
http://www.ifr.org/service-robots/statistics
http://www.ifr.org/service-robots/statistics
https://doi.org/10.1287/mnsc.46.2.186.11926
https://doi.org/10.2478/S13382-012-0044-4
http://srs-project.eu/sites/default/files/SRS%20247772%20DELIVERABLE%201.1.pdf
http://srs-project.eu/sites/default/files/SRS%20247772%20DELIVERABLE%201.1.pdf
http://srs-project.eu/sites/default/files/SRS%20247772%20DELIVERABLE%201.1.pdf


89International Journal of Social Robotics (2020) 12:79–90 

1 3

 32. Watkins KE, Marsick VJ (1993) Sculpting the learning organiza-
tion: lessons in the art and science of systemic change. Jossey-
Bass, San Francisco

 33. Baer M, Tilliette M, Jeleff A, Ozguler A, Loeb T (2014) Assisting 
older people: from robots to drones. Gerontechnology 13:57–58. 
https ://doi.org/10.4017/gt.2014.13.1.012.00

 34. Bokkelen (2015) Demographic transition, health care challenges, 
and the impact of emerging international regulatory trends 
with relevance to regenerative medicine. Curr Stem Cell Rep 
1:102–109

 35. Vallor S (2011) Carebots & caregivers: sustaining the ethical ideal 
of care in the twenty-first century. Philos Technol 24:251–268

 36. Fabrigar LR, Wegener DT (2010) Attitude Structure. In: 
Baumeister RF, Finkel EJ (eds) Advanced social psychology: 
the state of the science. Oxford University Press, New York, pp 
177–216

 37. Davis FD, Bagozzi RP, Warshaw PR (1989) User acceptance of 
computer technology: a comparison of two theoretical models. 
Manag Sci 35:982–1003. https ://doi.org/10.1287/mnsc.35.8.982

 38. Bandura A (2000) Exercise of human agency through collective 
efficacy. Curr Dir Psychol Sci 9:75–78

 39. Cross BL, MacDonald M (2013) Developing a relationship with 
the computer in nursing practice: a grounded theory. Can J Nurs 
Res 45:114–137

 40. Fishbein M, Ajzen I (1975) Belief, attitude, intention, and behav-
ior: an introduction to theory and research. Addison-Wesley, 
Reading

 41. Wainwright D (2008) The training manager as a change agent. 
Train J 1:56–59

 42. Venkatesh V, Morris MG, Davis GB, Davis FD (2003) User 
acceptance of information technology: toward a unified view. MIS 
Q 27:425–478

 43. Haslam SA (2003) Social identity at work: developing theory for 
organizational practice. Psychology Press, New York

 44. Chen NH, Huang CT (2016) Domestic technology adoption: com-
parison of innovation adoption models and moderators. Hum Fac-
tors Ergon Manuf 26:177–190

 45. Malhotra Y, Galletta DF (1999) Extending the technology accept-
ance model to account for social influence: theoretical bases and 
empirical validation. In: Proceedings of the 32nd Hawaii interna-
tional conference on system science, pp 1–14

 46. Bandura A (1977) Self-efficacy: toward a unifying theory of 
behavioral change. Psychol Rev 84:191–215

 47. Bandura A (1986) Social foundations of thought and action: a 
social cognitive theory. Prentice-Hall, NJ

 48. Bandura A (1997) Self-efficacy: the exercise of control. Freeman, 
New York

 49. Flandorfer P (2012) Population ageing and socially assis-
tive robots for elderly persons: the importance of sociodemo-
graphic factors for user acceptance. Int J Popul Res. https ://doi.
org/10.1155/2012/82983 5

 50. Jeng C, Braun LT (1994) Bandura’s self-efficacy theory: a 
guide for cardiac rehabilitation nursing practice. J Holist Nurs 
12:425–436

 51. Marakas GM, Yi MY, Johnson RD (1998) The multilevel and 
multifaceted character of computer self-efficacy: toward clarifica-
tion of the construct and an integrative framework for research. 
Inf Syst Res 9:126–163

 52. Chen G, Gully SM, Eden D (2001) Validation of a new general 
self-efficacy scale. Organ Res Meth 4:62–83

 53. Bandura A (1989) Human agency in social cognitive theory. Am 
Psychol 44:1175–1184

 54. Compeau DR, Higgins CA (1991) A social cognitive theory per-
spective on individual reactions to computing technology. In: Pro-
ceedings of the twelfth international conference on information 
systems, ACM Dec 1991, pp 187–198

 55. Ajzen I (2002) Perceived behavioral control, self-efficacy, locus 
of control, and the theory of planned behavior. J Appl Soc Psychol 
32:665–683

 56. McDonald T, Siegall M (1996) Enhancing worker self-efficacy: an 
approach for reducing negative reactions to technological change. 
J Manag Psychol 11:41–44. https ://doi.org/10.1108/02683 94961 
01105 50

 57. Koistinen P, Lilja K (1988) Consensual adaptation to new technol-
ogy. In: Hyman R, Streeck W (eds) New technology and industrial 
relations. Basil Blackwell, NY, pp 265–272

 58. Ornston D (2012) Old Ideas and new investments: divergent path-
ways to a knowledge economy in Denmark and Finland. Govern-
ance 25:687–710

 59. Marasovic C, Kenney C, Elliott D, Sindhusake D (1997) Attitudes 
of Australian nurses toward the implementation of a clinical infor-
mation system. Comput Nurs 15:91–98

 60. Katz JE, Halpern D (2014) Attitudes towards robots suitability for 
various jobs as affected robot appearance. Behav Inform Technol 
33:941–953

 61. Nomura T, Kanda T, Suzuki T (2006) Experimental investigation 
into influence of negative attitudes toward robots on human–robot 
interaction. AI Soc 20:138–150

 62. Höflich JR, El Bayed A (2015) Perception, acceptance, and the 
social construction of robots—exploratory studies. In: Vincent 
J, Taipale S, Sapio B, Lugano G, Fortunati L (eds) Social robots 
from a human perspective. Springer, London, pp 39–51

 63. de Graaf M, Allouch Ben (2013) Exploring influencing variables 
for the acceptance of social robots. Rob Auton Syst 61:1476–1486

 64. Egan TM, Yang B, Bartlett KR (2004) The effects of organi-
zational learning culture and job satisfaction on motivation to 
transfer learning and turnover intention. Hum Resour Dev Q 
15:279–301

 65. Schyns B (2004) The Influence of occupational self-efficacy on 
the relationship of leadership behavior and preparedness for occu-
pational change. J Career Dev 30:247–261

 66. Hartwick J, Barki H (1994) Explaining the role of user participa-
tion in information systems use. Manag Sci 40:440–465

 67. Ailasmaa R (2014) Health care and social welfare personnel 2013. 
https ://www.thl.fi/fi/tilas tot/tilas tot-aihei ttain /sosia ali-ja-terve 
ydenh uollo n-henki losto . National Institute for Health and Welfare

 68. Eurobarometer (2014) Public attitudes towards robots. https ://doi.
org/10.4232/1.12265 

 69. Marshak RJ (2006) Covert processes at work: managing the five 
hidden dimensions of organizational change. Berrett-Koehler, San 
Francisco

 70. Turja T, Rantanen T, Oksanen A (2017) Robot use self-efficacy 
in healthcare work (RUSH): development and validation of a new 
measure. AI & Soc. https ://doi.org/10.1007/s0014 6-017-0751-2

 71. Romppel M, Herrmann-Lingen C, Wachter R, Edelmann F, Dün-
gen H-D, Pieske B, Grande G (2013) A short form of the General 
Self-Efficacy Scale (GSE-6): development, psychometric prop-
erties and validity in an intercultural non-clinical sample and a 
sample of patients at risk for heart failure. Psychosoc Med 10:1–7

 72. Wanous JP, Reichers AE, Hudy MJ (1997) Overall job satisfac-
tion: how good are single-item measures? J Appl Psychol 82:247

 73. Maillet É, Mathieu L, Sicotte C (2015) Modeling factors explain-
ing the acceptance, actual use and satisfaction of nurses using an 
Electronic Patient Record in acute care settings: an extension of 
the UTAUT. Int J Med Inform 84:36–47

 74. Korvajärvi P (2004) Women and technological pleasure at work? 
In: Heiskanen T, Hearn J (eds) Information society and the work-
place: spaces, boundaries and agency. Routledge, London, pp 
125–142

 75. Mitzner TL, Boro JB, Fausset CB, Adams AE, Charness N, Czaja 
SJ, Dijkstra K, Fisk AD, Rogers WA, Sharit J (2011) Older adults 

https://doi.org/10.4017/gt.2014.13.1.012.00
https://doi.org/10.1287/mnsc.35.8.982
https://doi.org/10.1155/2012/829835
https://doi.org/10.1155/2012/829835
https://doi.org/10.1108/02683949610110550
https://doi.org/10.1108/02683949610110550
https://www.thl.fi/fi/tilastot/tilastot-aiheittain/sosiaali-ja-terveydenhuollon-henkilosto
https://www.thl.fi/fi/tilastot/tilastot-aiheittain/sosiaali-ja-terveydenhuollon-henkilosto
https://doi.org/10.4232/1.12265
https://doi.org/10.4232/1.12265
https://doi.org/10.1007/s00146-017-0751-2


90 International Journal of Social Robotics (2020) 12:79–90

1 3

talk technology: technology usage and attitudes. Comput Hum 
Behav 26:1710–1721

 76. Niehaves B, Plattfaut R (2014) Internet adoption by the elderly: 
employing IS technology acceptance theories for understanding 
the age-related digital divide. Eur J Inf Syst 23:708–726

 77. Skytt B, Ljunggren B, Carlsson M (2007) Reasons to leave: the 
motives of first-line nurse managers for leaving their posts. J Nurs 
Manag 15:294

 78. Cassidy S, Eachus P (2002) Developing the computer user self-
efficacy (CUSE) scale: investigating the relationship between 
computer self-efficacy, gender and experience with computers. J 
Educ Comput Res 26:133–153

Publisher’s Note Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

Tuuli Turja is a researcher (BA Psych, MSocSci) at the Tampere Uni-
versity’s Faculty of Social Sciences and in the project Robots and the 
Future of Welfare Services. Her research focuses on social psychology 
of robotization and occupational changes.

Sakari Taipale (DrSocSci) is a senior lecturer at the University of 
Jyväskylä, where he serves as a research group leader of the Centre 
of Excellence in Research on Ageing and Care (CoEAgeCare). His 
research interests relate to digital technologies and social robotics.

Markus Kaakinen (DrSocSci) is a postdoctoral researcher at the Insti-
tute of Criminology and Legal Policy at the University of Helsinki. His 
research focuses on cyberpsychology and digital technologies.

Atte Oksanen (DrSocSci) is professor of social psychology at the Tam-
pere University, Finland. His research focuses on social media and 
emerging technologies.


	Care Workers’ Readiness for Robotization: Identifying Psychological and Socio-Demographic Determinants
	Abstract
	1 Introduction
	2 Readiness for Organizational Change
	3 Individual Determinants of Technological Change Readiness
	4 Method
	4.1 Data
	4.2 Dependent Variable
	4.3 Independent Variables
	4.4 Statistical Procedures

	5 Results
	5.1 Preliminary Analysis
	5.2 Multivariate Analysis of CRR
	5.3 Differences Between Models

	6 Discussion
	6.1 Limitations and Future Research

	7 Conclusion
	References




