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Social robots are robots that can interact and communicate with people in accordance
with social norms. They are increasingly implemented in various environments including
healthcare, education and the service industry. Individual differences, such as personality
traits and attitudes are drivers of human social behaviours and interactions. As robots are
increasingly developed as social agents, the drive to develop more socially acceptable,
user-centered robots calls for a synthesis of existing findings to improve our
understanding how user traits and attitudes influence human-robot interactions (HRI).
Understanding the role of individual differences, and their impact on lived experience, is
crucial for designing interactions that are better tailored to users. Currently, it is unclear
whether or how personality traits and user attitudes affect HRI, which interaction
modalities are being investigated and what is the quality of existing evidence. To address
these questions, we conducted a systematic search of the literature, yielding 56 articles,
from which we extracted relevant findings. As some of the studies included qualitative
outcomes, we used a mixed methods meta-aggregation, in which findings were grouped
into categories to form more general synthesized findings. We found evidence that user
personality traits and attitudes are indeed correlated with social HRI outcomes, including
extraversion being associated with preferred distance from the robot, preference for
similar robot personality traits, users’ impressions of robots and behavior towards robots.
Our analysis also revealed that existing evidence has limitations which prevent us from
drawing unambiguous conclusions, such as disparate interaction outcome measures, lack

of comparison between different robots and small sample sizes. We provide a
comprehensive summary of the existing evidence and propose that these findings can
guide the development of research hypotheses to extend knowledge and to provide
clarification where the existing literature is ambiguous or contradictory. Findings that
warrant future investigation include different preferred robot behaviours based on
extroversion and introversion, the impact of user traits on perceived robot
anthropomorphism and social presence of the robot.

The growing interest in introducing social robots into
various environments such as healthcare (Dawe et al., 2019;
Kachouie et al., 2014) and education (Belpaeme et al.,
2018), is accompanied by a need for a better understanding
of which factors contribute to successful and beneficial hu-
man-robot interactions (HRI). For this study, we used the
definition of social robots based on a review by Sarrica
et al., which identified features most commonly attributed
to social robots. By this definition, a social robot is au-
tonomous; has a physical body; identifies and responds to
cues from the environment; is capable of social interaction

and execution of social rules (Sarrica et al., 2019). We se-
lected this definition as it emphasizes the embodiment of
the robot, its existence within the environment and ability
to socially interact with users.

Social robots share features of technological artifacts
and social agents, and as such are compelling target for in-
vestigations of dyadic human-robot interactions. This work
commonly applies the Computers Are Social Actors (CASA)
framework, which is centered around the idea that humans
interact with computers in a manner similar to interacting
with other agents (Nass & Moon, 2000). Since robots are
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technological artifacts like computers, CASA proposes that
interaction with robots will follow the same patterns as in-
teraction with computers. For instance, studies within this
framework suggest that social biases that humans have ex-
tend to their treatment of machines. Since people’s rela-
tionship with technology and the technology itself have
changed since CASA was first proposed, new iterations of
the framework suggest expanding it to account for unique
human-media interaction scripts that are likely to be dif-
ferent from human-human interactions (Gambino et al.,
2020) and there is growing evidence that computers alone
no longer elicit social behaviours from humans (e.g.,Hey-
selaar, 2023). Since the available technology has become
more prevalent, interactive and customizable it is more
likely that people have developed unique ways of inter-
acting with devices, that cannot be directly attributed to
treating machines like social actors. Alternative theories
are emerging seeking to explain human interactions with
social robotics, such as “social robots as depictions of social
agents” (Clark & Fischer, 2023).

Designing robot interactions that are tailored to users is
important for social robot acceptance and sustained use. To
be successful, social robots not only need to functionally
address particular user needs in an application area (Robil-
lard & Kabacinska, 2020), but also be responsive and adap-
tive to user characteristics and emotions, due to the na-
ture of social interactions they provide. A good fit between
the robot and user is especially important for assistive so-
cial robot applications, which is evidenced by a growing in-
terest in creating emotionally-aligned assistive technology
(Ghafurian et al., 2020; Robillard & Hoey, 2018). Thus, the
quality of interaction with a social robot is dependent on
their ability to accommodate specific users. Ultimately, the
right robot-user fit will facilitate social robots’ effective-
ness, usefulness and have a positive impact on interaction
outcomes in domains such as health (Pu et al., 2019) and
education (Belpaeme et al., 2018).

One potentially influential factor of interest in HRI that
plays a central role in human-human interactions are hu-
man personality traits. The American Psychological Associ-
ation defines personality as “individual differences in char-
acteristic ~ patterns of  thinking, feeling and
behaving” (Personality, n.d.). This study focuses on person-
ality traits, as they are a dimension of personality that is
measurable by a variety of questionnaires and thus compa-
rable. Additionally, since certain social behaviours are as-
sociated with well-defined personality traits, it is also fea-
sible to endow social robots with behaviour patterns that
are consistent with certain personality traits. However, as
McAdams (1995) points out, comparability and noncondi-
tionality of personality traits also constitute limitations to
this approach of personality description, as traits do not
capture the full nuance of personality that cannot be de-
scribed in terms of traits alone. McAdams (1995, 2013) pro-
posed a three-domain model, in which together with traits,
personality is described by characteristic adaptations and
integrative life narratives. While social robots can exhibit
or simulate certain personality traits, which in turn could
likely impact social interaction, the possibility of existence

(or simulation) of the other two dimensions of personal-
ity is much less likely. Characteristic adaptations would re-
quire a social robot to have goals, values, plans and thus
individual agency (McAdams, 2013). Whether social robots
can have agency is a debated topic (Alac¢, 2016; Ziemke,
2023), however, social robots will not have integrative life
narratives. As such, for this systematic review, the focus is
on personality traits which are the most relevant for social
HRI, as they can be manipulated and measured.

While many models for personality traits have been es-
tablished, the dominant model is the Big Five, developed
through a factor analysis of personality traits. The Big Five
posits that the traits are clustered in five broad domains:
extraversion, agreeableness, conscientiousness, neuroti-
cism and openness (Goldberg, 1993). Other models that
have been put forward include Eysenck’s personality di-
mensions and Cloninger’s psychobiological model of tem-
perament and character. Both these models were aimed at
providing an explanation of the biological underpinnings of
personality, rather than a descriptive taxonomy. Eysenck’s
model is based on three factors — extroversion, neuroticism
and psychoticism, and Cloninger’s model includes novelty
seeking, harm avoidance, reward dependence, persistence,
self-directedness, cooperativeness and self-transcendence
(Boyle et al., 2008; Cloninger et al., 1993). As researchers
in HRI attempt to model user-robot interactions to make
robots more responsive and acceptable to different users,
modeling personality, in particular using quantitative met-
rics, is a compelling research area.

Attitudes towards robots are a second factor of interest
in the present review, as they are frequently linked to be-
havioural intention to interact with robots (de Graaf &
Ben Allouch, 2013; Nomura et al., 2008). In fact, both the
Almere Model (Heerink et al., 2010) and Model of Domestic
Social Robot Acceptance (de Graaf et al., 2019) identify atti-
tudes as potentially contributing to social robot acceptance.
A review by Naneva et al., which consolidates the evidence
regarding attitudes, acceptance and trust towards social ro-
bots, suggests that generally, people have moderately posi-
tive attitudes towards robots (Naneva et al., 2020). It is un-
clear, however, how individual variation in user attitudes
may impact the quality and outcome of interaction with so-
cial robots. Additionally, it is uncertain whether attitudes
towards social robots are meaningfully related to user per-
sonality traits.

A recent review provides a broad overview of personality
traits research in HRI and divides the topics of interest into
1) robot personality traits, 2) human personality traits, 3)
interactions between human and robot personality traits
and 4) facilitating robot personality traits (Robert, 2018).
The authors also proposed a Human-Robot Integrative Per-
sonality Model, which conceptualized the relationships be-
tween these topics of interest and HRI outcomes. While this
work provides a useful foundation for understanding of per-
sonality traits in HRI, a synthesis of findings is needed to
establish whether personality traits are likely to influence
a person’s interaction with a robot and what role attitudes
towards robots play in these interactions. Further, the use
of different methods and models makes it challenging to
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rapidly compare and synthesize existing work into a foun-
dation for future work. In this review, we aimed to address
the following questions:

1. How do human personality traits impact social HRI?
2. How do attitudes towards robots impact HRI?
3. What modes of HRI interaction have been investi-

gated?

4. What interaction outcome measures are commonly
used?

5. What personality trait measures are used in HRI re-
search?

6. What is the quality of existing evidence regarding the
impact of personality traits and user attitudes on in-
teractions with social robots?

To address these questions and to establish a detailed
view of human personality traits as a factor in HRI, we con-
ducted a systematic review of the literature focused on 1)
individual differences (traits) of the users, 2) user’s atti-
tudes towards robots and their impact on the interaction
with social robots.

Methods

We conducted a systematic review of the literature on
user personality traits and attitudes as predictors of hu-
man-robot interaction. We registered our review protocol in
the PROSPERO database [CRD42021233557].

Eligibility Criteria

We considered English-language peer-reviewed journal
articles and conference proceedings, with no restrictions
based on date. To be included, we required that studies con-
tain a quantitative measure of personality traits or attitude,
and report outcomes (either quantitative or qualitative) re-
lated to an interaction between a person and a social robot.
To reduce the variability of the interaction outcome mea-
sures and to improve our ability to compare between the
studies, our sample only included research that involved di-
rect human-robot interaction; studies were excluded if they
involved the participant observing a third party interacting
with a robot, or viewing photos or video. Included studies
could feature participants of any age or diagnostic group.

Literature Search

The literature search was conducted on November 14,
2020 using the following electronic databases: MEDLINE®,
IEEE (including ACM), EMBASE, PsycINFO, and Web of Sci-
ence. Search strategy was developed in consultation with a
research librarian. Exact search terms varied slightly across
databases, but included: (robot*), AND (interaction®) OR
(relationship*), AND (personality) OR (attitude®). Full details
are available in Supplementary Text S1.

Data Collection

A data extraction template was developed and piloted by
K.K and J.A.D. Following piloting and discussion, the fol-
lowing data were extracted from each paper: bibliographic

information (publication type, year of publication, etc.),
country of study, relevant research aims, study design, hu-
man-robot interaction protocol, robot used and its charac-
teristics (humanoid/non-humanoid, speaking/non-speak-
ing, etc.), mode of robot control, predictive and outcome
measures, participant characteristics, and findings.

To assess risk of bias, we used a modified version of an
existing assessment tool which has been previously used to
evaluate the literature on attitudes and anxiety directed at
social robotics (Naneva et al., 2020). The quality measure
assessed each paper in two broad domains 1) Study validity
and 2) Outcome measure quality. The assessment includes
three questions to evaluate study validity focusing on ex-
istence of alternative explanations, sampling bias and rep-
resentativeness of the sample. These dimensions should be
measurable during review of the paper and are important
for gauging the quality of the reported results. We chose to
evaluate outcome measure quality because it is vital for de-
termining whether or not there was an effect of personal-
ity traits or attitudes towards robots on the HRI. Thus, for
outcome measures we have asked questions regarding va-
lidity, test-retest reliability and internal consistency. Addi-
tionally, we have added the size of the sample to the qual-
ity criteria. The full instrument used for quality assessment,
including the definitions user for “Low” and “High” assess-
ment, is included in Supplementary Text S2.

Data analysis

The sample obtained in this study was not suitable for
meta-analysis due to the heterogeneity outcome measures,
both qualitative and quantitative, and robot-interaction
protocols. As a result, based on guidance from the Joanna
Briggs Institute (JBI) on mixed methods systematic reviews,
we took a convergent integrated approach to analysing the
data (Stern et al., 2020). This approach allows for combin-
ing qualitative and quantitative data to perform a synthesis.
As recommended by JBI, we transformed all quantitative
results from reviewed studies into qualitative statements.
Once all data was in qualitative form, we performed meta-
aggregation of all findings. In this process, the statements
describing results from all included studies were catego-
rized. The resulting categories were then combined to form
synthesized findings (Pearson et al., 2011). This process was
collaborative, with two authors (K.K and J.A.D.) reaching
consensus through discussion.

Results
Search Outcomes

An initial pool of 5267 references was obtained (Figure
1). These materials were managed using Covidence, an on-
line software platform (Veritas Health Innovation, n.d.).
First, duplicate results were removed. Then, authors K.K
and J.A.D. each screened the titles and abstracts of all works
against the inclusion/exclusion criteria. Disagreements
were resolved through discussion. The two authors then in-
dependently examined the full text of the remaining po-
tentially eligible studies, with further discussion of any dis-

Collabra: Psychology 3

d-a[one/e1qe||00/Npa’ssaidon-auljuoy/:dpy woly papeojumod

1176202 ©1qeII00/€€9/G8/SLLEZLILILLIP

620z Ae|N g0 uo Jasn plaiyeys Jo ANsIoAuN Ag Jpd'GLLeZL L



Influence of User Personality Traits and Attitudes on Interactions With Social Robots: Systematic Review

5265 Citation(s)

4268 Non-Duplicate

Citations Screened

Inclusion/Exclusion
Criteria Applied

4157 Articles Excluded
After Title/Abstract Screen

Y
111 Articles Retrieved

Inclusion/Exclusion
Criteria Applied

50 Articles Excluded
After Full Text Screen

5 Articles Excluded

During Data Extraction

Y

56 Articles Included

Figure 1. PRISMA diagram of systematic search process.

crepancies. A final set of fifty-six eligible studies were
identified and subjected to extraction.

Study Characteristics

The characteristics of studies included in this review are
summarized in Table 1. The number of participants in the
studies ranged from 3 to 164 (mean = 46).

Full summary of included studies is shown in Table 2.
Number of publications by year is depicted in Figure 2.

After data extraction and qualitization of the findings,
we obtained 102 individual findings that related to our
guiding questions (see introduction).

The findings were subsequently grouped into 31 cate-
gories and formed 11 synthesized findings. Two findings re-
mained ungrouped. Supplemental Table S1 contains all the
findings, categories and synthesized findings.

Quality Assessment of Included Studies

The summary of quality assessment is available in Table
3. The overall assessment is based on the total rankings a
study has received. If a study scored High, Low or Unsure in
at least half (4/8 or more) of assessment areas, the overall
score was the same as the majority of the scores. If no clear
majority of assessments could be established, the overall
ranking of the study was rated as Unsure. There were 8 stud-
ies in the sample that received an overall High quality score,
35 studies received an overall Low score and for 13 studies

we were unable to establish a quality assessment score with
the information available in the publications.

User Personality Traits

The most frequently used measure of personality traits
in the reviewed studies was the Big Five Personality Inven-
tory e.g., (Gosling et al., 2003; Rammstedt & John, 2007)
(k=1T7). One specific measure based on this model was NEO
Personality Inventory-3 (Costa & Mccrea, 1992). The sec-
ond most frequently used measure were the Eysenck Per-
sonality Inventory and Questionnaire (Eysenck, 1991;
Eysenck & Eysenck, 1965) used in 5 studies. The detailed
information on user trait measures is summarized in Table
4.

The Association Between User Traits, Robot Traits
and HRI Assessment. Establishing the association be-
tween user traits and general interaction outcomes such as
interaction length, preference for the robot, engagement
with the robot and evaluation of the robot was the domi-
nant theme in 17 extracted study findings (Agrigoroaie &
Tapus, 2020; Aly & Tapus, 2013, 2016; Andrist et al., 2015;
Celiktutan et al., 2019; Celiktutan & Gunes, 2015; Cor-
reia et al., 2019; Craenen et al., 2018; Cruz-Maya & Tapus,
2017; K. M. Lee et al., 2006; Park et al., 2012; So et al., 2008;
Tapus et al., 2008).

For some users, interacting with robots matching their
traits led to more positive human-robot interaction out-
comes. Users tended to prefer robots that match their traits
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Table 1. Study characteristics

Study characteristic

Number of studies

References

Conference
proceedings

33

(Cruz-Maya & Tapus, 2016a; Andrist et al., 2015; Bechade et al., 2015; Craenen
et al., 2018; Cruz-Maya & Tapus, 2017; Cruz-Maya & Tapus, 2016b; de Graaf &
Ben Allouch, 2013; Haring et al., 2013; HeeSeon Abe et al., 2017; Bernotat &
Eyssel, 2017; Brandstetter et al., 2017; Celiktutan & Gunes, 2015; Haring et al.,
2015; Hwang & Lee, 2013; Jeong et al., 2020; Jung et al., 2012; Kanero et al.,
2018; Kimoto et al., 2016; N. Lee et al., 2011; Li et al., 2020; Nitsch & Glassen,
2015; Nomura et al., 2007; Nomura & Kawakami, 2011; Obaid et al., 2016; Rossi
et al., 2018; Salem et al., 2015; So et al., 2008; Stafford et al., 2010; Takayama &
Pantofaru, 2009; Tapus et al., 2008; Woods et al., 2005; Wullenkord et al., 2016)

Journal articles

23

(Agrigoroaie et al., 2020; Aly & Tapus, 2013, 2016; Bjorling et al., 2020;
Celiktutan et al., 2019; Correia et al., 2019; Dziergwa et al., 2018; Gaudiello et
al., 2016; Ivaldi et al., 2017; Ke et al., 2020; K. M. Lee et al., 2006; Leichtmann &
Nitsch, 2021; Looije et al., 2010; Nomura et al., 2008; Park et al., 2012; Rossi et
al., 2020; Salam et al., 2017; Spatola & Wudarczyk, 2021; Stafford et al., 2014;
Tay et al., 2014; Thepsoonthorn et al., 2018; Xu, 2019)

Country of origin

Number of studies

References

France 12 (Aly & Tapus, 2013; Cruz-Maya & Tapus, 2016a; Agrigoroaie et al., 2020;
Agrigoroaie & Tapus, 2020; Aly & Tapus, 2016; Bechade et al., 2015; Cruz-Maya
& Tapus, 2017; Cruz-Maya & Tapus, 2016b; Gaudiello et al., 2016; Ivaldi et al.,
2017; Salam et al., 2017; Spatola & Wudarczyk, 2021)

Japan 8 (Abe et al., 2017; Haring et al., 2013; Kimoto et al., 2016; Nomura et al., 2007,
2008; Nomura & Kanda, 2012; Nomura & Kawakami, 2011; Thepsoonthorn et
al., 2018),

USA 7 (Andrist et al., 2015; Bjorling et al., 2020; Jeong et al., 2020; K. M. Lee et al.,
2006; Takayama & Pantofaru, 2009; Tapus et al., 2008; Xu, 2019)

South Korea 5 (HeeSeon Hwang & Lee, 2013; Jung et al., 2012; N. Lee et al., 2011; Park et al.,
2012; So et al., 2008)

United Kingdom 5 (Celiktutan et al., 2019; Celiktutan & Gunes, 2015; Craenen et al., 2018; Salem et
al., 2015; Woods et al., 2005)

Germany 4 (Bernotat & Eyssel, 2017; Leichtmann & Nitsch, 2021; Nitsch & Glassen, 2015;
Waullenkord et al., 2016)

New Zealand 4 (Brandstetter et al., 2017; Obaid et al., 2016; Stafford et al., 2010, 2014)

The Netherlands 2 (de Graaf & Ben Allouch, 2013; Looije et al., 2010)

Italy 2 (Rossi et al., 2018, 2020)

Portugal 1 (Correiaetal., 2019)

China 1 (Lietal., 2020)

Hong Kong 1 (Ke et al., 2020)

Poland 1 (Dziergwa et al., 2018)

Australia 1 (Haring et al., 2015)

Turkey 1 (Kanero et al., 2018)

Singapore 1 (Tay etal., 2014)

Study design Number of studies References

Between-subjects
design

28

(Cruz-Maya & Tapus, 2016b; Agrigoroaie et al., 2020; Andrist et al., 2015;
Craenen et al.,, 2018; Gaudiello et al., 2016; Haring et al., 2013; HeeSeon Abe et
al., 2017; Bernotat & Eyssel, 2017; Brandstetter et al., 2017; Celiktutan & Gunes,
2015; Hwang & Lee, 2013; Ivaldi et al., 2017; Jung et al., 2012; Kanero et al.,
2018; K. M. Lee et al., 2006; Leichtmann & Nitsch, 2021; Li et al., 2020; Nomura
et al,, 2007, 2008; Nomura & Kanda, 2012; Nomura & Kawakami, 2011; Park et
al., 2012; Salem et al., 2015; So et al., 2008; Spatola & Wudarczyk, 2021; Tay et
al., 2014; Wullenkord et al., 2016; Xu, 2019)

Within-subjects 15 (Agrigoroaie & Tapus, 2020; Aly & Tapus, 2013, 2016; Bechade et al., 2015;

design Correia et al., 2019; Cruz-Maya & Tapus, 2017; Cruz-Maya & Tapus, 2016a;
Kimoto et al., 2016; Looije et al., 2010; Obaid et al., 2016; Rossi et al., 2020;
Stafford et al., 2014; Tapus et al., 2008)

Other designs and 11 (Celiktutan et al., 2019; Chen et al., 2020; de Graaf & Ben Allouch, 2013; Haring

mixed designs

et al.,, 2015; Jeong et al., 2020; K. M. Lee et al., 2006; Nitsch & Glassen, 2015;
Rossi et al., 2018; Salam et al., 2017; Stafford et al., 2010; Takayama & Pantofaru,
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Study characteristic

Number of studies

References

2009)

Qualitative design

2

(Bjorling et al., 2020; Dziergwa et al., 2018)

Robots used in the
studies

Number of studies

References

Humanoid robots

39

(Aly & Tapus, 2013; Cruz-Maya & Tapus, 2016a; Agrigoroaie & Tapus, 2020;
Andrist et al., 2015; Bechade et al., 2015; Chen et al., 2020; Craenen et al., 2018;
Cruz-Maya & Tapus, 2017; Cruz-Maya & Tapus, 2016b; de Graaf & Ben Allouch,
2013; Haring et al., 2013; Salam et al., 2017; HeeSeon Abe et al., 2017; Bernotat
& Eyssel, 2017; Celiktutan et al., 2019; Celiktutan & Gunes, 2015; Haring et al.,
2015; Kimoto et al., 2016; Leichtmann & Nitsch, 2021; Nitsch & Glassen, 2015;
Nomura et al., 2007, 2008; Nomura & Kanda, 2012; Nomura & Kawakami, 2011;
Obaid et al., 2016; Rossi et al., 2018, 2020; So et al., 2008; Spatola & Wudarczyk,
2021; Stafford et al., 2010, 2014; Thepsoonthorn et al., 2018; Xu, 2019)

Abstract robots

(Agrigoroaie et al., 2020; Bjorling et al., 2020; Jeong et al., 2020; Salem et al.,
2015; Takayama & Pantofaru, 2009; Tapus et al., 2008; Tay et al., 2014; Woods et
al., 2005)

Head-only robots

(Correiaetal., 2019; Dziergwa et al., 2018; Jung et al., 2012; Li et al., 2020; Park
etal,2012)

Animal-like robots

4

(Hwang & Lee, 2013; K. M. Lee et al., 2006; N. Lee et al., 2011; Looije et al., 2010)

Interaction type

Number of studies

References

Conversation with
the robot

18

(Aly & Tapus, 2013, 2016; Bjorling et al., 2020; de Graaf & Ben Allouch, 2013;
Salamet al., 2017; HeeSeon Brandstetter et al., 2017; Celiktutan et al., 2019;
Celiktutan & Gunes, 2015; Jeong et al., 2020; Kimoto et al., 2016; Leichtmann &
Nitsch, 2021; Li et al., 2020; Nomura et al., 2008; Nomura & Kanda, 2012; So et
al., 2008; Spatola & Wudarczyk, 2021; Stafford et al., 2010, 2014; Xu, 2019)

Free interaction 7 (Abe et al., 2017; Bernotat & Eyssel, 2017; Chen et al., 2020; Dziergwa et al.,
2018; Haring et al., 2015; Hwang & Lee, 2013; K. M. Lee et al., 2006)

Playing a game 6 (Andrist et al., 2015; Bechade et al., 2015; Correia et al., 2019; Haring et al.,
2013, 2015; Nitsch & Glassen, 2015)

Proxemics task 3 (Nomura et al., 2007; Obaid et al., 2016; Takayama & Pantofaru, 2009)

Administration of 2 (Agrigoroaie & Tapus, 2020; Rossi et al., 2018)

assessment or

questionnaires by

the robot

Robot giving a 2 (Agrigoroaie & Tapus, 2020; Nomura & Kawakami, 2011)

speech

Observation of the 2 (Craenen et al., 2018; Cruz-Maya & Tapus, 2017)

robot

(Aly & Tapus, 2013, 2016; Andrist et al., 2015; Correia et
al., 2019; Craenen et al., 2018; HeeSeon Park et al., 2012; So
et al., 2008) have longer interactions with robots that have
traits similar to theirs (Agrigoroaie & Tapus, 2020; Andrist
et al., 2015; Tapus et al., 2008) and tended to be more en-
gaged and perform better in interactions with robots simi-
lar to them (Andrist et al., 2015; Celiktutan et al., 2019; Ce-
liktutan & Gunes, 2015). While these findings support the
similarity principle, some of the reviewed studies also pro-
vided evidence to support the complementarity principle.
In these studies, participants preferred the robots that ex-
hibited traits different from their own, or enjoyed the in-
teraction with these robots more than with those matching
their traits (Craenen et al., 2018; Cruz-Maya & Tapus, 2017;
K. M. Lee et al., 2006). These findings tended to be specific
to particular user groups. For instance, in a study by Cruz-
Maya and Tapus (Cruz-Maya & Tapus, 2017) extroverted fe-
male participants were found to prefer the distance of the

introverted robot in an interaction (0.8m distance, as op-
posed to 0.6m distance of the extroverted robot).

User Traits Are Related to Their Impressions of Ro-
bots. Another focus of investigation was whether user traits
are associated with perceptions or impressions of robots.
Extroversion was the most frequently investigated human
trait in this context. The reviewed studies found that ex-
troverted participants tend to anthropomorphize the robots
more (Park et al., 2012; Salem et al., 2015), report higher
psychological closeness to robots (Salem et al., 2015) and
perceive them as more friendly (Park et al., 2012). One
study reported findings providing evidence against positive
association between user extroversion and perceived an-
thropomorphism of the robot (Haring et al., 2015).

Other user traits such as emotional stability, attachment
style and trait loneliness were related to perceived anthro-
pomorphism of the robot (Dziergwa et al., 2018; Haring et
al., 2015; Li et al., 2020; Salem et al., 2015). Two findings
reported an association between user traits and perceived
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Table 2. Summary of included studies

Authors RQs, goals, hypotheses Intervention Length/ Robot used Robot Mode of N Age Gender g
type frequency type robot f_:
of control gs_
intervention I3
Tapus et al. Q1: Will users prefer a physical therapy robot that matches their Robot as a 20 mins per ActivMedia non- Pre- 12 18-30 8 males, S
(2008) personality? motivation robot Pioneer 2-DX humanoid programmed 4females Z
during stroke personality behaviours 2
rehabilitation. supporting %_
the 3
interaction s
=
Nomura et al. Q1: What are the relationships between negative attitudes and Robot proxemics One-time Robovie-M humanoid Pre- 17 mean 19.0 12 males, %
(2007) anxiety towards robots and allowable distance of a robot? task interaction programmed 5females 3
behaviours 5
selected by f=,
robot g

operator §_
Haring et al. H1: Individuals with extravert personality traits would make Economic trust One-time Actroid-F humanoid Some pre- 55 18-66, mean 18 males, g
(2013) higher offers in the trust game game interaction programmed 22.6 37 females
behaviours =
with some 3
teleoperation §
Park et al. Q1: What is the relationship between the human'’s personality and Reading a story Not given A facial head only Pre- 120 19-32, mean 60 males, §
(2012) his or her immersive tendency, anthropomorphism, friendliness, to arobot expression programmed 24.9 60 females 3
preference, and social presence? robot KMC- behaviours ]
EXPR supporting g
Q2: What is the relationship between the robot's personality and the “g’-
its immersive tendency, anthropomorphism, friendliness, interaction °®
presence, and social presence? §
Looije et al. G1: To find behavior for an electronic personal assistant that Robot as an 30 mins iCat animal Wizard-Of- 24 45-65 12 males, ':
(2010) improves the self-care capabilities of older adults. interviewer Oz operation 12 females :_\
Kimoto et al. Q1: What is the relationship between personality and robot's Object One-time Not named humanoid Other: Not 20 mean 35.5 10 males, §
(2016) interaction strategies in object recognition contexts in recognition interaction fully 10females 3
conversations? conversations described g
Cruz-Maya and H1: Close interaction (at the limit of interpersonal distance) will be Robot asa One-time Meka M1 humanoid Pre- 16 21-32 12 males, ‘g
Tapus (2016a) preferred by extroverted people and far interaction (1.5 times the motivation/ interaction programmed 4 females 2
limit of interpersonal distance) will be preferred by the reminder at behaviours g
introverted people in the task reminder. work supporting Z
the 2

interaction %ﬂr
Bechade et al. G1: To explore the relationships between audio cues, mental Emotional 2 sessions, Nao humanoid Pre- 37 21-62, mean 62% males, g
(2015) states, and personality traits in order to discover cues and recognition averages of programmed 35.1 38% g
correlations that can be exploited to build useful participant game with the 2:46 mins behaviours females g
profiles for social Human-Robot Interaction (HRI). robot, robot- and 2:26 supporting 2
directed social mins the g
interaction interaction 8
S
&
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# Authors RQs, goals, hypotheses Intervention Length/ Robot used Robot Mode of N Age Gender
type frequency type robot o
of control %
intervention g
9 Andrist et al. H1: Matching the robot’s personality to the user’s personality will Playing a game Not given Meka humanoid Pre- 40 20-58, mean 24 males, &
(2015) improve the user’s subjective ratings of the robot’s performance. with the robot programmed 30.6 6females &
behaviours i
H2: Matching the robot’s personality to the user’s personality will supporting g
improve compliance with the robot’s requests to engage in the the §
task for a longer period of time. interaction §
c
H3: The user’s intrinsic motivation for the task will interact with ﬁ
the personality-matching effect on compliance. Users with low ﬁ
intrinsic motivation will be more affected by personality-matching 3
than users with high intrinsic motivation. ;\,
10 Stafford et al. Q1: Are participants’ attitudes towards robots and drawings of Conversation 5 mins per ELIZA humanoid Pre- 20 55-71, mean 7 males, S'
(2014) robots associated with their evaluations of a conversational robot with the robot each of the 6 programme programmed 64.5 13females &
and their BP and heart rate, after interacting with the robot? display ona behaviours E
conditions Peoplebot supporting E
robot the ]
interaction =
11 Aly and Tapus H1: The robot behavior that matches the user’s personality Conversation Average Nao humanoid Pre- 21 21-30 14 males, g
(2016) expressed through combined speech and gestures will be with the robot duration programmed 7 females 3
preferred by the user. was 3to 4 behaviours 2
mins supporting g
the ]
interaction 8
12 Craenenetal. G1: To verify whether the similarity-attraction effect — the Observing One-time Pepper humanoid Pre- 30 Not given 10 males, 5
(2018) tendency of people with similar personality to like one another robotic gestures interaction programmed 20 females IB
applies in the case of synthetic (robotic) gestures. behaviours N
supporting ':
the :_\
interaction 3
13 Correiaetal. G1: To assess the participants’ preferences regarding the choice of Playing a game Not given EMYS head only Pre- 61 17-32, mean 38 males, a
(2019) arobotic partner. with the robot programmed 23.66 23 females §
behaviours ,;;-“
supporting c
the 2
interaction %
14 Spatola and Q1: Do implicit attitudes towards robots predict explicit attitudes Conversation Not given Nao humanoid Pre- 37 mean 19.4 18 males, &
Wudarczyk towards robots, semantic distance between robots and humans, with the robot, programmed 19 females %
(2021) anthropomorphic evaluations, and behaviour towards a real followed by behaviours §
robot? turning off the supporting a
robot. the %
Q2: Are they better predictors than explicit attitudes? interaction §
15 Leichtmann and G1: The effect of tendency to anthropomorphize on robot Conversation One-time Nao and humanoid Pre- 107 19-46, mean 79 males, 8
Nitsch (2021) behavior evaluation with the robot interaction Pepper programmed 23.28 28 females f,
behaviours N}
i~
(9]
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# Authors RQs, goals, hypotheses Intervention Length/ Robot used Robot Mode of N Age Gender
type frequency type robot o
of control %
intervention g
selected by 2
robot g
operator g
16 Rossi et al. G1: To evaluate the personality and Robot Not given Pepper humanoid Pre- 21 53-82, mean 8 females %
(2020) emotional aspects as factors affecting the interaction with the monitoring programmed 61 2
robotic platform during cognitive assessment. participant behaviours i
behaviour. supporting 8
G2: To evaluate the older adults' intention to accept the robotic the 2
platform as a psychometric tool. interaction E
17 Agrigoroaie, G1: To determine how do individuals (based on their RFT type) Questionnaire Not given Tiago non- Pre- 42 23-52, mean 21 males, g?
Ciocirlan and react when a robot appears at their doorway to ask them to administered by humanoid programmed 36.42 8 females §
Tapus (2020) perform a short questionnaire. the robot. behaviours 3
supporting g
the 2
interaction 193;
18 Bjorling et al. G1: To better understand how the robot should behave such that Conversation Not given EMAR V4, non- Wizard-Of- 62 14-18, mean 24 females, 3
(2020) users feel heard with the robot. Blossom humanoid Oz operation 16.77 32males, =
5non- g
binary %
19 Li et al. (2020) Q1 (study 3): What is the correlation between trait loneliness, Conversation 5 mins Social robot head only Pre- 51 mean 19.82 32males, o
robot anthropomorphism and acceptance (of robot)? with the robot prototype programmed 19 females §
behaviours =3
supporting &
the n
interaction §
20 Agrigoroaie and Q1: Can the ME-type of an individual influence the performance Robot delivering Not given Tiago Robot humanoid Pre- 24 Mean 27.38 19 males, I:
Tapus (2020) on a cognitive task with a robot? stressing or programmed 5 females :—\
encouraging behaviours N
Q2: What is the role of personality and sensory profile? speech during a supporting g
task. the g
interaction S
lo
21 Xu (2019) Q1: How will users’ attitudes toward robots interact with the Conversation 2-mins Alpha humanoid Pre- 110 18-34, mean 55males, ¢
social cues in predicting users’ social responses? with the robot programmed 20.4 55females 3
behaviours g
supporting S
the é
interaction %_
22 Nomura et al. G1: To clarify the relationship between negative attitudes, anxiety Conversation Not given Robovie humanoid Pre- 38 Mean 21.3 22 males, E
(2008) toward a robot, and behaviour towards it. with the robot programmed 16 females 5
behaviours S
supporting ]
the z
interaction <
&
&

Collabra: Psychology



Influence of User Personality Traits and Attitudes on Interactions With Social Robots: Systematic Review

# Authors RQs, goals, hypotheses Intervention Length/ Robot used Robot Mode of N Age Gender
type frequency type robot o
of control %
intervention g
23 Aly and Tapus H1: The robot’s behavior that matches user’s personality Conversation Not given Nao humanoid Pre- 21 21-30 7 females &
(2013) expressed through speech and gestures will be preferred by the with the robot programmed g
human user. behaviours i
supporting g
H2: The robot’s personality expressed through speech and the §
gestures will be perceived more expressive than the robot’s interaction 5
personality expressed just through speech by the human user. g
O
24 Jungetal. Q1: Will personality affect facial interactions between humans Robot mimics 135 seconds KMC-EXPR head only Pre- 40 Mean 23.2 Notgiven @
(2012) and robots? participants' programmed a
facial behaviours g
Q2: Do people prefer robots with similar personalities to expressions supporting §
themselves? the &
interaction g_,\’
25 Lee, Shin and Q1: How do perceptions of hedonic (for fun) and utilitarian Not specified 5 mins PLEO and animal Other: No 48 Not given 24males, £
Sundar (2011) (designed to complete a task) robots differ? Roomba (not info given 24 females 3
asocial 2
robot) §
26 Nitsch and Q1: How do attitude toward technology and robot behaviour Playing a game Not given NAO Next humanoid Wizard-Of- 48 Not given 35 males, §
Glassen (2015) influence interaction with a robot (in an ultimatum game)? with the robot Gen Oz operation 13 females g
27 Celiktutan, Q1: Does interacting with arobot 1-on-1 versus with another Conversation 10-15 mins Nao humanoid Wizard-Of- 18 Not given 9 males, g
Skordos and person impact prediction of a person's personality? with the robot Oz operation 9 females @
Gunes (2019) Q2: Are an acquaintance's predictions of someone's personality =3
easier to predict than self ratings of personality? ;’-‘-
28 Celiktutan and Q1: How do participant personality and robot personality Conversation 10-15 mins Nao humanoid Wizard-Of- Not Not given Not given IB
Gunes (2015) (extroversion/introversion) affect the participants' interaction with the robot Oz operation given IQ
experience with the robot? |:
29 Salam et al. G1: To analyse the role of personality in the prediction of human Conversation Not given Nao humanoid Pre- 18 Not given Not given '
(2017) participants' engagement states in Human-Human-Robot with the robot programmed §
Interactions. behaviours o
selected by 2
robot g
operator S
30 Bernotat and G1: To investigate the influence of user characteristics (positive Free interaction On average Meka Mobile humanoid Wizard-Of- 47 15-50 21males, §
Eyssel (2017) affect, technology commitment, Big 5 factors) on the evaluation of with the robot four Manipulator Oz operation 26 females <
interaction with an intelligent robot (H2). while completing interactions M1 %
daily tasksina during the E
robotics study 3
apartment o
31 Stafford et al. Q1: Do attitudes and emotions towards a healthcare robot change Conversation Not given Healthbot humanoid Pre- 53 68-92, mean 28.1% male %’
(2010) after meeting the robot? with the robot programmed 80.1 residents, 2
behaviours 4.8% male g
Q2: Do attitude and emotions, and changes in these variables, supporting staff(n=1) &
predict better robot ratings? the 5
(3]
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# Authors RQs, goals, hypotheses Intervention Length/ Robot used Robot Mode of N Age Gender
type frequency type robot o
of control %
intervention g
interaction %
32 de Graaf and G1: To explore the relation between people’s negative attitude and Conversation 5-10 mins Nao humanoid Pre- 60 18-28 28 males, E]
Allouch (2013) anxiety towards robots and human behavior in an interaction with with the robot programmed 32 females é
arobot. behaviours S
supporting 2
the i
interaction 8
[0
33 Woods et al. Q1: What is the relationship between human personality and Robot wanders Total testing PeopleBot non- Wizard-Of- 28 18-55 14 males, &
(2005) perceived robot personality? around the room took 1 hour. humanoid Oz operation 14 females %
while participant g
performs tasks §
34 Chenetal. G1: To examine the change in technology acceptance after a direct Free interaction ABAB Kabochan humanoid Autonomous 103 67-108, 21 males, ;‘:
(2020) interaction with a humanoid social robot. design with robot mean 87.2 82 females &
each phase 3
lasting 8 3
weeks 3
35 Thepsoonthorn, Q1: How do arobot's nonverbal behaviours affect likability and Robot gives a 2 mins per Nao humanoid Pre- 30 22-35, mean 18 males,
Ogawa and how does this interact with user personality (introvert/extravert)? speech trial x 2 programmed 26 12 females g
Miyake (2018) trials behaviours %
supporting 5
the @
interaction =
36 Takayama and G1: To explore factors that influence proxemic behaviour around a Robot proxemics One-time PR2 non- Robot either 30 19-55, mean 14 women, Ir%z-
Pantofaru robot. task intervention (personal humanoid teleoperated 28.9 16 men »
(2009) robot 2) or o
autonomous |:
37 Cruz-Maya and H1: The robot’s behavior generated after interactions with Observing One-time Pepper humanoid Pre- 26 20-47 9females '
Tapus (2017) individuals of different personalities and genders will best match robotic intervention programmed §
with the preferences of new users than by using fixed behaviors gestures/ behaviours o
based on the theories of Similarity attraction or Complementarity behavior supporting '8;
attraction the g
interaction =
38 Nomura and G1: To assess the impact of robot evaluations on human learning. Conversation Not given Robovie-R2 humanoid Wizard-Of- 155 mean 20.5 82males, §
Kanda (2012) with the robot Oz operation 75 females E’
39 Nomura and Q1: What is the effect of robot self-disclosure on human anxiety Robot gives a Not given Robovie-X humanoid Wizard-Of- 39 Not given 17 males, &£
Kawakami towards robots? speech Oz operation 22 females &
(2011) o
40 Rossi et al. G1: To explore the influence of personality factors on Robot Test session Pepper humanoid Pre- 21 53-82, mean 11 males, 5
(2018) psychometric assessments by a robot administers 45 mins programmed 61.16 8females S
assessments behaviours &
supporting £
the E
&
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# Authors RQs, goals, hypotheses Intervention Length/ Robot used Robot Mode of N Age Gender
type frequency type robot o
of control %
intervention g
interaction 3
41 HeeSeon So et G1: To test preferences in robot's personality based on people's Conversation Not given I-Robi humanoid Pre- 80 Mean 23 Not given E]
al. (2008) own personalities. with the robot programmed é
behaviours S
supporting ;—’
the ®
interaction é
[0
42 Haring et al. Q1: Based on people's personality and perception of the robot, Free interaction One-time Actroid-F humanoid Pre- 46 Mean 28.5 21males, &
(2015) what are their touch patterns when they interact with an android followed by interaction programmed 25 females %
robot. economic trust behaviours g
game supporting §
the 3
interaction g
43 Salem et al. H1: Personality will affect perception of robot, interaction, and Robot acts as a 10 mins University of non- Pre- 40 19-60, mean 18 males, E
(2015) willingness to collaborate with robot host of a lunch Hertfordshire humanoid programmed 38 22 females %
gathering (UH) behaviours 3
Sunflower supporting 3
Robot the <
. . ~
interaction a
&
44 Abe et al. G1: To develop a method for estimating a child's personality from Free interaction One-time 30 LiPRO humanoid Wizard-Of- 39 Mean 5.75 25 males, 5
(2017) behavioural observation during interaction with a robot. mins Oz operation 14 females, @
(=X
45 Obaid et al. H1: Humans with a higher tendency to anthropomorphize non- Robot proxemics 4 person/ Nao humanoid Wizard-Of- 22 19-56, mean 14males, g
(2016) human agents will prefer a greater interaction distance with the task robot Oz operation 28.6 8 females IE
robot than people with a low general tendency to approach ]
anthropomorphize. trials IQ
46 Hwang and Lee G1: To investigate the role of personality matching in behaviour Free interaction 5 mins Pleo animal Autonomous 31 Mean 24.03 20 males, I:
(2013) robot 11 females IKS
©
47 Cruz-Maya and H1: Neuroticism trait is positively related with the test score of Robot as a Asingle Kompai humanoid Pre- 45 21-64 21 females a
Tapus (2016b) the multimedia learning. health coach intervention programmed 3
behaviours >
supporting pl
the 2
interaction )
48 Kaneroetal. G1: To examine how individual differences in attitudes towards Robot asa One-time Nao humanoid Wizard-Of- 24 18.41-24.73, 8 males, E
(2018) robots and personality traits may be related to learning outcomes. teacher lesson, 20 Oz operation mean 20.18 16 females £
mins &
ol
49 Waullenkord et H1: Touch will increase negative attitudes among people who Robot showing The study Nao humanoid Wizard-Of- 100 17-66, mean 47 males, g
al. (2016) already hold prior negative emotions towards robots hand signs to took 40 Oz operation 24.03 50 females %
participants mins S
H2: Touch will enhance positive attitudes towards robots for &
people who like casual touch £
50 Brandstetter et Q1: What role is played by personality traits in lexical entrainment Robot One-time Nao humanoid Wizard-Of- 40 18-45, mean 55% males, §
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# Authors RQs, goals, hypotheses Intervention Length/ Robot used Robot Mode of N Age Gender
type frequency type robot o
of control %
intervention g
al.(2017) to robots? introduces new interaction Oz operation 237 45% 3
words in a lexical females g
Q2: How does this compare in lexical entrainment to other entrainment i
humans? task g
51 Jeongetal. G1: To test whether a "positive psychology intervention" via in- Conversation 3-6 mins Jibo non- Pre- 35 Not given 7 males, i—
(2020) dorm robot can improve students' psychological wellbeing, mood, with the robot daily humanoid programmed 27 females, ®
and readiness to change behavior. interaction behaviours 1other 8
for 7 days supporting 2
the o
interaction g
o
52 Dziergwa et al. Q1: How do people with different styles of attachment establish a Free interaction 10 days EMYS head only Autonomous 3 25-30 All females §
(2018) relation with a social robot during cohabitation? robot 3
[
E._
Q2: Can they become emotionally attached? %
53 Ivaldi et al. G1: To determine whether the extroversion dimension is related Cooperation One-time iCub humanoid Wizard-Of- 56 19-65 mean 37women, £
(2017) to the frequency and duration of gazes directed towards the task with the interaction, Oz operation 36.95 19 men 3
robot's face. robot average 3
246.10s <
G2: To determine whether the extroversion dimension is related E
to the frequency and duration of utterances addressed by the %
human to the robot. §
a
G3: To determine if the negative attitude towards robots is related n°=,
to the frequency and duration of the utterances addressed by the 5,'
human to the robot IB
N
(&)
G4: To determine If the negative attitude towards robots is related -
to the frequency and duration of gazes directed towards the [N
robot’s face IKS
©
G5: To determine If the negative attitude towards robots is related >
to the frequency and duration of gazes directed towards the areas E
of contacts between the human and the robot. g
54 Gaudiello et al. Q1: Which individual and contextual factors (desire for control, Decision-making 30 mins iCub humanoid Wizard-Of- 56 19-65, mean 37 women %
(2016) negative attitudes towards robots, collaborative vs. competitive tasks with robot Oz operation 36.95 19 men 3.
scenario are likely to influence trust in robot? as fellow ‘g
participant @
55 Tay, Jung and Q1: Will users’ (a) attitudes, (b) subjective norms, (c) perceived Robot performs 20 mins Unnamed non- Wizard-Of- 164 20-35, mean 84 males, %
Park (2014) behavioral control, and (d) perceived trust of a social robot healthcare or robot humanoid Oz operation 224 79 females, &
positively affect their acceptance of the robot? security tasks 1 %
undisclosed o
56 Lee et al. (2006) G1: To determine whether people would develop Free interaction 25 mins AIBO animal Pre- 48 19-34, mean "balanced &
complementarity-based attraction or similarity attraction towards programmed 22.46 between f,
asocial robot. behaviours the N
>
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Authors RQs, goals, hypotheses Intervention Length/ Robot used Robot Mode of Age Gender
type frequency type robot
of control
intervention
supporting conditions"
the
interaction

Collabra: Psychology

14

d-ajo1ie/8IqR||09/NPa ssaidon-auljuo//:dfiy woly pafeojumoq

L1~ GZ0Z EIqell0d/€€9/G8/GLLETL/L/LLIP

6z0z AeN 80 uo Jasn playeys Jo Ausienun Aq pd-g/LezL L




Influence of User Personality Traits and Attitudes on Interactions With Social Robots: Systematic Review

~

(e)]

(9]

IS

w

N

=

2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020

Figure 2. Number of studies included in the review by year of publication

social presence of robots. Park et al. (Park et al., 2012)
found that introverted participants perceived the robot as
less socially present, while Rossi et al. (Rossi et al., 2020)
found that participants with greater ability to recognize
the mental states of others rated robot sociability lower.
Other correlations included higher perceived positivity of
the robot assigned by conscientious participants, higher
perceived realism assigned by participants with higher neu-
roticism, higher perceived positivity and realism of the ro-
bot rated by participants with greater openness to experi-
ence (Celiktutan & Gunes, 2015). Additionally, participants
higher in conscientiousness perceived the robot as more
stressful and more expressive in certain conditions (Cruz-
Maya & Tapus, 2016a).

User Traits Are Related to Robot Acceptance and At-
titudes Towards Robots. User extroversion (Park et al.,
2012), agreeableness (Celiktutan & Gunes, 2015) and ten-
dency towards parasocial interaction (N. Lee et al., 2011)
were found to be related to greater enjoyment of interac-
tion with the robot and more positive attitudes towards
robots. Meanwhile, trait loneliness and avoidant attach-
ment style were associated with lower acceptance of robots
(Dziergwa et al., 2018; Li et al., 2020). The higher partici-
pants scored in conscientiousness, the less they liked a ro-
bot that behaved socially (Looije et al., 2010).

User Traits Are Related to User Behavior Towards Ro-
bots. Studies investigating the correlation between the ex-
troversion personality dimension and behavior found that
participants who were more extroverted tended to be more
engaged in the interaction with the robot and try different
types of interactions (Abe et al., 2017; Haring et al., 2013,
2015; Hwang & Lee, 2013; Ivaldi et al., 2017; Salam et al.,
2017). Agreeable and conscientious participants tended to
be more comfortable and engaged interacting with a ro-

bot (Salam et al., 2017; Takayama & Pantofaru, 2009), with
the exception of children with high agreeableness who were
less likely to maintain eye contact with a robot (Abe et al.,
2017). High neuroticism was associated with lower engage-
ment in interaction (Haring et al., 2015; Salam et al., 2017)
and greater distance from the robot (Takayama & Panto-
faru, 2009). Other traits associated with behaviors towards
a robot include introversion correlated with higher head
nod synchrony with a robot (Thepsoonthorn et al., 2018)
and more monotonous touch (Hwang & Lee, 2013); internal
locus of control correlated with greater disclosure during
conversation with a robot (Nomura & Kanda, 2012); secure
attachment style related to treating the robot like a human
being and avoidant attachment style related to treating the
robot more like a machine (Dziergwa et al., 2018). Tech-
nology competence and enthusiasm for technology influ-
enced the money offers participants made to a robot during
a game (Nitsch & Glassen, 2015).

User Traits Are Related to Performance/Outcomes of
HRI. Since potential future uses of robots include admin-
istering assessments and supporting people during work
tasks, the influence of individual differences on outcomes
of interaction with a robot is of interest for studies included
in this review. Introverts were found to perform better in
robot-delivered tasks (Agrigoroaie & Tapus, 2020; Cruz-
Maya & Tapus, 2016a). For robot administered tests, open-
ness to experience and extroversion (Kanero et al., 2018;
Rossi et al., 2018, 2020), as well as neuroticism (Cruz-Maya
& Tapus, 2016b; Rossi et al., 2020)) were linked to higher
scores. A study by Jeong et al. found that participants with
high conscientiousness and low neuroticism were more
ready to change after interacting with a robot (Jeong et al.,
2020). Participants with higher conscientiousness were also
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Table 3. Quality assessment outcomes for the included studies

StUdy -“-n“n-
size

Cruz-Maya & Tapus,
2016a

Spatola &
Woudarczyk, 2021
Leichtmann & Nitsch,
2021

Rossi et al., 2020

A aie et al.,
2

Bjorling et al., 2020
Lietal., 2020

Agrigoroaie & Tapus,
2020

Nitsch & Glassen,
2015
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Rossi et al., 2018

HeeSeon So et al.,
2008

Haring et al., 2015
Salem et al., 2015
Abeetal.,, 2017
Obaid et al.,, 2016
Hwang & Lee, 2013

Cruz-Maya & Tapus,
2016b

Kaneroet al., 2018

Woullenkord et al.,
2016

Brandstetter et al.,
2017

Jeonget al., 2020
Dziergwaet al., 2018
Ivaldi et al., 2017
Gaudielloetal., 2016
Tay et al., 2014

K.M. Lee et al., 2006

Study Q1 Q2 Q3 Q4

Sample
size

Overall

Q5 Q6 Q7

Q1: Are there any alternative plausible explanations (as far as the two review team members can detect) that could account for the results presented in the study?

Q2: Is there any evidence of sampling bias?
Q3: How representative is the sample of the target population?

Q4: Have the outcome measures been used in other studies investigating the quality or character of a human-robot interaction?
Q5: What evidence is there for the validity of the outcome measures? Do they measure the quality or character of a human-robot interaction?

Q6: What evidence is there for the test-retest reliability of the outcome measures?

Q7: What evidence is there for the internal consistency reliability of the measures (as defined by Cronbach’s alpha)?

more motivated by robot to perform a task, under certain
conditions (Cruz-Maya & Tapus, 2016a).

User Attitudes Towards Robots

Two dominant measures assessing users’ attitudes to-
wards robots were the Negative Attitudes Towards Robots
Scale (Nomura et al., 2006) (12 studies) and Robot Anxiety
Scale (Nomura & Kanda, 2003) (7 studies). Other measures
used in the studies included Godspeed Questionnaire (Bart-
neck et al., 2009), Technology Commitment Scale (Neyer
et al., 2016), Attitudes Towards Robots Taking Social Roles
(Xu, 2019), Unified Theory of Acceptance and Use of Tech-
nology Questionnaire (Venkatesh et al., 2003), Technology
Affinity (Leichtmann & Nitsch, 2021), Implicit Anthropo-
morphism Scale (Sundar, 2004), Ezer Scale, Kozak Scale,
Demoulin Scale and Cottrell Scale (Wullenkord et al., 2016).
Some of these instruments were adapted for individual
studies.

Attitudes Towards Robots Are Related to User Behav-
ior and Performance in HRI. Evidence from the analyzed
studies suggests that the attitudes that users hold towards
robots predicted the allowable distance between the robot
and the user. Generally, the more negative the attitudes
were, the larger physical distance from robots was preferred
(Nomura et al., 2007; Takayama & Pantofaru, 2009). Fur-
ther, attitudes were reflected in user behavior towards ro-
bots. Participants with more negative attitudes were more

likely to turn off the robot when it asked them not to
(Spatola & Wudarczyk, 2021), looked at the robot’s face
less (Ivaldi et al., 2017), were less engaged with the ro-
bot (Chen et al., 2020) and made emotional utterances to-
wards the robot (Nomura et al., 2008). De Graaf and Allouch
found that for women, negative attitudes towards robots
explained some variance in how much they talked to a robot
(de Graaf & Ben Allouch, 2013). Attitudes were also posi-
tively correlated with scores on test following robot-deliv-
ered instruction (Kanero et al., 2018) and with robot evalu-
ation (Stafford et al., 2014).

Positive Attitudes Towards Robots Positively Impact
User Evaluation And Acceptance. Negative attitudes to-
wards robots at baseline were negatively correlated with
robot evaluation following an interaction (Stafford et al.,
2010, 2014). Participants who were more comfortable with
robots taking social roles had greater intention to use ro-
bots in the future (Xu, 2019). Similarly, the acceptance sub-
scale of technology commitment scale was a good predictor
of using a robot during an experiment (Bernotat & Eyssel,
2017). The more negative attitudes participants held to-
wards robots, the less safe they felt during an interaction
(Takayama & Pantofaru, 2009).

Interaction with the Robot is Related to Change in
User Attitudes. There are mixed findings regarding the at-
titude change following an interaction with a social robot.
Bjorling et al. and Stafford et al. reported an improvement
in attitudes following an interaction (Bjorling et al., 2020;
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Table 4. User trait measures and studies in which they were used.

Trait Measure

Studies

Eysenck Personality Inventory

Tapus and Mataric (2008)

Eysenck Personality Questionnaire

Haring et al. (2013)

Agrigoroaie and Tapus (2020)

Woods et al. (2005)

Dziergwaet al. (2018)

Big Five Personality Inventory

Looije et al. (2010)

Kimoto et al. (2016)

Cruz-Maya and Tapus (2016a)

Cruz-Maya and Tapus (2016b)

Bechade et al. (2015)

Andrist et al. (2015)

Craenenet al. (2018)

Aly and Tapus (2013)

Celiktutan, Skordos and Gunes (2019)

Celiktutan and Gunes (2015)

Bernotat and Eyssel (2017)

Takayama and Pantofaru (2009)

Cruz-Maya and Tapus (2017)

Abe et al. (2017)

Kanero et al. (2018)

Brandsetter et al. (2017)

Salemetal.(2015)

NEO Personality Inventory-3

Rossi et al. (2018)

Ivaldi et al. (2017)

Rossi et al. (2020)

Myers-Briggs Type Indicator

Lee et al. (2006)

HeeSeon So et al. (2008)

Wiggings Personality Adjective Items

So et al. (2008)

Hwang and Lee (2013)

Mini International Personality Item Pool

Jeonget al. (2020)

The Empathy Quotient

Rossi et al. (2020)

Adult Attachment Scale

Dziergwa et al. (2018)

Competitiveness Index

Correiaetal.(2019)

Sense of Humor Scale

Bechade et al. (2015)

Regulatory Focus Questionnaire

Agrigoroaie, Ciocirlan and Tapus (2020)

UCLA Trait Loneliness Scale

Li et al. (2020)

Parasocial Interaction Tendency

Lee, Shin and Sundar (2011)

Individual Differences in Anthropomorphism Scale

Obaid et al. (2016)

Fear of Negative Evaluation Scale

Nomura and Kanda (2012)

Locus of Control Scale

Nomura and Kanda (2012)

Bickmore Scale

Waullenkord et al. (2016)

Desire for Control Questionnaire

Gaudiello et al. (2016)

International Personality Item Pool

Jeonget al. (2020)
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ing the encounter, especially if the participant is asked to
touch the robot (Wullenkord et al., 2016). Thus touch may
be a factor in predicting user attitudes towards robots fol-
lowing an interaction. For instance, Haring et al. found that
length of touch predicted higher anthropomorphism scores
assigned to the robot while comfort with casual touch did
not predict attitudes towards robots (Haring et al., 2015).

Robot Interaction Leads to Increased Anxiety. Five of
the studies included in this review showed consistent ev-
idence that participants tend to experience higher anxi-
ety towards robots following the interaction (de Graaf &
Ben Allouch, 2013; Nomura et al., 2007, 2008; Nomura &
Kawakami, 2011; Rossi et al., 2020). Further, anxiety be-
fore the interaction explained how much male participants
talked to the robot (de Graaf & Ben Allouch, 2013) and was
associated with making negative disclosures to the robot
(Nomura & Kawakami, 2011). It is unclear whether the in-
crease in anxiety is attributable to neuroticism.

Discussion

This goal of this systematic review was to characterize
how individual differences and attitudes towards robots in-
fluence human-robot interaction. The distribution of in-
cluded studies by year shows a steadily increasing interest
in this topic, as social robots become more prevalent and
tailoring the interaction to an individual increases in im-
portance. Our novel application of the mixed-methods
meta-synthesis in the field of social robotics revealed and
described key relationships in HRI and illustrate the variety,
complexity and interrelatedness of individual traits and in-
teraction outcomes investigated in social HRI field.

Quality Assessment

We have assessed the quality of evidence, based on 1)
Study validity and 2) Outcome measure quality. The assess-
ment included three questions to evaluate study validity fo-
cusing on existence of alternative explanations, sampling
bias and representativeness of the sample; four questions
regarding outcome measure quality, and sample size. Over-
all, the majority of studies included in this review were as-
sessed to have low quality of evidence, which is not an un-
common finding in social robot research (Kabacinska et al.,
2020) given the fast-moving pace of the field and the com-
plexity of factors in the design of an HRI study. Studies
tend to have small sample sizes and usually include only
one brief interaction with the robot and a single assess-
ment, which increases the risk of bias. It is important to
note that not all included studies focused on our topic of in-
terest as the main research question, which limits the use-
fulness of quality evaluation in these instances. Further, 33
of the studies were conference proceedings. This inherently
shorter format results in less detailed reporting and con-
tributes to lower quality scores, which may not reflect the
quality of research conducted and is the standard for re-
porting much of HRI research. Therefore, the quality as-
sessment results should be interpreted with these contex-
tualizing factors in mind. Suggestions on how the quality of
the studies could be improved were discussed in Kabaciniska

et al. (2020) and are relevant to the present study. Publica-
tions which were rated as high quality were well-controlled,
had larger sample sizes and included thorough descriptions
of study designs (e.g., Rossi et al., 2018).

Social HRI Framework is Needed

The CASA framework posits that human-computer in-
teractions can be modelled on human-human interactions,
and as such it is not surprising that many of the included
studies investigated the complementarity and similarity at-
traction hypotheses, which are also investigated in human
social interactions. While the majority of findings reported
in this review support the similarity hypothesis, as is the
case for human studies, some studies provided evidence to
the contrary. Therefore, it is unclear whether or not there
is support for CASA in the HRI space. To better establish
which hypothesis holds, there is a need to develop a co-
herent framework that would allow for efficient synthe-
sis of studies across the field of HRI (Robert, 2018). So-
cial robot-specific interaction framework would allow for
development of models for social HRI that could generate
testable hypotheses. Better-established outcome measures
and more detailed reporting would allow for more quan-
titative investigation into which hypothesis is supported
by direct HRI. Future quantitative studies evaluating these
two hypotheses would be valuable in modelling and design-
ing successful HRI. Further, there is a need to investigate
other potential factors that could influence users’ prefer-
ences such as demographic variables (Esteban et al., 2022).
The studies analyzed in this review also suggest that at-
titudes towards robots may be correlated with interaction
outcomes and robot evaluation (Bernotat & Eyssel, 2017;
Stafford et al., 2010, 2014; Xu, 2019) and that personality
traits are associated with user attitudes towards robots (Ce-
liktutan & Gunes, 2015; N. Lee et al., 2011) which adds to
the limitations of modeling interaction outcomes based on
personality traits alone.

Determining which social rules govern interactions be-
tween humans and robots is crucial for better HRI design
which will improve interaction quality and robot accep-
tance. Although individual personality trait differences
surely play a role in how people interact with robots, there
may be more interaction-specific ways to model behavior,
that are less intertwined with other possible variables. One
theory that enables modelling of interpersonal interaction
is Affect Control Theory (Heise, 2007). Rather than focusing
on relationship formation as similarity and complementar-
ity attraction hypotheses do, this theory allows for model-
ling individual situational interactions which is more ap-
propriate in the context of usually single, brief interactions
with robots in the studies. Hoey, Schroder, and Alhothali
(Hoey et al., 2013) used the theory to develop BayesAct,
which models a two-way interaction for artificial intelli-
gence applications and allows for behavior prediction. This
model is being used in development of artificial agents that
are emotionally aligned with the users (Ghafurian et al.,
2020).
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Towards Greater Consistency in Outcome Measures

One of the reasons that prevents us from conducting a
traditional meta-analysis of the studies in the sample and
thus getting more unambiguous answers is the inconsis-
tency of outcome measures between the studies. The HRI
outcomes are often not clearly defined. The exception to
this observation is proxemics studies in which allowable
distance between the robot and the user is measured be-
tween the conditions. Among the studies that used quan-
titative outcome measures, many chose to design custom,
ad-hoc questionnaires to investigate HRI outcomes. To al-
low for meaningful comparison between studies, there is
a need to employ better-defined and more consistent out-
come measures. Existing initiatives are working towards
more standardized HRI outcome measures. For instance,
National Institute of Standards and Technology Perfor-
mance of Human-Robot Interaction project is focused on
developing tests, metrics and databases that will allow for
consistent performance measurement, establishment of key
performance indicators and thus increase the quality of ex-
isting data in the field of HRI (Bagchi et al., 2020; Perfor-
mance of Human-Robot Interaction, n.d.). Continuous work
towards creating standard HRI measures is crucial for fur-
ther development of not only social robotics, but any hu-
man-facing robotic technology.

When measuring independent variables, researchers use
various forms of Big Five personality trait inventory
(Eysenck & Eysenck, 1965) to establish personality traits.
To avoid using proprietary measures and achieve greater
consistency, resources such as the International Personality
Item Pool should be used (Goldberg et al., 2006). It is an
open-source collaboration that collects scales assessing
personality traits. For measuring attitudes towards robots
the Negative Attitudes Towards Robots Scale (Nomura et
al., 2007) is being consistently used.

Impressions of Robots, Attitudes and Anxiety

In this review we found evidence that users’ personality
traits are correlated with their impressions of robots and
robot evaluations (e.g., Park et al., 2012; Salem et al., 2015),
however, similar findings were also reported when looking
at the association between attitudes towards robots and ro-
bot evaluation and acceptance (e.g., Xu, 2019). To disentan-
gle the attitude and personality trait findings, it is crucial
to conduct HRI studies in the future that control for these
two factors.

The consistent results regarding increased anxiety to-
wards robots after interacting with a robot are contradic-
tory to another finding that attitudes towards robots tend
to improve after an interaction. It is unclear what con-
tributes to this discrepancy and further research is required
to explain this phenomenon. For instance, there is a well-
established link between trait anxiety and neuroticism
(Knowles & Olatunji, 2020), however the included studies
did not investigate whether the increased anxiety following
the HRI was linked to trait neuroticism. Based on a study of
fifty seven adults, Broadbent et al. found that participants
who held more human-like mental representations of ro-

bots had greater blood pressure increases when interacting
with a robot, compared to participants who held less hu-
man-like representations (Broadbent et al., 2011). There-
fore, the anxiety difference from pre-to post-interaction
may be dependent on user expectations, but also on the
type of robot that is being used. The large majority (39/56)
of studies in this review used humanoid robots, which could
contribute to the increase in anxiety. Researchers should
carefully select robots for intended applications. For in-
stance, when using social robots to support mental health
(Kabaciriska et al., 2020), especially in vulnerable popula-
tions like children, using non-humanoid robots could be
more suitable to minimize possible increase in anxiety.
Similarly, some relationships between personality traits
and attitudes (for instance, trait loneliness and avoidant at-
tachment style) may be especially relevant to certain social
robot use settings and populations of interest such as older
adult care, where robots are designed as companions to
mitigate loneliness and provide companionship (Berridge
et al., 2023; Dosso et al., 2022, 2023). These context -de-
pendent considerations highlight the critical imperative of
involving end-users in social robot development (Martin
et al., 2024; Robillard & Kabaciniska, 2020). Ultimately, as
suggested by Naneva et al., more data is needed to deter-
mine whether and how robot design moderates users’ anxi-
ety and attitudes towards robots (Naneva et al., 2020).

Different Robots Used

The reviewed studies used a variety of different robots,
including research prototypes, which makes it difficult to
ascertain to what extent the reported results are robot spe-
cific. For the purposes of reporting in the results sections,
we categorized the robots into different types (i.e. hu-
manoid, non-humanoid, animal-like, head only and other).
Further, there are significant differences in how various ro-
bots of a certain type appear. For instance, humanoid ro-
bots can be more or less human-like, and can range from
android robots, which are aiming at mimicking humans
(Haring et al., 2013) to robots with some human-like fea-
tures (Nitsch & Glassen, 2015). The more humanoid robots
resemble humans, the more likely they are to be perceived
as eerie or disturbing, as is described by the uncanny valley
phenomenon (Zhang et al., 2020). Thus, since different ro-
bots are used across studies, it is unclear to what extent
the human-likeness of the robot contributes to the results,
especially when outcome measures include affective re-
sponses or attitudes towards robots. A 2021 study inves-
tigated whether this phenomenon could be reduced (Yam
et al., 2021). Yam, Bigman and Gray found that this effect
is mediated by individual’s tendency to dehumanize others
but can also be reduced by explaining to participants that
humanoid robots do not have mental states and cannot ex-
perience emotions. Including this simple procedure in the
study design could mitigate undesirable uncanny valley ef-
fect in HRI studies. Further, more studies which compare
multiple robots are needed to help isolate which robot abil-
ities or features are contributing to HRI outcomes. It is
also important to consider that different types of robots,
especially robots at different stages of development, have
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different levels of ability to perform the intended actions.
How well individual robots perform, can then affect the
outcomes of research studies that are investigating social
HRI. Thus, the wide range of robots used in included stud-
ies adds a layer of complexity to the synthesis of the find-
ings. For instance, people may treat robots who are abstract
differently from robots that attempt to mimic humans due
to the negative influence of the Uncanny Valley phenome-
non (Wang et al., 2015) and attempts at reducing this ef-
fect included de-humanizing of humanoid robots (Yam et
al., 2021).

Limitations

The main shortcoming of the present study is the lack
of quantitative meta-analysis. While a meta-synthesis pro-
vides a thorough overview of the findings collected in this
review and novel insights in the relationships that drive
HRI, it does not allow for calculating effect sizes and confi-
dence intervals, resulting in less precise, narrative synthe-
sized findings. Additionally, findings included in this review
were sometimes different from the main focus of the stud-
ies and as a result were reported in less detail.

Further, personality traits in the reviewed studies were
largely assessed using the Big Five personality model,
which is not fully applicable to all global contexts (Laajaj
et al., 2019; Thalmayer et al., 2022). Amber Thalmayer and
colleagues propose a new, culturally de-centered person-
ality trait model that would allow for studying personality
traits in HRI outside of the western, industrialized context
(Thalmayer et al., 2024).

Conclusion

In this systematic review we have captured and evalu-
ated studies investigating the relationship between person-
ality traits, user attitudes and the outcomes of human-ro-
bot interaction.

Since the review combined quantitative and qualitative
findings, we used a mixed methods approach to data analy-
sis, which allowed for synthesizing diverse studies in the
field. Despite low quality of evidence, we identified some

emergent categories of findings, including extroversion be-
ing tied to better interaction outcomes. The categories and
synthesized findings resulting from our research can serve
as a guide for refining research designs in HRI and devel-
oping further hypotheses in areas where contradictory find-
ings exist.

Contributions

Contributed to conception and design: KK, KV, JAD, JMR

Contributed to acquisition of data: KK, KV, JAD

Contributed to analysis and interpretation of data: KK,
JAD, KV, TJP, JMR

Drafted and/or revised the article: KK, JAD, TJP, JMR

Approved the submitted version for publication: KK,
JAD, KV, TJP, JMR

Competing Interests

Jill A. Dosso is an associate editor at Collabra: Psychol-
ogy. She was not involved the review process of this manu-
script.

Funding Information

The authors acknowledge funding from: AGE-WELL
NCE, the New Frontiers in Research Fund, The BC Chil-
dren’s Hospital Research Institute, the BC Children’s Hos-
pital Foundation, and Michael Smith Foundation for Health
Research.

Data Accessibility Statement

All the data generated in this study is available in the
Supplementary Material.

Submitted: June 04, 2024 PST. Accepted: January 03, 2025
PST. Published: February 13, 2025 PST.

This is an open-access article distributed under the terms of the Creative Commons Attribution 4.0 International License
(CCBY-4.0). View this license’s legal deed at http://creativecommons.org/licenses/by/4.0 and legal code at http://creativecom-

mons.org/licenses/by/4.0/legalcode for more information.

Collabra: Psychology 21

d-a[one/e1qe||00/Npa’ssaidon-auljuoy/:dpy woly papeojumod

1176202 ©1qeII00/€€9/G8/SLLEZLILILLIP

620z Ae|N g0 uo Jasn plaiyeys Jo ANsIoAuN Ag Jpd'GLLeZL L



Influence of User Personality Traits and Attitudes on Interactions With Social Robots: Systematic Review

References

Abe, K., Hamada, Y., Nagai, T., Shiomi, M., & Omori, T.

(2017). Estimation of child personality for child-robot
interaction. 2017 26th IEEE International Symposium
on Robot and Human Interactive Communication (RO-

MAN), 910-915. https://doi.org/10.1109/
ROMAN.2017.8172411

Agrigoroaie, R., Ciocirlan, S.-D., & Tapus, A. (2020). In

the Wild HRI Scenario: Influence of Regulatory Focus
Theory. FRONTIERS IN ROBOTICS AND Al 7. https://

doi.org/10.3389/frobt.2020.00058

Agrigoroaie, R., & Tapus, A. (2020). Cognitive

Performance and Physiological Response Analysis
Analysis of the Variation of Physiological Parameters
Based on User’s Personality, Sensory Profile, and
Morningness-Eveningness Type in a Human-Robot
Interaction Scenario. INTERNATIONAL JOURNAL OF
SOCIAL ROBOTICS, 12(1), 47-64. https://doi.org/
10.1007/s12369-019-00532-z

Alac, M. (2016). Social robots: Things or agents? Al &

SOCIETY, 31(4), 519-535. https://doi.org/10.1007/
s00146-015-0631-6

Aly, A., & Tapus, A. (2013). A model for synthesizing a

combined verbal and nonverbal behavior based on
personality traits in human-robot interaction. 2013
8th ACM/IEEE International Conference on Human-
Robot Interaction (HRI), 325-332. https://doi.org/
10.1109/HRI.2013.6483606

Aly, A., & Tapus, A. (2016). Towards an intelligent

system for generating an adapted verbal and
nonverbal combined behavior in human-robot
interaction. AUTONOMOUS ROBOTS, 40(2), 193-209.

https://doi.org/10.1007/s10514-015-9444-1

Andrist, S., Mutluy, B., & Tapus, A. (2015). Look Like

Me: Matching Robot Personality via Gaze to Increase
Motivation. CHI ’15: Proceedings of the 33rd Annual
ACM Conference on Human Factors in Computing

Systems, 3603-3612. https://doi.org/10.1145/
2702123.2702592

Bagchi, S., Aksu, M., Zimmerman, M. L., Marvel, J., &

Antonishek, B. (2020). Workshop Report: Test
Methods and Metrics for Effective HRI in
Collaborative Human-Robot Teams. In ACM/IEEE
Human-Robot Interaction Conference, 2019. NIST.
https://doi.org/10.6028/NIST.IR.8339

Bartneck, C., Kuli¢, D., Croft, E., & Zoghbi, S. (2009).
Measurement Instruments for the
Anthropomorphism, Animacy, Likeability, Perceived
Intelligence, and Perceived Safety of Robots.
International Journal of Social Robotics, 1(1), 71-81.

https://doi.org/10.1007/s12369-008-0001-3

Bechade, L., Duplessis, G. D., Sehili, M., & Devillers, L.

(2015). Behavioral and Emotional Spoken Cues
Related to Mental States in Human-Robot Social
Interaction. ICMI ’15: Proceedings of the 2015 ACM on
International Conference on Multimodal Interaction,

347-350. https://doi.org/10.1145/2818346.2820777

Belpaeme, T., Kennedy, ]., Ramachandran, A.,
Scassellati, B., & Tanaka, F. (2018). Social robots for
education: A review. Science Robotics, 3(21),
eaat5954. https://doi.org/10.1126/scirobotics.aat5954

Bernotat, J., & Eyssel, F. (2017). A robot at home—How
affect, technology commitment, and personality traits
influence user experience in an intelligent robotics
apartment. 641-646. https://doi.org/10.1109/
ROMAN.2017.8172370

Berridge, C., Zhou, Y., Robillard, J. M., & Kaye, J. (2023).
Companion robots to mitigate loneliness among
older adults: Perceptions of benefit and possible
deception. Frontiers in Psychology, 14. https://doi.org/
10.3389/fpsyg.2023.1106633

Bjorling, E. A., Thomas, K., Rose, E. J., & Cakmak, M.
(2020). Exploring Teens as Robot Operators, Users
and Witnesses in the Wild. FRONTIERS IN ROBOTICS
AND Al 7. https://doi.org/10.3389/frobt.2020.00005

Boyle, G. J., Matthews, G., & Saklofske, D. H. (2008).
The SAGE Handbook of Personality Theory and
Assessment: Personality Measurement and Testing
(Volume 2). SAGE. https://doi.org/10.4135/
9781849200479

Brandstetter, J., Beckner, C., Bartneck, C., & Benitez, E.
(2017). Persistent Lexical Entrainment in HRI. 63-72.
https://doi.org/10.1145/2909824.3020257

Broadbent, E., Lee, Y. 1., Stafford, R. Q., Kuo, I. H., &
MacDonald, B. A. (2011). Mental Schemas of Robots
as More Human-Like Are Associated with Higher
Blood Pressure and Negative Emotions in a Human-
Robot Interaction. International Journal of Social
Robotics, 3(3), 291. https://doi.org/10.1007/
$12369-011-0096-9

Celiktutan, O., & Gunes, H. (2015). Computational
analysis of human-robot interactions through first-
person vision: Personality and interaction
experience. 2015 24th IEEE International Symposium
on Robot and Human Interactive Communication (RO-
MAN), 815-820. https://doi.org/10.1109/
ROMAN.2015.7333602

Celiktutan, O., Skordos, E., & Gunes, H. (2019).
Multimodal Human-Human-Robot Interactions
(MHHRI) Dataset for Studying Personality and
Engagement. IEEE Transactions on Affective
Computing, 10(4), 484—497. https://doi.org/10.1109/
TAFFC.2017.2737019

Chen, K., Lou, V. W.-Q., Tan, K. C.-K., Wai, M. Y., &
Chan, L. L. (2020). Changes in technology acceptance
among older people with dementia: The role of social
robot engagement. International Journal of Medical
Informatics, 141(ct4, 9711057), 104241. https://
doi.org/10.1016/j.ijmedinf.2020.104241

Clark, H. H., & Fischer, K. (2023). Social robots as
depictions of social agents. Behavioral and Brain

Sciences, 46, e21. https://doi.org/10.1017/
S0140525X22000668

Collabra: Psychology 22

d-a[one/e1qe||00/Npa’ssaidon-auljuoy/:dpy woly papeojumod

1176202 ©1qeII00/€€9/G8/SLLEZLILILLIP

620z Ae|N g0 uo Jasn plaiyeys Jo ANsIoAuN Ag Jpd'GLLeZL L


https://doi.org/10.1109/ROMAN.2017.8172411
https://doi.org/10.1109/ROMAN.2017.8172411
https://doi.org/10.3389/frobt.2020.00058
https://doi.org/10.3389/frobt.2020.00058
https://doi.org/10.1007/s12369-019-00532-z
https://doi.org/10.1007/s12369-019-00532-z
https://doi.org/10.1007/s00146-015-0631-6
https://doi.org/10.1007/s00146-015-0631-6
https://doi.org/10.1109/HRI.2013.6483606
https://doi.org/10.1109/HRI.2013.6483606
https://doi.org/10.1007/s10514-015-9444-1
https://doi.org/10.1145/2702123.2702592
https://doi.org/10.1145/2702123.2702592
https://doi.org/10.6028/NIST.IR.8339
https://doi.org/10.1007/s12369-008-0001-3
https://doi.org/10.1145/2818346.2820777
https://doi.org/10.1126/scirobotics.aat5954
https://doi.org/10.1109/ROMAN.2017.8172370
https://doi.org/10.1109/ROMAN.2017.8172370
https://doi.org/10.3389/fpsyg.2023.1106633
https://doi.org/10.3389/fpsyg.2023.1106633
https://doi.org/10.3389/frobt.2020.00005
https://doi.org/10.4135/9781849200479
https://doi.org/10.4135/9781849200479
https://doi.org/10.1145/2909824.3020257
https://doi.org/10.1007/s12369-011-0096-9
https://doi.org/10.1007/s12369-011-0096-9
https://doi.org/10.1109/ROMAN.2015.7333602
https://doi.org/10.1109/ROMAN.2015.7333602
https://doi.org/10.1109/TAFFC.2017.2737019
https://doi.org/10.1109/TAFFC.2017.2737019
https://doi.org/10.1016/j.ijmedinf.2020.104241
https://doi.org/10.1016/j.ijmedinf.2020.104241
https://doi.org/10.1017/S0140525X22000668
https://doi.org/10.1017/S0140525X22000668

Influence of User Personality Traits and Attitudes on Interactions With Social Robots: Systematic Review

Cloninger, C. R., Svrakic, D. M., & Przybeck, T. R.
(1993). A Psychobiological Model of Temperament
and Character. Archives of General Psychiatry, 50(12),
975-990. https://doi.org/10.1001/
archpsyc.1993.01820240059008

Correia, F., Petisca, S., Alves-Oliveira, P., Ribeiro, T.,
Melo, F. S., & Paiva, A. (2019). “I Choose... YOU!”
Membership preferences in human-robot teams.
AUTONOMOUS ROBOTS, 43(2, SI), 359-373. https://
doi.org/10.1007/s10514-018-9767-9

Costa, P., & Mccrea, R. (1992). The Five-Factor Model of
Personality and Its Relevance to Personality
Disorders. Journal of Personality Disorders, 6. https://
doi.org/10.1521/pedi.1992.6.4.343

Craenen, B. G. W., Deshmukh, A., Foster, M. E., &
Vinciarelli, A. (2018). Shaping Gestures to Shape
Personality: Big-Five Traits, Godspeed Scores and the
Similarity-Attraction Effect. 2221-2223.

Cruz-Maya, A., & Tapus, A. (2016a). Influence of User’s
Personality on Task Execution When Reminded by a
Robot. 9979, 829-838. https://doi.org/10.1007/
978-3-319-47437-3_81

Cruz-Maya, A., & Tapus, A. (2016b). Teaching nutrition
and healthy eating by using multimedia with a
Kompai robot: Effects of stress and user’s personality.
2016 IEEE-RAS 16th International Conference on
Humanoid Robots (Humanoids), 644—649. https://
doi.org/10.1109/HUMANOIDS.2016.7803342

Cruz-Maya, A., & Tapus, A. (2017). Learning users’ and
personality-gender preferences in close human-robot
interaction. 2017 26th IEEE International Symposium
on Robot and Human Interactive Communication (RO-
MAN), 791-798. https://doi.org/10.1109/
ROMAN.2017.8172393

Dawe, J., Sutherland, C., Barco, A., & Broadbent, E.
(2019). Can social robots help children in healthcare
contexts? A scoping review. BMJ Paediatrics Open,
3(1), e000371. https://doi.org/10.1136/
bmjpo-2018-000371

de Graaf, M. M. A., & Ben Allouch, S. (2013). The
relation between people’s attitude and anxiety
towards robots in human-robot interaction. 2013
IEEE RO-MAN, 632-637. https://doi.org/10.1109
ROMAN.2013.6628419

de Graaf, M. M. A., Ben Allouch, S., & van Dijk, J. A. G.
M. (2019). Why Would I Use This in My Home? A
Model of Domestic Social Robot Acceptance.
Human-Computer Interaction, 34(2), 115-173. https://
doi.org/10.1080/07370024.2017.1312406

Dosso, J. A., Bandari, E., Malhotra, A., Hoey, .,
Michaud, F., Prescott, T. J., & Robillard, J. M. (2022).
Towards emotionally aligned social robots for
dementia: Perspectives of care partners and persons
with dementia. Alzheimer’s & Dementia, 18(S2),
€059261. https://doi.org/10.1002/alz.059261

Dosso, J. A., Kailley, J. N., Guerra, G. K., & Robillard, J.
M. (2023). Older adult perspectives on emotion and
stigma in social robots. Frontiers in Psychiatry, 13.
https://doi.org/10.3389/fpsyt.2022.1051750

Dziergwa, M., Kaczmarek, M., Kaczmarek, P., Kedzierski,
J., & Wadas-Szydtowska, K. (2018). Long-term
cohabitation with a social robot: A case study of the
influence of human attachment patterns.
International Journal of Social Robotics, 10(1),
163-176. https://doi.org/10.1007/s12369-017-0439-2

Esteban, P. G., Bagheri, E., Elprama, S. A., Jewell, C. L.
C., Cao, H.-L., De Beir, A., Jacobs, A., &
Vanderborght, B. (2022). Should I be Introvert or
Extrovert? A Pairwise Robot Comparison Assessing
the Perception of Personality-Based Social Robot
Behaviors. International Journal of Social Robotics,
14(1), 115-125. https://doi.org/10.1007/
$12369-020-00715-z

Eysenck, H. J. (1991). Manual of the Eysenck personality
scales (EPS Adult). Hodder & Stoughton.

Eysenck, H. J., & Eysenck, S. G. B. (1965). The Eysenck
Personality Inventory. British Journal of Educational
Studies, 14(1), 140-140. https://doi.org/10.2307/
3119050

Gambino, A., Fox, J., & Ratan, R. (2020). Building a
Stronger CASA: Extending the Computers Are Social
Actors Paradigm. Human-Machine Communication,
1(1). https://doi.org/10.30658/hmc.1.5

Gaudiello, I., Zibetti, E., Lefort, S., Chetouani, M., &
Ivaldi, S. (2016). Trust as indicator of robot
functional and social acceptance An experimental
study on user conformation to iCub answers.
Computers in Human Behavior, 61, 633—655. https://
doi.org/10.1016/j.chb.2016.03.057

Ghafurian, M., Hoey, J., Tchorni, D., Ang, A., Tam, M.,
& Robillard, J. M. (2020). Emotional Alignment
Between Older Adults and Online Personalities:
Implications for Assistive Technologies. In
Proceedings of the 14th EAI International Conference on
Pervasive Computing Technologies for Healthcare (pp.
296-304). Association for Computing Machinery.
https://doi.org/10.1145/3421937.3421981

Goldberg, L. R. (1993). The structure of phenotypic
personality traits. American Psychologist, 48(1),
26-34. https://doi.org/10.1037/0003-066X.48.1.26

Goldberg, L. R., Johnson, ]. A., Eber, H. W., Hogan, R.,
Ashton, M. C., Cloninger, C. R., & Gough, H. G.
(2006). The international personality item pool and
the future of public-domain personality measures.
Journal of Research in Personality, 40(1), 84-96.
https://doi.org/10.1016/}.jrp.2005.08.007

Gosling, S. D., Rentfrow, P. J., & Swann, W. B. (2003). A
very brief measure of the Big-Five personality
domains. Journal of Research in Personality, 37(6),
504-528. https://doi.org/10.1016/
S0092-6566(03)00046-1

Haring, K. S., Matsumoto, Y., & Watanabe, K. (2013).
How Do People Perceive and Trust a Lifelike Robot. I,
425.

Haring, K. S., Watanabe, K., Silvera-Tawil, D., Velonaki,
M., & Matsumoto, Y. (2015). Touching an Android
robot: Would you do it and how? 8-13. https://doi.org/
10.1109/ICCAR.2015.7165993

Collabra: Psychology 23

d-a[one/e1qe||00/Npa’ssaidon-auljuoy/:dpy woly papeojumod

1176202 ©1qeII00/€€9/G8/SLLEZLILILLIP

620z Ae|N g0 uo Jasn plaiyeys Jo ANsIoAuN Ag Jpd'GLLeZL L


https://doi.org/10.1001/archpsyc.1993.01820240059008
https://doi.org/10.1001/archpsyc.1993.01820240059008
https://doi.org/10.1007/s10514-018-9767-9
https://doi.org/10.1007/s10514-018-9767-9
https://doi.org/10.1521/pedi.1992.6.4.343
https://doi.org/10.1521/pedi.1992.6.4.343
https://doi.org/10.1007/978-3-319-47437-3_81
https://doi.org/10.1007/978-3-319-47437-3_81
https://doi.org/10.1109/HUMANOIDS.2016.7803342
https://doi.org/10.1109/HUMANOIDS.2016.7803342
https://doi.org/10.1109/ROMAN.2017.8172393
https://doi.org/10.1109/ROMAN.2017.8172393
https://doi.org/10.1136/bmjpo-2018-000371
https://doi.org/10.1136/bmjpo-2018-000371
https://doi.org/10.1109/ROMAN.2013.6628419
https://doi.org/10.1109/ROMAN.2013.6628419
https://doi.org/10.1080/07370024.2017.1312406
https://doi.org/10.1080/07370024.2017.1312406
https://doi.org/10.1002/alz.059261
https://doi.org/10.3389/fpsyt.2022.1051750
https://doi.org/10.1007/s12369-017-0439-2
https://doi.org/10.1007/s12369-020-00715-z
https://doi.org/10.1007/s12369-020-00715-z
https://doi.org/10.2307/3119050
https://doi.org/10.2307/3119050
https://doi.org/10.30658/hmc.1.5
https://doi.org/10.1016/j.chb.2016.03.057
https://doi.org/10.1016/j.chb.2016.03.057
https://doi.org/10.1145/3421937.3421981
https://doi.org/10.1037/0003-066X.48.1.26
https://doi.org/10.1016/j.jrp.2005.08.007
https://doi.org/10.1016/S0092-6566(03)00046-1
https://doi.org/10.1016/S0092-6566(03)00046-1
https://doi.org/10.1109/ICCAR.2015.7165993
https://doi.org/10.1109/ICCAR.2015.7165993

Influence of User Personality Traits and Attitudes on Interactions With Social Robots: Systematic Review

Heerink, M., Krose, B., Evers, V., & Wielinga, B. (2010).
Assessing Acceptance of Assistive Social Agent
Technology by Older Adults: The Almere Model.
International Journal of Social Robotics, 2(4), 361-375.
https://doi.org/10.1007/s12369-010-0068-5

Heise, D. R. (2007). Expressive Order: Confirming
Sentiments in Social Actions. Springer Science &
Business Media.

Heyselaar, E. (2023). The CASA theory no longer applies
to desktop computers. Scientific Reports, 13(1), 19693.
https://doi.org/10.1038/s41598-023-46527-9

Hoey, J., Schroder, T., & Alhothali, A. (2013). Bayesian
Affect Control Theory. 2013 Humaine Association
Conference on Affective Computing and Intelligent
Interaction, 166-172. https://doi.org/10.1109/
ACII.2013.34

Hwang, J., & Lee, K. C. (2013). Exploring Potentials of
Personality Matching between Users and Target Systems
by Using Fuzzy Cognitive Map. 417-424. https://
doi.org/10.1109/HICSS.2013.219

Ivaldi, S., Lefort, S., Peters, J., Chetouani, M., Provasi,
J., & Zibetti, E. (2017). Towards engagement models
that consider individual factors in HRI: On the
relation of extroversion and negative attitude
towards robots to gaze and speech during a
human-robot assembly task: Experiments with the
iCub humanoid. International Journal of Social
Robotics, 9(1), 63-86. https://doi.org/10.1007
$12369-016-0357-8

Jeong, S., Alghowinem, S., Aymerich-Franch, L., Arias,
K., Lapedriza, A., Picard, R., Park, H. W., & Breazeal,
C. (2020). A Robotic Positive Psychology Coach to
Improve College Students’ Wellbeing. 187-194. https://
doi.org/10.1109/RO-MAN47096.2020.9223588

Jung, S., Lim, H., Kwak, S., & Biocca, F. (2012).
Personality and facial expressions in human-robot
interaction. 161-162. https://doi.org/10.1145/
2157689.2157735

Kabaciniska, K., Prescott, T. J., & Robillard, J. M. (2020).
Socially Assistive Robots as Mental Health
Interventions for Children: A Scoping Review.
International Journal of Social Robotics. https://
doi.org/10.1007/s12369-020-00679-0

Kachouie, R., Sedighadeli, S., Khosla, R., & Chu, M.-T.
(2014). Socially Assistive Robots in Elderly Care: A
Mixed-Method Systematic Literature Review.
International Journal of Human-Computer Interaction,
30(5), 369-393. https://doi.org/10.1080/
10447318.2013.873278

Kanero, J., Franko, I., Orang, C., Ulusahin, O., Koskulu,
S., Adigiizel, Z., Kiintay, A. C., & Goksun, T. (2018).
Who Can Benefit from Robots? Effects of Individual
Differences in Robot-Assisted Language Learning.
212-217. https://doi.org/10.1109/
DEVLRN.2018.8761028

Ke, C., Lou, V. W.-Q., Tan, K. C.-K., Wai, M. Y., & Chan,
L. L. (2020). Changes in technology acceptance
among older people with dementia: The role of social
robot engagement. International Journal of Medical
Informatics, 141(ct4, 9711057), 104241. https://

doi.org/10.1016/.ijmedinf.2020.104241

Kimoto, M., lio, T., Shiomi, M., Tanev, 1., Shimohara, K.,
& Hagita, N. (2016). Relationship between
Personality and Robots’ Interaction Strategies in
Object Reference Conversations. Proceedings of The
Second International Conference on Electronics and
Software Science (ICESS2016), 128-136.

Knowles, K. A., & Olatunji, B. O. (2020). Specificity of
trait anxiety in anxiety and depression: Meta-
analysis of the State-Trait Anxiety Inventory. Clinical
Psychology Review, 82, 101928. https://doi.org/
10.1016/j.cpr.2020.101928

Laajaj, R., Macours, K., Pinzon Hernandez, D. A., Arias,
0., Gosling, S. D., Potter, J., Rubio-Codina, M., &
Vakis, R. (2019). Challenges to capture the big five
personality traits in non-WEIRD populations. Science
Advances, 5(7), eaaw5226. https://doi.org/10.1126/
sciadv.aaw5226

Lee, K. M., Peng, W., Jin, S.-A., & Yan, C. (2006). Can
Robots Manifest Personality?: An Empirical Test of
Personality Recognition, Social Responses, and Social
Presence in Human-Robot Interaction. Journal of
Communication, 56(4), 754-772. https://doi.org/
10.1111/j.1460-2466.2006.00318.x

Lee, N., Shin, H., & Sundar, S. S. (2011). Utilitarian vs.
Hedonic robots: Role of parasocial tendency and
anthropomorphism in shaping user attitudes. 183—184.

Leichtmann, B., & Nitsch, V. (2021). Is the Social
Desirability Effect in Human-Robot Interaction
overestimated? A Conceptual Replication Study
Indicates Less Robust Effects. INTERNATIONAL
JOURNAL OF SOCIAL ROBOTICS. https://doi.org/
10.1007/s12369-020-00688-z

Li, S., Xu, L., Yu, F., & Peng, K. (2020). Does Trait
Loneliness Predict Rejection of Social Robots? The
Role of Reduced Attributions of Unique Humanness
Exploring the Effects of Trait Loneliness on
Anthropomorphism and Acceptance of Social Robots.
HRI °20: Proceedings of the 2020 ACM/IEEE
International Conference on Human-Robot Interaction,
271-280. https://doi.org/10.1145/3319502.3374777

Looije, R., Neerincx, M. A., & Cnossen, F. (2010).
Persuasive robotic assistant for health self-
management of older adults: Design and evaluation
of social behaviors. INTERNATIONAL JOURNAL OF
HUMAN-COMPUTER STUDIES, 68(6, SI), 386—397.
https://doi.org/10.1016/j.ijhcs.2009.08.007

Martin, S. E., Zhang, C. C., & Robillard, J. M. (2024, July
28). What does engagement mean to you? Exploring
the experiences of the League older adult advisory
group for social robot technology research.
Alzheimer’s Association International Conference.
https://doi.org/10.1002/alz.092681

McAdams, D. P. (1995). What Do We Know When We
Know a Person? Journal of Personality, 63(3), 365-396.
https://doi.org/10.1111/j.1467-6494.1995.tb00500.x

McAdams, D. P. (2013). The Psychological Self as Actor,
Agent, and Author. Perspectives on Psychological

Science, 8(3), 272-295. https://doi.org/10.1177/
1745691612464657

Collabra: Psychology 24

d-a[one/e1qe||00/Npa’ssaidon-auljuoy/:dpy woly papeojumod

1176202 ©1qeII00/€€9/G8/SLLEZLILILLIP

620z Ae|N g0 uo Jasn plaiyeys Jo ANsIoAuN Ag Jpd'GLLeZL L


https://doi.org/10.1007/s12369-010-0068-5
https://doi.org/10.1038/s41598-023-46527-9
https://doi.org/10.1109/ACII.2013.34
https://doi.org/10.1109/ACII.2013.34
https://doi.org/10.1109/HICSS.2013.219
https://doi.org/10.1109/HICSS.2013.219
https://doi.org/10.1007/s12369-016-0357-8
https://doi.org/10.1007/s12369-016-0357-8
https://doi.org/10.1109/RO-MAN47096.2020.9223588
https://doi.org/10.1109/RO-MAN47096.2020.9223588
https://doi.org/10.1145/2157689.2157735
https://doi.org/10.1145/2157689.2157735
https://doi.org/10.1007/s12369-020-00679-0
https://doi.org/10.1007/s12369-020-00679-0
https://doi.org/10.1080/10447318.2013.873278
https://doi.org/10.1080/10447318.2013.873278
https://doi.org/10.1109/DEVLRN.2018.8761028
https://doi.org/10.1109/DEVLRN.2018.8761028
https://doi.org/10.1016/j.ijmedinf.2020.104241
https://doi.org/10.1016/j.ijmedinf.2020.104241
https://doi.org/10.1016/j.cpr.2020.101928
https://doi.org/10.1016/j.cpr.2020.101928
https://doi.org/10.1126/sciadv.aaw5226
https://doi.org/10.1126/sciadv.aaw5226
https://doi.org/10.1111/j.1460-2466.2006.00318.x
https://doi.org/10.1111/j.1460-2466.2006.00318.x
https://doi.org/10.1007/s12369-020-00688-z
https://doi.org/10.1007/s12369-020-00688-z
https://doi.org/10.1145/3319502.3374777
https://doi.org/10.1016/j.ijhcs.2009.08.007
https://doi.org/10.1002/alz.092681
https://doi.org/10.1111/j.1467-6494.1995.tb00500.x
https://doi.org/10.1177/1745691612464657
https://doi.org/10.1177/1745691612464657

Influence of User Personality Traits and Attitudes on Interactions With Social Robots: Systematic Review

Naneva, S., Sarda Gou, M., Webb, T. L., & Prescott, T.].
(2020). A Systematic Review of Attitudes, Anxiety,
Acceptance, and Trust Towards Social Robots.
International Journal of Social Robotics, 12(6),
1179-1201. https://doi.org/10.1007/
$12369-020-00659-4

Nass, C., & Moon, Y. (2000). Machines and
Mindlessness: Social Responses to Computers.
Journal of Social Issues, 56(1), 81-103. https://doi.org/
10.1111/0022-4537.00153

Neyer, F. J., Felber, J., & Gebhardt, C. (2016). Kurzskala
Technikbereitschaft (TB, technology commitment).
Zusammenstellung sozialwissenschaftlicher Items und
Skalen (ZIS). https://doi.org/10.6102/71S244

Nitsch, V., & Glassen, T. (2015). Investigating the
effects of robot behavior and attitude towards
technology on social human-robot interactions. 2015
24th IEEE International Symposium on Robot and
Human Interactive Communication (RO-MAN),
535-540. https://doi.org/10.1109/
ROMAN.2015.7333560

Nomura, T., & Kanda, T. (2003). On proposing the
concept of robot anxiety and considering
measurement of it. The 12th IEEE International
Workshop on Robot and Human Interactive
Communication, 2003. Proceedings. ROMAN 2003.,
373-378. https://doi.org/10.1109/
ROMAN.2003.1251874

Nomura, T., & Kanda, T. (2012). Influences of evaluative
contexts in human-robot interaction and
relationships with personal traits. 2012 IEEE RO-
MAN: The 21st IEEE International Symposium on Robot
and Human Interactive Communication, 61-66. https:/
/doi.org/10.1109/ROMAN.2012.6343732

Nomura, T., Kanda, T., & Suzuki, T. (2006).
Experimental investigation into influence of negative
attitudes toward robots on human-robot interaction.
AI & SOCIETY, 20(2), 138-150. https://doi.org/
10.1007/s00146-005-0012-7

Nomura, T., Kanda, T., Suzuki, T., & Kato, K. (2008).
Prediction of Human Behavior in Human—Robot
Interaction Using Psychological Scales for Anxiety
and Negative Attitudes Toward Robots. IEEE
Transactions on Robotics, 24(2), 442-451. https://
doi.org/10.1109/TR0O.2007.914004

Nomura, T., & Kawakami, K. (2011). Relationships
between Robot’s Self-Disclosures and Human’s
Anxiety toward Robots. 2011 IEEE/WIC/ACM
International Conferences on Web Intelligence and
Intelligent Agent Technology, 3, 66—69. https://doi.org/
10.1109/WI-IAT.2011.17

Nomura, T., Shintani, T., Fujii, K., & Hokabe, K. (2007).
Experimental investigation of relationships between
anxiety, negative attitudes, and allowable distance of
robots. 13-18.

Obaid, M., Sandoval, E. B., Ztotowski, J., Moltchanova,
E., Basedow, C. A., & Bartneck, C. (2016). Stop! That
is close enough. How body postures influence
human-robot proximity. 2016 25th IEEE International
Symposium on Robot and Human Interactive
Communication (RO-MAN), 354-361. https://doi.org/
10.1109/ROMAN.2016.7745155

Park, E., Jin, D., & del Pobil, A. P. (2012). The Law of
Attraction in Human-Robot Interaction.
INTERNATIONAL JOURNAL OF ADVANCED ROBOTIC

SYSTEMS, 9. https://doi.org/10.5772/50228

Pearson, A., Robertson-Malt, S., & Rittenmeyer, L.
(2011). Synthesizing Qualitative Evidence. Lippincott
Williams & Wilkins.

Performance of Human-Robot Interaction. (n.d.). NIST.
Retrieved September 19, 2024, from https://
WwWw.nist.gov/programs-projects/performance-
human-robot-interaction

Personality. (n.d.). Https://Www.Apa.Org. Retrieved
October 21, 2021, from https://www.apa.org/topics/
personality

Pu, L., Moyle, W., Jones, C., & Todorovic, M. (2019).
The Effectiveness of Social Robots for Older Adults: A
Systematic Review and Meta-Analysis of Randomized
Controlled Studies. The Gerontologist, 59(1), e37-e51.
https://doi.org/10.1093/geront/gny046

Rammstedt, B., & John, O. P. (2007). Measuring
personality in one minute or less: A 10-item short
version of the Big Five Inventory in English and
German. Journal of Research in Personality, 41(1),
203-212. https://doi.org/10.1016/j.jrp.2006.02.001

Robert, L. (2018). Personality in the Human Robot
Interaction Literature: A Review and Brief Critique
(SSRN Scholarly Paper No. ID 3308191). Social
Science Research Network. https://papers.ssrn.com/
abstract=3308191

Robillard, J. M., & Hoey, J. (2018). Emotion and
Motivation in Cognitive Assistive Technologies for
Dementia. Computer, 51(3), 24—34. https://doi.org/
10.1109/MC.2018.1731059

Robillard, J. M., & Kabaciriska, K. (2020). Realizing the
Potential of Robotics for Aged Care Through Co-
Creation. Journal of Alzheimer’s Disease, 76(2),
461-466. https://doi.org/10.3233/]AD-200214

Rossi, S., Conti, D., Garramone, F., Santangelo, G.,
Staffa, M., Varrasi, S., & Di Nuovo, A. (2020). The
Role of Personality Factors and Empathy in the
Acceptance and Performance of a Social Robot for
Psychometric Evaluations. ROBOTICS, 9(2). https://
doi.org/10.3390/robotics9020039

Rossi, S., Santangelo, G., Staffa, M., Varrasi, S., Conti,
D., & Di Nuovo, A. (2018). Psychometric Evaluation
Supported by a Social Robot: Personality Factors and
Technology Acceptance. 2018 27th IEEE International
Symposium on Robot and Human Interactive
Communication (RO-MAN), 802—807. https://doi.org/
10.1109/ROMAN.2018.8525838

Salam, H., Celiktutan, O., Hupont, I., Gunes, H., &
Chetouani, M. (2017). Fully Automatic Analysis of
Engagement and Its Relationship to Personality in
Human-Robot Interactions. IEEE Access, 5, 705-721.
https://doi.org/10.1109/ACCESS.2016.2614525

Salem, M., Lakatos, G., Amirabdollahian, F., &
Dautenhahn, K. (2015). Would You Trust a (Faulty)
Robot? Effects of Error, Task Type and Personality on
Human-Robot Cooperation and Trust. HRI ’15:
Proceedings of the Tenth Annual ACM/IEEE
International Conference on Human-Robot Interaction,
1-8.

Collabra: Psychology 25

d-a[one/e1qe||00/Npa’ssaidon-auljuoy/:dpy woly papeojumod

1176202 ©1qeII00/€€9/G8/SLLEZLILILLIP

620z Ae|N g0 uo Jasn plaiyeys Jo ANsIoAuN Ag Jpd'GLLeZL L


https://doi.org/10.1007/s12369-020-00659-4
https://doi.org/10.1007/s12369-020-00659-4
https://doi.org/10.1111/0022-4537.00153
https://doi.org/10.1111/0022-4537.00153
https://doi.org/10.6102/ZIS244
https://doi.org/10.1109/ROMAN.2015.7333560
https://doi.org/10.1109/ROMAN.2015.7333560
https://doi.org/10.1109/ROMAN.2003.1251874
https://doi.org/10.1109/ROMAN.2003.1251874
https://doi.org/10.1109/ROMAN.2012.6343732
https://doi.org/10.1109/ROMAN.2012.6343732
https://doi.org/10.1007/s00146-005-0012-7
https://doi.org/10.1007/s00146-005-0012-7
https://doi.org/10.1109/TRO.2007.914004
https://doi.org/10.1109/TRO.2007.914004
https://doi.org/10.1109/WI-IAT.2011.17
https://doi.org/10.1109/WI-IAT.2011.17
https://doi.org/10.1109/ROMAN.2016.7745155
https://doi.org/10.1109/ROMAN.2016.7745155
https://doi.org/10.5772/50228
https://www.nist.gov/programs-projects/performance-human-robot-interaction
https://www.nist.gov/programs-projects/performance-human-robot-interaction
https://www.nist.gov/programs-projects/performance-human-robot-interaction
https://www.apa.org/topics/personality
https://www.apa.org/topics/personality
https://doi.org/10.1093/geront/gny046
https://doi.org/10.1016/j.jrp.2006.02.001
https://papers.ssrn.com/abstract=3308191
https://papers.ssrn.com/abstract=3308191
https://doi.org/10.1109/MC.2018.1731059
https://doi.org/10.1109/MC.2018.1731059
https://doi.org/10.3233/JAD-200214
https://doi.org/10.3390/robotics9020039
https://doi.org/10.3390/robotics9020039
https://doi.org/10.1109/ROMAN.2018.8525838
https://doi.org/10.1109/ROMAN.2018.8525838
https://doi.org/10.1109/ACCESS.2016.2614525

Influence of User Personality Traits and Attitudes on Interactions With Social Robots: Systematic Review

Sarrica, M., Brondi, S., & Fortunati, L. (2019). How
many facets does a “social robot” have? A review of
scientific and popular definitions online. Information
Technology & People, 33(1), 1-21. https://doi.org/
10.1108/I1TP-04-2018-0203

So, H., Kim, M., & Oh, K. (2008). People’s perceptions of
a personal service robot’s personality and a personal
service robot’s personality design guide suggestions.
RO-MAN 2008 - The 17th IEEE International
Symposium on Robot and Human Interactive
Communication, 500-505. https://doi.org/10.1109/
ROMAN.2008.4600716

Spatola, N., & Wudarczyk, O. A. (2021). Implicit
Attitudes Towards Robots Predict Explicit Attitudes,
Semantic Distance Between Robots and Humans,
Anthropomorphism, and Prosocial Behavior: From
Attitudes to Human-Robot Interaction.
INTERNATIONAL JOURNAL OF SOCIAL ROBOTICS.
https://doi.org/10.1007/s12369-020-00701-5

Stafford, R. Q., Broadbent, E., Jayawardena, C., Unger,
U., Kuo, I. H., Igic, A., Wong, R., Kerse, N., Watson,
C., & MacDonald, B. A. (2010). Improved robot
attitudes and emotions at a retirement home after
meeting a robot. 9th International Symposium in Robot
and Human Interactive Communication, 82-87. https://
doi.org/10.1109/ROMAN.2010.5598679

Stafford, R. Q., MacDonald, B. A., Li, X., & Broadbent,
E. (2014). Older People’s Prior Robot Attitudes
Influence Evaluations of a Conversational Robot.
INTERNATIONAL JOURNAL OF SOCIAL ROBOTICS,
6(2), 281-297. https://doi.org/10.1007/
$12369-013-0224-9

Stern, C., Lizarondo, L., Carrier, J., Godfrey, C., Rieger,
K., Salmond, S., Apéstolo, J., Kirkpatrick, P., &
Loveday, H. (2020). Methodological guidance for the
conduct of mixed methods systematic reviews. JBI
Evidence Synthesis, 18(10), 2108-2118. https://
doi.org/10.11124/JBISRIR-D-19-00169

Sundar, S. S. (2004). Loyalty to computer terminals: Is it
anthropomorphism or consistency? Behaviour &
Information Technology, 23(2), 107-118. https://
doi.org/10.1080/01449290310001659222

Takayama, L., & Pantofaru, C. (2009). Influences on
proxemic behaviors in human-robot interaction. 2009
IEEE/RSJ International Conference on Intelligent Robots
and Systems, 5495-5502. https://doi.org/10.1109/
IROS.2009.5354145

Tapus, A., Tapus, C., & Matari¢, M. J. (2008).
User—Robot personality matching and assistive robot
behavior adaptation for post-stroke rehabilitation
therapy. Intelligent Service Robotics, 1(2), 169-183.
https://doi.org/10.1007/s11370-008-0017-4

Tay, B., Jung, Y., & Park, T. (2014). When stereotypes
meet robots: The double-edge sword of robot gender
and personality in human-robot interaction.
Computers in Human Behavior, 38, 75-84. https://
doi.org/10.1016/j.chb.2014.05.014

Thalmayer, A. G., Mather, K., Saucier, G., Naude, L.,
Florence, M., Asatsa, S., Witzlack-Makarevich, A.,
Bachlin, L., & Condon, D. M. (2024). The Cross-
Cultural Big Two: A Culturally De-Centered Theoretical
and Measurement Model for Personality Traits. OSF.
https://doi.org/10.31234/0sf.io/anzwy

Thalmayer, A. G., Saucier, G., & Rotzinger, J. S. (2022).
Absolutism, Relativism, and Universalism in
Personality Traits Across Cultures: The Case of the
Big Five. Journal of Cross-Cultural Psychology, 53(7-8),
935-956. https://doi.org/10.1177/
00220221221111813

Thepsoonthorn, C., Ogawa, K.-1., & Miyake, Y. (2018).
The Relationship between Robot’s Nonverbal
Behaviour and Human’s Likability Based on Human’s
Personality. Scientific Reports, 8(1), 8435. https://
doi.org/10.1038/s41598-018-25314-x

Venkatesh, V., Morris, M. G., Davis, G. B., & Davis, F. D.
(2003). User Acceptance of Information Technology:
Toward a Unified View. MIS Quarterly, 27(3),
425-478. https://doi.org/10.2307/30036540

Veritas Health Innovation. (n.d.). Covidence—Better
systematic review management. Retrieved February 16,
2022, from https://www.covidence.org

Wang, S., Lilienfeld, S. O., & Rochat, P. (2015). The
Uncanny Valley: Existence and Explanations. Review
of General Psychology, 19(4), 393—407. https://doi.org/
10.1037/gpr0000056

Woods, S., Dautenhahn, K., Kaouri, C., Boekhorst, R., &
Koay, K. L. (2005). Is this robot like me? Links
between human and robot personality traits. 5th
IEEE-RAS International Conference on Humanoid
Robots, 375-380. https://doi.org/10.1109/
ICHR.2005.1573596

Wullenkord, R., Fraune, M. R., Eyssel, F., & Sabanovié,
S. (2016). Getting in Touch: How imagined, actual,
and physical contact affect evaluations of robots.
2016 25th IEEE International Symposium on Robot and
Human Interactive Communication (RO-MAN),
980-985. https://doi.org/10.1109/
ROMAN.2016.7745228

Xu, K. (2019). First encounter with robot Alpha: How
individual differences interact with vocal and kinetic
cues in users’ social responses. NEW MEDIA &
SOCIETY, 21(11-12), 2522-2547. https://doi.org/
10.1177/1461444819851479

Yam, K. C., Bigman, Y., & Gray, K. (2021). Reducing the
uncanny valley by dehumanizing humanoid robots.
Computers in Human Behavior, 125, 106945. https://
doi.org/10.1016/j.chb.2021.106945

Zhang, ]., Li, S., Zhang, ].-Y., Dy, F., Qi, Y., & Liu, X.
(2020). A Literature Review of the Research on the
Uncanny Valley. In P.-L. P. Rau (Ed.), Cross-Cultural
Design. User Experience of Products, Services, and
Intelligent Environments (pp. 255-268). Springer
International Publishing. https://doi.org/10.1007/
978-3-030-49788-0_19

Ziemke, T. (2023). Understanding Social Robots:
Attribution of Intentional Agency to Artificial and
Biological Bodies. Artificial Life, 29(3), 351-366.
https://doi.org/10.1162/artl_a_00404

Collabra: Psychology 26

d-a[one/e1qe||00/Npa’ssaidon-auljuoy/:dpy woly papeojumod

1176202 ©1qeII00/€€9/G8/SLLEZLILILLIP

620z Ae|N g0 uo Jasn plaiyeys Jo ANsIoAuN Ag Jpd'GLLeZL L


https://doi.org/10.1108/ITP-04-2018-0203
https://doi.org/10.1108/ITP-04-2018-0203
https://doi.org/10.1109/ROMAN.2008.4600716
https://doi.org/10.1109/ROMAN.2008.4600716
https://doi.org/10.1007/s12369-020-00701-5
https://doi.org/10.1109/ROMAN.2010.5598679
https://doi.org/10.1109/ROMAN.2010.5598679
https://doi.org/10.1007/s12369-013-0224-9
https://doi.org/10.1007/s12369-013-0224-9
https://doi.org/10.11124/JBISRIR-D-19-00169
https://doi.org/10.11124/JBISRIR-D-19-00169
https://doi.org/10.1080/01449290310001659222
https://doi.org/10.1080/01449290310001659222
https://doi.org/10.1109/IROS.2009.5354145
https://doi.org/10.1109/IROS.2009.5354145
https://doi.org/10.1007/s11370-008-0017-4
https://doi.org/10.1016/j.chb.2014.05.014
https://doi.org/10.1016/j.chb.2014.05.014
https://doi.org/10.31234/osf.io/anzwy
https://doi.org/10.1177/00220221221111813
https://doi.org/10.1177/00220221221111813
https://doi.org/10.1038/s41598-018-25314-x
https://doi.org/10.1038/s41598-018-25314-x
https://doi.org/10.2307/30036540
https://www.covidence.org/
https://doi.org/10.1037/gpr0000056
https://doi.org/10.1037/gpr0000056
https://doi.org/10.1109/ICHR.2005.1573596
https://doi.org/10.1109/ICHR.2005.1573596
https://doi.org/10.1109/ROMAN.2016.7745228
https://doi.org/10.1109/ROMAN.2016.7745228
https://doi.org/10.1177/1461444819851479
https://doi.org/10.1177/1461444819851479
https://doi.org/10.1016/j.chb.2021.106945
https://doi.org/10.1016/j.chb.2021.106945
https://doi.org/10.1007/978-3-030-49788-0_19
https://doi.org/10.1007/978-3-030-49788-0_19
https://doi.org/10.1162/artl_a_00404

Influence of User Personality Traits and Attitudes on Interactions With Social Robots: Systematic Review

Supplementary Materials

Table S1

Download: h
interactions-with-social-r - matic-review, hmen
263989 x?auth_token=FbgX404GM6M XXY6F

Download: https://collabra.scholasticahq.com/article/129175-influence-of-user-
interactions-with-social-robots-systematic-review/attachment/
263990.docx?auth_token=FbgX404GM6M8ddeXXY6F

Text S2

Download: https://collabra.scholasticahg.com/article/129175-influence-of-user-personalit:

interactions-with-social-robots-systematic-review/attachment/
263991.docx?auth_token=FbgX404GM6M8ddeXXY6F

Peer Review Communication

Download: https://collabra.scholasticahg.com/article/129175-influence-of-user-personalit:

interactions-with-social-robots-systematic-review/attachment/
263992.docx?auth_token=FbgX404GM6M8ddeXXY6F

Response Letter

Collabra: Psychology

27

d-a[one/e1qe||00/Npa’ssaidon-auljuoy/:dpy woly papeojumod

1176202 ©1qeII00/€€9/G8/SLLEZLILILLIP

620z Ae|N g0 uo Jasn plaiyeys Jo ANsIoAuN Ag Jpd'GLLeZL L


https://collabra.scholasticahq.com/article/129175-influence-of-user-personality-traits-and-attitudes-on-interactions-with-social-robots-systematic-review/attachment/263989.docx?auth_token=FbgX4o4GM6M8ddeXXY6F
https://collabra.scholasticahq.com/article/129175-influence-of-user-personality-traits-and-attitudes-on-interactions-with-social-robots-systematic-review/attachment/263989.docx?auth_token=FbgX4o4GM6M8ddeXXY6F
https://collabra.scholasticahq.com/article/129175-influence-of-user-personality-traits-and-attitudes-on-interactions-with-social-robots-systematic-review/attachment/263989.docx?auth_token=FbgX4o4GM6M8ddeXXY6F
https://collabra.scholasticahq.com/article/129175-influence-of-user-personality-traits-and-attitudes-on-interactions-with-social-robots-systematic-review/attachment/263990.docx?auth_token=FbgX4o4GM6M8ddeXXY6F
https://collabra.scholasticahq.com/article/129175-influence-of-user-personality-traits-and-attitudes-on-interactions-with-social-robots-systematic-review/attachment/263990.docx?auth_token=FbgX4o4GM6M8ddeXXY6F
https://collabra.scholasticahq.com/article/129175-influence-of-user-personality-traits-and-attitudes-on-interactions-with-social-robots-systematic-review/attachment/263990.docx?auth_token=FbgX4o4GM6M8ddeXXY6F
https://collabra.scholasticahq.com/article/129175-influence-of-user-personality-traits-and-attitudes-on-interactions-with-social-robots-systematic-review/attachment/263991.docx?auth_token=FbgX4o4GM6M8ddeXXY6F
https://collabra.scholasticahq.com/article/129175-influence-of-user-personality-traits-and-attitudes-on-interactions-with-social-robots-systematic-review/attachment/263991.docx?auth_token=FbgX4o4GM6M8ddeXXY6F
https://collabra.scholasticahq.com/article/129175-influence-of-user-personality-traits-and-attitudes-on-interactions-with-social-robots-systematic-review/attachment/263991.docx?auth_token=FbgX4o4GM6M8ddeXXY6F
https://collabra.scholasticahq.com/article/129175-influence-of-user-personality-traits-and-attitudes-on-interactions-with-social-robots-systematic-review/attachment/263992.docx?auth_token=FbgX4o4GM6M8ddeXXY6F
https://collabra.scholasticahq.com/article/129175-influence-of-user-personality-traits-and-attitudes-on-interactions-with-social-robots-systematic-review/attachment/263992.docx?auth_token=FbgX4o4GM6M8ddeXXY6F
https://collabra.scholasticahq.com/article/129175-influence-of-user-personality-traits-and-attitudes-on-interactions-with-social-robots-systematic-review/attachment/263992.docx?auth_token=FbgX4o4GM6M8ddeXXY6F
https://collabra.scholasticahq.com/article/129175-influence-of-user-personality-traits-and-attitudes-on-interactions-with-social-robots-systematic-review/attachment/263993.pdf?auth_token=FbgX4o4GM6M8ddeXXY6F
https://collabra.scholasticahq.com/article/129175-influence-of-user-personality-traits-and-attitudes-on-interactions-with-social-robots-systematic-review/attachment/263993.pdf?auth_token=FbgX4o4GM6M8ddeXXY6F

	Influence of User Personality Traits and Attitudes on Interactions With Social Robots: Systematic Review
	Methods
	Eligibility Criteria
	Literature Search
	Data Collection
	Data analysis

	Results
	Search Outcomes
	Study Characteristics
	Quality Assessment of Included Studies
	User Personality Traits
	User Attitudes Towards Robots

	Discussion
	Quality Assessment
	Social HRI Framework is Needed
	Towards Greater Consistency in Outcome Measures
	Impressions of Robots, Attitudes and Anxiety
	Different Robots Used

	Limitations
	Conclusion
	Contributions
	Competing Interests
	Funding Information
	Data Accessibility Statement
	References
	Supplementary Materials


