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Abstract: Understanding the behavioral dynamics that underline human–robot interactions in groups
remains one of the core challenges in social robotics research. However, despite a growing interest
in this topic, there is still a lack of established and validated measures that allow researchers to
analyze human–robot interactions in group scenarios; and very few that have been developed
and tested specifically for research conducted in-the-wild. This is a problem because it hinders
the development of general models of human–robot interaction, and makes the comprehension
of the inner workings of the relational dynamics between humans and robots, in group contexts,
significantly more difficult. In this paper, we aim to provide a reflection on the current state of
research on human–robot interaction in small groups, as well as to outline directions for future
research with an emphasis on methodological and transversal issues.

Keywords: human–robot interaction; group interactions; research methodology; social robotics

1. Introduction

If you look at the field of robotics today, you can say robots have been in the deepest oceans,
they’ve been to Mars, you know? They’ve been all these places, but they’re just now
starting to come into your living room. Your living room is the final frontier for robots.

Cynthia Breazeal (Retrieved from https://cyberbotics.engineering.osu.edu/ (ac-
cessed on 16 June 2021).)

Living rooms and homes everywhere offer a fertile ground for the implementation of
social robots, but also a particularly challenging one. The constant movement of people,
both in physical and interpersonal terms, hardly offers a routine that is easy to choreograph
in advance, and presents a level of unpredictability, inherent to social interaction, that is
hard to factor in with today’s technology.

In particular, group interactions are pervasive forms of social interaction that are at
the core of our everyday life. Following the recognition of their importance, researchers
in the field of Human-Robot Interaction (henceforth, HRI) and social robotics have been
increasingly concerned about understanding the behavioral dynamics of groups of humans
and robots, as reflected by the growth of published academic research on this topic in
the last two decades (see Figure 1). Robots are no longer utopian machines of the future
restricted to science fiction scenarios. Instead, they can now be found in schools [1,2],
museums [3–5] and shopping malls [6–8] and many scholars believe that social robots hold
the potential to further revolutionize the way we live and interact with each other [9].

In this context, keeping up with the fast pace of technology and the growing intro-
duction of social robots in everyday contexts has become a complex task for researchers
working in social robotics [9] .

To address this issue, in recent years, multidisciplinary teams have been working
together to develop better and more comprehensive methodologies to assess HRI in groups.

Multimodal Technol. Interact. 2021, 5, 59. https://doi.org/10.3390/mti5100059 https://www.mdpi.com/journal/mti

https://www.mdpi.com/journal/mti
https://www.mdpi.com
https://orcid.org/0000-0002-3542-2065
https://orcid.org/0000-0001-5766-0489
https://doi.org/10.3390/mti5100059
https://doi.org/10.3390/mti5100059
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://cyberbotics.engineering.osu.edu/
https://doi.org/10.3390/mti5100059
https://www.mdpi.com/journal/mti
https://www.mdpi.com/article/10.3390/mti5100059?type=check_update&version=1


Multimodal Technol. Interact. 2021, 5, 59 2 of 25

Nonetheless, the measurement and analysis of small group interactions still presents a
challenge due to their inherent complex and malleable nature.

Figure 1. Cumulative growth in the number of publications indexed in ACM and IEEE resultant
of the crossing of the keywords “group” or “team”, and “social robot” in the abstract of papers
published until 2020 (search last conducted on 16 June 2021).

Framework and Goals

In this article, we will start by providing a brief account of the psychological literature
on groups (see Section 2) and link it to the current state of the art of the research on human–
robot groups (Section 3). Furthermore, we will explore methodological and transversal
concerns related to this field of research (Sections 4 and 5) and discuss potential avenues of
development for future research (Section 6). For a schematic representation of our approach
to these issues in this article, please consult Figure 2).

Our goal with this paper is to identify methodological and research-related (or
transversal) issues, with a focus on HRI research, in which there is room for improve-
ment; and to analyze how these current methodological and transversal shortcomings can
impact the quality and reproducibility of the results of said research.

In this context, we must acknowledge that the research produced under the umbrella
of social robotics is too heterogeneous and diverse to be generalized, and that, as a result,
many articles in this area will have already addressed some of the issues outlined in this
article. Similarly, we also acknowledge that many of the issues addressed in this paper are
not unique to the field of HRI, and are present, to some degree, in research published in
other areas. Nonetheless, we believe that the issues outlined in this paper are still present
in published research in HRI, to an extent that justifies the analysis presented.

It is our goal to approach group HRI and the aforementioned issues through the
specific lenses of psychology, and to analyse them, where possible, in regards to their
specific impact on HRI research. With this paper, we seek to contribute to the field of HRI
research by emphasizing some of the current shortcomings and challenges of social robotics
research, and to outline some possible methodological avenues to address those challenges.
In addition, we also reflect on some transversal (or research practices-related) concerns that
underline research in HRI.

Although the definition of a group will be explored in-depth in Section 2, for the
purpose of this article, we will consider group HRI to be any type of interaction between at
least three group members who share a significant goal and that exert some type or degree
of mutual influence over one another [10] (e.g., complete a task, play a game). These group
members can include one or more social robots and/or one or more persons, and are not
limited by the context they operate in (e.g., schools, museums, shopping malls).



Multimodal Technol. Interact. 2021, 5, 59 3 of 25

Figure 2. Schematic representation of the framework of this article.

A small group, for the purpose of this paper and in accordance with previous research,
will be defined as any group that satisfies the aforementioned conditions [10], and that
is composed of at least 3, and at the most 12 members (The definition of small groups in
what regards their specific size has been fluid, and some authors suggest other limits for
the definition of a small group (see, for example [11]).)

In addition, for the purpose of this paper, a social robot will be considered a socially
embodied agent to which social interaction plays a key role [12]. This can include social
robots which are used mainly to achieve social goals (e.g., provide company or conversa-
tion), but also robots which main functions rely heavily on its socially abilities (e.g., playing
a competitive game). In this context, we will exclude industrial robots and robots who do
not feature any communication abilities.

We would also like to emphasize that our goal is not to review or summarize the
research in group HRI as a whole. An extensive review of important facets of group HRI
was already published and we recommend its reading [13]. Instead, we seek to focus on
the specific methods, methodologies and transversal issues that underline that research by
taking a critical look at published research and outlining paths for future improvement.

2. Social Psychology: What Makes a Group?

A social group or team is more than a collection of people.
Imagine, for example, a collection of a dozen people waiting in line at a bus stop. Most

would probably agree that these people do not actually constitute a social group or a team,
as they are not significantly related to each other, nor do they share a significant common
goal that requires their collaboration.

In this case, this collection of people is not a group because they lack entitativity, or,
in other words, the perception by the group members and other people that those people
together form a group. Entitativity is an important concept in this context, because it is a
strong determinant of how we perceive and interact both with members of our ingroups
and outgroups. For example, belonging to a group that is perceived as having a strong
level of entitativity can help members face difficult circumstances [14] and achieve their
psychological needs [15]. The level of entitativity can also affect the way people behave
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towards outgroups. Paradoxically, people have been shown to be more xenophobic towards
members of an outgroup that is perceived as having strong entitativity [16], but they
have also been shown to be more generous towards members of groups with strong
entitativity [17].

The level of entitativity, in turn, depends on a myriad of factors. For instance, similarity
has been found to be positively associated with entitativity [18,19]. In fact, people often
form or join groups precisely because they share significant similarities or goals with other
members of that group. Perhaps they all enjoy playing card games, work together on the
same project or all support the same football team; in other words, they all share something
that brings them together.

Similarity, however, is not enough. Frequent interaction and communication also play
an important role in increasing the entitativity of a group [20]. For instance, members of a
workgroup are likely to be in frequent communication with each other and to share similar
interests and goals, and thus to be considered a group.

In addition to frequent communication, members of a group are also likely to be
interdependent to at least some degree, meaning that they need cooperation among group
members to reach a specific goal [21]. For instance, a research team that wishes to build
a social robot is likely to include individuals with different backgrounds (e.g., computer
scientists, engineers, designers) who need to collaborate to achieve that goal.

Over time, groups are also likely to develop formal and informal group structures
and rules, and assign different roles to each individual [22]. These formal and informal
rules define what is acceptable and expected from each group member and, in general, are
positively associated with the perception of entitativity.

In psychology, the study of group interactions has been roughly organized into six
categories: (a) composition (e.g., who is a member of the group and how does that affect the
group dynamic?), (b) structure (e.g., does the group have a formal or informal structure?),
(c) performance (how do the characteristics of a group affect its performance?), (d) conflict (e.g.,
how does the group solve conflicts?), (e) the ecology of groups (e.g., how does the group
interact with its environment?), and (f) intergroup relationships (e.g., how does one group
interact with another?) [23–26].

3. Groups of Humans and Robots

Most research on HRI focused on examining one-to-one interactions between one
person and one robot; however, the efforts that have been conducted to investigate HRI at
a group level thus far provide convincing evidence that social robots can influence the dy-
namics of a group [27]. In particular, the presence or interaction with social robots can exert
an influence on others in two significant ways: directly and indirectly (see Figure 3b,c).

Social robots exert a direct influence in group dynamics when they are active participants
in that group (see Figure 3, where the group and direct interactions among their members
are denoted in box b)), regardless of their role. For instance, social robots can be effective
conflict moderators in groups of children [28] and adults [29]. Social robots can also
positively impact the performance of members of a group in a collaborative task, and can
increase the perceptions of group cohesiveness [30].

These effects on members of the group, however, seem to be influenced by the group
composition and by the characteristics of the robot(s) (see Figure 3a). In particular, group size,
for example, seems to influence behaviors towards robots in cooperative games, with groups
of people displaying more competitive behaviors towards robots in this context, than to-
wards other humans [31]. In addition, the group size (specifically, the number of robots)
also seems to have an interaction effect with other important characteristics, such as the
type of embodiment of the robot (anthropomorphic, zoomorphic, or mechanomorphic) [32].

The specific composition of the group and the robot-robot interactions within that
group also matter. Robots that interact socially with each other are perceived as being more
anthropomorphic. Moreover, groups of robots that are perceived as having a high level of
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entitativity are perceived more positively and users report a higher degree of intention to
interact with them in the future [33].

Before the interaction, groups (in comparison to isolate individuals) can also have an
important effect in the initiation of the interaction and the level of trust assigned to the
robot. For instance, although groups of people (as opposed to single individuals) are more
likely to interact with a robot [34] and more likely to trust it [35], research also shows that
in group interactions with robots, people pay less attention to the robot [13].

However, social robots can also indirectly influence the behavior of a group by causing
a ripple effect. In this context, we consider not how the presence of one or more robots
influences group dynamics, but instead, how it influences the interactions that the people in
the group have with other people .

For instance, in studies involving autistic children, interaction with social robots
has shown to have beneficial effects in how those children interact with their peers [36],
therapists [37] and caregivers [13,38].

Figure 3. Schematic representation of the levels of analysis of HRI in groups: (a) group composition
(e.g., size, individual characteristics of the members of the group), (b) direct interaction among
robot(s) and members of the group, (c) indirect interaction among robot(s) and members of one group
and members of another group and (d) interaction between mixed groups of humans and robots
(which might have interacted directly or indirectly), and the wider society. The arrows represent
unidirectional interactions. Please note that the gender distribution and colors implied by the icons is
not significant, and was added to symbolize diversity within each group.

In the same line, research has shown that robot’s expressions of vulnerability can have
a beneficial impact on other member’s of the group willingness to share their vulnerabilities
among each other [39].

Finally, the introduction of social robots and the formation of mixed social groups is
also likely to have an impact on their interaction with outgroups (see Figure 3d). For in-
stance, in the context of a competitive game, participants have been shown to prefer and
show fewer signs of aggression towards ingroup robots than outgroup humans [40,41].
Verbal support given by a robot to outgroup members seems to positively impact their
participation in a joint task, but also reduces the verbal support given by other ingroup
members [42]. In mixed group HRI, it has also been observed that the role and goal-
orientation played by the robot can influence interaction among humans and robots,
and also among humans who are members of an in-group or out-group [43] (see Figure 4
for an example of research on this topic). In addition, similar to what has also been ob-
served in human-human interaction (see black sheep effect [44,45]) dissenting ingroup
robots tend to be perceived less favourably than dissenting outgroup robots [46].
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Figure 4. Representation of a scenario involving human–robot interaction in groups based on the
work of Oliveira and colleagues [43]. A traditional Portuguese group card-game was implemented
for a mixed group of humans and robots. The goal-orientation (collaborative vs. competitive) of
robots was manipulated through the utterances they spoke, and the roles (partner vs. opponent)
were manipulated through the sitting arrangement of participants (players sitting in front of one
another played as partners, whereas players sitting to the sides were opponents). Interactions were
recorded and coded according to a coding scheme used for group interactions [47].

In terms of the research in group HRI that has been conducted, a recent review has
shown that most studies investigating group HRI involve scenarios where one robot
interacts with two, three or more than four people [13]. Few studies investigated the
interaction between one person or multiple people and more than one robot. Interestingly,
this review also shows a good equilibrium between laboratory and field (or in-the-wild;
approx. 54%) experiments, with a good portion involving autonomous robots [13]. This
stands in contrast to the research conducted in other fields of HRI (e.g., [48]), in which we
see a predominance of wizard-of-oz techniques.

4. HRI Research Methodology

In the area of social robotics, researchers have often borrowed concepts and method-
ologies from different areas of social sciences with the aim of improving research about
human factors in HRI. The six categories presented at the end of Section 2 are, to some
extent, present in HRI literature and present valid concerns for researchers investigating
these types of interactions. Nonetheless, there are still some methodological issues stand-
ing in the way of the improvement and progress of HRI research on small groups. These
limitations have been previously pointed out in several reviews concerning HRI (see, for
example [13,49]).

Below, we provide a summary of these limitations, a discussion of their impact on our
current understanding of HRI in groups and offer potential avenues to overcome them.

4.1. The Issue of Measurement

Assembling successful human–robot teams is no easy task. It requires the development
of robots that can perform a myriad of social and functional tasks, and that can adapt and
contribute to the establishment of healthy human environments [50,51]. In the context
of HRI, collectively, research has demonstrated that robots can be effective teammates in
mixed groups (i.e., groups involving more than one human and robot intervenients) [50].

Nonetheless, there are currently only a few metrics specifically developed to assess the
functioning of groups and teams in HRI. Some of these quantitative metrics attempt to look
at aspects of interaction that pertain to performance issues (e.g., [52,53]), whereas others
focus on the measurement of the social aspects of interaction (see [54]). In this context,
the need to develop more specialized measures (in the context of groups) has been pointed
out by many authors [54,55] and remains a valid concern today.
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To overcome this lack of specialized validated metrics for HRI in groups, researchers of-
ten opt to apply metrics developed for one-on-one interaction to group scenarios. However,
the widespread use of metrics that were developed for the study of individual variables
(such as robot perception [56,57]) in a group context might have several limitations. This is
because these metrics are usually developed to capture information about an individuals’
response to robots and can, as a result, fail to capture the effect of the social situation and of
the dynamics that are created in this type of scenario. In this context, if we want to be able
to model group emotions and other aspects of group interactions, to create robots that can
interact in naturalistic ways, we need to gather high fidelity information on how groups of
humans and robots interact.

One initial consideration that can help us address the challenges associated with the
study of groups is to think of the different levels of analysis that have been associated with
group research and to decide which one might be more useful in the context of HRI.

In this regard, social psychology traditionally distinguishes two levels of analysis: the
individual-level approach and the group-level approach [58]. Researchers who argue in
favor of the first tend to focus on the study of the individuals who compose the group [58].
This is in line with the approach that many studies in group HRI have taken and it defines
group interactions as a collection of each individual group member’ responses. However,
social researchers who adopt the group-level approach tend to argue that groups are more
than the sum of its parts in the sense that groups of people can produce behaviors and
attitudes that none of its individual members would produce by themselves [58].

More recently, attempts to integrate these two approaches have given origin to more
interactionist approaches that suggest that group behavior is both a result of the individuals’
responses and the synergy between the individual and the group. This seems to be a
particularly good approach because it focuses on the group dynamics and conceptualizes
social groups as a system of reciprocal and ever-changing interactions between groups and
individuals [58].

Assuming this perspective has the potential to enrich research in group HRI in many
different ways. First, by enlarging our notion and concept of groups as a form of social
interaction that is inherently distinct from interpersonal interactions. Second, by allowing
the definition of a set of methodological tools that are developed to tackle different aspects
of group interactions and that can be integrated to create a coherent picture of groups’
dynamics. Finally, by providing researchers with a conceptual framework that might
contribute to an improved understanding of the functional and social dynamics of human–
robot teams and groups.

4.2. Moving Beyond Questionnaires

A summary of this section can be consulted in Table 1.
Surveys and questionnaires have always been considered a valuable method of data

collection in social research [59]. They provide a transversal and straightforward way
to collect information that is not only cheap, effective but also easy to report given its
widespread use. However, despite its appeal, we must acknowledge that surveys offer
only a small peek into an often complex and multi-layered reality.

Psychological tests or surveys are instruments that allow researchers to measure
the psychological traits and states of individuals, and are used in a wide array of disci-
plines [60]. The results of these instruments are important because they lead researchers
and other stakeholders to make decisions that can have outreaching consequences. How-
ever, the value of questionnaires is predicated on their psychometric qualities (namely,
reliability and validity).

Reliability refers to the extent that a questionnaire can produce consistent and repro-
ducible results (for a more in-depth explanation, see [60]). In this context, there are four
main types of reliability that must be considered when developing or assessing the psycho-
metric properties of questionnaires. Test-retest reliability refers to the extent that a survey
can produce consistent results over a certain time interval. Interrater reliability refers
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to the extent that individuals’ observations of a certain phenomenon are consistent with
other’s observations, whereas interrater reliability refers to the extent that one individual’s
observations in two or more separate occasions are consistent. Internal reliability refers to
the extent that individual’s responses are reproducible and consistent across similar items
of a scale.

Validity, on the other hand, refers to a scale’s ability to measure what is intended to
measure [60]. To assess validity, researchers typically look at three main types of validity:
criterion, construct and content validity. Criterion validity, which can be concurrent or
predictive, refers to the extent that one measure of a certain construct that is closely
associated with a neighbour construct. Construct validity measures the extent to which
the items of a scale accurately measure the underlying construct of interest and are thus
positively correlated with other measures of the same construct (convergent validity) and
negatively correlated with measures of unrelated or opposite constructs. Content validity,
which is measured through the assessment of experts in the domain, evaluates the degree
to which the behaviors, traits or beliefs included in the scale’s items adequately cover the
domain of interest.

In addition, to the psychometric properties of the scale, researchers must also take into
consideration the quality of their study designs, namely by evaluating the study’s internal
and external validity [60]. Internal validity measures the extent to which the design of a
study allows researchers to establish strong cause-and-effect inferences, whereas external
validity refers to the extent to which the study design of a study allows the results to be
generalized to the wider population of interest.

The over-reliance on questionnaires might threaten the external validity of findings
and hinder their potential for generalization. For instance, questionnaires are often vulnera-
ble to cultural influences, with scale translations and validations often presenting different
structures of factors or different arrangements of items per factors (e.g., [61]).

In the specific context of HRI research, these issues take on heightened importance.
For instance, given that the purpose of much of HRI research is to generate insights that are
meaningful for those developing and implementing social robots in real-life contexts (i.e.,
“in-the-wild”), guaranteeing that the results of such research have external and internal
validity is of paramount importance. In this context, there are many research-related
aspects that can influence participants’ responses and that introduce a source of bias in the
data collected (e.g., researchers’ characteristics, participants’ desire to please the researcher
or to be agreeable [62]).

Similarly, other aspects related to the participants’ characteristics can also influence
their responses to social robots. For example, factors such as the participants’ prior inter-
action with robots (i.e., novelty effect; [2,63,64]), their a priori comfort and willingness to
interact and accept new technologies or their attitudes towards robots and their introduc-
tion in society [65–67] are all non-interaction-related variables that can have an impact on
how participants perceive the robots they interact with. These outside influences are often
hard to control, and can be a source of contamination that influences the conclusions gath-
ered from the research efforts made by researchers. However, these potential confounding
variables are not unique to the use of questionnaires.

The presence of these biases, which is often transversal to different types of measures,
emphasizes the importance of the triangulation, which has long been regarded as a re-
minder of the limitations of each individual method and has endured as one of the most
satisfactory answers to this problem [68].

Methodological triangulation refers to the combination of different types of methods
(qualitative and quantitative) to study one particular subject, thus allowing researchers
to overcome the specific limitations of each method [68]. In group contexts, the use of
triangulation is particularly important because it allows researchers to tackle the increased
level of complexity present in this type of interaction .

Below, we summarize different methodological alternatives or complements that have
been used broadly in social sciences and that can be implemented in research on group HRI.
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4.2.1. Phenomenological and Other Types of Qualitative Research

A growing number of researchers has begun to emphasize the importance of incor-
porating user input into the development of social robots [69,70]. The reason behind this
logic is that allowing potential users to have an active voice in the process of developing
robots that are targeted at interacting with groups of people with similar characteristics to
them, can be an important factor in creating technology that is adapted to the users’ specific
needs [70]. In a group interaction scenario, this is particularly important because it has
been stated that perception is a social phenomenon and thus, an individual’s perception of
a robot can be affected, not only by the behavior and characteristics of the robot, but also
by the behavior and perceptions of other people [43,59,71].

In this context and in congruence with the concerns presented in the previous section,
qualitative and phenomenological research can be useful tools for researchers interested in
unravelling the meaning behind patterns in quantitative data [59].

For example, focus groups with representative groups of a target population might
yield useful information that the researcher or developer might have not considered in
the first place. For example, in [70] the authors conducted a focus group to explore
the perceptions of blind people regarding robots. In particular, the authors collected
information regarding possible situations in which blind users thought robots could be
useful and also what characteristics (e.g., size) robots should have. Then, based on the
information collected, the researchers conducted an experiment with blind users using a
task that involved some of the aspects (i.e., moving objects around and assembling things)
mentioned by the participants in the focus group.

In addition, conducting focus groups (rather than individual interviews for example)
might be more effective in generating novel and diverse information due to the fact that
participants have the opportunity to build and develop each others’ ideas [72].

Moreover, other qualitative techniques such as diary keeping, might be useful for
researchers investigating factors related to the longitudinal effects (i.e., effects of the in-
teraction with robots that outlive an initial interaction and that are durable in time) of
robots in home or school-like environments [73,74]. This technique requires participants
to keep diaries in which they describe their personal experiences when undergoing a
specific treatment or experience. Content analysis might then be used to extract relevant
information on a wide range of factors [73]. In particular, in group scenarios, it might be
useful in understanding how participants in the study perceive the robots, other members
of the group and how their perception evolves over time or when compared to specific
events that can be introduced by the researcher [2].

Finally, techniques that involve the direct observation of group behavior can also
be of importance. Borrowing observational coding schemes and group behavior models
from other disciplines (e.g., the Interaction Process Analysis for small groups [43,47], can
be a useful alternative to understand the specific nature of HRI in groups. In this line of
thinking, the use of these observational tools can be particularly useful for those interested
in analyzing the content of interactions as well as its distribution in time and in different
tasks (e.g., entertainment or problem-solving interactions).

Although this technique has its limitations (see [75]), we believe it can be a useful
addition to the methodological toolbox of researchers interested in studying HRI in groups.
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Table 1. Summary of data collection methods, some of their respective advantages and shortcomings and examples of application to HRI research problems.

Data Collection Method Advantages Shortcomings Example of Application

Questionnaires

-Cost-friendly [76]; -Questionnaire fatigue [76,77];

A research team is interested in evaluating whether
the level of competence displayed by a robot in a
group competitive task influences participant’s
perceptions of the robot and their willingness to
interact with the robot again. They can employ
pre-developed questionnaires (e.g., RoSAS [56] for the
perception) or create ad hoc questions (e.g., [78],
for the willingness to interact again in the future).

-Easy application [76]; -Lack of nuance [77];

-Widely used (familiar) [76,79]; -Accessibility issues [77];

-Scalability [77] -If not properly validated and evaluated, can produce
biased data [77].

Focus groups

-Less time consuming than other similar methods
(interviews; [76]); -More time consuming than questionnaires [80];

Researchers intend to develop a robot for therapy, so
they consult a group of experts (therapists) to get their
feedback about key development issues (e.g., [81]).

-Allows the exploration and in-depth discussion of
important topics [76,80];

-Researcher has less control over the data
generated [76,82];

-It can reach many participants simultaneously [82]. -Data can be difficult to analyze and interpret [82].

Dary-keeping

-Allows us to see how participants’ perceptions
evolve over time [83,84];

-If the goals are not well-defined and transmitted to
participants, relevant information might not be
recorded [83];

Researchers are interested in evaluating the
acceptance and user’s opinions about a social robot
that has been implemented in the users’ home
(e.g., [85]).

-Experiences and opinions are recorded closer to
when they happen, and not in hindsight [84];

-Participants might not be motivated to journal
frequently [86];

-Allows us to capture external factors that can
influence user’s feelings and opinions [84,86]. -Data can be difficult to interpret and analyze [84,86].

Interviews

-Allows exploration of user’s opinions, feelings and
experiences [87]; -Time consuming [87,88];

Researchers seek to develop a social robot that can
help blind users with daily tasks, so they conduct
interviews with blind users, in which they obtain their
feedback about desired functionalities (e.g., [70]).

-It provides flexibility in the topics explored [87] -Interviewers must be trained and develop an
interview script a priori [87,88];

-Interviewer can take into account the non-verbal
behavior of the interviewee [76].

-Can be costly due to the need for having dedicated
facilities (i.e., rooms) and the possible need for
dislocation to meet participants [76,87].
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Table 1. Cont.

Data Collection Method Advantages Shortcomings Example of Application

Observation of behaviors

-Allows direct observation of behavior; -Internal states (e.g., motivation for a specific
behavior) are not observable [89];

A research team is interested in understanding how
different roles (partner vs. opponent) and different
goal-orientations (competitive vs. collaborative) can
influence group interactions in entertainment
settings [43];

-Allows for the accounting of different types of
behavior (e.g., verbal, non-verbal [89]); -Can be costly and time-consuming [90,91];

-Allows us to collect data from several individuals
simultaneously [90,91].

-It can result in a large amount of data that can be
difficult to analyze and interpret [89,90].

Psychophysiological metrics

-Allows for real-time data recording [92]; -Requires very specific expertise to collect and
analyze data [92];

A research team wants to implement context-sensitive
robotic behaviors according to participants’ level of
anxiety, thus achieving improved implicit
communication between user and robot [93].

-Psychophysiological responses are not under the
voluntary control of participants, so they are difficult
to fake or manipulated [92];

-Can be costly given that they require specific
apparatus and tools;

-Humans are not always accurate in making
judgements about their cognitive or internal states
(e.g., [94]).

-Collection of phychophysiological data can feel
intrusive to the participant [92].
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4.2.2. Psychophysiological Metrics

Physiological metrics (e.g., heart-rate variance, skin conductance) have often been
used in psychology to measure individuals’ bodily reactions to stimuli. In general, physio-
logical indicators provide an account of the degree of arousal, and can be influenced by
psychological constructs [92,95]. This is thought to be a good way to measure people’s
responses because it provides an alternative to self-report measures (that can be biased)
and it allows researchers to assess certain aspects of social cognition and emotions that are
not always accessible to the individuals (e.g., reaction times).

To evaluate each individual response within the group, the group dynamics and the
associated emotional, cognitive and behavioral responses, verbal and nonverbal responses
may be recorded and their coding could be facilitated by the use of multi-modal sensors
for real-time and off-line data collection and analysis.

Thus, depending on the research questions, relevant measures for the assessment of
group dynamics in HRI may include non-invasive psychophysiology sensors to detect
specific emotional responses or other emotional processes, including indexes of stress and
emotional regulation through the evaluation of heart rate variability, complemented with
electrodermal activity, respiration (see, for example, [96]).

Other non-invasive biomarkers such as salivary hormones of cortisol, testosterone,
and/or oxytocin could be used to complement emotional and behavioral responses. For ex-
ample, cortisol release has frequently been measured in humans to evaluate their responses
to social stress events [97]. Testosterone levels seem to increase when individuals anticipate
conflict and competitive situations [98,99]. In contrast, oxytocin has been related to social
bonding and attachment, cooperation, trust, and several other measures of prosociality
(e.g., [100–102]).

In HRI research, these variables have been measured primarily through questionnaires
(e.g., [103–105]), and thus, offer interesting areas for the employment of alternative data
collection methodologies.

In addition, eye-tracking technologies allow the assessment of several eye gaze metrics
to capture and understand approach and avoidance behavior, including the time spend
looking at each member of the group, the avoidance of contact, which can be of interest
to study HRI in group scenarios. This technique has been adopted before (e.g., [106,107]);
however, its use can be extended to other contexts of group interactions.

Another advantage of these types of measures is that they allow the continuous
recording and assessment of the individual’s responses (as opposed to their posterior
assessment, achieved, for instance, through the application of questionnaires), and the
fact that they can be used in contexts in which the application of other measures could
be disruptive of the real-time experimental task [92]. This can be particularly relevant for
HRI research due to the importance of creating naturalistic interaction experiences among
humans and robots [108].

Despite the fact that the collection and analysis of some of these metrics (e.g., heart
rate variability) requires very specialized knowledge and a higher level of discomfort for
the participants (in comparison to other metrics, such as surveys), this methodology has
the potential to significantly improve our knowledge of HRI in groups by complementing
and advancing previous findings.

Moreover, similar to other methods of data collection, bio-physiological measures also
present some limitations, particularly the difficulty in making inferences regarding covert
states based on psychophysiological data and the fuzzy patterns of the psychophysiological
responses associated with some emotions (for more information, see [92,109]). As such,
these metrics provide the most value if used in complement with other measures (both
physiological and non-physiological), and if interpreted within the contextual framing in
which they occur [92].
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4.2.3. Metrics for the Analysis of Group Emotions

Physiological measures can be useful tools in analyzing variables related to groups’
emotional processes and dynamics. However, other, more non-invasive measurements of
emotions (for example, through the use of emotion recognition software; for a more in-
depth review of this topic and its limitations, see [110–112]), can also provide an adequate
way to analyze the role of emotions in HRI in groups.

This type of method would allow researchers to measure and collect information
in real-time about the responses of individuals within the group, as well as other non-
verbal responses. In this context, some authors have already begun to incorporate these
techniques in HRI research to categorize variables such as facial emotional expressions [113]
and voice [114], (see [115] for a review).

Nonetheless, the employment of these techniques also has limitations that should
be taken into consideration. In particular, they often rely on the recognition of facial
markers that are observed in the prototypical manifestation of certain emotions [116,117].
However, because people do not always express emotions in the same way (especially,
when considering more complex emotions), the use of these tools can be complemented by
the use of human coders or by the analysis of other indicators (e.g., body language).

In contrast with bio-physiological responses, other behavioral responses which are
mostly under the voluntary control of the individual can also provide an interesting source
of information regarding an individual’s responses to a certain stimulus. However, like any
other measure, they need to be interpreted according to the specific situation and cultural
context in which they occur [95].

In addition, although there have been attempts to map specific patterns of physiologi-
cal responses associated with specific emotions, researchers still need to rely on several
simultaneous physiological and other subjective measures to ensure reliability [95].

4.3. Towards Improved Statistical Methods

The statistical and methodological advancements witnessed in recent decades in social
sciences have been phenomenal [118]. More specifically, in the context of group interactions,
some authors suggested that groups should be regarded as complex systems that interact
with smaller systems (e.g., the members), as well as other systems equally larger (e.g., other
groups) or even larger than themselves (e.g., the society around them). In addition, groups
also tend to have fuzzy boundaries that can simultaneously distinguish them and connect
them to other groups and individuals around them [23,118] (see Figure 5).

In this context, the statistical techniques we use to analyze this type of interaction
must be able to adequately mirror this complexity and thus, need to be different from
the statistical techniques used to analyze other types of interaction [119]. Ignoring this
complexity during the process of data analysis can lead to a higher risk of incurring in type
I errors by increasing the likelihood of obtaining spurious significant results [119].

One technique that has been consistently pointed out as being a useful tool to accom-
modate this increased complexity is multi-level modelling (MLM) [120,121]. MLM can
be useful for those exploring the effects of an intervention in a group’s behavior and it
allows the researcher to analyze these effects on an individual, group and organizational or
cultural level, simultaneously [120]. In addition, it provides an alternative to traditional
statistical methods that assume the independence of observations (e.g., t and F tests), which
is often not the case in scenarios that involve group interactions (for more information,
see [121,122]).

Similarly, other nested approaches for the analysis of certain group behavior dimen-
sions (such as behavior duration) have been suggested and can be useful tools for future
research on multi-party HRI. MLM, for example, has been used in the past in HRI research
on small groups (e.g., [43]), however, its use is still not widespread enough for it not to be
mentioned here as a future trend, rather than a current one.
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Figure 5. Schematic representation of the complexity and different relational levels of group interac-
tions, including (a) interactions between members of a group, (b) interaction between a group and
its members; (c) intergroup interactions; (d) relationship between the group and the wider social
environment; (e) overlapping group membership; (f) representation of the fuzzy boundaries of social
groups and (g) the progress in time of group processes.

Furthermore, in line with some of the issues on behavioral dynamics already pointed
out, there is also a growing interest in statistical techniques that allow researchers to
analyze the temporal sequencing of events in a more interactive way (rather than through
the traditional input-progress-output model) [59]. This, among other things, would allow
researchers to study and develop probabilistic models of turn-taking in social HRI in groups
(i.e., predict who is more likely to intervene next and what situations facilitate different
types of interactions) [123].

5. Transversal Concerns

A summary of this section can be consulted in Table 2.
Although methodological quality is the cornerstone of valid, reliable and useful re-

search, research involves much more than the methods it employs. The research practices
that underline the research conducted in any academic field can also have important
consequences to the quality of the work produced. In this context, we define transversal
concerns as concerns related to the research practices that underline academic research
efforts. These transversal concerns, some of which will be explored more in-depth in the
following sections, can include aspects related to the management of different interdisci-
plinary contributions and perspectives, aspects related to the reproducibility of the research
output and the importance of the collaboration among social robotics research centres
spread around the world.
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Table 2. Summary of the main transversal concerns discussed in this paper, and their relation to the field of HRI research in
terms of the advantages and challenges they present.

Transversal Concerns Importance for HRI Research Main Challenges

Interdisciplinarity

-Research on human psychology and other social
sciences can be a good starting point for research in HRI;

-Communication between academics of different
fields can difficult;

-Research methods common in social sciences can be
used to improve HRI research;

-Collaborations might be hard to establish due to
a lack of network opportunities with academics
from other fields.

-It offers new sources of insight and new perspectives
that can be beneficial to the development of social robots.

Pre-registration

-Increases the transparency, rigor and reproducibility
of research;

-Requires a substantial amount of time to be
dedicated to the planning and study
preparation process;

Reduces bias and opportunities for dysfunctional
research practices;

-Puts an emphasis on the careful planning of important
aspects (e.g., data collection methods, sample size
estimation) of research studies;

Pre-registered reports that are subject to peer-review can
increase the likelihood of the publication of negative or
null results.

Longitudinal research

-Presents an opportunity to better understand how
group HRI develops over time;

-Can be costly to implement and monitor, both in
terms of time and money;

-Large-scale longitudinal studies “in-the-wild” offer
useful insight on how to better develop social robots
suited for this type of interactions.

-It might be difficult to keep participants
engaged in the research process for such lengths
of time.

Compassionate research

-Contributes to the development of better social robots
by focusing on the needs of prospective users;

-It can be difficult to reach and conduct research
with some groups of users;

It can increase the societal value of social robots by
making them more valuable and useful to users.

-Users’ needs and expectations of social robots
can vary widely across culture and
demographics.

5.1. Interdisciplinarity Research and Integration

HRI is a multi-disciplinary area of investigation that includes the contributions of en-
gineers, social scientists and other researchers interested in developing social autonomous
robots. One particular area that has largely contributed to the development of many studies
in HRI in groups is the area of social psychology. This discipline can be broadly defined as
the study of the impact of the presence of others (whether it is real, imagined or perceived)
on our behavior [71] and it has been at the core of the development of many theoretic
and conceptual models on human groups’ behavior (e.g., social cognitive approach, for a
review of these theories, see [124]).

For this reason, psychology and other disciplines concerned with collective behavior,
such as sociology or political science, can serve as a good starting point for those interested
in HRI in groups. Although the study of groups itself is a multi-disciplinary discipline and
one that is characterized by the existence of multiple different perspectives (e.g., sociocul-
tural, social cognitive), it is usually agreed that group behavior differs significantly from
individual behavior in many instances [125]. For example, in one of the most influential
series of experiments in psychology, Asch [126] demonstrated the effect of conformity
to the majority in group situations, and how this effect was amplified by the size of the
group (In the mentioned experiment, Asch [126] surrounded participants with a group
of other people, who, unbeknownst to the participants, were confederates (actors). He
then presented an image of lines with different lenghts, and asked the group (one naïve
participant and the confederates) to identify which line matched a target line in terms of
length. Although the answer was obvious, participants still conformed to the opinion of
the group of confederates (which was wrong) more than 70% of times. This experiment
has been replicated in HRI research, confirming its existence among human members of a
group, but not in mixed groups [127]).
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To study the specificity of group behavior, several authors came up with a multitude
of different models and theories (for a review, see [125]) that organize themselves around
factors such as social identity (i.e., focus on the relations between social groups, by consid-
ering social processes such as stereotyping and intergroup conflicts [128]), distribution of
power (i.e., focus on the distribution of power and resources among unequal members of a
group, which looks at phenomenon such as negotiation and consensus building [129]) and
functionality (i.e., focus on understanding the aspects that influence the effectiveness of a
group, by considering factors such as the internal structure of the group, the characteristics
of the task and the environment in which the group interacts [130]) .

Although these approaches differ from each other to the extent they focus on different
factors to explain group behavior (e.g., social identity [128], distribution of power [129],
functionality [130]), all of them provide useful lenses through which to look at group
interactions. Indeed, despite the overlap in the study of different topics (i.e., the same topic
can be analyzed from different perspectives), all of these conceptual perspectives (e.g.,
sociocultural, evolutionary, social learning, social-cognitive) highlight different facets of
the same phenomena and can be useful for guiding research on HRI [125]. For example,
in psychology, collaboration and competition have been both looked at from a sociocultural
perspective (which puts an emphasis on social norms and culture) and an evolutionary
perspective (which emphasizes the role of genetics and inheritance in the development of
social behaviors) [125]. Despite the focus on different aspects, these two approaches both
provide complementary hypothesis about how and when individuals and groups choose
to behave collaboratively or competitively.

In methodological terms, this interdisciplinarity implies a broad conjugation of meth-
ods that stem from research on different academic areas (e.g., ethnographic research) and
of different conceptual perspectives (e.g., sociocultural). This, in turn, allows the existence
of a more varied menu of methodological tools that can be used to improve research in
HRI in groups and supports the future establishment of more interdisciplinary research
projects and works.

5.2. Pre-Registration

Pre-registration has the potential to increase the transparency, rigor and reproducibil-
ity of published research by decreasing existing biases, motivations and opportunities
for dysfunctional research practices [131,132]. Currently, some online platforms for pre-
registration of studies already exist, offering a variety of templates that can be used by
researchers to establish a priori what their goals, hypotheses, data collection and analytic
strategies will be (For instance, clinicaltrial.gov, osf.io, aspredicted.org, and PROSPERO
(https://www.crd.york.ac.uk/prospero/) for health-related systematic reviews of literature.).

Similarly, owing to the recognition of the importance of pre-registration of studies,
some academic journals have also already begun to offer the possibility of submitting
pre-registered reports (For instance, Nature offers the possibility to submit pre-registration
reports: https://www.nature.com/nathumbehav/registeredreports (accessed on 7 July
2021). This type of submission typically involves the peer-review of study protocols that
detail, before the start of data collection, all relevant details regarding the goals, hypotheses,
methods and data analysis plan. These records can then be provisionally accepted, and later
published (given that the authors adequately follow their pre-registered plan), regardless
of the results.

This system of pre-registration is, thus, important for many reasons [131,132]. First,
as stated at the beginning of this section, because it helps reduce biases, motivations and
opportunities for dysfunctional research practices. These can include postdiction (i.e.,

“...the use of data to generate hypotheses about why something occurred...", p. 2600, [131]) which
can be motivated by the desire to be published and the simultaneous opportunity to do so
granted by the a priori lack of commitment to any set of predictions or hypotheses [131].

Second, pre-registered reports are also important because they might contribute to
reducing publication bias. Publication bias refers to the tendency to prefer studies that

clinicaltrial.gov
osf.io
aspredicted.org
https://www.crd.york.ac.uk/prospero/
https://www.nature.com/nathumbehav/registeredreports
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yield significant results (as opposed to nonsignificant or null results) for publication, and it
has been a known tendency since at least the 1980s [133], being present in several fields of
science [134]. The review and conditional acceptance of pre-registered reports for studies
involving HRI, thus, presents a seductive way forward and solution to the problem of
publication bias.

In the same line, pre-registration is also widely acknowledged as offering important
contributions to efforts related to increasing the reproducibility of research [134]. The impor-
tance of reproducibility has been emphasized in the last decade, with several international
teams of scientists conducting replication efforts on several influential studies across differ-
ent fields of study. Of these efforts, however, emerged disappointing results, with estimates
for successful reproductions ranging between 11% and 50% [135–139]. Although to the best
of our knowledge, no large-scale efforts to investigate the reproducibility of HRI studies
exist, pre-registration and the a priori review of study protocols can, as in other areas,
increase reproducibility and help generate better quality research.

Another issue with current HRI research that can affect its validity and reproducibility
regards the employment of adequate methods of sampling and sample (i.e., pool of partici-
pants) sizes. Indeed, sampling and sample size are crucial aspects of quantitative research
in general, which seeks to make statistics-based generalizations for a wider population.
In this context, it is important, on one hand, to guarantee that the sample employed is
representative of the target population that is deemed to be of interest, by controlling
for aspects that have been shown to impact HRI. These aspects can include, for instance,
culture, prior interaction [140] and attitudes towards robots [141].

On the other hand, it is also important that the sample size used is sufficient to detect
the effect sizes expected in any given experiment. Using adequate sample sizes reduces the
chance of type I and type II errors, and thus is an important concern to have in mind when
conducting quality research [142]. Some tools have already been developed for this purpose.
These tools allow researchers to calculate sample sizes according to the expected effect
size of their independent variables, as well as their study designs and methods for data
analysis. These tools include programs such as GPower (GPower is available for download
here: https://www.psychologie.hhu.de/arbeitsgruppen/allgemeine-psychologie-und-
arbeitspsychologie/gpower (accessed on 7 July 2021)) [143,144], and guidelines for sample
size estimation that have been advanced by other authors (e.g., [145–148]). However,
further development and refinement of sample size estimation techniques for the context
of group interactions is still necessary [149,150], as many of the existing tools focus on an
individual level of analysis.

5.3. Behavioral Dynamics and Longitudinal Research

The importance of analyzing how interactions unfold over time has been recently
identified as one of the major issues in small groups research [2,59]. This concern emerges
as an answer to the increased level of complexity present in group scenarios and has
the potential to yield important insights on how groups appear, develop and change as
time passes.

In this context, longitudinal methods present an exciting opportunity to address the
issue of how groups of humans and robots behave over time, how they adapt to new
circumstances and create bonds within each group or team [2]. This is particularly relevant
because groups often have fuzzy boundaries (see Figure 3), thus allowing members to join
or leave the group as time progresses. However, this is not the only time-bound process
in group interactions. In the context of group HRI, others might include the analysis of
how engagement with the robot varies over time, how trust is developed, adjusted and
maintained or how the exploration of humans and robots can learn, overcome obstacles
and developed attachment relationships over time.

These concerns are congruent to those presented by other authors stating the dangers
of generalizing conclusions yielded by single-interaction studies. Aylett [151], for example,
warns that studies involving short interactions, with participants that do not interact regu-

https://www.psychologie.hhu.de/arbeitsgruppen/allgemeine-psychologie-und-arbeitspsychologie/gpower
https://www.psychologie.hhu.de/arbeitsgruppen/allgemeine-psychologie-und-arbeitspsychologie/gpower
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larly with robots, can cause an atypical pattern of behavior. In the same line, the novelty
effect has been consistently identified as one of those factors that can endanger the general-
ization of the results of a study and must be controlled for [152]. In addition, we must also
consider if one-time short interactions in mixed groups are sufficient for those groups to
develop any level of entitativity, as they lack many of the factors that are important to create
that sense of groupiness (e.g., frequent interactions or communications, similarities) [153].
Furthermore, the employment of longitudinal measures can also be useful when analyzing
the transient nature of individual gains (e.g., training and improving a new skill) achieved
through interacting with robots.

This issue can be addressed by investing and designing large-scale longitudinal studies
that allow researchers to measure the effect of HRI across time and assess the stages of
development and growth of these interactions.

Despite its many benefits, longitudinal research is often neglected because of its
costs (both financial, logistical and time-related) and because of the difficulty in keeping
participants engaged for such long periods of time. Nonetheless, it remains a necessary
step towards a better understanding of HRI that must be undertaken if we want to respond
to the question of how social robots have the potential to affect people’s lives over time
and thus, justify the importance of its introduction in social contexts.

5.4. Compassionate Research

Part of the transversal argument that justifies the research, development, and creation
of social robots is that developing better, more socially effective robots, can ease their
acceptance and help improve people’s lives. Indeed, whether it is in educational contexts,
helping children learn a new subject or in care contexts, helping people with disabilities to
achieve a higher level of autonomy, robots are developed because they give people some
kind of advantage.

Compassionate research, a recent trend in social sciences, argues for the development
of research that is grounded in (and motivated by) the need to help other people and in
the desire to improve their lives [154]. Although this concern might be perceived to be
universal to all areas of HRI (and perhaps all areas of human studies), it is particularly
important here due to the pervasiveness of group interactions and their effect on social and
emotional well-being.

In the context of group interactions among people, we know that there are several
interventions that are based on the power of groups and the social support provided by
them. Support groups for various traumatic experiences, as well as for other day-to-day
activities are very important in peoples’ lives in the sense that they allow them to connect
to others, contextualize their experience and share their emotions. Because more and more
robots are being employed in care contexts and working with special populations, this
seems like a promising future field for research that can be supported by the employment
of this framework.

6. Discussion and Future Endeavours

Our goal has been to put forward some thoughts for consideration regarding the
advancement and future of small group research in HRI, with a focus on methodological
issues. As a broad discipline, social HRI has emerged in the past few years as an exciting
field of research that triggers the interest of academics from many different backgrounds.
Nonetheless, we believe that there is still much to do with regard to the study of human–
robot groups. In this context, we see groups as complex, adaptive, dynamic systems (see
Figure 5), often embedded in hierarchical structures and involving multiple simultaneous
bi-directional and non-linear causal relations [24,26]. Groups also do not constitute isolated
or static entities. They are intricate, require constant mutual adaptation and operate
through processes that unfold and change through time [25,26,155].

To tackle these complex issues, researchers should have available a set of methodolo-
gies that allow them to tackle this complexity without adopting a reductionist approach.
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By developing and applying sound methodologies, researchers will be better equipped to
solve problems and develop robots that are suited for group interactions.

Parker and colleagues suggested that “innovation in theory needs to be matched by
innovation in method" ([156], p. 434, emphasis added). While there is still a lot to do towards
the development of consistent theories of HRI in groups, that development might be aided
by the creation of adequate metrics of research and mixed-method methodologies. To do
so, we must focus on strengthening the methodological aspects upon which we support
the validity of our findings and, ultimately, the guidelines we draw from the literature on
how to build better robots.

For this purpose, we would like to call in more work on the analysis, development,
and application of metrics in social HRI in groups; both in regards to the human factor
in HRI, but also in regards to the measurement and evaluation of robot performance.
In this paper, we suggest some possible paths and future methodological trends that
have the potential to aid in the process of measuring human behavior in situations that
involve HRI, by increasing the broadness of ways we can look at and measure HRI in
groups. Although these metrics are not specific to HRI, but instead, borrowed from other
disciplines that attempt to explore the different characteristics of human behavior, they can
still be useful resources for researchers in social robotics, to the extent that they offer new
methodological perspectives. In this context, and to the best of our abilities, we tried to
enrich the text by providing examples of how these alternative data collection strategies
and methodologies could be relevant to the field of HRI research in specific.

In summary, with this article, we sought to contribute to the advancement of research
in HRI by outlining some of the challenges currently present in this field, and by proposing
alternative and under-explored methodologies that could greatly benefit the quality of
research in this field going forward.

In this context, our main recommendations regarding data collection, methodologies
and data analysis for future research are:

• Triangulation of different types of measures is key in avoiding biases that can influence
the data collected or the researchers’ interpretation of it;

• Some of the alternatives to questionnaires in terms of data collection include, for in-
stance, psychophysiological metrics, focus groups, journal-keeping, observation and
codification of behaviours occurring during HRI in groups;

• Developing, evaluating and validating instruments, particularly in the context of
group HRI research, is fundamental if we want to ensure that we are measuring what
we intend to be measuring and that our results are valid and generalizable to the
population of interest;

• The application of adequate statistical analyses (e.g., multi-level modelling) is neces-
sary to capture the complexity and dynamic nature of group interactions.

In terms of the transversal concerns (i.e., research-related practices) explored in this
article, the main take-home messages include:

• Recognizing the interdisciplinarity of the research conducted under the umbrella
of social robotics implies developing good management and integration strategies,
that allow the inputs and insights of different fields of knowledge to be leveraged
productively;

• Following the recognition of the importance of interdisciplinarity and the relevance
of exploring the cultural specificities of group HRI, it becomes important to estab-
lish multi-country (and multi-lab) collaborations that can result in large-scale re-
search projects;

• The spread of pre-registration practices and the sharing of data among researchers
are important factors to ensure the reproducibility, transparency and rigour of the
research produced;

• Increasing the efforts to investigate long-term and in-the-wild HRI in groups is fun-
damental for a better comprehension of how these relations initiate and develop
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over time (in other words, we emphasize the importance of considering human–robot
relations, as opposed to human–robot interactions).

• We emphasize the importance of conducting compassionate research that is motivated
primarily by the needs of potential users, in order to better leverage the social potential
of social robots.

Although these suggestions and considerations are not exhaustive, in this article, we
sought to provide a starting point for the further discussion of how methodological and
transversal issues can impact research in group HRI. In this context, we seek to add value
to this field of research by recognizing some of the challenges that researchers in HRI face
today when conducting their research and draw attention to potential alternatives that can
improve their research.
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108. Fraune, M.R.; Šabanović, S.; Kanda, T. Human group presence, group characteristics, and group norms affect human–robot
interaction in naturalistic settings. Front. Robot. AI 2019, 6, 48.

109. Stemmler, G. Methodological Considerations in the Psychophysiological Study of Emotion; Oxford University Press: Oxford, UK, 2003.
110. Landowska, A.; Miler, J. Limitations of emotion recognition in software user experience evaluation context. In Proceedings of

the 2016 Federated Conference on Computer Science and Information Systems (FedCSIS), Gdańsk, Poland, 11–14 September
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