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Abstract
Social robots can be designed to facilitate co-creation. The impact of mood expressions displayed by human facilitators
can elicit similar moods in others, fostering collaboration, process satisfaction, and co-creation performance. However, the
extent to which robot mood expressions can influence such group dynamics to the same effect remains an open question. To
address this, we conducted an experiment (N = 110) in which small groups engaged in a co-creation session facilitated by a
social robot that displayed positive, neutral, or negative mood expressions. The results showed that robot mood expressions
evoked corresponding mood contagion among human group members. The influence of robot expressions on mood valence
significantly enhanced group collaboration and process satisfaction. Additionally, participants’ ability to contribute insights
during the session and ensure these are represented in session outcomes, an index of co-creation performance, significantly
improved when positive robot mood expressions increased mood contagion valence. By establishing the influence of robot
mood expressions on mood contagion, group collaboration, process satisfaction, and co-creation performance, we shed light
on the potential of social robots for facilitating and enhancing co-creation. Understanding the mechanisms underlying these
effects adds to a growing body of work in the field of human-robot interaction and offers valuable insights for developing
innovative future robotic systems.

Keywords Co-creation · Facilitation · Group dynamics and performance · Mood contagion · Robot expressions · Social
robotics

1 Introduction

Co-Creation, the direct involvement of stakeholders in
the research and development cycle of organizations, has
emerged as a critical practice in both public and private sec-
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tors [1]. By enabling users, clients, and other stakeholders to
contribute their insights and perspectives, products and ser-
vices can be developed that effectively balance the diverse
needs, goals, and desires of the stakeholders [2]. Dedicated
sessions are commonly organized to facilitate co-creation,
during which stakeholders collaboratively define problem
statements, generate ideas, and develop solutions [3]. A
facilitator leads these sessions by providing instructions and
supporting task execution while fostering a collaborative cli-
mate where stakeholders can contribute their insights and
perspectives to the group process and see these represented
in session outcomes [4, 5]. Facilitation, however, requires
expert knowledge and skill that can be hard to come by [6].
Social robot facilitation might therefore empower organiza-
tions with access to the benefits of co-creation in situations
where human facilitators require assistance or are unavail-
able [7, 8].

Social robots are embodied machines designed to socially
interact with humans through verbal and non-verbal com-
munication channels, including speech, facial expressions,
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and body language [9–11]. Making use of these communica-
tion channels, social robots can be designed to provide, e.g.,
companionship [12], care [13], services [14], and teaching
assistance [15]. Recent research suggests that social robots
can also be programmed to facilitate co-creation [8, 16]. For
example,Geerts and colleagues [8] demonstrated experimen-
tally how brainstorming with aWizard-of-Oz controlled Nao
robot facilitator, yielded comparable levels of productivity,
compared to when participants brainstormed with a human
facilitator. Despite several reported limitations, preliminary
findings also indicate that users generally respond favorably
to robots assuming a facilitatory role [17]. These findings
allude to the potential of social robot facilitation. A currently
understudied aspect of robot facilitation is the potential of
robot mood expressions to enhance co-creation.

Moods are enduring emotional states that vary in felt
valence (negativity-positivity) and arousal (calm-excitement)
levels [18]. Moods are typically not caused by one particular
event but rather emerge from a complex interplay of internal
and external factors, including thoughts, physiological states,
and environmental circumstances. Perceiving another per-
son’s mood can impact one’s own accordingly, e.g., through
subconsciousmimicry ofmood expressions produced by oth-
ers [19]. We refer to this as mood contagion [20]. Hence,
mood contagion valence and arousal refer to the transfer of
one person’s expressed positivity or negativity, and energy as
indicated by a range from calm to excited feelings, to another.
Moods also function as transient dispositions that influence
how a person perceives, thinks, and acts [18, 21]. During
group work, positive moods, compared to neutral or negative
moods, promote greater group collaboration and process sat-
isfaction [22, 23]. Similarly, positive mood expressions by
a facilitator can also promote co-creative performance. That
is, such moods may promote a climate where stakeholders
feel they can freely contribute their insights and perspectives,
cf. [5]. The moods expressed by a facilitator can therefore
shape how co-creation sessions unfold.

Whether the mood expressions by a social robot facilita-
tor also influence mood contagion and subsequently group
collaboration, process satisfaction, and co-creative perfor-
mance, remains an open scientific and practical question.
Therefore, the following research question (RQ) will be
explored:

RQ: Do robot mood expressions cause mood conta-
gion and subsequently influence group collaboration,
process satisfaction, and co-creative performance?

In what follows, the rationale introduced above will be
unpacked in more detail. We then present the method and
results of an experiment (N = 110), where small groups of
people participated in a co-creation session that was facil-
itated by a social robot displaying either positive, neutral,

or negative mood expressions. The paper continues with a
discussion of the results and the limitations of the study and
ends with several proposals for future research aimed at fur-
ther understanding and realizing the many innovative ways
in which social robots can facilitate and enhance co-creation.

1.1 Co-creating with a Robot Facilitator

An emerging body of work suggests that social robots can be
programmed to support co-creation. For example, [8] con-
ducted an experiment investigating how the embodiment of
a facilitator influences the degree to which stakeholders feel
apprehensive about sharing their insights, and how this sub-
sequently affects productivity. While their initial reasoning
was that generating insights with a Nao robot facilitator,
compared to a human facilitator, would reduce apprehension
due to the toy-like appearance of the robot, their findings
suggested no significant differences. The participants were
similarly productive when the session was facilitated by the
robot and by the human facilitator. Relatedly, [16] investi-
gated whether the voice characteristics of a robot facilitator
could be used to support group productivity and creativity
during a co-creation session. When the EZ robot facili-
tated a free association and product development task with a
charismatic voice, compared to a non-charismatic voice, par-
ticipants were more productive and creative. This, however,
appeared to come at the cost of group resilience. These find-
ings underline both the preliminary status and the potential
of robot facilitation.

Compared to other technologies, social robots may be
particularly suitable for taking on a facilitatory role due to
their ability to socially interact with users through natural
communication channels and within a situated context. For
example, [24] demonstrated how facilitating the design of a
Zen garden with a teleoperated Robovie robot, compared to
facilitationwith aPowerPoint presentation, enhanced thepar-
ticipants’ productivity. In a more collaborative setting, [25]
demonstrated that interacting with the social robot Jibo dur-
ing a drawing task elicited higher productivity, originality,
and enjoyment when compared to facilitation through a
tablet PC. Other studies from the field of child-robot inter-
action show how various interactions that are commonly
displayed by a co-creation facilitator positively influence var-
ious indices of productivity and creativity, including positive
reinforcement [26], implementing creativity techniques [27],
and suggesting creative ideas [25, 28]. Though note that some
contrasting findings have also been observed [29, 30].

Others have explored the perception of social robots tak-
ing on a facilitatory role. For example, [17] found that the
Nao robot, when it facilitated a collaborative planning task,
elicited a generally favorable attitude toward the robot. Pre-
vious experience with the Nao robot slightly reduced this
positive attitude, likely due to the absence of a novelty effect,
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whereas it also increased group performance. Relatedly, [31]
explored the perceived benefits and drawbacks of deploying
the Nao robot in a facilitator role during problem defini-
tion, idea generation, and solution development activities in
a design process. Frequently reported benefits included the
robot’s efficiency, accuracy, and consistency, as well as its
friendly and non-judgmental appearance and behavior. How-
ever, the participants also reported a range of limitations,
including limited communication skills, inability to effec-
tively build on details of the group’s process, and violation of
social norms. Overall, these initial findings suggest that robot
facilitation is viewed generally favorably by users. Optimisti-
cally, current developments in natural language processing
and generation suggest that some of the limitations of robot
facilitation can be addressed in the short term [32].

Together, these studies affirm both the preliminary sta-
tus and the potential of social robots taking on a facilitatory
role. Within this space of possibilities, several open ques-
tions emerge regarding the application of robot facilitation
in supporting group dynamics and performance during co-
creation. Crucially, this calls for research that goes beyond
the more general measures of productivity and creativity
seen in the research presented above. Prior research suggests
that there exists untapped potential in harnessing the natu-
ral communication capabilities of social robots, particularly
by designing robot mood expressions, to positively influence
how co-creation sessions unfold.

1.2 Mood Contagion and Co-creation

Mood contagion is a social phenomenon where perceiving
one person’s expressions influences one’s ownmood accord-
ingly [20, 33]. As this other person also expresses their
mood, a convergence of moods and associated behaviors can
occur within groups [34, 35]. One underlying cause of mood
contagion is the subconscious mimicry of others’ expres-
sions [19]. Mimicry, in turn, triggers embodied feedback
that, when associated with specific moods, invokes a reg-
ulatory mechanism that promotes congruence between the
perceived mood expressed by another person and one’s own.
Moreover, individuals learn how to respond with appropriate
moods and emotions to their interpretation of someone else’s
mood expressions. Over time, and through repetition, such
stimulus–response relationships become ingrained, such that
perceiving amood expression’s valence and arousal automat-
ically triggers experiencing associated levels of valence and
arousal [19, 36]. While this may not always lead to mood
convergence [34], various social motivators promote align-
ing one’s mood with the mood of another person, including
establishing connection and affiliation [37], empathy [38],
and conformity to social norms [39].

Moods serve as transient dispositions that exert influence
over individuals’ perceptions, cognition, and behaviors [18,

21].When individuals experiencepositively valencedmoods,
for example, they tend to direct their attention toward the
positive aspects of their internal and external environment.
Positive moods signal to the self that the environment is
benign, whereas negative moods signal the environment is
problematic. In the context of group work, positive and
negative moods among human group members guide their
attention toward the positive and negative aspects of the
group’s functioning [40], thereby influencing the way they
think about and act within the group [34]. For instance, [22]
demonstrated that moods displayed by a group member
resulted in mood contagion, and its effects on mood con-
tagion valence subsequently enhanced collaboration within
the group. The effects of mood contagion have been consis-
tently replicated across a diverse range of group processes
and outcomes [34], including group collaboration [41], per-
formance [42], and overall process satisfaction [23].

When instructing or supporting task execution, facilitator
mood expressions can evoke mood contagion and associ-
ated behaviors, shaping how a co-creation session unfolds.
Successful co-creation requires a facilitator who cultivates
a collaborative environment, enabling diverse stakeholders
to freely share insights and work together to define prob-
lems, generate ideas, and develop solutions [3]. Moreover,
facilitators must empower stakeholders to contribute their
unique perspectives and ensure their contributions are rep-
resented in session outcomes [2, 5]. This lies at the heart
of co-creative performance, showcasing the group’s ability
to extract diverse stakeholder needs, goals, and desires, and
integrate them into session outcomes. Considering the pre-
vious work discussed above, we conjecture that positively
valenced expressions by a facilitator, compared to neutral
or negatively valenced expressions, influence mood conta-
gion valence accordingly among stakeholders engaged in
co-creation [19, 36]. Mood contagion valence, subsequently,
positively influences group collaboration [22, 34], and co-
creative performance [5]. Moreover, since positive moods
significantly influence an individual’s perception of group
functioning [40], they are likely to enhance overall satisfac-
tion with the group process [23].

The aforementioned conjectures regarding the connec-
tions of facilitator mood expressions and mood contagion,
with group collaboration, process satisfaction, and co-
creation performance, are based on established psychological
research conducted primarily among human beings. How-
ever, it remains an open scientific and practical question
whether social robots can be designed to express their moods
such that these achieve similar outcomes among human
groups.
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1.3 The Present Study

Answering this open question calls for further inquiry into
how unique aspects of social robots might affect the elici-
tation of mood contagion and subsequent effects on group
collaboration, process satisfaction, and co-creation perfor-
mance.

Human beings express their moods through relatively
distinct paralinguistic speech features [43], facial expres-
sions [44], and body language [45]. Social robots are
designed to interact socially with people through natural
communication channels, which are made possible by dig-
ital and mechanical production mechanisms for speech,
facial expressions, and body language. Consequently, these
also provide a platform for designing and displaying mood
expressions [46], albeit often with limited degrees of free-
dom [47]. The accuracy of human perceptions of social
robot mood expressions, when compared to interpreting
the expressions of other humans, however, seems markedly
low. A recent systematic review by Stock-Homburg [48]
suggests that the average recognition rate of robot facial
expressions, for example, is in the range of 39% to 71%.
In comparison, the findings by Dores and colleagues [49]
suggest that the average recognition rate of human facial
expressions is in the range of 56% to 93%. The modest
accuracy of human perceptions of robot mood expressions
raises questions about the efficacy of social robots in elic-
iting mood contagion. Note that in the present study, the
user’s perceived valence (negativity-positivity) and arousal
(calm-excitement) of a robot’s behavior are referred to as
robot mood valence and arousal, or interchangeably as robot
valence and robot arousal.

When robot expressions do not sufficiently convey the
paralinguistic, facial expression, and body language features
a person normally relies on to correctly interpret the mood
expression [48], a tendency to mimic the robot’s expressions
is less likely to evoke the regulatory mechanisms that under-
pinmood contagion, cf. [19, 36]. Compounding this issue,we
can assume that limited accuracy also reduces the likelihood
that learned and automatized relationships between observed
mood expressions and associated experienced moods are
elicited. Despite these potential limitations, previous studies
have shown that positive robot mood expressions increase
mood valence in individuals who watch and listen to a robot
telling a story [50] or delivering a lecture [51]. Interactions
with a robot facilitator, however, are typically limited to
specific moments, such as when the robot facilitator pro-
vides instructions or supports task execution [8], while the
human stakeholders primarily interact with each other [16].
This comparably limited number of interactions restricts the
potential influence of robot expressions on mood contagion
within the group. Whether and how robot expressions are

perceived is therefore critical for the effective elicitation of
mood contagion.

Social robot embodiment might also affect its capacity for
eliciting mood contagion due to a robot’s perceived identity.
Robots are often perceived as something in between techno-
logical objects and, perhaps animal-like, animate beings [52],
with many also having a toy-like appearance [53]. These per-
ceptions shape people’s interactions and relationships with
robots [54]. Social motivations, including tendencies to con-
nect and affiliate [37], empathize [38], and conform to social
norms [39], play a vital role in eliciting mood contagion.
On the one hand, social robots might be limited in those
regards due to their perceived non-human identity (e.g., [8]).
On the other hand, a large body of work shows that people
do empathize with social robots [55] and that these social
robots can take on a companionship role effectively, indicat-
ing a socialmotivation to connect and affiliatewith them [12].
Given that previous work also suggests a generally favorable
attitude toward robots taking on a facilitation role [17, 31],
this further affirms the, albeit potentially limited, capacity of
robot facilitators to elicit mood contagion. To test the con-
jectures developed above, the following hypothesis will be
tested:

H1: Positive robot mood expressions, compared to
neutral and negative expressions, positively influence
mood contagion valence in amanner that is conditional
upon perceived robot mood valence.

The impact of a robot facilitator’s mood expressions on
mood contagion valence, on subsequent group collaboration,
process satisfaction, and performance during co-creation,
points to yet another currently unresolved question. Not
all effects observed in human-human interactions can be
reliably replicated in the context of human-robot interac-
tion [56]. Verbal statements to promote collaboration made
by a MyKeepon robot had no significant effect on chil-
dren’s group dynamics during a rocket-building task [57].
Whereas [58] demonstrated how interventions by an OWI
robot in response to negative human behavior during a bomb-
defusing task unexpectedly increased, rather than decreased,
conflict among human collaborators. Similarly, previous
research by [59] indicated that performance-equalizing state-
ments,which typically foster group cohesion among humans,
had the opposite effect when communicated by a social
robot. Nonetheless, there is limited knowledge regarding
whether known effects of human mood expressions on the
relationship of mood contagion valence with group collabo-
ration [41], process satisfaction [23], and performance [42],
can be elicited by robotic mood expressions to the same
effect. This is within and outside the context of robot facili-
tation of co-creation. To learn more, the following working
hypothesis will therefore be tested:
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H2: The conditional effect of positive robot mood
expressions on mood contagion valence via perceived
robot mood valence, positively influences group col-
laboration, process satisfaction, and co-creation per-
formance.

2 Method

2.1 Design

To test the hypotheses an experiment was conducted with a
mixed within-between-subjects design. Groups of 3–5 par-
ticipants took part in co-creation sessions led by a robot
facilitator. While facilitating the session, the robot displayed
either positive, neutral, or negative mood expressions. The
robot expressions were the between-subjects independent
variable. The co-creation session consisted of five differ-
ent tasks. After each task participants self-reported robot
valence and arousal (mediators),moodcontagionvalence and
arousal (mediators), and group collaboration, process satis-
faction, and co-creation performance (dependent variables).
Manipulation checks were also administered. These repeated
measures were intended to support the precision and stability
of the effects of the robot expressions across different ele-
ments of a co-creation session. The focus of the present study
is expressly on the effects at the between-subjects level since
no hypotheses were specified at the within-subjects level.
Rather, the repeated measurements served to enhance the
measurement of the hypothesized effects by repeated testing
across different tasks.

2.2 Participants

One hundred ten people participated in the study as part of 29
groups. The average group size was 3.79 (SD = 0.90). The
participants were recruited using volunteer sampling from
the human subjects pool of Tilburg University. All partici-
pants were students enrolled in a higher education program.
The study was approved by the Research Ethics and Data
Management Committee of Tilburg University. The sample
characteristics are presented in Table 1.

2.3 Co-creation Session

The participants took part in a co-creation session facil-
itated by the social robot Nao. The primary objective of
this session was for stakeholders to collaboratively address
student-health-related challenges by developing problem
statements, generating ideas, and exploring potential solu-
tions for this timely issue among students. The participants,
whowere all students,were therefore stakeholders in this par-
ticular matter. The session consisted of five tasks that were

Table 1 Sample characteristics

Sample characteristics Descriptive statistics

Age category

16–28 100%

29–39 0%

40–50 0%

51–61 0%

62 or older 0%

Gender

Female 74%

Male 35%

Non-binary 1%

Other 0%

Co-creation experience (1–4)

Facilitation M = 1.68, SD = 0.90

Participation M = 1.95, SD = 0.97

Pre-study mood state (1–5)

Valence M = 3.69, SD = 0.79

Arousal M = 2.82, SD = 0.99

Data are means (M), standard deviations (SD), and percentages (%).
Scale ranges are reported between parentheses where appropriate

custom-developed by a co-creation professional. The ses-
sion started with collaborative brainstorming about the topic
‘health’ during which participants individually wrote down
their associations with this topic on white A7 cards (Task 1).
The participants then collectively categorized their associa-
tions on a table based on six dimensions of health: physical,
emotional, intellectual, social, spiritual, and environmental
health [60] (Task 2). During this process, the participants
were encouraged to add additional associations to the existing
ones. Using card sorting methods [61], the stakeholders col-
lectively categorized their previously generated associations
based on perceived importance in their daily lives (Task 3).
This involved further discussion anddeterminingwhich asso-
ciations were deemed most relevant to their overall health
and well-being. The groups then engaged in discussions to
deliberate on why specific aspects of health held particu-
lar importance to them individually or as a group (Task 4).
Finally, the stakeholders selected five aspects of health as a
group, which they believed could and should be improved,
and they collaboratively brainstormed potential solutions for
improving these selected aspects of health (Task 5). Please
refer to Fig. 1 for further setup details and to the Open Sci-
ence Framework (OSF) page1 for the materials used during
the co-creation session.

1 https://osf.io/awb9j
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Fig. 1 The co-creation session setup. The social robot facilitator was
centrally positioned on a table, and task instructions along with the
necessary materials were arranged around it. The robot facilitator facil-
itated task introduction, time-management, and provided occasional
reminders of the instructions throughout the tasks. When transition-

ing to the next task, the robot turned to face the materials associated
with the new task. Participants followed the robot from one task to
the next. Following the completion of each task, participants filled out
questionnaires that captured the mediators, dependent variables, and
manipulation checks

2.4 Robot Facilitator

The Nao V6 robot was used with the Choregraphe software
to set up a Wizard-of-Oz paradigm [62, 63]. A predefined
facilitation protocol developed by a co-creation professional
was used by the researcher to trigger the different tasks that
formed part of the co-creation session. To ensure the appro-
priate timing of the robot’s actions, the researcher’s laptop
received a live video stream from a hidden camera placed in
the experiment room. Although the researcher had the flexi-
bility to deviate from the protocol or repeat certain steps, such
deviations were minimized to maintain consistency across
the sessions. The robot assumed multiple facilitatory roles
during the session, including introducing tasks, managing
time, anddelivering brief reminders of the instructions.When
transitioning to the next task, the robot physically turned to
face the materials associated with that specific task. For tasks
with a time limit, a timer automatically prompts the robot’s
next utterance. However, when the robot needed to wait for
a task to be completed, the timing of the robot’s actions
was controlled by the researcher. The Nao’s breathing, eye-
blinking, and eye-contact modes were activated to enhance
its perceived animacy.On average, the participants somewhat

agreed that the robot operated autonomously (M = 4.77,
SD = 1.73, measured on a scale of 1–7). The complete robot
facilitation protocol, as well as the Choregraphe projects for
the Wizard-of-Oz paradigm can be found on the OSF page.2

2.5 Robot Mood Expressions

Throughout the co-creation session, the robot either exhib-
ited positive, neutral, or negative expressions. Paralinguistic
speech characteristics, facial expressions, and body language
(posture and movement) of the robot were manipulated to
convey distinct mood expressions. Speech rate, pitch, and
Nao speech style settings were used to convey verbal infor-
mation in a positive, neutral, and negativemanner. The verbal
interactions with the Nao robot, however, were the same
across the experimental conditions. In other words, the only
difference between the experimental conditions was in how
the robot expressed itself, but not in the content it con-
veyed. TheNao robot has limited capabilities to display facial
expressions. Therefore, we derived an alternative approach
inspired by [64], utilizing the color LEDs in the robot’s

2 https://osf.io/awb9j
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Table 2 The Nao behavior
features and settings used to
display negative, neutral, and
negative mood expressions.
Across the experimental
conditions, these robot behavior
features differed, while the
verbal interactions of the robot
with the participants remained
the same

Nao behavior features Positive expressions Neutral expressions Negative expressions

Speech rate 65%a 85% 60%

Speech pitch 90%a 100% 80%

Speech style ‘Joyful’ ‘Neutral’ ‘Neutral’

Eyes Alternating LED colors White LED color LED off

Head pose Up Straight Down

Hand pose Open Semi-open Closed

Gesture speed Fast (25 fps) Medium (15 fps) Slow (7 fps)

Gesture magnitude Large Medium Small

a Note that while speech rate and pitch are set lower in the positive expression than in the neutral expression,
the robot’s speech is still faster and higher pitched because the ‘Joyful’, compared to the ‘Neutral’ setting
comes, inter alia, with increased speech rate and pitch.

Fig. 2 The neutral version of the robot gestures included in the study: wave, head nod, single hand extended, both hands extended, and celebratory
gesture. For the ‘both hands extended’ gesture, the differences between the negative, neutral, and positive robot expressions are illustrated

eyes as a salient feature in the robot’s facial expressions,
in combination with different head poses. The robot’s verbal
interactions were accompanied by one or more of the fol-
lowing types of gestures: hand waving (greeting/goodbye),
a head nod, a single hand extended, both hands extended as
an invitation, and a celebratory gesture to provide positive
feedback. These gestures were designed in the Choregraphe
tool by means of so called puppeteering, storing key frames
for salient points in the motion and then having the robot
interpolate between these key frames. Positive, neutral, and
negative variations of these gestures were manually created
based on the design principles from a robot mood expression
validation study by [65] that in turn were based on observa-
tions of human mood expression behavior [66]. See Table 2
andFig. 2 for details. The robot’smood expressionswere iter-
atively developed and fine-tuned by the research team. The
perceived valence of the robot that wasmeasured in the study,
described in Sect. 2.6.1, shows that participants attributed the
intended types of expressions, and that these differed signifi-
cantly between the neutral and positive, aswell as the positive
and negative conditions (see Fig. 4). A Choregraphe project
file with all of the designed robot expressions can be found
on the OSF page.3

3 creativity_gestures.zip on https://osf.io/awb9j

2.6 Measurements

2.6.1 Robot Valence and Arousal

To measure the perceived mood of the robot during the co-
creation session, the participants were asked to rate after each
task two 5-point semantic differential scales in response to
the statement “During the previous task, I perceived the robot
to be”. These two scales captured robot valence (1 = very neg-
ative, 5 = very positive) and robot arousal (1 = very calm, 5
= very excited), cf. [67, 68]. Note that while the hypothe-
ses are largely focused on expression and contagion valence,
arousal needs to be taken into account because it is a common
confound in research on mood contagion effects [33].

2.6.2 Mood Contagion Valence and Arousal

To measure mood contagion, the participants were asked to
rate after each task two 5-point semantic differential scales in
response to the statement “During the previous task, I felt:”,
cf. [20]. That is, contagion valence (1 = very negative, 5 =
very positive) and contagion arousal (1 = very calm, 5 = very
excited), cf. [67, 68]. Thus, we assume that the portion of
felt valence and arousal by the participants that is caused by
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variation in perceived robot valence and arousal represents
mood contagion.

2.6.3 Group Collaboration, Process Satisfaction, and
Co-creation Performance

To capture group collaboration, process satisfaction, and co-
creation performance the participants rated 6 items on a 5-
point Likert scale after each task (1 = strongly disagree, 5 =
strongly agree).

To capture collaboration the participants rated the items
“I experienced cooperation with other group members” and
“I experienced conflict with other group members”, cf. [22].
The conflict item was reverse-coded so that both items had
a polarity indicative of collaboration. Cronbach alpha, how-
ever, suggested poor consistency between these two items,
α = 0.42. Adding the items as separate variables into the
statistical analysis, however, would substantially increase the
number ofmodel parameters, impeding the statistical validity
of the study. We assumed that the cooperation item captured
the construct of collaboration more so than the conflict item.
Additionally, a visual inspection of the histograms suggested
that the conflict item in particular showed flooring effects. At
least, more so than the cooperation item. Therefore, the sin-
gle cooperation itemwas used in further analyses to represent
the collaboration construct.

To capture the participants’ satisfaction with the group
process they were asked to rate the items “I felt satisfied with
the group process” and “I felt frustrated about the group pro-
cess”, cf. [69]. The frustration itemwas reverse coded so that
both items had consistent polarity suggesting positive versus
negative group affect. Cronbach alpha suggested acceptable
consistency between these items, α = 0.73. Therefore, the
mean of these two items was used in further analyses.

A co-creation session can be considered successful when
the facilitator creates a climate where all voices are heard and
represented in the outcomes of the session [4, 5]. Critically,
participants must feel they can contribute their insights and
perspectives to the group, and concretely see that their con-
tributions form part of the co-creation session’s outcomes. To
capture this particular index of co-creation performance the
participants rated the items “I was able to contribute to the
group” and “My contributions to the task were represented
in the final outcome of the task”. Cronbach alpha suggested
good consistency between these two items, α = 0.83. There-
fore, themeanof these two itemswas used in further analyses.

2.6.4 Manipulation Checks

The experimentalmanipulationsmight have varied regarding
the degree to which the participants were able to understand
the robot facilitation due to differences in speech rate and
pitch. Relatedly, positive expressions are more salient and

thereby draw more attention [70]. The degree of attention
paid to the person, or in our case robot, is a known influence
on the efficacy and intensity of mood contagion [71]. To
help rule such potential confounds the participants rated the
items “I understood the instructions and questions by the
robot”, “During the previous task, I paid attention to what the
robot said”, and “During the previous task, I paid attention
to the robot’s body language (including facial expressions,
gesture, posture, movement)” on a 5-point Likert scale (1 =
strongly disagree, 5 = strongly agree). The variables these
items represent will be referred to as ‘understanding of robot
statements’, ‘attention to robot vocalizations’, and ‘attention
to robot body language’. At the end of the study, we also
checked the degree to which the Wizard-of-Oz setup was
successful by asking participants to rate their agreement with
the statement “The robot was functioning autonomously” on
a 7-point Likert scale (1 = strongly disagree, 7 = strongly
agree).

2.6.5 Sample Characteristics

Aquestionnaire was administered before the co-creation ses-
sion where the participants filled in their age and gender.
The participants were also asked to rate the items “I have
facilitated. . .” and “I have participated in creative collabora-
tions before” on a 4-point Likert scale (1 = never, 4 = often)
to capture their experience with co-creation, and to rate how
they “. . . currently feel” on two 5-point bipolar scales, cap-
turing the valence (1 = very negative, 5 = very positive) and
arousal (1 = very calm, 5 = very excited) of their mood state
before engaging in the co-creation tasks. Because the sample
does not accurately represent the general population, captur-
ing these sample characteristics provides further insight into
what population any results might generalize to.

2.6.6 Other Measurements

Participants were asked to answer questions about their feel-
ings of control and to provide feedback on their overall
experience of the co-creation session. Specifically, after each
task in the session, participants rated the degree towhich they
believed the robot was in control and the degree towhich they
felt in control themselves, using a scale from 1 (very not in
control) to 5 (very in control). At the end of the study, par-
ticipants responded to two open-ended questions: “How did
you experience the co-creation session?” and “Are there any
factors that could improve the overall experience?” These
questions and scales were self-generated. While the analysis
of these responses is not intended for publication, the data
will be used to inform the design of follow-up studies. The
complete questionnaires can be found on the project’s OSF
page.
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Table 3 Descriptive statistics Robot expressions Negative Neutral Positive

Robot valence 3.49 (0.94) 3.71 (0.74) 4.17 (0.73)

Robot arousal 2.47 (1.10) 2.43 (1.12) 3.76 (1.16)

Contagion valence 3.79 (0.77) 3.79 (0.75) 3.92 (0.78)

Contagion arousal 2.89 (1.08) 2.78 (1.13) 3.10 (1.13)

Collaboration 4.53 (0.62) 4.32 (0.80) 4.43 (0.59)

Process satisfaction 4.51 (0.64) 4.28 (0.80) 4.41 (0.63)

Co-creation performance 4.37 (0.60) 4.30 (0.60) 4.41 (0.60)

The data are the means and standard deviations (between parentheses). The data are based on 501 cases, from
110 participants, from 29 collaborating groups

2.7 Procedure

The study was advertised on the participant pool manage-
ment system (SONA) page of Tilburg University. When a
time slot was selected by 3–5 participants their participation
was confirmed. If not, the prospective participants were con-
tacted and asked to select another time slot. Upon arrival,
the researcher welcomed the participants and provided them
with an information letter and a consent form. After signing
informed consent, the group was randomly assigned to one
of the experimental conditions. The groups then participated
in the co-creation session led by the robot facilitator. Before
starting the first task, the participants filled in a question-
naire to capture sample characteristics. After each task of the
five tasks, the participants filled in a questionnaire containing
the items used to capture robot valence and arousal, mood
contagion valence and arousal, and group collaboration, pro-
cess satisfaction, and co-creation performance.Manipulation
checks were administered as part of this questionnaire. The
robot was instructing participants when to complete these
questionnaires. After finishing the co-creation session, the
participants filled in a final questionnaire which contained
the Wizard-of-Oz check, were debriefed by the researcher,
and received course credit. The study lasted approximately
45min.

2.8 Data Analysis

Three groups partially completed the experiment due to
technical difficulties, which entailed a loss of 37 cases.
Additionally, some participants did not fill in all of the ques-
tionnaire (e.g.,missing a page in the questionnaire). The latter
yielded a further loss of 12 cases. Therefore, the dataset used
in the analyses consisted of 501 cases, from 110 participants,
from 29 groups. The data were analyzed using R 4.20 [72].
To provide insight into the general characteristics of the data
the descriptive statistics and correlationswere calculated, and
the scatter plots and histograms were visualized, using the
R package Psych 2.2.5 [73]. To conduct the manipulation
checks a multilevel regression analysis was conducted with

the R package Lavaan 0.6.12 [74]. Since we are interested
in the between-subjects results, the within-subject level was
saturated by covarying all measured variables [74]. These
are not reported. At the between-subjects level, the indepen-
dent variableswere the dummy-coded robot expressions. The
participants’ understanding of the robot’s statements and the
attention paid to the robot’s vocalizations and body language
were the dependent variables. According to [75], a reason-
able number of cases follows the 10:1 rule where there must
be at least 10 cases for each causal path in the model. With
28 causal paths in the largest model in the present study, this
would amount to a minimum of 280 cases, which is met by
the 501 cases in our current sample. Inspection of the scat-
ter plots and Loess smooths suggested that the relationships
in the data sufficiently approximated linearity. There were
no signs of multi-collinearity (all r <0.700). The Henze-
Zirkler test, conducted with the R package MVN 5.9 [76],
suggested a deviation from multivariate normality, HZ =
1.79, p <0.001. Therefore, robust test statistics and robust
standard errors were used [74]. All robust model fit indices
were satisfactory (Table 4, notes) [77].

To conduct the hypothesis tests a multilevel path analysis
was conducted with Lavaan 0.6.12 [74]. Again, all variables
at the within-subject level were covaried and these results are
not reported [74]. At the between-subjects level, the dummy-
coded robot expressions were specified as the independent
variables. Perceived robot valence and arousal were specified
as the first mediator type, and mood contagion valence and
arousal were specified as the second mediator type. Robot
valence and arousal were not covaried, which reduced the
number of model parameters without meaningfully affecting
the model fit indices. See Table 4 for the complete model
details. The dependent variables were group collaboration,
process satisfaction, and co-creation performance. Inspec-
tion of the scatter plots and Loess smooths suggested that
the relationships in the data sufficiently approximated linear-
ity. No signs of multi-collinearity were found (all r <0.700).
Here also, the data deviated frommultivariate normality, HZ
= 2.64, p <0.001 [76], and therefore robust test statistics and
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robust standard errors were used [74]. All robust model fit
indices were satisfactory (Table 5, notes) [77].

3 Results

3.1 Descriptive Statistics and Correlations

To provide insight into the general characteristics of the data
the descriptive statistics are presented in Table 3, and the
scatter plots, histograms, and correlations are presented in
Fig. 3.

3.2 Manipulation Checks

The results of the manipulation checks4 are presented in
Table 4. During the co-creation session, the participants gen-
erally understood (intercept = 4.49, SE = 0.081) and paid
attention to the robot’s vocalizations (intercept = 4.45,
SE = 0.083), but paid relatively less attention to the
robot’s body language (intercept = 3.48, SE = 0.176).
These results showed no significant difference in the partici-
pants’ understanding of the robot’s statementswhen the robot
displayed positive expressions, compared to neutral expres-
sions, b = −0.053, p = 0.681, and negative expressions,
b = 0.019, p = 0.866. Relatedly, the results showed no sig-
nificant difference in the participants’ attention to the robot’s
vocalizations when the robot displayed positive expressions,
compared to neutral expressions, b = −0.063, p = 0.681,
and negative expressions, b = 0.205, p = 0.169. Similarly,
the results showed no significant difference in attention paid
to the robot’s body language when the robot displayed pos-
itive expressions, versus neutral expressions, b = 0.253,
p = 0.258, or versus negative expressions, b = 0.283,
p = 0.224. These findings support the internal validity of
the study.

4 To further support the internal validity of the study we tested whether
the participants’moodsbefore the experiment did not differ significantly
for the experimental conditions. To this end, a robustmultivariate regres-
sion analysis was conducted with the dummy coded robot expressions
as the independent variables, and mood valence and arousal reported
before the co-creation session as the dependent variables. The results
showed no significant difference inmood valence before the experiment
when comparing participants in the positive robot expression condition,
to the neutral expression condition, b = 0.056, p = 0.787, nor when
compared to the negative expression condition, b = 0.116, p = 0.547.
Similarly, the results showed no significant difference in mood arousal
before the experiment when comparing participants in the positive robot
expression condition, b = −0.076, p = 0.764, to the neutral expres-
sion condition, norwhen compared to the negative expression condition,
b = 0.056, p = 0.806.

3.3 Hypothesis Tests

The results of the hypothesis tests are presented in Fig. 4
and Table 5. The results showed a significant positive effect
on robot valencewhen the robot facilitator led the co-creation
session while displaying positive mood expressions, com-
pared to neutral expressions, b = 0.473, p <0.001, and
negative expressions, b = 0.668, p <0.001. There was
also a significant positive effect on robot arousal when the
robot displayed positive expressions, compared to neutral
expressions, b = 1.303, p <0.001, and negative expres-
sions, b = 1.291, p <0.001. These findings suggest that
the mood expressions displayed by the robot facilitator were
perceived with relative accuracy by the participants. These
findings further support the internal validity of the study.

Regarding mood contagion, the results showed a signif-
icant positive effect of robot valence on mood contagion
valence, b = 0.485, p <0.001. The experimental manip-
ulations, however, did not have a direct effect on mood
contagion valence. That is, the results showed no significant
effects on mood contagion valence when the robot facilitator
displayed positive expressions, compared to neutral expres-
sions, b = −0.099, p = 0.454, and negative expressions,
b = −0.211, p = 0.154. Rather, tests of the indirect effects
showed that the effects of positive robot expressions, com-
pared to neutral expressions, b = 0.229, p = 0.011, and
negative expressions, b = 0.324, p = 0.004, on mood con-
tagion valence, were conditional upon their effect on robot
valence. These findings suggest that the mood expressions
displayed by a social robot facilitator can influence mood
contagion valence in human groups (Table 6).

The results also showed a significant positive effect of
robot arousal on mood contagion arousal, b = 0.543, p
<0.001. Counter to this positive effect, however, were sig-
nificant negative direct effects of positive robot expressions,
compared to neutral expressions, b = −0.417, p = 0.033,
and negative expressions, b = −0.526, p = 0.003, on
mood contagion arousal. Despite this, the tests of the indirect
effects showed there existed positive effects of positive robot
expressions, compared to neutral expressions, b = 0.707,
p <0.001, and negative expressions, b = 0.701, p <0.001,
on mood contagion arousal, that were conditional upon their
effect on robot arousal (Table 6). These findings suggest that
the mood expressions displayed by a social robot facilitator
can also influence mood contagion arousal in human groups.

Regarding group collaboration, process satisfaction, and
co-creation performance, the results showed that mood con-
tagion valence had a significant positive effect on group
collaboration, b = 0.452, p = 0.003, process satisfac-
tion, b = 0.563, p = 0.001, and co-creation performance,
b = 0.328, p = 0.015. Except for a significant nega-
tive effect of robot valence on collaboration, b = −0.241,
p = 0.028, no other significant direct effects were found
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Fig. 3 Scatter plots with Loess smooths (red lines) and correlation ellipses (below the diagonal), histograms with density plots (on the diagonal),
and sample size weighted between-subjects Kendall tau-b correlation coefficients. *p <0.050, **p <0.010, ***p <0.001

Fig. 4 Overview of the significant results of the multilevel path analysis at the between-subjects level. *p <0.050, **p <0.010, ***p <0.001

on group collaboration, process satisfaction, and co-creation
performance (see Table 5).

The tests of indirect effects, however, showed that when
the robot facilitator led the co-creation session while dis-
playing positive robot expressions, compared to neutral

expressions, this positively influenced group collaboration,
b = 0.104, p = 0.032, satisfaction, b = 0.129, p = 0.040,
and co-creation performance, b = 0.075, p = 0.054, and
which effectwas conditional upon its effects on robot valence
and subsequent mood contagion valence. But note that the
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Table 4 Results of the
manipulation checks

Model details b se z p

Regressions

Understanding robot statements ∼
Neutral versus positive robot expressions −0.053 0.130 −0.41 0.681

Negative versus positive robot expressions 0.019 0.112 0.17 0.866

Attention to robot vocalizations ∼
Neutral versus positive robot expressions −0.063 0.117 −0.54 0.588

Negative versus positive robot expressions 0.205 0.149 1.37 0.169

Attention to robot body language ∼
Neutral versus positive robot expressions 0.253 0.224 1.13 0.258

Negative versus positive robot expressions 0.283 0.233 1.22 0.224

Covariances

Understanding robot statements ∼∼
Attention to robot vocalizations 0.095 0.030 3.18 0.001

Attention to robot body language 0.050 0.046 1.09 0.275

Attention to robot vocalizations ∼∼
Attention to robot body language ∼ 0.291 0.067 4.34 <0.001

Intercepts

Understanding robot statements 4.49 0.081 55.50 <0.001

Attention to robot vocalizations 4.45 0.083 53.50 <0.001

Attention to robot body language 3.48 0.176 19.72 <0.001

Variances

Understanding robot statements 0.154 0.073 2.10 0.036

Attention to robot vocalizations 0.268 0.068 3.93 <0.001

Attention to robot body language 0.685 0.109 6.26 <0.001

Note. The data are unstandardized regression coefficients (b), robust standard errors (se), z-scores (z), and
p-values (p). The presented results are the between-subjects results of the model. Robust model fit indices:
Comparative Fit Index = 1.00, Tucker-Lewis Index = 1.00, Root Mean Square Error of Approximation =0.00,
Standardized Root Mean Square Residual (between covariance matrix) =0.00

indirect effect on co-creation performancewas not significant
(p <0.100). Complementarily, positive robot expressions,
compared to negative expressions, also significantly and pos-
itively influenced group collaboration, b = 0.146, p =
0.022, satisfaction, b = 0.182, p = 0.025, and co-creation
performance, b = 0.106, p = 0.037, and which effect
was conditional upon its effects on robot valence and subse-
quent mood contagion valence. These findings suggest that
the mood expressions of a robot facilitator can positively
influence group collaboration, process satisfaction, and co-
creation performance, in a manner that is conditional upon
the perceived valence of the robot expressions, and its sub-
sequent effect on mood contagion valence in the participants
(Table 7).

4 Discussion

The presented study explored whether robot mood expres-
sions causemood contagion and subsequently enhance group

collaboration, process satisfaction, and co-creative perfor-
mance.

The results showed that positive robot mood expressions,
compared to neutral and negative expressions, positively
influence mood contagion valence in a manner that is condi-
tional upon perceived robot valence. Additionally, the results
also showed how the positive robot mood expressions dis-
played by the robot facilitator positively influenced mood
contagion arousal, in a manner that is conditional upon per-
ceived robot arousal. These results support hypothesis H1.
At first glance, these findings align with previous work sug-
gesting that social robots can elicit mood contagion when
telling a story [50] or delivering a lecture [51]. However,
the effects of the robot’s behavior on mood contagion might
be driven more strongly by the expressive features in the
robot’s vocalizations than its body language. See Table 4
(intercepts). This introduces uncertainty about what aspects
of the robot’s behavior drive the found effects on mood con-
tagion, and whether this lower attention to body language
might alternatively explain the solely indirect effects of the
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Table 5 Results of the
multilevel path model analysis
at the between-subjects level

Model details b se z p

Regressions

Robot valence ∼
Neutral versus positive robot expressions 0.473 0.133 3.56 <0.001

Negative versus positive robot expressions 0.668 0.149 4.48 <0.001

Robot arousal ∼
Neutral versus positive robot expressions 1.303 0.228 5.72 <0.001

Negative versus positive robot expressions 1.291 0.207 6.23 <0.001

Contagion valence ∼
Robot valence 0.485 0.096 5.07 <0.001

Neutral versus positive robot expressions −0.099 0.133 −0.74 0.457

Negative versus positive robot expressions −0.211 0.148 −1.42 0.155

Contagion arousal ∼
Robot arousal 0.543 0.088 6.20 <0.001

Neutral versus positive robot expressions −0.417 0.196 −2.13 0.033

Negative versus positive robot expressions −0.526 0.179 −2.93 0.003

Collaboration ∼
Contagion valence 0.452 0.151 2.99 0.003

Contagion arousal 0.038 0.099 0.38 0.701

Robot valence −0.082 0.117 −0.70 0.482

Robot arousal 0.074 0.091 0.82 0.415

Neutral versus positive robot expressions 0.025 0.157 0.157 0.875

Negative versus positive robot expressions 0.197 0.153 1.29 0.198

Process satisfaction ∼
Contagion valence 0.563 0.170 3.31 0.001

Contagion arousal −0.035 0.104 −0.34 0.735

Robot valence −0.241 0.110 −2.19 0.028

Robot arousal 0.044 0.095 0.47 0.639

Neutral versus positive robot expressions 0.121 0.156 0.77 0.437

Negative versus positive robot expressions −0.046 0.150 −0.30 0.762

Co-Creation performance ∼
Contagion valence 0.328 0.134 2.44 0.015

Contagion arousal 0.065 0.100 0.65 0.514

Robot valence −0.049 0.111 −0.44 0.662

Robot arousal −0.028 0.075 −0.37 0.711

Neutral versus positive robot expressions 0.119 0.121 0.98 0.328

Negative versus positive robot expressions 0.087 0.136 0.64 0.521

Covariances

Contagion valence ∼∼
Contagion arousal 0.143 0.047 3.03 0.002

Collaboration ∼∼
Process satisfaction 0.089 0.025 3.48 0.001

Co-Creation performance 0.044 0.019 2.38 0.017

Process satisfaction ∼∼
Co-Creation performance 0.049 0.018 2.67 0.007

Intercepts

Robot valence 4.19 0.098 42.52 <0.001

Robot arousal 3.74 0.161 23.18 <0.001

Contagion valence 1.89 0.423 4.47 <0.001
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Table 5 continued Model details b se z p

Contagion arousal 1.05 0.350 2.98 0.003

Collaboration 2.61 0.36 7.34 <0.001

Process satisfaction 3.15 0.463 6.79 <0.001

Co-Creation performance 3.25 0.345 9.41 <0.001

Variances

Robot valence 0.288 0.053 5.39 <0.001

Robot arousal 0.681 0.092 7.41 <0.001

Contagion valence 0.162 0.035 4.59 <0.001

Contagion arousal 0.372 0.104 3.58 <0.001

Collaboration 0.111 0.025 4.47 <0.001

Process satisfaction 0.131 0.028 4.63 <0.001

Co-Creation performance 0.109 0.017 6.27 <0.001

The data are unstandardized regression coefficients (b), robust standard errors (se), z-scores (z), and p-values
(p). The presented results are the between-subjects results of themodel. Robustmodel fit indices: Comparative
Fit Index = 1.00, Tucker-Lewis Index =0.96, Root Mean Square Error of Approximation =0.03, Standardized
Root Mean Square Residual (between covariance matrix) =0.04

Table 6 Indirect effects on
mood contagion

Paths b se z p

Neutral versus positive robot expressions 0.229 0.092 2.55 0.011

→ Robot valence

→ Contagion valence

Negative versus positive robot expressions 0.324 0.113 2.87 0.004

→ Robot valence

→ Contagion valence

Neutral versus positive robot expressions 0.707 0.166 4.26 <0.001

→ Robot arousal

→ Contagion arousal

Negative versus positive robot expressions 0.701 0.153 4.57 <0.001

→ Robot arousal

→ Contagion arousal

Note. The data are unstandardized regression coefficients (b), robust standard errors (se), z-scores (z), and
p-values (p)

robot mood expressions on user mood contagion. Further-
more, the findings contribute to the existing body of work
on robot-induced mood contagion, that when the robot takes
on a facilitatory role during a co-creation session, where the
robot only typically interacts during key moments, such as
when the robot facilitator provides instructions or supports
task execution [8], while the human stakeholders primarily
interact with each other [16], robot mood expressions can
also be utilized to elicit mood contagion.

The results also showed no significant direct effects
of positive robot mood expressions, compared to neutral
and negative expressions, on mood contagion valence and
arousal. As noted, its effects on mood contagion were con-
ditional upon the mood valence and arousal participants
attributed to the robot. This might point to several limita-
tions of social robots, and the Nao robot in particular, for

eliciting mood contagion. Speculatively, this finding can be
explained by a relatively frequent misperception of robot
expressions. The aforementioned limited number of inter-
actions between the robot facilitator and the stakeholders
might decrease the likelihood that stakeholders perceive the
robot expressions, if at all, as intended. Compounding this
potential issue, the comparably limited expressive capabil-
ities of social robots like the Nao, cf. [47, 48], can further
hinder evoking mood contagion [19, 36]. Not perceiving or
inaccurately perceiving robot expressions decreases both the
likelihood that mimicry evokes the appropriate regulatory
mechanisms underlying contagion, and of triggering learned
and automatized associations between observed expressions
and experiencing corresponding moods.

The results showed furthermore that the conditional effect
of positive robot mood expressions on mood contagion
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Table 7 Indirect effects on
group collaboration,
satisfaction, and co-creative
performance

Paths b se z p

Neutral versus positive robot expressions 0.104 0.048 2.15 0.031

→ Robot valence

→ Contagion valence

→ Collaboration

Negative versus positive robot expressions 0.146 0.064 2.29 0.022

→ Robot valence

→ Contagion valence

→ Collaboration

Neutral versus positive robot expressions 0.129 0.063 2.06 0.040

→ Robot valence

→ Contagion valence

→ Process satisfaction

Negative versus positive robot expressions 0.182 0.082 2.23 0.025

→ Robot valence

→ Contagion valence

→ Process satisfaction

Neutral versus positive robot expressions 0.075 0.039 1.93 0.054

→ Robot valence

→ Contagion valence

→ Co-Creation performance

Negative versus positive robot expressions 0.106 0.051 2.09 0.037

→ Robot valence

→ Contagion valence

→ Co-Creation performance

Note. The data are unstandardized regression coefficients (b), robust standard errors (se), z-scores (z), and
p-values (p)

valence via perceived robot valence, positively influences
group collaboration, process satisfaction, and co-creation
performance. Whereas the direct effects of positive robot
mood expressions on mood contagion arousal did not sig-
nificantly affect group collaboration, process satisfaction,
and co-creation performance. As such, these results sup-
port hypothesis H2. Herewith, the present study replicates
previous work on humans, but with a robot, suggesting that
mood contagion valence influences a wide range of factors
related to group dynamics and performance [34], including
group collaboration [41], performance (e.g., [42]), and over-
all process satisfaction (e.g., [23]). The present study adds
new evidence to this growing body of work, by showing how
robot facilitator mood expressions can be utilized to benefi-
cially shape how a co-creation session unfolds. This includes
the novel finding that positivemood expressions can enhance
co-creation performance, asmeasured by the degree towhich
the stakeholders felt theywere able to contribute their insights
and perspectives and the degree to which their contributions
were represented in session outcomes, cf. [2, 5].

Specifically, these findings also contribute to a growing
body of work on the utilization of social robots in a facilita-

tor role [8, 16]. Previous studies have demonstrated that robot
facilitation, in comparison to other technologies, can enhance
productivity and creativity [24, 25]. The present study goes
beyond these more general measures of co-creation output,
and affirms the potential of robot facilitation for support-
ing and enhancing co-creation, by shaping aspects of group
dynamics and performance that are specifically relevant for
successful co-creation [2, 5]. Relatedly, previous work also
suggested how attempts to replicate findings from psychol-
ogy about the influence of human interactions on group
dynamics and performance often do not replicate or yield
unexpected results when delivered by a social robot [57–
59]. Robot mood expressions, as implemented in the present
study, did replicate such findings consistently. That is, in
alignment with previous work on human-human interaction,
robot mood expressions elicited mood contagion and subse-
quently group collaboration [41], process satisfaction [23],
and performance [42] to the same effect.
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4.1 Limitations and FutureWork

Several limitations should be considered when interpreting
the results. To start, it appears that robot facilitation and the
tasks executed during the co-creation session were gener-
ally well-received by the participants, aligning with previous
studies such as those by Buchem [17] and Rosenberg-
Kima and colleagues [31]. While this generally favorable
reception is encouraging, it might have also introduced ceil-
ing effects (Fig. 3, diagonal), reducing the variance in the
data. The use of robust standard errors and test statistics
only partially addresses the issues introduced by the ceiling
effects, and thus, the presence of ceiling effects threatens
the statistical validity of the study. Relatedly, the choice
to represent collaboration merely with the ‘cooperation’
item does not permit testing consistency and reduces the
scope of this measurement, which threatens its construct
validity. Another limitation is the reliance on self-reportmea-
sures rather than behavioral observations, cf. [22]. The use
of self-reported data possibly introduces a range of well-
documented response biases or inaccuracies, as self-reports
often differ from observed behaviors. Relatedly, the use of
the words calm and excited in the semantic differential scales
that measured robot arousal and mood contagion arousal
might have been biased toward positive valence, as some
studies suggest that these words are not only associated
with low and high arousal levels but also with low posi-
tive valence [68]. Lastly, the study employed aWizard-of-Oz
setup, which entails that the robot has no autonomy [32]. This
threatens the ecological validity of human-robot interactions
tested in this study. For the present study, three variations
of the robot’s behavior (i.e., the gestures) were manually
developed to portray the three different robot expressions
(positive, neutral, negative). Togeneralize this to other behav-
iors, including those where the robot is using its body to
perform other, task-related actions while conveying a certain
mood, a parameterized model could be used to adjust the
mood of any behavior in real-time [65, 78].

The presented study can inform several new directions for
future research aimed at further understanding and realizing
the innovative ways in which social robots can facilitate and
enhance co-creation. We propose the following directions as
a starting point.

Firstly, we propose that understanding the limitations of
robot mood expressions can enhance robot-elicited mood
contagion and its effects on group collaboration, process
satisfaction, and co-creation performance. One question is
whether the effect of robot mood expressions relies on
mimicry. An approach to explore this could be to design
an experiment where we interfere with the activation of the
Zygomaticus major muscle, which is involved in smiling,
to determine if positive robot expressions still evoke posi-
tive moods to a similar effect, than when the activation of

this muscle is not interfered with, cf. [19, 79]. If mimicry is
indeed a core mechanism, further engineering and design
work must be undertaken to refine the robot’s expressive
capabilities, such that people can more accurately perceive
the expressions displayed by the robot [80]. Such studies can
be enhanced by developing alternative robotic form factors
designed to draw attention more strongly to the robot’s body
language. In the present study, this appeared limited as indi-
cated by participants paying more attention to the robot’s
vocalizations.

Secondly, another question relates to the influence of
perceived robot identity. Mood contagion by the social
robot might also be explained by triggering learned associa-
tions between mood expressions and corresponding experi-
ences [19, 36], which, so we argued, critically depends on
how a robot’s perceived identity elicits a range of social
motivations, including a tendency to connect and affili-
ate [37], empathize [38], and conform to social norms [39].
If perceived robot identity is a driver of robot-evoked mood
contagion, further design work can explore what robot form
factors and behaviors are critical for elicitingmood contagion
via this particular route. It would be interesting to study how
the robot’s perceived identity and its effects develop as peo-
ple interact repeatedly with the robot over time. This would
also allow us to identify a potential novelty effect of the robot
that may have influenced the perceived robot identity or its
perceived contribution to the co-creation process [81, 82].

Thirdly, we argue that to optimize the utilization of robot
mood expressions and their potential for enhancing collab-
oration, process satisfaction, and co-creative performance,
iterative experimentation and development within the situ-
ated context of use is an essential next step. This requires
an alternative to Wizard-of-Oz methods, to start with. In the
short term, a solution can be found in recent advances in
natural language processing and generation [32], which can
be used to enable robot autonomy and address known draw-
backs of robot facilitation, such as prototyping autonomous
behaviors that build on the input of stakeholders during a
co-creation session [31]. Combined with the learnings from
our first proposed direction for future research, experimenta-
tion with social robot facilitators within their context of use
can help to fine-tune social robot form factors and behav-
iors in a manner that further improves the effectiveness of
robot mood expressions for eliciting mood contagion. Such
future work can help empower organizations with access to
the benefits of co-creation in situations where human facil-
itators require assistance or are unavailable [8]. Especially
with the advent of large languagemodels [32], autonomously
operating social robots couldplay a supporting role in amulti-
tude of real-world co-creation scenarios, including corporate
workshops, education, or healthcare settings [7], if carefully
implemented [83, 84].
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4.2 Conclusion

In conclusion, the presented study demonstrates that positive
mood expressions displayed by a robot facilitator, compared
to neutral and negative expressions, evoke mood contagion
among group members correspondingly, thereby fostering
group collaboration and process satisfaction. The results
also revealed a noteworthy improvement in participants’ per-
ceived ability to contribute insights during the session and
ensure their representation in session outcomes, an index
of co-creation performance, due to the influence of robot
mood expressions on mood contagion valence. In all cases,
the effects of robot facilitator expression on mood conta-
gion depended on perceived robot valence, which highlights
one of the challenges that utilizing robot facilitators for
enhancing co-creation might come with. By establishing the
influence of robot mood expressions onmood contagion, and
subsequently group collaboration, process satisfaction, and
co-creation performance, we shed new light on the potential
of social robots for facilitating and enhancing co-creation.
Understanding themechanisms underlying these effects adds
to a growing body of work in the field of human-robot
interaction, offering valuable insights that can support the
development of innovative future robotic systems.
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