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Abstract. Humans excel at understanding social cues in communica-
tion, but robots struggle. Social cues are crucial for humans to interpret
the intentions of their communication partners. Research indicates that
we typically interpret the actions of anthropomorphic robots analogously
to their human counterparts, paving a clear path to the design of appro-
priate social cues. For non-anthropomorphic robots, however, it is an
open question how humans interpret social cues with different output
modalities and in different contexts. Our study investigates whether so-
cial cues signaled by typical non-anthropomorphic modalities such as
lights, sounds, and gestures are consistently interpreted across people
and contexts. We, therefore, conducted a contextual investigation in a
hospital, derived scenarios from co-design workshop, and tested 103 cues
collected from the literature in a large online survey (N=1545). Our
results demonstrate that most human interpretations vary by context,
highlighting the need to design dynamic and adaptive social cues for
interactive robotic systems.

Keywords: human computer interaction, human-robot interaction, user-
adaptive interaction, social signals

1 Introduction

From a joyful smile when meeting a friend to a sarcastic one in awkward mo-
ments, non-verbal social cues are complex and highly context-dependent. These

* This is the author’s accepted manuscript. Published as: Chowdhury, A. et al.
(2026). Context Is Cue-Cial: Assessing the Interpretation of Social Signals from
Non-anthropomorphic Robots in Different Contexts. In: Social Robotics + AL
ICSR+AI 2025. Lecture Notes in Computer Science, vol. 16131. Springer, Singa-
pore. https://doi.org/10.1007/978-981-95-2379-5_21


https://doi.org/10.1007/978-981-95-2379-5_21

2 A. Chowdhury et al.

cues, such as facial expressions, body language, and eye contact, help humans
communicate intent without words [39]. As robots become more integrated into
everyday life, interactions with them will increasingly involve non-verbal cues in
various contexts [I1I38]. However, current robots, especially non-anthropomorphic
ones, struggle to adapt such cues to different contexts, making their intentions
unclear.

While anthropomorphic robots benefit from human-like forms that support
intuitive cue design, non-anthropomorphic robots, like delivery bots or robotic
arms, are built for efficiency and typically lack features that facilitate human-
like communication [6]. As these robots take on more collaborative or social
roles, it is essential they convey intent through alternative means such as lights,
movements, or sounds [26]. Yet, since these modalities are not familiar chan-
nels of social interaction for humans, it is common to misinterpret them. Prior
research has explored non-verbal cues for non-anthropomorphic robots in con-
texts such as manufacturing, rescue, and logistics [T2JT3136143]. Yet, it is unclear
how well these cues transfer across settings. This highlights a key gap in design-
ing context-aware, intuitive social signals for non-anthropomorphic robots to
support effective human-robot interaction. To address these limitations, we in-
vestigated how humans perceive social signals from non-anthropomorphic robots
in different contexts. We chose a hospital as an example of a (semi-)public set-
ting in which users might encounter non-anthropomorphic robots in the future,
and extracted a set of distinct contexts. While we explored these in the hos-
pital setting, we consider them generic enough to generalize to other settings.
Our goal is to understand how humans perceive the social signals conveyed by a
robot through lights, sounds, and gestures in various contexts, especially when
they have not been previously trained or informed about the meaning of those
signals. For our exploration, we chose the hospital setting, as it offers a wide
range of scenarios involving people from diverse backgrounds and varying lev-
els of knowledge. Additionally, it provides opportunities to study interactions
not only with logistics personnel but also with visitors, nurses, and patients. To
guide our investigation, we formulated the following research questions:

RQ1: What interaction scenarios can be developed for different contexts in-
side the hospital setting?

RQ2: What interaction modalities and social signals are appropriate for a
non-anthropomorphic robot to effectively express its intent?

RQ3: How do different contexts influence the perception of social signals
expressed by the robot within the hospital setting?

To address RQ1, we conducted a contextual inquiry in a Finnish hospital
to explore human-robot interactions with a logistics robot in various contexts
within the hospital. Following this, we organized a workshop with 15 students
from a Finnish university to refine the insights gathered and to define five sce-
narios that could be presented to participants to assess the perception of social
cues. The interaction scenarios were developed based on the data gathered from
contextual inquiry at the hospital and the co-design workshop with the students.
To answer RQ2, we asked the same workshop participants to redesign the logis-
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tics robot using modalities they believed would be suitable for this context. This
exploration resulted in the selection of lights, sounds, and robotic arm gestures
as means to express the robot’s intent and social cues. Based on these designed
interaction modalities, we reviewed 189 peer-reviewed articles to identify the
social signals conveyed through light, sound, and gesture. This review yielded
103 signals, which we then recreated according to guidelines found in the liter-
ature. Finally, for RQ3, we conducted an online study with 1,545 participants
to assess the perception of these social signals in various hospital contexts. Our
findings indicate that there is no universal understanding of social signals for
non-anthropomorphic robots. These signals are interpreted differently depend-
ing on the context, and their meanings may shift when adapted for different
settings. This highlights the need for a dynamic and context-sensitive design of
social cues tailored to specific interaction environments.

2 Related Work

In this section, we reflect on key topics relevant to this research. Section 2.1
explores the importance of social cues and signals for humans across different
contexts. Section 2.2 addresses the challenges of designing social signals for non-
anthropomorphic robots. Finally, Section 2.3 reviews existing knowledge on so-
cial signals for non-anthropomorphic robots in various contexts.

2.1 Social Cues and Signals for Humans across Different Contexts

Charles Darwin argued that social cues reflect our internal states, facilitating
interaction and cooperation [10]. Social signals, verbal or non-verbal cues guid-
ing interactions, help shape our impressions of others [19]. From early childhood,
humans learn to interpret and respond to these cues through experience and con-
text [4I27]. For example, a genuine smile may express joy, while a polite smile
can mask disappointment to maintain social harmony. Social signals—primarily
non-verbal expressions like facial cues, body language, and gaze—are central
to communication, trust-building, and emotional understanding [48]. Their in-
terpretation depends on cultural norms, relationships, and situational context
[5U19]. Through observing trusted individuals and shared social knowledge, hu-
mans develop an intuitive grasp of how to convey and interpret these signals
appropriately across different settings [I6]. Our lifelong experiences and cogni-
tive abilities enable us to adapt social cues to specific contexts. This skill has
been crucial to human evolution, supporting survival, cooperation, and effective
communication [T0JI6].

2.2 Designing Social Cues for Robots

The use of appropriate social signals is essential for both humans and robots, not
only to convey intent but also to build trust and influence user response [S[48/45].
However, robots lack the innate human ability to adapt social cues to different



4 A. Chowdhury et al.

contexts, which can lead to user discomfort. For instance, in [35], Pepper’s pro-
longed eye contact was meant to boost engagement but felt intrusive in quiet
settings like libraries. Similarly, Baxter’s negative head shakes were perceived as
rude on assembly lines [2]. Both robots were eventually discontinued due to poor
user acceptance [46], highlighting how misaligned social cues can increase mis-
trust [47]. Non-anthropomorphic robots face added difficulty in expressing social
signals, as their design prioritizes function and cost over human-like features [6].
While efforts to incorporate social cues into such robots exist, outcomes vary.
Baxter, for example, was praised in assistive roles but criticized in industrial
contexts for being slow and overly human-like [2I[46]. Its failure, along with that
of its successor, Sawyer, underscores the need for context-appropriate cues in
robot design [30]. Although anthropomorphic features aid communication [732],
integrating them into task-focused robots remains impractical due to cost and
performance trade-offs [6].

2.3 Social Cues and Modalities for Non-Anthropomorphic Robots
in Various Contexts

As non-anthropomorphic robots enter public spaces, it is crucial they use ap-
propriate social cues to communicate their intentions, especially in settings like
healthcare, where robots assist with tasks such as delivering equipment and sup-
porting well-being [24J29]34]. Many hospital staff and visitors may have limited
experience with robots, so these robots must express their intentions in ways
that are understandable and acceptable [22]. Robots can use lights [3/44], audio
signals [33], and gestures [4I] to communicate effectively. Studies have explored
light as a communication tool for robots, such as using different colors and an-
imations to express actions like "wait," "progress," and "help" [3]. Similarly,
audio signals have been used to convey emotions and intent, with examples like
R2-D2’s and Wall-E’s sound design [17]. However, there is limited guidance on
replicating these audio signals in real-world robots [20]. Robot arm gestures have
also been studied, especially in collaborative tasks, with research exploring how
movements can convey emotions and intent [41[18]. These gestures, inspired by
human or animal movements, are used to communicate social signals like di-
rections and commands [T4/T5]. However, most studies have focused on specific
contexts, and it remains unclear how gestures like "stop" would be interpreted
in different settings, such as a hospital during medicine delivery. Although re-
search has explored non-anthropomorphic social signals using light, sounds, and
gestures, there is a gap in understanding how these signals are perceived across
various contexts.

3 Methodology

To address our research questions, we employed a two-phase methodological ap-
proach consisting of a pre-study and an online user study. The following sections
provide a detailed account of each phase.
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3.1 Pre-Study

We conducted a multiphase study to explore human-robot interaction in a hos-
pital setting with a medicine delivery robot. In the first phase, we observed the
robot during its daily routes through corridors, elevators, and reception areas,
documenting interactions with logistics workers, nurses, receptionists, and vis-
itors. Two logistics workers participated in short unstructured interviews, and
two members of the robot’s software team supported us during the study. These
observations helped us understand the robot’s tasks, stakeholders, navigation,
and goals.

Next, we organized a co-design workshop with 15 Master’s students (7 female,
8 male) from a human-robot interaction course, selected due to prior experience
designing for social robots and familiarity with the hospital as patients or visi-
tors. Recruiting hospital staff was not feasible due to their busy schedules. This
phase was conducted to analyze the findings from the contextual inquiry and to
develop scenarios and define effective communication modalities for the robot.
Since the insights gathered from the hospital contextual inquiry were limited
(including four participants altogether), the co-design workshop played a crucial
role in helping us explore potential scenarios in greater detail. It enabled us to
brainstorm what situations might arise and what the robot could communicate
to different people in the hospital, such as staff, patients, and visitors. The work-
shop began with a 30-minute presentation of the observation findings and robot
operation. Participants worked in small groups to develop five hospital interac-
tion scenarios, discussing the robot’s tasks, human interaction strategies, and
expression techniques. Data from notes, audio recordings, and design canvases
were thematically analyzed, revealing lights, sounds, and gestures as suitable ex-
pressive modalities. The five distinct hospital interaction scenarios were defined
as:

Scenario 1 Loading Medicine: The robot starts its day when one of its
human colleagues load medicines into the robot and asks it to go to deliver it to
one of the hospital wings.

Scenario 2 Obstacle Encounter: The robot starts its journey and encoun-
ters closed door.

Scenario 3 Passing Through: As the robot goes to deliver medicine, it
needs to pass through a lobby where the robot meets human colleagues in a
logistics vehicle.

Scenario 4 Elevator Interaction: The robot needs to take the elevator to
reach its destination. Human colleagues can share the elevator with the robot.

Scenario 5 Delivering Medicine: The robot reached its destination and
needs to inform someone that the robot is here to deliver.

We also created visualizations for the scenario to support the clarity and
understandability of the interactions (see

Based on the workshop findings, the participants identified three main com-
munication modalities: lights, sounds, and robot arm gestures as the most suit-
able to convey the robot’s intent, while screens were considered less effective in
large hospital areas. Based on these insights, we developed a prototype of the
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Fig. 1: Hospital scenarios resulted from the pre-study

robot that incorporates the selected modalities (see Fig. . These findings high-
light the importance of simple understandable non-verbal cues to ensure robot
safe and effective integration into hospital workflows. Ethical approval was ob-
tained for both the hospital observation and the workshop, with all data handling
conducted in compliance with EU GDPR regulations.

3.2 Online User Study

The observation and co-design workshop provided an initial understanding of
interaction modalities, techniques, and social signals. To achieve better results
from data analysis of the user study, we further explored social signals from pre-
vious literature to identify those that conveyed specific intentions in the context
of non-anthropomorphic robots. We then recreated these signals for our delivery
robot prototype and conducted an online study to examine how different con-
texts influence the perception of social signals expressed by the robot (RQ3).
The subsequent sections are organized as follows: Robot Prototype, Participants,
Procedure, Data Collection and Analysis

Robot Prototype . We developed a prototype delivery robot to recreate ex-
pressions identified from the literature. For the mobile base, we used the Elephant
Robotics MyAGV 2023 PIEl On top of it, we mounted a MyCobot 280 M5Stack
robotic arm with a gripper from Elephant Roboticﬂ which was used to perform
arm gestures for expressing social cues. For light-based gestures, we attached an
8x8 Neopixel LED matrix housed in a 3D-printed case at the front of the robot
(see [Figure 2). Audio expressions were generated using external USB speakers.
All expressions were recorded in a well-lit room with a white background to
ensure consistency.

® https:/ /shop.elephantrobotics.com/products/myagv-2023-pi
5 https://www.elephantrobotics.com /en/mycobot-280-m5-2023-en /
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Fig. 2: Robot Setup used for recreating the expressions from literature.

Participants. We recruited 2,193 participants for the online study via Prolific,
aiming for three participants per unique combination of SCENARIO (5) x EX-
PRESSION (103). After excluding 648 low-effort responses, identified through the
text summaries participants were required to provide, we were left with 1,545
valid participants (784 female, 725 male, 36 non-binary). The participants’ aver-
age age was 32.32 years (SD = 10.41), representing 86 nationalities. The largest
groups came from South Africa (229), the UK (169), the United States (155),
Poland (117), Canada (87), Portugal (84), Mexico (68), Zimbabwe (55), and
Spain (43). 353 participants had never interacted with a robot, 909 reported
between one and seven interactions, and 283 had more than seven interactions,
mostly with social robots or robotic arms.

Procedure. Based on the workshop findings, we collected 189 expressions for
lights, sounds, and gestures from the literature. After excluding expressions that
lacked sufficient detail or could not be replicated on our robot, we finalized a
set of 103 expressions: 31 gestures, 32 light cues, and 40 audio cues. Gesture
selection followed [42], light cues were drawn from 119 Web of Science articles
(filtered for clear color/pattern descriptions), and audio expressions were based
on [51], using only those with publicly available files. To ensure consistency in
the recordings, we standardized all expressions. For gestures, we controlled arm
speed, face/trunk position, and direction. For lights, we fixed speed, pattern
type (e.g., blinking, sweeping), and RGB color. For audio expressions, we used
original files, maintained a consistent volume, and limited their duration to 35
seconds. All videos are available in the supplementary material. The study was
conducted online. After providing informed consent, participants answered two
demographic questions about their prior experiences with robots and the types
of robots they had encountered. Each was assigned a scenario and condition,
shown an illustration and a simplified scenario description (based on pre-study
findings). Instructions clarified that the robot communicates non-verbally. Par-
ticipants then watched a video of one expression and provided two open-ended
responses: (1) what the robot did, and (2) in one word, what the expression
meant in context. These interpretations were analyzed as detailed in
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Data Analysis. Four researchers initially developed a codebook to ensure tri-
angulation, after which two researchers collaboratively coded the data to ensure
reliability and consistency. In the first iteration, coding 1,545 descriptions re-
sulted in 47 unique codes, covering behaviors (e.g., "robot is performing a task,"
"robot opens elevator/door," "processing"), requests (e.g., "come here," "ask-
ing human to do something," "needs help"), intentions (e.g., "robot wants to
pick something up," "wants to get in the elevator," "showing information"), and
emotions (e.g., "curiosity," "happy," "confused"). A second iteration refined this
to 35 unique codes. Finally, we discussed these results among four researchers
and categorized these labels into 10 distinct code groups for a final analysis:

Task-Oriented Communication: Intent (to communicate intended ac-
tions, e.g., "robot delivering package", "robot pick up", "let human pass", "giv-
ing permission".), Request (asking human for help or to do something, e.g.,
"asking to pass/move aside", "robot asks to open elevator/door", etc.), and
Status (displaying robot’s internal states - "error", "ready/waiting", "robot is
performing a task", etc.).

Social Interaction: Emotional State (e.g, "happy", "amazed", "confused",
"distress"), Politeness (e.g., "greeting", "deference", "showing gratitude", "ap-
preciation"), and Interest (showing enthusiasm or curiosity).

Directive Communication: Attention (to direct human’s focus, e.g., "call
for attention", "warning", "alert"), Agreement (acceptance, consent, approval,
acknowledgment) and Disagreement (refusing or negating something).

All samples where participants’ interpretations could not be understood were
classified as None. Details about this coding process are provided in the supple-
mentary material.

Metrics. We measure the level of agreement of an expression using a pair-
wise similarity metric that checks how many interpretations of the 3 participants
match for each scenario-expression combination. We call this metric the Agree-
ability Score (AS):

1 o
AS:NZ:(EizEj), 1<i<j<N (1)
1#£]

where F; and F; are the coded interpretations of the participants 7 and j,

and N is the number of participants per scenario-expression combination (in
our case, N = 3). E; = E; takes the value of 1 if the codes are equal, and 0
otherwise. AS can be either 0 for no agreement, 1/3 for partial agreement and
1 for a perfect agreement.
Additionally, to analyze the impact of the scenario and the modality of the
expression in the participants’ interpretations, we fitted multinomial logistic re-
gression models to predict code groups, with scenario and modality as indepen-
dent variables. We looked at Likelihood ratios and calculated the Nagelkerke
pseudo-R? =[37] as a metric of these models’ explanatory power.
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Table 1: Updated agreement scores for each scenario and modality, including
both average (M) and the percentage of perfect agreement (P.A.) values (AS =
1).

Arm Gestures Light Audio All Modalities
M P.A. M PA. M PA. M P.A.
Loading Medicine 33.33 19.35 34.38 21.88 23.33 10.00 30.35 17.08

Scenario

Obstacle Encounter 26.88 12.90 35.4218.75 29.17 12.50 3049  14.72
Passing Through 30.11 19.35  42.7128.12 25.83 7.50 32.88 18.32
Elevator Interaction 41.94 25.81 25.00 12.50 21.67 7.50 29.54  15.27
Delivering Medicine 32.26 16.13 39.58 28.12  26.67 10.00 32.84  18.08

All Scenarios 3290 18.71  35.4221.88 25.33 9.50

4 Results

4.1 Agreeability Analysis

Applying the Agreement Score (Equation 1)) on the coded participant interpre-
tations, we found that, out of all the 103 expressions, across the 5 scenarios
(103 x 5 = 515 total combinations), 226(43.88%) of them obtained a partial
agreement (2 out of 3 equal, AS = 0.33) and 83(16.12%) of them obtained a
perfect agreement (AS = 1). As the results fromsuggest7 audio gestures
are generally less often agreed on than arm or light gestures. Furthermore, the
agreeability is highest for the passing through and delivering medicine scenarios.

When looking at perfect agreement , we see a slight difference be-
tween scenarios (highest for the passing through scenario - 18.32%), and a bigger
difference between modalities (highest for lights - 21.88%). Additionally, for ex-
pressions that had a perfect agreement across multiple scenarios (17 out of 103
- 16.5%), we found that only 4 (3.9%) had a perfect agreement between the
scenarios (meaning, all the participants, across the 5 scenarios, agreed on the
interpretation of that expression). These results suggest that both scenario and
modality have an impact on how participants interpret the robot’s expressions.

shows the average AS and percentage of perfect agreement for each
scenario X modality combination. Furthermore, shows the distribution
of agreed-on code groups for each scenario. It shows that for all scenarios, around
40% of the expressions had an AS = 0. For the loading medicine scenario, the
majority of expression has been agreed on as Status (30%), for the obstacle en-
counter scenario Request (40%), for passing through Attention (20%), elevator
interaction Request (23%), and delivering medicine Attention (21%). Further-
more, we see that the agreed-on code distribution per modality is even more
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widespread, indicating, that the scenario had a larger impact on the interpreta-
tion than the modality.

Next, we investigated the distribution of how often each code group was
agreed on across scenarios, see Here, we found that the same gesture
is agreed on with the same meaning across our five scenarios.

Agreeability with original meaning. We looked into how participants’ in-
terpretations matched the original interpretation of the expression from their
reference for all arm gestures and light expressions, as the literature source for
the audio [51] did not provide this information. Thus, we conducted this analysis
on the 31 arm gestures and 32 light gestures out of 103 total expressions. We cat-
egorized the original meanings using our 10 code groups and compared them with
the participants’ interpretations. We found that for 10 arm gestures and 11 light
signals, the original meaning matches the agreed code group (AS > 33%) imply-
ing that only 20% of the expressions matched their original meaning. As most
expressions were derived from different settings and were originally performed
by significantly more anthropomorphic robots, we expected that the original
meaning would be lost. Once again, the strong correlation between the scenario
and the meaning of these expressions is evident.

% of Labels

20 A

Loading Obstacle Passing Elevator Delivering Arm gesture Audio Light

Medicine Encounter Through Interaction Medicine
N Intent [ Emotional State Interest I Agreement N None
N Request Politeness W Attention Disagreement ~ W No Agreement
B status

Fig. 3: Distribution of agreed on Code Groups across different scenarios (left) and
modalities (right). No Agreement means that all 3 participants’ interpretations
were coded into different code groups. Thus, the expression was not agreed on.

4.2 Statistical Analysis

We fitted multinomial models to explain code groups by our independent vari-
ables. Due to the limited size of the dataset, all models containing expressions did
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Fig. 4: Distribution of Code Groups across scenarios.

not converge. Therefore, we removed this factor for all further analyses and in-
stead focused on reduced models to analyze the influence of scenario and modal-
ity on the dependent variables.

Agreement Attention Disagreement Emotional State Intent

Light
Audio
Arm gesture ‘ - Probability

i 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 04
0.3

Interest None Politeness Request Status 02

0.1
Light .
Audio
Arm gesture .
5 5 12 3 4 s 12 3 4

5 12 3 4 5

Modality

Scenario

Fig.5: Predicted probabilities of choosing a particular code group for different
combinations of Scenario and Modality. Darker shades indicate higher probabil-
ities.

Predicting code group from scenario and modality We fitted a multinomial logis-
tic regression model with scenario, modality and their interaction as fixed effects
to predict code group. We further fitted two reduced models, one excluding sce-
nario and one excluding modality to evaluate the influence of the factors. Likeli-
hood ratio tests confirmed that removing scenario (x?(108) = 436.89, p < .001)
or modality (x?(90) = 318.45, p < .001) significantly degraded the model fit.
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Accordingly, we continued with the full model including both factors and their
interaction.

As a measure of the explanatory power of the model, we calculated the
Nagelkerke pseudo-R?. The result R? = 0.36 represents a moderate fit and in-
dicates that a substantial part of the variance in the data can be explained by
scenario and modality alone. This indicates that the interpretation of an ex-
pression by our participants depended not only on the specific expression but
also to a large extent on what modality was used and in which scenario it was
performed.

presents the predicted probabilities from the full model for selecting
a code group based on different combinations of scenario and modality. The most
frequently assigned interpretations by participants were “Status” (M = 0.22,
SD = 0.10), “Request” (M = 0.19, SD = 0.16), and “Attention” (M = 0.18,
SD =0.12).

A more detailed analysis of these code groups shows that arm gestures rarely
lead to the interpretation “Attention” (M = 0.06,SD = 0.02), but that au-
dio (M = 0.23,SD = 0.07) (especially in scenario 5, 0.34) and light (M =
0.25,SD = 0.12) (especially in scenario 3, 0.45) do so more frequently. For “Re-
quest” we found no strong dependence on the selected modality, but a strong
dependence on the scenario. In scenarios 2 (M = 0.43,SD = 0.07) and 4
(M =0.29,5D = 0.04), all expressions across all modalities are primarily inter-
preted as “Request”. For “status”, we found a more complex picture with strong
connections between scenario 1 (M = 0.36,SD = 0.09) and 5 (M = 0.26,SD =
0.06), as well as the modalities light (M = 0.26, SD = 0.12) and arm gestures
(M =0.22,5D = .08). Across all conditions, we found the strongest connection
for audio in scenario 2, where roughly half of our participants (0.48) interpreted
any gesture as a request.

These probabilities support the interpretation that both modality and sce-
nario exhibit a strong impact on the interpretation of participants.

Predicting agreement from scenario and modality We employed a similar ap-
proach to predict agreement from scenario and modality. For this analysis, we
focused only on expressions with perfect agreement, as explained in
For the analysis, we fitted a binomial regression model with scenario, modality
and their interaction as fixed effects. Again, we fitted two reduced models exclud-
ing scenario and, respectively, modality to evaluate the influence of the factors.
The model fit did not significantly decline by removing scenario (x?(12) = 6.10,
p = 0.9) or modality (x?(10) = 17.18, p = 0.07). This result indicates that both
independent variables have no significant influence on the explanatory power
of the model. Accordingly, the Nagelkerke pseudo-R? of the complete model
of R? = 0.06 also demonstrates a very low explanatory power of the model.
From this we conclude that the influence of scenario and modality on whether
there is a unique interpretation of gestures across several people is very small or
non-existent. Thus, predicting the agreement without knowledge of the actual
expression seems infeasible.
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4.3 Distribution of Code and Code Groups

In the final iteration of coding, participants’ interpretations of the expressions
were coded into a total of 10 code groups. shows the distribution of
these group codes between scenarios. The results show uneven distributions of
the code groups. For most scenarios, approximately 60% of the interpretations
fell into 3 (or less) out of 10 code groups. Calculating the normalized entropyﬂ
of these frequencies, we see that scenario 2 has the lowest value, 0.718 (where 1
would correspond to a perfect distribution of the 10 code groups), with almost a
majority of participants interpreting "Request". On the other hand, scenario 1
has the highest entropy, 0.851, with the majority of interpretations distributed
between "Attention", "Status" and "Intent". These results could be easily ex-
plained by the scenario in which they are interpreted, once again highlighting
the codependency of scenarios in the interpretation of these expressions.

100

I e e =
1 B B B

% of Labels
o
o

N
o

204

Loading Medicine Obstacle Encounter Passing Through Elevator Interaction Delivering Medicine
I Intent B Status Politeness W Attention Disagreement
I Request W Emotional State Interest N Agreement B None

Fig. 6: Distribution of Code Groups across different scenarios

5 Discussion

Our study offers key insights into how social signals from non-anthropomorphic
robots are interpreted across contexts and modalities. We discuss these findings
in relation to our research questions and propose design implications, including
how AI can support the development of adaptive, context-aware robot signals
for more intuitive human-robot interaction.

N .
" Hrormalized = —%, N = 10, where p; is the frequency of code group i



14 A. Chowdhury et al.

5.1 Interpretation of Expressions Vary Across Different Contexts

Our analysis revealed low agreement rates across all evaluated expressions (see
, suggesting that expressions from prior studies [5142] may not
generalize well to the hospital context. This supports Leusmann et al. [3T], who
highlight the importance of context in interpreting expressions and note the po-
tential for confusion in different settings. Interestingly, lights achieved the highest
Agreeability Score (see [Table 1)), possibly due to standardized color meanings
(e.g., red for error, green for OK) defined by ISO standards [25]. This aligns
with prior research showing that visual signals—especially when paired with
sound—can enhance robot behavior legibility [I], and in some cases, light sig-
nals outperform gestures and audio in perception [17].

The inconsistency in gesture interpretation extended to comparisons with the
original authors’ intended meanings. Our results showed very low agreement with
the expressions’ original meanings (see , suggesting that context and
robot embodiment may have altered the interpretation. This reinforces the idea
that expressions are not universally understood, and context and embodiment
significantly affect how humans, especially users with little knowledge about
robot signals, perceive social signals [49/40]. For example, the robot saying "Wall-
e" (used in four of our audio expressions) was easily understood as the robot’s
name in the movie context, but only 18 out of 60 participants recognized it in
our study context.

5.2 Influence of Modality and Scenarios for Expressions

Our results show that modality and scenario significantly explain the variability
in the data (see , suggesting that both the expression’s modality
and the environment strongly guide its interpretation. For example, in scenario
2, where the robot stands outside a closed door, 43% (Figure 3|) of participants
interpreted the expression as "Request" (likely asking to open the door). Sim-
ilarly, in scenario 4, standing outside an elevator, 29.4% interpreted it as "Re-
quest". In scenario 1, where the robot is loading medicine, 35.6% interpreted it
as "Status" (performing a task or waiting for instructions), while in scenario 5,
interpretations were more evenly spread across "Status", "Attention", and "In-
tent" (indicating it was delivering medicine, wanted to, or simply alerting the
human). Combining modality with scenario further strengthened these effects.
For instance, light in scenario 1, regardless of pattern, led to the interpretation of
"Status" in nearly half of cases. Further analysis is needed to optimize modality
combinations for desired interpretations.

5.3 Needs to Design Dynamic and Adaptive Social Cues for
Interactive Robotic Systems

Our findings highlight the impact that context might have in interpreting so-
cial signals, showcasing the importance of adapting these signals to successfully
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express different intentions in different contexts. Although there have been at-
tempts to design and explore different social signals for non-anthropomorphic
robots, these signals might not be generalizable to many contexts. In logistics
robots, for example, each light color has a specific meaning for error, warning,
progress, etc. [28]. For instance, a blue spotlight is a common way for robots to
express "l am coming"; however, in the context of the works of Hoggermueller
et al. [23], blue lights for robots expressed sadness. The task of mapping the
correct cue to the intended expression becomes even more challenging when,
besides context, people’s preconceptions of expressions (e.g. green is for go) also
have an impact on how these expressions are interpreted. Therefore, there is
need for concrete design implications and guidelines to design and implement
social cues and signals dynamically as well as including cues which have already
been standardized in specific context.

Expressions cannot be universally used across contexts and non-an-
thropomorphic robots. When transferring the expressions from the literature
to our context and robot, we found that most of the expressions were interpreted
differently from what they were originally designed to express. This finding sug-
gests that expressions cannot be generalized, as the same expression in a specific
context and done by a specific robot can convey a very different meaning than
in another context and from another robot. This seems to be especially true
when the robot’s level of anthropomorphism varies strongly. For instance, when
transferring lights from studies with anthropomorphic robots[50] to our setup,
emotional expressions were much more difficult to convey (see the low values for
the code group "Emotional State" in. Following these findings, design-
ers and developers should consider developing techniques to transfer meaning
and intention from one context to another.

Good understanding of the contexts and modalities are crucial in
human-robot interaction. Our study emphasizes the importance of context-
aware communication of non-anthropomorphic robots to effectively convey social
cues. For robots to express social cues appropriately, it is essential to identify
suitable modalities that align with the specific context of use. Therefore, design-
ers should consider the environment and its constraints when selecting modali-
ties for social cue expression. For instance, in noisy settings like warehouses or
factories, sound or speech may not be effective for communication due to high
ambient noise levels. In contrast, quieter environments such as hospitals may
allow sound-based modalities to convey certain cues effectively. By tailoring in-
teraction modalities to the context, designers can enhance the effectiveness and
appropriateness of robot social interactions.

Sounds need to be carefully designed in different contexts. The study
found that people interpret sound expressions differently. Among the three ges-
tures, the sound expressions had the least agreement among the participants.
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This aligns with the findings of Leusmann et al. [3I] who also found that sound
cues were confusing for participants during human-robot interaction. This leads
to the conclusion that sound expressions might not be enough to express intent
or social cues on its own. Designers should consider integrating other modalities
with sounds to appropriately express intent. Otherwise, there might be misun-
derstanding in the context, which could decrease users enthusiasm, trust and
acceptance towards the robot.

Using Artificial Intelligence to generate context appropriate social
cues. Artificial intelligence (AI), such as large language models (LLMs), has
been proven to be efficient in processing large data to achieve user-adaptive re-
sults [21], [52]. Thus, integrating LLMs to dynamically generate social
cues for interactive robots, based on knowledge from previous litera-
ture and standards regarding contexts and expressions, would support
the generation of adaptive social cues. Designers and Al engineers should col-
laborate and understand the possibilities and challenges of such LLM systems
and how it could be integrated for robot systems for dynamic social cues expres-
sion. We also suggest that such LLM systems would not only be beneficial for
non-anthropomorphic robots but also for anthropomorphic and social robots,
enabling them to generate appropriate and adaptive social cues in several con-
texts, culture, and environment. Designing LLM systems to incorporate context,
the interaction modalities available to the robot, and knowledge from the pre-
vious literature on robots would contribute to novel paradigms in human-robot
interaction design.

5.4 Limitations

Some expressions from the literature were excluded due to limitations in our non-
anthropomorphic robot setup. Adapting gestures from anthropomorphic robots
often led to a loss of meaning, as complex gestures (e.g., involving heads or
torsos) couldn’t be replicated. Although our focus was on non-anthropomorphic
robots, this adaptation challenge likely influenced participant interpretations.

The online format introduced ambiguity in responses. Despite careful ques-
tion design and quality control, some answers were hard to code. To address
this, a follow-up in-person study is planned.

Having only three interpretation samples per expression limited statistical
analysis and increased susceptibility to outliers, potentially affecting result ro-
bustness.

Another limitation was the lack of original audio files from prior studies.
While we sourced sounds (e.g., Wall-E, R2-D2) online, most papers didn’t pro-
vide audio or defined meanings. This made it difficult to ensure accuracy in
interpreting audio cues. In contrast, we confirmed meanings for lights and ges-
tures, lending more reliability to those modalities.
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6 Conclusion

This paper investigates how humans interpret social cues from non-anthropo-
morphic robots across different contexts. Through observations and co-design
workshops in a hospital setting, we explored human-robot interactions in five
scenarios. We gathered 103 gesture, light, and audio expressions from the litera-
ture and recreated them using a non-anthropomorphic robot. Our findings show
that there is no universal understanding of social cues, interpretation is highly
dependent on context and modality. The social situation often drives interpreta-
tion, regardless of the actual signal, making it difficult for non-anthropomorphic
robots to convey varied meanings in the same context. As humans adapt social
signals to context, robots must do the same, especially as they enter semi-public
spaces. With advances in adaptive technology [9], tailoring social signals to spe-
cific contexts could enhance acceptance and trust. We offer design implications
to help integrate adaptive cues, guiding designers in creating contextually ap-
propriate, socially aware interactions for non-anthropomorphic robots.
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