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Abstract— Despite the growing use of social robots in edu-
cation and their great potential to adapt to individual learners
on multiple levels, the aspect of culture is an often-overlooked
factor in learner-robot interaction, particularly outside Western
and East Asian contexts. This paper presents a cross-cultural
study investigating how adapting a robot tutor’s feedback style
(direct vs. indirect) influences learners’ perceptions, trust, and
preferences in Rwanda and Germany. Using a 2×2 mixed
design, participants interacted with both robot versions and
evaluated each separately. Results reveal a main effect of
feedback style: across both groups, the indirect-speaking robot
was perceived as more socially competent, polite, and warm.
We also found cultural differences, with participants in Rwanda
evaluating the robot more positively overall than participants in
Germany. Additionally, an interaction effect for trust shows that
Rwandan participants trusted the indirect robot more, whereas
no difference emerged among German participants. These
findings highlight the importance of culturally adaptive robot
behavior and suggest that aligning communication style with
users’ cultural expectations can enhance trust and perceived
social competence. This work contributes to a more globally
inclusive perspective on educational human–robot interaction.

I. INTRODUCTION

Over the past decades, learning with robots has evolved
into a major research area, attracting increasing attention
from both academia [1] and industry, highlighting their
growing relevance as tools to support teaching and learning
processes. One key advantage of social robots in this domain
lies in their ability to introduce a social dimension otherwise
missing in traditional screen-based e-learning environments,
which is particularly important given that social interaction
between students and teachers has been shown to positively
influence academic performance and motivation [2]. In addi-
tion, social robots offer the potential to adapt to learners not
only at the level of instructional content but also in terms
of social interaction [3], enabling more personalized and
engaging educational experiences.

While numerous studies have examined various aspects of
human-robot interaction in education, an essential dimension
has been largely neglected: culture. However, culture plays
a fundamental role in human interaction and, by extension,
in human–robot interaction (HRI). As argued by Lugrin
and Rehm [4], a robot cannot be culturally neutral, and if
cultural aspects are not explicitly considered during design,
the robot will implicitly reflect the cultural background of
its developers. Consequently, there is no universal answer to
how a robot should behave in terms of speech, gestures, or
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proxemics. Cultural competence—the ability of a robot to
adapt its behavior and communication style to the cultural
norms and expectations of its users—has been identified
as a key factor for effective human–robot interaction [5].
This includes not only what a robot does, but also how it
provides its services. Particularly in assistive and educational
settings, culturally competent robots are expected to increase
both acceptability and effectiveness [6]. Similarly, Vernon
[7] highlights that successful innovation depends on trust,
acceptance, and widespread adoption, all of which are shaped
by socio-cultural factors, and argues that social robots must
adapt to cultural contexts in order to be effectively deployed.
Nevertheless, the current body of research remains limited
in scope, with a strong focus on Western and East Asian
contexts and a notable lack of cross-cultural studies [8].
As a result, many insights regarding socially appropriate
robot behavior and user perception may not generalize across
cultural settings but instead reflect the specific contexts in
which they were obtained. This limitation is particularly
relevant in educational environments, where teaching styles
and feedback practices vary significantly between cultures.
At the same time, increasing globalization is leading to more
culturally diverse classrooms, even within a single country,
further amplifying the need for adaptive and culturally aware
educational technologies.

To address the lack of cross-cultural studies beyond West-
ern and East Asian contexts and the unclear impact of
culturally adapted robots in education, this study examines
the effect of a robot’s culturally adapted speaking style in
a cross-cultural setting at a German and a Rwandan univer-
sity. Specifically, we investigate how direct versus indirect
feedback influences learners’ perceptions and acceptance
of a robot tutor across cultures, contributing to a better
understanding of cultural competence in social robotics and
its implications for educational technology design.

II. THEORETICAL BACKGROUND

According to Hofstede [9], culture refers to a shared
system of socially transmitted values, norms, and behav-
iors that shapes and guides people’s way of life. These
cultural patterns are passed down from one generation
to the next and distinguish members of one group from
those of another. Hofstede et al. [10] also offer one of
the most well-established dimensional models, a framework
for understanding differences between cultures at the na-
tional level. It comprises six dimensions—Power Distance,
Individualism, Masculinity, Uncertainty Avoidance, Long-
Term Orientation, and Indulgence—each rated from low to



high. Another particularly influential framework in computer
science is based on Hall’s [11] anthropological work, which
conceptualizes culture through key dimensions such as space,
context, and time. Hall further emphasizes the intrinsic link
between communication and culture, arguing that “culture
is communication and communication is culture” [12, p.
218]. Cultural context strongly influences communication
styles. Generally, “people react to how we speak rather than
what we say.” [13, p. 124]. The construct of communi-
cation style has long attracted scholarly attention, leading
to numerous classifications and distinctions proposed by
different researchers [13]. One of the most widely recog-
nized dimensions is the distinction between direct (low-
context) and indirect (high-context) communication [14].
Hall’s context dichotomy is particularly relevant, as it frames
communication styles along cultural dimensions, especially
the distinction between high- and low-context interaction.
This dimension describes how much information is conveyed
implicitly versus explicitly. Accordingly, low-context com-
munication involves direct communication styles with clear
verbal expression, in which meaning is primarily conveyed
through words, and information exchange is the central goal.
In contrast, high-context communication is more indirect.
It relies on implicit cues, such as tone, pauses, and shared
contextual understanding, with an emphasis on maintaining
harmony and preserving social relationships [15]. In the
context of education, these differences become particularly
evident in feedback situations: for example, direct com-
municators prioritize truth over sparing feelings and value
honesty above politeness, whereas indirect communicators
soften potentially hurtful truths, handle messages to save
face, and prioritize politeness over strict honesty. As a result,
mismatches between communication styles can lead to fun-
damental misunderstandings and negative perceptions [15].
Direct feedback may be perceived as rude or inappropriate
in indirect cultures, while indirect feedback may be seen
as vague, unclear, or unhelpful by individuals from direct
communication cultures.

Beyond potential misunderstandings arising from differing
communication styles, the Similarity–Attraction Principle
[16] suggests that individuals who perceive themselves as
similar to their communication partners are more likely to
develop positive attitudes toward them. Since individuals
from high-context cultures tend to prefer more implicit
communication, whereas those from low-context cultures
favor more explicit styles, these preferences are—according
to Media Equation Theory—likely also transferable to inter-
actions with robots [17]. Indeed, there is already empirical
evidence supporting the Similarity Attraction Principle in hu-
man–robot interaction (HRI) [18], [19]. Accordingly, social
robots that display culture-specific behaviors similar to those
of their users are likely to be preferred.

III. SOCIAL ROBOTS AND CULTURE

Over the past decades, numerous cross-cultural studies
have examined the influence of cultural background on HRI,
indicating that individuals from different cultural contexts

tend to respond differently to robots and differ in their
attitude towards robots [20], in their perception in terms
of e.g., trust, comfort, and anthropomorphism [21], and in
compliance with these robots [22].

While it is well established that culture influences the
perception of and acceptance toward robots, comparatively
fewer studies have investigated the design and impact of
culturally adaptable robots. People are generally expected to
behave in culturally normative ways, and when they do not, it
can affect collaboration. Accordingly, research indicates that
humans generally prefer agents that conform to the social
norms of their own culture and expect robots to adhere to
these norms [8]. Robots that act in culturally normative ways
are likely to be perceived as having more common ground,
being trusted more, and are preferred rather [23] over those
that behave in counter-cultural ways. Trovato et al. [24] sug-
gest that humans more readily accept robots adapted to their
cultural context. In their study with Egyptian and Japanese
participants, two robot versions with culture-specific manners
and accents were presented via simulated video. Results
showed culture-dependent preferences: Egyptians favored the
Arabic-adapted robot and felt discomfort with the Japanese
version, while Japanese participants showed the opposite
pattern. Participants familiar with both cultures responded
positively to both robots. Building on this, Trovato et al.
[25] examined cultural closeness using Dutch participants
and robot behaviors modeled after German and Japanese
cultures. Dutch participants preferred the German robot,
indicating that perceived cultural similarity is relative and
that even partial similarity can shape robot acceptance.
The findings of a recent meta-review by Lim et al. [8]
highlight the complex and nuanced relationships between
culture and human cognition in HRI contexts. While many
studies discuss the preference for robots that are culturally
similar to the user, the evidence suggests that the relationship
between perceived similarity and robot acceptance is more
complex than simple homophily. They highlight that cultural
homophily can influence user preferences in some contexts,
but individual differences and personal preferences also play
a strong role. Overall, robots that demonstrate cultural sensi-
tivity tend to foster greater human acceptance, yet the role of
perceived cultural similarity remains an underexplored and
highly relevant area for future research [8].

It is important to specify which cultural influences should
be implemented in a robot, while distinguishing between
different layers of culture that range from explicit manifesta-
tions to more implicit, underlying dimensions [4]. Speech, as
a highly explicit form of behavior, is a fundamental starting
point for implementing cultural adaptation in HRI. Language
requirements for robots vary across cultures, as rhetorical
cues—beyond factual knowledge—can significantly influ-
ence credibility and persuasion [26]. Notably, rhetorical skill
had a greater impact on Arabic-speaking participants than
on English-speaking participants, underscoring the need for
culturally sensitive language design. Rau et al. [19] showed
that communication style and culture jointly shape the ac-
ceptance of robot recommendations. Compared to Germans,



Chinese participants preferred implicit communication and
evaluated robots more positively, while no cultural differ-
ences were found for explicit communication. Wang et al.
[27] showed that human–robot collaboration improves when
the robot’s communication style aligns with users’ cultural
norms. Chinese participants responded more positively to
implicit communication, while US participants preferred
explicit communication, though Chinese participants also
reported generally more negative attitudes toward robots.

A notable limitation highlighted in prior work concerns
limited cultural diversity among study participants. Cur-
rently, there is a strong dominance of studies conducted
in Western countries and East Asia and, to a lesser ex-
tent, the Middle East. Studies including participants of
the African continent are barely existent [8], [6]. Going
beyond the traditional Asian–Western cultural dichotomy,
a much broader inclusion of cultures is therefore needed
to address the relative over- and under-representation of
countries in the field [8]. Vernon [7] is among the first
to explicitly address an African perspective on culturally
competent social robotics. He argues that socio-economic
development in African contexts—including the deployment
of social robots—must align with local cultural values to
be effective. Accordingly, Vernon conceptualizes culturally
competent robots as requiring two fundamental capabilities:
the ability to interpret human intentions and the capacity
to exhibit behavior that is legible and predictable to users,
who hold clear expectations regarding appropriate robot
behavior. This includes adapting the robot’s verbal, non-
verbal, and spatial behavior on a cultural dimension. Once
the relevant social and cultural norms prevalent in different
African contexts are identified, they can be embedded in the
robot’s behavioral repertoire. This enables social robots to
interact in ways that align with locally defined expectations
of respectful behavior [7]. For example, the CSSR4Africa
project targets the development of culturally sensitive social
robots that use cultural knowledge of Rwanda and South
Africa [28].

A. Culture in Robots for Education

Education is a key application domain for social
robots, increasingly used to support teaching and learn-
ing. Social robots can be seen as specialized pedagogical
agents—embodied systems guiding or motivating learners
through social and instructional interactions [29]. Applica-
tions include motor skills, employee training, group work,
language learning, and STEM education, often in one-to-
one settings for personalized learning. Most research focuses
on children, but meta-analyses show potential for all ages
[1]. In contrast to traditional computer-supported learning,
robots add a social dimension, e.g., by providing interactive
feedback, personalized guidance, and motivational support
[29]. Social robots can enhance learning by providing real-
time feedback, personalized support, and a non-judgmental
environment, improving both motivation and engagement,
and on a cognitive level, boost learning outcomes and task
performance [30]. Adaptation to individual traits such as

age, gender, personality, language, or cultural background
can further increase their effectiveness [31], [6] and is a
key factor of social robots in educational contexts. This
includes content adaptation, where instructional material is
tailored to the learner’s knowledge level or needs, as well as
social adaptation [3], in which the robot adjusts its behavior,
communication style, and interaction patterns to align with
the learner’s preferences.

When adapting social robots in education, the learner’s
cultural background is often overlooked, even though it
strongly shapes how robot behavior is perceived and what
is considered appropriate [4]. Since teaching behavior varies
widely across cultures, social robots in education should
similarly adapt their communication and interaction style to
fit the learner’s cultural expectations. A mismatch between
the cultural backgrounds of the robot and the user can lead
to misunderstandings, particularly with regard to communi-
cation and interaction management behaviors. Conversely,
the incorporation of culture-specific cues can enhance user
acceptance and facilitate more effective human–robot inter-
action [4]. Reviewing studies in educational HRI, Bruno et al.
[6] found clear cultural differences: Compared to collectivist
cultures, individualistic cultures place greater emphasis on
personalized learner–robot interactions, preferring one-to-
one scenarios, whereas class-based interactions are more
common in Asian contexts. Cultures with high power dis-
tance favor robots in authoritative roles, such as teachers or
tutors, while low power distance cultures prefer robots as
collaborative peers. The authors conclude that while social
robots are generally expected to respect cultural norms dur-
ing classroom interactions, it remains unclear which specific
dimensions of cultural alignment in HRI are essential.

Speaking styles are an often overlooked aspect in the
design of social robots for educational contexts, even though
feedback style represents one of the most critical adaptation
mechanisms on a social level [32]. Further, individuals tend
to trust social robots more when the robots follow communi-
cation conventions similar to their own [8]. The present study
addresses this gap by focusing on feedback, a fundamental
component of the educational context.

This growing body of work demonstrates that adapting a
robot’s speaking style to users’ cultural background is bene-
ficial. Building on this, we extend this research to education,
a key application domain of social robots. Moving beyond
the typical Western–East Asian focus, this study adopts a
cross-cultural design involving students from universities
in Rwanda and Germany, thereby contributing to a more
globally inclusive perspective.

IV. CONTRIBUTION

This work investigates the effect of speaking style in
feedback delivery within an educational HRI scenario. In
doing so, it addresses several gaps in the existing literature,
including the limited consideration of cultural factors in edu-
cational robotics, the underexplored role of culture in shaping
feedback styles, and the lack of representation of African



contexts in HRI research. To this end, we conducted a cross-
cultural study at a university in Rwanda and a university in
Germany. The study employed two robot versions differing
in feedback style (direct vs. indirect), with each participant
interacting with both versions. Based on prior research on
social robots and culture, and theoretical assumptions such as
the Similarity-Attraction Principle, we derive the following
hypotheses:

• H1: Effect of condition. Manipulating the robot’s feed-
back style affects participants’ perception of the robot,
regardless of cultural background.

• H2: Effect of cultural background. Participants’ cultural
background affects their perception of the robot and
their preferences, regardless of the robot’s feedback
style.

• H3: Interaction effect. Participants studying in Rwanda
are expected to show a stronger preference for the
indirect-speaking robot, whereas participants studying
in Germany are expected to prefer the direct-speaking
robot.

V. ROBOT-SUPPORTED LEARNING ENVIRONMENT

We designed a learning environment consisting of a tablet-
based learning unit and a fully autonomous robot tutor.
While the learning content on the tablet was identical for
all participants, we designed two versions of the robot that
differed in their feedback style.

The learning procedure consists of two phases. In the first
phase, participants complete a time-limited self-study unit
in which they review the instructional content on a tablet.
During this phase, learners can freely navigate through the
learning materials, allowing them to move forward and back-
ward between pages according to their individual learning
strategies. In the second phase, the robot conducts a quiz on
the previously studied content and provides feedback on the
participants’ responses. In contrast to the flexible navigation
during the self-study phase, the sequence and structure of the
quiz interaction with the robot are predefined and follow a
fixed order. This ensures a consistent interaction flow and
allows for controlled comparison of the robot’s feedback
styles across participants.

The Pepper robot was selected as the interactive tutor. Its
integrated tablet enables the presentation of learning mate-
rials and supports reliable, robust touch-based interaction,
which is preferable in this context, as speech recognition can
still be error-prone. The robot communicates with learners
through multimodal channels, including synthesized speech
(text-to-speech), gestures, and visual feedback. These modal-
ities are used to enhance the social dimension of the inter-
action and to create a more engaging learning experience.

A. Learning Materials

The learning materials address the usability of computer
systems and include, for example, topics such as heuristic
evaluation and various usability testing methods. This topic
was selected because neither of the two participant groups
had prior knowledge of this area in their academic studies,

yet it holds potential relevance for both groups. The learning
environment was implemented on a tablet using PowerPoint.
Individual slides were populated with written and graphical
content, and arrow buttons were integrated to enable naviga-
tion between the slides. The learning materials were divided
into two instructional units, each lasting approximately seven
minutes. They were designed to be of comparable difficulty,
developed by a subject-matter teacher, and structured to
be comfortably manageable within a seven-minute learning
period.

B. Social Robot Quizmaster

As noted above, the Pepper robot was chosen as the
interactive tutor and served as the central interface for the
quiz interaction. To enhance the naturalness of the interac-
tion, the robot exhibited lifelike behaviors throughout the
session. These included idle animations such as blinking,
subtle breathing movements, and small background motions.
The interaction language was adapted to the participants’
academic environment, using either English or German de-
pending on the primary language of instruction at the uni-
versity. Technically, the robot’s behavior was implemented
using the JavaScript SDK together with an HTML-based
tablet interface. The system builds upon robot-jumpstarter, a
utility library developed by SoftBank Robotics Europe SAS
by Emile Kroeger,1 and was further extended by the authors
to support the experimental interaction design.

The quiz consisted of seven questions covering the pre-
viously studied learning material. Different question formats
were used to increase variety and to assess different forms
of knowledge recall. These included single-choice ques-
tions, multiple-choice questions, cloze tasks with drop-down
answer selections, and open text gaps. In addition to the
robot’s verbal feedback, visual feedback was simultaneously
presented on the integrated tablet.

For each response, the robot provided feedback depending
on whether the answer was correct or incorrect. Correct
responses were followed by positive reinforcement, whereas
incorrect responses triggered corrective feedback indicating
that the answer was not correct and providing the right
solution. Varying the robot’s speaking style in formulating
this feedback was the primary experimental manipulation.
When an answer was incorrect, the robot responded either
with direct or indirect feedback formulation. In the direct
condition, the robot explicitly stated that the response was
incorrect (e.g., “Unfortunately, that was wrong”). In the indi-
rect condition, the feedback was phrased in a softer and more
mitigated manner (e.g., “Not quite, but we are getting there”).
In contrast, positive feedback for correct answers offered
limited room for stylistic variation and was therefore largely
similar across both speaking-style conditions. Regardless of
the feedback style, the robot always provided the correct
answer after each question to ensure that all participants
received the same information. To ensure authenticity and
cultural appropriateness, the speaking styles in both language

1https://github.com/aldebaran/robot-jumpstarter?tab=readme-ov-file



versions were evaluated by individuals familiar with the
respective linguistic and cultural contexts. Based on this eval-
uation, formulations were reviewed and, where necessary,
adjusted to ensure that the feedback sounded natural and
culturally appropriate.

VI. USER STUDY

We conducted a user study on two different conti-
nents: Africa and Europe. The study in Africa took place
at Carnegie Mellon University Africa (CMU-Africa) in
Rwanda, while the European study was conducted at Julius-
Maximilians-Universität (JMU) Würzburg in Germany. The
study employed a 2×2 mixed design, with robot speaking
style (direct vs. indirect) and participants’ university location
(Rwanda vs. Germany) as factors. Participants interacted
sequentially with both versions of the robot in random order
and evaluated each version separately after the respective
interaction.

A. Measurements

To explore potential differences in participants’ trust in the
robot, we used the subscale Trust of the Almere Question-
naire [33] (rated from ‘1 – totally disagree’ to ‘5 – totally
agree’). Further, we used the subscale Perceived Sociability
from the same questionnaire to assess whether the robot is
perceived to perform social behavior. Assessing perceived
warmth and competence of the robot, the respective subscales
of the RoSAS [34] were used, including 12 items with
adjectives rated on a scale from ‘1 - definitely not associated’
to ‘9 - definitely associated’. The robot’s politeness was
measured using three items developed by [35] to assess the
perceived level of politeness in speech. Lastly, we asked
participants which of the two robots they interacted with
they would prefer for future interactions, and provided a free-
text field where they could explain their choice. Additionally,
we collected demographic information such as age, gender,
nationality, cultural background, and prior experience with
the robot by self-assessment, and provided a free-text field
for participants to share any further comments about the
study.

B. Participants

In total, N = 44 students participated in the study. As the
robot’s speaking style was only perceptible during corrective
feedback, only participants who made at least two errors
per condition were included in the final analysis, ensuring
sufficient exposure to the manipulated feedback style. This
results in N = 36 valid data sets, from which n = 18
were students of the CMU-Africa, Rwanda (2 female, 14
male, 2 without disclosure) and n = 18 students of the JMU
Würzburg, Germany (14 female, 4 male). The mean age of
the CMU-Africa students was M = 25.82 (SD = 2.30 ) and
of the JMU students M = 20.39 (SD = 1.50). While the JMU
sample consists solely of students of German nationality, the
CMU-Africa sample includes multiple nationalities: Nigerian
(7), Ethiopian (4), Rwandan (2), Cameroonian (2), Ghanaian
(1), and Sudanese (1), with one participant not disclosing

their nationality.2 Regarding prior experience with the robot,
n = 10 students in the CMU-Africa sample indicated no prior
experience with the robot, while n = 5 reported substantial
experience and had already programmed it. Two students had
minimal exposure, having either seen it on TV or interacted
with it once. Among the JMU students, n = 12 indicated no
prior knowledge, and n = 6 had seen the robot on TV or in
real life. However, none had prior experience interacting with
or programming it. All participants had no prior knowledge
of the learning topic.

C. Procedure

The experimental setups at both locations (CMU-Africa
and JMU Würzburg) were designed to be as similar as
possible in order to ensure comparable conditions. Each
setting consisted of a room with a table on which a tablet was
placed for the learning task, a computer for the questionnaire,
and a robot positioned nearby. This arrangement allowed
participants to easily switch from learning on the tablet to
interacting with the robot. The experimenter was present in
the room but remained behind a partition wall to minimize
potential disturbances during the session.

The procedure was identical at both locations. Participants
interacted with both versions of the robot (direct and in-
direct communication), one after the other, with the order
randomized across participants. The difference between the
two versions of the robot was not communicated to the
participants. To enable participants to distinguish between
the robots when later indicating their preferred one, the two
versions were assigned different names: Alex and Tony. At
the beginning of the session, participants signed an informed
consent form. They then started with learning unit A on a
tablet, for which they had seven minutes. After completing
the learning phase, participants engaged in a quiz with the
robot about the material they had just learned. Depending
on the randomized condition, they interacted either with
the direct or the indirect version of the robot. The quiz
interaction lasted approximately five minutes. Following this,
participants completed a short questionnaire on a laptop,
which took about three minutes. Afterward, participants
proceeded to the second round of the experiment. They first
worked on learning unit B on a tablet for seven minutes. This
was again followed by a quiz with the robot, this time using
the other version of the robot (direct or indirect). Participants
then completed another short questionnaire. In total, the
experimental session lasted approximately 30 minutes.

VII. RESULTS

We conducted a 2 (University location Rwanda/Germany)
× 2 (robot version direct/indirect) mixed ANOVA for each
scale of the questionnaires. All analyses were computed
using JASP version 0.19.1 and a significance level of .05.

2While it must be borne in mind that Africa is a continent comprising
fifty-four countries and many different cultures, it is nevertheless true that
people from Sub-Saharan Africa countries, including all the CMU-Africa
sample, generally adhere to the collectivist African philosophy of Ubuntu
[36], and this is reflected in the manner in which their peoples interact [7].



A. Perception of the Robot
Trust. Regarding trust, a mixed ANOVA showed no

significant main effect of culture, F (1, 34) = 0.16, p = .689,
η2p = .004, and a marginally significant main effect of robot
version, F (1, 34) = 3.97, p = .054, η2p = .019 in favor of
the indirect robot. However, the interaction between culture
and robot version was significant, F (1, 34) = 7.06, p = .012,
η2p < .034, with the African students rating the indirect robot
significantly higher than the direct robot. Descriptive values
can be found in Table I.

Robot Version Location N Mean SD
Direct Rwanda 18 3.25 0.90
Direct Germany 18 3.69 0.89
Indirect Rwanda 18 3.83 0.54
Indirect Germany 18 3.61 1.18

TABLE I
DESCRIPTIVE STATISTICS FOR TRUST ACROSS THE EXPERIMENTAL

CONDITIONS.

Perceived Sociability. Looking at perceived sociabil-
ity, a mixed ANOVA revealed no main effect of culture,
F (1, 34) = 1.96, p = .171, η2p = .04, but a significant main
effect of robot version, F (1, 34) = 8.30, p = .007, η2p =
.053, with the indirect robot being rated as more sociable
than the direct robot. The interaction between culture and
robot version was also not significant, F (1, 34) = 0.13,
p = .437, η2p < .004. Descriptive values can be found in
Table II.

Robot Version Location N Mean SD
Direct Rwanda 18 3.61 0.77
Direct Germany 18 3.43 0.59
Indirect Rwanda 18 4.00 0.37
Indirect Germany 18 3.65 0.78

TABLE II
DESCRIPTIVE STATISTICS FOR PERCEIVED SOCIABILITY ACROSS THE

EXPERIMENTAL CONDITIONS.

Warmth. Concerning warmth, a mixed ANOVA showed
a significant main effect of culture, F (1, 34) = 18.99,
p =< .001, η2p = .299, and a significant main effect of
robot, F (1, 34) = 23.73, p =< .001, η2p = .068. CMU-
Africa students perceived the robot as more warm than JMU
Würzburg students, and in general, both groups rated the
indirect robot as more warm than the direct robot. The inter-
action between culture and robot version was not significant,
F (1, 34) = 0.11, p = .738, η2p < .001. Descriptive values
can be found in Table III.

Competence. Regarding competence, a mixed ANOVA
revealed a significant main effect of culture, F (1, 34) = 8.47,
p = .006, η2p = .178, with CMU-Africa students rating
the robot as more competent than JMU Würzburg students
independently of condition. The main effect of robot version
was not significant, F (1, 34) = 2.05, p = .162, η2p = .006.
The interaction between culture and robot version was also
not significant, F (1, 34) = 0.24, p = .630, η2p < .001.
Descriptive values can be found in Table IV.

Robot Version Location N Mean SD
Direct Rwanda 18 6.38 1.14
Direct Germany 18 4.62 1.72
Indirect Rwanda 18 7.31 0.89
Indirect Germany 18 5.43 1.53

TABLE III
DESCRIPTIVE STATISTICS FOR WARMTH ACROSS EXPERIMENTAL

CONDITIONS.

Robot version Location N Mean SD
Direct Rwanda 18 7.69 0.95
Direct Germany 18 6.84 1.27
Indirect Rwanda 18 7.92 0.81
Indirect Germany 18 6.95 0.90

TABLE IV
DESCRIPTIVE STATISTICS FOR COMPETENCE ACROSS EXPERIMENTAL

CONDITIONS.

Politeness. For politeness, a mixed ANOVA revealed no
main effect of culture, F (1, 34) = 0.68, p = .415, η2p = .018,
but a significant main effect of robot version, F (1, 34) =
8.14, p = .007, η2p = .018, with the indirect robot being
rated as more polite than the direct robot. The interaction
between culture and robot version was also not significant,
F (1, 34) = 0.46, p = .503, η2p = .001.

B. Preference for the Robot Version

A chi-square test of independence examined the associa-
tion between University location (Rwanda vs. Germany) and
robot preference (direct, indirect, no preference). The analy-
sis revealed no significant association between the variables,
χ2(2, N = 35) = 4.55, p = .103, Cramér’s V = .36 (lower
N because of one missing value due to technical issues). The
exact frequencies of each preference are shown in Table V.

Location Direct Indirect No preference
Rwanda 3 7 7
Germany 3 13 2

TABLE V
FREQUENCIES OF ROBOT PREFERENCE BY ORIGIN.

When asked to justify their robot preference, partici-
pants most frequently mentioned that the indirect robot was
perceived as more emotionally expressive (n = 6) and
friendlier (n = 4). Specifically, participants attributed greater
compassion, empathy, and the ability to emotionally engage
to the indirect robot.

The direct robot also had supporters who explicitly valued
its direct communication style. Participants described this
preference as follows: “I find that I learn better when it
is uncomfortable to make a mistake; with Tony (the direct
robot), this discomfort was clearly more pronounced.” An-
other participant stated, “I would rather the robot tell me I
am wrong than make me feel I may be right. Since it is not
subjective, letting me know I am wrong is better than letting
me feel I had another perspective. This feels underhanded
and deceptive.”



VIII. DISCUSSION

In this paper, we present a cross-cultural study conducted
at a Rwandan and a German university to investigate how
students perceive the feedback style of a social robot tutor,
particularly when it aligns with or contradicts their cultural
background. The results reveal several noteworthy main and
interaction effects. Across both cultural groups, the indirect
robot was consistently evaluated more positively on key so-
cial dimensions: it was perceived as more socially competent,
more polite, and warmer than the direct robot, confirming
H1. These findings suggest that an indirect communication
style may generally enhance the perceived social appropri-
ateness of robot tutors, independent of the learners’ cultural
background.

In addition, significant main effects of culture were ob-
served, supporting H2. CMU-Africa students evaluated the
robot as warmer and more competent overall compared to
JMU Würzburg students, regardless of the robot’s communi-
cation style. This indicates that baseline perceptions of social
robots may differ across cultural contexts, potentially re-
flecting differing expectations, prior experiences, or cultural
norms related to social interaction, which is consistent with
previous studies (e.g., [19], [27], [26]).

Furthermore, the analysis revealed an interaction effect for
trust, partly supporting H3. CMU-Africa students reported
higher levels of trust in the indirect robot compared to the
direct robot, whereas no such difference was found among
German students. This suggests that cultural background
may moderate how communication style influences trust
in human–robot interaction, with indirect communication
being particularly relevant for fostering trust among CMU-
Africa students. Finally, no statistically significant overall
preference for either robot version was found. However,
descriptive patterns indicate that German students more
frequently preferred the indirect robot, while CMU-Africa
students equally reported no preference or a preference for
the indirect robot. It is somehow unexpected that German
participants—despite their typically direct communication
culture—showed a preference for indirect feedback. One pos-
sible explanation could be that indirect communication may
be more attractive in short-term interactions with unknown
social entities, while long-term preferences in learning with
a robot tutor could differ. A review of the open-ended
responses supports this interpretation: participants who pre-
ferred the direct robot often cited improved learning as their
reason, whereas those who chose the indirect robot tended
to do so for emotional or relational reasons. The observed
interaction effect is consistent with established findings in
cross-cultural communication and human–robot interaction
as well as the Similarity-Attraction Principle. Further, our
results align with prior work showing that participants with
high-context cultural backgrounds prefer implicit commu-
nication and evaluate robots more positively in terms of
likability, trust, and credibility, while no cultural differences
emerge for explicit communication [19]. Particularly with
respect to trust, the higher trust in the culturally similar

robot is not surprising, as cultural similarity constitutes
an important personal factor in fostering trust [37]. CMU-
Africa participants having more trust in a robot with a
similar speaking style highlights the importance of culturally
adaptive robot behavior, particularly as trust is a key factor
for successful innovation [7].

The absence of significant effects for other measures may
be explained by the short interaction duration, which might
not have been sufficient for participants to fully perceive
and internalize differences in speaking style. The short
interaction duration further limits conclusions about whether
the observed effects would persist in long-term human–robot
interactions. Additionally, the composition of the sample
may have influenced the results: the sample of CMU-Africa
students comprises individuals from several African coun-
tries, potentially blending different communication norms
and making it difficult to attribute observed effects to a
single cultural style. Although collectivistic cultures mainly
use an indirect communication style, it may vary across
regions within African countries, limiting our ability to
account for such differences. Further, instructions for CMU-
Africa students were not conducted in the students’ native
languages, but in English, which is the university’s teaching
language. We aim to address these limitations in future
research.

In summary, we consider these results highly promising,
as we found support for all examined effects (location,
robot version, and interaction), despite the small sample
size. This work is a pioneering study that intentionally
provides valuable initial data in the challenging field of
cross-cultural HRI research beyond the typically investigated
Western and East Asian populations. The rarity of such
datasets underscores the significance of these early-stage
findings and highlights their potential to inform and guide
future research in underrepresented cultural contexts.

IX. CONCLUSION

In this contribution, we investigate how a social robot
tutor’s speaking style (direct vs. indirect), whether cul-
turally aligned with or different from participants’ back-
grounds, affects students in a cross-cultural study involv-
ing universities in Rwanda and Germany. CMU-Africa stu-
dents rated the robot more positively overall in terms of
warmth and competence, regardless of speaking style. How-
ever, they reported higher levels of trust in the indirect-
speaking robot—reflecting their own cultural communication
style—compared to the direct-speaking robot. In contrast,
German participants showed no significant differences be-
tween the two conditions. This study focused on the dimen-
sion of feedback style. While examining a single dimension
is a valuable starting point, further investigation and the
exploration of additional dimensions are promising. Build-
ing on this, we provide a first step toward implementing,
integrating, and evaluating such approaches in cross-cultural
contexts. The results inform the design of social robots
for educational settings, highlighting the importance of cul-
tural adaptiveness. By incorporating a more diverse cultural



perspective, this study contributes to the development of
culturally adaptive social robots in education and supports
greater inclusion of cultures in HRI research.

X. DECLARATION OF USE OF GENERATIVE AI
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manuscript’s clarity and writing style. All content was sub-
sequently reviewed and edited by the authors, who take full
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REFERENCES

[1] W. Johal, “Research trends in social robots for learning,” Current
Robotics Reports, vol. 1, pp. 75–83, 2020.

[2] P. L. Witt, L. R. Wheeless, and M. Allen, “A meta-analytical review
of the relationship between teacher immediacy and student learning,”
Communication Monographs, vol. 71, no. 2, pp. 184–207, 2004.

[3] M. Donnermann and B. Lugrin, “Introducing a model for (long-term)
personalization of the behavior of a social robot tutor based on self-
determination theory and empirical findings,” in 2024 33rd IEEE
Int. Conference on Robot and Human Interactive Communication
(ROMAN). IEEE, 2024, pp. 1279–1286.

[4] B. Lugrin and M. Rehm, “Culture for socially interactive agents,” in
The Handbook on Socially Interactive Agents: 20 years of Research
on Embodied Conversational Agents, Intelligent Virtual Agents, and
Social Robotics Volume 1: Methods, Behavior, Cognition, 2021, pp.
463–494.

[5] B. Bruno, N. Y. Chong, H. Kamide, S. Kanoria, J. Lee, Y. Lim,
A. K. Pandey, C. Papadopoulos, I. Papadopoulos, F. Pecora et al.,
“Paving the way for culturally competent robots: A position paper,”
in 2017 26th IEEE Int. Symposium on Robot and Human Interactive
Communication (RO-MAN). IEEE, 2017, pp. 553–560.

[6] B. Bruno, A. Amirova, A. Sandygulova, B. Lugrin, and W. Johal,
“Culture in social robots for education,” in Cultural robotics: social
robots and their emergent cultural ecologies. Springer, 2023, pp.
127–145.

[7] D. Vernon, “An African perspective on culturally competent social
robotics: Why diversity, equity, and inclusion matters in human-
robot interaction [opinion],” IEEE Robotics & Automation Magazine,
vol. 31, no. 4, pp. 170–200, 2024.

[8] V. Lim, M. Rooksby, and E. S. Cross, “Social robots on a global
stage: establishing a role for culture during human–robot interaction,”
Int. Journal of Social Robotics, vol. 13, no. 6, pp. 1307–1333, 2021.

[9] G. Hofstede, Culture’s consequences: Comparing values, behaviors,
institutions and organizations across nations. Sage publications,
2001.

[10] G. Hofstede, G. J. Hofstede, M. Minkov et al., “Culture and or-
ganizations: software of the mind, intercultural cooperation and its
importance for survival,” Int. Studies of Management & Organization,
vol. 10, p. 11656300, 2010.

[11] E. T. Hall, Beyond culture. Anchor, 1976.
[12] ——, The Silent Language. Garden City, NY: Doubleday, 1959.
[13] V. N. Giri, “Culture and communication style,” The Review of Com-

munication, vol. 6, no. 1-2, pp. 124–130, 2006.
[14] Peace Corps, “Culture matters: The Peace Corps cross-cultural

workbook, chapter 3,” 1997, accessed: 2026-03-18. [Online].
Available: https://files.peacecorps.gov/wws/pdf/chapter3.pdf

[15] C. Joyce, “The impact of direct and indirect communication,” The
Newsletter of the Int. Ombudsman Association. The University of Iowa,
2012.

[16] D. E. Byrne, “The attraction paradigm,” Behavior Therapy, vol. 3,
no. 2, pp. 337–338, 1972.

[17] B. Reeves and C. Nass, “The media equation: How people treat
computers, television, and new media like real people,” Cambridge,
UK, vol. 10, no. 10, pp. 19–36, 1996.

[18] E. P. Bernier and B. Scassellati, “The similarity-attraction effect
in human-robot interaction,” in 2010 IEEE 9th Int. Conference on
Development and Learning. IEEE, 2010, pp. 286–290.

[19] P. P. Rau, Y. Li, and D. Li, “Effects of communication style and
culture on ability to accept recommendations from robots,” Computers
in Human Behavior, vol. 25, no. 2, pp. 587–595, 2009.

[20] C. Bartneck, T. Suzuki, T. Kanda, and T. Nomura, “The influence
of people’s culture and prior experiences with Aibo on their attitude
towards robots,” AI & Society, vol. 21, no. 1, pp. 217–230, 2007.

[21] V. Evers, H. C. Maldonado, T. L. Brodecki, and P. J. Hinds, “Relational
vs. group self-construal: Untangling the role of national culture in
HRI,” in Proceedings of the 3rd ACM/IEEE Int. Conference on
Human-Robot Interaction, 2008, pp. 255–262.

[22] S. Zojaji, Y. I. Nakano, and C. Peters, “Impact of cultural differences
and politeness on joining small groups of humans, robots, and virtual
characters,” in 2025 20th ACM/IEEE Int. Conference on Human-Robot
Interaction (HRI). IEEE, 2025, pp. 479–488.

[23] H. Li, S. Milani, V. Krishnamoorthy, M. Lewis, and K. Sycara,
“Perceptions of domestic robots’ normative behavior across cultures,”
in Proceedings of the 2019 AAAI/ACM Conference on AI, Ethics, and
Society, 2019, pp. 345–351.

[24] G. Trovato, M. Zecca, S. Sessa, L. Jamone, J. Ham, K. Hashimoto,
and A. Takanishi, “Cross-cultural study on human-robot greeting
interaction: acceptance and discomfort by Egyptians and Japanese,”
Paladyn: Journal of Behavioral Robotics, vol. 4, no. 2, pp. 83–93,
2013.

[25] G. Trovato, J. R. Ham, K. Hashimoto, H. Ishii, and A. Takanishi,
“Investigating the effect of relative cultural distance on the acceptance
of robots,” in Int. Conference on Social Robotics. Springer, 2015,
pp. 664–673.

[26] S. Andrist, M. Ziadee, H. Boukaram, B. Mutlu, and M. Sakr, “Effects
of culture on the credibility of robot speech: A comparison between
English and Arabic,” in Proceedings of the tenth annual ACM/IEEE
Int. Donference on Human-Robot Interaction, 2015, pp. 157–164.

[27] L. Wang, P.-L. P. Rau, V. Evers, B. K. Robinson, and P. Hinds,
“When in Rome: the role of culture & context in adherence to robot
recommendations,” in 2010 5th ACM/IEEE Int. Conference on Human-
Robot Interaction ( HRI). IEEE, 2010, pp. 359–366.

[28] A. Akinade, D. Barros, M. Danso, Y. Haile, E. Birhan, B. Shimelis
Girma, C. Osano, P. Ranchod, M. Richard, B. Rosman, I. Jimoh,
T. Taye Tefferi, and D. Vernon, “Culturally sensitive social robotics
for Africa,” in Cultural Robotics: Diversified Sustainable Practices,
Second Int. Workshop, CR 2025, held as part of ACM/IEEE HRI 2025,
Melbourne, Australia, March 3, 2025, Revised Selected Papers, B. J.
Dunstan, J. T. K. V. Koh, and H. Samani, Eds., vol. LNAI 16404.
Springer, 2026.

[29] H. C. Lane and N. L. Schroeder, “Pedagogical agents,” in The
Handbook on Socially Interactive Agents Volume 2. ACM, 2022.

[30] T. Belpaeme, J. Kennedy, A. Ramachandran, B. Scassellati, and
F. Tanaka, “Social robots for education: A review,” Science Robotics,
vol. 3, no. 21, p. eaat5954, 2018.

[31] A. Pfeifer and B. Lugrin, “Female robots as role-models? - the
influence of robot gender and learning materials on learning success,”
in Artificial Intelligence in Education, C. Penstein Rosé, R. Martı́nez-
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