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Abstract
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Despite increasing interest in and widespread use of robots in education, there is limited research on the effect of voice
gender and communication style on affective outcomes. Based on a Q&A interaction model, a within-subject experiment
was conducted with a 2 x2 design, manipulating voice gender (male vs. female) and communication style (functional vs.
relational). The study combined subjective evaluations with eye-tracking and fNIRS measurements. We confirmed the
effects of voice gender and communication style on subjective perceptions, reported the influence of voice gender on
users’ visual attention, and demonstrated the interaction between voice gender and communication style on users’ cerebral
activity. The results suggest that the female voice and relational communication style are preferable for educational robots.
This study enhances the understanding of users’ visual attention and cerebral activity during interactions with educational
robots, providing valuable insights for designing robot voices in educational contexts.
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1 Introduction

Social robots are gaining popularity in the educational
domain. For instance, social robots like Pepper and Nao
have been applied to assist classroom teaching in primary
schools [1], support teaching for autistic children outside
the classroom [2], and introduce academic writing in higher
education [3]. These robots are expected to benefit learners
by promoting positive attitudes, interest, motivation, and sat-
isfaction, which in turn can enhance students’ engagement
and knowledge acquisition [4]. A key advantage of human-
oid robots in education is their ability to engage in social
interactions with students through, among other channels,
voice and gestures. While positive impacts of social inter-
action on learning have been demonstrated in human-robot
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interaction (HRI) from both affective and cognitive out-
comes [5], unnatural or inappropriate robot behaviors can
lead to negative outcomes, such as distraction [6]. Voice, as
a vital cue in social interaction, both conveys information
and expresses affect. The information about the speaker’s
gender [7], communication style [8], and affection [9] deliv-
ered by voice communication can impact users’ perceptions.
Consequently, the voices of robots may influence affective
and cognitive outcomes in HRI in educational contexts.
Various voice factors have been explored and found to
play critical roles in HRI, including voice characteristics
(i.e., pitch, speed, and gender) and speech content (i.e.,
communication style) [7, 8]. Nevertheless, research on the
impact of voice gender of robots in HRI, particularly in edu-
cational contexts, remains limited. Existing conclusions on
the influence of voice gender on users’ perceptions are incon-
sistent. For example, McGinn and Torre [10] and Eyssel et
al. [11] reported a strong effect of voice gender on users’
perceptions of robots, while Song et al. [7] did not find a
significant effect. Nonetheless, it is plausible that voice gen-
der may influence users’ perceptions, as gender stereotypes
inferred from robot voices may impact human-robot inter-
action [12, 13]. Additionally, instructors’ communication
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style is critical for creating positive learning experiences.
In real educational settings, some instructors prioritize the
delivery of educational content, while others emphasize the
importance of relationship-building when delivering learn-
ing content. Kim et al. [14] found that students preferred an
Al instructor with a relational-oriented communication style
over one with a functional-oriented style. Although these
studies contribute to understanding the effect of voice gen-
der and communication style, they examined these factors
in isolation. Therefore, it is important to explore whether
and how the combination of voice gender and communica-
tion styles of robots affects users’ perceptions in educational
contexts. Such findings could enhance the understanding of
how robots’ voice interactions shape user perceptions and
offer valuable insights for designing educational robots that
foster positive affective outcomes.

Affective outcomes, which are important outcomes of
robot interventions in educational settings, encompass qual-
ities beyond traditional learning outcomes per se [5], such
as a learner’s acceptance, trust, learning effort, and willing-
ness to use. In the educational context of HRI, affective
outcomes are varied and are commonly measured through
self-reports. For example, willingness to use learning tools
is one of such outcomes. Reich-Stiebert and Eyssel [15]
developed a scale to evaluate users’ future willingness to
engage with educational robots. Similarly, trust, regarded as
a driver of technology acceptance, is one of the important
contents of affective outcomes in the interaction between
students and educational robots. Qin et al. [16] adopted
the interviews to determine factors affecting users’ trust in
Al-based educational tools. Learning effort, another affec-
tive outcome, refers to the amount of time and cognitive
resources invested in the learning process [17]. Chen et al.
[17] developed an item to evaluate users’ learning effort
during interaction with an animal companion system for
learning. Additionally, understanding users’ preferences
towards robot voices can inform the design of educational
robots that are appealing to users. Therefore, we selected
willingness to use, trust, learning effort, and preference as
the dependent variables to reflect affective outcomes.

The aforementioned subjective measurements of affec-
tive outcomes in HRI within educational contexts rely heav-
ily on users’ subjective perceptions. However, subjective
methods alone are insufficient for collecting users’ momen-
tary inner states and behaviors. Eye-tracking technology,
commonly used to evaluate the quality of human-robot
interaction [ 18], can capture and record users’ real-time eye
movements and extract eye-moving metrics that quantify
users’ visual behaviors. Users’ eye-gaze behavior can serve
as a behavioral indicator of attention and task engagement
during educational interactions with robots [19]. The fixa-
tion duration ratio, which refers to the ratio of the sum of

@ Springer

fixation duration on the specific area of interest (AOI) to the
total fixation time of the entire stimulus, is used to assess
users’ visual attention and interest. Higher fixation duration
ratios indicate greater attention to the AOI [20]. Visual atten-
tion competition between the robot and the learning mate-
rial is crucial for effective learning. Adopting eye-tracking
technology to reveal users’ visual attentional patterns is sig-
nificant. Additionally, technologies such as electroencepha-
logram (EEG) and functional near-infrared spectroscopy
(fNIRS), which collect real-time signals to reflect human
cerebral activity, are increasingly used to offer insights into
neural mechanisms associated with attention and affective
engagement. For instance, Ren et al. [21] used self-report,
eye-tracking, and EEG technology to examine users’ per-
ception of robot facial features. Guo et al. [22] combined
self-report and fNIRS technology to evaluate users’ emo-
tional responses toward robot touch. Therefore, our study
combines subjective methods, eye-tracking, and fNIRS
technologies to investigate the effects of educational robots’
voice gender and communication style on affective out-
comes. The combination of subjective and objective meth-
ods helps unravel the subjective perception, visual attention,
and cerebral activity of users during interaction with educa-
tional robots. These findings will deepen our understanding
of users’ perceptions and provide guidelines for designing
effective robot voices in educational settings.

2 Theoretical Background and Research
Questions

2.1 The Impact of Voice Gender

Voice gender is an important characteristic of robots’ voice
that has received attention in HCI studies, but has received
relatively little attention in HRI [23, 24]. There is consid-
erable disagreement over the conclusions about voice gen-
der in previous studies in HRI. Specifically, some research
emphasized the critical role of voice gender on users’ per-
ception of robots [10, 11], while other studies did not find
a significant main effect of voice gender [7]. These mixed
results appear across various fields of robotics applications.
To our knowledge, experimental studies examining the role
of the voice gender of robots in educational contexts are
limited.

Voice gender, as a social trait, is important for interper-
sonal relationships and can evoke social stereotypes that
trigger specific responses from users in HRI. Firstly, the
social robots’ gender can help establish common ground
between humans and robots, facilitating more intuitive
interaction [13]. Secondly, gender stereotypes are often
activated automatically [25]. Individuals hold biases about
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certain occupations based on gender, which may influence
their perceptions of those who do not conform to these
stereotypes in human-human interactions. In educational
contexts, stereotypes about male and female teachers are
prevalent, and a similar trend exists in HRI [13]. In addi-
tion, the voice gender of robots can influence their per-
suasive power [26] and task suitability [13]. Male voices
typically have a lower pitch than female voices [27], which
leads to perceptions of higher maturity, dominance, asser-
tiveness, and lower warmth and agreeableness compared to
female voices [9]. Female voices are generally perceived as
more attractive, particularly by male users [9, 28]. Chang
et al. [29] found that elderly individuals preferred female-
extroverted robot voices for home companionship. Dou et
al. [30] also suggested that users have varying affective
evaluations of robots’ voices across different application
fields. They found that adult female and male voices are the
most acceptable voice for educational robots, while adult
male and child voices are preferred for retail and customer-
facing robots and home companion robots. Hence, it is rea-
sonable to speculate that the voice gender of robots may
affect users’ perceptions and subsequent interactions in edu-
cational contexts.

2.2 The Impact of Communication Style

In human-human interaction, an instructor’s communica-
tion style plays a vitally important role in shaping positive
learning experiences [31] and impacting students’ affective,
cognitive, and behavioral outcomes [32]. Based on different
goal orientations, teachers’ communication strategies can be
broadly categorized into two types: task-oriented and rela-
tional-oriented [33]. The task-oriented strategy focuses on
the content and tasks the instructor aims to convey, empha-
sizing clarity and content relevance. In other words, teach-
ers using a task-oriented approach tend to deliver content
in a direct way. Relational-oriented strategy, by contrast,
prioritizes building relationships and fostering ongoing
connections between the instructor and students. In this
context, communication style in education can be classified
as either functional or relational [14]. Frisby and Buckner
[34] reported that students’ learning behaviors and efficacy
improved when teachers developed and maintained positive
relationships with their students.

Similarly, the communication style of educational robots
in HRI can be broadly understood a lying along two dimen-
sions: a functional one and a relational one [35]. Robots
with a functional communication style are task-oriented
and focus on delivering content efficiently, while those
with a relational communication style prioritize meet-
ing users’ emotional needs and fostering great relation-
ships with users. Nevertheless, research has investigated

the different communication styles in HRI and has yielded
mixed results. Some studies suggested that the relational
style is more effective than the functional style in enhanc-
ing users’ satisfaction [35, 36]. For example, in the educa-
tional context, Kim et al. [14] indicated that Al instructors
with a relational style received more favorable ratings from
students compared to those using a functional style dur-
ing online teaching. Yet, this needs to be balanced against
the effectiveness as teaching aids. Studies have shown that
functional communication styles can be more effective [37,
38]. For instance, older adults exhibited better cognitive and
functional outcomes when interacting with conversational
digital assistants that used a functional style, rather than a
relational one [38]. Generally, functional style in chatbots
conveys “low warmth but high competence”, while rela-
tional style is perceived as “high warmth but low compe-
tence” [37]. Xu et al. [37] suggested that users with low
competency prefer functional style, whereas those with high
competency favor relational style when interacting with Al-
based shopping assistants.

2.3 Multidimensional Measurement in HRI

In light of the above, most existing studies have reported
insightful yet mixed findings regarding the effects of voice
gender or communication style, largely based on subjective
measurement methods. The self-reported techniques pro-
vide only a partial understanding of users’ responses during
HRI. To obtain a more comprehensive picture, multidimen-
sional measurement approaches that combine subjective
and objective indicators have become increasingly common
in HRI research [22, 39, 40]. For example, eye-tracking is
widely used to capture users’ visual attention and reveal
attentional allocation during interaction, offering behavioral
evidence that complements self-reported results. Likewise,
neurophysiological techniques such as fNIRS and EEG
enable researchers to infer the cognitive or emotional pro-
cessing through the detection of neural activity in relevant
brain regions.

In educational HRI, users’ visual attention reflects task
engagement, attentional competition between the robot
and the learning material, and provides meaningful insight
into how they allocate cognitive resources during learning
[19]. Prior research has shown that female voices are more
attractive than male voices [9, 28], implying that the robot’s
voice gender may influence how users allocate their visual
attention during learning. Similarly, the impact of commu-
nication style has been partially revealed. Compared with
a task-oriented communication style, a relational-oriented
communication style places greater emphasis on maintain-
ing social connections and is generally perceived as warmer
[37]. This increased sense of warmth may heighten users’
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perception of the robot’s social qualities, thereby drawing
more visual attention to the robot rather than the learning task
itself. In parallel, cerebral activity offers a complementary
understanding of users’ cognitive and affective processes.
Cerebral activity in the left DLPFC is associated with posi-
tive emotions [41-43] and off-task thoughts [44]. The FPC
plays a key role in higher-order cognitive operations, par-
ticularly those involved in evaluating one’s own judgments
in relation to those of others [45, 46]. Neurophysiological
studies suggested that communicative cues can elicit differ-
ent neural responses [39, 40, 47]. Accordingly, both voice
gender and communication style may evoke different levels
of engagement at the neural level.

2.4 Research Questions and Overview of Studies

In light of the above, we proposed the following three
research questions:

RQ1. Do the voice gender and communication style of edu-
cational robots impact users’ subjective perceptions?

RQ2. Do the voice gender and communication style of edu-
cational robots influence users’ visual attention?

RQ3. Do the voice gender and communication style of edu-
cational robots impact users’ cerebral activity?

Addressing these research questions allows the study to
offer multidimensional empirical evidence regarding the
influence of the robot’s voice gender and communication
styles on users’ perceptions and attention. In general, this
study reveals that educational robots with female voices
and relational communication styles help shape positive
affective outcomes during the learning interaction. This
is demonstrated by higher ratings of trust, learning effort,
willingness to use, and preference, along with increased
visual attention to the robot’s screen (learning material) and
heightened cerebral activity in the FPC. Moreover, this study
reveals users’ visual attention patterns toward the robot dur-
ing the learning process, showing that the robot’s head and
trunk compete with the learning task (present on the robot’s
screen) for the learner’s visual resources. Furthermore,
while our overall results favor female voices and relational
communication styles, the cerebral activity detected in the
left dorsolateral prefrontal cortex (DLPFC) suggests that
male voices may be comparatively more suited to functional
communication styles. Note that learning outcomes are not
the subject of this study, as learning gains have been con-
vincingly demonstrated in earlier studies [5].
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3 Methods

A 2 (voice gender: male vs female)*x2 (communication
style: functional vs relational) within-subjects experiment
with the Pepper robot was conducted, combining self-
reports, eye-tracking, and fNIRS technology to collect both
subjective and physiological data.

3.1 Participants

Twenty-nine participants (15 males, M,,=22.552,
SD,,.=3.203) were recruited from the student population of
a local university. A power analysis indicated that the mini-
mum required sample size was 24, using G*power v3.1.9.7
for F-test repeated measures with a power of 0.8, a medium
effect size of 0.25, and an a level of 0.05 [48, 49]. Thus,
with 29 participants the study achieved sufficient power.
All participants were healthy with normal or corrected-to-
normal visions and normal hearing. They were unfamiliar
with Pepper and participated voluntarily, and received a gift
as compensation after the experiment. The experiment was
approved by Northeastern University’s ethical committee.

3.2 Robot Platform and Experimental Tasks

A social robot (Pepper, Aldebaran) was used in this study,
which has proven its effectiveness in educational contexts
[50]. Pepper is 120 cm tall and can be reprogrammed to offer
different interaction styles. It can integrate voice packages
from other speech synthesis platforms, enabling it to use a
variety of voices.

We focused on the role of robots as teaching assistants
because this role is widely used in the educational domain
[5]. To engage students in learning, we adopted an interac-
tion model adapted from the Q&A interaction framework
developed by You et al. [51]. The Q&A model is one of
the common models of collaboration between students and
education robots. In this study, participants were required
to collaborate with the Pepper robot to complete the Ques-
tion and Answer tasks. The test questions were displayed
on Pepper’s chest-mounted screen. Participants were asked
to judge whether each test item was correct or incorrect,
after which Pepper provided feedback using the designed
voices according to whether their answers were correct or
incorrect. To isolate the affective outcomes of the robot’s
voice gender and communication style, test performance
was experimentally controlled using a simulated Q&A task
in which participants received preset answers [52, 53]. This
approach ensured that every participant received an equal
number of correct and incorrect feedback instances across
all conditions, thereby preventing performance-related fac-
tors, such as frustration following errors or satisfaction after
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Table 1 The Q&A script

The content of the knowledge tests

Participants’ answers

The biosphere is the largest ecosystem on Earth.

Plant cells have additional structures than animal cells, including cell walls, vacuoles, and chloroplasts.
The ootid stores a large amount of nutrients and has a large volume, which is conducive to the exchange of

substances with the outside world.
Bacteria have no proteins, just naked DNA.

I think this sentence is
wrong.

I think this sentence is right.
I think this sentence is right.

I think this sentence is
wrong.

Table 2 Robot’s voice script (English translated from original manda-
rin Chinese)

Communica-  Voice content

tion Style
Functional Correct answer.
Incorrect answer.
Relational Congratulation! Your answer is correct. Keep it up!

Regrettably! Your answer is incorrect. Better luck
next time!

Fig. 1 Experimental scene

success, from confounding the affective outcomes. Note
that this study only focuses on the affective outcomes rather
than the cognitive outcomes.

The Q&A script is shown in Table 1. The robot voice was
generated through the Mandarin Text-To-Speech system
developed by iFlytek (Hefei, China) and then integrated into

the Pepper robot by Choregraphe v2.5.11.13. The robot’s
voice scripts are shown in Table 2.

3.3 Procedure

The experiment was conducted in the Human Factors Engi-
neering Lab with light control, as shown in Fig. 1. The spe-
cific procedure of the experiment is shown in Fig. 2. Firstly,
participants were welcomed, informed of the experiment
contents, and voluntarily filled in the informed consent
form. Then, they were seated in a chair facing Pepper. Sub-
sequently, participants were equipped with the fNIRS probes
and eye-tracking glasses. Eye-tracking calibration was per-
formed and typically required 10 to 20 seconds per attempt,
with repeated attempts when necessary. Subsequently,
fNIRS channel-quality calibration was conducted, lasting at
least 2 minutes per participant and frequently requiring mul-
tiple attempts until all channels achieved acceptable signal
levels. Throughout this time, participants were asked to sit
still and keep their eyes closed, and their minds rested [54].
Then, participants completed four formal sessions. The four
formal sessions consisted of the four experimental condi-
tions in a sequence of Latin Square design. Before each ses-
sion, participants were asked to keep quiet for 60seconds
to collect a stable baseline of physiological signals. In each
session, participants completed four knowledge tests. For
each test, participants would see the test question on the
screen on Pepper’s chest and then verbally answer the ques-
tions according to the Q&A script that had been shown to

Yy P <y @ @ Yy ® iy
Presentation  Verbally Voice Blank screen  Presentation Presentation  Verbally Voice
 fest question 1~ answer feedback 10s test question 2 test question 4 ~ answer feedback

T~ St »
Calibration | Keep quiet Formal Answer Rest 2 min Formal Formal Answer End
for 60 s session 1 | questionnaires session 2 session 3 | questionnaires

Fig. 2 Experimental procedure
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participants before. Subsequently, Pepper gave voice feed-
back to participants on whether the answer was correct.
After each session, participants completed questionnaires
immediately and had 2min to rest. The participants were
unaware that the robot was being controlled using a Wiz-
ard-of-Oz method, with the robot being teleoperated from
another room. The experiment lasted approximately 30 to
40 minutes.

3.4 Measurements
3.4.1 Subjective Perception

To investigate users’ subjective perception, perceived trust,
perceived learning effort, willingness to use, and affective
evaluation were measured. The items of the subjective eval-
uation questionnaire are shown in Table 3. The perceived
trust was assessed using the items adapted from Song et al.
[55]. Reliability analyses showed a great Cronbach’s alpha
value of 0.959. To measure perceived learning effort, we
used an item from Chen et al. [17]. Willingness to use was
measured by the items of Choi and Ji [56]. The Cronbach’s
alpha value is 0.976, which shows great reliability. The
subjective data were tested using 2 x2 repeated measures
analysis of variance (ANOVA) in SPSS v25. The Bonfer-
roni method was applied to correct the results for multiple
comparisons.

3.4.2 Visual Attention
To measure users’ visual attention during interaction with
the robot, an SMI wireless Eye Tracking Glasses 2 (Senso

Motoric Instruments, Teltow) was used. The eye-tracker
was calibrated in a three-point method, with a tracking

Table 3 The items of the subjective evaluation questionnaire

Subjective  Description Items
perception
Trust Participants’ per- I think this robot is credible.
ceived trust. I think this robot is sincere.
I think this robot is honest.
I think this robot is convincing.
Willingness  Participants’ willing- [ intend to use the robot in the
to use ness to use the robot future.
to study. I expect that I will use the
robot in the future.
I plan to use the robot in the
future.
Learning The degree of effort Do I make more effort to learn
effort participants put into  with the robot?
the learning process.
Preference  Participants’ prefer- Non-preferred - Preferred

ence towards the
robot for studying.

Note: All items are 7-point Likert scale
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accuracy of 0.5° and a sampling rate of 60Hz. Eye track-
ing data were analyzed using Begaze 3.6 software. To ana-
lyze eye tracking metrics, we defined four areas of interest
(AOIs) frame-by-frame, namely, the area of the robot’s head
(AOI-1), robot’s screen (AOI-2), robot’s left and right arms
(AOI-3), and robot’s trunk (AOI-4). The fixation duration
ratio, which means the ratio of total fixation duration on the
AOI to the total duration the AOI is presented, was extracted
from each AOI on each condition to examine users’ selec-
tive attention. The fixation duration ratio was tested through
2 x2 repeated measures ANOVA in SPSS v25. The Bonfer-
roni method was applied to correct the results of multiple
comparisons and simple effect analysis.

3.4.3 Cerebral Activity

The LIGHT-NIRS system (Shimadzu Corporation Co.),
which involves 22 channels consisting of eight light sources
(emitting near-infrared light at 780, 805, and 830nm) and
eight detectors, was utilized to measure the cerebral activity
of prefrontal cortex regions (Fig. 3.). The center of the below
probe set row was placed at the Frontal Polar Midline (FPZ)
point in the 10—10 international system. The fNIRS signals
were recorded at a 13.333 Hz sampling frequency. Besides,
a FASTRAK system (Polhemus Co.) was used to localize
the spatial coordinates of optical probes with five reference
points (NZ, CZ, 1Z, AL, and RL). Based on the estima-
tion result of MNI space [57], we focused on five regions
of interest (ROIs) (the definition shown in Supplementary
Appendix Table A1), including the left DLPFC!, the right
DLPFC, the left Broca’s area, the right Broca’s area and the
Frontopolar area (FPC). The fNIRS data were preprocessed
in the NIRS_KIT v2.0 toolbox [58] in MATLAB (2020b).
We focused on HbO, signals for analysis as its high sig-
nal-to-noise ratio and its sensitivity to task response [59].
First, the optical density changes were transformed into
concentration changes of oxyhemoglobin (HbO2), deoxy-
hemoglobin (HbR), and total hemoglobin (HbT) according
to the modified Beer-Lambert law [60]. Then, the HbO?2 sig-
nals were removed the artefacts using 1st-order polynomial
regression, were corrected motion using correlation-based
signal improvement (CBSI) method [61], and band-pass fil-
tered with a third-order IIR filter of 0.01-0.08 Hz. Four pre-
dictors were generated based on the onset and duration of
four experimental conditions using the general linear model
to model the hemodynamic response. Then, the B values of
four experimental conditions were exported and tested by
2 x 2 repeated measures ANOVA in SPSS v25. The Bonfer-
roni method was applied to correct the results for multiple
comparisons.

! Dorsolateral prefrontal cortex.
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(a) Sensor layout for LIGHTNIRS device with a source-detector distance of 30mm

Fig. 3 Sensor placement and visual representation. Five ROIs were
categorized: the left DLPFC comprising CH06, CH13, CH21 [Brod-
mann area 46]; the right DLPFC comprising CH02, CH10, CH17
[Brodmann area 46]; the left Broca’s area comprising CHO7, CH14,

4 Results
4.1 Subjective Perception

Figure 4 and Table 4 present the means and standard devia-
tions of subjective perceptions. The results of the repeated
measures ANOVA indicated that voice gender significantly
impacted users’ perceived learning effort [F(1, 28)=4.963,
p=0.034, #°=0.151] and preference [F(1, 28)=10.808,
p=0.003, #°=0.278]. Multiple comparison analysis
revealed that female voices elicited higher levels of per-
ceived learning effort (p<0.05) and preference (p<0.01)
compared to male voices. Additionally, communication
styles significantly influenced users’ perceived trust [F(1,
28)=11.290, p=0.002, #°=0.287], learning effort [F(1,
28)=26.004, p<0.001, °=0.482], willingness to use [F(1,
28)=15.871, p<0.001, #°=0.362], and preference [F(1,
28)=22.594, p<0.001, °=0.447]. The multiple compari-
son tests demonstrated that the relational styles resulted in
higher perceived trust (p<0.01), learning effort (»<0.001),
willingness to use (p<0.001), and preference (p<0.001)
than the functional styles (Fig. 4 and Table 4). However, no

CH22 [Brodmann area of 45]; the left Broca’s area comprising CHO1,
CHO09, CH16 [Brodmann area 45]; and the FPC comprising CH11,
CH12, CH18, CH19, CH20 [Brodmann area 10]

significant interaction effect between voice gender and com-
munication styles was observed.

4.2 Eye-Tracking Metric

Figure 5 illustrates participants’ visual attention towards
educational robots utilizing four different voices. Table
5 presents the means and standard deviations of the fixa-
tion duration ratio across various AOIs. The results of the
repeated measures ANOVA showed a significant main effect
of voice gender [F(1, 28)=10.437, p=0.003, #°=0.272] on
fixation duration ratio. However, Mauchly’s test indicated
that the assumption of sphericity was violated for both the
main effect of AOI (p<0.05) and the interaction between
voice gender and AOI (p<0.05). Consequently, a Green-
house-Geisser correction [62] was applied [63], and the
corrected results were reported. A significant main effect of
AOI [F(3, 40.756)=78.702, p<0.001, #°=0.738] on fixa-
tion duration ratio was observed. Additionally, the results
indicated a significant interaction effect between voice gen-
der and AOI on fixation duration ratio [F(3, 35.398)=6.029,
p=0.001, #°=0.177]. Simple effect analysis showed that
participants’ fixation duration ratio on AOI-2 was higher

@ Springer



920 Page 8 of 17 International Journal of Social Robotics (2026) 18:90
Fig.4 The mean and standard [ Male [ Male
deviation of subjective per- F 1 F |
ception. * depicts p<0.05, ** Kok emaie T emale
p<0.01, *** p<0.001 2] Ly
26 *
24 64
224 *
20 £ 5
18 é XY
2 16 4 L 44
2 14 g
2] ‘g 3+
10 4 g
g — 5
6 -
4 14
24
0 0
Functional Relational Functional Relational
0 Male 0 Male
i Female ok [ Female
21 1 79 Kk
18 | 6 E
§ 15 4 54
g 12 gé 4
27 mm 8
=] &
2o B
= o
'§ 6 2
34 14
0 0
Functional Relational Functional Relational
Table 4 Means and standard deviations of subjective perception
Voice gender Communication styles Trust Learning effort Willingness to use Preference
M SD M SD M SD M SD
Male Functional 17.241 5.724 3.034 1.523 11.069 5.580 2.931 1.534
Relational 20.138 4.853 4310 1.538 13.069 4.898 4.172 1.671
Female Functional 18.103 6.201 3.448 1.502 11.448 5.275 3.655 1.587
Relational 21.069 4.301 4.621 1.374 14.345 4.850 5.034 21.069

when the robot used female voices compared to male voices
(»<0.01). For both male and female voices, the fixation
duration ratio on AOI-2 exceeded that on AOI-1 (»p<0.01),
AOI-3 (p<0.001), and AOI-4 (p<0.001). Furthermore, the
fixation duration ratio on AOI-1 was greater than that on
AOI-3 (p<0.001) and AOI-4 (»p<0.001). No other signifi-
cant main effects and interaction effects were identified.

4.3 fNIRS Data
Table 6 shows the means and standard deviations of § values

across different ROIs during the Q&A interaction. Figure 6
presents users’ cerebral activity in this context. The results
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of the repeated measures ANOVA showed that voice gender
significantly affected the p value in the left DLPFC [F(1,
28)=6.206, p=0.019, #°=0.181]. Additionally, the interac-
tion effect of communication styles and voice gender on the
B values in the left DLPFC was significant [F(1, 28)=5.903,
p=0.022, #°=0.174]. Specifically, the simple effect analysis
revealed that the functional communication styles induced
higher hemodynamic responses in the left DLPFC than the
relational communication styles when educational robots
used male voices (p=0.083, marginal significance). Fur-
thermore, when educational robots employed functional
communication styles, male voices elicited higher hemo-
dynamic responses in the left DLPFC compared to female
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Fig.5 The participants’ visual attention for different voice genders and
communication styles

voices (p<0.01). The main effect of communication styles
on hemodynamic responses in the FPC was also significant
[F(1,28)=4.871, p=0.036, #°=0.148], with multiple com-
parison tests indicating that the relational communication
styles induced higher hemodynamic responses in the FPC
than the functional communication styles (p<0.05). We did
not find other main effects of voice gender and communica-
tion styles. No other significant interaction effects of com-
munication style and voice gender were found.

4.4 Correlations Between Subjective and Objective
Metrics

The correlation analysis showed that users’ perceived trust
was significantly positively correlated with their learning
effort, willingness to use, and preference (see Table 7). Fur-
thermore, users’ learning effort exhibited significant positive
correlations with both willingness to use and preference, as
well as fixation duration ratio on AOI-3. Users’ willing-
ness to use was positively correlated with their preference
and the fixation duration ratio on AOI-3. Users’ preference
was positively correlated with the fixation duration ratio
on AOI-3. The fixation duration ratio on AOI-2 showed a
significant negative association with the fixation duration
ratio on AOI-1 and AOI-4. In addition, the hemodynamic
responses in the left DLPFC were significantly positively
associated with the responses in the right DLPFC and the
left Broca’s area. The hemodynamic responses in the right
DLPFC positively correlated with those in the left Broca’s
area, the right Broca’s area, and the FPC. Lastly, the hemo-
dynamic responses in the right Broca’s area were positively
associated with those in the left Broca’s area and the FPC.
No other significant correlations were observed.

5 Discussion

This study investigated whether and how voice gender
and communication style of educational robots impact
users’ perceptions, visual attention, and cerebral activities,
responding to the call for research on educational robots
[5]. Overall, the results revealed a significant main effect
of voice gender on users’ subjective perceptions, visual
behaviors, and cerebral activities, suggesting that voice
gender may function as salient social signals during HRI.
Consistent with prior HRI research [9, 13, 25], users may

Table 5 Means and standard deviations of fixation duration ratio on different AOIs

Voice gender Communication styles AOI-1 AOQOI-2 AOI-3 AOI-4
M SD M SD M SD M SD
Male Functional 0.211 0.190 0.411 0.213 0.011 0.029 0.013 0.048
Relational 0.186 0.172 0.500 0.208 0.011 0.028 0.018 0.088
Female Functional 0.192 0.179 0.514 0.246 0.010 0.043 0.017 0.080
Relational 0.175 0.159 0.558 0.233 0.010 0.033 0.006 0.024
Table 6 Means and standard deviations of B values on different brain ROIs
Voice gender Communication styles  The left DLPFC ~ The right DLPFC  The left Broca’s The right Broca’s The FPC
area area
M SD M SD M SD M SD M SD
Male Functional 0.0015 0.004  0.0005 0.004  0.0008 0.005 0.0015 0.006 —0.0019 0.005
Relational —0.0001  0.002 —0.0003 0.003 —0.0008 0.002 —0.0005 0.003  —0.0008 0.002
Female Functional —0.0012  0.003 —0.0009 0.004 —0.0010 0.005 —0.0002 0.004 —0.0025 0.003
Relational —0.0002 0.003 —0.0006 0.003 —0.0012 0.003 —0.0010 0.003 —0.0010 0.003

@ Springer
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Fig. 6 Cerebral activity of users
in Q&A interaction

Functional

Relational

automatically associate different voice genders with varying
levels of warmth and competence, thereby influencing both
conscious evaluation and implicit cognitive processing. By
contrast, communication style only impacted subjective
perceptions, which may indicate that communication style
primarily shapes higher-level evaluative judgments rather
than immediate attentional allocation or neural activation
patterns. Furthermore, the absence of interaction effects
suggests that voice gender and communication style may
independently influence users’ responses through distinct
cognitive mechanisms. Below, further analysis of the results
of users’ subjective perception, visual attention, and cere-
bral activities, as well as the theoretical contributions and
practical implications of these results, is addressed. Note
that the conclusions of this study are from the perspective of
promoting affective engagement, without considering about
necessarily learning efficacy. Cognitive learning outcomes
are out of this study’s scope.

5.1 Effects on users’ Subjective Perception

Regarding RQI, the results on subjective perceptions of
affective outcomes showed that the female voices of edu-
cational robots, compared to male voices, elicited higher
learning effort and greater user preference for the robot. In
other words, when learning with robots that used a female
voice rather than a male voice, users exerted more effort

@ Springer

Female

in the learning process and showed a stronger preference.
While Dou et al. [30] reported that both adult female and
male voices are more acceptable than child or synthetic
voices in interactions with educational robots, they did not
further clarify the difference between male and female syn-
thetic voices. Our findings address this gap by highlighting
the significance of the female synthetic voice for educational
robots. Furthermore, our results extend the conclusion that
users prefer female voices over male voices, a finding previ-
ously established in the context of home companion robots
[29], to the field of education. Overall, our results align with
the broader consensus that a robot’s voice gender influences
users’ affective evaluations [9, 29, 30].

Secondly, the results indicated that educational robots
with relational communication styles elicited higher per-
ceived trust, learning effort, willingness to use, and prefer-
ence compared to those with functional ones. This suggests
that users prioritize building a positive relationship with
educational robots over the efficiency of information
transmission. These findings support the conclusion that
relational communication styles are more effective than
functional ones in fostering positive user attitudes [14,
35, 36]. Although some studies pointed out that this is not
always the case [37, 38], our results can be explained from
the following perspectives. First, previous research has
shown that users with low competency prefer functional
styles, while those with high competency favor relational
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styles when interacting with Al-based assistants [37]. The
participants in this study, college students, are generally
considered to have high competency. Second, robots with
relational communication styles are commonly perceived as
having “high warmth and low competence” [37]. The role
of teaching assistant of robots may perceptually compensate
for the “low competence” impression brought by relational
communication styles. In summary, based on subjective
results, educational robots with female voices and relational
communication styles induce more positive affective out-
comes during the learning process.

Finally, our results revealed significant positive correla-
tions among trust, learning effort, willingness to use, and
preference. In other words, when users perceive high lev-
els of trust in educational robots, they tend to demonstrate
greater learning effort, increased willingness to use the
robot, and higher preference.

5.2 Effects on users’Visual Attention

Considering RQ2, the results indicated that the voice gen-
der of educational robots significantly impacts users’ visual
attention. Compared to interactions with educational robots
with male voices, users had a higher fixation duration ratio
on the screen (AOI-2) when interacting with robots that used
female voices. In other words, users paid more attention to
the robot’s screen, which displayed the text questions, when
the robots used female voices. This visual behavior cor-
roborates the subjective result that users exert more learn-
ing effort when studying with educational robots that use
female voices compared to those that use male voices. In
addition, the results showed that users focused primarily on
the robot’s screen (AOI-2), followed by its head (AOI-1),
while the robot’s arms (AOI-3) and trunk (AOI-4) received
the least attention. The study of Li et al. [64] on users’ visual
and neural responses to humanoid robot appearances during
free-viewing tasks suggested that the robot’s head attracted
the most visual attention. Since the test questions were dis-
played on the robot’s screen in this study, it is unsurprising
that users concentrated most on the screen to complete the
Q&A task. Beyond the screen, the robot’s head also cap-
tured significant visual attention, expanding the findings of
Li et al. [64] to the interaction phase.

Moreover, the results showed a significant negative cor-
relation between the fixation duration ratio on the screen
(AOI-2) and that on the robot’s head (AOI-1) and the robot’s
trunk (AOI-4), suggesting that the robot’s head (AOI-1) and
trunk (AOI-4) may compete for users’ visual attention with
the screen where displayed the learning materials (test ques-
tions). Accordingly, the more visual attention users focused
on the robot’s head and trunk, the less visual attention they
were likely to allocate to the learning tasks. Although voice
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gender did not significantly affect fixation duration ratio on
the robot’s head (AOI-1), the descriptive pattern observed
in Table 5 reveals a potentially meaningful tendency. Across
both communication styles, users showed slightly higher
fixation duration ratio on the robot’s head (AOI-1) when
interacting with the robot using male voices compared with
female voices. Although this difference does not reach sta-
tistical significance, it may suggest that male voices draw
more visual attention to the robot itself, whereas female
voices may help users maintain greater focus on the learn-
ing task. This weak but noteworthy tendency aligns with our
subjective findings, in which the robot with female voices
was associated with higher perceived learning effort. Addi-
tionally, although the results showed positive correlations
between subjective perceptions (learning effort, willingness
to use, and preference) and fixation duration ratio on AOI-3
(robot’s arms), it is indeed most likely a statistical artefact,
especially since the fixation duration ratio on the robot’s
arms is very low (see Table 5). There are not sufficient
grounds to speculate on the exact cause of this correlation.

5.3 Effects on users’ Cerebral Activity

The results showed distinct cerebral activities of users when
interacting with robots that employed different voice gen-
der and different communication styles (RQ3). Specifically,
educational robots with male voices and functional com-
munication style elicited higher hemodynamic responses
in the left DLPFC compared to those with male voices
and relational communication style. Additionally, when
robots used functional communication styles, male voices
induced higher hemodynamic responses in the left DLPFC
than female voices. Previous research suggests that positive
emotions might activate the left DLPFC [41-43], indicating
that male voices may be more compatible with functional
communication styles. This provides physiological evi-
dence supporting Liu et al. [8] conclusion that male voices
are preferable over female voices in robots that use func-
tional communication styles.

Moreover, the left DLPFC is also involved in off-task
thoughts [44]. From this perspective, the higher activation
in the left DLPFC when robots use male voices and func-
tional communication styles may suggest that users expe-
rienced more off-task thoughts unrelated to learning. This
aligns with the subjective findings that male voices com-
bined with functional communication styles lead to lower
learning effort.

Our results also showed that educational robots using
relational communication styles induced higher activation in
the FPC compared to those using functional communication
styles. The FPC plays a crucial role in higher-order cogni-
tive operations, including social cognition, reasoning tasks,



International Journal of Social Robotics (2026) 18:90

Page 13 0of 17 90

and mental state attribution [65]. Specifically, the FPC is
associated with the specific aspects of social cognition, such
as considering one’s judgments in light of another’s [45,
46]. In the context of this study, the activation of the FPC
may reflect the cognitive process that participants compar-
ing the educational robot’s answer to their own during the
process of listening to the robot’s voice. Users may have a
strong cognition of the social identity of the teaching assis-
tant of the educational robot with relational communication
styles, and it is easy to bring it into the learning task to judge
whether their answers are consistent with the feedback of
the robot. Thus, our findings suggest that relational com-
munication styles of educational robots may enhance users’
social cognition, consistent with the subjective results.

5.4 Implications

This study has several theoretical implications. Our find-
ings contribute to the literature on voice gender [10, 11] and
communication styles [14, 35-38] in HRI. First, we con-
firm the effect of voice gender and communication style on
subjective perceptions, report the impact of voice gender
on users’ visual attention, and reveal the interaction effects
of voice gender and communication styles on users’ cere-
bral activities. Second, we focus on the affective outcomes,
including perceived trust, learning effort, willingness to use,
and preference, based on existing research in HRI within
the education context [5]. Third, by combining subjec-
tive psychological measures with objective physiological
assessments, this research highlights the significant effects
of voice gender and communication styles, contrasting with
literature that has primarily examined these factors from a
subjective perception [8]. Furthermore, this study enhances
our understanding of users’ visual attention and cerebral
activities when interacting with educational robots.

This study also provides several practical implica-
tions. First, the results provide guidelines for designing
voice interactions for educational robots, emphasizing the
importance of considering voice gender and communica-
tion styles. Based on our findings, female voices paired
with relational communication styles are recommended to
be utilized to foster positive user perceptions. Additionally,
this study reveals that the robot’s screen captures the most
visual attention, followed by the head [64], showing that the
robot’s social function competes with the information dis-
played on the screen. Therefore, if an educational robot fea-
tures an attractive head, it may divert users’ visual attention
away from the screen. To ensure that users remain focused
on the screen, where learning materials are presented, the
design of the robot’s head should be less visually appealing.

6 Limitations and Future Research

First, this study employed a simulated Q&A experience to
isolate the affective effects of the robot’s voice gender and
communication style without the interference from learning
performance. Although the scripted interaction improved
experimental control and ensured consistent delivery across
conditions, it may not fully capture the dynamic and spon-
taneous nature of real-world educational interactions with
robots. Therefore, caution is warranted when generalizing
the findings to natural educational environments. Addition-
ally, cognitive learning outcomes fall outside the scope of
the present study, even though they represent another cru-
cial dimension of HRI outcomes in educational robotics [5].
Although positive affective outcomes do not necessarily
correspond to improved cognitive outcomes, affective out-
comes remain an important aspect of robot-assisted learning
[5, 66, 67]. Whether the observed affective advantages of
the female voice and relational communication style in this
study translate into improved cognitive outcomes needs fur-
ther investigation in future work.

Second, the study relied exclusively on Chinese partici-
pants to assess subjective responses to the robot’s voiced
gender and communication style. Cultural norms and expec-
tations can significantly influence perceptions of gendered
voices and communication patterns, and as such, our find-
ings may not generalize to participants from other cultural
backgrounds. Future research should include more cultur-
ally diverse samples to examine the potential variability in
these perceptions across different societies.

Third, the participant group consisted solely of college
students, who generally possess a high level of education
and technology acceptance. As a result, the generalizabil-
ity of these findings to the broader population is limited. In
studies of educational robots involving adult groups, partici-
pants are primarily aged between 20 and 30 years [5], which
is similar to the demographic of our study. However, prefer-
ences for robot voice gender and communication style may
vary across different demographic groups. Results obtained
from adults cannot be generalized to other populations, such
as children, adolescents, or older adults, underscoring the
need for further research involving wider populations.

Finally, this study concentrated exclusively on the voice
interactions of educational robots, specifically examining
the interaction effects of voice gender and communication
styles. Future studies might explore the impact of other
voice characteristics and additional modes of communica-
tion (e.g., gaze behavior, gestures) to encourage designers
to create educational robots that yield positive outcomes.
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Appendix

Table A1 MNI coordinates of fNIRS channels and corresponding brain regions

AOI Channel Brodmann area (BA) MNI coordinates Overlap

X Y Z

Left DLPFC CHO06 46-Dorsolateral prefrontal cortex —37.000 48.667 33.000 0.794
CH13 46-Dorsolateral prefrontal cortex —30.333 60.333 24.333 0.735
CH21 46-Dorsolateral prefrontal cortex —40.667 57.333 13.667 0.733

Right DLPFC CHO02 46-Dorsolateral prefrontal cortex 37.667 48.667 34.667 0.694
CH10 46-Dorsolateral prefrontal cortex 32.333 60.333 25.333 0.678
CH17 46-Dorsolateral prefrontal cortex 42.667 58.000. 15.667 0.725

Left Broca’s area CHO7 45-pars triangularis Broca’s area =50.667 28.667 34.333 0.567
CH14 45-pars triangularis Broca’s area —47.000 44.667 23.000 0.766
CH22 45-pars triangularis Broca’s area —54.667 35.333 11.667 1.000

Right Broca’s area CHO1 45-pars triangularis Broca’s area 51.667 29.667 37.333 0.458
CHO09 45-pars triangularis Broca’s area 48.667 44.667 25.667 0.768
CH16 45-pars triangularis Broca’s area 57.000 35.667 16.000 1.000

Frontopol-ar area CHI11 10 - Frontopolar area 13.667 67.000 28.333 0.923
CHI12 10 - Frontopolar area —11.000 65.000 29.667 0.810
CH18 10 - Frontopolar area 24.000 69.333 18.333 0.982
CH19 10 - Frontopolar area 3.333 68.000 19.667 1.000
CH20 10 - Frontopolar area —21.667 69.000 17.667 0.993
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