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ABSTRACT

Research on the use of social robots in education is constantly increasing in the growing field of human-
robot interaction (HRI). Consequently, it is essential to determine an appropriate methodology to test how these
robots can optimally interact with students. This study specifically looks at how we can use existing knowledge
from psychology, neuroscience and educational research and apply them with validity and credibility in HRI
studies. We are interested in incorporating research methodologies to evaluate the performance of social robots
acting as university professors in a real classroom environment. Moreover, we aim to measure three effects,
a) students’ knowledge acquisition (quiz after lecture and final exam grades), b) level of enjoyment (Likert
scale questionnaire), and c) level of surprize (analysis of facial expressions filmed by cameras). To identify the
relationship between students’ knowledge acquisition, enjoyment, and level of surprize, we designed a series of
three experiments, testing three variables: 1. one human-tutor lesson, 2. one robot-tutor lesson, 3. two robot-
tutor lessons. In this paper we thoroughly explain the methods used to measuring and testing these variables
based on modern and reliable sources.

e Application of Psychological Research Methods to Human-Robot Interaction Studies.
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*Method details [Methodological protocols should be in sufficient detail to be replicated. There is
no word limit! You can include figures, tables, videos - anything that you feel will help others to
reproduce the method. The main focus of the paper should be on the technical steps required for this
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extra observations or "tricks” alongside the protocol. Results and Discussion are not sections included
in the MethodsX format. However, providing data that validate the method is valuable and required.
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Introduction

Many researchers and educators worldwide are using social robots in the classrooms in a variety
of applications for different educational levels and age groups. One of the proposed uses for social
robots is their employment in place of a tutor or tutor’s assistant in the class. In the main
research into robots in teaching positions, studies focus on the student’s attitudes toward robots and
knowledge acquisition [2]. Nonetheless, we are lacking HRI research on how to apply psychological
and educational theories in the use of robots as educators. In this study, we propose a protocol
in research methodology for using social robots in teaching activities, specifically in a university
classroom. We describe and analyse useful steps to compare a) a social robot vs. a human tutor
and b) the students’ first-time exposure against the repeated exposure in a robot-tutor university
classroom environment, measuring their level of enjoyment and learning outcomes from the course.
In our application, we expose university students without engineering backgrounds to one or multiple
lectures on fundamental engineering principles with a robot-tutor.

The key points of our methodology are: a) the systematic use of a social robot in the role of a
university professor, b) the exposure of students in one course with the robot- tutor for the first
time, and/ or more times, c) the measurement of their enjoyment levels and gained knowledge from
the course. d)Moreover, the measurement of surprise and familiarity, and finally e) the novel use
of undercover researchers to enhance the perceived robot’s abilities. The key findings of the current
study are thoroughly mentioned in Velentza, Fachantidis, & Lefkos, [40].

There are many techniques on how to use social robots in educational activities. There are more
researchers working in this field who are mentioned in the original paper, although in the current
section we are focusing on the variety of methodologies and design setups. For example, in the
research of [12], the knowledge acquisition and attitudes towards a robot-tutor were investigated
against a human-tutor in students aged between 6-16 years old. The students were randomly split
into different groups (between groups) having a lecture with either the robot or the human-tutor.
The tutors, human, and robot, had the same script, teaching material, slides, and general lesson
scenario. The experiment was repeated with different student groups for three times during three
consecutive weeks. Likewise, the robot Baxter was used in comparison with a human lecturer to
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perform storytelling to children, and researchers evaluated their knowledge acquisition by asking
them to draw what they remembered from the story [8]. Participants either within or between groups
were asked to imagine scenarios with a robot or a human performing the same task and evaluate their
overall attitude. Especially in the robot-scenario, they additionally saw different pictures with social
robots performing the task [20]. Similarly, Kwok [21], without presenting any interactive activity with
any kind of robot, asked elementary school students if the prefer a human or a robot teacher and why
in an open type question. The students’ written answers were collected, categorized, and analysed.

Another group of scientists tested the ability of Nao robot to perform as a university professor,
by comparing two different teaching styles based on two different mood expressions, a positive and
a negative one. The robot provided a variety of capabilities, such as asking questions, to which the
students were able to respond with the aid of an MS PowerPoint plugin. They had a short period
of time to respond and when the wrong answers outnumbered the correct ones, the robot gave an
extended explanation of the question’s content. The experimental design was between-groups, and
the students were randomly assigned each condition. The same lecture was given twice, once for each
condition and the lecture content, i.e. the script, spoken text, and presentation were the same for both
conditions, and the students’ location inside the lecture room [45]. Similarly, in another study where
the Nao robot performed an educational content storytelling showing different personality styles,
the design was between groups and the experimental environment and content of the storytelling
remained the same between the different groups [41].

Another technique used in the evaluation of robot-tutors is video analysis. Kennedy and his
colleagues compared children learning outcomes after having a lesson with either a screen, an asocial
non-personalized robot, or a social personalized robot. 11 students were assigned in each condition,
with balanced gender and mathematical skills. Apart from the learning outcome, the conducted
behavioural analysis derived from video coding of the children’s gaze. One coder completed the
analysis for all videos, and a second one verified his/her coding by analysing the 20% of the videos
with an average Cohen’s Kappa of 0.80 which signifies consequential agreement [19].

The success of a robot-tutor in teaching tasks is usually evaluated based on the student’s learning
outcome [2]. In several studies, the robot performed the educational activity and researchers evaluated
whether the students understand the main concepts of the lesson [4,14,29]. In our view, it is
important to equally evaluate the students’ learning outcome and level of enjoyment from the course.
Educational activities, to be successful, must merge the knowledge acquisition with the element of
Joy [18].

There are plenty of useful psychological or learning theories regarding the learning process,
including techniques, psychological aspects, or even environmental parameters that can enhance or
reduce learning acquisition. Nonetheless, there is a gap in research on applying such theories in HRI
studies and how to incorporate them into the robot’s setup and behavior. In the current study, we are
interested in comparing and contrasting the effect of surprise and familiarity -which has been tested
in human-human interaction studies (i.e., [11,17,30,33]), in HRI conditions.

Method details

HRI studies and the use of social robots in the role of a tutor is relatively new and thus, the source
of theories to conduct and evaluate experimental conditions and data will be built in the field of
Psychology, Social and Learning studies, but also on Neuroscientist findings.

Experimental studies
A. How to Compare Human vs Robot Tutor in Teaching Activity

The objective of Experiment I is to compare students’ learning outcome, enjoyment level, and level
of surprise when having a lecture with a robot-tutor or with a human-tutor. The methodology for
Human- Robot Interaction studies (HRI) stems from the methodology in psychology and especially
from the protocols of experiments with human participants. One of the most significant difficulties,
but at the same time, the source of experimental validity, is the control between the conditions.
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The very high degree of control, fundamental between the different experimental conditions, leads
to experimental design challenges [27].

a) Participants

The participants were the typical freshmen classroom at the Educational and Social Policies
department, entering university after national exams. We chose freshmen students in their first
university lecture, to avoid previous experience biases. We had the chance to evaluate their
spontaneous reaction to a new stimulus, which was the university lecture. They had no engineering
background, which was also an asset, to teaching them a completely new course. There was a total
number of 138 participants. The students’ gender was unbalanced, with 94% women. Despite that fact,
it is a typical sample for our country’s population among students in education relative studies.

Sampling general guide: The participants of an experiment or in other words the sample, is one of
the most important factors of accuracy. There are many useful textbooks that can help us choose the
sampling method that suits in the experimental purpose [36] and also proposed guides specifically
for human-robot interaction studies [3]. We should have pre-defined the characteristics of our sample
to fit in a) the target population, b) generalization purposes and b) the task needs.

Target population: In the current study, we focused on university students with specific
characteristics (no-engineering background, freshmen, educational studies) and thus we chose the
sample accordingly. In case we aimed to examine the surprise effect generally in university students
we would have to choose among students from different backgrounds, have representatives from
all semesters, and also a variation in schools, studies, etc. Moreover, we should have an equal
representation of men and women. Sampling characteristics are also important in case we plan to
use the experimental data to design a computational model based on each population’s behavior, i.e.,
model the behavior of students under surprise situations [39].

Generalize: The generalization of the research is also an essential factor. It is the process of going
from single cases with specific samples to generic ones, making the research findings possible in time-
honored traditional culture in science. By following a solid and replicable methodology, a ‘here-and-
now setting’ incorporates general laws of emergence [38].

Task needs: The participants should be able mentally and physically to do the task. Some general
advice is to have normal or corrected to normal vision or hearing, and native or proficiency knowledge
of the tasks’ language.

b) Design and Procedure Overview:

The experimental design was among participants, following the recommendation of previous
studies mentioned in the Introduction. The human-tutor, performing the lecture on the first day, was
the lecturer of the same along with similar subjects for twenty years. The robot-tutor, performing
the lecture during the second day, was the Aldebaran Nao V3.3. At the beginning of the lecture,
the tutors (robot or human) introduced his/itself and explained the course’s guidelines. Subsequently,
they taught the lesson about the basic principles of Cryptography. Both lectures lasted for 30 minutes
(without counting the time needed by students to fill in the questionnaires). After the end of the
lecture, the tutors thanked the audience for their participation in the course and explained to them
that a teaching assistant will give them some questionnaires to evaluate their experience during the
course. Moreover, they highlighted that the given knowledge acquisition questionnaire would not be
marked, and it is going to be used for the tutor’s feedback. The teaching assistant first gave them the
LQ, the JQ, and the familiarity and demographic questionnaire. There was no time limit for completing
the questionnaires, and the answers were anonymous.

There were three cameras placed in front of the class to record the student’s reactions during the
lecture, as depicted in Fig. 1, one on the right, one on the left side of the room, and one placed on the
desk next to the tutor. In all conditions, at the beginning of the lecture, the students were informed
about the presence of the cameras, and their rights based on the GDPR protocols, while after the
end of the lectures they signed that they agree with the use of their data only for research purposes.
Moreover, they were given a one-month period to notify the teaching assistant to dispose of them.

How to control experimental conditions?
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Fig. 1. Classroom set up in the robot condition.

We test the effect of a manipulated independent variable. In case we simultaneously vary both
a subject or environmental variable and a manipulated independent variable, we will be unable to
understand whether effects we are observing. For example, if we gave students who had a course
with the robot-tutor their learning questionnaire on a colourful paper and students who had a course
with the robot-tutor their questionnaire on a white paper, we would not know whether differences
in their learning scores were caused by the nature of the tutor or by the colour of the paper. This
complication is known as ‘confounding’ [25].

How to control environmental parameters to keep the same in both conditions:

- Place: Same classroom. By conducting the experiment in the exact same place, we avoid biases
from the classrooms’ geometry, i.e., differences in acoustic, students’ distance from the tutor, or
design, i.e., distraction decorations, external stimulation, etc.

- Time: Consecutive days, starting and finishing the lecture at the same hour of the day. Avoid
circadian rhythm variations [37] or extreme environmental condition changes [13].

- Lighting conditions: The experiment took place in a lecture auditorium without windows (thus
no physical lighting) to keep the lighting conditions as much similar in both conditions. We
turned on as many lights as needed so that no shadows or light reflections were created from
the projector [6].

- Temperature: Experiment I took place the final week of September, and Experiment Il in the
middle of December. In both cases, we controlled the A/C at the same temperature [13].

For a) practical reasons that will be further explained and b) avoiding expectation biases, we
started on the experiment the first day with the human-tutor condition.
How to control independent variable, Tutor’s behaviour:

- Content of the lecture: For the first lecture, we choose an engineering subject that does not need
prior knowledge to get understandable. The tutor teaches the basic principles of Cryptography.
Apart from the theoretic part, with the accompanying PowerPoint presentation, participants
saw a short video explaining the analysis and cryptanalysis of the Enigma war machine, and
class exercises where participants were given an encryption key and tried to find the encrypted
message.

- Script: The script was the same between the conditions. The professor prepared a detailed
script in collaboration with the researchers, considering the exact time to pause between the
sentences, switches in the PowerPoint presentation slides, and exact time frames to look at
them. He rehearsed the script a couple of times and kept a copy on the desk to be able to
read from it when needed. The robot’s script and movements were prepared based on the
script. In some cases, the human- tutor did not follow the script and during the lecture, he
added sentences or information. Based on that, we did corrections accordingly to the robot’s
storytelling.

- Spoken Language: We also took special care for the correct pronunciation of the words in
the robot’s condition. The lecture was conducted in the Greek language. Although there is a
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very accurate Greek language version in the robot’s software, there were words that needed
additional letters or sentences and additional punctuation to avoid uncanny valley effects from
the spoken language [7]

- Voice Volume: The voice of the volume was controlled with a microphone placed on the table
and two speakers, one on the left and on the right side, to diffuse the sound more smoothly
inside the room. Before the experiment, we tested the sound with the aid of other students and
lab members, sitting on different seats in the lecture room, verifying at which speakers’ volume
they heard the same on the back, the front, and in the middle of the class. The voice volume of
the Nao robot was at the highest level. Note that when the classroom is full there is different
sound diffusion because there is no echo created in empty halls nor the noise created by the
coexistence of many people in the same space.

- Voice Speed: We manipulated the robot’s voice speed through the Choreographer, comparing the
human-tutor’s camera recorded voice with different robot’s voice variations. Independent lab
members evaluated the variations, and we selected the closer to the tutor’s speed one.

- Body Movements: Manipulating the robot-tutor’s body movements was the most challenging
part. Firstly, at the same time as the writing script, we marked corresponding hand movements
for the tutors, i.e., to point or highlight something. Moreover, both tutors had expressive hand
movements when talking to the audience. Although we tried to replicate similar movements
between the human and the robot-tutor, we did not try to create a robot, replica of the human.
The tutors were differentiated in such a way as not to affect the results, but to maintain and
utilize the characteristics of their nature (human/robot). We would like them to do the same,
but in their own proper (to their nature) way.

- Position of the tutor: Both tutors stood in front of the class. Due to the inconsistency between
the robot and human-tutor’s height, the robot was placed on a table (which was also in the
same position during the human-tutor’s lecture), as depicted in Fig. 1.

Avoid Expectation biases: The human-tutor condition preceded the robot-tutor condition to avoid
expectation biases [16,26]. Students during the second day would expect to have a lecture with a
robot-tutor. The appearance of a human one would probably disappoint them, distract their attention
in case they were looking for what their classmates told them, and create a feeling of injustice,
together may lead to systematic errors. This would affect all the given questionnaires (LQ and ]Q),
and their level of surprise.

According to the aim of each study and thus the environment where the experiment will
take place, there are other controls that should be taken into consideration, such as avoiding the
interventions (loud noises, unexpected events taking place). For human-robot interaction experiments
in social activities, we suggest following experimental design guidelines for social sciences [23].

Going Undercover: Social Scientists usually go undercover when they are afraid of biases, in some
cases, they reveal their identity or the purpose of their study. Another case is when they tend to
protect the subject/ participants in case of an emergency. The practice of undercover raise a lot of
ethical questions and at the same time despite the benefits, it leaves us skeptical of their findings
and reports [15]. Going undercover in human-robot interaction studies can be compared with the
Wizard of Oz methodology. The participants are tricked into believing that they interact with an
autonomous robotic agent. Strazdas et al. implemented a similar approach to present to their subjects
a restriction-free, multimodal HRI with all the necessary for their study features such as posture,
head pose, speech, etc. [35]. In our case, the participants were freshmen in their first lecture at the
university. They did not know their classmates yet and thus, it was not suspicious (did not cause
any biases) the appearance of two casually dressed girls (our researchers) mixed with them. On both
experimental days, the undercover sat at the exact same spot, one on the left side of the class and one
on the right, wearing the exact same clothes. Both the tutors (human and robot) asked them the same
question to hear the same answer and give them back feedback. When the tutor asks (relevant to the
course subject), many students, including the undercover raise their hands. The tutor refers to the
undercover as ‘the girl with the blue t-shirt, sitting in the second row of seats’. The tutor used similar
identification for the second undercover in the second question. The identification was specific to: a)



A.-M. Velentza, N. Fachantidis and I. Lefkos/MethodsX 9 (2022) 101866 7

avoid having another student answer the question, and b) show intelligence and recognition skills in
the robot-tutor condition.

In another study, we used the undercover researchers in the exact same setup [44] in order
to present the robot’s capabilities in a short time period, including its ability to provide feedback.
The method helped us evaluate the future teachers’ attitudes regarding the ideal peer-tutor robot
characteristics before and after having a course with a robot-tutor. The undercover researchers set
up, is helpful especially in human-robot interaction studies to focus on the cognitive outcome of the
interaction without spending time on costly or time-consuming implementations.

Things to take into consideration: The undercover should:

» Not cause any attention from the participants.

e Act, behave and dress similarly to the participants.

« Have the exact same appearance, script, and behaviour between conditions to avoid systematic error
or adding an unwillingly extra parameter in the experiment.

c) Measurements

Learning quiz (LQ): The total number of questions was ten, enough to draw a safe conclusion
without discouraging participants from answering them. There were five Multiple Choice Questions
(MCQ) with only one correct answer with four multiple answers per question, followed by five open
questions.

Type of the questions: We used both types of questions since multiple-choice and open-ended
questions correspond to different aspects of comprehension processes [28]. Multiple-choice questions
are linked with the recognition process, since both the questions and the answers serve as retrieval
cues. On the other hand, open-ended questions are linked with the recall process since participants
have fewer cues and produce the information from their memory. There are two stems involved in
the recall process, firstly, generate an answer and determine whether it seems correct. The recognition
process, used on a multiple-choice test, only involves one step, to determine which possible answer
from the listed ones seems most correct [34]. In the current study we could not time the participants’
answers because we gave the questionnaires at the same time in a large sample, and in paper form.
Although, in cases where timing is plausible, it is important to consider that the response time for
the open-answer questions includes the time to read the question and type an answer. On the hand,
the response time for the multiple-choice questions includes the time to read the question and the
listed options and to select the more appropriate answer [32]. We recommend the timing for the
multiple-choice questions and not for the open-answer questions. Slower reaction time is linked with
a higher level of attention, due to the fastest recall. Timing in open-ended questions also incorporates
the participants’ writing speed, which should be controlled.

Content of questions: The questions were about the content of the lecture. In our previous studies
[41,43] before giving a learning or memory questionnaire after a robot’s or human’s storytelling
we run a pilot study to evaluate the questions’ quality, especially for the multiple-choice questions.
Ideally, we create at least twice as many as we intend to include in our questionnaire. A sample, with
similar characteristics to the targeted sample, hears the storytelling from a recording and answers all
the questions. There is no need to replicate the whole experiment because our target is to evaluate
the questions and not the robot’s appearance or any other aspect of our experiment. In this pilot
study, the storytelling serves as the independent variable and the questions as the dependent. The
questions should not be very easy -correctly answered by almost everyone- nor very difficult -
correctly answered by almost none-. A fair rage is a response rate of <30 and >80%. It is also
important to make sure that all wrong answers (distractors) are plausible. This method is also strongly
recommended for experimental setups where the memory test is used to measure participants’ level
of attention.

In the current study, we did not follow this procedure. It was a real-life educational activity
with specific requirements from the course’s lecturer on what he considers important for students
to remember from the lesson, and thus we created the questions based on them.
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Marking: The LQ was marked by the teaching assistant who was teaching the course together with
the professor for already three years, with an exam marking scheme, to avoid biases from the tutor
who may manage to relate the questionnaires with the experimental condition.

Level of Enjoyment Questionnaire (JQ): We used a 35 items Likert scale questionnaire to evaluate
students’ enjoyment level from the course. The questionnaire has been formed and used by Velentza,
Heinke, Wyatt [42], and was given to participants after witnessing a robot’s storytelling, to evaluate
their enjoyment level from the interaction. We had all the rights to use the JQ questionnaire. The
questionnaire fitted our purposes due to a) its content (previously used for similar purposes), and
b) the short wording of the questions (There were 35 single words with both positive, and negative
meanings i.e., Interesting, Ugly, Inspirational, etc. and participants had to evaluate their experience
from 1: Strongly Disagree to 5: Strongly Agree.).

Familiarity Questions: We designed a short questionnaire with seven Likert scale statements to
evaluate students’ familiarity with a) technology, b) robots, and c) the subject of the course. The
questions were straightforward to what we were interested in evaluating, i.e., ‘have you ever used
a robot’, ‘do you have IoT-related knowledge’, etc.

Demographic characteristics: The demographics we were interested in were the students’ gender
and age. Those questions were placed at the end of the final questionnaire [5] to avoid participants’
possible feelings of awkwardness, skepticism, or prejudice toward the study.

Tips: The number of questions in all the questionnaires should be large enough to draw a safe
conclusion, but small enough to be answered by as many participants as it can without getting them
bored (possibility to answer randomly just to finish the task) or discouraging them.

Code the questionnaires: All the questionnaires were anonymous, and after they got collected, they
were packed together and marked with a unique code per person. The researcher who coded them
was able to understand from which condition each questionnaire was collected, while the person who
marked them was not able to retrieve that information.

Level of surprize: We measured the participants’ level of surprise based on their facial expression
analysis conducted based on video recordings. We used three cameras, all of them placed on the
front side of the lecture room. Likewise, we strongly recommend the use of an additional camera at
the back of the room, to show the lecturer, for internal evaluation, future reference, and dissemination
purposes.

d) Data Analysis

LQ scores: The total number of correct answers per person was compared between the two
conditions. For the analysis of the correct answers, we applied a paired sample t-test [22].

JQ scores: In case we aim to compare the JQ scores from human and robot-tutor conditions,
a t-test would be appropriate. However, in our case, we also needed a multiple comparisons test
to stress the JQ scores of the first experiment (human vs robot tutor) with the JQ scores of
the second experiment (first time vs second-time robot tutor). Thus, to find if there were any
significant differences between the different conditions from the JQ responses, we handled a between-
participants Bonferroni multiple comparison test [9].

Furthermore, based on experimental research findings [24], the highest learning outcome does not
mean that the students enjoyed the learning process equally, and thus, we investigated whether the
experimental condition that leads to higher LQ scores, equitably leads to high scores in JQ with the
use of an ANOVA test.

Additionally, we handled a Pearson r correlation analysis, between the LQ, JQ, familiarity, and
demographic scores for both robot and the human condition. All the analyses were performed with
the aid of SPSS 25.

Familiarity data: Since we designed the questions based on the experimental needs, we performed
a factor analysis to split the questions into groups. The Factor Analysis led us to 3 categories. For
each category, we report the Cronbach’s alpha reliability measure: 1) use of technology in education
(¢=0.85), 2) familiarity with the course’s subject (¢=0.89), 3) familiarity with robots («=0.91).

Video analysis to measure the surprise effect: The camera recordings were muted, to avoid
revealing the tutors’ nature, and were analyzed based on the students’ facial expressions by an
independent cognitive psychologist. Based on evolutionary emotion psychologists and neuroscientists,
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the emotion of surprise is detectable through pupil dilation, skin conductance increase, head
movements, dropped jaw, not drawn together raised eyelids and eyebrows and hands that are brought
to the face like a shield [30]. The analysis was conducted with the use of ELAN 5.9 Software [1].
The analysis started with the tutor’s first welcome to the students and finished when the teaching
assistant started giving the questionnaires to the students. We created one tier per participant only
for students who were fully visible during the video recording, in which we marked the milliseconds
during which a surprise motion appeared. To measure the surprise effect, for all the tiered participants
per condition, we summed up the marked milliseconds and divided them by the total number of
participants, to end up with one number, the average milliseconds of surprise per condition. Finally,
we conducted a t-test between the different conditions.

B. Experiment II: How to Compare Robot Tutor for the first-time vs Robot Tutor for the same time in
Teaching Activity

The objective of Experiment II is to compare students’ learning outcomes, enjoyment level, and
level of surprise when having a lecture with a robot-tutor for the first time or with a robot-tutor for
the second time. We expect that students who experience the robot-tutor lecture for the first time
will have lower learning outcome in comparison with those who experience the lecture for a second
time, due to their expected high level of surprise. Students who experience the robot-tutor lecture
for the second time are expected to increase their familiarity with the tutor without losing the whole
surprise effect from its appearance, and thus we expect them to be more motivated [30] with more
correct answers in the learning quiz in comparison with the other group.

a) Participants

The students who participated in Experiment II, are the same who participated in Experiment
I. Those who experienced the human-tutor lecture in Experiment I, participated in the robot-tutor
condition for the first time in Experiment II and those who experienced the robot-tutor lecture in
Experiment I participated in the robot-tutor condition for the second time. The lectures took place
ten weeks after the first lectures, the final semester week before the Christmas break. Due to the
festive season and the fact that many students booked their tickets to travel home earlier, the same
was smaller, N=37 had a lecture with the robot-tutor for the second time, and N=52, had a robot-
tutor lecture for the first time, N=52. Based on that, we strongly recommend avoiding the final week
before breaks for research with university students, especially for test-re-test procedures or generally
cases that require the same sample.

b) Design and Procedure

The experimental design and procedure mimicked the robot-tutor condition from Experiment I and
was identical for the two conditions, first time and second-time robot-tutor. The lecture’s content was
more sophisticated than the first experiment, take the courses’ timetable, and it was about hardware,
internal and external systems, storage devices of a computer, and social issues about technology such
as technological illiteracy. The lecture lasted for 30 minutes.

c¢) Data Analysis

We used the same data analysis techniques since we had the same measurements. For the
video recordings, we proceeded to small adjustments before sending them for analysis. Although the
timetable remained the same for the students, it was possible for some of them to change the course
attendance day without official notice. Thus, at the beginning of the course, the robot-tutor asked the
students who were enrolled for a different day to raise their hands. More specifically, in the group
where the students were about to have their second robot-tutor lecture, the robot asked those who
‘had never had a course with a robot’ to raise their hand. Similarly, in the group where the students
were supposed to have their first robot-tutor lecture, the robot asked those who ‘had experienced
a robot-tutor lecture’ to raise their hands. The psychologist was informed to exclude them from the
group analysis and transfer their data analysis to the other group. Moreover, to avoid analysing their
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LQ and JQ scores with the wrong group, we added a question in the demographic questionnaire,
asking if it was their first or second time having a course with the robot-tutor during this course.
Those questionnaires were transferred and grouped correspondingly.

C. Comparison of Experiment I vs Experiment II

We can extract interesting points when comparing the results from Experiments I and II. There are
some measurements that can be directly compared with the use of appropriate statistical analysis,
such as students’ level of enjoyment and surprise, while others can only be used for observation or
demonstrating a trend, such as the learning outcome scores.

The level of students’ enjoyment can be measured and compared between the four conditions:
human-tutor and robot-tutor from the first experiment and first- and second-time robot-tutor from
the second experiment by the Bonferroni analysis. One major point for validating purposes is to find
similar results among students who experienced a robot-tutor lecture for the first time between the
two experiments.

The LQ scores cannot be directly compared between the two experiments since the lessons were
on different subjects. Although, we can observe the student’s level of knowledge acquisition by
comparing the percentages of correct answers per condition. This comparison can lead to a trend
if students pay more attention to the lecture when they are familiar with the tutor.

Students’ level of surprise can be directly compared with the same group’s average surprise time
between different conditions, i.e., students’ average surprise time when having robot-tutor lecture
during Experiment I and when having a second robot-tutor lecture during Experiment IL It is also
expected that the average surprise time between those who had their first robot-tutor lecture in
Experiment I and II to be similar. However, there are some additional parameters that may affect this
outcome, such as the familiarity with the course subject after ten weeks of lectures, and expectation
biases. It is very highly possible that students who experienced the robot-tutor lecture in Experiment I
informed their classmates who would probably expect to have a similar lecture, formulate an opinion
based on the descriptions, or even felt underprivileged for not having such a lecture. All those possible
factors may remove some surprise elements.

In conclusion, the comparison between Experiment I and II can demonstrate under which
conditions students paid more attention to the tutor, and under which circumstances they find the
lecture more interesting, inspirational, and, generally, how they evaluated their experience when the
tutor was a conventional human-professor in comparison with a robot.

Experiment III: EXAM DAY

To evaluate the long-term learning outcome of the robot-tutor, we expanded the experiment to the
day of the final exams. The more effective and unbiased way to measure long-term learning outcomes
would be to give them a knowledge acquisition without noticing them first. However, our target was
to evaluate both students’ learning outcomes and motivation. The students’ results in final exams are
a combination of various factors [10] such as class attendance, conscientiousness, verbal ability, and
motivation to succeed. Thus, the evaluation of final exam scores is not a reliable and valid way to
measure students’ learning outcomes, but it can be used as an indication of the motivation that can
be caused by a robot-tutor lecture.

a) Participants

The students were registered for administrative purposes to give the exam in different groups
according to the first letter of their surname, every one hour on the same day. In each group, they
were mixed, however, we categorised them into three groups (a) those who attended one robot-tutor
lesson, N= 78 (b) two lessons N= 60, (c) never, N=64.

Those who are included in the third group are students who were missing from the lecture on the
days of the experiments.

b) Procedure
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The final exam for passing the course was developed through a university software platform and
was held in the University’s pc lecture room. Based on the LQ scores per question, per experiment,
we added the questions with the less correct answers -the more difficult ones- to the total number
of exam questions.

c) Data Analysis

To analyse the data, we used only the six questions from the LQ, and we applied the Fisher’s Least
Significance Difference Test (LSD) which is a powerful post hoc comparison for three groups [31].

The results from all the data analyses are thoroughly reported in Velentza, Fachantidis, & Lefkos,
[40].

General discussion and conclusions

The present study focused on the human-robot interaction methodology between university
students without engineering backgrounds and a robot-tutor. The used methodology basically stems
from well-established techniques and protocols from the fields of psychology, educational studies, and
neuroscience. We were interested mainly in how the robot-tutor can improve the first-year university
students’ knowledge about basic engineering subjects, in addition to the level of enjoyment from the
lecture’s experience. The students experienced one or multiple lectures held by a human-tutor and by
a robot-tutor, and additionally, we evaluated their level of surprise during the lecture and how this
may affect both their level of enjoyment and learning outcome.

First, we analysed how to compare a robot-tutor and a human-tutor performing the same teaching
activity based on the participant’s learning outcomes, level of enjoyment, and surprise. We mainly
focused on how to keep the different conditions as similar as possible, and how to organize the real-
life educational task set up, and we also explained the use of undercover researchers.

For the second experiment, we built a robot-tutor lecture similar to Experiment I with different
course subjects. We again compared the students’ learning outcome, level of enjoyment, and surprise
when they experienced a robot-tutor lecture of the first or for the first or for the second time. We kept
the same methodology with Experiment 1. Moreover, we explain the appropriate statistical analysis for
extracting safe results from the study regarding what we measure in each condition. Finally, we used
the final exam grades to evaluate the students’ motivation.

Generally, this study demonstrates that HRI researchers can have a common ground in the human
experiments with social robots serving as tutors to students and hope to help them have a clear map
to replicate similar studies or find answers to questions like ours.

Acknowledgments

This work is part of a project that has received funding from the Research Committee of the
University of Macedonia under the Basic Research z’ circle 2021-22 funding programme.

Declaration of Competing Interest

The authors declare that they have no known competing financial interests or personal
relationships that could have appeared to influence the work reported in this paper.

References

[1] Anon. n.d. ELAN (Version 5.9) [Computer Software]. (2020). Nijmegen: Max Planck Institute for Psycholinguistics. Retrieved
from Https://Archive.Mpi.NI/Tla/Elan".

[2] T. Belpaeme, ]. Kennedy, A. Ramachandran, B. Scassellati, F. Tanaka, Social robots for education: a review, Sci. Rob. 3 (21)
(2018), doi:10.1126/scirobotics.aat5954.

[3] CL. Bethel, R.R. Murphy, Use of large sample sizes and multiple evaluation methods in human-robot interaction
experimentation, Assoc. Adv. Artif. Intell. 8 (2009).

[4] B. Henkemans, O.A. Bert, P.B. Bierman, ]. Janssen, M.A. Neerincx, R. Looije, H. van der Bosch, J.A.M. van der Giessen, Using
a robot to personalise health education for children with diabetes type 1: a pilot study, Patient Educ. Couns. 92 (2) (2013)
174-181, doi:10.1016/j.pec.2013.04.012.


https://Archive.Mpi.Nl/Tla/Elan
https://doi.org/10.1126/scirobotics.aat5954
http://refhub.elsevier.com/S2215-0161(22)00245-X/sbref0003
https://doi.org/10.1016/j.pec.2013.04.012

12 A.-M. Velentza, N. Fachantidis and I. Lefkos/MethodsX 9 (2022) 101866

[5] G.M. Breakwell, S. Hammond, C. Fife-Schaw, and J.A. Smith. 2006. Research Methods in Psychology. SAGE.

[6] K. Chamilothori, ]. Wienold, M. Andersen, Adequacy of immersive virtual reality for the perception of daylit spaces:

comparison of real and virtual environments, LEUKOS 15 (2-3) (2019) 203-226, doi:10.1080/15502724.2017.1404918.

L. Clark, A. Ofemile, B.R. Cowan, Exploring verbal uncanny valley effects with vague language in computer Speech, in:

B. Weiss, ]. Trouvain, M. Barkat-Defradas, J.J. Ohala (Eds.), Voice Attractiveness: Studies on Sexy, Likable, and Charismatic

Speakers, Prosody, Phonology and Phonetics, edited by, Springer, Singapore, 2021, pp. 317-330.

M.A. Conde, C. Fernindez, EJ. Rodriguez-Lera, EJ. Rodriguez-Sedano, V. Matelldn, FJ. Garcia-Pefialvo, Analysing the Attitude

of Students towards Robots When Lectured on Programming by Robotic or Human Teachers, in: in Proceedings of the

Fourth International Conference on Technological Ecosystems for Enhancing Multiculturality, TEEM '16, Association for

Computing Machinery, Salamanca, Spain, 2016, pp. 59-65.

[9] A.0J. Cramer, D.V. Ravenzwaaij, D. Matzke, H. Steingroever, R. Wetzels, R.P.PP. Grasman, LJ. Waldorp, E.-]. Wagenmakers,
Hidden multiplicity in exploratory multiway ANOVA: prevalence and remedies, Psychon. Bull. Rev. 23 (2) (2016) 640-647,
doi:10.3758/s13423-015-0913-5.

[10] S.J. Dollinger, A.M. Matyja, J.L. Huber, Which factors best account for academic success: those which college students can
control or those they cannot? ]. Res. Personal. 42 (4) (2008) 872-885, doi:10.1016/j.jrp.2007.11.007.

[11] W. Epstein, I. Rock, C.B. Zuckerman, Meaning and familiarity in associative learning, Psychol. Monogr. 74 (4, Whole No.
491) (1960) 22-22.

[12] C. Fernndez-Llamas, M.A. Conde, FJ. Rodrguez-Lera, F]. Rodrguez-Sedano, F. Garca, ‘May I Teach You? Students’ Behavior
When Lectured by Robotic vs. Human Teachers’, Comput. Hum. Behav. 80 (C) (2018) 460-469, doi:10.1016/j.chb.2017.09.
028.

[13] J. Graff Zivin, S.M. Hsiang, M. Neidell, ‘Temperature and Human Capital in the Short and Long Run’, J. Assoc. Environ.
Resource Economists 5 (1) (2018) 77-105, doi:10.1086/694177.

[14] T. Hashimoto, .M. Verner, H. Kobayashi, ‘Human-Like Robot as Teacher’s Representative in a Science Lesson: An Elementary
School Experiment’, in: J.-H. Kim, E.T. Matson, H. Myung, P. Xu (Eds.), in Robot Intelligence Technology and Applications
2012: An Edition of the Presented Papers from the 1st International Conference on Robot Intelligence Technology and
Applications, Advances in Intelligent Systems and Computing, Springer, Berlin, Heidelberg, 2013, pp. 775-786.

[15] C.D. Herrera, ‘A Clash of Methodology and Ethics in ‘Undercover’ Social Science’, Philos. Soc. Sci. 33 (3) (2003) 351-362,
doi:10.1177/0048393103252782.

[16] Hill, C.E., and et al. 2005. ‘Consensual Qualitative Research: an Update.’ J. Counsel. Psychol. 52(2):196-205. 10.1037/0022-
0167.52.2.196.

[17] P.C. Holland, M. Gallagher, Different Roles for Amygdala Central Nucleus and Substantia Innominata in the Surprise-Induced
Enhancement of Learning, ]J. Neurosci. 26 (14) (2006) 3791-3797, doi:10.1523/JNEUROSCI.0390-06.2006.

[18] A. James, C. Nerantzi, The Power of Play in Higher Education: Creativity in Tertiary Learning, Springer, 2019.

[19] J. Kennedy, P. Baxter, T. Belpaeme, The Robot Who Tried Too Hard: Social Behaviour of a Robot Tutor Can Negatively Affect
Child Learning, in: 10th ACM/IEEE International Conference on Human-Robot Interaction (HRI), 2015, pp. 67-74.

[20] S.S. Kim, et al., Preference for Robot Service or Human Service in Hotels? Impacts of the COVID-19 Pandemic, Int. J. Hosp.
Manag. 93 (2021) 102795, doi:10.1016/j.ijhm.2020.102795.

[21] V.H.Y. Kwok, Robot vs. Human Teacher: instruction in the Digital Age for ESL Learners, English Language Teaching 8 (7)
(2015) 157-163.

[22] D.C. Montgomery, G.C. Runger, N.F. Hubele, Engineering Statistics, Student Study Edition, John Wiley & Sons, 2009.

[23] M.S. Morgan, ‘Nature’s experiments and natural experiments in the social sciences, Philos. Soc. Sci. 43 (3) (2013) 341-357,
doi:10.1177/0048393113489100.

[24] B. Mutly, ]. Forlizzi, J. Hodgins, A storytelling robot: modeling and evaluation of human-like gaze behavior, in: 6th IEEE-RAS
International Conference on Humanoid Robots, 2006, pp. 518-523.

[25] A. Myers, C.H. Hansen, Experimental Psychology, Cengage Learning, 2011.

[26] Oatley, Professor emeritus department of human development &. Applied Psychology Keith, Interpersonal Expectations:
Theory, Research and Applications, Cambridge University Press, 1993.

[27] M.T. Orne, On the social psychology of the psychological experiment: with particular reference to demand characteristics
and their implications, Prevent. Treat. 5 (1) (2002) No Pagination Specified-No Pagination Specified, doi:10.1037/
1522-3736.5.1.535a.

[28] Y. Ozuru, S. Briner, C.A. Kurby, D.S. McNamara, Comparing comprehension measured by multiple-choice and open-ended
questions, Can. J. Exp. Psychol./Revue Canadienne de Psychologie Expérimentale 67 (3) (2013) 215-227, doi:10.1037/
a0032918.

[29] in Robotics in Education A. Polishuk, I. Verner, An Elementary Science Class with a Robot Teacher, in: W. Lepuschitz,
M. Merdan, G. Koppensteiner, R. Balogh, D. ObdrZélek (Eds.), Advances in Intelligent Systems and Computing, edited by,
Springer International Publishing, Cham, 2018, pp. 263-273.

[30] R. Reisenzein, G. Horstmann, A. Schiitzwohl, The Cognitive-Evolutionary Model of Surprise: a Review of the Evidence’,
Topics in Cognitive Science 11 (1) (2019) 50-74, doi:10.1111/tops.12292.

[31] DJ. Saville, Basic statistics and the inconsistency of multiple comparison procedures, Can. J. Exp. Psychol./Revue
Canadienne de Psychologie Expérimentale 57 (3) (2003) 167-175, doi:10.1037/h0087423.

[32] M.A. Smith, J.D. Karpicke, Retrieval practice with short-answer, multiple-choice, and hybrid tests’, Memory 22 (7) (2014)
784-802, doi:10.1080/09658211.2013.831454.

[33] Staats, B., F. Gino, and G. Pisano. 2010. ‘Varied experience, team familiarity, and learning: the mediating role of
psychological safety’.

[34] Stangor, C., and ]. Walinga. 2014. ‘9.1 Memories as Types and Stages’.

[35] D. Strazdas, ]. Hintz, A.-M. FelBberg, A. Al-Hamadi, Robots and Wizards: an Investigation Into Natural Human-Robot
Interaction, IEEE Access 8 (2020) 207635-207642, doi:10.1109/ACCESS.2020.3037724.

[36] S.K. Thompson, On Sampling and Experiments, Environmetrics 13 (5-6) (2002) 429-436, doi:10.1002/env.532.

[37] P. Valdez, C. Ramirez, A. Garcia, Circadian Rhythms in Cognitive Performance: Implications for Neuropsychological
Assessment, ChronoPhysiology and Therapy 2 (2012) 81-92, doi:10.2147/CPT.S32586.

[7

[8


https://doi.org/10.1080/15502724.2017.1404918
http://refhub.elsevier.com/S2215-0161(22)00245-X/sbref0007
http://refhub.elsevier.com/S2215-0161(22)00245-X/sbref0008
https://doi.org/10.3758/s13423-015-0913-5
https://doi.org/10.1016/j.jrp.2007.11.007
http://refhub.elsevier.com/S2215-0161(22)00245-X/sbref0011
https://doi.org/10.1016/j.chb.2017.09.028
https://doi.org/10.1086/694177
http://refhub.elsevier.com/S2215-0161(22)00245-X/sbref0014
https://doi.org/10.1177/0048393103252782
https://doi.org/10.1523/JNEUROSCI.0390-06.2006
http://refhub.elsevier.com/S2215-0161(22)00245-X/sbref0018
http://refhub.elsevier.com/S2215-0161(22)00245-X/sbref0019
https://doi.org/10.1016/j.ijhm.2020.102795
http://refhub.elsevier.com/S2215-0161(22)00245-X/sbref0021
http://refhub.elsevier.com/S2215-0161(22)00245-X/sbref0022
https://doi.org/10.1177/0048393113489100
http://refhub.elsevier.com/S2215-0161(22)00245-X/sbref0024
http://refhub.elsevier.com/S2215-0161(22)00245-X/sbref0025
http://refhub.elsevier.com/S2215-0161(22)00245-X/sbref0026
https://doi.org/10.1037/1522-3736.5.1.535a
https://doi.org/10.1037/a0032918
http://refhub.elsevier.com/S2215-0161(22)00245-X/sbref0029
http://refhub.elsevier.com/S2215-0161(22)00245-X/sbref0029
https://doi.org/10.1111/tops.12292
https://doi.org/10.1037/h0087423
https://doi.org/10.1080/09658211.2013.831454
https://doi.org/10.1109/ACCESS.2020.3037724
https://doi.org/10.1002/env.532
https://doi.org/10.2147/CPT.S32586

A.-M. Velentza, N. Fachantidis and I. Lefkos/MethodsX 9 (2022) 101866 13

[38] J. Valsiner, C. Nandita, B. Gerhard, From Methodology to Methods in Human Psychology, Springer International Publishing,
Cham, 2017.

[39] Velentza, A.M.. n.d. ‘Putting the Humans in the Middle of the CPS Design Process’. Pp. 175-209 in Heterogeneous Cyber
Physical Systems of Systems, River Publishers Series in Circuits and Systems. River Publishers, 2021.

[40] A.-M. Velentza, N. Fachantidis, I. Lefkos, ‘Learn with Surprize from a Robot Professor’, Comput. Educ. 173 (2021) 104272,
doi:10.1016/j.compedu.2021.104272.

[41] A.-M. Velentza, N. Fachantidis, S. Pliasa, ‘Which One? Choosing Favorite Robot After Different Styles of Storytelling and
Robots’ Conversation’, Front. Robot. Al 8 (2021) 244, doi:10.3389/frobt.2021.700005.

[42] Velentza, A.-M., D. Heinke, and J. Wyatt. 2019. ‘Human Interaction and Improving Knowledge through Collaborative Tour
Guide Robots’. Pp. 1-7 in 2019 28th IEEE International Conference on Robot and Human Interactive Communication (RO-
MAN).

[43] A.-M. Velentza, D. Heinke, ]. Wyatt, ‘Museum Robot Guides or Conventional Audio Guides? An Experimental Study’, Adv.
Robot. 34 (24) (2020) 1571-1580, doi:10.1080/01691864.2020.1854113.

[44] Velentza, A.-M., S. Pliasa, and N. Fachantidis. 2020. ‘Future Teachers Choose Ideal Characteristics for Robot Peer-Tutor in
Real Class Environment’. 1384. 10.1007/978-3-030-73988-1_39.

[45] Xu, ]., ]J. Broekens, K. Hindriks, and M.A. Neerincx. 2014. ‘Effects of Bodily Mood Expression of a Robotic Teacher on
Students’. Pp. 2614-20 in 2014 IEEE/RS] International Conference on Intelligent Robots and Systems.


http://refhub.elsevier.com/S2215-0161(22)00245-X/sbref0038
https://doi.org/10.1016/j.compedu.2021.104272
https://doi.org/10.3389/frobt.2021.700005
https://doi.org/10.1080/01691864.2020.1854113

	Human-robot interaction methodology: Robot teaching activity
	Introduction
	Method details
	Experimental studies
	Experiment III: EXAM DAY
	General discussion and conclusions
	Acknowledgments
	Declaration of Competing Interest
	References


