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Abstract

We present here an approach to the deployment of social robots in a science laboratory to
monitor the behavior of students with respect to safety regulations to prevent accidents.
Our vision is that the social robot should act as a friendly companion for students and
encourage them to follow safe laboratory practices. Towards this goal, we developed a
Laboratory Safety Assistant Framework (LSA) using a Misty II Plus robot and designed
three dashboards within it as interventions. This LSA framework was evaluated using a
participatory design (PD) study with twenty university students (eleven from Japan and
nine from Egypt). For this study, we designed a questionnaire that contains 42 questions on
the prior knowledge of students about socially assistive robots and their expectations about
how socially assistive robots can create a secure environment in the scientific laboratory. The
chi-square test revealed that there are no differences between groups in their perceptions
of using Misty II to achieve safety inside science laboratories. In their perception of the
capabilities of social robots and the sharing of feelings, students believe that using social
robots like Misty II inside the science laboratory can make the lab safe and decrease risk
inside the science laboratory without using the three dashboards of the LSA framework.
However, the Wilcoxon signed-rank test revealed that there is a significant improvement in
students’ perceptions ((Median = 106.5, Z = −2.39, p < 0.05, r = 0.53)) between students’
expectations of using social robots to achieve safety in scientific laboratories before and after
they interacted with the social robot and knew about the feasibility of the three dashboards
we designed. Furthermore, the t-test revealed participants’ experiences of sharing feelings
with a social robot, and the intervention suggested by the LSA framework was to design a
system integrating this into a social robot to enhance safety within the scientific laboratory
(t (19) = 3.39, p = 0.003).

Keywords: social robot; co-design; participatory design; Misty II for education; educational
intervention; robot-assisted interventions

1. Introduction
Laboratories play a crucial role in science education; they are where students learn to

design and conduct experiments to make empirical observations and test hypotheses. They
also learn to use various tools and equipment that are needed for experiments. However,
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laboratories also have equipment and materials that can be dangerous if not used properly.
For example, there may be powerful acids and neurotoxins, and equipment such as Bunsen
burners that guzzle natural gas, high-pressure cookers known as autoclaves, and certain
types of explosive materials. Moreover, error detection in dynamic images still has an
inadequate generalization performance on invisible categories. Domain generalization
is essential for their practical implementation, yet tasks such as crop disease detection
remain difficult. In addition, the techniques for creating interpretable prompts need to be
improved [1]. The materials used in the construction of existing sensors limit their ability to
detect physical events, such as humidity, as a continuous monitoring approach, which leads
to insufficient sensitivity. In addition, many continuous monitoring devices use variations
in signal frequency to evaluate human conditions such as breathing [2].

Failure to follow the proper procedures can result, for example, in chemical burns,
cuts from broken glass, toxic fume inhalation, chemical absorption through the skin, or
toxic chemical ingestion. Therefore, students inside a scientific laboratory must handle
laboratory equipment and materials with extreme caution. Otherwise, it could lead to
laboratory accidents.

Laboratory accidents occur regularly in universities, although many safety measures
have been proposed and implemented. The Web of Science database contains 219 pub-
lications on university laboratory safety. These studies describe laboratory accidents in
44 countries and 254 research institutes [3]. A study by Chen et al. (2020) on explosion
accidents in higher education found that laboratory accidents occur not only at universities
but also in industries, resulting in numerous injuries, deaths, and financial losses [4].

Laboratory accidents may occur for a variety of reasons. One common source is human
error, which involves breaking lab rules, failing to follow lab safety procedures, carelessness,
using broken glassware, not wearing protective clothing throughout the experiment, and
rushing around the lab excitedly. In the absence of lab teachers, data-driven intervention
technologies could help reduce injury and increase safety.

Modern intervention systems use data-driven decision-making to advise teachers and
students. Interventions are used to help struggling students achieve their goals. According
to Hammerschmidt-Snidarich et al. (2019), interventions use a variety of methods to
meet the needs of different types of learners, such as visual learners, auditory learners, and
kinesthetic learners. Interventions can take the form of resources such as graphic organizers,
study guides, seats near the teacher, and visual schedules [5]. Intervention strategies have
been shown to be beneficial in helping at-risk or underachieving children before they fail [6].
In addition, learning analytics-based intervention tools such as student-facing dashboards,
teacher dashboards, automated learning analytics-based feedback, customized feedback,
and visualizations are used to help students in need of help [7]. Teachers and policymakers
use intervention systems to identify areas of need. These tools can guide teachers in taking
action to address these needs.

Currently, most of the intervention systems developed to solve educational problems
use data from the activity of learners in digital learning environments. Digital learning
environments include Learning Management Systems (LMS) such as Moodle and Canvas,
digital textbooks, Student Information System (SIS), and eye trackers. Data generated
by digital learning environments can guide teachers about the Digital Learning Institute
(DLI) [8]: How often are learners logging into the course? How long are the learner sessions?
Are learners progressing well through the course or confronting challenges? Are learners
struggling with specific parts of the assessment? Are learners participating in social learning
activities? Are learners utilizing all available resources? What percentage of learners are
completing the course? Learning analytics researchers use these log data to generate
predictive analytics models for identifying at-risk students [9], dropout detection [10], final
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score prediction [11], and retention rate measurement [12]. However, data from the digital
learning environment and the existing predictive models found in the literature are not
sufficient to identify human (i.e., student) errors that could break lab rules and fail to follow
lab safety procedures. Existing educational interventions [13], often in the form of learning
analytics dashboards, have limitations in guiding students with respect to behaviors that
could lead to potential accidents or injuries. Furthermore, most of the existing data-
driven intervention technologies have limitations with regard to helping students reduce
injuries and assisting teachers in increasing safety in the laboratory. Having a social robot
present in the lab while students are conducting experiments could provide a solution
to this problem. In addition, in the absence of teachers in the lab, a social robot-assisted
intervention technology can provide insight into students’ activities and behaviors in the
lab to the teacher.

A socially assistive robot or social robot is an artificial intelligence platform equipped
with multiple sensors, cameras, microphones, and other technologies, such as computer
vision, that enable it to interact with humans and other robots. These robots can commu-
nicate with humans and other social robots by adhering to the social behaviors and rules
associated with their role in the group [14]. Social robots have various shapes and sizes.
Many of them have human-like faces. Social robots can engage in social interactions with
humans through verbal exchange, cooperative problem solving, and independent decision-
making [14]. Because of this, social robots are gaining popularity in solving real-world
problems because they can capture unattended user interactions in real natural environ-
ments such as homes [15]. Some popular socially assistive robots are Nao, Pepper, Misty,
Furhat and Jennie. These robots can carry out social interactions and can communicate
through facial expressions. They have shown great promise in healthcare [16], smart house
design [17], telepresence [18], defense [19], and entertainment [20] due to their autonomy,
controllability, maneuverability, and stability. However, their roles in education have not
yet been explored, particularly in laboratory accident prevention, companionship, and
improving student well-being in the science laboratory.

We have introduced the Laboratory Safety Assistant (LSA) [21] to address these
limitations and bridge research gaps. This framework aims to identify students’ dangerous
activities and risky behaviors that could increase the risk of laboratory accidents and
human injury. This framework is supported by a social robot. The framework aims to
detect behaviors that violate laboratory guidelines, such as not wearing safety goggles,
not wearing gloves, and dangerous physical movements during experiments, which could
be identified in advance using robotic features to reduce the risk of laboratory accidents.
The LSA framework aims to use the data captured by the social robot to build a robot-
assisted intervention system for teachers to identify risky behaviors and guide student
safety during laboratory experiments. The LSA framework aims to monitor, assist, and
provide companionship and friendly supervision to a student in the absence of a lab
supervisor. It consists of three dashboards (those we refer to as robot-assisted interventions)
that are designed using a co-design method to meet a set of user requirements. The
reason for using the co-design method to design the three interventions is that it leads to
a better understanding of user needs, increases engagement, promotes human–to–robot
interaction, promotes human–to–intervention interaction, and is user-centered. In this
paper, we evaluated them using a participatory design experiment. Participatory design
in social robotics research is a practice of User-Centered Design (UCD), where multiple
stakeholders contribute to the design process as active co-designers [22]. The evaluation
experiment sheds light on university students’ experiences about social robot capabilities,
their expectations about using social robots for achieving safety in scientific laboratories,
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and whether socially assistive robots could enhance safety in science laboratories. We
identified three research questions:

• What is the appropriate intervention for designing a social robot to improve safety in
a science laboratory?

• What are the students’ expectations for improving safety inside a science laboratory
with the support of social robots?

• How does sharing students’ feelings affect the design of a social robot to improve
safety inside a science laboratory?

The goal of this study is to overcome the limitations of the prior frameworks. For
example, the HARISM framework, which facilitates outdoor safety monitoring, is unable to
adequately represent the intricacy of interactions that occur in the actual world. Addition-
ally, issues like the best location for sensors, local conditions-appropriate communication
protocols, or an easily modifiable architecture must be considered. In addition, this study
aims to improve emergency response, particularly in settings such as science laborato-
ries [23]. Hence, this paper presents the teacher and student insights on using the LSA
framework to achieve safety inside the laboratory, and how integrating the suggested
interventions with the framework can lead to providing a secure laboratory for teaching
students the practical skills of conducting scientific experiments. The structure of this paper
is as follows. In Section 2, we provide a comprehensive review of the literature on various
dimensions of risky behaviors in science laboratories, the aspects of participatory design in
education and research on social robotics, and the application of social robotics to solve
various education problems. Section 3 describes the LSA framework and its components.
Section 4 presents the details of an evaluation experiment, the results of which are presented
in Section 5. The implications of these results are discussed in Section 6, and the conclusions
are presented in Section 7.

2. Literature Review
2.1. Social Robotics in Education

Robots, particularly humanoid and social robots, have many uses in education. For
example, they are applied to STEM (Science, Technology, Engineering, and Math) educa-
tion [24], language learning and teaching [25], vocabulary development [26], as teaching
assistants [27], as tutors or peer learners [28], etc. They have also been involved in the de-
velopment of complex educational applications such as knowledge tracing and predictive
decision-making [29], robot-assisted learning (RAL) agents and r-learning services [30],
and learning experience through social interaction with learners. In facilitating learning
and teaching, robots are used as the latest forms of technology. The benefits of a social
robot together with virtual pedagogical agents (such as laptops, tablets, or phones) and
intelligent tutoring systems include facilitating student learning and improving educa-
tional performance, personalizing the curriculum for students with diverse needs [28], and
adding social interaction to the learning context in some specific cases [27].

Social robots are specifically designed to interact and communicate with humans,
either autonomously or semi-autonomously. Social robots allow human interaction to
be more natural than other forms of technology due to their appearance, which is often
humanoid or in the shape of an animal [25]. Due to their physical appearance and intelligent
features, they are relatively easy to use when exploring ways of solving educational
problems. In education, they have been shown to be effective in increasing cognitive
and affective outcomes and have achieved outcomes like those of human tutoring on
restricted tasks [28]. Furthermore, they have been shown to reduce the level of anxiety
of students and offer a more positive attitude toward learning [26]. In recent years, a
special focus on affective aspects such as student motivation and their responses to robot
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social behavior has been noticed. Studies comparing students’ motivation levels in a
robot-assisted classroom versus a traditional classroom found higher student motivation in
robot-assisted classrooms compared to traditional classrooms [25,31]. Robots that exhibit
social behaviors are explored primarily in education, although robots that do not exhibit
social elements can also be used as educational tools [32]. In general, robots, social or of
other types, are a natural choice when learning materials are required that employ direct
physical manipulation of the world. Despite having numerous benefits, there are several
challenges in using robot-assistive technologies to support education.

2.2. The Effectiveness and Challenges of Robot-Assisted Interventions

In recent years, social robots have grown out of traditional uses and are being deployed
for novel applications, such as robot-assisted intervention. For example, research in 2019
led to Shukla et al. (2019) developing a robot-assisted mental health intervention tool [33].
The researchers evaluated the efficacy of the tool by assessing its impact on users and their
caregivers and found a significant reduction in the caregiver burden. However, they also
noted the need to provide special training to caregivers to take full advantage of the socially
assistive robot in cognitive rehabilitation.

Another study in 2020 applied the collaborative design approach to develop a socially
assistive robot-based education intervention aimed at children with autism [34]. The
researchers found that in helping students with autism, the sensory rewards provided by
the robot elicited more positive reactions than verbal praises from humans.

Another example is provided by a 2022 study, which focused on elementary school
children with specific learning disorders and developed a robot-assisted intervention tool
to improve their academic performance [35]. They found that humans and Nao robots have
comparable effectiveness in teaching these children. They also found that the Nao-assisted
intervention was as effective as the gold standard intervention for this group of children.

2.3. Risky Behaviors in Science Laboratories

Laboratory staff, such as instructors or lab assistants, are essential in avoiding acci-
dents. However, each function they perform within the science laboratory has significant
limitations. To keep users in a safe environment, educators can create a written safety
policy. In addition, they have the power to prohibit students from using the laboratory
until they have passed a test designed to gauge their familiarity with that procedure. As
students require some experience to connect what they learn with what they encounter in
the lab, there are several barriers to providing them with a secure environment. Each time
a novel substance is used in the lab, the procedure must be reviewed, which adds time and
effort. Although laboratory staff can keep an eye on every student at once, this nevertheless
makes the science experiments uncomfortable for the students. Before students begin their
work, lab staff can quickly verify that they are safe inside the lab. However, they cannot
always remain with students to monitor dangerous behavior while conducting studies.
Using social robots like Misty II, all these problems can be solved with ease. Depending
on how many robots can perform the tasks correctly, Misty II can supervise every student
all the time. Table 1 below shows how Misty II’s capabilities can help with safety issues in
science laboratories.
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Table 1. Laboratory safety issues and Misty II’s capabilities [36–39].

Hazardous in Science
Laboratory Secure Procedures Staff Roles for Lab

Security Misty II Capabilities

• Explosion
• Biological exposure
• Toxic exposure
• Asphyxiation
• Electrocution
• Fire
• Vehicle accident

Design lab policy
Yes, but it will take more
time and work to update
the instructions.

Yes, it can

Training Yes, one once for all
instructions is possible.

It can be used once for all
instructions and once for
every experiment.

State of safety, unwanted
behavior There is nothing to do. Motivation to keep going

Giving Alarms, failures,
number per time period When it is done

Prior to acting to stop risky
behavior or come up with
a solution

Exposure dangerous
materials/activities When it is done

Before it is done to stop
risky behavior or find
a solution

Incidents, number Sometimes May constantly offer data
and specifics for analysis.

Leakage, number, amount Before users begin working
It can keep track of the
quantity before and
throughout the work.

Fires, explosions,
number, costs When it is done

Climate change can readily
identify potential fires
before and when
they occur.

Process design, failures Yes, be given Yes, can be given

Maintenance, quality
control, failures Yes, be given

Increase maintenance time
by providing sufficient
knowledge to address
potential threats.

Tests, failures Safety
system, frequency
of activation

can be discovered with
more work. Easily discovered

Dynamic risk management
(Update estimated risks;
test the change; show
residual risks)

More time and effort
are needed. Can easily provided

Because the dynamics of quantitative and qualitative changes in science laborato-
ries depend on time and space—some substances can be harmful to humans at very low
concentrations, and individual reactions vary depending on several factors, including
the production of toxins—the traditional supervisor inside laboratories cannot fully help
students avoid risks [40]. Research has shown that nearly half of all laboratory accidents
are caused by human factors. Therefore, violations of laboratory procedures, operating
procedures, and negligent operation are the main causes of laboratory accidents [41]. Lab-
oratory workers are at risk of upper extremity musculoskeletal disorders because these
tests often involve ergonomic risk factors, such as prolonged or repetitive manual activi-
ties, non-neutral upper extremity posture, and forceful exertion [42]. Causal factors that
contribute to laboratory accidents often include unsafe practices and conditions. Recently,
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comprehensive and rigorously standardized engineering and administrative controls, such
as regular safety inspections, have been implemented to address hazardous conditions.
Despite these efforts, laboratory-related accidents are still widely reported [43].

For this reason, we identified the main factors that cause accidents in science laborato-
ries. Based on our empirical data, we found that students do not use appropriate personal
protective equipment; students do not always wear safety glasses during experiments;
students do not wear aprons; students stand for long periods of time; students sit for
long periods of time; and students leave open flames exposed, all of which are dangerous
behaviors. However, it is beyond the current capabilities of social robots to monitor all
these diverse behaviors. Therefore, this study focuses on dangerous behaviors related to
people, the environment, and experimental equipment. For example, students wear aprons
in the laboratory or conduct experiments for long periods of time without any interaction.

2.4. Participatory Design and Co-Design Approaches in Social Robotics

Designing robot assistive tools/software is often a multidisciplinary activity because
of the broad knowledge required from different scientific domains, including a deep under-
standing of human behavior and intelligence. According to the pioneers of social robotics,
Cynthia Breazeal, Kerstin Dautenhahn, and Takayuki Kanda, “the design of technologies
and methodologies of social robots is informed by robotics, artificial intelligence, psychol-
ogy, neuroscience, human factors, design, anthropology, and more” [44]. Therefore, it is
important to work with a diverse team, including end users, to specify the appropriate
user requirements. Although various approaches are being tried to address these problems,
easy-to-use tools or artifacts that facilitate multidisciplinary collaboration to design robot
assistive technologies are still scarce [22].

In social robotics research, Participatory Design (PD) is a practice of User-Centered
Design (UCD) in which multiple stakeholders contribute to the design process as active
co-designers [45]. In general, the participatory design approach starts with collecting initial
information through interviews or surveys, which is shared among participants as the basis
for the design. Then, new information is gathered to design tools or interventions for a
particular set of users or scenarios. Participatory design offers several advantages, including
examining users’ needs, challenging assumptions, encouraging reciprocal learning, and
creating innovative ideas [46,47]. By treating stakeholders as designers rather than as end
users, researchers increase their ability to frame and solve problems and create value [47].

There are many instances where a participatory design approach has been successfully
applied in the robot-assistive education and human–robot interaction domains. A 2016
study used the participatory design of social robots to build service robots that can perform
various services inside buildings [48]. Their design goal was to guide a blind person
when entering a building. Their experimental results suggested that the participatory
design process they adopted can benefit the robot design for blind people. A 2017 study
used the participatory design of social robots to understand the learning behaviors of
older adults with depression [49]. This study was based on self-identified questions and
concerns of the participants and developed robot concepts according to the interpretations
of the participants of the capabilities and potential applications of robotic technologies.
A 2020 study applied a participatory design process to develop a robotic tutor to assist
with sign language learning for children with autism [34]. This study provided a set of
design guidelines and ethical considerations for the participatory design process of social
robots. Their pilot study revealed that children with autism and their companions had
positive experiences with the robot. Using participatory design, a 2019 study focused on
community-based robot design for dementia caregivers [50], and found (i) the context
of dementia robot design to give a more prominent role to informal family caregivers
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in the co-design process, (ii) new design guidelines that contextualize robots within the
family caregiving paradigm, and (iii) connections between certain robot attributes and
their relationship to the stage of dementia a caregiver is experiencing. These findings could
lessen emotional labor or provide redirection during emotionally difficult times, as well as
facilitate positive shared moments.

We found several studies in which robotic-assistive technologies are explored in
education. However, we did not find any recognized studies in which robots, social or
other kinds, are used in the context of science laboratories, specifically to identify human
errors, reduce laboratory accidents, provide support to students in the absence of the
teacher, offer social companionship while an experiment runs for a long period of time, or
monitor students’ behaviors. Therefore, our work bridges the literature gaps and brings
new dimensions to address these limitations.

3. Methodology
Research indicates that nearly half of laboratory accidents are caused by human factors,

such as the violation of laboratory protocols, operating procedures, and careless opera-
tions [41]. Hence, it is essential to have a framework that can identify key factors for labora-
tory accidents, guide students, teachers, and technical staff on their roles to avoid/prevent
them, and define the roles of technologies in the laboratory to bring health to the laboratory.
From that point of view, we designed the Laboratory Safety Assistant (LSA) framework [21].
In designing this framework, we adopted a four-step user-centered co-design approach.
Using the user-centered co-design approach, we identified the risky/dangerous behaviors
that could cause harm, set the user requirements, and defined the characteristics of the
framework by putting in the appropriate components.

3.1. A User-Centered Co-Design Approach

In designing new technological tools, the term co-design is often used as an umbrella
for participatory design, co-creation, and open design. According to Steen (2013), co-design
involves organizing open innovation processes in which users share and combine ideas
and knowledge or engage users as participants in the design process [51]. Co-design is
one of the best ways to design solutions because design itself remains a social process by
including a variety of approaches, from research-oriented to design-oriented (e.g., using
creative tools) and emphasizing user participation, to approaches in which researchers
and designers develop user-oriented to participatory design. The co-design approach we
adopted is for the end-users and with end-users. Figure 1 shows the processes of the
user-centered co-design method used to design the LSA framework.

The co-design process has four steps: contextual inquiry, consultation with teachers
and students, the design of the interventions using a participatory design method, and
intervention prototyping.

Contextual inquiries: The contextual inquiry method was introduced by Hugh Beyer
and Karen Holtzblatt to resolve the drawbacks of other qualitative research methods such
as surveys and interviews [52]. The objectives of our contextual investigations were to
define the educational contexts and identify preliminary design challenges. To better
understand the context, the authors physically visited science laboratories. Our visits
were limited to Biology and Chemistry laboratories and involved in-depth observation
and interviews of a small group of users to gain an understanding of work practices and
behaviors. Contextual inquiries to science labs revealed hidden insights into the work of
students that may not be available through other research methods. These include how
students perform their assigned tasks, how student–to–student interactions and student–
to–teacher interactions happen during experiments, and how students interact with the
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instruments used for conducting experiments. Figure 2 shows the laboratory environment
of a university in Egypt. Figure 2a shows a teacher experimenting, whereas Figure 2b
shows some instruments used by the students to conduct experiments.

Figure 1. The co-design process. Reprinted with permission from ref. [21]. Copyright 2024 IEEE.

   

(a)  (b) 

Figure 2. Contextual inquiries: (a) Teacher is conducting an experiment. (b) A biology laboratory.

Consultation: In co-design, consultation methodology is a process in which relevant
stakeholder views are sought, but the final decisions are made by others [53]. In our
consultation study, we visited a biology lab and interviewed students and teachers, who
were put into a co-design group to support our design process. During the consultation,
we informally asked students and teachers about their opinions and perspectives on risky
behaviors and the role of a robot-assisted intervention. These topics included the following:

1. Are you familiar with, or have you heard of, laboratory accidents?
2. What is your typical day in the laboratory like?
3. How do you define risky or dangerous behaviors in the lab?
4. What should, or should not, a student do while an experiment is in progress?
5. What measures are taken by the teacher to familiarize students with the haz-

ardous apparatus?
6. What do you think about having a social robot in the lab?
7. What are your positive and negative impressions of social robots?
8. What are the general issues and challenges that you face in the laboratory?

The feedback we received from the consultation step helped us to understand the
user requirements required to overcome the challenges. The empirical data obtained in
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the contextual inquiry and consultation steps yielded two key outcomes: identifying the
risky/dangerous behaviors in the science laboratories, and a set of user requirements. Our
collected data indicated that students

(a) Do not use appropriate personal protective equipment;
(b) Do not wear goggles during the experiment;
(c) Do not always wear safety glasses;
(d) Do not wear an apron;
(e) Do not stand for long periods;
(f) Do not sit for a long time;
(g) Do not leave an open flame unattended.

All of these should be classified as risky behaviors. Our study focuses on risky behav-
iors that involve humans, the environment, and experimental equipment. For example, a
student can wear an apron in the lab or can conduct experiments for a long time without
any interaction. To specify a set of user requirements, we considered the needs of academic
supervisors (i.e., teachers). The resulting user requirements for the framework are shown
in Table 2.

Participatory design: To meet user requirements, this step aimed to design three in-
terventions using the Design Based Research (DBR) approach, which applies iterative
designs to develop knowledge that improves educational practices [54]. The process of
design-based research involves providing solutions (known as interventions) to an educa-
tional problem. Using this approach, we designed three robot-assistive interventions (also
called dashboards) for the LSA framework, which are a key component of our proposed
framework. The subsection ‘The LSA framework and its components’ provides further
details on them.

Prototyping of the interventions: We adopted a blue-sky research approach in this step;
however, the goal of this step was to have interventions running in real-time. Blue-sky
research is distinct from applied research, which aims to develop or advance technologies
to solve a specific problem or create a new product. Blue-sky research describes research
driven by a desire to advance our scientific understanding, without necessarily considering
specific real-world applications [55]. To better understand scientific needs, we proceeded
with blue-sky research, hypothesizing that the interventions we design will assist teachers
in identifying human errors made by students in the laboratory. Our approach here was to
use the iterative nature of blue-sky research to collect data from students and teachers to
generate a new intervention(s) to conceptualize the design.

Table 2. A set of user requirements [21].

Area Requirements

Analysis and
improvement of
at-risk behavior

The intervention system should detect students’ risky behaviors that could cause
human errors during experiments.

The intervention system of should monitor the student’s behavior so that the teacher
can interpret how the student is performing during the experiment.
The social robot should provide direct feedback to the student if the student’s behavior
is risky, or if the student is violating the laboratory safety guidelines.
The intervention system should identify safe behaviors that will guide the student
toward safety practice early in the semester. This will potentially lead the student to
practice safe behaviors whenever they are exposed to hazardous environments.
The social robot should check if students are meeting the prerequisite to an experiment
(for example, wearing an apron, wearing gloves, and putting goggles on).
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Table 2. Cont.

Area Requirements

Physical activity and
proximity

The social robot should track the patterns of physical and social activity during the
experiment and continue learning. It should also continue to calculate the safe
proximity for the student.
The social robot should provide responses through vocal interaction or by intervention
when the student’s physical activity and/or proximity could cause an accident.

Monitoring

The social robot should track the patterns of physical and social activity during the
experiment and continue learning. It should also continue to calculate the safe
proximity for the student.
The social robot should provide responses through vocal interaction or by intervention
when the student’s physical activity and/or proximity could cause an accident.

Environment check

The social robot should check whether the lighting in the lab is adequate or not.
The social robot should check if dangerous materials such as gas cylinders are placed in
an appropriate place.
The social robot should check if the laboratory has an emergency exit.

Assisting

The social robot should encourage behaviors that prevent tiredness (for example, take a
coffee break or drink water).
The intervention system should help the student show their recent behavior and
behavior patterns.
The intervention system should show a student’s behavior patterns in a timeline with a
daily, weekly, and monthly overview.
The intervention system should help a student by showing the common mistakes that
he/she is making to prevent human errors in the near future.
The intervention system should provide students with the most important safety
instructions before starting the experiment.
The social robot should ask the student some questions and from the feedback decide
whether the student is ready to conduct the experiment or not.

Social companionship

The social robot should support the student by making small talk, giving positive
compliments, and encouraging the student to boost his confidence level.
The social robot should interact with the student when the student is experimenting for
a long time without interacting with peers or without taking breaks.
The social robot should motivate and remind students to do their daily tasks.
The social robot should remind the student of birthdays and upcoming meetings.

Student–intervention
interaction

The intervention system should collect all interactions that occur between the student
and the intervention and send this data to the database for further analysis.

Teacher–intervention
interaction

The intervention system should collect all interactions that occur between the teacher
and the intervention and send this data to the database.

3.2. The LSA Framework and Its Components

As stated earlier, a user-centered co-design approach is adopted to design the LSA
(Laboratory Safety Assistant) framework. The LSA framework is made up of a socially
assistive robot called Misty II Plus, a Behavior Detection and Analysis (BDA) server, and
the interventions. (Figure 3) shows an overview of the framework.

Misty II Plus as the social robot: A social robot developed by Misty Robotics, Misty II
Plus can express a range of emotions, from joy to sadness, using its eyes and vocalizations.
Misty can also communicate curiosity or excitement by moving its head, neck, and arms.
It allows users to interact verbally using on-board speech recognition. Moreover, Misty
II Plus can move autonomously and dynamically in its environment using the 3D maps
it creates. It has advanced built-in sensors that include an infrared projector, a 4K video
sensor, six capacitive touch panels, eight time-of-flight sensors, six bump sensors, and two
internal inertial measurement units (IMU). Our Misty II Plus also has an Arduino Backpack,
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which allows us to build a customized environment for integrating new hardware and
new sensors, thereby enabling Misty II Plus to interact with the physical world in a more
interactive way. Using these advanced sensors, the robot can interact with the environment
and collect human–robot interaction data, which can be used to assist a person in the lab.

 

Figure 3. The LSA framework. Adapted with permission from ref. [21]. Copyright 2024 IEEE.

We still do not fully understand how students feel about the collection and use of their
data. Students often worry about how much their personal information is monitored and
used by educational institutions. Educational institutions still need to establish explicit
policies and permission processes that notify students of the information being collected,
how it will be used, and who will have access to it. Undoubtedly, a social robot can provide
students with all the information they need to lessen their anxiety about their data [56].
Misty II has a flexible open robotics platform that comes with a wide range of programming
tools. It is perfect for investigating concepts of computer science and engineering because
of its sophisticated sensors and HTTP API endpoints. By completing the psychological
activity that promotes wellness, Misty also significantly contributes to coaches connecting
with the robot to receive instructions. Investigating the possibility of implementing robotic
tutoring in the real world is crucial [57].
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Behavior Detection and Analysis (BDA) server: This is where Misty’s sensor data and
interaction data are analyzed. The BDA server processes the events acquired by Misty II
Plus sensors, and the interactions that occur between the teacher and the intervention, and
the student and the intervention. The BDA server comprises many Relational Database
Services (RDS) that use MySQL as their query language.

Interventions: Using Design-based Research (DBR) methods, we designed three robot-
assisted interventions (dashboards) to assist students and teachers in science laboratories
(Figure 4). Each intervention is an analytics dashboard on a tablet PC for both the student
and the teacher, which aims to monitor a student’s behavior and assist him/her in con-
ducting laboratory experiments safely without the teacher or the lab technician being
present. It also aims to send analytical feedback to the teacher intervention screen so that
the teacher can monitor individual students. Meanwhile, the Misty II robot assists as a
social companion.

   

 

Figure 4. Dashboards of the LSA framework. Reprinted with permission from ref. [21]. Copyright
2024 IEEE.

The first intervention/dashboard is to detect five basic safety measures. They are
(i) detecting whether or not a student is wearing goggles during the experiment, (ii) check-
ing whether or not a student is wearing gloves during the experiment, (iii) checking if the
student is wearing appropriate footwear in the laboratory, (iv) checking whether a student
is wearing an apron in the laboratory, and (v) checking if a student checks on the check
sheet and sets the day’s goal. The BDA server uses data from the 4K video sensor, twin
infrared global shutter cameras (30 fps), and an infrared projector to visualize them on
the dashboard.

The second intervention/dashboard has advanced functions to support students in a
science lab. For example, this dashboard can (i) report on the number of risky behaviors a
student performs in a day, (ii) report on the number of risky behaviors a student performs
in a week, (iii) report on the number of risky behaviors a student performs in a month,
(iv) measure and report the temperature near the experimental area, and (v) report on how
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long the student is conducting experiments without interaction with a human or a robot.
This dashboard is designed to have a graph for frequently made errors (that is, which risky
behaviors are frequently made by the student), and a radar chart to provide information on
the type of interaction that happens in the lab. This dashboard can also inform the teacher
if a student is talking on the phone for more than the optimal time. Moreover, it checks
whether there is a flame in the experimental area, calculates the proximity of the student to
the table, and provides feedback on it. To generate these results, data from multiple sources
such as heat sensors, a temperature screening assistant, a 4K video sensor, three far-field
microphone arrays, and two internal inertial measurement units (IMUs) are captured and
analyzed in the Behavior Detection and Analysis (BDA) server.

The third intervention/dashboard implements four main functions; namely, infor-
mation, scan, help, and alert. The information function visualizes information about the
experiment and the risks associated with it. The scan function checks and anticipates
dangerous situations related to the lab, the apparatus, and the trash. In this regard, since
trash is essential, Misty II Plus could help students understand how to eliminate various
dangerous substances that students might use. The help function allows the students to ask
for help from the supervisor or the assisted robot. For example, the supervisor can connect
to the intervention to send messages that could help students be safe during emergency
situations. Regarding the alert function, students may receive sound, flash, or both sound
and flash whenever the robot detects risky behavior. Using this function, the robot can
send a flash signal to the students to alert them to potentially dangerous situations. The
audio alert can be based on speech or just alarm sounds.

4. Evaluation Experiment
4.1. Objective

This experiment aimed to evaluate the use of social robots for science students. Using
a co-design approach, we asked students about their prior experiences and expectations
about social robots and their expectations about using socially assistive robots to improve
lab safety.

4.2. Participants

Twenty students (18–27 years) participated in the experiment. Nine participants
were enrolled in a Japanese university (eight Japanese and one Chinese national), and
eleven in an Egyptian university (all native Arabic speakers). Fourteen participants were
undergraduate students who used a science lab regularly and had prior experience with
social robots and the use of robots in education. Six participants were master’s degree
students at a Japanese university. Eleven participants were majoring in Instructional and
Information Technology: five participants were registered in Information and Computer
Science, five participants in Electrical and Electronic Engineering, and one participant
in the Department of Bioscience. Seventeen participants had adequate English language
proficiency; they received information in English and answered the questionnaire in English.
Three participants, whose English proficiency was not sufficient, interacted through a
teacher who was fluent in English and in the native language of the participants. All
participants had some experience working in a science laboratory, and each described
at least one possible accident in a science laboratory. Participation was voluntary and
participants received no compensation.

Although there were only twenty participants, there is precedence in working with a
small number of participants in the medical domain during initial investigations [58,59].
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4.3. Procedure

The experiment was conducted in two stages: The first stage was an initial experiment
to understand the risky behaviors that need to be avoided to maintain a safe environment
in a scientific laboratory. We asked teachers to specify risky behavior within scientific
laboratories and how to help students control these behaviors. The second stage was
to ask students about their prior experiences and expectations about social robots and
their expectations about the use of socially assistive robots to enhance lab safety using
the System Usability Scale (SUS). Quantitative methods, including surveys, were used
to collect demographic data on the students who participated in the experiment. Before
presenting the interventions to the participants, they were asked to specify their previous
experiences with social robots, as well as their expectations about the capabilities of social
robots for achieving safety within scientific laboratories. This information was gathered
using a Before-Interaction Questionnaire (BIQ). Then we presented the interventions to the
participants, explained the LSA framework, and allowed them to interact with Misty II Plus.
After this step, participants were asked to answer an After-Interaction Questionnaire (AIQ),
which used the system usability scale (SUS) to receive feedback. Participants answered
12 questions about their understanding of the suggested interventions to improve safety
in science laboratories by ranking each item on a Likert scale of 1 (strongly disagree) to 5
(strongly agree). Figure 5 shows the procedure of the experiment.

Figure 5. Steps of the experiment.

4.4. Method and Materials

Apparatus: The Misty II robot was created by the Misty Robotics company. It detects
and recognizes faces taken by the camera in her visor using a module built on the Snap-
dragon Neural Processing Engine. Misty II is a 36 cm-tall robot designed to be a social
companion and enhance the human–robot combination. Microphone specifications of the
Misty II include a sensitivity polar pattern (omnidirectional), a signal–to–noise ratio (SNR)
(64 dB), sensitivity (−26 dBFS), and a power supply reaction (PSR) (−70 dBFS). These
devices offer significant benefits for the overall acceptability of the system. Robotics for
active and assisted living should be easily customizable to meet the needs of the user and
adapt to changing environments [60]. It can function in inadequate lighting conditions and
at three distinct degrees of head tilt. When Misty’s RGB camera turned on by itself, an ML
algorithm evaluated the captured image for human detection. If a person was successfully
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identified, the system recorded their location; if not, it was muted for a while before starting
the localization process again. The parameters of the SONY IMX214 RGB Camera were
as follows: Power supply (Analog 2.7 V; Digital: 1.0 V and 1.8 V), Operating Temperature
(−20 ◦C–+70 ◦C Module size 8.5 × 8.5 × 6.15 mm (L × W × H)), Camera mass (Lens
Specifications Total pixel number 4224 (H) × 3200 (V)), Field of view (FOV) (Horizontal
63.2◦ Vertical 49.0◦ Diagonal 75.0◦), Image sensor size (1/3 inch), Ensemble of localized
features (EFL) (3.86 mm). Previous tests carried out by the authors confirm that the best
algorithm for human detection using the Misty RGB camera in an indoor scenario is the
YOLO-v3 algorithm (99.9%) [61].

Transcript: To guide the participants, we prepared a transcript that contained the
following information: (1) the purpose of the experiment, (2) social robots, (3) Misty
as a social robot, (4) the LSA framework, (5) the interventions, and (6) the informed
consent. For Japanese participants, the explanation was given in English, but a Japanese
translation (prepared by a native Japanese speaker) was also provided. A similar strategy
was used with Egyptian participants. The same transcript was used with the Japanese and
Egyptian participants.

Before Interaction Questions (BIQ) consisted of forty-eight questions. Ten of the forty-
eight questions were about demographic information about the participant. Other questions
were about their previous experiences and expectations about social robots, and expecta-
tions about the use of socially assistive robots to improve lab safety. Google forms were
used for the questionnaire. https://docs.google.com/document/d/1KXKCCfWMQBZ7
MdAxADg4sUNWR4IVECQ6fh-xxgXZIaU/edit?usp=sharing (aceesed on 17 June 2025).

Videos: We chose ten videos to introduce Misty II Plus to the participants. The videos
showed: (1) Misty Robot. (2) What does Misty do? (3) Misty’s many capabilities. (4) Misty’s
unique personality and expressions. (5) Misty II feature breakdown: computer vision.
(6) Temperature screening assistant for Misty II at Misty Robotics. (7) Misty II feature
breakdown: voice interaction and speakers. (8) Misty II feature breakdown: mapping
and navigation. (9) Misty II, Social distance, and sanitizing. (10) Misty II—Conversation
Skill (V2). We chose these videos considering many factors, such as many participants
experiencing Misty II for the first time, keeping complex and irrelevant features out, and
using shorter-length videos. We used videos available on YouTube. The videos used for this
experiment can be accessed from here. The total lengths of those ten videos were 16 min
and 34 s (1st clip: 29 s 2nd clip: 1 m 33 s; 3rd clip: 1 m 47 s; 4th clip: 23 s; 5th clip: 2 m 59 s;
6th clip: 1 m 29 s; 7th clip: 3 m 10 s; 8th clip: 3 min 2 s; 9th clip: 1 m 6 s; and 10th clip: 36 s).
Figure 6 shows the setup used in Japan to show the videos to the participants.

Interaction with Misty: In Japan, participants were asked to interact with a Misty II
Plus robot. However, participants in Egypt were unable to interact. During the interaction,
participants were asked to touch the robot, feel its humanoid body, talk to it, and ask
questions. There was no time limit for the participant to interact with the robot. (Figure 7)
shows the participants interacting with the robot.

Interventions: We prepared an iPad for the experiment and showed the interventions
we designed. Participants were allowed to zoom in and out so that they could see the
features closely. There was no time limit for the participants to experience the dashboards
on the iPad. We also printed the interventions on paper. Figure 8 shows a view of the
participants in the interventions.

https://docs.google.com/document/d/1KXKCCfWMQBZ7MdAxADg4sUNWR4IVECQ6fh-xxgXZIaU/edit?usp=sharing
https://docs.google.com/document/d/1KXKCCfWMQBZ7MdAxADg4sUNWR4IVECQ6fh-xxgXZIaU/edit?usp=sharing
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Figure 6. Participants watching the video during the experiment.

 

Figure 7. Participants interacting with Misty.

   

(a)  (b) 

Figure 8. Interventions experienced by the participants (a) on printed paper, (b) on iPad Mini.
Reprinted with permission from ref. [21]. Copyright 2024 IEEE.
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5. Results
We present our findings in two major areas: (1) Participants’ expectations for social

robot capabilities in achieving safety within scientific settings. In the first stage, students
provided input to implement the suggested interventions in the social robot using the LSA
framework. (2) Test the usability of the system using SUS after providing the intervention
to the users. This helps us to understand how the proposed interventions might be
implemented in social robots to improve safety in the scientific laboratory while conducting
scientific research.

5.1. Expectations on the Use of Social Robots to Achieve Safety in Scientific Laboratories

To define the participants’ expectations for implementing the suggested solution
using social robots to provide a safe laboratory for scientific inquiry, students filled out
a questionnaire (see Supplementary Materials) with 42 questions regarding their prior
knowledge about socially assistive robots and their expectations for how socially assistive
robots can create a secure environment in the scientific laboratory. Data about the use of the
questionnaire was obtained as follows. Eleven elements provided qualitative data to give
reasons for students’ choices. Thirty-one items of quantitative data provided answering
these questions led to a better understanding of the prior experience of the students about
their previous experience in using science laboratories, what types of accidents that may
occur inside these laboratories they know, why these accidents happen, and what they know
about assistive social robots that help them to be safe in science laboratories. The student’s
score to answer the question was a maximum of 155, and the median score, 93 points. The
scope of the questions on the questionnaire was administered online after the interventions
ended. The score of the experimental group was compared with the median score of
the questionnaire. The Wilcoxon signed-rank test was used to further evaluate students’
expectations for social robot characteristics that lead to safety in scientific facilities. At the
same time, students proposed ways to incorporate the suggested interventions into the
social robot using the LSA framework.

According to the Kruskal–Wallis test, there are no significant differences between
groups in the social robots’ capacity to improve safety and sharing emotional interactions
between students and the social robots in science labs. The students’ perceptions regarding
the capabilities of social robots and the improvement of safety in the science laboratory
were as follows: χ2(1) = 1.007, p = 0.316, with a mean rank for group 1. (9.42), and for
group 2. (12.13). A Wilcoxon signed-rank test was performed to evaluate the participants’
expectations about how the integration of the suggested intervention into the LSA frame-
work can provide a socially assistive robot that provides us with a safe environment in the
scientific laboratory (median = 106.5, Z = −2.39, p < 0.05, r = 0.53). Furthermore, the sum of
the positive difference scores (169.00) was higher than the sum of the negative difference
scores (41.00), demonstrating a positive impact of the participants’ expectations about the
use of the capabilities of social robots to provide a safe laboratory. The median, in our view,
is significantly better for non-parametric tests: (Mean = 84.40, Median = 87, SD = 19.92) for
the pre-test and (mean = 103.45, Median = 106.5, SD = 12.77) for the post-test. These results
indicate that the effect size of using the suggested intervention is large in enhancing safety
inside the scientific laboratory by using a social robot.

The Kruskal–Wallis test results indicate that there are no significant differences be-
tween groups in students’ perceptions about sharing feelings with the social robot capabili-
ties and improving safety in the science laboratory. They are are as follows: χ2(1) = 0. 434,
p = 0. 510, with a mean rank for group 1. (9.79), and for group 2. (11.56). A Wilcoxon
signed-rank test was performed to evaluate the experiences of participants about sharing
feelings with a social robot that supports us to provide a secure environment in the sci-
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entific laboratory (Median = 22.5, Z = −2.36, p < 0.05, r = 0.53). The median, in our view,
is significantly better for non-parametric tests: (Mean = 21.65, Median = 22.50, SD = 4.27)
for the pre-test and (mean = 24.75, Median = 26, SD = 3.02) for the post-test. Furthermore,
the sum of the positive difference ranks (168.00) was larger than the sum of the negative
difference ranks (42.00), demonstrating a positive impact of the participants’ expectations of
using the abilities of social robots to share feelings with students to make a safe laboratory.
These results indicate that the effect size of using the suggested intervention is large in
evaluating the experiences of the participants about sharing feelings with a social robot
and how it can support students to be in a safe environment in the scientific laboratory.
Figures 9 and 10 show an overview of the results to demonstrate that students’ expectations
for robot capabilities and emotional sharing were raised significantly.
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Figure 9. Enhancement of students’ perceptions toward the use of social robots to improve safety in
scientific laboratories.

5.2. Use of Social Assistive Robot for Enhancing Safety in Science Laboratory (SUS)

The parametric t-test for a sample was performed because the Kolmogorov–Smirnov
test confirmed that the data adhered to the assumption of normality (p = 0.56). The
findings indicate a significant deviation of the sample mean from the population mean. The
one-sample t-test assessed whether the mean expectations of the participants (M = 36.40,
SD = 3.17) of sharing feelings with a social robot under the LSA-based intervention for
lab safety differed from the hypothesized mean of 20. The results revealed a statistically
significant difference, t (19) = 3.39, p = 0.003, with a mean difference of 2.4 (95% CI [0.92,
3.88]). This suggests that participants perceive socially assistive robots as enhancing safety
in science laboratories.
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Figure 10. Enhancement of students’ feelings toward the use of social robots to improve safety in
scientific laboratories.

6. Discussion
Despite there having been some attempts to improve the safety in scientific laborato-

ries, these efforts have had numerous drawbacks, and the current study offers valuable
solutions. Detecting hydrogen with sensors has several limitations when applied in real-
world situations [62]. According to the findings, university laboratory safety is a very
interdisciplinary area of study. In contrast to other safety areas, it is within the minority
research sector. Although some new research areas have emerged in the last 10 years,
researchers may still need to contribute innovative concepts, new subjects, and novel ap-
proaches or theories to this area. Such areas of study include emergency response, human
error, safety communication, risk perception, resilience, and safety science in general [3].
This is exactly what we have done in our current study using a robot. Easy-to-use software
and hardware systems to assist in the rapid development and implementation of smart
sensing are important in science laboratories. According to [63], the combined use of
dynamic real-time traceability and information visualization for laboratory safety manage-
ment is still required to provide security within science laboratories, and that is exactly
what we proposed in the current study using a mobile social robot that can detect errors in
a dynamic context.

In this study, we explored the participants’ ideas for designing an intervention that can
be integrated into a socially assistive robot (like Misty II) according to the LSA framework. A
co-design approach based on participant responses was used. The LSA framework provides
an opportunity for the lab supervisor or instructor to use the robot-assisted learning tool to
help students stay safe during potentially hazardous experiments. The robot may converse
using vocal messages and alert sounds, with or without visual indications. This can help
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maintain a safe environment for students. In addition, the teacher or supervisor can provide
synchronous instructions to the students via the robot.

We have contributed to the research on socially assistive robots by providing an
intervention to improve safety inside the science laboratory. To interact effectively in
real-world scenarios, robots must be able to connect and engage users autonomously with
minimal supervision from human professionals. The robot should be able to provide
work instructions, provide formative feedback that responds to what the user is doing in
the present moment, and furnish detailed information on proper and incorrect behaviors.
Effective formative feedback is essential for providing personalized help, supporting skill
improvement, and increasing user engagement [64].

Robots can be used for safety-related risks and opportunities. They can provide a
variety of collaboration safety-monitored stop, separation and speed, force and power
limiting, and hand guiding [65]. Assistive robots can control user behaviors. For example,
robot-assisted task-specific ankle training provides promising effects by allowing one to im-
prove functional muscle, which has a positive influence on the quality of life of children [66].
As a result, we answered the research question: What are the students’ expectations for
improving safety inside a science laboratory with the support of social robots?

Regarding the research question ‘How does sharing the feelings of students affect
the design of a social robot to improve safety within a science laboratory?’ we found that
sharing feelings with a social robot can increase the effectiveness of the robot in achieving
safety within the laboratory. Derakhshan et al. (2025) indicate that AI-powered robots
improved student empathy and communication skills during teaching English for medical
sciences [67]. This can be explained by cooperative resolutions resulting from enhanced
empathy during student–robot conversations. Socially assistive robots with a human-like
face and relatable facial expressions and gestures showed higher engagement levels; those
capable of showing a smiling and talking face showed higher levels of engagement [68].
The study by Louie (2017) proposes a learning-based interaction approach for socially
assistive robots, enabling them to autonomously facilitate multi-user social recreational
activities for novice users [69]. Additionally, it personalizes robotic assistance to enhance
individual user compliance.

The socially assistive robot with the suggested intervention improved safety within the
science laboratory. Consistent with El-Shamouty et al. (2020), the current study found that
the use of an assistive robot can teach students how to securely handle harmful substances
or apparatus [70]. Using robots as an assistive tool in a scientific laboratory creates a safe
environment while also increasing their satisfaction [71]. Breazeal et al. (2004) show that a
social robot can teach a task through cooperative communication and coordinate shared
goals to complete the assignment with the instructor or supervisor [72]. Learning scientists’
perspectives are critical in robot-assisted educational environments. We are confident that
the implementation and application of this framework complements new learning theories.

7. Conclusions
The current study investigated the use of socially assistive robots (Misty II Plus) to

improve safety in science laboratories. Our research highlights three significant results.
Firstly, the LSA architecture helps the lab manager or instructor deploy social robots to
keep students safe during potentially dangerous experiments. Secondly, by giving precise
feedback, socially assistive robots can be used to regulate user actions. Thirdly, students’
emotions can be shared by socially assistive robots, which can improve safety in a research
lab. Human-looking socially assistive robots demonstrated greater levels of engagement.

Finally, we should discuss the limitations of the present study. We believe that in-
creasing the number of participants could yield more information that would help social
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robots better understand the risky behaviors that students may engage in. In addition,
this could give more appropriate feedback based on the different levels of risky behaviors
that students may exhibit. Additionally, recording videos and gathering data for more
than a few weeks may highlight the benefits that users can experience while utilizing the
social robot and framework in various types of educational labs. Future research could
also be conducted to detect risky behaviors in different learning environments, such as
playgrounds. In addition, a study on the use of a social robot to support students while
conducting a specific experiment could provide us with more accurate data on the usability
of the system. More studies in various contexts may lead to a list of criteria for conducting
a specific experiment in a specific context safely by using social robots. In addition, there
is a need to explore the effectiveness of using the suggested framework for using a social
robot while teaching students in primary school and kindergarten.

Supplementary Materials: The following supporting information can be downloaded at:
https://www.mdpi.com/article/10.3390/electronics14132513/s1.
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