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Abstract

Teaching robotics technology is known challenging due to the multidisciplinary nature of the
subject. Leveraging rich robotics instruction videos available online is an effective instructional
approach in assisting the learning process for desirable outcomes especially for the flipped
classrooms. Teaching robotics with embodied learning instruction technique involves the use of
physical embodiment in the learning process for the desirable outcomes. For this purpose, the
selection of high quality videos and understanding of the effectiveness of the embodiment process
is important. Until present, there is however very little research dedicated to the systematic
understanding of the effectiveness of the physical embodiment focused videos and their potential
user engagement in learning robotics. With this research, we have selected 100 Youtube videos
with and without embodied learning components randomly, where the comments of the videos
were also obtained. Overall, there are 22581 user comments for the 50 videos with embodied
learning components. In contrast, there are only 5076 user comments for the videos without
embodied learning components.

The sentiment of Youtube video comments were obtained. The sentiment analysis of the video
comments showed that the use of embodied learning is effective in engaging learning of robotics,
where embodied robotics learning videos receive more number of user comments. In terms of
percentage of the sentiment of the user comments, the use of embodied robotics learning videos
receive less negative user comments in comparison to the conventional robotics learning videos.
In contrast, the use of conventional learning videos receive more positive user comments than the
embodied learning centered videos. Experimental results have shown that the use of embodied
learning centered videos is effective in facilitating the learning of robotics technology. In
summary, our research showed that the use of embodied learning centered videos is effective in
engaging user’s learning. However, the use of the embodied learning centered videos may lack
certain aspects of the learning experiences embedded in the conventional learning centered
videos. This is likely attributed to the confusing instructional examples used in the videos and
lack a clear explanation of the underlying knowledge, which is therefore able to compromise the
learning experiences and the education of the robotics workforce.



Introduction

Learning robotics technology is challenging due to the multidisciplinary nature of the subject,
which involves mathematics, electronics, software, mechanical engineering, and materials
science. One effective way in enhancing the learning is through the use of videos. Studies show
that having students watch rich types of robotics instructional videos is helpful to enhance the
learning outcome in robotics technology related classes1,2. The use of videos is especially
interesting and important for the flipped classroom teaching, where the use of videos plays critical
roles in preparing students for the relevant lectures3.

Throughout the use of videos to enhance learning effectiveness, active engagement and effective
interaction with videos are important through the learning process to achieve the desired learning
outcome. Educational theories such as Piaget’s constructivism and Vygotsky’s constructivism
theories emphasize the importance of active engagement and interaction in the learning process.
Piaget’s theory suggests that learners construct knowledge through experiences and interactions.
Vygotsky’s theory, on the other hand, highlights the role of the interaction and adoption of tools
to facilitate the interaction 4,5. Regardless of the learning paradigms, through the learning process,
we expect to better engage students to promote the active participation and interaction for
maximized learning outcome. Such active participation of the learning process is able to help to
engage the underlying learning activities of students for effective and enjoyable learning
experiences.

Embodied learning is a learning approach where physical and virtual environment through
physical engagement, sensory interaction, and kinesthetic learning are emphasized to demonstrate
the underlying concepts which otherwise find hard to comprehend. This learning paradigm is
particularly impactful for STEM education because it involves hands-on experiences and
manipulation of the physical components throughout the learning process. By engaging learners
physically with the use of posture, gesture, eye contact, facial expression, and real tangible
objects, embodied learning helps learners to bridge the gap of theoretical knowledge instruction
and learner’s perception of the underlying knowledge, thus able to and aiding in better retention
of knowledge6,7. The use of embodied learning can lead to better academic performance,
increased engagement, and more positive attitudes towards learning. It is known that the the use
of embodied learning has significantly improved student performance in STEM fields compared
to traditional lecture-based instruction8. Similarly, embodied learning has significantly improved
student performance in STEM learning 9,10.

Embodied learning is also known particularly beneficial for robotics education. The complexity
of the robotics technology makes it challenging for teaching robotics. Robotics development
requires strong hands-on skills. Such hands-on skills can be well satisfied through the embodied
learning method. Embodied learning has potential to better engage motor skills and memory
retention of the learning process7. Specifically, both motor skills and memory are crucial for
learning of robotics. In robotics education, students do not only learn theoretical aspects of the
robotics technology but also apply this knowledge through activities such as building,
programming, and operating robots. All these processes require significant motor skills through
the process11. Embodied learning has made the learning process motor skills driven, enjoyable,
thereby improving student motivation and participation the learning of robotics 12,9. Embodied



learning is not only applied in physical environment but also in simulation environment. Studies
have involved the creation of virtual lab environment to encourage students in learning
programming and control of robots without the need for physical components. Hence the use of
videos, especially the high fidelity 3D driven demonstration, is known helpful to engage learners
in the environment thus better facilitate the learning 13,14.

Despite the evident benefits of the embodied learning, it is challenging to effectively execute
embodied learning in practice. Embodied learning involves multiple elements including physical
interaction, sensory engagement, kinesthetic learning, and mind-body connections 15,16,17. The
complexity of the multiple components makes it challenging for effective execution of the
embodied learning. Specifically, there is no study dedicated to studying the effectiveness of
embodied learning of the robotics technology. Furthermore, embodied learning also requires the
strong execution capability of the instructors by engaging learners through hands-on skills,
effective visualization, and sensory engagement with students 18,19. The effectiveness of the
learners responses to the embodied teaching strategy needs to be quantified to understand the
impacts of the learning of robotics. Through a clear understanding of the learner’s engagement
with embodied learning, it will help us to design the most effective learning strategy to improve
robotics technology workforce training.

The use of videos through the robotics class instruction is able to address the challenges faced
with embodied learning of the robotics technology in robotics classes. While it is difficult for an
instructor to acquire the necessary hardware, software, lab environment, and related skills to
enable students to learn robotics with embodied learning technique, it is feasible for the
instructors to leverage rich robotics lecture videos featured with embodied learning techniques
readily available on the internet to enable such embodied learning with videos experiences. Such
learning experiences would be strongly beneficial to have students to become ready for the
robotics technology learning. It would be also especially beneficial to the flipped robotics classes,
where students need to watch videos beforehand to make themselves ready for the classes or
laboratories of robotics.

The ability to select high-quality robotics instructional videos is beneficial for enabling effective
learning experiences. The selection of such videos is however challenging, which is time
consuming and tedious. Until present, it is unclear whether the videos featured with embodied
learning or conventional learning technique is significantly different in terms of user engagement,
emotional reaction to the videos, and the learning outcomes from the videos. Manually examining
the video content and video comments by users would take significant amount of time for robotics
course instructors. As such, it is desirable to propose an effective approach to identify such high
quality videos of robotics instruction.

The recent arising of Large Language Model (LLM) is known successful in answering learner’s
questions successfully. More particularly, the use of the LLM for summarizing videos is known
successful20. LLM is able to capture not only the high level summary but also the low level
details of the videos21,22,23. The LLM is able to summarize the video using guidance of learners to
specifically focus on the particular elements of the videos to obtain the desired summary21. With
LLM, it is possible to summarize the video content known associated with the embodied learning
such as physical interaction and sensory engagement therefore to discover the effectiveness of the
embodied learning strategy. Additionally, it is known that LLM is also able to offer unique



strength in understanding the sentiment of learner’s comments on the videos24. The use of LLM
is known able to achieve over 90% of accuracy for sentiment analysis24. LLM has also exhibited
strong strength in sentiment analysis showing a strong generalization capabilities of the sentiment
for the underlying of the tasks25. As such, the use of LLM for both video summary and video
comments sentiment analysis is able to understand learner’s response to embodied robotics
learning.

The project aims to understand the user engagement of videos featured with embodied and
conventional learning methods for robotics technology instruction. By systematically analyzing
user engagement and sentiment toward the video content with the LLM methods, this study is
able to provide a comprehensive understanding of how the videos featured with embodied
learning method impact the learning effectiveness of the robotics technology. For this purpose,
through the utilization of the LLM based data extraction, transcription, sentiment analysis, and
statistical techniques, our research is able to ensure accurate and reliable video analysis for the
desirable research outcomes. We seek to assess whether videos featured with embodied learning
technique is able to better engage with learners in comparison to conventional learning videos.
For this, the quantity and quality of video comments on each type of video were analyzed to
gauge student interaction and participation. Subsequently, sentiment analysis was also performed
to understand the emotional and cognitive responses of both embodied learning and conventional
learning to understand the differences toward the videos. The comparison of sentiment
distribution (positive, negative, neutral) for embodied learning videos versus conventional
learning videos has been performed. We have also performed user study for understanding of the
differences of the embodied centered learning videos versus the conventional learning centered
videos. We have concluded the effectiveness and reception of these two different types of videos,
thus helping instructors to identify high quality videos for their robotics classes.

Methods

0.1 Embodied Video Data Preparation
Comprehensive but random selection process was employed to identify 100 YouTube videos
relevant to robotics education. These videos were categorized into two distinct groups
respectively embodied learning and conventional learning. Through the selection process, we
have paid close attention to reduce the biases for neither selecting biased videos from embodied
learning nor conventional learning. The biases criteria are defined by the length of the videos and
the number of comments for the video. We have not included the videos dedicated for
entertainment purposes. Instead, we have carefully selected the videos that are dedicated for
formal robotics engineering education purposes.

Among the 100 videos, 50 videos featuring embodied learning methods. These videos are
characterized by activities centered by physical interaction, sensory interaction, and kinesthetic
learning. In order to obtain these videos, we use keywords including robotics learning with
physical interaction, robotics learning with sensory interaction, and robotics learning with
kinesthetic learning to search the videos on Youtube. Each video is subjected to manual
inspection to ensure that the instruction method used in the videos is embodied learning.
Similarly, other 50 videos featuring conventional learning methods primarily focusing on



theoretical instruction and visual demonstrations using power point slides and blackboard/white
board were also obtained. Similarly, each conventional video is manually screened to ensure the
correctness of the videos for this category. The selection criteria ensured a balanced
representation of both learning approaches to facilitate a robust comparative analysis.

Figure 1: The examples of videos using the conventional teaching method. It shows the use of text,
image, and diagram centered instruction approach for the teaching of robotics.

It should be noted that the videos emphasizing embodied learning can also involve power point
slides through the entire instruction process. For this condition, the videos focusing on the use of
hardware and gesture through the entire instructional process will be classified as embodied
learning centered robotics teaching. On the other hand, if the videos are more focused on the use
of conventional power point slides instruction with little presence of hardware and gesture based
learning, the videos will be classified as conventional type robotics learning.

The example of videos of embodied learning and conventional learning are shown in Figure 1 and
Figure 2. Evidently, through the use of embodied learning videos, it shows that the embodied
learning has been emphasized through the use of physical interaction, sensory interaction, and
kinesthetic learning. The videos in Figure 1 show the use of videos mostly leveraging image,
text, and diagrams to instruct robots. Through the conventional instructional method, as shown in
Figure 1, it shows that the instructor presents detailed explanations about electronics used for
building the robots primarily relying on PowerPoint slides. Through the conventional centered
learning videos, it doesn’t involve the use of physical construction of robots to assist the teaching.
Mostly, the conventional videos focus on illustrating the concepts and mechanisms of the robotics
technology to audiences.

In contrast, embodied learning videos in Figure 2 show that robotics hardware along with text,



Figure 2: The examples of videos using embodied teaching method. It shows the use of actual
robotics hardware along with others such as text, handwriting, and programming through the in-
structional process.

handwriting, and programming have been used to illustrate the instruction of robotics technology.
Specifically, the involvement of robotics hardware through the instruction frequently involves
gestures shown in Figure 2. Clearly, the gestures are helpful to better illustrate the instructional
process. It is able to augment the learning of the robots making it easily for learners to orient their
attention through the process. The videos included in the embodied learning instruction include
the use of various electronics such as voltage regulator, breadboard, wiring, batteries, LCD panels
to illustrate the DIY process of the robotics hardware. Other components crucial for learning
robotics including remote controller and mechanical frames of the robot are also important for the
inclusion of embodied learning centered videos. It is important to note that the software to control
robot is also included in the embodied learning. As shown at the bottom right of Figure 2, the
learning of robotics Arduino programming involves putting the robot in the scene to facilitate the
learning process of the Arduino robotics programming.

0.2 The Extraction of Video Comments
Our research utilized ”youtube-comment-downloader,” a Python-based tool, to systematically
extract user comments from YouTube videos. The extraction process began with the installation
of the tool using the command: pip install youtube-comment-downloader. Upon successful
installation, the tool efficiently retrieves comments by specifying the target video URLs and the
desired output format. The extraction process was initiated through a command-line instruction:
youtube-comment-downloader –url ”https://www.youtube.com/watch?v=M6yqhDTL3k” –output



comments.json, which fetched comments from the specified video and saved them in a JSON file.
This command-line utility parsed the provided video URL to access the comment section and
iteratively retrieved detailed information about each comment.

The retrieved JSON file contained video comments and the related meta data including the
comment ID, text, timestamp, author, channel ID, votes, and replies of the comments. Such
comprehensive and well structured data facilitate a rigorous analysis of user engagement,
sentiment, and community interactions within the comment sections for the 100 videos.

The research utilized a Python script to process the data in the JSON file. For this purpose, it
extracts text comments from the JSON file. To maintain the integrity of the comments as
paragraphs, internal newlines within the text were removed. The cleaned text was then written to
the output file, with each comment followed by two newlines to ensure proper spacing. It thus
enabled an efficient extraction and storage of the comments in a format suitable for the
subsequent analysis.

For analysis of the comments in the comments JSON file, each comment was analyzed using
OpenAI GPT-3.5-turbo model. Through the use of the GPT LLM model, video comments were
pre-processed to prepare the video comment data for the sentiment analysis. The comment data
pre-processing includes the cleaning of the data. The data pre-processing removed the duplicates
and empty entries. The data pre-processing also removed the non relevant comments to the
learning process such as the advertisement centered or adversary centered comments. This
analysis helped the understanding of viewer engagement by distinguishing between detailed
feedback and general comments of the videos. It thus provides an understanding for the levels of
the user engagement of the videos.

0.3 Sentiment Analysis
Sentiment analysis is a technique used to determine the overall sentiment expressed in a piece of
text, such as customer reviews, social media posts, or emails. This analysis categorizes text into
positive, negative, and neutral sentiments. Sentiment analysis evaluates the comments and
assesses the level of learner’s engagement to learn the robotics instructional videos. Sentiment
analysis helps to understand the attitude of learners towards the content. For instance, the positive
comments indicate the satisfaction of the learning process. In contrast, the negative comments
reflect the dissatisfaction or criticism of the learning process of the videos, and neutral comments
suggest neither satisfaction nor dissatisfaction of the videos.

The comments used for sentiment analysis were pre-collected embodied learning videos and
conventional learning videos. Overall, the dataset comprised 22,581 comments from 50 embodied
learning videos and 5,076 comments from 50 conventional learning videos. This extensive
collection facilitated a robust analysis of viewer sentiments across different educational content
formats, ensuring that the findings were representative and reliable.

The implementation of sentiment analysis was carried out using Python and relevant libraries.
The analysis began with the creation of a sentiment analyzer tailored for English text using the
pysentimiento library. The comments extracted from YouTube videos were then analyzed using
the sentiment analyzer, which predicted the sentiment of the text.



The analysis workflow included initializing counters to record the number of positive, negative,
and neutral comments. As each paragraph was analyzed, the script calculates the probabilities of
each sentiment category, which were then normalized to determine the overall sentiment
distribution. The results were outputted as overall sentiment probabilities and counts, providing a
comprehensive view of the sentiments.

0.4 Experimental Data Analysis
We have also performed a preliminary study with participants for learning robotics technology
with videos. In total, participants have watched 135 videos including 75 embodied videos and 60
conventional videos, where some participants have chosen for watching the same videos due to
their interests of these videos. Comments from the participants were captured following watching
and learning with the videos to express their leaning experiences from the videos, where we have
given the participants instruction to express the most useful achievements and learning outcome
associated with videos and the related confusion attributed to the videos.

The gathered data responses for individual videos underwent aggregation and data cleaning
before combining the different student inputs from each video into one unified set so that we can
analyze the responses effectively by the integration of the duplicated responses of the same video
together. The sentiment analysis of the videos was subsequently performed with a fine-tuned
LLaMA language model for processing the responses, which were shown effective and accurate
for the analysis of the sentiment of the natural language text26,27,28,29.

0.5 Statistical Analysis
The statistical analysis of the sentiment data involved several key steps to ensure the validity of
the results.Initially, the comment data underwent a Box-Cox transformation to normalize the
distribution of sentiment scores which is shown in Figure 3 and Figure 4.

The Box-Cox transformation is a method for stabilizing variance and making the data more
closely approximate a normal distribution, which is essential for subsequent statistical testing.
This transformation was applied separately to the counts of positive, negative, and neutral
comments for both embodied and conventional robotics learning videos. The transformation
parameters λ for each sentiment category were determined, and the results were plotted to
visualize the effect of normalization. Based on the value of λ, the results show that overall, before
the normalization, there is some skewed behavior, especially for negative and neural comments
for the embodied learning centered videos, which has smaller λ values. But after normalization,
the distribution are all approximate to the normal distribution.

Following data transformation, a two-way Analysis of Variance (ANOVA) test was conducted to
compare the sentiment distributions for the different learning methods and comment types. The
ANOVA test was used to determine whether there were any significant differences in comment
counts based on the learning method, the type of sentiment, and the interaction between these two
factors. Specifically, the analysis sought to identify how these factors independently and
interactively influenced the sentiment distributions to evaluate the impacts of learning method
(embodied vs. conventional) and the sentiment of comment (positive, negative, neutral) on the



Figure 3: Normalization of the positive, negative, and neutral comments using Box-Cox transfor-
mation for conventional robotics learning videos.

Figure 4: Normalization of the positive, negative, and neutral comments using Box-Cox transfor-
mation for embodied robotics learning videos.

number of comments for the videos.

Results

The analysis of the total number of comments revealed a significant difference between embodied
learning and conventional learning videos. One hundred embodied learning videos received
81.65% of comments, while the conventional videos received 18.35% comments shown in Figure
5.

The difference between the number of comments of embodied versus conventional types of videos
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Figure 5: Proportion of Comments Across Video Types: Embodied learning videos generated the
majority of comments (81.65%) compared to conventional videos (18.35%), indicating higher user
engagement for the videos chosen for the experiment.

is evident. This substantial difference between the embodied and conventional robotics learning
indicates that embodied videos are able to engage a significantly higher number of learners for
producing comments compared to the conventional videos, suggesting greater viewer engagement
and interaction with embodied robotics learning videos. It is also observed through the videos that
in contrast to the use of conventional type demonstration videos, the use of the embodied learning
centered robotics demonstration videos has been able to better engage more user discussion and
comments across different instructional types of videos including electronics, machine learning,
robotics mechanical design, robotics kinematics, and human-robot interaction.

The sentiment distribution analysis between embodied and conventional videos reveals significant
differences across various sentiment categories. In this research, we have used three different
categories including positive, negative, and neutral comments. Specifically, we have used the ratio
of the specific type comments versus all the comments for the fair comparison between the
different types of sentiment of the users reaction toward the videos.
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Figure 6: Distribution of YouTube video comment sentiments for embodied learning content. The
majority of the comments were neutral (55.13%), followed by positive (35.31%) and a smaller
portion of negative sentiments (9.56%).

The results show that for the embodied learning centered videos, among the total number of
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Figure 7: Distribution of YouTube video comment sentiments for conventional learning content.
The majority of the comments were neutral (55.13%), followed by positive (35.31%) and a smaller
portion of negative sentiments (9.56%).

comments, there are 35.21% positive comments, 9.56% negative comments, and 55.13% neutral
comments shown in Figure 6. It shows that the neutral comments account for the majority of the
comments followed by positive comments and negative comments for the embodied learning
centered videos. In contrast, for the conventional learning centered videos, it includes, 40.17%
positive comments, 12.43% negative comments, and 47.40% neutral comments shown in Figure
7. Similarly, the result showed that neutral comments account for the majority of the comments
followed by the positive and negative comments for the conventional learning centered
videos.

The ANOVA analysis results are shown in Table 1.

Table 1: Sentiment ANOVA analysis of embodied versus conventional learning approaches

Source Sum of Squares df F PR(¿F)

Learning Method 766.276867 1 325.116150 1.83021e-49
Comment Type 292.123585 2 61.971136 3.491095e-23
Interaction Effect 63.280895 2 13.424417 2.635658e-06
Residual 692.938197 294 nan nan

The key findings from the ANOVA analysis are as follows:

• Learning Method - Embodied versus Conventional : The learning method has had a
highly significant impact on the number of comments received by the videos. The statistical
evidence showed an F-statistic of 325.116150 with a p-value of 1.830210e-49, indicating
that the type of learning method used in the videos significantly affected the number of
comments received.

• Comment Type: The type of comment also significantly affected the number of comments.



The F-statistic for comment type was 61.971136 with a p-value of 3.491095e-23,
demonstrating that positive, negative, and neutral comments varied significantly in their
frequency.

• Interaction Effect: There was a significant interaction between the learning method and
the type of comment. This interaction effect had an F-statistic of 13.424417 and a p-value
of 2.635658e-06, indicating that the influence of the learning method on comment counts
was dependent on the type of comments.

These results suggest that both the learning method and the type of comment affected the number
of comments received for the videos. Additionally, the impact of the learning method on
comment counts varies depending on the type of comment, indicating different engagement levels
based on the learning methods used.

The experimental data analysis shows that participants have expressed strong positive learning
experiences with learning robotics with videos. Most of participants have expressed that learning
robotics with videos is a useful learning strategy, which is both convenient and effective. The
sentiment analysis shows differences of the embodied learning centered videos versus the
conventional learning centered videos, where over 22% of participants expressed that the use of
embodied learning centered videos have facilitated their learning of robotics technology. In
contrast, over 18% of participants have expressed that the use of conventional learning centered
videos is also effective.

Discussion

The project aims to understand the user engagement of videos featured with embodied and
conventional learning methods for robotics technology instruction. Specifically, we have
examined the differences of the embodied learning centered videos compared to the conventional
learning centered videos for their engagement with users. This comparative analysis was achieved
by systematically examining user comments and the sentiments of the user engagement. The
study utilized advanced data extraction, transcription, sentiment analysis, and statistical
techniques to ensure accurate and reliable results, providing valuable insights into the
effectiveness of these educational methodologies.

The analysis of the user comments revealed a significant difference in terms of engagement
between embodied and conventional videos. Overall, embodied learning centered videos received
higher number of user engagement in terms of the number of comments received. The higher
number of comments indicate that viewers are more involved and responsive to the video content
that involves physical activities and hands-on experiences. This aligns with the principles of the
embodied learning, which emphasize active participation and physical interaction as the key
factors in enhancing the learning outcomes.

The sentiment distribution analysis further highlighted the differences between embodied and
conventional videos. Embodied videos received less percentage of the negative comments in
comparison to the conventional learning centered videos. This disparity suggests that embodied
learning centered videos generated less negative comments on the videos. However, the
conventional learning center videos generated higher percentage of the positive comments than



the embodied learning centered videos. These findings suggest that embodied videos may not be
able to generate significant number of positive user comments for the videos, but it may be able to
reduce the potential negative comments toward the learning process.

The two-way ANOVA test revealed that both the learning method (embodied vs. conventional)
and the type of comment (positive, negative, neutral) significantly affected the number of
comments received. The interaction effect between the learning methods and the type of
comments indicate that the impacts of the learning method on comment counts varied depending
on the sentiment of the comments. These results underscore the importance of the learning
method in influencing viewer engagement and interaction.

The findings from this study have important implications for the field of robotics education. The
higher user engagement and stronger emotional responses elicited by the embodied videos suggest
that incorporating embodied learning principles can significantly enhance educational outcomes.
By actively involving students in the learning process, it will better facilitate the learning and
prepare students for difficult robotics learning process. It thus aligns with educational theories
such as Piaget’s constructivism and Vygotsky’s social constructivism, which emphasize the
importance of active engagement and social interaction in the learning process.

It is also expected that the future research will explore the investigation of videos which have
implemented the use of advanced embodied learning technologies such as virtual reality (VR) and
augmented reality (AR) known able to enhance the effectiveness of embodied learning process for
robotics. Through examining these videos, it becomes possible to understand whether these
videos can better engage students in learning the underlying content. It is known that these
technologies can create immersive learning environments where students can interact with virtual
objects and practice assembling and programming robots without the need of physical
components. It is therefore expected that theses videos will better engage students in the learning
process for the enhanced learning outcomes.

While the study provides valuable insights into the benefits of embodied learning, several
challenges involving the use of embodied learning need to be addressed for effective
implementation in practice. It includes the need for specialized equipment, teacher training, and
curriculum design. Future research should focus on exploring the long-term impacts of embodied
learning centered curriculum, identifying best practices for its implementation, and leveraging
emerging technologies to enhance its effectiveness and reduce potential adversary impacts.
Additionally, studies should investigate the potential embodied learning in other educational
fields beyond robotics to determine the potential benefits to facilitate the underlying learning
process.

In conclusion, the research demonstrates that embodied robotics learning approach, characterized
by hands-on activities and physical interaction, enhances student engagement and educational
outcomes in robotics education. By fostering active participation and engagement with learning,
embodied learning methods can transform educational practices and improve the learning
experiences. This study contributes to the identification of valuable videos to enhance learning of
robotics. This is especially useful to help the remote learning or online learning classes where use
of videos has been proven beneficial for robotics education.
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