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Abstract—This innovative practice full paper discusses the
development of an interactive tool designed to educate middle
school students on the ethical considerations and societal impacts
of artificial intelligence (AI). As AI technologies become more
embedded in our daily lives, the younger generation must grasp
the implications of algorithmic bias and its societal effects. Our
tool aims to deepen this understanding by focusing on self-driving
cars—a relevant and significant example of AI technology. The
interactive tool incorporates three advanced image recognition
models trained on diverse datasets, including traffic cones,
animals, and pedestrians. Through the tool’s interface, students
can choose one of these models to apply in a self-driving car
simulation and select different obstacles for the car to encounter,
such as traffic cones, animals, and pedestrians. This hands-
on simulation highlights the importance of comprehensive AI
model training, showcasing how well-trained models help avoid
collisions and the risks associated with encountering untrained
obstacles. It engages students by demonstrating how developers’
AI training decisions can significantly influence end-user expe-
riences. Moreover, the tool emphasizes the need for diverse and
representative data in building fair and robust AI systems. To
assess the effectiveness of this educational tool, we conducted a
two-day AI exhibit attended by 26 middle-school students from
grades six to eight. The effectiveness was evaluated through post-
trial questionnaires to measure the students’ understanding of
several key concepts: the development of resilient AI models, the
societal impacts of AI, and the ethical considerations of road
safety in the context of AI. The results showed that 84.6% of
the participants understood how poor training decisions could
impact AI outcomes, and about 96% recognized the necessity
for diverse data.

Index Terms—Artificial Intelligence Education, Interactive AI
Tools, AI Societal Impact, Self-Driving Cars Simulation

I. INTRODUCTION

The advent of artificial intelligence (AI) offers significant
potential to revolutionize industries and enhance human life.
However, it also raises important concerns about fairness and
safety. Currently, many AI applications exhibit biases and
discriminatory behaviors, leading to notable adverse impacts
on society [1]–[4]. This is particularly evident in the field of
self-driving technology. A US National Highway Traffic Safety
Administration report documented 392 accidents involving
semi-autonomous driving systems and driver assistance tech-
nologies between 2021 and 2022 [5]. Determining liability

for injuries caused by these evolving AI algorithms is a
complex challenge that implicates both developers and end-
users. Consequently, people of all ages must understand the
wider societal implications of AI technologies.

In response, recent studies highlight the importance of
teaching children in grades six to eight about the responsible
use of AI. Educational initiatives such as AI4K12 [6] are
designed to provide young people with a strong ethical foun-
dation for responsible AI. Significant progress has also been
made in educating children about AI ethics and biases [7]–[9].
However, exploring the broader societal implications of AI is
still an emerging area. Notable work in this field includes Zho-
rai, which investigates the societal dimensions of AI-driven
conversational agents [10]. Additionally, programs that involve
students in activities such as stakeholder analysis and the
redesign of platforms are being developed, such as reimagining
YouTube with societal considerations in mind [11]. Despite
these advancements, many initiatives tend to focus only on
the development aspects or end-user impacts, which may not
fully convey to students how decisions by developers directly
affect user experiences.

Our objective with this effort is to bridge the knowledge gap
for children regarding AI’s societal impacts, examining both
developer and end-user perspectives. We have open-sourced
this educational tool to encourage integration into existing
K-12 curricula and support researchers in developing further
educational modules for comprehensive AI education [12].
Our tool uses self-driving cars as a case study, capitalizing
on their relevance in the rapidly evolving AI landscape [13]
and their ability to engage young learners’ curiosity. In this
tool, children take on the roles of both developers and end-
users. They learn how the choices made in training machine
learning models influence the experiences of those who use
AI technologies. The tool’s design encourages responsible AI
usage and sheds light on developers’ decision-making pro-
cesses. It enhances interaction by allowing children to choose
from three distinct AI models: the first model recognizes only
traffic cones, the second both traffic cones and animals, and the
third traffic cones, animals, and pedestrians. We intentionally
designed these models to be simple to help students clearly



Fig. 1. Interface of the Self-driving AI Education tool.

grasp the societal impact of AI and encourage them to reflect
on its real-world consequences. Students interact with the tool
by selecting a model—playing the role of a developer—and
then choosing an obstacle—acting as an end-user—such as
a traffic cone, animal, or pedestrian. The tool demonstrates
how self-driving cars with the selected AI model perceive and
respond to the chosen obstacles through visual aids and a user-
friendly interface (see Figure 1). By offering these choices,
we aim to actively involve children in learning, helping them
intuitively understand how each AI model operates and its
broader societal implications.

We evaluated the effectiveness of our tool during an AI
exhibit that involved 26 middle school students from grades 6
to 8. Each student engaged with the tool, experimenting with
different models and obstacles to observe the simulated behav-
ior of the self-driving car. To assess the educational impact
of the tool, we conducted a survey that measured students’
understanding of several key concepts: the broader societal
consequences of AI, ethical considerations in AI development,
and the importance of using diverse data to build robust
machine learning models. The survey results were promising:
84.6% of the students demonstrated an understanding of how
inadequate training data can negatively affect AI outcomes,
and approximately 96% acknowledged the necessity of incor-
porating diverse data sets. These findings confirm that the tool
effectively conveys critical perspectives from both developers
and end-users. It highlights the importance of ethical and
equitable model development, promotes responsible AI use,
and warns against over-reliance on AI systems.

In summary, our contributions are as follows:
• We developed an interactive educational tool based on a

self-driving car scenario, which helps children grasp the
societal impacts of AI and the roles of both developers
and end-users.

• We conducted a systematic evaluation with 26 middle
school students from grades 6 to 8, demonstrating that

our tool effectively communicates essential AI concepts
to this age group.

The structure of this paper is as follows: Section II reviews
related work; Section III details the design and implementation
of our educational tool; Section IV outlines the user study
design; Sections V to VII discuss the evaluation of the tool
and the experiences of the students; and finally, Section VIII
concludes our paper.

II. RELATED WORK

A substantial body of research focuses on AI education,
ethics, bias, and societal impacts within K-12 education [6],
[14]–[17]. This section explores key studies and initiatives that
are particularly relevant to our approach.

Significant advancements in AI curricula development for
K-12 education have been made by various initiatives. The
MIT Media Lab [18] has contributed notably by providing
open-access curricula focused on AI, specifically designed
for middle school students and teachers. Sabuncuoglu [19]
has created a detailed one-year curriculum on AI and ethics
tailored specifically for middle schoolers. Long and Magerko
[8] have extracted design considerations from the literature,
forming a conceptual framework that aids AI developers and
educators in curriculum design. Additionally, Lee et al. [7]
have implemented a 30-hour workshop introducing AI and
machine learning concepts to children.

Nonprofit organizations like Code.org [20] have also dedi-
cated significant efforts to increase student engagement in AI
education. They provide activities such as “AI for Oceans,”
where students classify oceanic objects, train machine learning
models, and connect these tasks to broader AI concepts.
Additionally, platforms like Elements of AI [21] and OKAI
[22] offer web-based interactive resources, including visual
exercises, to aid in learning AI principles. These platforms
use visualizations and animations in their activities to improve
understanding and engagement with AI principles, making the
learning process both educational and engaging.

Several initiatives have concentrated on enhancing AI edu-
cation through visual and interactive tool development. Pang et
al. [23] have developed a curriculum and toolkit specifically
designed to explore the societal impacts of AI. Zumi AI [24]
contributes to this field by offering a self-driving car robot
toolkit, which allows students to program the robot using
either Scratch or Python, providing a hands-on experience with
concepts from the autonomous vehicle industry. Furthermore,
Zhorai [10] focuses on deepening understanding of the ethical
issues related to natural-language-based conversational agents
by facilitating structured discussions.

Web-based drag-and-drop platforms such as Cognimates
[25], Machine Learning for Kids [26], and Google Teachable
Machine [27] offer visual environments that enable children to
build AI models without needing coding or machine learning
experience. Additionally, CreateML [28], specifically de-
signed for Macintosh users, allows for creating custom image
and text recognition models. These platforms are instrumental
in supporting the development of tools like ours, providing



interactive and user-friendly methods for training models and
integrating them with programming languages.

Our educational tool leverages the widely adopted Machine
Learning for Kids platform [26] and the block-based pro-
gramming environment Scratch [29] to develop a simulated
self-driving car tool that is both accessible and cost-effective.
Unlike physical AI educational tools such as Zumi [24], which
can be expensive, our web-based solution integrates seamlessly
into existing K-12 curricula, making it an ideal resource
for educational institutions. This approach allows students to
directly experience the consequences of AI training decisions
through an interactive, user-friendly interface, enhancing their
understanding of AI’s impact. The design of our tool is inten-
tionally simple, visual, and intuitive, drawing on successful
strategies from previous AI curricula developments [7], [8],
[18], [19]. While tools like “AI for Oceans” and “Zumi”
primarily focus on object detection, our tool introduces a
novel element by emphasizing the significance of diverse
training data, developer decisions, and their profound impact
on end-users. This not only educates students on how AI
systems operate but also instills a critical awareness of these
technologies’ ethical dimensions and societal implications,
preparing them to be responsible creators and users of future
AI systems.

III. TOOL DESIGN

In this section, we describe our tool’s conceptual framework
and practical application. Section III-A delves into the design
philosophy behind the user interface and student engagement.
Following that, Section III-B provides an overview of the
tool’s implementation. We have released the tool as an open-
source repository, serving K-12 teachers and facilitating in-
tegration into various research projects [12]. This approach
fosters collaboration, ensuring adaptability and continual en-
hancement for diverse educational contexts.

A. Overview

Design Choices & Adoption: We opted for the Machine
Learning for Kids (ML4Kids) platform from various choices
like Cognimates and Google Teachable Machine. Our decision
was influenced by ML4Kids’ simple model training process
and seamless integration of the trained models into Python,
Scratch, and App Inventor. Scratch’s widespread use in K-12
computer science education aligns exceptionally well with our
educational objectives by offering visual interfaces through
block-based coding. Within Scratch, ML4Kids allows for
integrating trained models as visual, block-based elements.
This enables several important functionalities for students:
they can upload and utilize their models, identify image labels,
assess confidence levels of predictions, and add new training
images directly from Scratch. This robust integration solidified
our preference for ML4Kids.

A key criterion in designing our tool was ensuring ease of
classroom adoption. We aimed to create an extensible tool,
enabling K-12 educators to integrate it effortlessly into their
curricula. The user-friendly interface of ML4Kids empowers

Fig. 2. Example illustrating our self-driving car tool using Model 1 trained on
traffic cones and a pedestrian as the chosen obstacle. Here, misclassification
leads to an accident, emphasizing the need for a well-trained model.

Fig. 3. Example illustrating our self-driving car tool using Model 3 trained
on all obstacles and a pedestrian as the chosen obstacle. The car accurately
identifies a pedestrian, stopping to let them cross the road.

educators and students to build classifiers, add images, and
easily train/test new models. While this initial study didn’t
involve direct student interaction with the Scratch code, im-
plementing our tool’s user interface in Scratch ensures ac-
cessibility for non-expert programmers, teachers, and middle-
school students. This allows them to update the tool code,
explore different car behaviors, and understand AI, covering
aspects like data collection, model creation, ethics, and societal
impacts. Future iterations will focus on seamlessly integrating
the tool into classrooms.

User Interface Design: The primary objective in designing
the user interface was to provide a seamless and focused
experience, enabling students to concentrate on learning about
AI without the distraction of navigating multiple pages or
platforms. Each simulation has clear navigation cues and



narrative text to guide users intuitively and provide detailed
descriptions of events. The interface allows students to interact
with three distinct AI models and three types of obstacles
using straightforward, easy-to-understand visual blocks, as
illustrated on the left side of Figure 1. Model blocks are
visually representative, displaying model numbers and obstacle
images for easy comprehension. For example, the Model 1
block features a traffic cone, indicating its specialization in
recognizing traffic cones. In contrast, the Model 3 block
includes images of traffic cones, animals, and pedestrians,
demonstrating its capacity to understand a variety of road
obstacles. After model selection, students are prompted to
choose dynamic obstacles like traffic cones, moving animals,
and pedestrians.

On the right side of the interface, we designed visual
demonstrations that simulate the car’s reactions to obstacles
based on the selected model and obstacle type. In the bottom-
left corner, a feedback section provides immediate responses to
the car’s obstacle detection capabilities—displaying a red cross
for incorrect detection and a green checkmark for successful
detection (as shown in Figures 2 and 3). This feedback
enables students to assess the model’s performance quantita-
tively. To further enhance students’ understanding of obstacle
recognition, we integrated two components at the top of the
interface: a confidence meter and an object-detected display.
The confidence meter categorizes detection confidence into
three levels: low (0-50), medium (50-80), and high (above 80),
providing a visual representation of the model’s confidence
in recognizing the selected obstacle. Additionally, the “object
detected” feature displays an image of the obstacle recognized
by the car, helping students understand potential misinterpre-
tations by the model. For instance, if the model incorrectly
identifies a pedestrian as a traffic cone, the “object detected”
feature would display a traffic cone, and the “confidence
meter” would show how confident the model is about that
prediction. This helps students understand and analyze the AI’s
decision-making process.

Self-Driving Car Simulation: In the simulation, our self-
driving car is programmed to react differently to different
obstacles. For traffic cones, the car deviates to avoid them;
for animals on the roadside, it cautiously moves forward;
and for pedestrians crossing the road, it stops promptly to
ensure safety. Although typically, a car might react sim-
ilarly to animals and pedestrians by slowing or stopping,
our simulation distinguishes these scenarios to showcase the
AI model’s ability to differentiate between obstacles. We
simulate an animal walking along the side of the road and
a pedestrian crossing the road, prompting the car to slow
down for the animal (anticipating it might enter the road)
and to stop for the pedestrian until they have safely crossed.
We avoided implementing more complex scenarios, such as
varying the car’s reaction when another vehicle is behind
or running over cones to avoid obstacles. These could add
significant complexity and potentially confuse middle-school
students. Therefore, our tool focuses on simpler scenarios to

help students intuitively understand machine learning concepts
through a straightforward interface.

The self-driving simulation initiates when a student selects
one of the three models and one of the three types of obstacles.
This enables students to experiment with different scenarios
to evaluate the model’s robustness and ability to mitigate
potential hazards on the road. The simulation outcomes include
both successful and unsuccessful scenarios. For instance, if a
student selects Model 1, the car uses Model 1’s capabilities.
Since Model 1 is trained solely on traffic cone images, it
misinterprets all obstacles it encounters as traffic cones. When
a pedestrian is chosen as an obstacle, as illustrated in Figure 2,
the model erroneously identifies the pedestrian as a traffic
cone. As a result, the car responds by changing lanes to avoid
what it perceives as a traffic cone, which results in a simulated
accident since the pedestrian is crossing the road. This trial-
and-error process of model selection enables students to step
into the role of developers, making informed decisions based
on the training data of each model. This hands-on approach
helps them grasp the technical aspects of model development.
Additionally, by allowing students to select obstacles, the sim-
ulation engages them from an end-user’s perspective, enabling
them to directly experience and assess the model’s real-world
applications and consequences.

Conversely, the car performs optimally in an ideal sce-
nario where a student selects Model 3, trained to recognize
traffic cones, animals, and pedestrians. For instance, when a
pedestrian obstacle is chosen, Model 3’s training on pedes-
trian recognition ensures accurate detection. As depicted in
Figure 3, the interface visually simulates that the car correctly
identifies a pedestrian and stops accordingly to allow safe
crossing. By illustrating both positive and negative outcomes
through experimentation with different models and obstacles,
we aim to give students a deeper understanding of AI’s
significant impact on human lives. This approach highlights
the crucial role of developers in designing robust models
that can accurately interpret real-world situations and mitigate
potential risks.

B. Implementation

Implementing the ML Models: As mentioned earlier, we
utilized the Machine Learning for Kids (ML4Kids) platform to
develop three distinct image recognition models for our self-
driving car tool, designed to recognize specific obstacles: traf-
fic cones, animals, and pedestrians. As illustrated in Figure 4,
Model 1 is trained solely on traffic cones, and Model 2 in-
cludes both traffic cones and animal images. In contrast, Model
3 is trained on images of all three obstacles: traffic cones,
animals, and pedestrians. We intentionally varied the training
data across the models while utilizing the same underlying
image classification neural network [30], [31] provided by
ML4Kids. This approach maintains consistency in the neural
network architecture across the models. This enables students
to concentrate on comprehending the influence of various
training datasets rather than delving into the complexities of
machine learning algorithms. Existing educational literature



Fig. 4. Examples of images categorized for training the three image
recognition models.

Fig. 5. Example Scratch blocks exported from ML4Kids for Model 3, trained
with all obstacles - traffic cones, animals, and pedestrians.

[21] suggests that such complexities are better suited for high-
school students and above.

To enhance the robustness of our models, we ensured the
inclusion of a diverse and high-quality image dataset during
the training phase, as illustrated in Figure 4. This methodology
was designed to foster an unbiased and balanced training
environment. For validation, we leveraged the testing feature
of the ML4Kids platform, which evaluates the models by
providing confidence scores and predicted labels for provided
test images. We conducted multiple testing iterations for each
model using a variety of traffic cones, animals, and pedestrian
images. This allowed us to systematically assess the model’s
robustness and accuracy through the consistency of confidence
scores and the correctness of the predicted labels across
different test scenarios.

Fig. 6. Example Scratch code in our self-driving car tool to employ Model
2 for image detection.

Fig. 7. Example Scratch code that moves the car to another lane when it
predicts a traffic cone obstacle.

After ensuring the models functioned as anticipated and
produced robust outputs, we exported them to the Scratch
platform as interactive visual blocks using ML4Kids. An
example of these blocks for Model 3, which can recognize
traffic cones, animals, and pedestrians, is shown in Figure 5.
Similarly, Model 1’s visual blocks are labeled solely with
a ‘traffic cone.’ Model 2’s blocks are labeled with ‘traffic
cone’ and ‘animal.’ Essentially, each model is represented by
a distinct set of visual blocks on Scratch, corresponding to its
specific image recognition capabilities.

Developing the Self-Driving Car Behavior: Using the ex-
ported Scratch blocks, we developed an interactive educational
tool to enhance the learning experience. Integrating ML4Kids
models into Scratch provided a consistent set of blocks for
each model, as illustrated in Figure 5. In our tool, users select
a model from the interface, and the corresponding blocks are
automatically utilized for demonstrations. The tool represents
images as Scratch sprites strategically positioned to activate
specific block codes. These sprites interact with Scratch’s in-
built ‘motion’ and ‘look’ blocks, enabling dynamic movement
and visual changes. This setup allows for interactive and
seamless engagement with the visual elements, making the
learning process intuitive and engaging.

To illustrate the interface construction in Scratch, we pro-
vide an example scenario that applies to all our simulations.
Consider a student selecting Model 2 and selecting a traffic
cone as the obstacle. The activation of this choice triggers
specific code blocks shown in Figures 6 and 7. Initially, the
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Fig. 8. The trifold poster used during the AI exhibit to orient students towards training data, AI models, and the self-driving car simulation tool.

code in Figure 6 uses Model 2 to recognize the traffic cone
image. Upon successful identification, the code in Figure 7
starts the self-driving car simulation. If the detected obstacle
is a traffic cone, the corresponding ‘if’ condition in the code
evaluates as true, leading to a series of programmed responses:
the simulation alerts the student to the detected traffic cone,
initiates a lane change due to the supposed road closure,
completes the lane switch, and then continues moving forward.
Additionally, the code is designed to adapt the car’s speed
when an animal is detected nearby or to stop and proceed
when a pedestrian is crossing the road.

IV. USER STUDY DESIGN

This tool, developed in the Spring 2023 semester as part
of a special-topics course at our institution, is one of five AI
exhibits [32]–[34]. We evaluated it in partnership with a K–8
public school in a gateway city in the Northeast U.S. This
section details the participant recruitment, assent process, and
user study design.
Participant Recruitment: We conducted a two-day educational
study involving 26 middle school students from grades 6, 7,
and 8 at K-8 school in Northeast region in United States. This
study was approved by our Institutional Review Board (IRB).
Students from grades 7 and 8 participated on the first day,
while the second day included students from grades 6 and
7. Each session lasted approximately one hour. Specifically,
the participant group consisted of seven students from grade
6, twelve from grade 7, and seven from grade 8. Initially,
these students indicated unfamiliarity with specific terms such
as ‘model,’ ‘training,’ and ‘AI impacts.’ While they were
generally aware of the term Artificial Intelligence, they lacked
a detailed understanding of how it worked. Consent was
obtained from all participants and their parents, adhering to
the ethical standards of our institution’s ethics review board.
Tool Orientation: Recognizing that middle-school students
may not be familiar with terms like ‘training data,’ ‘model,’
and ‘predictions,’ we initiated each session with a 5-minute in-

troduction to these key concepts. We described ‘training data’
as a collection of information organized and labeled based
on similarities and differences, including text and images. For
instance, traffic cones are categorized and labeled together,
while all animals can be classified and labeled in another
category. We defined a ‘model’ as an intelligent computer
program that uses mathematical techniques to learn from
this training data. We demonstrated how the model learns to
distinguish between different categories of images is similar
to how humans learn new skills. We explained ‘predictions’
as the process of testing the model with familiar and new
images to assess its accuracy and effectiveness. To make these
concepts relatable, we drew an analogy to human learning,
noting that both AI and humans start with no prior knowledge
and improve through continuous exposure to new information.
Moreover, to clarify the operation of self-driving cars, we
likened AI and human vision: just as humans use their eyes
to spot objects and their brains to recognize them, self-driving
cars employ cameras to capture images, with the model as the
brain to identify obstacles. During the session, we utilized a tri-
fold poster (shown in Figure 8) to deepen understanding and
engage the students. The left section of the poster explained
different AI models and their training data, while the center
and right sections detailed the tool’s operations.

User Study: We began each session by first obtaining
students’ assent for participation. After the assent process
and orientation explaining the key concepts and the tool’s
operations, we proceeded to outline the expectations for
students during their interaction with the tool. Each class
session was scheduled to last between 45 and 60 minutes,
wherein students engaged with the AI tool through two
separate terminals. Each student was allocated approximately
10 minutes to explore model selections and navigate through
obstacles on our visual interface, allowing them to experiment
with various combinations. Due to time constraints, allowing
students to interact with the code was considered impractical.
Further exploration of students’ knowledge gained through



code interaction is left for future work. Following each session,
we administered a survey questionnaire where anonymous
student responses were collected to assess their comprehension
and insights gained during the experience. This systematic
approach enabled us to gauge the effectiveness of our AI tool
in conveying fundamental AI-related concepts.

V. STUDENT EXPERIENCES

During our sessions, we noted significant enthusiasm and
active comprehension from the middle school student partic-
ipants. When we introduced our self-driving car tool, they
readily made connections to terms like ‘automatic car’ and
‘Tesla.’ Our discussions primarily revolved around the con-
cepts of models and training. One inquisitive student insight-
fully compared model training to practicing a skill, remarking,
“the more they practice, the better they become.” This analogy
resonated with the other students, demonstrating their deep
engagement and understanding.

During their interactions with the tool, students were partic-
ularly excited by its visually appealing interface. They enjoyed
navigating the car along the road, and watching pedestrians,
and were especially entertained by elements like the ‘bear
screaming and running.’ The visual interface significantly
enhanced engagement, holding their interest throughout the
session. We noted that the feedback section located at the
bottom-left of the user interface did not capture much atten-
tion. Students were primarily focused on selecting models and
obstacles and watching the simulation unfold. They seldom
checked the feedback icons—green check or red cross—to
see if their observations matched the expected outcomes. This
might be because they relied on their own assessments of how
the car behaved rather than on the provided feedback signs.
In the future, as we introduce more complex scenarios, we
expect the feedback UI to become more relevant and to help
students verify their intuitions against expected behaviors. We
plan to integrate the feedback more directly into the simulation
window, making it easier for students to both experience the
simulation and view the results simultaneously

While interacting with Model 1, students observed that the
car performed poorly, particularly when encountering animals
and pedestrians, which initially led to disappointment. They
found it challenging to understand why Model 1 had these
limitations. When they switched to Model 2, they encountered
similar issues with pedestrian interaction. This experience
helped them make a connection between the observed deficien-
cies and the model’s training, as one student pointed out, “Oh,
because the model isn’t using pedestrians”. As the students
moved on to Model 3, they observed substantial improvements
in how the car navigated obstacles, clearly linking these
advancements to the model’s comprehensive training. This
exploration across all three models deepened the students’
understanding of each model’s unique capabilities. This hands-
on experience encouraged some students to revisit Model 1
with varied obstacles, allowing them to analyze the outcomes
more effectively.

TABLE I
SUMMARY OF THE USER STUDY RESULTS SHOWCASING PARTICIPANTS’
UNDERSTANDING OF KEY AI CONCEPTS AND AWARENESS OF SOCIETAL

IMPACTS ASSOCIATED WITH SELF-DRIVING CARS.

Student Insights Correct Responses
Grade 6

(N=8)
Grade 7
(N=12)

Grade 8
(N=7)

Grasping Road Safety Ethics in
Self-Driving Cars

7 11 6

Recognizing Impacts of Limited
Model Training

6 11 6

Understanding Role of Data in
Robust AI Model Development

8 11 7

During the study, the students fostered a collaborative
atmosphere by actively engaging in discussions, sharing their
insights, and drawing conclusions about the model behaviors.
Notable moments arose during discussions on the benefits of
AI in self-driving cars. The students made insightful com-
ments, highlighting that “people with disabilities can use (the
car)” and pointing out the safety feature where “(the car)
can stop if there is an obstacle or if something unexpected
happens.” These discussions highlighted the students’ ability
to understand both the advantages and limitations of AI,
appreciating its varied applications. It was truly gratifying to
witness students embracing a more nuanced perspective of AI
through this interactive experience.

VI. EVALUATION RESULTS

In this section, our goal is to assess students’ understanding
of several key aspects, including the societal implications of
AI, the role of data in training AI models, and the student’s
ability to evaluate model performance. Our survey included
four questions specifically designed to probe these areas. Each
question was verified for readability using a Flesch-Kincaid
readability calculator [35] to ensure they were age-appropriate
for the student’s grade. The summarized survey results are
presented in Table I.
Grasping Road Safety Ethics in Self-Driving Cars: We
presented students with a multiple-choice question to evaluate
their understanding of ethical behavior in self-driving cars
when encountering pedestrians. The question was: “What
should a self-driving car do when it sees a pedestrian on the
road?” with options: “Stop until the pedestrian crosses the
road,” “Slow down for the pedestrian,” and “Keep going and
don’t stop for the pedestrian”. This assessment is crucial for
understanding students’ awareness of responsible and ethical
decision-making in the design of self-driving cars, often re-
ferred to in the literature as “Theory of Mind” [36]. Based on
their knowledge that vehicles should stop for pedestrians, the
students applied the same expectation to self-driving cars. Of
26 students, 23 (88.4%) chose that the self-driving car should
stop upon detecting a pedestrian, while the remaining three
students (one from each grade) thought the car should merely
slow down. These responses indicate a firm grasp of road
safety ethics among the students, underscoring the importance
of instilling these values in AI technology.



Recognizing Limitations and Impacts of Limited Model
Training: We posed another question, “Assume we taught a
car only to recognize traffic cones. What do you think the car
would actually see if this car saw a pedestrian walking by?”
with choices: “Traffic cone,” “Pedestrian,” and “Animal.” This
question gauges students’ understanding of model limitations
when trained with limited data and subsequent implications.
It assesses our objective of visually demonstrating societal
impacts on end-users. The results indicate that 22 out of
26 students (84.6%) correctly identified that a model trained
solely on traffic cones would recognize a pedestrian as a traffic
cone. The results were consistent across grades 6 to 8, with six
grade 6 students (out of eight), eleven grade 7 students (out
of twelve), and six grade 8 students (out of seven) accurately
answering the question. These results suggest middle school
students comprehend that model limitations lead to obstacle
misclassification, impacting end-users’ safety.

Understanding Role of Data in Robust AI Model Develop-
ment: We included a multiple-choice question to evaluate
students’ understanding of how training data affects a self-
driving car’s decision-making capabilities. The question asked,
“Select which option would help a self-driving car (i.e., model)
make better decisions when it sees objects on the road?” with
choices like “Adding more data to train the models,” “Less
training data should be fine,” and “The model works the same
no matter what data it uses.” This question aimed to assess
the students’ awareness of the importance of training data and
the developers’ role in enhancing the model performance. It
also assesses the efficacy of our objective of incorporating
three distinct models within the interface. Results indicate that
most participants, 25 out of 26 (96.2%), answered correctly.
The results underscore that students understood the benefits
of adding more training data, which leads to more responsible
and robust AI behavior.

Students’ Perspectives on AI’s Positive and Negative Impacts
in Self-Driving Cars: As part of an optional survey, we
posed the open-ended question, “Describe both good and
bad things about using AI/self-driving cars.” Remarkably,
almost 23 out of 26 students chose to respond, highlighting
their engagement. This question aimed to assess the students’
understanding of both the positive and negative outcomes
of AI in self-driving cars, gauging their ability to grasp a
nuanced perspective of AI’s impact. Additionally, it sought to
ascertain whether the tool facilitated their ability to connect
these concepts to real-world experiences. Nearly all students
reflected on the positive impact of self-driving cars while
also recognizing the importance of effective model training to
achieve these positive outcomes. Responses such as “one pos-
itive impact of using AI in these scenarios is that it could lead
to fewer accidents if trained properly, and one negative impact
is that it could lead to accidents if not trained properly” and
“positive is that neither a pedestrian nor animal get hurt as
well as the driver. The negative is that if it is only programmed
for a traffic cone, it could hit a pedestrian” revealed a nuanced
understanding of the advantages and drawbacks of self-driving

cars, a crucial aspect in today’s AI landscape.

VII. REFLECTIONS ON FIRST GRADE STUDENTS

We acknowledge that the understanding of our self-driving
car tool might be limited for first-grade students. Therefore,
we have excluded their responses from the primary section of
our study. However, we are separately analyzing their feedback
to gain valuable insights. We hope that our insights will then
inform and guide future research endeavors, specifically aimed
at developing effective AI education tools for young learners.

Our study involved 12 first-grade students who participated
in the AI exhibit. With this group, we employed a distinct
approach compared to the middle-school group. To introduce
the topic, we engaged the children in a playful physical
exercise. They assumed the role of a car and navigated around
a chair used as an obstacle. Afterward, we inquired about their
strategies for maneuvering around the chair. The majority of
them mentioned they relied on their ability to see the chair.
This simple analogy mirrored the car’s use of cameras and
sensors to identify obstacles on the road. Subsequently, we
showcased our tool, presenting scenarios where the car suc-
cessfully detected obstacles and instances where it struggled.
Our focus was exclusively on explaining the concept of self-
driving cars and how they perceive obstacles. By incorporating
hands-on activities and relatable comparisons, we aimed to
effectively engage and educate the first-grade students.

To evaluate the first graders’ grasp of self-driving cars, we
devised a distinct set of questions in comparison to those used
with the middle school group. We inquired about their prefer-
ence for the best-performing car. Among the 12 students, 11
students deemed the Model 3 car as good. Their assessments
mainly revolved around the car’s capability to avoid collisions.
For the subsequent question, we asked the students to identify
the worst-performing car and explain their choice. In response,
eight students provided input. Among them, five highlighted
the Model 2 car as the worst, while three students singled
out the Model 1 car. One student’s response encapsulates this
sentiment: “good: because the third one could do all of it and
bad: second car because it failed the animal.”

VIII. CONCLUSION AND FUTURE WORK

The ascent of AI brings promise for positive industry trans-
formations but also raises concerns about fairness, inclusivity,
and safety, with instances of bias in self-driving technology.
This paper introduces an interactive tool simulating self-
driving cars, aiming to provide children with insights into AI
from both developer and user perspectives. The tool enhances
understanding of societal AI impacts and stresses the impor-
tance of equitable model development. Initial assessments with
middle-school students suggest that learners can effectively
grasp AI concepts and responsible usage through the tool,
indicating potential for shaping well-informed AI interactions
in younger generations. In the future, we aim to broaden the
tool’s applicability by involving a larger and more diverse



group of student participants across various educational set-
tings, with the goal of further enhancing its effectiveness and
inclusivity in schools.
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