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Experiences with using an LLM-based Chatbot for a Multicultural
Engineering Program Orientation (Experience)

Abstract

Given the pace with which Al systems are being developed and used, there is a growing need for
more guidance around the ethical use of Al. Due to the prominence of artificially intelligent
systems, future engineers need to be able to analyze the available Al models and make
responsible choices critically. In the Fall of 2024, The Human in Computing and Cognition
(THICC) Lab collaborated with the Multicultural Engineering Program Orientation (MEPQO) at
Penn State to teach incoming engineering students about the responsible use of Al systems with
the help of an interactive Large Language Model (LLM) based chatbot. The MEPO is a four-day
program designed to welcome incoming first-year undergraduate engineering students, primarily
from racially and ethnically minoritized groups, by fostering connections with upper-division
student mentors, academic success resources, and professionals in the field while also exposing
them to typical elements of the engineering curriculum such as teamwork and innovation. One
exciting component of MEPO is an engineering design competition, where students are asked to
design prototypes to solve their assigned problem, for which this year’s theme was “decades.”
Students were assigned to one of 14 groups; the groups were then assigned to one of 4 decades
(1910s, 1930s, 1970s, 1980s). Each decade had an accompanying disaster that the students
would be responsible for helping to resolve—the students assigned to the 1910s, for example,
were tasked with designing a context-appropriate technological solution to help mitigate the
Spanish Flu. The final objective was to create a prototype and a presentation regarding their
findings and solutions to their assigned problem. The chatbot was meant to aid specifically the
students as they brainstormed different ideas and solutions, allowing them to think critically
about these intelligent systems as they used the chatbot. Before the four-day MEPO event, our
team at the THICC lab spent some time building the chatbot for the students to use. For the
chatbot, we chose LLaMA-2 because of its reliable text generation and open-source nature,
which includes transparency about the data sources used to train the system. We focused on
transparency, as we wanted to highlight the importance of data sources and the significance of
community-engaged open-source development. Additionally, we integrated Retrieval-
Augmented Generation (RAG) to allow the chatbot to pull specific information, like historical
data and disaster scenarios, from a custom pamphlet prepared by the MEPO team. This ensured
the chatbot gave factually correct answers tied directly to the decades they worked on, which was
later hosted on Huggingface spaces. On the first day of the MEPO, the THICC lab team directed
a lesson to introduce the students to the chatbot and its utility. The first half of the lesson was
spent educating the students on the dangers and potential considerations of using LLMs and Al.
The second half was spent showing the students certain variations in the usage of chatbots and
the differences in the answers they provide. The variations included using a chatbot with pre-
trained data (vanilla version), using the RAG version to retrieve factually correct answers from



the pamphlet, and adding context to the RAG version to retrieve more nuanced answers. After
the lesson, the students could use the various versions of the chatbot to help them in their design
challenge and understand the difference in responses while using it for a given problem
statement. During the four days, students presented a range of questions and feedback, from
technical questions on how to access the chatbot to questions about motives and why they
needed to use the chatbot. On the final day of the competition, students presented their designs
and were able to thoughtfully consider the chatbot as an imperfect yet valuable tool in their
competition. This report utilizes a structured survey and mixed-methods analysis to evaluate the
educational impact of the chatbot and related activities on students’ comprehension of Al ethics
and their overall learning experience.
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1. Introduction

Acrtificial Intelligence (Al) and its role in our society are developing rapidly, making engineering
education surrounding Al a crucial topic. Engineers who work with Al in the future will need the
ability to think critically about Al-based systems and large language models. We encouraged
these future engineers to question what artificial intelligence means, its limits, and what
information is input into Al systems to produce outputs. Many large corporations intentionally
keep their Al systems opaque for proprietary reasons, which leads to a lack of transparency in
various Al technologies. People should consider whether they want to support that technology in
these cases. In our experience with the Multicultural Engineering Program Orientation (MEPO)
at Penn State, a program dedicated to helping incoming first-year undergraduate engineering
students, we explored the usage of Large Language Models (LLMSs) towards a critical
understanding of Al systems. During the most recent iteration of the MEPO, we created an
LLM-based chatbot to help engineering students with a design competition. Throughout this
experience, the goal was to encourage the students to think critically about Al and help them try
to put some of our teachings into practice.

1.1. Background on Al in Education

Artificial Intelligence has become a transformative force in education, especially in Science,
Technology, Engineering, and Mathematics (STEM), offering tools like LLMs and chatbots that
enhance teaching and learning. These technologies enable personalized learning experiences,
real-time feedback, and interactive engagement, potentially fostering critical thinking and
inquiry-driven approaches. For example, chatbots can guide students through structured learning
paths, making STEM concepts more accessible and engaging [1,2]. Nonetheless, using Al in
educational settings does not guarantee that students will be critically aware of the Al systems
they interact with.



Critical Al education focuses on equipping students with the skills to evaluate these widely used
Al systems critically, emphasizing digital literacy, ethical reasoning, and collaboration to use
them better. As Al systems increasingly shape societal structures, integrating these educational
objectives has become vital to preparing students for technology-driven futures. Al for Education
(AI4EDU) is a multi-disciplinary field that uses state-of-the-art Al technologies, especially
LLMs, to improve educational practices. These technologies facilitate data mining and the
development of various applications that can support personalized learning experiences[1,3].

However, integrating Al into education has challenges, such as preprocessing bias, accessibility,
and data privacy. Practical strategies to address these include providing professional
development for educators, developing inclusive and adaptable curricula, and fostering a culture
of continuous feedback [4,5]. By navigating these challenges, Al technologies can make
education supportive, equitable, and tailored to diverse student needs.

1.2. MEPO and Competition Design Overview

The Multicultural Engineering Program Orientation at Penn State is an annual orientation hosted
by the Center for Engineering Outreach and Inclusion. The program fosters a welcoming
environment for all incoming first-year engineering student participants by offering various
forms of support throughout the orientation, highlighting the unique perspectives of all student
mentors and professors engaged in the program, and celebrating the value of diversity and
inclusion in innovations within the engineering field. This orientation lasts for 4 days, during
which students receive numerous resources and opportunities, including mentorship, networking
prospects, professional development, and, as the focus of this paper, the chance to participate in
an engineering design competition. In the engineering design competition, the students receive
instructions to create a design that addresses a specific problem. For 2024, the theme was
“decades.” The instructor assigned students to one of fourteen groups, which focused on a
different decade (1910s, 1930s, 1970s, 1980s) from which to derive a problem. For example,
students assigned to the 1910s developed a technological plan to address issues stemming from
the 1918 influenza pandemic. Students assigned to the 1930s actively helped resolve the Great
Depression. Students in the 1970s worked to resolve the energy crisis, while those in the 1980s
helped address the Exxon Valdez oil spill. While designing with these prompts, MEPO students
were also explicitly instructed to consider social contexts (e.g., the ways access to resources such
as transportation may not be equitable or trust amongst populations) of their assigned decade.
During the design challenge, the students had access to mentors whom MEPOQ trained. The
mentors assisted the students with their designs, answered questions related to the designs
without necessarily providing solutions, and encouraged the design teams without necessarily
giving them answers to their assigned problems. Students were also given some background on
social contexts through MEPO. They were told to remember the decade and what people likely
had access to or felt comfortable with; they were also told to consider how the chatbot’s
variations can improve the design process and collaboration for engineering students and
professionals. At the end of the design competition, each group presented their prototype and



thought processes for solving their assigned problem. Throughout the four days the students had
to work on this prototype, they had access to the LLM-based chatbot designed by The Human in
Computing and Cognition (THICC) Lab. Students were encouraged to use the chatbot and its
variations to gather the information required to design the prototype by incorporating social
contexts and gaining an understanding of similar Al systems.

1.3. Objectives

This experience report aims to showcase how Al tools like chatbots can be integrated into a
multicultural engineering program as pedagogical instruments. These tools foster critical
engagement while enhancing students” understanding of Al ethics and its limitations. This report
utilizes a structured survey and mixed-methods analysis to evaluate the educational impact of the
chatbot and related activities on students’ comprehension of Al ethics and their overall learning
experience.

2. Related Work
2.1. Ethical Al Education

Garrett, Beard, and Fiesler [6] discuss two ways of incorporating ethics in Al education: hosting
courses centered around Al ethics and Al ethics into pre-existing classes. We want to hone in on
what they discussed regarding the implications of including ethics education in otherwise
“technical” coursework. The authors specifically discuss educating computer science students,
but many of these findings apply widely to other forms of engineering. The authors conducted
systematic syllabi review of courses to determine how educators were teaching ethics in their Al
courses; they found that the most common topics were avoiding bias, promoting fairness, and
protecting privacy. However, they also found that these topics tended to come last in the
syllabus, and there were times when they were marked only to be covered “if time allows.” The
authors argue that Al ethics should not be a backseat topic and should only be covered if
convenient. Still, the primary inclusion of Al coursework must be taken seriously to convey its
importance to students.

Borenstein and Howard additionally discuss the need for additional Al ethics education [7]. The
authors argue that Al ethics has not truly been embedded in Al education yet, and some of the
curriculum surrounding Al ethics needs to be rethought. They propose three elements to help
students become aware of Al ethics in their education. First, they propose teaching students
about participatory design and the “ethical design of Al algorithms.” Second, they propose
inviting lessons around ethical data acquisition. Third, they suggest offering these ethics-related
lessons in different contexts across different courses.

2.2. LLMs in Educational Settings

Large Language Models are increasingly used in education, presenting benefits and challenges.
These technologies can assist in automating tasks such as developing educational content,
tailoring learning experiences to individual needs, and facilitating assessments [8,9]. They offer



opportunities to enhance student engagement, support the creation of teaching materials, and
deliver personalized educational approaches [10].

However, integrating LLMs into education presents several practical and ethical challenges, such
as insufficient technological readiness, a lack of transparency, and privacy concerns [8]. To
overcome these obstacles, researchers suggest updating existing innovations with advanced
models, supporting open-sourcing initiatives, and taking a human-centered approach to
development [4]. Furthermore, educators and students must cultivate new skills to understand
and critically assess outputs generated by LLMs [10].

Despite these challenges, LLMs can transform educational practices and create more effective
personalized learning environments [9]. However, their integration also raises concerns about
equity and potential bias, particularly when considering the need for diversity and inclusion in
engineering education.

2.3. Diversity in Engineering Education

Diversity and inclusion (D&l) in engineering education are essential for increasing the
representation of underrepresented groups, especially women and minorities [11,12]. Despite
ongoing initiatives, the demographics of the engineering field remain primarily unchanged and
need to reflect societal diversity [12]. The rationale for promoting diversity varies, encompassing
industry needs, social justice arguments, and the benefits of cognitive diversity [13].

D&l efforts include a variety of approaches, such as scholarship programs, extracurricular
activities, and enhancements to the curriculum [13]. However, definitions and priorities
regarding diversity differ across institutions, with some focusing specifically on women, ethnic
minorities, or low socioeconomic status (SES) students [13]. Global collaboration on D&l
initiatives could help share best practices and maximize learning opportunities [11].
Additionally, understanding the individual pathways to engineering and adopting a systemic
perspective may offer insights for improving recruitment and retention efforts [12].

3. Methodology

Our methodology for integrating LLM-based chatbot into the Multicultural Engineering Program
Orientation was organized into three key steps: Chatbot development, educational intervention,
and assessment design and survey development. Each step was critical in ensuring the successful
application of the chatbot as both a technical resource and an educational tool aimed at fostering
critical thinking and ethical awareness in engineering students. Below the framework was
outlined for the methodology and illustrated in Figure 1:



1. Chatbot Development

v

2. Educational Intervention

- Ethical Training
- Technical Training

v

3. Assessment Design

- Likert and Open-ended Questions
- Survey on Qualtrics

Figure 1. Framework Diagram for Study Methodology

3.1. Chatbot Development

Large Language Models are one kind of generative Al systems that typically use a series of
neural networks (with a particular transformer architecture). These models are trained on
extensive datasets with billions of parameters to learn the patterns and structures of human
language and output a sequence of text or other media based on the input text (query/prompt).
These models do not understand the input text or use human-like cognitive processing of
information; instead, they complete (text) sequences with coherent and contextually relevant
responses. This capability makes LLMs invaluable tools in fields ranging from customer support
chatbots to creative writing.

We chose LLaMA2 [14] to build the chatbot because of the accessibility of the source code and
the relative transparency of the model and its training data. We specifically chose the 7 billion
parameters for the chat model from Hugging Face [15] (Llama-2-7b-chat-hf) for this. The
participants were supposed to use this chatbot hosted on Hugging Face space to assist them in
their design competition. Participants were expected to analyze Al-generated responses, identify
biases, and explore practical applications of LLaMAZ in engineering design processes and user
experiences. Ultimately, by asking the participants questions to reflect upon, we encouraged
reflective learning to consider technical and ethical challenges.

3.2. Educational Intervention
3.2.1. Ethical Training

In the beginning stages of the design competition, a select few participants were chosen to be the
“Al specialist” for their group. The Al specialists attended a lecture led by THiCC Lab, where
they were specially equipped with additional training. This training was made up of ethical
training and technical training. The ethical training covered various topics, beginning with Al,
the biocentric Man, and anti-Blackness.

The biocentric Man is a term coined by Sylvia Wynter, and it is the idea of one Man, though not
necessarily any one person, but rather one genre of person [16]. The term points to a pseudo-



person that is White, cis-gendered, heterosexual, and male. We define this term because we and
others argue that modern society is built around the biocentric Man, and this extends to
technology and Atrtificial Intelligence. While the biocentric Man is placed on a pedestal, those
without those characteristics are othered. Consequently, one may argue that Al is inherently
sociocultural because it is created in and thus rooted in a socialized and racialized environment
while persistently serving the biocentric Man [17,18].

The second topic we covered in our lesson was Al and the physical environment. Technology,
including Al, affects the environment via energy usage, water consumption, and carbon dioxide
emissions [19]. While these environmental challenges affect us globally, these universal effects
are not felt evenly; these environmental struggles impact different groups of people unequally.
Research has shown that racial minorities have higher health risks associated with air pollution
[19]. Additionally, the data centers that consume water can compete with drinking water sources
and electricity, causing the residents of places with data centers present or meant to be built to
protest due to the draining of these resources. We taught the students about how pollution
disproportionately affects marginalized communities.

Next, we covered research that describes large language models (LLMS) as stochastic parrots
encoding the internet [20]. The LLMs behind various forms of Al use data from multiple
sources, some of which are often scraped from the internet. However, the internet is
disproportionately representative of White men as well, especially in certain corners of the
internet such as Reddit. Not only is data sourced from the internet susceptible to being ill-
representative of people who have been othered, but also this data gives Al the ability to mimic
language in a deceptively passable way [20]. While the supposed measure of success and
maturity of large language models is this ability to replicate human language, this goal is
simultaneously dangerous because it creates what is known as stochastic parrots—models that
push interpretable, passable responses without understanding the content of what they put out.

We then covered ethical Al practices and action items that the students should take when
working with Al-based systems. This multi-faceted training area began with the understanding
that data collection is typically extractive. Understanding that taking information from a
population is an extractive process leads us to question how we can exchange rather than extract
it and taking the appropriate actions to make this happen is an important part of building just Al.
For data collection to be more of an exchange, we must consider who we are building for and
who benefits from our actions. We taught the students to consider designing for those impacted
by the technology concerning design justice perspectives [21]. In addition to understanding
design justice, we taught about datasheets for datasets [22]. Datasheets accompany a dataset to
keep the dataset acquainted with its roots and to potentially have the dataset developer document
answers to critical social questions tied to the dataset. We taught that data will always be from
somewhere and can be dangerous when emancipated from its original intentions or usages.

3.2.2. Technical Training



We guided the students through three different Python notebooks and explained how the
difference in implementation would affect the chatbot's responses. We used the same three
prompts based on the design competition theme to demonstrate the reaction difference.

The prompts were:

- How could a telemedicine system have been implemented using the technology available
during the 1910s to combat the Spanish Flu pandemic?

- What affordable and sustainable housing solutions could have been developed during the
Great Depression to address widespread homelessness?

- How might renewable energy technologies like solar or wind power have been developed in
the 1970s to address the energy crisis?

For the first notebook, a vanilla version of the LLaMA2 model without any changes was used to
give responses solely based on the data it was pre-trained on.

For the second notebook, we modified the notebook to allow system prompting, a technique for
providing guided and contextualized responses. This is to enforce the theme of “decades” in the
responses. For example, a context such as “You are living in the 1910s” could be added in the
first prompt to get a more accurate response.

For the third notebook, we use a pamphlet relevant to the themes as the context and system
prompts to get the responses. This notebook employed Retrieval-Augmented Generation (RAG),
a model training technique that incorporates external data into the responses generated by the
LLaMA2 model. By embedding the pamphlet into the pre-trained model, the chatbot could
generate more accurate answers and contextually tied to the students’ queries regarding their
assigned decades.

This approach also served as a practical demonstration of how Large Language Models (LLMSs)
can be shaped to provide tailored and sometimes biased outputs, emphasizing the critical role of
developers in training and contextualizing these systems. For instance, even with an open-source
model like LLaMA2, the curated input data directly influenced the chatbot’s responses. By
exploring this aspect, the Al Specialists gained more profound insights into the implications of
Al training processes.

The finalized RAG-enabled LLM-based chatbot was hosted on the Hugging Face platform so
that students could interact with it for their design competition. This hands-on engagement
encouraged reflective learning, enabling participants to critically evaluate the utility and
limitations of Al-driven tools in addressing real-world problems.

After this exercise, the Al specialists were given the link to the hosted Hugging Face space based
on the RAG-enabled notebook for their design competition. The Al specialists were expected to
share this link with their teammates to aid them in their design competition and finally reflect on
their experience with the Al system to understand its impact.



3.3. Assessment Design and Survey Development

Participants: To assess the impact of integrating an LLM-based chatbot in the Multicultural
Engineering Program Orientation (MEPO), a Qualtrics survey was administered at the end of the
academic semester. The survey targeted MEPO student participants and staff (mentors and
facilitators). A total of 30 out of 142 eligible students completed the survey, yielding a response
rate of 21%.

Mixed-methods approach: This study employed a mixed-methods research approach, combining
quantitative (Likert-scale) and qualitative (open-ended) questions to evaluate the chatbot’s
effectiveness, aiming to assess students' understanding of Al ethics, perceived limitations of Al,
and chatbot usability and impact on learning. The quantitative component provided measurable
insights into student perceptions, while the qualitative responses captured deeper reflections on
their challenges, concerns, and engagement levels. Mixed-methods research is particularly
valuable in educational settings as it helps validate trends while incorporating nuanced
perspectives that numerical data alone cannot provide [23,24].

Survey Structure and Data Collection: Data for this study was collected through an online survey
conducted on the Qualtrics platform. The survey was administered after the MEPO program to
gather insights into students’ experiences and learning outcomes. It included Likert-scale
questions to capture quantitative data on students’ perceptions of the chatbot and open-ended
questions to explore their reflections on its educational value.

The survey was structured as follows: The survey was structured into several sections:

Pre-Survey Eligibility Check — To identify participant roles (student vs. staff).
Understanding the Chatbot — Focused on usability, navigation, and effectiveness.

Al Limitations — Explored whether students recognized the constraints of Al tools.
Ethical Implications of Al — Assessed students' awareness of Al-related ethical concerns.
Additional Feedback — Open-ended reflections on improvements and overall experience.
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Data collection adhered to Institutional Review Board (IRB) guidelines, ensuring ethical
compliance and participant confidentiality. All responses were anonymous, participation
was voluntary, and students received a $10 incentive upon survey completion.

Linking Data to Learning Outcomes: This study employed a mixed-methods research approach,
combining quantitative (Likert-scale) and qualitative (open-ended) questions to evaluate the
chatbot’s effectiveness, focusing on students' understanding of Al ethics, perceived limitations of
Al, and chatbot usability and impact on learning. The quantitative component offered measurable
insights into student perceptions, while the qualitative responses provided more profound
reflections on their challenges, concerns, and engagement levels. This mixed-methods research is
particularly valuable in educational settings as it validates trends and incorporates nuanced
perspectives that numerical data alone cannot capture. It has been widely endorsed in educational
and behavioral sciences for addressing diverse research questions and generating actionable
insights [25].




4. Results and Discussion

The Qualtrics survey included responses from 21% of MEPO participants. The results presented
in this paper aim to provide a starting point for understanding the perceptions of MEPO
participants and to reflect on their overall experience during the program. 71.5% of the survey
participants were students, of which 26.7% engaged as Al specialists. Additionally, 28.5% were
staff members, among which 33.3% served as design team members.

Understanding the chatbot:

Survey responses indicated a mixed experience with the chatbot. Figure 2 shows that while some
participants appreciated its potential, nearly half (43.8%) strongly disagreed with the statement,
"I was able to use the chatbot,” highlighting significant usability challenges. Additionally, 37.5%
found it complex or confusing, and only 6.3% felt it was particularly useful for their design
tasks.

Key usability challenges included navigation difficulties, vague responses, and a disconnect
between the chatbot's intended educational purpose and students' expectations. Students
struggled with accessing the interface and often found the responses repetitive. Many questioned
the necessity of using a chatbot when traditional search engines could serve similar functions.

To improve the experience, it is suggested that an interactive walkthrough be offered before use,
that responses be more specific, and that better contextual framing be provided regarding the role
of chatbots in Al ethics education. By implementing these changes, future iterations could better
meet students' needs and clarify the benefits of engaging with the chatbot.

50.0%
45.0%
40.0%
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Figure 2. Participants’ understanding of the chatbot

Understanding Al limitations:

In Figure 3, the survey revealed that 43.8% moderately agreed that the chatbot fell short and that
this helped them see Al limitations. From the distribution of the responses, the chatbot
successfully brought attention to the limits of Al, which aligns with its educational objectives
regardless of room for improvement.



Understanding Al Limitations
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Figure 3. Participants’ understanding of Al limitations

Understanding ethical implications:

Figure 4 shows that the survey indicated mixed perceptions about the chatbot’s effectiveness in
conveying Al's ethical implications and helping participants recognize its ethical drawbacks.
These results suggest the chatbot successfully raised ethical awareness, yet targeted
improvements in content and interactive scenarios could address the gaps for less impacted
participants.

Understanding Ethical Implications
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Figure 4. Participants’ understanding of ethical implications

Positive and negative keywords were extracted from participant responses, and the percentage of
participants cited each was calculated to identify crucial insights. 40% of participants—primarily
mentors and students—used words like “useful” and “research aid” to describe the chatbot, while
30% mentioned words like “confusing” and “repetitive.” 35% of participants had positive
perceptions about “understanding Al and “adjusted expectations” in conversations regarding Al
limitations, while 50% cited drawbacks, such as “not accurate” and “unable to handle specifics.”
Concerning ethical issues, 30% voiced concerns about “misinformation” and “resource-heavy
Al,” while 50% emphasized benefits like “unbiased” and “transparency.” These observations
highlight the usefulness of the chatbot, its drawbacks, and the moral questions it raises.

Reflections and lessons learned:




These reflections highlight the benefits and drawbacks of an Al tool (e.g., chatbot) integrated
into a multicultural engineering program as a pedagogical instrument. Participants valued

the critical engagement fostered by discussions, such as introducing concepts like the biocentric
human genre and how Al disproportionately affects marginalized communities. However,
challenges arose due to knowledge gaps, particularly with tools like Jupyter notebooks and

the chatbot’s contextual understanding limitations. Some participants felt that integrating Al

into historical contexts (e.g., the 1930s Great Depression) seemed incongruent, suggesting a need
for more precise alignment between themes and Al applications.

Key lessons emphasize the importance of preparation and accessibility, ensuring contextual
relevance, expanding ethical discussions, and implementing real-time feedback mechanisms for
continuous improvement. Moving forward, program assessment enhancements can help address
these challenges. Future iterations of this study could incorporate pre- and post-surveys to
measure shifts in students’ Al literacy levels, alongside focus groups or structured interviews to
gain more profound insights into students' critical engagement with Al. Additionally,

a longitudinal study could track how students’ attitudes toward Al ethics evolve beyond MEPO,
providing a more comprehensive understanding of the long-term impact of Al education in
engineering programs. By refining assessment methods and integrating more structured
evaluations, future implementations can ensure that students engage critically with Al and
develop lasting Al literacy and ethical awareness.

5. Conclusion

Integrating an LLM-based chatbot in the Multicultural Engineering Program Orientation was a
successful yet challenging effort. The chatbot's design focused on Al’s ability—as a pedagogical
and critical tool—to get students to consider its ethical implications and dependability. In
contrast, this work also identified areas that demanded improvement, such as addressing
participants’ different technical readiness and improving alignment with historical themes.
Considering these experiences, we intend to enhance subsequent applications and ensure Al-
powered resources promote accessible, inclusive, and impactful engineering education.
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