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Abstract—In this Innovative Practice full paper, we in-
troduce Gurukul, an innovative coding platform designed
to support teaching Data Structures and Algorithm
(DSA) course by integrating advanced Large Language
Models (LLMs). LLMs have emerged as powerful tools
in Computer Science Education (CSEd), offering unpar-
alleled opportunities for enhancing student comprehen-
sion and engagement. However, their use in educational
settings presents challenges, including tendencies toward
hallucination, contextual inaccuracies, and the risk of
undermining critical thinking by providing explicit solu-
tions. To address these challenges, and to explore how
specialized LLMs can bolster learner engagement, we
present Gurukul, a platform featuring dual innovations:
Retrieval-Augmented Generation (RAG) and Guardrails.
Gurukul offers a hands-on practice feature where stu-
dents can solve DSA problems within a code editor,
supported by a dynamically Guardrailed LLM that
prevents the delivery of explicit solutions. Additionally,
the platform’s study feature utilizes RAG, drawing from
OpenDSA as a trusted source, to ensure accurate and
contextually relevant information is provided. To assess
the platform’s effectiveness, we conducted a User Study
with students, and a User Expert Review with faculty
from a U.S. public state university specializing in DSA
courses. Our analysis of student usage patterns and
perceptions, along with insights from instructors, reveal
that Gurukul positively impacted student engagement
and learning in DSA, demonstrating the potential of
specialized LLMs to enhance educational outcomes in
this field.

Index Terms—Large Language Models, Retrieval Aug-
mented Generation, Guardrails, Computer Science Ed-
ucation, ChatGPT, AI in Education

I. INTRODUCTION

Data Structures and Algorithms are fundamental
components of computer science that equip students
with the necessary skills to solve complex real world
problems efficiently. Being skilled in DSA is not
only pivotal for academic success but also critical for
professional competence in software development and
computational problem-solving. However, despite its
importance, teaching and learning DSA present signif-
icant challenges, primarily due to the abstract nature
of the concepts involved [1]. As students struggle to
link theoretical principles with practical applications,
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there is another problem which is the one-size-fits-
all [2] approach of traditional teaching relying solely
on lecture based methods and static textbooks where
students are passive recipients of knowledge rather
than being active participants. This is exacerbated by
the problem of reduced levels of engagement due to
lack of interactive feedback [3].

The advent of Large Language Models like Chat-
GPT [4], Claude [5] and Llama [6] has changed the
landscape of education as we know it. These advanced
Al tools have the potential to enhance the learn-
ing experience by providing personalized, context-
aware assistance that traditional educational methods
often lack. In computer science education, LLMs can
help bridge the gap between theoretical concepts and
practical applications by providing interactive coding
assistance, troubleshooting and instant clarification of
doubts. Hence the proliferation of LLMs in education
tools is inevitable. The application of LLMs, however,
is not without challenges. Two primary issues inherent
to the way LLMs are built are their propensity for
“hallucinations” - generating plausible but incorrect
or irrelevant content - and contextual inaccuracies.
These issues can mislead learners, especially in com-
plex subjects like DSA where precision is critical.
Additionally, LLMs can be easily manipulated to pro-
vide direct answers, thus bypassing critical thinking
and problem-solving processes essential in education
[7], [8]. Other concerns include the reinforcement
of biases and the lack of adaptability to different
learning contexts, which could further undermine their
educational value. Addressing these challenges while
building LLM based educational tools is crucial to
ensuring that LLMs enhance rather than detract from
the educational experience.

In response to these challenges, we present the
Gurukul platform, developed to explore design pat-
terns and concepts for creating specialized LLM-based
applications that enhance engagement and learning
experiences in DSA courses. Gurukul’s theoretical
foundation is built on the premise that modern edu-



cational tools should provide interactive, personalized
learning experiences that actively engage students and
adapt to their individual needs. By incorporating RAG
and Guardrails within its LLMs, Gurukul seeks to
ensure that the educational content is not only accurate
and relevant but also ethically aligned with educational
standards and motives. This approach is meant to
encourage the development of critical thinking skills
rather than complete reliance on LLMs, fostering a
more balanced and effective learning environment.

This study is guided by two principal research
questions:

RQ1 - What are the user perceptions towards using
Gurukul as an educational tool, integrated with spe-
cialized LLMs regarding learning comprehension and
engagement in DSA courses?

RQ?2 - How do Guardrails and Retrieval Augmented
Generation work towards enhancing engagement and
learning productivity, and what could be the design
principles to consider while employing such applica-
tions?

II. REVIEW OF LITERATURE

The utility of large language models like GPT4
[4], [9], Llama and Claude has opened up multiple
avenues for educational use. In Computer Science
Education (CSEd), recent studies have demonstrated
the potential of these models to improve learning and
teaching experiences in university-level programming
courses [10]-[12]. Studies on the utilization of Artifi-
cial Intelligence have been an area of active research
for many years. However, the investigation of the
Large Language Models in educational settings has
emerged more recently [13], [14]. As we examine
the technological landscape in education, particularly
within the confines of Computer Science and DSA,
it is imperative to critically analyze existing digital
tools and educational platforms that cater to these
specialized subjects.

A. Al in Education

Historically, Al in education has seen significant
interest, especially with the advent of Intelligent Tu-
toring Systems and Chatbots [16]. Al has become
central in transforming educational paradigms, offering
personalization and adaptability across diverse envi-
ronments [17]. As show in Fig. 1, the interest in
‘Al in Education’ has seen a significant rise from
2004 to 2024, reflecting the growing importance of
Al technologies in the educational sector.

Traditional CS education faces challenges, espe-
cially in foundational courses like DSA, due to the
abstract nature of the content, diverse student back-
grounds, and conventional teaching methods. Lecture-
based delivery often fails to engage students or effec-
tively convey complex concepts. Yadav et al. (2016)
and Knobelsdorf and Vahrenhold (2013) highlight the
isolation and lack of adequate CS background among

teachers as significant barriers [1]. Webb et al. (2017)
who argue for a curriculum that integrates real-world
applications to better prepare students for professional
challenges in CS. [18].

Innovative approaches like Problem-Based Learn-
ing (PBL) shift the focus from passive information
reception to active problem-solving, helping students
develop practical skills and deeper understanding. Kay
et al. (2000) describe the effectiveness of PBL in
improving student engagement and learning outcomes
in CS courses [19].

Traditional DSA education relies heavily on theo-
retical lectures, which may not address all students’
learning needs. This can lead to poor engagement and
retention of information. Tamassia (1998) emphasizes
the challenge of conveying abstract concepts and de-
veloping efficient implementations [20]. Steingartner
et al. (2019) note that traditional methods often fail
to account for the wide content scope and student
variability, leading to inconsistent learning outcomes
[21]. Su et al. (2021) discuss the difficulty students
face in visualizing and understanding DSA concepts
due to traditional teaching methods [22]. Tang et
al. (2012) highlight the importance of incorporating
experimental teaching to enhance engagement and
learning efficiency [23].

B. Applications of Large Language Models in CS
Education

Large Language Models (LLMs) offer transforma-
tive tools in CS education, providing novel approaches
to teaching and learning. Models like GPT-3 and
Codex facilitate the automatic generation of program-
ming content, quizzes, and courses tailored to indi-
vidual learning needs. Macneil et al. (2022) highlight
LLMs’ potential to generate code and explanations,
aiding the learning process [24].

LLMs create personalized learning experiences that
adapt to individual students’ pace and style. Kriiger
and Gref (2023) show that LLMs enhance learning
through interactive problem-solving scenarios [25].
Tran et al. (2023) demonstrate that LLMs can reduce
educators’ workload while enhancing the curriculum’s
cultural relevance [26].

However, LLMs come with inherent drawbacks.
They are computationally expensive and require sub-
stantial hardware and energy resources, limiting their
accessibility and scalability. Meyer et al. (2023) dis-
cuss ethical concerns surrounding LLM deployment,
such as data privacy and bias [12]. In educational
contexts, LLMs raise issues of accuracy and reliability.
Hamaniuk (2021) emphasizes the need for careful
oversight to ensure accurate and contextually appropri-
ate information [27]. Macneil et al. (2022) advocate for
a balanced approach that uses LLMs to enhance, not
replace, traditional teaching methods [28]. Joseph et
al. (2023) propose a Critical Al Literacy framework to
help teachers adopt LLM-based tools [29]. Academic
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integrity is another concern, as LLMs can generate
essays and answers that could be used for cheating.

C. Retrieval Augmented Generation and Its Uses in
Education

Retrieval Augmented Generation (RAG) enhances
AT’s personalization and accuracy in education. RAG
combines generative capabilities of models like GPT
with retrieval functions similar to search engines, im-
proving factual accuracy and reducing hallucination.
Jiang et al. (2023) describe methods for actively decid-
ing what and when to retrieve, enhancing the relevance
and accuracy of generated content [30]. Wang et al.
(2023) introduce Chat-Ed, a chatbot architecture that
combines ChatGPT with a retrieval-based framework
to support higher education [31].

In education, RAG creates dynamic and responsive
learning materials. Li et al. (2022) survey RAG appli-
cations in education, highlighting its use in dialogue
response generation and machine translation [32]. Mao
et al. (2020) developed a Generation-Augmented Re-
trieval system for open-domain question answering,
enriching query semantics and improving retrieval
accuracy [33]. Manathunga and Illangasekara (2023)
discuss RAG’s use in medical education, integrating
up-to-date knowledge into learning platforms [34].

D. LLMs with Guardrails and Their Uses

Large Language Models (LLMs) require guardrails
to prevent unintended or inappropriate content.
Guardrails ensure LLM outputs align with ethical
standards and educational goals. Liffiton et al. (2023)
explore CodeHelp, an LLM-powered tool providing
programming assistance without revealing solutions,
emphasizing the importance of guardrails to balance
assistance and over-reliance [35].

Guardrails maintain the integrity and safety of
LLM applications, particularly in sensitive areas like
education. Sun et al. (2023) describe “Contrastive
and Scenario-Guided Distillation” methods to tai-
lor LLM outputs to predefined rules, ensuring con-
tent accuracy [36]. Rebedea et al. (2023) introduce
NeMo Guardrails, a toolkit for adding programmable

Al in Education” from 2004 to 2024 [15].

guardrails to LLM applications, providing flexibility
and control over outputs [37].

In conclusion, integrating guardrails in LLM appli-
cations is crucial for safe and effective use in educa-
tion. By aligning outputs with ethical standards and
educational objectives, guardrails help leverage LLM
benefits while minimizing risks. Ongoing development
of guardrail technologies will enhance the reliability
and safety of LLM applications in educational settings.

III. METHODOLOGY

This section outlines the system architecture and im-
plementation of the Gurukul application, emphasizing
both theoretical aspects and core functionalities.

A. Design

1) System Architecture: The Gurukul platform is
built on a Hybrid Client-Server Architecture, utiliz-
ing Next.js for its flexibility in rendering strategies,
such as Server Side Rendering (SSR) and Static Site
Generation (SSG). This architectural choice enhances
the application’s performance and user experience by
ensuring rapid loading times and effective Search
Engine Optimization (SEO) while maintaining rich in-
teractivity. The backend is powered by Node.js, which
efficiently handles API requests, user authentication,
and database operations.

2) Retrieval Augmented Generation: RAG forms
the pedagogical backbone of the study feature, ad-
dressing the limitations of static LLMs by augmenting
them with an external knowledge base. This process
synthesizes information retrieval from a vast corpus
of data with the generative capabilities of advanced
language models. This feature was incorporated in the
Study section of the application.

Mechanism of Action:

Fig. 2 illustrates the mechanism of RAG in the Gu-
rukul application, showcasing how the system retrieves
and generates contextually relevant educational con-
tent. The steps in which how RAG was implemented
in gurukul are as follows:

o Data Crawling and Preprocessing: OpenDSA
was selected as the primary source of documents
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Fig. 2. A diagram illustrating the RAG process.

for the LLM to refer to, providing a comprehen-
sive repository of educational content. The HTML
documents from OpenDSA were converted into
dense word vectors and stored in Supabase’s
PostgreSQL-based vector database (pgvector).
Document Ingestion Collects a wide range of
documents and data sources to serve as the knowl-
edge base.

Document Chunking: Breaks down large docu-
ments into smaller, manageable pieces to enhance
retrieval efficiency.

Converting Documents to Vector Databases:
Transforms textual data into mathematical vectors
using embedding models, storing these vectors
in specialized databases for rapid retrieval. The
process involves running the data through an
embedding model to convert it into vectors. These
vectors are stored in a vector database optimized
for high-dimensional vector data, facilitating effi-
cient retrieval during the RAG process.

Using Embeddings for Semantic Search: Uti-
lizes vector embeddings to understand the intent
and contextual meaning behind queries, enhanc-
ing the relevance of fetched information.

Using LLMs with Vector Databases for RAG:
Integrates LLMs with vector databases to pro-
vide comprehensive, accurate, and contextually
enriched responses. When a learner poses a query,
the system vectorizes the query, searches the
VectorDB for relevant information, and retrieves
the most relevant content. This information is then

synthesized by the LLM to generate accurate,
contextually enriched responses.

3) Guardrails and Their Implementation:
Guardrails are essential for maintaining the integrity
and safety of Al applications, particularly in
educational settings. They prevent the model
from generating harmful, biased, or inappropriate
content that could mislead learners or propagate
misinformation.

System Prompts: In the context of the Gurukul
platform, the OpenAl API is configured with a system
prompt to restrict the LLM’s responses to educational
content only. For instance:

const systemMessage = {

role: "system",

content: "You are a benevolent helping Teaching
Assistant in Data Structures and Analysis.

only answer questions related to Data

Structures and Algorithms, test cases, and
imaginary test cases. You DO NOT OUTPUT ANY
CODE."

You

}i

The LLM assistant is designed to guide students
through problem-solving without providing direct an-
swers, encouraging critical thinking and problem-
solving skills. The guardrails ensure that the assistant
promotes ethical learning practices by preventing aca-
demic dishonesty.

Live Code Editor: The live code editor allows
students to write, test, and debug code in a real-world
coding environment. It features syntax highlighting,
error detection, and code completion to promote a
smoother learning curve. The monaco editor [38] com-




ponent was used as the code editor and additional
features included choice of programming language
between Python, Java, C++, C, Go and Javscript. Fig 3
shows the code editor and 1lm assistant with a sample
interaction.

Interactive Learning: The practice section inte-
grates the LLM assistant to provide instant feed-
back, hints, explanations, and alternative solutions,
facilitating immediate reinforcement and consolidation
of new knowledge. Three static hints generated by
ChatGPT were already provided in the code editor.
These were meant to be seed points for understanding
how to solve the problem. The hints were ordered in
increasing level of verbosity with hintl having least
information and hint3 having most. The LLM assistant
was embedded right next to the Code Editor for easy
asking of questions. The editor was also incorporated
with functionality to test and compile code with boiler
plate code always rendered whenever users chose their
appropriate programming langauge.

IV. RESULTS

To evaluate Gurukul, we adopted a two-pronged
approach. First, we conducted a User Expert Review
involving experts from a public university in the USA.
Second, we performed a User Study with students
interested in or already enrolled in Data Structures
and Algorithms courses. This dual approach provided
a comprehensive and holistic evaluation from both
pedagogical (instructor) and student perspectives. By
incorporating insights from both groups, we aimed to
assess the platform’s effectiveness in facilitating learn-
ing and teaching in a balanced manner. Unfortunately,
direct comparative data from previous years is un-
available. However, based on qualitative feedback from
instructors who taught DSA courses in prior years,
the Gurukul platform demonstrated improved student
interaction and engagement compared to traditional
teaching methods. Future studies will incorporate lon-
gitudinal data to provide more robust comparisons.

A. User Expert Review

The User Expert Review was conducted to evaluate
the Gurukul platform’s usability and educational effec-
tiveness. The experts assessed various aspects of the
platform, such as interface design, functionality, and
overall user experience.The objectives of the Expert
Review were to assess the usability and intuitive
design of the platform, evaluate the effectiveness of the
educational tool provided and gather expert feedback
for potential improvements. The key features that were
evaluated were

1) User Interface and Site Navigation: The pro-
fessors found the platform visually appealing and pro-
fessionally designed. The clean and structured layout
facilitated ease of navigation, potentially reducing the
learning curve for new users. Simplicity in user experi-
ence was emphasized, and the interface was described

as intuitive with well-delineated sections for theory,
practical exercises, and interactive tools. The ability
to toggle to night mode stood well with the experts
as a point was made specifically about how it might
be beneficial for the visually impaired. Comments
were made regarding formatting and font size for the
LLM assistant. Suggestions for improvement included
enhancing font size and contrast for users with visual
impairments, and summarizing overly verbose error
messages.

The logical flow between different sections was
positively received, with recommendations for better
labeling of interactive elements and a more detailed
tutorial for first-time users. Enhancing accessibility
features such as text-to-speech capabilities, better color
contrasts, and comprehensive keyboard navigability
was suggested. Some layout issues with the live code
editor were noted. Overall some suggestions were also
made to add more metadata into the systems to users
know what each functionality is.

2) Content Evaluation: The use of RAG leveraging
OpenDSA material was highly praised for generating
dynamic, context-aware educational content. The LLM
provided mostly correct and detailed answers, though
responses to ambiguous prompts could be improved.
The system’s ability to reject queries outside its scope
was commended, preventing the presentation of false
information. The integration of verified sources for
each response added a layer of trust. Recommenda-
tions included integrating a memory component in the
LLM assistant and fine-tuning the balance between
using OpenDSA and external knowledge bases.

Experts liked the idea that students would know
where the information is sourced from. Guardrails
effectively prevented the generation of misleading or
inappropriate content, maintaining ethical standards
in educational guidance. The LLM assistant provided
accurate and relevant responses, aiding in the under-
standing of complex DSA concepts without giving
direct answers, thus encouraging critical thinking.

Notes were made about incorporating a confidence
score associated with the sources to establish confi-
dence in the answers. The tags and problem metadata
were helpful, though there was a noted lack of a filter
option. Experts found the answers from the LLMs to
be generally credible, although there were instances
where the LLMs generated answers that seemed out
of context or without referring to OpenDSA.

The comprehensive set of DSA problems, rang-
ing from basic to advanced levels, equipped with
a live code editor, was commended. The live code
editor’s support for multiple programming languages
was seen as beneficial, providing a real-world coding
experience. The interactive environment, with instant
feedback on code compilation and execution, enhanced
learning by allowing students to learn from mistakes
in real-time.

One user expert noted that adding the context of the
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problem statement at hand in the LLM embedded in
the practice section would help students stay on track
when asking questions to the LLM.

3) Persuasion: The content’s alignment with cur-
rent DSA curricula was deemed highly beneficial for
learners, demonstrating the platform’s relevance and
potential impact in educational settings. The User
Expert Review highlighted the value of integrating
the Gurukul platform into classroom environments as
a supplementary tool, where hands-on practice and
immediate feedback could significantly enhance the
learning experience.

Despite these occasional inconsistencies, the ex-
perts were persuaded by the prospect of using such
LLM-assisted educational tools in the classroom. They
recognized the potential of these tools to provide
personalized, context-aware assistance that traditional
methods often lack, thus enhancing student engage-
ment and comprehension.

This positive feedback from experts underscores
the promise of LLM-assisted educational tools like
Gurukul. The insights gained from the review will con-
tribute to the continued development and refinement
of these tools, ensuring they meet the high standards
required for effective integration into educational cur-
ricula.

B. User Study

The User Study involved a diverse group of students
enrolled in DSA courses. The study aimed to gather
quantitative and qualitative data on user engagement,
learning outcomes, and overall satisfaction with the
Gurukul platform.

1) Quantitative Evaluation: Quantitative data was
collected on user engagement metrics, such as the
number of submissions, success rates, and average pass
rates.

Data Collection and Questions Asked

Quantitative data was collected on user engagement
metrics, such as the number of submissions, success
rates, and average pass rates. Some data was also
gathered through a structured questionnaire. By an-
alyzing the ratings and responses, we can understand

the overall user satisfaction and identify specific areas
that need improvement.

This evaluation helps answer key questions about
the platform’s effectiveness in supporting students’
learning experiences. It highlights the strengths of the
platform, such as the positive feedback on enjoyability
and usefulness, while also pointing out areas for en-
hancement, such as ease of use and overall quality. By
addressing these insights, the Gurukul platform can be
further refined to better meet the diverse needs of its
users and enhance the overall learning experience.

Satisfaction with the Study Section of the System

Satisfaction Level

Fig. 4. Responses to the interview question “On a scale of 1-10
what do you think is the overall satisfaction with the study section?”

Recommendation of the Study Section of the System
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Fig. 5. Responses to the interview question “On a scale of 1-10
how much would you recommend the study section to other users?”

The survey results for the study section of the sys-
tem showed the following average ratings, each based
on a scale from 1 to 10, with 10 being the highest
possible rating. Figure 4 shows the overall satisfaction
levels with the study section, indicating a generally
positive response from users. Figure 5 presents the
distribution of recommendations for the study section,
highlighting its perceived value among users. The
average satisfaction level with the study section was



TABLE I
QUANTITATIVE ANALYSIS: LLM-RELATED FEEDBACK QUESTIONS

Question Very Well (%) Well (%) Neutral (%) Not Well (%) Bad (%)
Address learning needs 27.5 30.0 27.5 10.0 5.0
Match learning style, pace, preferences 27.5 37.5 30.0 0.0 5.0
Align with curriculum, syllabus 15.0 27.5 40.0 10.0 7.5
Prepare for practice section 15.0 47.5 30.0 2.5 5.0
Apply knowledge and skills 22.5 55.0 17.5 2.5 2.5
Recommend to others 12.5 35.0 27.5 17.5 7.5

5.90, indicating a moderate level of satisfaction among
respondents. The usefulness of the study section for
achieving learning goals received an average rating of
5.55, suggesting that users found it somewhat helpful
but with room for improvement. The overall quality
of the study section was rated at an average of 5.90,
demonstrating a generally moderate perception of its
effectiveness and quality. Additionally, the extent to
which users felt they learned from the study section
was rated at an average of 6.80, indicating that re-
spondents believed the study section contributed fairly
well to their learning. Overall, these results suggest
that while the study section is considered moderately
satisfactory and useful, there are opportunities for
enhancements to better meet user expectations and
learning objectives.

Recommendation of the Practice Section of the System
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Fig. 6. Responses to the user study: “On a scale of 1-10 how much
would you recommend the practice section to other users?”

The survey results for the practice section of the
system showed the following average ratings, each
based on a scale from 1 to 10, with 10 being the
highest possible rating. The average satisfaction level
with the practice section was 7.25, indicating that most
respondents were quite satisfied with this component
of the system. The ease or difficulty of using the
practice section received an average rating of 3.58,
suggesting that users generally found it somewhat
easy to navigate and use. The enjoyment or frus-
tration experienced while using the practice section
also averaged 3.58, which implies that users had a
moderately positive experience. Finally, the usefulness
of the practice section for achieving learning goals
was rated at an average of 6.94, demonstrating that
respondents found it to be fairly effective in helping
them meet their learning objectives. Overall, these
results indicate a generally positive perception of the
practice section, with room for improvements in user

experience and usability.

Distribution of Programming Languages

Fig. 7. Distribution of Programming Languages used.

Fig 7 shows the distribution of the percentage of
programming language submissions.

2) Qualitative Evaluation: Students provided feed-
back on various aspects of the platform, including ease
of use, helpfulness of the LLM-generated content, and
overall learning experience.

Study Section Feedback The study section of the
Gurukul app, utilizing RAG, received diverse feedback
from users. A majority of students appreciated the
comprehensive explanations and tailored learning
resources provided by RAG, which helped deepen
their understanding of theoretical concepts. The
ability of the system to reference credible sources
added a layer of trust to the learning process, though
some users felt references were overused, especially
when the AI seemed unsure of the answers. 24
students responded positively towards the educational
value of RAG, emphasizing its effectiveness in
delivering theoretical knowledge and facilitating
access to a broad spectrum of learning resources.
Users appreciated Gurukul’s focus on specific DSA
topics, which provided a more targeted learning
experience compared to broader Al systems like
ChatGPT. The platform’s clean and engaging design
received positive feedback, though there were calls
for a more structured learning approach, integrating
direct instructional content alongside the interactive
Al-driven query system. Feedback on the platform’s
impact on motivation and confidence varied. Some
users reported a boost in both areas, praising the
immediate and interactive feedback that helped
refine their problem-solving strategies. Others saw
no noticeable change in their learning drive or
self-assurance. There was a consistent desire for
more content depth and a greater variety of problem



types. Many users wished for more challenging
questions to cater to different skill levels and foster a
comprehensive understanding of the field.

Practice Section Feedback The practice section
received both positive and negative feedback. Users
appreciated the Al integration, which allowed them
to ask questions and receive help while practicing.
The flexibility to ask questions repeatedly and get
responses aiding problem-solving was highly valued.
The variety and relevance of problems were well-
received, with users finding them similar to those on
platforms like Leetcode. However, some users found
the AI limited in its discussion capabilities and noted
frequent conversation restarts. The coding area was
criticized for being small, and the compilation process
for causing annoying popups. Users wished for ex-
pected output for test cases to better understand code
failures and clearer feedback on debugging, including
syntax error highlighting. The practice section gener-
ally met user expectations, but feedback highlighted
areas for improvement. Users wanted better Ul, in-
cluding adjustable text boxes, resizable windows, and
improved dark mode readability. More helpful and
clear feedback on code compilation and testing was
requested, along with features for sorting problems by
difficulty or topic and viewing all problems under a
specific topic at once. Users also desired customizable
and personalized practice options. In summary, while
the Gurukul platform effectively facilitated learning
and engagement in DSA courses, the feedback un-
derscores the importance of balancing Al capabilities
with user needs. Enhancements in interactive and
comprehensive lesson formats, content diversity, and
UI improvements could further elevate the platform’s
educational value.

V. DISCUSSIONS

The overall evaluation data shows positive reception
of the Gurukul platform. High success and pass rates
indicate effective learning of DSA concepts. Users
valued the LLM’s clear explanations. The integration
of guardrails and RAG improved engagement and
learning productivity, contributing to the platform’s
educational effectiveness.

Engagement and Satisfaction The total number
of submissions per user and the frequency of sub-
missions over time demonstrated varied engagement
levels, suggesting that the platform was able to cater
to different learning preferences and needs. Users
frequently engaged with the platform, particularly
around assignment deadlines and exam preparations,
indicating its relevance and utility in supporting their
academic activities.

Learning Comprehension The success rates and
average pass rate provide quantitative evidence of
effective learning outcomes. Additionally, the thematic
analysis of user feedback identified several key areas

where the platform excelled, such as concept clarifica-
tion and detailed guidance. Users particularly valued
the interactive learning components, including the live
code editor and practice questions, which facilitated a
hands-on approach to learning.

User Feedback Qualitative feedback further rein-
forced the positive user perceptions. Users highlighted
the effectiveness of the LLM in providing accurate and
relevant responses, which aided in their understanding
of DSA concepts. However, there were also sugges-
tions for improvement, such as increasing the variety
of practice questions and offering more detailed ex-
planations for complex topics. Addressing these areas
could further enhance user satisfaction and learning
outcomes.

Effectiveness of Guardrails The guardrails effec-
tively prevented the generation of misleading or inap-
propriate content, ensuring that users received accurate
and ethically aligned educational guidance. This is
particularly important in maintaining trust and reliabil-
ity in Al-driven educational tools. The expert reviews
corroborated these findings, with positive evaluations
of the guardrails’ ability to provide safe and relevant
responses.

Role of Retrieval Augmented Generation The
RAG system enhanced the LLM’s capability by in-
tegrating external knowledge sources, providing users
with more comprehensive and contextually relevant
answers. This feature was particularly valuable in
addressing complex queries and offering detailed guid-
ance. The expert reviews and user feedback both high-
lighted the RAG system’s effectiveness in enriching
the learning experience.

VI. CONCLUSIONS AND FUTURE WORK

The Gurukul platform has demonstrated significant
potential in enhancing DSA learning, as evidenced by
user studies and expert reviews. By integrating inno-
vative concepts like RAG and Dynamic Guardrails,
the platform paves the way for LLM-enabled edu-
cational tools, effectively bridging the gap between
theoretical knowledge and practical application. The
positive impact on student engagement, understanding,
and motivation underscores the platform’s strengths.
To further improve, the platform should focus on
expanding its knowledge base with additional author-
itative sources and advancing guardrail technology
for more nuanced guidance. Conducting longitudinal
studies with a larger, diverse sample will provide
deeper insights into the platform’s long-term effec-
tiveness. Additionally, integrating with popular Learn-
ing Management Systems will increase accessibility
and streamline adoption in various educational set-
tings. Gurukul represents a significant advancement
in DSA education, offering a comprehensive solution
that combines theory with practical application through
innovative technologies. By continuously evolving to
address user feedback and meet the needs of students



and educators, the platform has the potential to become
an indispensable tool in computer science education.
Future work will focus on expanding capabilities,
improving scalability, and maintaining an effective,
engaging learning experience for all users.
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