Supporting Self-Directed Learning with AI: Improving Student
Interaction with Technical Documentation

Aidan Szuch, Akanksha Girdhar, and Andrew DeOrio
amszuch@umich.edu, agirdhar @umich.edu, awdeorio@umich.edu
Department of Electrical Engineering and Computer Science

University of Michigan

Abstract

With the rapid growth of generative Al chatbots, use of these tools by students is likewise
increasing. Students often encourage chatbots to provide direct solutions, undermining key
learning goals, rendering assignments ineffective, and bypassing reliable source materials. This
paper seeks to embrace shifting preferences towards Al assistance, offering a chatbot design that
encourages better practices for students learning new software libraries.

We developed a chatbot intended to assist students with navigating and understanding technical
documentation. The bot uses course project specifications and developer documentation as
context for the GPT-40" model. The system is tasked with assisting student learning in a similar
manner to course instructors. Additional design features include automatic highlighting of related
text in the corresponding documentation, instructor-provided starter prompts to guide appropriate
use, and support for sharing conversations to encourage collaboration. These features are
intended to emulate strategies teaching assistants often employ to aid students while promoting
self-directed exploration. The goal is to encourage direct student interaction with developer
documents and offer an alternative course resource that can provide assistance similar to
instructional staff at any time.

To evaluate our system, we deployed it as a resource during the final project of an upper-level
undergraduate computer science course. One of the goals of the course is that students learn to
use developer documentation. We collected server usage logs, surveyed the user population, and
compared our chatbot with a generic online GenAl tool to inform our results. Our study included
448 students across 186 project groups. We analyzed over 680 chatbot interactions logged during
a three-week deployment period and compared responses using expert evaluation on a sample of
93 student prompts. This comparison considered response helpfulness, appropriateness, and the
presence of misleading information or code snippets. This analysis provided insight into how
students used the tool in practice and how the quality of its responses compared to those from a
general-purpose chatbot.

Overall, students reported increased comfort with documentation, with 48% responding positively
and 41% responding neutrally. Our bot returned misleading information at a rate of 14%,



compared to ChatGPT’s? 47%, and gave high quality responses twice as often. These findings
suggest that context-aware generative Al systems are often more reliable than their generic
counterparts and may promote more productive learning behaviors. Embedding such tools in
computing courses may be a promising approach to Al adoption and warrants further study.

1 Introduction and Related Work

The rapid rise of generative Al has had a significant impact on how students engage with
academic content. Recent surveys show widespread adoption of these tools among students. In
2024, a survey of Harvard undergraduates revealed that the majority of students regularly used
ChatGPT, often for answering general questions or getting help with writing, emails, and
programming assignments=. A report from OpenAl disclosed that more than one-third of U.S.
college students use ChatGPT, with approximately 25% of their interactions relating to learning
and school work™. As these tools become more widely available and more frequently used in
educational settings, it is imperative to understand how to guide their use in ways that support, not
substitute, learning.

The integration of generative Al tools in education has introduced new opportunities and
challenges. Prior research has emphasized their potential to improve both teaching and learning
outcomes. Generative Al tools offer benefits such as instant access to information, natural
language interaction, and scalable support outside of traditional methods of instruction®®Z, A key
advantage is the ability to respond to natural language queries, allowing students to interact with
the tool similarly to how they would engage with a tutor”. In computer science education,
generative Al has shown early promise in helping students understand syntax, clarify error
messages, and generate basic code®.

However, the impact of these tools on student learning is largely shaped by usage patterns, and
there are several major challenges that arise when incorporating these tools into educational
settings. While Al tools can serve as effective supplements to instruction when paired with
appropriate guidance®, in other contexts they may act as a barrier to learning. Prior work has
highlighted concerns over the risk of misinformation, lack of domain awareness, and
over-reliance on Al-generated content”®, A study found that students using ChatGPT performed
better and completed tasks more quickly than those without, but inconsistencies in Al-generated

code prevented perfect scores®.

To overcome these challenges, recent work has focused on the development of custom Al tools
tailored to specific programming environments. For instance, some projects have created
generative Al chatbots specifically trained on course resources®. Others have used large language
models to generate context-aware compiler error explanations to help students understand and
debug code issues'?. Additionally, some tools have been designed to emulate student-teacher
interactions by offering tailored guidance™'. Such domain-specific tools aim to reduce
hallucination and errors and provide contextually relevant support.

Previous research in intelligent tutoring systems has demonstrated the importance of supporting
student learning without undermining productive struggle'?. In an effort to balance cognitive and
motivational scaffolding, our tool prefers strategies such as guided prompts, reflective questions,
and redirection to relevant materials rather than providing complete solutions.



The challenge of student over-reliance on generative Al remains. The specific challenge we take
on in this paper is student use of generative Al when learning a new software library. Our goal
was to design a tool that encourages students to actively engage with authoritative source
documentation as part of their problem-solving process.

2 Contributions

We developed a custom chatbot designed to help students learn how to navigate and understand
original authoritative technical documentation. By highlighting pertinent documentation sections
and suggesting targeted prompts, our tool encourages students to actively engage with technical
documentation rather than rely solely on Al-generated answers. By deploying the chatbot as a
course resource, we explore how such tools can support self-directed learning and improve
students’ comfort with using technical documentation. This study evaluates the tool with respect
to three primary data sources: server usage logs, student surveys, and expert comparison with
ChatGPT.

Our research questions are:

* How does our context-aware generative Al tool affect self-reported student comfort with
developer docs?

* Does the tool avoid giving solutions?

* What are the differences in response quality between our tool and a general purpose tool?

3 Methods

In this section, we describe how we deployed and evaluated our tool in the context of a course
project. The system features a context-aware chatbot paired with a side-by-side documentation
display, automatic highlighting of relevant content, and the ability to share conversations with
other users. We provide background on the course and assignment where the tool was used. We
walk through the system design and configuration, including key features like documentation
highlighting and instructor-provided prompts. Finally, we explain how we gathered student
feedback and compared our chatbot to ChatGPT to gauge the tool’s effectiveness.

3.1 Course and Project

This study was conducted during the final project of a high-enrollment, upper-level undergraduate
computer science course at a large public research university. The course covers modern web
systems and technologies, including front-end and back-end development. The course emphasizes
reading online technical documentation to learn necessary components while working on the
project.

The project in this study involves building a scalable search engine. The learning goals of the
project include information retrieval concepts, like text analysis (tf-idf) and link analysis
(PageRank), and parallel data processing with MapReduce. In order to complete the project,



students are required to consult three different Python technical documentation sources:
requests', threading"®, and heapq">.

3.2 System Architecture and Implementation

Our system consists of a web-based interface featuring a context-aware chatbot integrated directly
alongside developer documentation. A key feature of the interface is its ability to automatically
highlight relevant sections of the documentation in response to user queries, helping students
locate useful information more efficiently. The chatbot is provided with the project specification
and relevant documentation pages as context. The interface (Figure 1)) displays the chatbot and
the documentation side by side, allowing students to interact with the assistant while viewing
relevant technical documentation.

=& & Quick search go Chatbot: Hello! How can | assist you today?

threading — Thread-based parallelism

Where and how do | use the threads library in P5?
Source code: Lib/threading.py

Give me a relevant example applying this library to
This module constructs higher-level threading interfaces on top of the lower level _thread module. the project. Walk me through the design
decisions.
Availability: not WASI.

This module does not work or is not available on WebAssembly. See WebAssembly platforms for more

information. [Type your message here... ] m
W,

Introduction

The threading module provides a way to run multiple threads (smaller units of a process) concurrently within
a single process. It allows for the creation and management of threads, making it possible to execute tasks in
parallel, sharing memory space. Threads are particularly useful when tasks are 1/0 bound, such as file opera-
tions or making network requests, where much of the time is spent waiting for external resources.

) . . . Have a conversation code?
A typical use case for threading includes managing a pool of worker threads that can process multiple tasks

concurrently. Here's a basic example of creating and starting threads using Thread:
- - -

import threading
import time

Figure 1: Our tool’s interface displays a context-aware assistant alongside technical documenta-
tion. The context includes both the student project requirements and the technical documentation.

Figure [2| provides a diagram of the system architecture. It illustrates how our bot retrieves relevant
documentation, bundles it with the project specification and student prompt, generates a response,
and then uses the response to identify and highlight key sections of the documentation before
returning the response to the user. This enables student interaction with the source
documentation, rather than relying solely on the chatbot’s answer.

3.3 Chatbot Configuration

Our system uses the GPT-40" model hosted on Azure OpenAl, with a temperature setting of 1 on
a 0-2 scale. Lower values make the model’s responses more deterministic and focused, while
higher values introduce more creativity. A temperature of 1 was selected to balance focused and
concise answers with varied responses that can help address different student needs.
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Figure 2: System Architecture. The chatbot first retrieves the relevant documentation and bundles
it with the project specification and student query. This combined input is sent to the language
model to generate a response. The response and query are then sent back to the model to identify
key sections of the documentation to highlight before returning the final response to the student.

3.4 Instructor Provided Prompts

The tool enabled instructors to provide clickable sample prompts directly in the interface to guide
students toward using the tool effectively. For our study, the instructors provided the following
prompts designed to teach students how to engage with the documentation more thoughtfully.
Note that <doc> was replaced with the name of one library: requests, threading, or heapq.

* Where and how do I use the <doc> library in the project?

* Give me a relevant example applying this library to the project. Walk me through the design
decisions.

3.5 Response Generation

The chatbot generates responses based on the following system prompt to ensure brief and
project-specific responses tailored to the documentation being viewed. We constrained generated
code in the responses to encourage students to engage with the documentation, rather than simply
copying and pasting from the chatbot’s response. The chatbot was designed to be conversational,
so the model was provided with past prompt-response pairs within the conversation.

When designing the system prompt, early iterations generated extended responses with large
blocks of code and little explanation. As we made adjustments to encourage more productive
instructional behavior, another common feature of responses was the inclusion of alternative

methods or functionalities that fell outside the scope of the assigned project. This led us to



include the entire project specification in the prompt to keep responses focused and relevant. In
the prompt below, <spec html> was replaced with the HTML of the project specification,
<doc>.html with the filename of the documentation page being viewed, and <doc html> with
the HTML of that documentation page.

System Prompt: You are a helpful teaching assistant for a web development course.
The project the student is working on: <spec html>. They are looking at the site
created by <doc>.html: <doc html>. Make the response VERY brief and to the
point. Try to be as specific to the project as possible. DO NOT give code. Don’t give
extra features/functions not mentioned in the project description.

3.6 Automated Documentation Highlighting

After the chatbot generates a response to the student’s prompt, this response is used to identify the
relevant HTML components in the documentation. The prompt and response are fed back into the
model to generate the most pertinent excerpts from the documentation’s HTML to be highlighted.
The front-end then displays the generated response and highlights the relevant HTML, if
provided, within the documentation. Figure [3]shows an example of the relevant HTML sections
highlighted in the context of the chatbot’s response.

Chatbot: Hello! How can | assist you today?

Requests: HTTP for Humans™

You: What function do | need to use?

,-.:z:.".::—z.; m python 3.8 | 3.9 | 3.10 | 3.11 | 3.12 | 3.13 Chatbot: For the project you are working on, if you are

looking to make HTTP requests to the Index servers from
Requests is an elegant and simple HTTP library for Python, built for human beings. the Search server, you should use the requests library's

get function to perform GET requests. This will allow your

Search server to communicate with the Index servers and

Behold, th f Re ts:
ehold, the power of Requests retrieve search results.

>>> r = requests.get('https://api.github.com/user', auth=('user', 'pass'))

>>> r.status_code Type your message here... m
200

>>> r,headers['content-type'] 2

'application/json; charset=utf8'

>>> r.encoding
‘utf-8'

'{"type":"User"..."

>>> r.json()

{'private_gists': 419, 'total_private_repos': 77, ...

Figure 3: The tool highlights relevant sections of the documentation side-by-side with responses
to student queries.

3.7 Conversation Sharing

Due to the collaborative nature of these projects, our system allows users to share their ongoing
conversations. Users can generate a share code that can be used by other students to view the
entire exchange. The conversation can then be continued without affecting the original
conversation. This feature not only enables collaboration, but also provides instructors with a way
to share examples of how to best use the tool for navigating documentation.



3.8 Survey

To assess the effectiveness of the chatbot, we administered a survey to students who were
required to use this tool. The survey was designed to gather feedback on the students’ experience
with using the chatbot, their comfort level with documentation, and how the chatbot influenced
their behavior and learning process. Additionally, the students were asked for optional
open-ended feedback on their experience. Surveys were collected by group, and the full survey is
provided in Appendix [T}

After collection, we filtered out empty or invalid submissions and any submissions that indicated
that they did not use the chatbot in the open-ended feedback section (see section 4. I)).

3.9 Comparative Analysis with ChatGPT

We conducted a qualitative comparison between our context-aware chatbot and a general-purpose
chatbot, ChatGPT?. We randomly sampled a set of student-initiated prompts submitted to the
chatbot during the project and used them as input to ChatGPT for comparison. The student
prompts were filtered to exclude the instructor-suggested queries and any follow up questions
from ongoing conversations. For each of the filtered prompts, a new ChatGPT session was
started. The responses from both chatbots were then evaluated based on a rubric defined in
section 4.3 The evaluation was conducted by a team of two experts: graduate students proficient
in the course material. The dataset was split evenly between the two experts, and each expert
independently evaluated their assigned subset of question-response pairs using the same rubric.
Although our experts did have knowledge of which response was generated by which tool, the
rubric was designed to mitigate bias as much as possible.

4 Results

The results provided below include data sourced from server logs, student surveys, and a
comparative analysis of our tool and ChatGPT’s publicly-available offerings. The server logs
were anonymized to protect student privacy, which also prevented evaluation of survey response
data with usage data applied as context.

4.1 Population Statistics

Our dataset was collected from a population of 448 students enrolled in one course during the
Winter 2025 semester. Students worked in groups of 2-3, with 186 groups registered. Out of the
186 groups, we received 180 valid survey responses. We filtered out surveys that explicitly
indicated the group did not use the experimental tool while working on the project, retaining 159
valid responses for our analysis.

4.2 Student Usage

We collected anonymized logs of student inputs and our bot’s responses for evaluation. During
the three week project cycle, we noted page visits from 227 distinct browser sessions and 233
distinct conversations (consisting of at least one client query). Across these 233 conversations,



there were 681 prompt-response pairs, 136 of which were from the instructor-suggested prompts.
Our tool highlighted related content in the documentation 197 times.

Figure 4] shows the number of messages each client submitted to the chatbot. We note that 82 of
the 227 unique browser sessions did not query the bot at all, comprising 36.12% of browser
sessions. These empty chats may be students familiarizing themselves with the project
specification and navigating to the tool before they were ready to use it. 14 queried at least 10
times, comprising 6.17% of browser sessions. Figure [5]shows the number of student queries per
conversation with the tool. 47.21% of conversations consisted of a single prompt-response pair,
while 6.87% of conversations were 8 or more query-response pairs long.

Number of Messages per Client
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Figure 4: Number of messages each unique browser ses-
sion submitted to the chatbot. Most sessions had at least
1-3 prompts.

Conversation Length

1 2-4 57 8+

Figure 5: Number of student queries per conversation with
the chatbot. Most users utilized the chatbot’s conversa-
tional capabilities.



4.3 Survey Results

Figure [6] depicts students’ self-reported comfort level with documentation before using our tool.
39% of students reported high or very high comfort approaching documentation, 47% felt neutral,
and 14% had low or very low comfort with these resources. As the project in our study came late
in a course where usage of documentation is necessary, we can see that a smaller number of
students reported lower comfort levels.

Figures[7] and[§] show student survey response data regarding their experience with our chatbot
and tools they typically rely on when learning new code libraries, respectively. According to our
survey, 39% of students reported that the bot helped with their navigation of documentation for
the project, while 36% felt the tool encouraged them to read the provided documentation. 48% of
students felt the bot increased their comfort level with documentation, while 11% disagreed with
that statement. 66% of students use documentation often or always in their learning, while 43%
rely on generative Al often or always.

The open-ended responses provide additional context for these results. Students who reported
positive experiences described the chatbot as useful for clarifying project requirements, narrowing
documentation searches, and confirming their understanding before implementation. Several
noted that its project-specific context distinguished it from general-purpose Al tools. However, a
substantial subset of students reported minimal engagement or preference for external generative
Al systems. Reported pain points included constrained code generation, occasional loss of
conversational context, response generality, and interface design.

! mmm Very low
Prior to using tool 4 I 31% 8% Low

1 Neutral

T T T ! T T T T T T . High
30% 20% 10% 0% 10% 20% 30% 40% 50% 60% = Very high
Comfort with Documentation ry hig

Figure 6: Students’ initial comfort level with documentation

mmm Strongly Disagree
Helped with navigation - . Disagree
Neutral
Agree

Strongly Agree
L}

!
40% 30% 20% 10% 0% 10% 20% 30% 40% 50% 60%

Figure 7: Student perceptions of how the tool influenced their behavior, whether the tool helped
with navigation, encouraged reading of documentation, and increased comfort level using technical
documentation. Most students agreed that the tool improved their comfort level and assisted with
navigation, but fewer strongly agreed that it encouraged reading.
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Tools relied on when learning new libaries

Figure 8: Tools typically relied upon by students learning new code libraries, comparing the de-
pendence on GenAl vs technical documentation. A higher percentage of students reported relying
on documentation, though the use of GenAl was also prominent.

4.4 Expert Analysis

Our expert analysis looked specifically at user-submitted queries that were the first of a
conversation. We excluded instructor-provided starter queries suggested on the user interface.
This was to encapsulate real world use cases rather than instructor-led activity with these tools,
while accounting for their conversational nature, which allows context to rapidly diverge for later
messages. We used 93 of the 121 possible options, selected randomly, to achieve 95% confidence
with a 5% margin of error for our results.

To evaluate the extent to which each chatbot promotes learning, we assessed responses on a 1-5
scale, where ‘1’ correlated to the chatbot providing incomplete or poor answers, ‘3’ meant the bot
provided helpful information or examples but allowed sufficient room for student-guided
follow-up, and ‘5’ meant the bot answered the question in full. Using this scale, an optimal
response for most relevant questions would be rated ‘3. When comparing the Likert scale plots
(Figure ) for our chatbot and ChatGPT response qualities, our tool had significantly more
responses rated ‘3’ and a balanced shape, while ChatGPT was right-skewed with a comparatively
high number of responses rated ‘1.

N Non-answer
Appropriate Guidance

Over-explanation
Solution

|

|

50% 40%  30% 20% 10% 0% 10% 20%  30% 40%
Support of student learning

Figure 9: Expert analysis of the quality of responses by ChatGPT vs our tool given identical
student prompts. Our tool more often provided appropriate guidance, while ChatGPT responses
were frequently vague, unhelpful, or revealed the answer outright.

As shown in Table[I] we also collected quantitative measures of how often each bot gave
misleading information to students or provided solution code. In this study, misleading
information includes statements that are untrue about the project and its context, as well as
suggested approaches that we deemed beyond the scope of the course. Rather than being
representative of absolute truth, this metric is intended to convey whether the bot’s response is



appropriate for a student working on the class project. Similarly, the metric of containing code
required that the bot construct solution code that was more complex than simply regurgitating
distinct functions from the documentation.

Across the 93 queries sampled, our chatbot’s responses were deemed misleading 13.98% of the
time, while ChatGPT gave misleading responses at a rate of 47.31%. The chatbot also gave code
in its responses 18.28% of the time, with an average length of 2.06 lines, whereas ChatGPT gave
code in 63.44% of its responses with an average length of 13.68 lines.

Table 1: Frequency of Undesired Behaviors in Expert Analysis. Of the 93
prompts submitted to each tool, our chatbot gave misleading information
less frequently than ChatGPT. ChatGPT also gave more code samples,
which were longer in length on average.

Misleading Info | Contains Code | Lines of Code
ChatGPT 44 59 13.68
Chatbot 13 17 2.06

5 Discussion

We discuss our results and their relationship to our research questions. To further contextualize
our results, it is worth noting that a majority of students responded neutrally or positively to
statements that this tool aided navigation of, encouraged reading of, and increased their comfort
with documentation, which were primary behaviors we hoped to foster. This analysis seeks to go
one step further and evaluate the quality of the chatbot as an instructional tool.

5.1 Self-Reported Comfort

Overall, our results suggest that our tool is effective in increasing student comfort with
documentation. From our survey, 48% of students indicated positive effects on their comfort level
from their usage of the chatbot, while an additional 41% responded neutrally.

We also noted in free-form feedback that some students found the interface overwhelming, which
may account for the 11% of students who disagreed that the chatbot increased their comfort with
technical documentation. As our survey results and usage logs are anonymized for student
privacy, it is difficult to determine the extent to which these students interacted with the tool or
whether their behavior matched our expectations.

5.2 Promoting Student Learning

One of the primary goals when designing the chatbot was to reduce the extent to which the bot
returned complete solutions or long segments of code, preferring answers similar to those
instructional staff would provide to point students in the right direction. These preferences surface
as direct instructions in the system prompt (see section [3.5)). Our expert analysis was also framed
in this context; we deem responses offering guidance without providing solutions as promoting
learning.



Perhaps the most compelling result is that, of the 93 student prompts given to our chatbot and
off-the-shelf ChatGPT, our chatbot returned 58 responses rated at the optimal level (‘3’,
appropriate guidance), compared to 27 from the GPT model. This demonstrates clear superiority
of our tool at aiding students at an appropriate level, and because the queries used in this analysis
came directly from real students, this sample is representative of student behaviors in

practice.

5.3 Response Quality

Lastly, we evaluated the quality of responses given by our chatbot compared to generic generative
Al tools (ChatGPT-40"). While we have determined that the system prompt above encourages
helpful yet constrained response generation, it is also important that generated responses are
largely reliable. As shown in Table |1} only 13 of the 93 evaluated chatbot responses contained
information deemed to be misleading, compared to 44 from ChatGPT. This marks a substantial
improvement, which we believe to be largely due to context provided to the system that was often
absent from student queries. With less misleading information, we have greater confidence that
our chatbot is an appropriate instructional tool that will return quality responses to students.

Another priority for the design of our chatbot was limiting code generation to encourage students
to write lines of code themselves. Across the 93 evaluated queries, our chatbot gave substantial
code only 17 times, with an average length of 2.1 lines, whereas ChatGPT gave code 59 times
with an average length of 13.7 lines. These results indicate that our tool was intentional in the
code it provided, only sharing necessary components or small steps to help students. ChatGPT, on
the other hand, was more likely to give large chunks of code, allowing students to bypass learning
or rely on code that had not been carefully designed or reviewed. This further supports the claim
that our chatbot can give high quality and appropriate responses for educational

applications.

Upon review of the server logs, one common student behavior we identified was sharing code
with little context and asking the generative Al tool to verify its validity. The following case was
one such instance, and acted as one of the 93 student queries evaluated. In this query, the student
asked “would this implementation work?”” followed by a block of about 20 lines of Python code.
While both bots identified small syntax errors that would have caused the code to fail upon
running, our chatbot noted that the code “appears to be consistent with the project’s
requirements” before listing said requirements and ultimately warned the student, whose
implementation included components beyond the scope of the project, to avoid overextending
beyond the requirements listed in the specification. ChatGPT was unable to provide such advice
and offered another approach that strayed further from the project specification. While this case
study is not representative of all queries students may submit to these tools, it does highlight the
value of providing course-related context to ensure generated responses do not mislead students
who are seeking quick evaluation of their approach.

6 Limitations

Several limitations impact the generalizability of our results. It is possible that students who
meaningfully used the tool represent a self-selected subset of the population who were already



more inclined to engage with Al support or documentation. Although the project required
students to access the tool and submit usage logs, this requirement does not guarantee equivalent
depth or quality of engagement across groups.

Students also received course credit for completing the survey, which may have influenced the
accuracy of responses. Some students may also have completed the survey without using the tool
in a meaningful way. We did filter out responses where the student explicitly indicated they did
not use the tool. Encouraging greater student usage and organic reporting would be worthwhile
considerations for future work.

Additionally, because usage logs and survey responses were anonymized, we were unable to
directly correlate individual interaction patterns with reported perceptions. For instance, 82
browser sessions accessed the interface but submitted no messages. This behavior may reflect
students simply familiarizing themselves or, alternatively, finding the interface overwhelming or
unclear. Without direct linkage between survey feedback and usage data, we cannot determine
whether low-engagement users were disproportionately represented among those reporting
neutral or negative perceptions.

The tool was introduced near the end of the course during the final project. By this point, students
had already worked on four programming projects where they were expected to reference the
technical documentation directly. In a future study, it would be worthwhile to incorporate a
similar tool for each project over the duration of the course to measure student growth.

We did not explicitly manage student expectations in regards to using this chatbot. Some students
may have expected direct answers or code solutions, which the tool was intentionally designed to
avoid. This mismatch may have affected perceptions of the tool’s usefulness. Additionally, while
the system prompt was designed to restrict code generation, the chatbot did occasionally return
small code snippets. These responses averaged around two lines and did not provide complete
solutions that could be directly copy-pasted.

Although the documentation provided was technically complex, students were only required to
use a single function from each page. This limited the extent to which we could evaluate the
tool’s effectiveness in supporting broader documentation navigation.

7 Conclusions

Overall, our chatbot effectively encouraged student learning rather than reliance on Al-generated
solutions. Many students reported increased comfort and better navigation of developer
documentation, indicating the tool met its core objective of guiding students to engage more
meaningfully with technical literature. We also note the high tendency of the bot to give
responses similar to those of instructional staff.

Compared to general-purpose Al tools, our chatbot proved to be more accurate, context-aware,
and educationally appropriate in its responses. This included a reduction in misleading
information and limited code generation. By avoiding solutions and emphasizing relevant
information for the course and project, the bot allowed students to meet defined learning goals.
Future work may include expanding the tool to apply to all course projects to collect data on its



efficacy throughout the course and encourage instructive student interactions with Al earlier in
their learning.



Appendix 1 - Survey

This section lists the questions from the student survey instrument we used for evaluation.
Background

1. What is your comfort level with reading and using developer documentation? [Very low,
Low, Neutral, High, Very high]

2. How often do you rely on developer documentation to learn new libraries? [Never, Rarely,
Sometimes, Often, Always]

3. How often do you rely on GenAl tools, like ChatGPT, to learn new libraries? [Never,
Rarely, Sometimes, Often, Always]

General

4. This tool was helpful for navigating documentation. [Strongly disagree, Disagree, Neutral,
Agree, Strongly agree]

5. This tool encouraged me to read documentation. [Strongly disagree, Disagree, Neutral,
Agree, Strongly agree]

6. My comfort level with reading developer documentation increased after using this tool.
[Strongly disagree, Disagree, Neutral, Agree, Strongly agree]

7. Compared to GenAl tools like ChatGPT, how many prompts did it take to get your answer?
[Significantly more, Slightly more, About the same, Slightly less, Significantly less]

8. (Optional) Overall, do you have any feedback on the bot?
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