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model: conversational user experience design considerations

Abstract. This paper presents a pilot study of a university virtual sup-
port agent system powered by a Large Language Model (LLM) engi-
neered to address student inquiries regarding processes and policies in-
volving a student exchange program. Traditional approaches to imple-
menting chatbots in university student support services have had their
shortcomings. This study investigates the enablement of conversational
support using generative artificial intelligence and natural conversation
properties inherent in LLMs and how they may overcome such shortcom-
ings from earlier attempts at conversational support. The LLMs’ suscep-
tibility to ’hallucination’ is mitigated through a combined approach of
few-shot learning, retrieval augmented generation (RAG), and chain of
thought (CoT) libraries in the training phase. The system utilizes Ope-
nAIl’'s GPT-40 model behind a Python-based web framework, enabling
the conversational interface used by the students. The information sys-
tem is grounded in earlier email correspondences from program heads
to students, PDF files containing primers, and other sources. The pilot
implementation of the system involves an outbound student exchange
program in a private university in the Philippines. Sophomore students
were invited to test and evaluate the system and interviewed after the
chatbot sessions.

Keywords: Conversational UX - Large language models - LLM - RAG
- Chatbots - University chatbots - Generative Al - GenAl.

1 Introduction

Conversational agents have been used as alternative means of providing univer-
sity support services by providing a more natural and realistic user experience
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(UX) [10]. Some of these conversational agents come as chatbots communicat-
ing automatically with a user in intelligence levels through natural language.
Chatbots have been used to reduce service costs and handle several inquiries si-
multaneously [4]. For many administrative policies and procedures, however, the
complex application process—with varying requirements and deadlines—often
leads to confusion and missed deadlines. Fragmented information heightens this
challenge, as the absence of a unified interface for essential details, such as admin-
istrative emails and official guidelines, results in repetitive inquiries that over-
whelm faculty and staff. This paper builds on research into conversational sup-
port systems for student services using Large Language Models (LLMs) [5]. Un-
like traditional chatbots, which struggle with scattered data and limited under-
standing, this pilot study investigates advanced LLM methodologies—like few-
shot learning, retrieval-augmented generation (RAG) [7], and chain-of-thought
(CoT) [II] reasoning—to enhance the student user experience. The research
questions are: RQ1) What elements improve student access to administrative
support? RQ2) How can a conversational agent effectively deliver administra-
tive information? RQ3) How can this system alleviate the workload of univer-
sity administrators? In addressing these questions, the study aims to contribute
knowledge on LLM-driven university student support systems, focusing on user
experience and administrative efficiency.

2 Review of Related Work

2.1 Chatbot Usability, Effectiveness, and User Experience in
Administrative Settings

Chatbots have become essential tools in administrative settings, streamlining
operations, improving response times, and enhancing user accessibility. They as-
sist with student admissions, course registration, and financial aid processing,
reducing administrative workload while providing real-time responses to user in-
quiries [I]. Chatbot usability studies highlight effectiveness, efficiency, and user
satisfaction as key performance metrics, with improvements in natural language
processing (NLP) and retrieval-augmented generation (RAG) significantly en-
hancing chatbot accuracy and reliability [9]. Al-powered chatbots in public ad-
ministration services have also demonstrated immense potential, particularly
in automating repetitive tasks, improving service accessibility, and supporting
decision-making processes [§]. Unlike traditional rule-based chatbots, Al-driven
models leverage deep learning and NLP to interpret complex queries, personal-
ize responses, and continuously learn from user interactions. However, challenges
such as limited training data, difficulty in understanding varied user inputs, and
trust issues remain barriers to widespread adoption [8]. Addressing these lim-
itations through enhanced data structuring, sentiment analysis, and adaptive
learning models can further improve chatbot usability and effectiveness in ad-
ministrative settings. Continuous refinement and integration with institutional
knowledge systems will be critical for maximizing chatbot impact in both uni-
versity administration and broader public service applications [I][8][9].
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2.2 Generative AI, LLMs, and Conversational Interfaces

Retrieval-augmented generation (RAG) [7] is an approach that endows pre-
trained generative models such as LLMs with a non-parametric memory fine-
tuning approach using vector-indexed source documents. The RAG approach
has been reported to have state-of-the-art performance vs. earlier parametric
memory-based approaches [7].

The integration of LLMs with RAG techniques allows for more effective han-
dling of user queries by leveraging vast datasets to provide contextually ap-
propriate and informative responses. This capability is particularly beneficial
in administrative settings, where the need for precise and timely information
is paramount. Studies indicate that LLMs equipped with RAG can outperform
traditional chatbots by offering enhanced user experiences through improved di-
alogue management and contextual understanding [3]. Moreover, the application
of generative Al in conversational interfaces extends beyond simple query res-
olution. It facilitates personalized interactions by adapting responses based on
user behavior and preferences, thus fostering a more engaging user experience.
However, challenges such as data privacy concerns, the potential for biased out-
puts, and the necessity for continuous learning remain critical considerations in
the deployment of these advanced systems.

To address these challenges, ongoing research focuses on developing robust
frameworks that emphasize ethical Al usage, transparency in decision-making
processes, and mechanisms for user feedback integration. These efforts aim to
enhance the usability and effectiveness of generative Al applications in various
domains, including education and public administration [?]. As generative Al
continues to evolve, its role in shaping conversational interfaces will likely ex-
pand, offering new opportunities for innovation in user interaction and service
delivery.

3 Architecture, Design, and Methodology

The virtual support agent was designed to emulate the experience of talking to
the human coordinator for outbound student exchange about procedures and
guidelines for applying to the program. The virtual support agent thus required
the following components loosely based on [2], [4], and [6]:

— An ability to converse with humans naturally and in a human-like manner.
— A chat-based user interface.
— Access to up-to-date and accurate information on university policy.

The chatbot’s architecture is a distributed system that seamlessly integrates a
Django-based web application and a Telegram bot to provide natural language
processing capabilities powered by OpenAI’s GPT-40 model. This architecture
is designed to balance computational efficiency, retrieval accuracy, and response
relevance, making it an effective tool for managing user queries and handling
diverse datasets.
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The Django application serves as the back-end for file management, embed-
ding generation, and document storage. When users upload files, the system
processes these files to generate embeddings using OpenATI’s text embedding
model. To enhance the retrieval-augmented generation (RAG) process, the sys-
tem employs a chunking strategy. This strategy divides large documents into
smaller, manageable segments based on predefined markers, such as paragraphs
or headings. The chunking ensures that each segment contains coherent and con-
textually complete information while staying within the token limit constraints
of the embedding model. The resulting embeddings, along with metadata (e.g.,
document names or chunk indices), are stored in a CSV file for later retrieval.
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Diagram 1: "System Architecture Qverview"

The Telegram bot, developed using the aiogram library, serves as the primary
interface for user interactions. It leverages OpenAI’s GPT-40 model for natural
language processing, enabling it to understand and generate responses to user
queries. The bot follows a retrieval strategy that integrates text embeddings into
its workflow. Upon receiving a query, the bot retrieves the most relevant chunks
of information from the preprocessed documents. This ensures that the model
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generates responses based on accurate and contextually appropriate information.
The bot’s design incorporates several advanced natural language processing tech-
niques:

1. Few-shot learning: The bot includes example Q& A pairs in its system prompts
to guide GPT-40 in understanding the task context and generating coherent,
high-quality responses. These examples provide additional context, ensuring
more accurate query handling.

2. Chain of Thought (COT) reasoning: The bot employs a step-by-step rea-
soning framework, especially for complex queries. By breaking down such
queries into intermediate steps, the bot provides more structured and trans-
parent responses. This approach enhances the bot’s ability to tackle intricate
questions while maintaining clarity and precision.

3. Optimization for token usage: The system significantly reduces token con-
sumption without compromising response quality by focusing on retrieving
only the most relevant information. This optimization minimizes costs and
ensures faster response times.
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Diagram 2: "Query Processing Workflow"

To mitigate the risks of hallucinations (where the model generates plausible-
sounding but inaccurate information), the bot relies on robust retrieval mecha-
nisms and structured prompts. Embedding-based retrieval ensures that the chat-
bot accesses factual, document-based information, while the system prompts
clearly outline the task boundaries and expected outputs. The interplay be-
tween retrieval-augmented generation and system-level constraints ensures that
the chatbot delivers context-aware, relevant, and accurate responses.

This distributed architecture supports scalability and modularity. The de-
coupling of the backend file management system and the user-facing bot allows
independent updates or improvements to either component without disrupting
the entire workflow. Future enhancements, such as integrating additional NLP
models or expanding storage capabilities, can be implemented with minimal ar-
chitectural changes.

The chatbot is fed with various pieces of information to enhance its knowl-
edge and response capabilities. Primarily, it uses embedded text from uploaded
files, which are processed and stored in a CSV file. These embeddings contain in-
formation about the international outbound student exchange program program
called "Junior Term Abroad" (JTA) at a private university in the Philippines,
derived from email correspondences, PDF files, and other sources. Application
guidelines, requirements, and FAQ’s were some of the files uploaded. User infor-
mation is also maintained to personalize responses, including name, school, and
course, which are collected during the initial bot setup. Conversation history is
tracked and incorporated into queries (), allowing for context-aware responses.
The bot is also guided by system prompts that define its behavior and knowl-
edge domain. These prompts include few-shot learning examples to help the
bot understand the types of questions it might encounter and how to respond
appropriately.

Participants were recruited via a Google Forms survey, disseminated by batch
representatives, faculty members, and student organization leaders to target
third-year students from various academic schools. Respondents were then strat-
ified into four confidence tiers, ranging from those needing comprehensive assis-
tance to those fully confident with the provided materials. This stratification
allowed for a more nuanced assessment of student readiness and helped identify
specific areas where additional support was required.

The evaluation process that followed after was a two-phase approach. The
first phase involved a pre-test survey designed to capture both quantitative and
qualitative insights into students’ familiarity with the application process, their
commitment to the JTA program, and any knowledge gaps. These insights were
instrumental in refining the chatbot’s functionality, ensuring it addressed stu-
dents’ challenges effectively. In the second phase, post-test interviews gathered
qualitative feedback on the chatbot’s usability, intuitiveness, and response ac-
curacy. Participants also compared the chatbot to traditional support methods,
such as consulting faculty or using online resources, providing a broader eval-
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uation of its effectiveness. Finally, suggestions for improvement were gathered
to inform future iterations of the chatbot, ensuring it becomes an even more
reliable tool for guiding student applications.

4 Results

The pilot study yielded valuable insights into the chatbot’s effectiveness, high-
lighting both its strengths and areas for improvement. Participants generally
praised the chatbot’s intuitive interface and its ability to provide immediate,
fact-based responses to frequently asked questions. The anonymity offered by
the chatbot was particularly appreciated by introverted students, who found it
to be a non-judgmental and accessible alternative to traditional consultation
methods. The chatbot was especially effective in addressing routine inquiries re-
lated to deadlines, application requirements, and financial considerations, which
were previously covered in information sessions or documentation but often over-
looked by students.

Despite these positive outcomes, the chatbot exhibited notable limitations
in handling complex, subjective queries. Specifically, it struggled with ques-
tions related to personalized experiences, such as exchange program budgeting,
which varies based on individual spending habits, and resume guidance, which
requires nuanced, context-specific advice. The chatbot’s inability to provide per-
sonalized responses in these areas resulted in user frustration, as its fallback
message—directing students to the exchange coordinator—was perceived as an
unsatisfactory solution. However, to mitigate this issue, a backend system was
developed, allowing administrators to monitor recurring queries and update the
chatbot’s database accordingly.

Another area for improvement identified was the chatbot’s response to queries
that required dynamic data interpretation. While the chatbot could provide
static, pre-determined answers efficiently, it faced challenges when responding
to inquiries that involved subjective decision-making or complex administrative
policies, such as course crediting across different partner universities. Partici-
pants also suggested that features such as personalized checklists, interactive
data visualization, and deeper integration with financial planning tools could
enhance the chatbot’s utility.

Overall, the pilot study demonstrated that the chatbot significantly reduced
administrative workload by handling repetitive inquiries and offering immediate
access to relevant information. Participants acknowledged the chatbot’s potential
in improving the efficiency of the exchange program process but emphasized the
need for expanded data sources and improved personalization features to enhance
user experience and engagement.

5 Discussion and Conclusion

The implementation of the chatbot in the student exchange program has proven
to be an effective tool for enhancing administrative efficiency and student engage-



8 J.B. Ilagan et al.

ment. By automating responses to routine inquiries, the chatbot has significantly
reduced the workload of administrative staff, allowing them to focus on strategic
tasks such as program development and student support initiatives. The chat-
bot’s ability to centralize essential resources—such as course equivalency lists,
financial breakdowns, and application deadlines—streamlines the dissemination
of critical information, reducing the need for manual distribution and repetitive
clarifications.

A key advantage of the chatbot is its accessibility and immediate responsive-
ness, which contrasts with the delays associated with traditional support chan-
nels such as faculty consultations and email exchanges. Students reported that
responses via traditional methods often took several days, with some inquiries
going unanswered if staff deemed the information readily available in existing
documents. The chatbot effectively addresses this gap by offering instant access
to commonly sought-after details, improving response accuracy and user satisfac-
tion. Furthermore, its 24/7 availability offers a significant advantage, especially
for prospective students and their parents who require immediate information
for decision-making purposes.

However, the study also highlighted areas where the chatbot’s capabilities
need enhancement. Its struggle with subjective and complex inquiries—such as
budgeting advice and unique exchange experiences—suggests the need for im-
proved data enrichment strategies. In response to this challenge, redirecting stu-
dents to alumni events and testimonials has been identified as a viable solution,
providing first-hand experiences that the chatbot currently cannot replicate.
Additionally, the chatbot’s limited capacity to interpret subjective data, such
as individualized course credit assessments, underscores the importance of inte-
grating advanced Al features, such as natural language processing (NLP) models
capable of contextual understanding and personalization.

Scalability remains a crucial consideration for the future of the chatbot. En-
couraged by the initial success of the pilot, the university is exploring opportu-
nities to expand its application to other departments facing a high volume of
inquiries. Two additional departmental leads have already expressed interest in
adopting the technology, indicating the broader potential for Al-driven adminis-
trative support. Future improvements will focus on integrating the chatbot with
additional data sources, such as CSV file processing capabilities, to facilitate
better data management and comprehension.

The effectiveness of retrieval-augmented generation (RAG) and chain-of-
thought (CoT) prompting techniques in mitigating hallucinations was a notable
success. Despite attempts by students to elicit irrelevant or fabricated responses,
the chatbot consistently maintained accuracy by relying strictly on the available
knowledge base. This finding underscores the importance of grounding Al re-
sponses in verified data sources to maintain credibility and trust among users.

In conclusion, the chatbot has demonstrated significant potential in stream-
lining administrative processes and enhancing student autonomy in navigating
the exchange application process. While it excels at providing quick, factual
information, further enhancements—such as expanding its knowledge base, im-
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proving personalization capabilities, and incorporating advanced data process-
ing—will be crucial in maximizing its impact. The study’s findings suggest that
with continued development and institutional support, AlI-powered chatbots can
play a transformative role in improving efficiency, reducing administrative bur-
den, and ultimately enhancing the overall student experience.

However, challenges such as institutional approval processes and resistance
to technological change within academic environments remain potential barri-
ers to widespread adoption. Overcoming these obstacles will require a proactive
approach, including stakeholder engagement, user education, and clear demon-
strations of the chatbot’s tangible benefits to the institution.
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