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Abstract - In today’s fast-paced college environment,
students and faculty require timely access to accurate
information on a variety of topics, such as admissions,
course details, fees, and campus facilities. Traditional
methods of information dissemination, such as
websites, emails, and in- person consultations, often
lead to delays and inefficiencies, causing frustration
among users and increasing administrative workloads.
To address this challenge, we developed Campus Query:
A Q&A Chatbot for College, an intelligent
conversational agent designed to provide real- time,
accurate answers to frequently asked questions. This
paper presents the design, development, and
implementation of the chatbot, following a structured,
two-phase approach. The initial phase employs a rule-
based system, where the chatbot is programmed to
handle common queries through predefined responses,
keyword matching, and basic conversation flow.
Although effective for standard queries, the limitations
of this approach in handling more nuanced questions
necessitated the transition to the second phase. In the
second phase, we integrate the Rasa framework, which
enhances the chatbot with natural Ilanguage
understanding (NLU), enabling it to recognize user
intents, extract entities, and manage complex, multi-
turn conversations. This phase introduces greater
flexibility, allowing the chatbot to handle more varied
user inputs and follow-up interactions in a
conversational context. Through rigorous testing and
user feedback, the chatbot has demonstrated its ability
to improve information accessibility and alleviate the
burden on administrative staff. By providing
immediate responses to common queries, the chatbot
enhances the overall user experience for students and
faculty. Future enhancements will focus on
incorporating more advanced features, such as
dynamic content retrieval and further personalization,
to expand the chatbot’s capabilities and adaptability.
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1.Introduction

As the limitations of rule-based systems

became
apparent—particularly their inability to handle ambiguous

or complex user queries—the need for a more adaptive and
intelligent solution led to the integration of the Rasa
framework in the second phase of development. Rasa, an
open-source machine learning framework for building
contextual Al assistants, introduces Natural Language
Understanding (NLU) and dialogue management
capabilities, enabling the chatbot to move beyond static
responses and engage in dynamic, multi-turn conversations.

In this phase, the chatbot is enhanced to comprehend
user intents and extract key entities from queries, allowing it
to provide more relevant and personalized responses.
Unlike the rigid pattern-matching approach of rule-based
systems, Rasa leverages intent classification and entity
recognition to interpret user input more flexibly. This shift
empowers the chatbot to handle a broader range of
questions, even when phrased in unexpected or informal
ways, significantly improving the overall interaction quality.

The implementation of Rasa also supports contextual flow
and memory, enabling the chatbot to maintain the state of a
conversation and deliver follow-up responses based on
prior exchanges. This conversational depth facilitates
more natural and efficient user experiences, simulating a
human-like dialogue that is both intuitive and informative.
By automating complex inquiries and reducing the need
for manual intervention, this phase plays a crucial role in
streamlining communication within the college environment.

Ultimately, the integration of the Rasa framework
transforms Campus Query from a basic FAQ responder
into a sophisticated conversational agent. It enhances both
the scalability and adaptability of the system, aligning with
the broader goal of improving information accessibility for
students and faculty while reducing administrative
workload.

1.1Related Work

The adoption of chatbots across various sectors has
seen significant growth in recent years, with notable uses
in customer support, healthcare, and educational settings.
These tools are increasingly leveraged to automate
repetitive tasks and offer users immediate access to
relevant information. Within the landscape of higher
education, chatbots present an opportunity to enhance
how information is distributed—particularly for common
inquiries related to admissions, academic programs, and
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campus services. This section explores current chatbot
technologies and their applications in education, providing
a basis for the design of Campus Query.

Chatbots are typically divided into two primary types:
rule-based and Al-powered systems. Rule-based chatbots,
like those discussed by Shawar and Atwell (2007),
function based on predefined patterns and response rules.
These systems are keyword-driven and follow scripted
conversation flows, making them suitable for answering
predictable questions. However, their rigidity poses
limitations when handling more nuanced or unpredictable
queries. In academic institutions, such systems are often
used for straightforward tasks, such as sharing office
hours or application deadlines. Although efficient, their
lack of conversational flexibility restricts their
effectiveness in more complex interactions.

To overcome these challenges, Al-enhanced chatbots
utilizing Natural Language Processing (NLP) and Machine
Learning (ML) have been developed. These chatbots are
designed to interpret user intent, extract key information,
and deliver more personalized and context-sensitive
responses. A prominent tool for building such systems is
the Rasa framework—an open-source platform known for
supporting both simple and complex dialogue
management. Rasa’s modular design allows for intent and
entity recognition, enabling the bot to handle multi-step
conversations while maintaining context. Research by
Bocklischetal. (2017) has shown that Rasa can
significantly enhance user engagement and experience,
especially in customer-facing applications, suggesting its
strong potential for educational use cases.

Educational institutions have increasingly turned to
chatbot solutions to improve student services. For
example, IBM’s Watson Assistant has been integrated into
university systems to address frequently asked questions
about topics such as enrollment and course schedules.
Pereira and Diaz (2019) demonstrated the effectiveness of
an Al-powered chatbot in academic advising, which
alleviated the workload of human advisors by managing
routine queries and directing students to appropriate
resources. Similarly, Bentley University’s virtual assistant,
Beeline, successfully offered students streamlined access
to academic and campus-related information. These
examples underscore the benefits of Al chatbots in
enhancing service delivery and reducing administrative
strain.

Despite these advancements, challenges remain in
creating conversations that feel genuinely human. Many
existing chatbots still rely on retrieval-based models,
where responses are selected from a predefined set,
limiting their ability to adapt dynamically to new or
unexpected inputs. Recently, generative models such as
OpenAl’s GPT-3 have emerged as promising alternatives.
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These models can produce responses based on the flow
and context of the conversation, resulting in more fluid
and natural interactions. However, factors such as high
implementation costs, technical complexity, and data
requirements have hindered their widespread adoption in
educational settings.

The Campus Query project builds upon these
foundations by initially implementing a rule-based system
for basic queries, with plans to evolve into a more
sophisticated solution using Rasa’s NLU capabilities. By
employing Rasa, Campus Query can detect user intentions
and manage in-depth, multi-turn conversations. This
aligns it with existing Al-based educational chatbots, while
also aiming to improve student support and ease the
burden on administrative staff. Although generative
models like GPT-3 represent a future pathway, this project
focuses on creating a scalable, reliable solution using well-
established NLP tools available within the Rasa framework.

2. Methodology
Phase 1: Rule-Based System

The first phase of the project focuses on a rule-based
chatbot designed to address frequently asked questions
(FAQs) by utilizing predefined rules and keyword
detection. This approach enables rapid development and
is particularly effective for straightforward and repetitive
queries that follow consistent patterns.

To begin, a list of common student questions—covering
topics such as admissions procedures, course offerings,
and campus amenities—was compiled in collaboration
with the college’s administrative staff. Each question was
matched with a specific, pre-written response to ensure
clarity and accuracy. The chatbot uses simple keyword
recognition to process user input. When a query is entered,

it scans for specific terms like “admissions,” “fees,” or
“library,” and responds with the relevant answer from a
fixed response set. For instance, if a user asks, “How do |
apply for admission?”, the chatbot identifies the keyword
“admission” and delivers the corresponding response.

The system operates through static conversation flows,
offering consistent answers to expected inputs. While this
method is efficient for handling basic queries, it lacks the
adaptability needed to understand diverse phrasings or
more complex user intentions. The rule-based model
cannot interpret variations in language or engage in back-
and-forth dialogue, making it unsuitable for interactions
that deviate from the anticipated input structure.
Consequently, its use is limited to simple, one-turn
exchanges.
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Phase 2: Integration of the Rasa Framework

To address the constraints of the rule-based model, the
second phase introduces the Rasa framework—a powerful
open-source platform that uses advanced Natural
Language Understanding (NLU) and Natural Language
Processing (NLP) techniques to interpret more complex
and varied user inputs. Rasa enables the chatbot to
recognize user intents and extract key information
(entities), allowing for more dynamic and contextual
conversations.

In this phase, the chatbot is trained to identify user
intents, which represent the goal or purpose behind each
query. Examples of intents include
ask_admission_requirements, inquire_fee_structure, and
request_library_hours. This allows the chatbot to
accurately respond to a user’s request, regardless of how
the question is phrased. Rasa also supports entity
extraction, enabling it to identify relevant details within a
sentence. For example, in the question “When is the
deadline for Fall semester applications?”, the system
extracts “Fall semester” and “deadline” to provide a
context-specific response—something rule-based systems
cannot do effectively.

Rasa also introduces the concept of “stories,” which are
scripted conversation flows that help guide the bot
through multi-turn interactions. These flows allow the
chatbot to maintain conversation context and ask follow-
up questions. For instance, after sharing general
admission information, the bot might ask, “Which course
are you interested in?” or “Are you applying for
undergraduate or postgraduate studies?”, thereby
facilitating a more natural dialogue.

To support real-time, data-driven interactions, Rasa
enables the use of custom actions—scripts that retrieve
up-to-date information from external databases or APIs.
For example, if a user asks about the current admission
deadlines, a custom action can fetch and display the most
recent data from the admissions system.

Training the NLU model involves feeding it a variety of
annotated examples, each tagged with specific intents and
entities. These examples are sourced from existing FAQs,
previous user queries, and potential future questions to
ensure the model’'s robustness. The system undergoes
continuous testing and refinement, with feedback from
users used to enhance the chatbot’s understanding and
responsiveness.

By integrating Rasa, the chatbot becomes significantly
more capable than in its initial rule-based form. It can now
understand varied phrasings, manage multi-turn
conversations, maintain dialogue context, and reduce
repetitive questions. This transformation leads to a more

ntelligent, user-friendly, and responsive system that
better serves students' informational needs.

2.1 Implementation

The implementation of Campus Query: A Q&A Chatbot
for College was divided into two phases, each building
upon the previous one to progressively enhance the
chatbot's capabilities. The goal was to develop an
intelligent system capable of handling frequently asked
questions (FAQs) in the college setting, starting with a
simple rule-based system and evolving into a more
advanced natural language understanding (NLU) chatbot
powered by the Rasa framework. This section details the
technical steps and processes involved in bringing the
chatbot to life.

The initial implementation focused on creating a rule-
based chatbot that could respond to common queries
using predefined responses and keyword matching. The
chatbot’s functionality was limited but effective for
handling straightforward FAQs related to admissions,
courses, fees, and campus services. Python was used as the
primary programming language due to its rich ecosystem
of libraries for handling text-based data, while Flask
served as the lightweight backend framework, enabling
the chatbot to run as a web-based application. A
PostgreSQL database stored predefined FAQs and
responses, allowing the chatbot to retrieve relevant
answers efficiently. A simple web interface built using
HTML, CSS, and JavaScript facilitated user interactions.
The rule-based chatbot relied on keyword matching to
detect user queries and retrieve appropriate responses
from the database. However, this approach had limitations,
as it could only respond to predefined keywords and
lacked the ability to manage contextual conversations or
multi-turn interactions.

To overcome these limitations, the chatbot was
upgraded using the Rasa framework in Phase 2. Rasa’s
NLU capabilities enabled intent recognition, entity
extraction, and multi-turn dialogue management, making
interactions more flexible and dynamic. The dataset
created during the earlier phase was annotated for intent
recognition, ensuring that queries such as "What are the
admission requirements?" and "How do I apply?" were
classified under the same intent. The chatbot was trained
to extract key entities, such as semester names and fee
details, to generate context-specific responses. Dialogue
management was implemented using Rasa’s stories and
rules, allowing the chatbot to maintain conversation
context and follow logical conversational flows. For
instance, after providing general admission information, it
could ask follow-up questions regarding the user’s
preferred program or department.
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Rasa’s custom actions enabled real-time retrieval of
dynamic data from the PostgreSQL database. This feature
was particularly useful for responding to queries like
"What is the current fee structure for Computer Science?"
by fetching the latest data. The model was trained
iteratively using a combination of real user queries and
simulated data, allowing it to handle a broader range of
inputs and improve its accuracy. Testing and evaluation
were conducted through user interactions, measuring
intent recognition accuracy and refining the chatbot based
on feedback. The web interface was also enhanced to
support multi-turn conversations, improving the overall
user experience.
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Fig 1.DataFlow Diagram

Several challenges emerged during the implementation
phase, including handling ambiguous queries outside the
chatbot’'s predefined knowledge base. A fallback
mechanism was introduced to prompt users for
clarification when necessary. Additionally, continuous
learning was achieved by incorporating user feedback into
the training dataset, allowing the chatbot to refine its
responses over time. These improvements ensured that
Campus Query evolved into a more intelligent and
responsive system, capable of managing complex user
interactions within the college environment.
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Fig.2 Image of Chatbot
3. Conclusion

The development of Campus Query: A Q&A Chatbot for
College demonstrates the significant potential of intelligent
chatbots to streamline communication and enhance
information accessibility in higher education environments.
Through a structured, two-phase approach—starting with a
rule-based system and advancing to a more sophisticated
NLU-powered chatbot using the Rasa framework—the
project successfully addressed the primary challenges faced
by students and faculty in accessing timely and accurate
information. The chatbot was able to automate responses to
frequently asked questions related to admissions, courses,
fees, and campus facilities, reducing the workload on
administrative staff and improving the user experience.
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