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Abstract

Universities often struggle to efficiently handle student queries related to
admissions, academics, and administration through traditional methods like
emails, calls, or help desks. This research introduces an Alpowered chatbot
designed to provide instant and accurate responses to university students using
Natural Language Processing (NLP) techniques. The system combines Semantic
BERT (SBERT), TFEIDF, and Cosine Similarity to enhance contextual
understanding. A custom dataset of over 500 student queries was compiled
through online and in-person surveys, with answers wverified by university
departments. The backend, developed in Python, processes queries and retrieves
relevant responses, while the Streamlitbased frontend allows real-time interaction.
The chatbot was deployed in a local environment and tested through unit,
integration, and system-evel testing. It demonstrated high accuracy, speed, and
user satisfaction. Comparative results show SBERT outperformed the T5 model in
terms of relevance and understanding. To efficiently handle students' queries,
chatbots are a suitable consideration for future improvements to support multi-
turn dialogue, multiple languages, realtime data updates, and cloud deployment
for wider access. .

INTRODUCTION
In this paper we propose an Albased university

chatbot to address the growing needs for efficient

and user-friendly information for university students.

The inspiration came from the observation that
students face in routine searching for the relevant as
well as the correct responses.

Several researchers [1], [2], [3] addressed this issue to
overcome the challenges like academic enrollment,
administrative issues, IT concerns, co-curricular

activities, student societies, and general problems.

We developed an Al-based interactive chatbot that
covers all inquiries in one place to help university
students with a wide range of inquiries, which will
act as a virtual assistant and improve the
effectiveness and availability of student services.
Online Google Forms and physical surveys were
used to collect data for analysis. First, we organized
the queries with utmost care, and answers were
obtained directly from the relevant university

departments to ensure reliability.
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We evaluated multiple models for accuracy, and
Semantic BERT was selected as the primary model
for the chatbot due to its high accuracy in
understanding and retrieving relevant information.
The hybrid Natural Language Processing (NLP)
BERT

from

approach  that  combines  Semantic

(Bidirectional ~Encoder Representations
Transformers) with TEIDF (Term Frequency-Inverse
Document Frequency) and Cosine Similarity
techniques [4]. Semantic BERT wuses its deep
understanding of the contextual meaning behind
user queries, while TEIDF and Cosine Similarity
increase the system's power to retrieve the most
relevant answers from the dataset [5], (6], [7].

Further, the Text-To-Text Transfer Transformer (T5)
model was used to explore possible answers during
day-to-day queries. The T5 model performed less
during the training phase, which is why it was not
considered for the final solution and given
preference to the generative approach. We aim to
provide better user experience and reduce the
university's load. Al-driven solution provides a

studentAriendly support system.

Literature Review

Early chatbots were relying on rule-based techniques
such as Artificial Intelligence Markup Language
(AIML)  with
understanding and flexibility,
Artificial Intelligence (AI) based chatbots provide

limitations in contextual

whereas modern
real-time, automated responses, which have been
increasingly adopted in the educational sector for
automating student support services. These chatbots
significantly reduced the workload of university staff
and further enhanced accessibility.

Keeping these limitations in mind, present chatbots

have incorporated Natural Language Processing
(NLP) and Deep Learning (DL) models. The
Transformer-based models, such as BERT, SBERT,
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and T5, have significantly improved semantic
comprehension and response relevance. Studies also
suggest that hybrid approaches combining retrieval-
based and generative techniques enhance chatbot
performance in handling complex educational
queries. In this regard, Amato [8] demonstrated the
effectiveness of SBERT in a legal domain chatbot,
highlighting its strong contextual understanding
across domains. Gyeongmo Min and Junehee Yoo [9]
applied BERT in science education, achieving good
results but lacking multilingual adaptability. Anbiya
[10] utilized a TEIDF and Llama RAG hybrid for
higher education helpdesks; however, scalability and
contextual depth remained concerns.

Bistarelli and Cuccarini [11] emphasized closed-
domain Q&A using BERT to prevent generative
did not
university-specific needs. Werkman [7] evaluated
LLaMA 2 for bots,
underperformance due to domain mismatch. Peyton

and Unnikrishnan [4] found SBERT superior to

traditional chatbot frameworks in educational FAQ:s.

hallucinations but customize it for

institutional noting

Bilquise [12], developed a bilingual academic advisor
chatbot, in Arabic

need for

facing challenges response

accuracy, underscoring the stronger
multilingual models. Chan [13] created a rule-based
advisement bot, functional yet limited by its inability
to handle vague or complex queries. Ranoliya [14]
used Latent Semantic Analysis (LSA) in a university
chatbot, but its lack of contextual strength and

scalability limits modern applicability.

In addition, we illustrated the progression from
static, rule-based systems to dynamic, transformer-
driven architectures. The key challenges were multi-
database
This

underscores the evolution of research and highlights

turn dialogue management, real-time

integration, and multilingual support.

the growing need for domain-specific, intelligent,
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and scalable solutions to ensure effective student

support in higher education.

Table 1: Summarized Version of Literature Review

References | Year | Focus Area Key Contribution Research Gap
(8] 2023 | Legal Domain Developed a legal chatbot using Lacks applicability in other
Chatbots SBERT for legal assistance and domains beyond the legal
conflict resolution. sector
[9] 2024 | Al Chatbots in Created a Sentence-BERT-based | Limited to the Korean
Science chatbot for high school science language and lacks
Education education in Korea. multilingual adaptation
(10] 2024 | Al Chatbots in A hybrid chatbot using TE-IDF, Chatbot integration in
Higher Llama RAG to improve helpdesk | university services is missing
Education efficiency.
(11] 2024 | BERT-based Designed a closed-domain Q&A | Lacks fine-tuning for real-
Question system using BERT, without time university applications
Answering generative model hallucinations.
[12] 2024 | LLAMA-based Explored the LLAMA 2-based Found accuracy and
University chatbot for answering institute- completeness issues,
Chatbot specific queries. requiring further dataset
expansion
[13] 2023 | SBERT for Compared SBERT-based Lacks testing on large-scale
Student FAQs chatbots with other chatbot student queries
frameworks for handling student
FAQs.

System Design and Methodology

This section presents a detailed account of the
concept, development, and implementation of the
university chatbot system. The primary objective was
to design an intelligent and interactive tool capable
of accurately addressing a wide range of student
queries through advanced Natural Language
Processing (NLP) techniques. To achieve this goal,
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the development process was structured into four
key phases: data collection, model architecture
design, user interface development, and logical flow
integration.

A. Dataset Collection and Preparation

High-quality data forms the foundation of accuracy
and reliability in any research endeavor. For this
study, a total of 500 queries were collected directly
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from students using a combination of methods [15],
[16], [17]: digital surveys administered via Google
Forms and Microsoft Forms, along with in-person

interactions conducted during academic and
administrative sessions.
The collected queries reflected the realworld

concerns of university students, covering diverse
domains such as admissions procedures, course
registration, fee structures, examination schedules,
[T-related issues, and campus facilities. To maintain
the integrity and authenticity of the dataset, several
preprocessing steps were performed [18], [19], [20],
[21]:

Careful review and filtering to remove redundancy.

Standardization to eliminate

CATEGORY QUESTIONS

Where can you find the
academic calendar on
Sindh Madressatul Islam

University (SMIU)
website?

Academic

How to dropfadd a

Academic
course?

Is there need-based

Academic
scholarship?

R How can you get the
Academic .
course outline?

Academic Why study?

X Why don't air conditioners
Academic 3 ;
work in winter season?

Academic Ajr condition?

How to report a complaint
to IT department?

Academic

Academic Easy access?
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inconsistencies in phrasing. Verification of responses
by the relevant university departments, ensuring that
each question was paired with an accurate and
authoritative answer.

Through this rigorous process, a clean, representative,
and trustworthy corpus was constructed [22], [23],
providing a reliable basis for both training and
evaluation of the chatbot system.

These question-answer pairs were then organized in
a structured tabular format (CSV), making them
accessible for training machine learning models and
retrieving responses.

amb Tple 2 Dataset

AMNSWERS

Under Student section. Website link is
https/Awaww smiucedu . pk/

You can add or drop a course from your CMS portal
before the deadline, after deadline yvou're not able
to add or drop the course.

Yes, need-based scholarship is available Tor the
needy students, each semester you can apply for
this scholarship when the registrations are open for
need-based scholarship.

You can get the course outline from HEC website or
from Sindh Madressatul Islam University (SMIUY)
website https:/'www.smiu.edu.pkd, for course
material vou have to contact vour relevant teacher.

Because there are a lot of students, so elevatar
can't fulfill their requirements, that's why the
elevator is only available to Faculty and staff.

Air conditioners are off in winter season, if they are
not working in summer season vou can report a
complaint in vour department and it will be fixed.

Air conditioners are off in winter season, if they are
not working in summer season vyou can report a
complaint in vour department and it will be fixed.

You can report a complaint to IT department and it
will be fixed.

You can get all the information regarding courses
on your ChM3.
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Distribution of Query Subcategaries
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Figure 1: Distribution of Query Subcategories

Figure 1 represents the frequency of various types of
student inquiries collected during the study. Each
bar represents a specific category of queries, such as

admissions,  course  registration, examination

schedules, fee structures, and general campus

information. The height of each bar corresponds to

the number of queries received in that category,
providing a visual representation of the most
common areas where students seek assistance. This
distribution highlights the predominant concerns
among students, enabling targeted improvements in
university support services.
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Figure 2 displays the most common categories of
student questions. Categories include topics such as
admissions, course registration, fee payments, and
examination details. The chart helps identify which
areas generate the most inquiries, highlighting the
specific informational needs of students and
allowing universities to optimize their support

services accordingly.

B. Model Architecture

The intelligence of the chatbot is driven by a hybrid
Natural Language Processing (NLP) model that
integrates multiple state-ofthe-art techniques for
query understanding and response matching. The

architecture consists of three major components:
Semantic BERT (SBERT):
Semantic BERT (SBERT) is a transformer-based

model capturing semantic meaning and contextual
nuances. Student’s query Q and 7

dataset Di

question in the
, SBERT generates their respective

semantic vectors SUCh as:
Vo = SBERT(Q)
Vp, = SBERT(D;)

Where Vg and Vp; are high-dimensional vectors that

capture the contextual meaning of the queries.

Unlike conventional keyword-matching approaches,
SBERT allows the system to recognize intent and
even when queries are

conceptual similarity,

expressed in diverse linguistic forms.

TEIDF (Term Frequency-Inverse
Frequency):

Document

This statistical method is employed to identify the
most informative terms within a query. TFIDF
enhances the system’s ability to highlight domain-
specific vocabulary while reducing the influence of

generic or frequently occurring terms.
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Number of times term { appears in document d

TF(t,d) =

Total number of terms in document d
Whereas Inverse Document Frequency (IDF) is used
to measure how unique or rare a term is across all

documents through the following formula.

IDF(t, D) = log ( Total number of documents in dataset D )

Number of documents d containing term ¢

Then the TEIDF Score was calculated by the

following formula.
TF-IDF(t,d,D) = TF(t,d) x IDF(t,D)

In this process a TE-IDF vector created to represent

both the input query and all stored dataset questions.
Cosine Similarity:

Cosine Similarity is the final measure used to
quantify the closeness of the new query to existing
queries in the knowledge base. It is calculated
between the semantic vector of the student's query
Vi and the vectors of the dataset questions Vpi,

disclosing how much they align.

It measures the two embeddings to disclose the
closeness of the new query aligns with existing
queries in the knowledge base, ensuring that the
most semantically relevant match is retrieved. In
understanding (SBERT),
lexical weighting (TEIDF), and vector similarity

combination semantic

(Cosine Similarity),

A-B

Cosine Similarity(A,B) = m

Where A-B is the dot product of the vectors and
[IAll and [IBIl are the magnitudes (Euclidean norms)

of the vectors.
In the chatbot's operation, the system calculates:

Similarity(Q, D;) = Cosine Similarity(Vg, Vp,)
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The question Dy with the highest similarity score
is identified, and its corresponding verified answer is
retrieved and returned to the student. A score closer
to 1 indicates a stronger, more relevant match. This
hybrid approach, combining semantic
understanding (SBERT), lexical weighting (TF-IDF),
and vector similarity (Cosine Similarity), is what
enables the chatbot to handle complex and
contextually nuanced student queries with high
accuracy. Furthermore, this hybrid model achieves
robust query comprehension and precise response

generation.
C. Frontend and Backend Development

To ensure accessibility and ease of use, the chatbot

was developed with a modular architecture

comprising a streamlined frontend and a robust

backend.
Frontend Development:

Streamlit was implemented as a frontend using a
Python-based framework for creating interactive web
applications with minimal effort. Since it provides a
clean, userfriendly interface where students can
interact with the chatbot through a simple text input
box, Queries are submitted directly through this
interface, and responses are displayed instantly,

ensuring a smooth user experience.
Backend Development:

The backend, also developed in Python, functions as
the computational engine of the chatbot. Its

responsibilities include:

e Loading and managing the question-answer

dataset.

e Converting the student’s query into an

SBERT embedding.

e Applying TEIDF vectorization for keyword
weighting.
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e Computing cosine similarity to identify the

closest matching query.

e Retrieving and returning the most relevant

answer to the frontend.

This decoupled design allows for flexibility and
scalability. Enhancements such as upgrading the
NLP model, integrating with larger databases, or
redesigning the user interface can be incorporated

without disrupting the overall system.
D. Logical Flow of the Chatbot

The operational logic of the chatbot follows a
structured pipeline to ensure accurate and timely
responses:

1. The student enters a query into the web
interface.

2. The backend receives the query and
preprocesses it by removing unnecessary
characters and formatting it properly.

3. The SBERT model encodes the question

into a semantic vector.

4, TEIDF representation is computed for
both the input query and all stored dataset
questions.

5. Cosine similarity is calculated between the
query vector and dataset vectors to find
the closest match.

6. The most similar stored question is
identified, and its associated answer is
retrieved.

7. The response is sent back to the user via
the Streamlit interface.

This logical sequence is executed in real time and
optimized for speed, accuracy, and user satisfaction.
The chatbot not only reduces the pressure on
university staff but also ensures that students receive

quick, consistent, and contextually relevant answers.
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Moreover, the system was developed with flexibility
in mind. The modularity of the design enables easy
adaptation to other institutions or languages. Future

improvements include enabling the chatbot to

handle follow-up questions in a multi-turn dialogue,
integrating voice-based input and output, and
connecting the chatbot to live university databases

for dynamic, real-time updates.

Data Flow Diagram

1

Database

L s RTRIE Y]

i

e

e

Chatbot

L = ]

Figure 3(a): Data Flow Diagram (Level 0: Context Diagram) ailed breakdown of the

Figure 3(a) provides a high-level overview of the
chatbot system. It shows the basic flow of data
between the user (student), the chatbot interface, the

processing module, and the knowledge base.

Data Flow Diagram

[~

system’s internal components. It illustrates
individual processes, including query input,
semantic embedding via SBERT, TFIDF vector

generation, similarity scoring, and response retrieval.

Datalbass

Forad Bogmm

Figure 3(b): Data Flow Diagram (Level 1: Detailed Diagram)
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3 design, the chatbot
achieves its intended goal of delivering intelligent,
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responsive, and scalable

students.

support to university

Implementation
This section explains the practical steps taken to
turn the design of the chatbot into a fully working
system. It describes the tools that were used, how all
parts of the chatbot were connected, how the
interface was built for students to use easily, and
finally, how the chatbot was tested in a realworld
setting.

A. Development Tools and Environment

The development of the chatbot was done using the

Python programming language. Python was chosen

because it is easy to use and has many useful libraries

for artificial intelligence and machine learning.

Some of the main tools and libraries used include:

e Streamlit: Used to build the user interface,
allowing students to interact with the chatbot on
a web page.

e Pandas: Used to read and manage the dataset,
which contains the student questions and their
verified answers.

e Scikitlearn: Used TEIDF

transformation and cosine similarity matching.

to perform the

e Sentence-transformers: A library used to load the
SBERT model, which helps the chatbot
understand the meaning of student queries.

The chatbot was first tested in a local environment,

meaning it was run on a personal computer. This

helped in checking that everything worked correctly
before thinking about deploying it on a cloud server
for public access.

B. Integration of Components

After choosing the tools, the next step was to make

sure all parts of the chatbot worked well together.

The integration process involved the following steps:

The chatbot loads the dataset file (CSV) into

memory so it can access all stored questions and

answers.

The SBERT model is loaded to convert new student

questions into a special format called vectors.

At the same time, the system creates a TF-IDF matrix

from all the existing questions in the dataset.
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e When a student types a new question, the
chatbot compares it to all stored questions using
cosine similarity.

e The chatbot picks the question that is most
similar and returns its answer to the student.

This integration ensures that students always get the
most relevant and accurate answer based on what
has already been verified and stored.
C. User Interface Features
The chatbot’s interface was designed with a focus on
simplicity, clarity, and ease of use, ensuring that
students can interact with it effortlessly. Its core
features include:
Title and Introduction clearly displayed at the top to
explain the chatbot’s purpose and guide first-time
users. The Text Input Box is a field where students
can type their questions. Whereas the send button
allows users to submit their queries instantly.
The chat window displays both the student’s
question and the chatbot’s
conversational format. In addition to these core
functions, the interface also provides enhanced
usability features, such as suggested questions. The
predefined common queries that students can click
on for quick access to answers.

response in a

The clear chat button enables users to reset the
conversation and start fresh at any time. This user-
friendly design ensures that students can access
accurate information quickly, intuitively, and at any
time, thereby enhancing the overall academic
support experience.

D. Sample Use Case

To test the system, a simple use case was tried. A
student asked the question: "How can I get my
transcript!" The chatbot processed the query and
searched through the dataset. It found a similar
question and returned the following answer: "You
can request a transcript by filling out the transcript
form available on the student portal."

This example shows that the chatbot can understand
what a student is asking, even if the question is not
worded exactly like the one in the dataset. It
provides correct, specific, and helpful answers. This
proves that the chatbot is ready for use in a real
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university environment and can be further improved
over time.

Results and Evaluation

This section explains how well the chatbot worked
after it was built and tested. The main goal was to
find out if the chatbot could correctly understand
questions, give useful answers, and be easy for
students to use.

A. Testing Methods

The chatbot was tested in three main ways:

Unit Testing - Each part of the code was tested
separately to make sure it worked as expected. For
example, checking if the chatbot could correctly load
the dataset.

Integration Testing - This test was done to check if
different parts of the system worked together
smoothly. For instance, checking if the SBERT

Heatmap of Query Similarities (First 30 Questions) o

Lo~NOounsWNe=O

10 i

Questions Index
b
[,
= [ | |
| |

model, TFIDF, and Streamlit interface worked in
one flow.

System Testing - The complete system was tested like
a real user would use it. Testers typed in questions to
see if the chatbot gave the right answers.

B. Performance Results

The chatbot performed well during the tests. It was
able to:

Understand student questions even when asked in
different ways.

Return correct answers quickly.

Handle different types
university life.
Most responses were accurate and helpful. It also
helped reduce the need for students to visit help
desks or send emails for simple questions.

of queries related to

-
3]

0.8

- 0.4

0.2

Questions Index

Figure.4: Heatmap of Query Similarities

The heatmap visually represents the similarity scores
between different student queries. Darker regions
higher

overlapping or related questions. This visualization

indicate similarity ~ values, suggesting
is useful for identifying clusters of queries that
address similar concerns, which can be leveraged to
streamline FAQ content and reduce redundancy in

the dataset.
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Figure 5 illustrates how cosine similarity scores are
distributed when comparing new queries with
existing ones in the dataset. A higher concentration
of scores near 1.0 indicates strong matches and high
model accuracy, while lower scores suggest less
confidence in the retrieved answers. This analysis
helps evaluate the effectiveness of the similarity

matching mechanism.
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Distribution of Cosine Similarity Scores

200000 -

150000

Frequency

100000

50000

0.0 0.2 0.4

0.6 0.8 1.0

Cosine Similarity

Figure. 5: Distribution of Cosine Similarity

Figure 5 illustrates how cosine similarity scores are
distributed when comparing new queries with
existing ones in the dataset. A higher concentration
of scores near 1.0 indicates strong matches and high
model accuracy, while lower scores suggest less
confidence in the retrieved answers. This analysis
helps evaluate the effectiveness of the similarity

matching mechanism.

Figure 6 shows how the lengths of chatbot answers
vary across the dataset. It measures the number of
words per response and helps assess the consistency
and completeness of the chatbot’s replies. Most
responses fall within a moderate word range,
ensuring concise yet informative answers to student
questions. This graph presents the distribution of
the number of words in student queries. It reveals
the complexity and variation in how students phrase

their questions.

In figure 7, the data shows that most queries are
short and direct, but there is also a significant
number of longer, detailed questions,
indicating the need for strong
understanding in the NLP model.

more
contextual
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C. User Experience Feedback

Some students and testers tried the chatbot and said
it was easy to use. They liked the clean interface and
quick answers.

The suggested questions helped them ask the right
queries. However, some users pointed out that the
chatbot didn’t always understand very complex or
vague questions.

D. Limitations Found

Although the chatbot worked well overall, it had

some limits:

e It could not handle follow-up questions or
continue conversations across multiple turns.

e [t only worked in English.

e It did not automatically update when university
rules or data changed.

e It worked only in the local environment and was
not yet hosted online.

These results showed that the chatbot is effective but

can still be improved in future updates.
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Figure. 6: Distribution of Answer Lengths
Distribution of Question Lengths
100
8,0 -
>
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g
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Number of Words
Figure. 7: Distribution of Questions Lengths
Conclusion However, the system also has some limitations. It

In conclusion, this research successfully developed
an Alpowered chatbot that can help university
students by answering their questions accurately and
quickly. The chatbot used a mix of advanced NLP
methods: SBERT, TE-IDF, and cosine similarity to
understand student queries and give correct answers.
The chatbot was tested thoroughly and showed good
performance. Students found it easy to use and
helpful for common questions. It saves time for both
students and university staff by automating repetitive

tasks.
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currently only supports English, works offline, and
cannot handle multiturn conversations. These are
areas that can be improved in the future. Planned
upgrades include support for more languages, cloud
deployment, and better memory to understand
follow-up questions.

Overall, this project shows that a simple, well-
designed chatbot can be a powerful tool in the
education sector, making information more
accessible and improving student satisfaction.
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