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Abstract - Student recruitment, engagement, and retention
remain key priorities for universities, leading to increased
adoption of digital support tools. Chatbots have emerged as an
effective solution for managing student queries, particularly in
online and hybrid environments. This paper reviews the
evolution of university chatbots from rule-based systems to
advanced Natural Language Processing (NLP) and generative
Al models, with a focus on administrative and support services
beyond classroom use. It compares existing implementations
and highlights the role of development platforms in
deployment. The study identifies a major challenge in the lack
of high-quality, domain-specific datasets and notes that many
institutions have yet to fully leverage modern chatbot
capabilities. It concludes by emphasising the potential of
integrating institutional data with generative Al to create
more responsive and student-centred support systems.
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1. INTRODUCTION

Chatbots, also known as conversational agents, originated
from early artificial intelligence research, with foundational
ideas such as the Turing Test proposed in the 1950s. One of
the earliest working systems, ELIZA, demonstrated that basic
human-computer conversations were possible and laid the
groundwork for future developments in this field [1]. Over
time, artificial intelligence has progressed significantly,
especially since the 2000s, when increased computing power
and large datasets enabled the rise of modern machine
learning and deep learning techniques.

Today’s chatbot systems rely heavily on Natural Language
Processing (NLP). This Language
Understanding (NLU), which interprets user intent, and
Natural Language Generation (NLG), which produces
meaningful responses, as discussed by Maroengsit et al. [2].
These advancements have made conversational systems

includes Natural

common in everyday tools such as Apple Siri, Google
Assistant, and Amazon Alexa. As a result, users have become
comfortable interacting with machines through natural
conversation, leading to widespread adoption of chatbots as
efficient self-service support systems, replacing or
supplementing traditional communication channels like
email and phone support [3].

In the context of higher education, chatbots are increasingly
used to handle student-related queries, especially for
academic and administrative support such as course details,
schedules, and examination information. However, research
by Nwankwo [20] highlights that many existing academic
advising systems still focus narrowly on administrative tasks
like course registration, rather than supporting broader
student development needs such as learning goals, skills, and
career planning.

Several practical implementations show how chatbots are
being used in education. For instance, Goel and Polepeddi
[21] developed “Jill Watson” to support students in a
massive open online course (MOOC), where it handled
repetitive questions, shared announcements, and assisted
with routine interactions at scale. Similarly, Lee et al. [22]
introduced “Infobot,” a chatbot designed for an introductory
networking course that allowed students to ask questions
about lectures, schedules, and class locations through
platforms like Telegram and Facebook Messenger.

Overall, existing studies suggest that most educational
chatbots are primarily used for teaching support, student
engagement, and answering routine queries. A systematic
review by Okonkwo and Ade-Ibikola [23] further groups
chatbot applications in education into areas such as
administration, assessment, advising, and research support,
with the majority still focused on instructional and student
assistance tasks.
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2. Scope of the Research

Universities are increasingly adopting digital systems to
improve student engagement, retention, and service
delivery. In this context, chatbot technologies are emerging
as effective tools for supporting both students and
administrative staff. Hussain [5] categorises institutional
chatbot applications into three primary functional areas:
improving access to information and guidance for
prospective and current students, streamlining routine
campus services, and enhancing teaching, learning, and
assessment processes.

These applications are particularly relevant in higher
education environments where institutions face growing
competition, rising student expectations, and pressure to
deliver high-quality services under constrained budgets. As a
result, the optimisation of student experience—whether in
physical or online learning environments—has become a key
strategic priority [9].

Based on Hussain’s framework [5], chatbot deployment in
universities can broadly be grouped into two main
operational domains:

e Admissions, student recruitment, and

administrative support
e Teaching and learning support systems

These categories provide a structured lens for analysing how
conversational Al systems are currently being integrated
into higher education services.

2.1 Methodology

This review focuses on chatbot applications in universities
that support student queries outside direct classroom
teaching. The study was conducted through a structured
literature search using Google Scholar, targeting peer-
reviewed conference papers and journal articles across
different domains where chatbots are applied.

The search was later refined to focus specifically on higher
education by using keywords such as “chatbot + university”
and “chatbot + education.” Although several relevant studies
were identified, only publications from 2015 onwards were
included, as this period marks the emergence of modern Al
frameworks such as TensorFlow [10] and PyTorch, which
significantly influenced chatbot development.

Selected studies were further filtered to include only those
implemented in real university environments and focused on
administrative or student support functions rather than
classroom-based teaching or learning systems.

To capture recent developments in generative Al, additional
search queries such as “ChatGPT university,” “closed-domain
chatbot GPT,” “RAG chatbot university,” and “LangChain
chatbot university” were used. These searches helped
identify newer implementations based on retrieval-
augmented generation and large language models.

Finally, all collected studies were critically reviewed to
ensure relevance, with strict inclusion criteria ensuring that
only chatbot systems used for non-instructional student
support within universities were considered for detailed
analysis.

2.2 Admissions / Student Recruitment /
Administration

University admissions and student recruitment processes
are critical for maintaining a steady inflow of students,
making them one of the most important areas for chatbot
deployment. During peak admission periods, particularly in
late summer, often referred to as the “summer melt” phase,
universities experience a high volume of repetitive student
queries that can overload administrative staff [11].

To address this, many institutions have introduced chatbots
to improve responsiveness and enhance the applicant
experience. Choque-Diaz et al. [12] emphasise that timely
communication during admissions is essential, noting that
some systems aim to respond to student queries within 48
hours to improve engagement and satisfaction.

Several  studies demonstrate  practical chatbot
implementations in this area. For example, Chandra and
Suyanto [13] developed a WhatsApp-based chatbot that uses
frequently asked questions (FAQs) from admissions data to
respond to applicants efficiently. Similarly, Santoso etal. [14]
implemented an FAQ-driven chatbot to support university
admission services, showing that repetitive queries are well-

suited for automated handling.

These systems are generally based on a simple interaction
model where a user asks a question and the chatbot
immediately provides a predefined response. This is known
as a single-turn conversation, which works effectively for
straightforward and repetitive queries. However, more
advanced systems support multi-turn conversations, where
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context from previous interactions is retained. Aujogue and
Aussem [15] highlight this capability, explaining that it
allows chatbots to understand follow-up questions more
intelligently. For example, if a student first asks about
studying mechatronics online and then asks about its cost,
the chatbot can interpret “it” based on earlier context and
provide relevant fee information.

Beyond admissions, universities also manage alarge amount
of distributed administrative knowledge across websites,
internal systems, and staff expertise. Khin and Soe [16]
developed a chatbot that consolidates such information to
handle general campus queries, including details about
departments, library services, research, and alumni. In a
similar approach, Rana [17] designed a chatbot system that
supports enrolled students using both structured and
unstructured FAQ data, ensuring assistance is available even
when staff members are not accessible.

2.3 Teaching And Learning

Teaching and learning in higher education involve several
interconnected activities, including student engagement,
feedback delivery, academic support, and learning analytics,
as outlined by Singh [18]. Within this ecosystem, Al-based
teaching assistants are increasingly being explored as tools
to enhance learning experiences. Satow [19] proposes a six-
level framework for Al teaching assistants, ranging from
basic functions
personalised messages to advanced capabilities like
providing individualised academic coaching.

such as welcoming students with

Despite these advancements, the application of chatbots in
education remains complex. Yang and Evans [7] argue that
educational requirements are often more diverse than those
in other domains, which can limit the effectiveness of
standardised chatbot solutions. Their work highlights varied
implementations, including simulation-based chatbots for
online programs, library recommendation assistants, and
helpdesk support systems.

Similarly, Cunningham-Nelson et al. [6] present an FAQ-
based chatbot designed to answer routine academic queries
such as assessment guidelines, examination schedules, and
class timings. However, Nwankwo [20] points out a
limitation in many academic advising systems, noting that
they tend to focus mainly on course selection and
registration rather than broader academic development,
including learning outcomes, skill-building, and career

guidance. More advanced implementations demonstrate the
growing capabilities of educational chatbots. Goel and
Polepeddi [21] introduced “Jill Watson,” developed for a
massive open online course (MOOC), which was capable of
handling large-scale student interaction by responding to
introductions, sharing weekly updates, and answering
frequently asked questions autonomously.

In another example, Lee et al. [22] developed “Infobot,” a
chatbot designed to support students in an introductory
networking course in Hong Kong. This system operated
across platforms such as Telegram and Facebook Messenger,
allowing students to access information related to course
content, schedules, and classroom locations.

Collectively, these studies illustrate a wide range of chatbot
applications in teaching and learning, from simple FAQ
systems to more advanced Al-driven assistants. A systematic
review by Okonkwo and Ade-Ibikola [23] further categorises
these applications into areas such as administration,
assessment, academic advising, and research support.
Notably, around 66% of the reviewed systems focus
primarily on teaching and learning functions, particularly
student engagement, content delivery, and personalised
assistance.

3. CURRENT STATE OF LANGUAGE

Chatbot systems in higher education typically operate within
a closed-domain setting, meaning they are designed to
respond only to queries related to a specific area such as
admissions, academic services, or student support. These
systems differ from open-domain chatbots, which can
engage in general conversation across virtually any topic.
Open-domain models are often more conversational and
human-like, making them closer to passing benchmarks such
as the Turing Test [24]. In contrast, closed-domain chatbots
are purpose-driven and restricted to predefined tasks within
a specific context, which makes them more suitable for
university environments. This review focuses specifically on
such closed-domain implementations.

Modern chatbot systems are built using a range of language
model architectures that have evolved significantly over
time. Earlier approaches include rule-based systems such as
Artificial Intelligence Markup Language (AIML) [25],
followed by neural approaches like Sequence-to-Sequence
(Seq2Seq) models [26]. More recent advancements include
transformer-based architectures such as BERT (Bidirectional
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Encoder Representations from Transformers) [27], [28],
which have significantly improved language understanding
capabilities. These models have been widely applied beyond
education, including in sectors such as e-commerce
customer support, insurance claim processing, financial
advisory systems, and even healthcare applications like
ophthalmology consultation chatbots.

Inrecent years, Generative Pre-trained Transformer (GPT)-
based models have emerged as state-of-the-art (SOTA)
solutions for conversational Al. These models enable more
natural, context-aware responses and are increasingly being
explored in both open-domain and closed-domain settings.
While university-specific implementations remain limited,
several recent studies have demonstrated the use of GPT-
based and hybrid approaches in higher education
environments for student support and administrative
assistance [29], [30], [31], [32].

3.1 Rule-Based Chatbots

Rule-based chatbots, also known as pattern-based systems,
represent one of the earliest and most widely used
approaches in conversational Al. These systems operate by
defining a fixed set of intents, which represent categories of
user queries. In a university context, these intents often
include areas such as admissions, registration, fees,
timetables, and examinations.

Within each intent, multiple possible user questions are
mapped to predefined responses. For example, under the
“registration” category, a chatbot may handle queries such as
“When should I register?”, “What documents are required for
registration?”, or “Is on-campus registration necessary?”.
Each of these questions represents different patterns
expressing the same intent.

The chatbot responds by matching user input to predefined
rules in a structured hierarchy. However, its intelligence is
limited strictly to the knowledge encoded in its rule set.
While rule-based systems work well in closed domains with
predictable queries, their performance depends heavily on
how complete the rule database is [33].

A key limitation of this approach is scalability. As user
queries grow, developers must manually define and
maintain large sets of intents, responses, and linguistic
variations. If a query does not match any predefined rule, the
chatbot fails to respond, reducing its flexibility and overall
usefulness in real-world scenarios.

3.1.1 AIML

AIML (Artificial Intelligence Markup Language) is an open-
source, XML-based framework used for developing rule-
based chatbots. It represents chatbot knowledge in the form
of patterns (user inputs) and corresponding responses,
structured using interpretable tags processed by an AIML
engine [34]. In AIML, the fundamental unit of knowledge is a
category, which consists of a user input pattern and a
matching response template. The <pattern> tag captures
possible user queries, while the <template> tag defines the
chatbot’s response. However, AIML does not naturally
support multiple synonyms within a single category,
meaning variations of a question must be explicitly defined.
For instance, different greetings such as “Hello,” “Hi,” “Hey,”
and “How are you” must each be separately included as
patterns to ensure correct matching.

Despite being introduced in the early 2000s, AIML remains
in use today and is supported by various open-source
interpreters and platforms, including Pandorabots. With a
large user base and long-standing presence, Pandorabots is
one of the most established AIML-based chatbot platforms,
which may explain its continued use in academic chatbot
implementations.

Due to its rule-based structure, AIML is particularly suitable
for FAQ-driven systems. For example, Khin and Soe [16]
developed a university chatbot using an AIML knowledge
base containing 970 question-answer pairs across nine
categories, covering queries from students, faculty, and
parents. This system was deployed using the Pandorabots
platform.

Similarly, Ranoliya et al. [35] implemented an AIML-based
chatbot designed specifically for university FAQs, coveringa
broad range of student queries. In another approach,
Nwankwo [20] proposed an AIML-driven academic advising
chatbot named Adviserbot, aimed at supporting student
guidance services within universities.

3.2 Al-Based Chatbots

Al-based chatbots, also known as neural or deep learning-
based chatbots, use machine learning models—often multi-
layer neural networks—to generate or predict responses
from user input using training data and Natural Language
Processing (NLP) techniques [36].

Unlike rule-based systems, these chatbots are not restricted
to predefined responses; instead, they learn patterns from
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data and generate suitable outputs based on context and
probability. The choice of model depends on the application
and the availability of training data.

Al chatbots are generally classified into two main types:
retrieval-based and generative-based systems. Retrieval-
based models select responses from an existing database of
question-answer pairs.

Although they can be improved through training and
expanded datasets, they cannot generate entirely new
responses. Such systems are commonly implemented using
platforms like Microsoft QnA Maker and Google Dialogflow.

In contrast, generative chatbots use deep learning models to
produce new responses that are not explicitly stored in the
dataset. Modern architectures such as BERT, GPT, Gemini,
Claude, and LLaMA are examples of state-of-the-art (SOTA)
systems that have gained popularity due to increased
computational power and access to large-scale datasets [2],
[37].

All Al-based systems rely on Natural Language
Understanding (NLU) preprocessing to interpret user intent
before generating responses. This preprocessing improves
model efficiency and accuracy. Common steps include
tokenization, normalization, stop-word removal, stemming,
and lemmatization. These steps help convert raw text into a

structured format suitable for machine learning models.

Beyond preprocessing, several NLP techniques are used for
deeper understanding of user queries. Intent classification
identifies the purpose of a user’s input, while domain
classification is used when multiple subject areas are
involved. Traditional models such as Bag of Words (BoW)
and TF-IDF represent text numerically by converting words
into vectors based on frequency and importance [47].

For semantic understanding, techniques like Word2Vec and
GloVe are widely used to generate word embeddings.
Word2Vec uses neural networks to learn word relationships
based on context windows, while GloVe builds word vectors
using global co-occurrence statistics [48], [49]. However,
both methods are context-independent, meaning a word has
the same representation regardless of meaning in different
sentences.

To address contextual limitations, advanced architectures
such as Long Short-Term Memory (LSTM) networks were
introduced. LSTMs are capable of capturing long-term

dependencies in text using gated memory structures,
including forget, input, and output gates [50]. This allows
models to retain important contextual information over
longer sequences, improving understanding in complex
sentences.

For example, in a sentence like “The student completed her
exam,” LSTM models can retain contextual information to
correctly interpret references such as pronouns across
earlier sentences.

3.2.1 Retrieval-Based Chatbots

Retrieval-based chatbots generate responses by selecting the
most relevant answer from a predefined set. They are
typically based on supervised learning, where models learn
the mapping between user queries and corresponding
responses. For new inputs, the system predicts the best
match, and if confidence is low, it may ask the user to
rephrase the query.

Their performance improves by updating the dataset with
new question-answer pairs or refining existing ones. Data is
usually obtained from FAQs, knowledge bases, or APIs and
processed using techniques such as intent recognition and
word embeddings (e.g., word2Vec, GloVe).

Applications include systems like Leo [51] and Acabot [52],
while hybrid approaches combining retrieval and generative
methods have also been explored [17], [53].

Although easy to deploy, these chatbots require continuous
maintenance to keep responses accurate and up to date.

3.2.2 Generative-Based Chatbots

Generative-based chatbots use self-supervised deep learning
models to generate responses that are not explicitly present
in the training dataset. Unlike retrieval-based systems, they
are capable of producing new, context-aware outputs by
learning patterns from large-scale unlabelled text data. Such
datais typically collected from sources like web documents,
books, code repositories, and social media, enabling large
language models (LLMs) to undergo pre-training followed by
task-specific fine-tuning. Common datasets used in this
process include the Cornell Movie Dialogue Corpus and
SQuAD, which support conversational learning and question
answering tasks [37], [54].
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Generative models are typically built using a combination of
supervised learning (with labelled data) and self-supervised
learning (with unlabelled data), making them highly scalable
for natural language tasks. These approaches form the
foundation of modern LLMs and advanced chatbot systems.

Frequent Pattern (FP) Growth is an unsupervised data
mining technique used to discover frequent patterns in large
datasets.
compresses transactional data and identifies relationships
between items. In chatbot systems, it has been used to
extract user intent patterns from interaction logs. For
example, Alias et al. [52] developed the “Acabot” academic
chatbot using a variant called Frequent Adjacent Sequential
Pattern (FASP), showing improved intent detection
compared to traditional N-gram methods [55], [56].

It constructs a tree-based structure that

Sequence-to-Sequence (Seq2Seq) Models is a neural
network architecture based on Recurrent Neural Networks
(RNNs) designed to map input sequences to output
sequences. It is widely used in machine translation and
conversational Al. However, standard RNNs suffer from
limitations such as vanishing gradients and difficulty in
handling long-term dependencies [59].

To improve performance, enhancements such as Attention
mechanisms and Bidirectional LSTMs (BiLSTM) were
introduced, allowing models to capture both past and future
context in a sentence [60].
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Fig. 2: Sequence-to-Sequence Model with Encoder-
Decoder and Attention Mechanism

Studies show that Seq2Seq-based chatbot systems can
generate meaningful responses in university settings. For
instance, Khin and Soe [62] and Chandra and Suyanto [13]
demonstrated improved performance using attention-based
Seq2Seq models, with evaluation metrics such as BLEU
scores showing better response quality compared to
baseline models [63].

Transformer-Based Models (BERT, GPT, LLMs)
introduced self-attention mechanisms, allowing models
to analyse relationships between all words in a
sentence simultaneously rather than sequentially.

This significantly improves contextual understanding
[64], [65].

BERT (Bidirectional Encoder Representations from
Transformers) is a pre-trained bidirectional model that uses
Masked Language Modelling (MLM) and Next Sentence
Prediction (NSP) for training [66]. It is widely used for

question answering and text classification tasks.

GPT (Generative Pre-trained Transformer), introduced by
OpenA], is an autoregressive model capable of generating
coherent text by predicting the next token in a sequence.
Newer versions, such as GPT-4, significantly improve
reasoning ability and multimodal processing, including text
and image understanding [67], [68]. The introduction of
ChatGPT has further expanded real-world adoption in
conversational Al systems.

Despite strong performance, challenges such as hallucination
and bias remain in large language models, often linked to
dataset quality and training limitations [70].
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Recent studies show increasing use of GPT-based systems in
universities, particularly when combined with Retrieval-
Augmented Generation (RAG), which enhances responses
using external knowledge sources without retraining the
model [73]. Applications include academic advising, library
support, and program-specific chatbots [30]-[32].
Frameworks such as LangChain are also widely used to
integrate LLMs with institutional databases.

Modern LLM Ecosystem Recent advancements include
models such as Gemini (Google), Claude (Anthropic), and
LLaMA (Meta). These systems improve reasoning, safety,
and efficiency while supporting multimodal inputs and open-
source development [74]-[76]. They collectively represent
in generative Al for

the current state-of-the-art

conversational systems.
3.3 Model Overview

Table 1 presents a high-level comparison of closed-domain
chatbot models used in university environments, selected
specifically for handling student queries outside classroom
teaching. These models are further evaluated in terms of
performance, limitations, and applicability in later sections
of this review.

As observed in Table 1, only one model follows a purely rule-
based approach. Although AIML remains effective for FAQ-
driven systems, its relevance has decreased with the
emergence of more advanced Al-based techniques. In
contrast, a majority of the reviewed models are based on
encoder-decoder architectures, which form the backbone of
modern generative chatbot systems.

Among these, Seq2Seq serves as an intermediate approach
between retrieval-based and fully generative systems. It
demonstrates that FAQ datasets can still be effectively used
in generative frameworks, making it a transitional model in
chatbot evolution.

With the introduction of transformer-based architectures
such as BERT and GPT, chatbot development has shifted
toward large-scale pre-trained models. These systems are
first trained on massive datasets using high computational
resources and later fine-tuned for specific closed-domain
university applications using smaller task-specific datasets.
This transfer learning approach has significantly improved
contextual understanding and response quality.

A similar observation is also reported in existing review
studies on Al-based educational chatbots, which highlight
the transition from rule-based and retrieval-based systems
to modern transformer-driven architectures, emphasising
improvements in scalability, contextual understanding, and
adaptability in higher education environments [77].

Table 2 summarises the comparative advantages and
limitations of each model within university chatbot
applications, highlighting trade-offs in complexity,
scalability, and contextual performance.

3.4 Development Platforms

Chatbot development platforms play a crucial role in
enabling researchers and developers to design, deploy, and
evaluate conversational agents across various domains,
including higher education.

These platforms support a wide range of capabilities, from
simple FAQ-based retrieval systems to advanced Al-driven
conversational frameworks, making them suitable for both
technical and non-technical users [6].

Commonly used platforms such as Microsoft QnA Maker,
Google Dialogflow, RASA, Wit.ai, and Botkit provide flexible
environments for building chatbots [6]. While these tools
were initially designed for retrieval-based chatbot
development, they have evolved significantly to support
advanced features such as intent classification, multi-turn
dialogue management, and API-based integration with
external systems.

Microsoft QnA Maker is often used in combination with
Microsoft Language Understanding Intelligent Service
(LUIS), which helps in identifying user intent and contextual
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meaning. Similarly, Google Dialogflow provides a fully
managed conversational Al platform that supports natural
language understanding and scalable chatbot deployment
using modern NLP techniques [6].

Open-source frameworks such as RASA offer full control
over chatbot pipelines, allowing developers to customize
natural language understanding, dialogue management, and
training workflows. In contrast, Wit.ai provides an API-based
development approach with support for multiple
programming languages, enabling rapid prototyping of
conversational agents. Botkit is another open-source toolkit
designed primarily for building chatbots integrated with
messaging platforms such as Slack, Facebook Messenger, and
other communication channels [6].

Inrecentyears, cloud-based and research-focused platforms
such as Hugging Face and Google Colab have significantly
improved accessibility to state-of-the-art machine learning
models. These environments provide pre-trained models,
GPU acceleration, and notebook-based development tools,
allowing researchers to experiment with advanced natural
language processing techniques without requiring high-
performance local infrastructure.

In addition to general-purpose tools, several education-
focused chatbot solutions, such as Mainstay (formerly
AdmitHub) and Unibuddy, have been widely adopted in
universities. These platforms are specifically designed for
student engagement, admissions, enrolment, and retention
processes. They also support integration with learning
management systems (LMS) such as Canvas and Blackboard,
as well as CRM platforms like Slate. Furthermore, they
provide analytics-driven insights to measure student
engagement, conversion rates, and interaction effectiveness.

Overall, chatbot development platforms have evolved from
basic rule-based systems to sophisticated Al ecosystems that
support scalable, intelligent, and highly customizable

conversational agents. This evolution directly aligns with the
transition from traditional rule-based models to modern
transformer-based architectures discussed in Tables 1 and 2,

highlighting the strong relationship between chatbot models
and their deployment environments [6].

Table-1: High-Level Breakdown of Closed-Domain Chatbot Models

Name Type Pre- Fine-tuning Architecture Model Type Training
training Type
AIML Retrieval N/A N/A Rule-Based N/A N/A
Seq2Seq | Generative/Retrieval X v RNN/LSTM Encoder-Decoder, Supervised
Auto-regressive
BERT Generative v v Transformer Encoder-Decoder, Self-
Auto-encoding supervised
GPT Generative v v Transformer Decoder, Auto- Self-
regressive supervised
FP- Retrieval v v Frequent Pattern N/A Unsupervised
Growth (FASP)

Table-2: Comparative analysis of advantages and limitations of commonly used chatbot models.

Model Advantages Pitfalls
Name

AIML e  Well-established and widely used e  Requires manual data entry or editing tools
e  Simple to implement e  Relies on pattern matching for intent detection
e Uses XML for structured representation e  Outdated compared to modern techniques

Seq2Seq e  Supports both retrieval and generative tasks e  Struggles with long input sequences due to

e  Attention mechanisms improve performance context loss

BERT e  Utilises pre-training and fine-tuning e  Requires large training datasets
e  Open-source availability e High computational cost due to large model
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GPT

size

e  Pre-training and fine-tuning approach e Often accessible via paid APIs (though
o  Works with relatively less task-specific data alternatives exist)
e  Supports RAG-based integration e Risk of biased or incorrect outputs
e Increasing real-world implementations
FP-Growth o  Useful for exploring alternative, non-traditional o Highly experimental with limited practical
approaches adoption

3.5 Implementation Comparison

After reviewing different chatbot models used in university
environments, it is important to compare
implementations with those developed in other closed-
domain sectors. This comparison primarily focuses on three
aspects: dataset availability, training methodology, and
evaluation techniques used to measure performance.

these

Evaluation of natural language processing (NLP) systems has
traditionally relied on standard metrics, although these
continue to evolve with modern large language models
(LLMs). One of the most widely used metrics is BLEU
(Bilingual Evaluation Understudy), introduced by Papineni
etal. [63], which is commonly applied in machine translation

tasks. In university chatbot studies, BLEU has been used in
works such as Palasundram et al. [61], Chandra and Suyanto

[13], Khin and Soe [62], and Kapociute-Dzikiene [77] to
evaluate response similarity between generated and
reference answers. In addition to BLEU, other evaluation
measures such as the F1 score are frequently adopted,
particularly in
extraction tasks. The F1 score, used in studies by
Nuruzzaman and Hussain [26] and Yu et al. [28], combines
precision and recall to provide a balanced measure of system

intent classification and information

performance [78]. Precision reflects correctly identified
outputs, while recall measures how many relevant outputs
are successfully retrieved.

More recent approaches incorporate semantic similarity
metrics. For example, ROUGE-1 and BERTScore have been
applied in GPT-based
Cherumanal et al. [30]. ROUGE evaluates overlap using n-
gram matching, whereas BERTScore leverages contextual

chatbot evaluations such as

embeddings to measure meaning-based similarity rather

than exact word matches [79], [80]. These methods are
particularly useful for generative systems where multiple
valid responses may exist.

Abroader evaluation perspective is discussed by Maroengsit
et al. [2], who categorise chatbot assessment into user
satisfaction, system functionality, and content quality.
Similarly, Liu et al. [81] argue that embedding-based and
context-aware evaluation techniques are more suitable for
modern conversational Al systems compared to traditional
lexical metrics alone.

Table 3 presents a comparative summary of chatbot
implementations across different domains, including higher
education, finance, healthcare, and e-commerce. Notably,
most university-based systems rely on relatively small
datasets compared to other sectors.

For example, Palasundram et al. [61] used only 100
question-answer pairs for training a Seq2Seq model, while
Chandra and Suyanto [13] and Khin and Soe [62] worked
with a few thousand pairs collected from university
admission queries and messaging platforms. In contrast,
financial and commercial domains demonstrate significantly
larger datasets, such as Intellibot with over 10,000 pairs [26]
and AVA with more than 22,000 pairs [28].

This difference in dataset size has a direct impact on model
performance and generalisation ability. For instance,
Seq2Seqg-based university chatbots typically achieve
moderate BLEU scores (around 0.41-0.95), while larger
datasets in finance-related systems resultin higher F1 scores
(up to 0.98) [26]. Similarly, BERT-based systems show
improved robustness but still depend heavily on dataset
quality and structure [28].

Across university implementations, a recurring challenge is
the difficulty in accessing and curating high-quality training
data. Many datasets are manually constructed from FAQs,
email logs, or messaging platforms, which limits scalability.

Palasundram et al. [61] also highlight the importance of
controlled dataset variation, where unseen question
categories are created through modifications such as word

© 2026, IRJET | ImpactFactor value: 8.315

IS0 9001:2008 Certified Journal | Page 1498



’// International Research Journal of Engineering and Technology (IRJET) e-ISSN: 2395-0056

JET Volume: 13 Issue: 04 | Apr 2026

www.irjet.net

p-ISSN: 2395-0072

reordering, synonym replacement, spelling variations, and
sentence shortening to test model generalisation.

In studies such as Khin and Soe [62] and Chandra and
Suyanto [13], even when attention mechanisms were
introduced into Seq2Seq models, improvements in BLEU
scores remained limited due to linguistic complexity and
dataset constraints. Alias et al. [52] further demonstrate that
even small datasets can be useful for intent discovery,
although performance is restricted compared to large-scale
models.

More advanced systems using retrieval-augmented
generation (RAG) and transformer-based models, such as

Falcon and GPT, show improved adaptability.

For example, Cherumanal et al. [30] found that intent-based
FAQ models performed better in structured evaluation,
while RAG-based approaches were more effective for
handling unseen or inferred queries. Similarly, Siragusa and
Pirrone [32] observed that GPT-based systems combined
with RAG provided more reliable responses than fine-tuned
models alone, although hallucination issues still remain a
concern in academic contexts.

In the healthcare domain, BERT-based systems such as those
developed by Lee et al. [27] demonstrate potential for
assisting patients, although formal evaluation remains
limited.

Meanwhile, in e-commerce applications, Kapociute-Dzikiene
[77] highlights that even with limited datasets, transformer-
based architectures can still achieve usable performance
levels for practical deployment.

Overall, a key observation from the reviewed literature is the
clear disparity in dataset availability between university
chatbots and those developed in commercial domains.
Financial and enterprise systems benefit from large,
structured datasets and sustained investment, whereas
university systems often rely on limited, manually curated
data sources.

This directly affects model performance, evaluation
outcomes, and scalability. Despite these limitations, there is
growing interest in deploying chatbot systems in universities
for real-world student support, particularly in admissions,

administration, and engagement services.

Table-3: Comparative Analysis of Chatbot Implementations Across Domains

Author(s) Bot Domain Model Type Dataset Size Evaluation Score Key Findings
Name Metric
Palasundram N/A University Seq2Seq 100 Q-A pairs BLEU 0.95 Word-based model
etal. [61] outperforms
character-based
model
Khin and Soe N/A University AIML (Rule- 970 Q-A pairs Human N/A Strong FAQ
[16] based) Evaluation performance; needs
ML enhancement
Chandra and N/A University Seq2Seq + ~2900 BLEU 0.4468 Attention improves
Suyanto [13] Attention messages response quality
Alias et al. Acabot University FP-Growth 537 N-Gram N/A Effective intent
[52] conversation Analysis pattern extraction in
lines small datasets
Khin and Soe N/A University Seq2Seq + 5000 Q-A pairs BLEU 0.41 Moderate
[62] Attention performance;
attention improves
output
Cherumanal Walert University | Falcon-7B (RAG 106 Q-A + BERTScore, 0.771/ RAG improves
etal. [30] + Prompting) documents ROUGE-1 0.671 inference over
structured FAQ
Siragusa & Unipa- University GPT (RAG + 506 docs + 269 Human N/A RAG is more stable
Pirrone [32] GPT Fine-tuning) pairs Evaluation than fine-tuning
alone
© 2026, IRJET | ImpactFactorvalue:8.315 | 1S09001:2008 Certified Journal | Page 1499



’,/ International Research Journal of Engineering and Technology (IRJET)

JET Volume: 13 Issue: 04 | Apr 2026

www.irjet.net

e-ISSN: 2395-0056
p-ISSN: 2395-0072

Rana [17] Eaglebot | University | BERT + BiLSTM
Hybrid

Nuruzzaman | Intellibot | Insurance Seq2Seq

& Hussain

[26]

Yu et al. [28] AVA Finance BERT
Lee etal. [27] 0Cs Medical BERT

Kapociute- N/A E- BERT + Seq2Seq
Dzikiene [77] commerce

4. DISCUSSION

This review primarily examined the implementation of
chatbots focusing
specifically on systems designed to support student queries
outside of direct classroom learning activities. The objective
was to understand how different chatbot architectures are
applied in higher education and how they compare with
solutions used in other industries.

within university environments,

Across the selected studies, eight university-based chatbot
implementations were identified as suitable for detailed

analysis. These systems employed a range of techniques,
including rule-based approaches, sequence-to-sequence
models, and modern transformer-based architectures.
However, only a small subset of these implementations
utilised large language models (LLMs) or approaches that
can be considered state-of-the-art (SOTA), such as GPT or
similar transformer-based systems.

When compared to other domains such as customer service,
finance, healthcare, and travel, the number of advanced
university chatbot deployments remains relatively limited.
This suggests that higher education institutions may still be
in the early stages of adopting large-scale generative Al
technologies for student support services. One possible
explanation for this trend is the increasing reliance on
commercial “turn-key” chatbot solutions within the
education sector. Rather than developing systems in-house,
many universities appear to adopt pre-built platforms that

1,176 Q-A pairs

567 Q-A pairs BLEU 0.513

500+ Q-A pairs Accuracy 0.65- BERT outperforms
0.80 BiLSTM in FAQ tasks
10,115Q-A F1 Score 0.9857 | High accuracy due to
pairs a large dataset
22,630 Q-A F1 Score 0.754 Large dataset
pairs improves

robustness

Not Reported N/A Promising, but lacks

formal evaluation
Limited dataset, but
usable practical
results

require minimal technical configuration. This is supported
by the presence of specialised providers such as Unibuddy
and Mainstay, which offer dedicated chatbot services
tailored specifically for student recruitment, admissions, and
engagement processes.

These platforms reduce the need for universities to develop
complex Al systems internally, while also providing
integrated analytics, CRM connectivity, and learning
management system (LMS) compatibility. However, this
convenience may also limit innovation in developing more
advanced, research-driven chatbot architectures within
academic institutions.

Overall, the findings suggest a clear gap between academic
experimentation and real-world deployment in university
chatbot systems. While advanced NLP and LLM technologies
are widely discussed in research, their practical adoption in
higher education remains comparatively slow when
contrasted with other commercial sectors.

4.1 Small Datasets

A key finding of this review is the consistently small size of
training chatbot
implementations. Only one study reported more than 5,000
question-answer pairs, and this was for a rule-based AIML

datasets used in  university

system rather than a deep learning model.

Limited access to domain-specific data remains a major
challenge in chatbot
development. This issue has also been highlighted by Ezen-
Can [83], Sumikawa et al. [84], Kapociute-Dzikiene [85],and
Adamopoulou [36], who note that suitable training datasets

closed-domain  educational

are often difficult to obtain or curate in this domain.

In university settings, relevant information is typically
scattered across multiple sources such as emails, websites,
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and internal documents, making structured dataset creation
difficult. As a result, many systems rely on manually created
question-answer pairs, limiting scalability and coverage.

Despite this limitation, transformer-based models still
demonstrate acceptable performance even with small
datasets, largely due to pre-training and transfer learning
capabilities.

4.2 Absence Of Working Generative Solutions In
The University Sector

Despite recent progress in generative Al, university chatbot
deployments remain largely dominated by retrieval-based or
rule-based systems. The continued use of conventional
question-answering approaches suggests that fully
generative solutions are not yet widely adopted in this
sector.

This trend may be influenced by several factors. First, many
advanced models such as GPT are still accessed primarily
through paid APIs, which can limit large-scale institutional
deployment. Second, universities often face challenges in
accessing structured and high-quality knowledge bases
required for effective generative model integration.

In addition, concerns regarding model reliability also play a
significant role. Issues such as bias in generated responses
[86] and the difficulty in distinguishing Al-generated content
from human-written text [87] raise ethical and academic
integrity considerations. These factors may contribute to
cautious adoption within higher education environments.

Overall, while generative models are technically capable of
improving chatbot performance, their practical integration
in universities remains limited compared to other industries.

4.3 Use Of Sections And Paragraphs Of Text With
Bert Implementations

Rana [17] observes that BERT-based chatbot systems tend to
perform better when input knowledge is divided into
smaller units, such as sections or paragraphs, instead of
using full documents. This structure improves processing
efficiency and supports faster and more scalable information
retrieval.

Similarly, Yang et al. [7] report that retrieving information at
the paragraph level generally produces better results than

using complete articles. Full documents often contain
unrelated or less relevant content, which can reduce
accuracy and introduce noise during response generation.

4.4 Non-Technical Rationale For Model Selection

Very few studies in the reviewed literature discuss model
selection from a cost or implementation perspective. Alias et
al. [52] indicate that their custom approach was largely
driven by the high cost of commercial chatbot platforms such
as Microsoft and Google services. However, their system
remains more focused on intent detection rather than full-
scale deployment in university environments.

Although research on ChatGPT in education is expanding,
limited attention has been given to its application in
university administration and support
Nevertheless, recent studies by Bieletzke [29], Cherumanal
et al. [30], Odede and Frommbholz [31], and Siragusa and
Pirrone [32] demonstrate increasing interest in this
direction. These works explore techniques such as prompt
engineering, retrieval-augmented generation (RAG), fine-
tuning comparisons, and the use of frameworks like
LangChain to build LLM-based systems for university use
cases beyond classroom teaching.

services.

5. LIMITATIONS

This study has certain limitations due to its focused scope on
university chatbot systems for administrative and support-
related tasks. While there is extensive research available on
ChatGPT and other LLMs in teaching and learning contexts,
comparatively fewer studies address their application in
areas such as admissions, recruitment, and student services.
This limited availability of directly relevant literature may
have influenced the depth of comparison.

Furthermore, the increasing use of commercial, ready-to-
deploy chatbot platforms in universities reduces the
visibility of technical implementation details in academic
research. As suggested by Yang and Evans [7], such solutions
often operate as closed systems, which can limit research
transparency and technical evaluation.

Another important limitation is the restricted availability of
large, structured datasets in the higher education domain.
Compared to sectors like finance or e-commerce, university
chatbot systems typically rely on smaller and less diverse
datasets, which can constrain model training, performance
evaluation, and cross-study comparability.
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Key Limitations in University Chatbot Systems
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Fig-4: Key Limitations in University Chatbot Systems

6. Conclusions and Future Perspective

This review analysed state-of-the-art chatbot
implementations in university environments, specifically
focusing on systems designed to handle student queries
outside classroom learning.

The study examined model architectures, datasets, and
application domains using the classification framework
proposed by Hussain [5], including Admissions, Student
Recruitment, Administration, and Teaching Support.
Among these, Admissions and Student Recruitment
remain relatively underexplored areas in chatbot
development.

The review covered both traditional rule-based systems and
AIML-based approaches, alongside modern Al-driven
methods such as retrieval-based and generative models.

While retrieval-based chatbots continue to be widely used
for FAQ-style interactions due to their simplicity and
reliability, generative models represent a significant
advancement in flexibility and conversational capability.
However, their deployment still requires careful evaluation
due to limitations in reliability and consistency.

The analysis of eight selected wuniversity chatbot
implementations highlights that educational institutions are
still gradually adopting advanced generative Al technologies.
This aligns with observations by Yang and Evans [7], who
noted that chatbot adoption in education is often
constrained by diverse institutional requirements and the
availability of easy-to-use development platforms that may
still require ongoing maintenance and optimization.

Nevertheless, recent studies such as Cherumanal et al. [30]
and Siragusa and Pirrone [32] demonstrate growing interest
LLM-based including
comparisons between fine-tuning approaches and Retrieval-
Augmented Generation (RAG).

in state-of-the-art systems,

Arecurring limitation identified across studies is the scarcity
oflarge, high-quality datasets within universities. Compared
to other sectors, educational institutions often lack
structured and accessible conversational data. However, as
noted by Adamopoulou [36], this challenge is common
across most closed-domain chatbot applications.

Future development of university chatbots should focus on
leveraging available institutional data sources such as course
catalogues, FAQs, email interactions, and CRM systems to
construct curated datasets. A hybrid architecture combining
retrieval-based methods for structured FAQs and generative
models for complex queries appears to be the most practical
solution. However, effective implementation requires careful
data preparation, especially for structured academic
information such as fees, course duration, and curriculum
details.

The rapid evolution of large language models (LLMs) since
the introduction of ChatGPT in 2022 has significantly
influenced research directions. Earlier transformer-based
models such as BERT and its variants (e.g., RoBERTj,
DistilBERT, and XLNet) remain relevant, while SBERT offers
improved semantic embedding capabilities for FAQ-based
systems [88]-[91].

Finally, emerging frameworks such as LangChain, along with
techniques like prompt engineering, ensemble learning, and
multi-agent orchestration systems (e.g, AutoGen and
CrewAl), are expected to play a key role in next-generation
university chatbot development. These tools enable more
scalable, intelligent, and context-aware conversational
systems, making them strong candidates for future research
and deployment in higher education environments.
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