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artificial intelligence

This research investigates the modernization of virtual customer service within academic
environments using a conversational Al system based on ChatGPT. This study introduces
the first implementation of ChatGPT in a Peruvian public university’s admissions office,
offering an innovative approach to automate and enhance user support. Educational
organizations face the challenge of enhancing accessibility and delivering more efficient
services, as traditional methods, such as telephone calls, in-person consultations and online
support, often fail to meet user satisfaction expectations. This study proposes and develops
a system designed to optimize online interaction and improve accessibility of virtual
services, providing quick and accurate responses to academic and administrative queries.
Leveraging advanced natural language processing technologies, the system enhances the
user experience by reducing wait times and increasing satisfaction levels by 95%. The
findings demonstrate its effectiveness in transforming the interaction between users and
educational services, offering a scalable and adaptable solution to different educational
contexts. This approach establishes a new benchmark for query management within
educational institutions and lays the foundation for future applications of artificial
intelligence in academic contexts.

1. INTRODUCTION

In the digital era, educational institutions are facing a
growing demand to improve the accessibility and efficiency of
their user services. The interaction between students and
administrative services is a critical aspect that directly
influences user perception and satisfaction. Traditionally,
these services have relied on methods such as phone calls,
website navigation, and in-person inquiries, which, although
effective, do not generate ideal user satisfaction due to
limitations in response time and accessibility.

Customer service in the admissions offices of state
universities faces significant challenges, as demonstrated in a
study conducted in Peru where it was evidenced that the
quality of customer service in these offices is deficient,
negatively affecting user satisfaction [1], likewise, according
to the National Survey of University Higher Education
Students 2019, 47.5% of university students consider that the
information provided by universities on academic and
administrative processes is insufficient, which generates
uncertainty and affects the student experience [2], which
evidences a problem with respect to this issue, the survey also
indicates that 53.2% of the students who carried out
procedures in public university admissions offices reported
long waiting times and deficient attention, and 41.7% of the
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respondents mentioned having received contradictory
information on different occasions, which evidences the need
to improve communication and user service mechanisms
within these institutions [2].

The emergence of advanced natural language processing
technologies, such as ChatGPT, presents new opportunities to
transform traditional processes and optimize interaction
between users and educational services. A conversational
intelligence system automates and personalizes responses to
frequently asked questions, significantly improving user
experience by reducing wait times and providing accurate
information instantly.

This study focuses on modernizing virtual assistance in
academic settings through the implementation of a
conversational intelligence system based on ChatGPT. The
main objective is to develop and evaluate a system that not
only enhances the accessibility and efficiency of virtual
services but also lays the groundwork for future artificial
intelligence applications in education.

2. BACKGROUND

This chapter examines the key concepts and the evolution
of language models in conversational intelligence.
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2.1 Conversational intelligence

Conversational intelligence refers to the ability of systems
to interact with users through natural language, facilitating
real-time communication [3]. In virtual assistance, this
technology enables automated responses to frequent inquiries,
improving accessibility and reducing waiting times,
particularly in educational and professional contexts [4].

Conversational intelligence models, such as those based on
Generative Pre-trained Transformer (GPT) technology, have
demonstrated effectiveness in generating coherent and
accurate responses, making them valuable for enhancing
assistance in academic settings [5]. This model’s ability to
process large volumes of textual data has significantly
contributed to the modernization of virtual assistance systems.

Al-powered conversational systems like ChatGPT enhance
user experience by providing adaptive, real-time responses,
particularly in academic environments where efficient and
reliable support is crucial [6, 7].

2.2 Natural language processing (NLP)

Natural language processing (NLP) is essential in
conversational intelligence, as it enables machines to
understand, interpret, and generate human language. In virtual
assistance, ChatGPT benefits from advanced NLP
technologies that optimize user interaction by providing
detailed and personalized responses [8].

Additionally, semantic analysis and lexical disambiguation

techniques enhance the accuracy of responses in these systems.

Tools like BERT have been crucial to ChatGPT's success in
understanding and classifying texts [9]. This technology
allows conversational systems to handle complex inquiries
and respond with greater accuracy, significantly improving
user interaction [10]. Furthermore, advances in NLP continue
to increase the precision of these systems [11].

Natural language processing has expanded beyond simple
text comprehension, impacting fields such as education, where
it enables greater personalization, and healthcare, where it
supports automated response systems to improve patient
interaction [12]. This influence underscores NLP’s versatility
in automating and tailoring responses across various
environments, making it an asset in multiple applications [13].

ChatGPT was selected over traditional rule-based systems,
retrieval-based chatbots, and earlier transformer models such
as BERT or GPT-2, due to its enhanced capabilities in zero-
shot learning, contextual coherence in extended dialogues, and
fine-tuned alignment with human intent through reinforcement
learning with human feedback (RLHF). These characteristics
are particularly valuable in academic virtual support systems
where users demand accurate, adaptable, and nuanced
responses to complex queries across multiple domains.

2.3 Pretrained models and GPT-4

The GPT-4 model represents the latest evolution in pre-
trained models, allowing for the generation of more coherent
and relevant responses during extended interactions [14]. Its
ability to handle complex inquiries makes it an essential tool
for advancing conversational intelligence systems [15].
Compared to its predecessors, GPT-4 has significantly
enhanced the capacity of conversational systems to deliver
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faster and more accurate responses [6].

The use of these advanced models has allowed
conversational systems to overcome the limitations of
traditional chatbots, providing more flexible and natural
interactions. Nonetheless, challenges remain in ensuring the
reliability of responses [16]. Additionally, effectively
mitigating biases is still a concern that requires further
research and solutions [17].

2.4 Integration into platforms and cloud deployment

The integration of language models into content
management platforms optimizes virtual assistance in
educational settings. Tools like Azure OpenAl Service have
enabled quick and precise information retrieval, which
enhances the user experience [18]. This improvement in
accessibility and response times is especially valuable for
academic institutions that rely on efficient virtual support
systems [19].

The deployment of these models in the cloud offers
significant advantages, such as scalability and flexibility.
Azure OpenAl Service provides an efficient infrastructure that
adapts to the fluctuating demands of the academic
environment, allowing systems to maintain optimal
performance even during high-demand periods [20]. This
adaptability is crucial for supporting heavy usage in academic
settings, which can vary widely based on student and staff
needs [21]. The system also ensures legal compliance by
adhering to both international and national data protection
frameworks, including the General Data Protection Regulation
(GDPR) and Peru’s Personal Data Protection Law (Ley N°
29733). These frameworks govern the collection, processing,
and storage of personal data, and the system was designed in
accordance with their principles to ensure lawful and ethical
handling of user information.

The use of cloud technologies also facilitates integration
with database systems and other resources, ensuring that
systems can expand or be updated according to the needs of
the educational environment [22].

To ensure compliance with data protection standards, the
system implements strict anonymization techniques, including
data masking, pseudonymization, and encrypted storage of
personal data. All user queries are processed without storing
identifiable information, aligning with the General Data
Protection Regulation (GDPR) and local data privacy
regulations applicable in Peru. Periodic audits, access controls,
and privacy-by-design principles were also established to
further guarantee data confidentiality and institutional trust.

2.5 Security and privacy challenges

Despite the numerous advantages of Al-based systems like
ChatGPT, there are challenges related to data security and
privacy in educational environments [23]. In contexts where
users' personal information is sensitive, it is essential to
implement robust security mechanisms, including encryption
and data anonymization, to safeguard data integrity [24].

Data protection policies and periodic audits are fundamental
to ensuring the reliability and security of cloud-based language
models. These measures help mitigate risks associated with the
use of Al in academic settings, thereby guaranteeing the
privacy and accuracy of the information provided [25].



3. RELATED WORKS

It is explored the use of ChatGPT in education, due to its
popularity and ease of access, allowing students and educators
to interact with a tool that simulates being a “virtual best friend”
[26]. The objective of this research is to understand the
perceptions and uses of ChatGPT in education. The results
show that 85% of respondents are aware of this tool and 80%
are interested in applying it in education, despite certain access
barriers. The conclusion emphasizes that, although ChatGPT
is a useful resource, its indiscriminate use could limit the
development of essential critical thinking skills in academia

The potential applications of ChatGPT in engineering
education have been extensively analyzed, demonstrating its
significant value for enhancing learning outcomes [27]. Their
goal is to evaluate how this technology can provide
personalized learning experiences and assist students in hands-
on simulation of concepts. Among the main results, the study
found that ChatGPT can be useful, although limited by
inherent biases in its programming and possible questionable
ethical uses. He concludes that an adaptive approach is needed
to integrate this technology into engineering education, to
maximize the benefits and minimize the disadvantages.

A recent case study examined ChatGPT's impact on
academic assessment in higher education, analyzing its ability
to complete assignments at top-student levels and evade
plagiarism detection [28]. The results reveal that ChatGPT can
pass some academic integrity checks, bringing into focus the
need to review current assessment practices. The conclusion
indicates that education systems must adapt to manage the
impact of Al tools on learning processes.

Recent research has explored the educational applications
of Al tools like ChatGPT and New-Bing for Korean NLP tasks,
assessing both their practical utility and reliability in academic
contexts [29]. The results indicate that these chatbots can
enhance educational interaction, and it is anticipated that
future developments will include speech recognition,
broadening their applicability in the educational context. The
conclusion is that chatbots have potential in education,
provided that language-specific applications are developed.

Recent studies within the MERLIN project have
investigated chatbot acceptance in Malaysian higher education,
particularly analyzing student perceptions of its effectiveness
in supporting online learning [30]. The findings show that the
chatbot improves understanding of course material and
proposes a conceptual framework for the implementation of
Al-based learning assistants. The conclusion suggests that
chatbots can be an effective tool for online learning, provided
that appropriate strategies are used for implementation.

A chatbot system was developed to efficiently manage
virtual inquiries for graduate students at a Peruvian university,
with research focusing on evaluating its performance and
effectiveness in providing real-time responses to diverse
student queries [31]. The results indicate that the chatbot
effectively improves the efficiency and reliability of responses,
for common queries related to admissions, course details and
institutional policies. The authors conclude that implementing
a chatbot for virtual care in educational settings can improve
service quality and student satisfaction and suggest that similar
chatbot solutions could benefit other educational institutions
seeking to modernize their communication strategies and
reduce staff workload.
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4. PROPOSAL DESIGN
4.1 System design and development

Design: The system design is structured around four main
components: the ChatGPT language model, the knowledge
base, the behavior prompt and the user interface.

Language Model (ChatGPT): A cognitive engine like
ChatGPT was selected due to its advanced capabilities for
processing natural language and generating contextually
relevant responses. This model, utilized through Azure
OpenAl Service, serves as the core of the system and was
configured to understand and respond to specific questions
within the academic context.

Knowledge Base: For the system to generate accurate
responses, a well-structured knowledge base is essential. This
base consists of academic documents, administrative policies,
and other relevant information, stored in an Azure Storage
Account and managed through Azure Al Search. The
information was organized and structured to allow for quick
and efficient access, optimizing the system's response time.

Behavior Prompt: This consists of a set of instructions and
examples that guide ChatGPT on how to respond to different
types of inquiries. The prompt was designed to maintain a
professional and cordial tone, ensuring that responses are
appropriate for the academic environment. Additionally, it
includes specific rules on how to handle complex inquiries and
prioritize the most relevant information in each interaction.

User Interface: The user interface was designed to be user-
friendly. An intuitive web platform was created using React,
allowing users to ask questions and receive real-time answers.
The interface design considered the need for a smooth and
friendly experience, making it highly intuitive and
encouraging users to ask follow-up questions.

System Interaction Process: When the user submits an
inquiry through the web interface, it is sent to the backend,
where it is processed and the API provided by Azure OpenAl
Service, trained with the ChatGPT model, is invoked. The
resource analyzes the inquiry with the help of Azure Al Search,
accesses the knowledge base stored in the Storage Account to
retrieve relevant information, and generates an appropriate
response. This response is sent back to the user through the
interface, all within a matter of seconds. This flow was
designed to be as efficient as possible, minimizing wait times
and ensuring the accuracy of responses. Figure 1 illustrates the
flow of an inquiry and how Azure resources interact.

Scalability and Adaptability: By utilizing Azure as the
cloud provider, the system is both modular and scalable. This
modularity allows for the incorporation of new functionalities
or adaptations to different academic environments without
requiring significant redesigns. At the same time, the
scalability ensures that the system maintains optimal
performance even during peak usage periods, such as applicant
enrollment or exam times.

Cloud resources, such as processing capacity, storage, and
access to the knowledge base, have been designed to be
configurable and expandable. This means that as the
institution's needs grow, the system can expand without
service interruptions, ensuring operational continuity and
consistent user experience. The flexible configuration of
resources also allows the system to be adjusted for specific
situations, such as admission campaigns or the launch of new
academic programs, optimizing resource usage and
minimizing unnecessary costs.



This modular and scalable approach, combined with a cloud
architecture, ensures that the system not only meets current
requirements but is also prepared to evolve alongside the
institution's needs, adapting to future changes and expansions
without compromising its efficiency.

Development and Implementation. To develop the system,
Python was used as the programming language alongside the
Flask framework for building the backend. The user interface
was developed using React.

The ChatGPT language model was implemented using
Azure OpenAl Service. This service provided access to an
advanced natural language processing model trained with
relevant information, ensuring that its responses are coherent
and up to date. Table 1 describes the technological resources
used for the chatbot implementation.
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Figure 1. Azure resource architecture diagram

Table 1. Development environment configuration paper

selection
Component  Tool/Service Description
Backend Programming Language used
Language Python 3.11 for the backend.
Backend Flask Used for creating REST
Framework services (APIs).
Frontend R Used for creating the visual
eact :
Framework interface for the user.
Azure OpenAl  Resource used for Training the
Service model based on ChatGPT.
Azure 1A Enables indexed search Within
Search the knowledge base.
AZURE Stores unstructured documents

Azure Storage that will be part of the

Account
knowledge base.
Azure App Resources used for hosting the
Service application.

As can be observed, the system was designed to integrate
various technologies, enabling efficient and scalable
implementation. The knowledge base, which includes
academic and administrative information, was stored in an
Azure Storage Account container and managed through Azure
Al Search to optimize access speed and response accuracy.

The backend of the system communicates with the
ChatGPT model through a RESTful API, which gives real-
time responses generated by the model, facilitating seamless
interaction with the system. Figure 2 illustrates the internal
structure of the system.
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Figure 2. Interaction between the technological components
of the conversational system

4.2 Model training and optimization

The training and optimization process of the ChatGPT
model is the most significant stage in the system's
development. This process involved not only the configuration
and adjustment of the model within Azure OpenAl Service but
also the creation of a Behavior Prompt to guide the model's
interaction with users.

The ChatGPT model was specifically configured to meet
the needs of the educational environment. Utilizing Azure
OpenAl Service, key parameters such as temperature, which
controls the level of creativity in the responses, and top p,
which limits the selection of words to the most probable, were
adjusted to ensure the coherence and relevance of responses.

To train the model, a knowledge base consisting of
academic documents, administrative policies, and other
relevant information was utilized. This information was
previously normalized and structured. These documents were
stored in Azure Storage Account and managed through Azure
Al Search (indexed search), allowing the model to efficiently
access accurate information. Table 2 presents the
configuration parameters along with their current values.

Creation and optimization of behavior prompt. The
Behavior Prompt is an important element for the proper
functioning of the system, as it guides the ChatGPT model on
how to respond to user queries. Specific instructions were
designed, and examples of interactions were provided for the
model to follow, ensuring that the responses were consistent
with the professional and cordial tone required in an
educational environment. Table 3 presents the directives for
fine-tuning an effective behavior prompt.

Adjustments and optimization of training. Following the
initial configuration and behavior prompt creation, the system
underwent a testing phase to carry out necessary adjustments
and optimizations. During this process, interaction data was
collected to identify improvement areas within the model’s
responses. This allowed for additional parameter fine-tuning
and prompt refinement to address a broader range of inquiries.

Training is not a static process; a continuous feedback and
optimization loop was established, in which the model’s
responses are periodically evaluated to ensure relevance and
accuracy within the academic context. This iterative approach
ensures that the system remains aligned with user needs and
adapts to any changes in institutional policies or procedures.



Table 2. Configuration parameters of the model

Parameter  Value Description
Temperature 07 Controls the level of creativity in
responses
Top_p 0.9 Limits the selection to the most probable
words
Maximum 500 Maximum number of tokens in each
tokens response

Table 3. Directives for adjusting the system's behavior

Directive Description
The model should maintain a youthful and
respectful tone as its target audience are

students and general public.

Youthful Tone

Information Responses should focus on delivering the
Priorization most relevant and accurate information.
Complex For complex inquiries, the model should
Inquiries provide a clear response and, if necessary,
Handling suggest consulting a specialist.
If unable to provide an answer, the model
Negative should inform the user, “I couldn’t find
responses information related to your question. Can |

help you with something else?”

4.3 Integration with the OCA

The Central Admissions Office (OCA) website, developed
in WordPress, began its integration process with a detailed
analysis of user requirements, identifying specific needs for
each target group: high school students, pre-university
academies, parents, and the public.

This analysis helped establish the necessary features the
chatbot should offer to optimize virtual support and deliver
relevant information efficiently and accessibly.

The chatbot’s functional requirements included the ability
to answer frequently asked questions, provide program details,
and assist users with key admissions information. These
functionalities were designed to reduce wait times and
improve user satisfaction, reducing reliance on traditional
support channels. Additionally, non-functional requirements
regarding system performance were set to ensure that the
chatbot could manage multiple simultaneous inquiries and
deliver a reliable experience.

The technical integration of the chatbot with WordPress was
achieved through the development of a custom plugin. This
plugin allowed for the seamless incorporation of the chatbot
into various sections of the website without altering the source
code. It facilitated the configuration and customization of the
chatbot, enabling the OCA team to adjust elements such as
widget positioning, color schemes, and startup behavior
without requiring advanced technical knowledge. This
approach ensured a smooth integration that aligned with the
visual and functional aspects of WordPress.

Integrating the chatbot into the OCA website significantly
enhanced information accessibility and reduced response
times, providing an efficient solution to user inquiries.

5. RESULTS

The implementation of the conversational intelligence
system based on ChatGPT in the academic sense produced
significant results, evidenced through the diverse metrics that
reflect the improvements in efficiency and user satisfaction. In
the following section, we’ll detail the main findings obtained
through a system evaluation.

5.1 Decrease in response time

One of the most significant results was the reduction in the
response times of the consultations realized by users. Before
the system implementation, the average response time of a
consultation through traditional methods (such as phone calls,
in-person visits, or web search) ranged anywhere from several
minutes to extremes of over 1 hour. With the conversational
intelligence system, the average response time was reduced to
less than 2 minutes in most cases, an 80+% reduction in
response time. Table 4 demonstrates the response times, in
minutes, comparing traditional methods and chatbot responses.

Table 4. Comparing response times: Traditional methods vs.
Chatbot

Consultation Method Average Response Time

Phone Call 10-30 minutes

In-Person Visit 15-60 minutes

Web Search 5-20 minutes
Chatbot <2 minutes

For example, the 5-20 minutes range for website searches is
due to variability in content structure, navigation between
sections, and user digital experience. While frequent users
access the site quickly, new users-such as parents or applicants
face greater difficulty finding specific information.

5.2 Improvement in user satisfaction

The user satisfaction was evaluated through surveys carried
out before and after the system implementation. The results
showed a significant increase in general satisfaction, with a
Net Promoter Score (NPS) that went from 25 to 70. Users
highlighted the speed of the responses, the ease of use of the
system, and the quality of the information given. Table 5
reflects the increase in wuser satisfaction after the
implementation of the system.

In Table 6, you can also see the satisfaction levels for each
type of user, as well as what stood out for each of them.

Table 5. NPS results

Category User Responses

Promoters 80%
Passive 10%

Detractors 10%

Table 6. Satisfaction by user type

User Type Participation (%) Satisfaction Level Notes
Students 72% 86% Highlighted the speed and availability
Parents/Tutors 18% 75% Required clearer guidance for first-time use

External Applicants 10% 78%

Appreciated FAQ answers and structured responses




Based on the results of the evaluation, we can calculate the
final NPS.

NPS = Promoters (%) — Detractors (%)
NPS =80% — 10% = 70%

With an NPS of 70%, we can prove the chatbot efficiency
as its acceptance by the users that value its ease of us, speed,
and information provided.

5.3 Accuracy of the responses

Another important indicator to be evaluated was the
accuracy of the responses generated by the system. During the
tests, there was an evaluation of the accuracy of the responses
given by the chatbot. It was observed that 92% of the
responses were accurate and relevant, which highlights the
efficiency of the system in the interpretation of the
consultations and its access to accurate information. Table 7
shows an analysis of the responses according to the Confusion
Matrix.

Table 7. Evaluation of response accuracy

educational contexts [26]. Similarly, Research indicates that
effective Al chatbot integration significantly enhances
learning experiences and user satisfaction, evidenced by a
notable increase in Net Promoter Score (NPS) from 25 to 70
post-implementation [30].

In addition to evaluating performance and user satisfaction,
the scalability and cost-effectiveness of the system were also
assessed, particularly considering high-demand periods such
as admission campaigns. A comparison between cloud
deployment (Azure) and an on-premise infrastructure was
conducted to evaluate operational feasibility.

The analysis demonstrates that deploying the system in
Azure offers clear advantages in terms of scalability,
maintenance, and flexibility, especially during periods of peak
demand. Although on-premise solutions could be considered
for long-term fixed costs, the operational risks and scalability
limitations make the cloud-based approach more viable for
dynamic academic environments. In Table 8, we can see a
comparison between the costs of implementing the solution in
a local format and in the cloud.

Table 8. Azure vs. on-premise deployment comparison

Metric Positive Prediction Negative Prediction Criterion Azure (Cloud) On-Premise
Real Positive VP=20 FN=1 . e High (hardware + IT
Real Negative FP=1 VN=3 Initial Cost Low (pay-per-use) setup)

Institution

The previous table describes that 20 of the responses were
correct (VP), 1 response was given by the chatbot as correct
but was incorrect (FP). The chatbot avoided responding to 3
questions that were outside of its reach (VN) and 1 question
was responded to incorrectly.

P ~ VP +VN 2043
Ay = P Y FP+VN+FN 20+1+3+1
= 0.92
Sensibility = =20 _20 952
SRy = VP Y FN 2041 21
- VN 3 3
Specificity = -=0.75

UN+FP 3+1 4

The chatbot demonstrated a high accuracy level, reaching
92% accuracy, which reflects how trusted it can be in its
interactions with users. With a sensibility of 95.2%, the
systems have demonstrated to be well trained to offer correct
responses in adequate moments. Regardless, the specificity,
which was of 75%, indicates that there are still areas of
improvement in the recognition and filtering capabilities for
irrelevant questions, or questions outside their scope, which
represents an opportunity to optimize its response capacity.

6. DISCUSSION

We contrast our results with those of similar studies on the
implementation and effects of ChatGPT-based virtual assistant
systems in educational settings.

The implementation of our system shows a reduction in
response time to student queries, with an average of less than
2 minutes, which is an improvement over traditional methods
(e.g., telephone or in-person queries). These findings align
with previous research demonstrating ChatGPT's capacity to
deliver prompt responses and enhance accessibility in
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Maintenance Managed by provider

responsibility
Limited by local

Scalability Automatic
resources

High-demand  Elastic (tested with>200 .

Handling users) Risk of overload
Deployment .

Speed Rapid (1-2 weeks) Slow (1-2 months)
Update_s & Continuous+certified Requires internal
Security management

The system's 92% accuracy rate demonstrates strong
reliability, consistent with prior research validating ChatGPT's
effectiveness in handling academic tasks and providing precise
responses to routine inquiries [28]. These findings further
support its potential for academic support applications.
However, our 75% specificity rate indicates that the system
tends to provide broad answers to ambiguous queries,
prioritizing information coverage. This leads to false positives
on questions that require a high level of semantic accuracy.
This deficiency suggests that the system may exceed its
answer threshold when queries are ambiguous, leading to more
false positives in certain contexts. The goal of this process is
to constantly improve it.

These findings align with existing research emphasizing the
need for ethical implementation frameworks when deploying
Al systems in education, particularly regarding response
accuracy, adaptive learning approaches, and robust data
security protocols for institutional adoption [27].

7. CONCLUSION

The implementation of a ChatGPT-based conversational Al
system in the university’s admission office has proven highly
effective in optimizing virtual support. The system has
achieved improvements is response time, reducing average
wait times to under two minutes, and 80% reduction compared
to traditional methods. This decrease in response time



combined with the system’s 24/7 availability and its capacity
to accurately address complex queries has elevated user
satisfaction by 95% as evidenced by an NPS increase from 25
to 70. Additionally, the system demonstrated a 92% accuracy
rate in responses, and sensibility (95.2%), which confirms that
it is well-trained to respond to academic questions in an
efficient and correct manner. Despite this, the specificity of
0.75 demonstrates that there are still areas of improvement
regarding the chatbot’s capabilities for identifying and
discarding questions outside of its scope. By leveraging
advanced natural language processing and cloud deployment,
the system is designed to be modular and scalable, which
allows it to adapt to different academic contexts and evolve
according to the future necessities of an institution, which is a
key advantage for its application in the long term.
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