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Abstract—The work covers the creation of the intelligent chat bot system, which helps users with the 

college-related queries by means of the efficient and automated interface. The system combines 

natural language processing, machine learning and rule-based technologies to read with accuracy 

user queries and provides context-relevant answers. With an informed database of comprehensive 

information on courses, admissions, faculty members and campus facilities, one can easily retrieve 

domain-specific answers. The software process also comprises of input of user input, preprocessing 

of user input by means of tokenization and embedding generation, auto-classification of intents using 

fine-tuned NLP models, and delivery of responses dynamically by use of interactive graphical 

interface. Through the integration of retrieval-based and rule-driven methods, the chat bot will be 

precise and flexible when responding to various queries. The offered system improves the level of 

accessibility, manual workload at the level of help desks is minimized, and students obtain access to 

timely and credible information, and it is a scalable tool to assist the academic institutions that are 

willing to modernize their communication processes and enhance the overall quality of services when 

all the parties who rely on the services provided by the institutional resources are capable of 

exchanging their ideas and contacting the representatives of these institutions. 

Keywords -Chatbot, College Enquiry, Virtual Assistance, User Interaction, Knowledge Database, 

Campus Information, Automation. 

I. INTRODUCTION 

The creation of smart chat bots has changed how learning institutions approach communication, 
automate the idea of queries processed, and improve the experience of a potential or existing pupil. Due 
to the rising rates of repetitive requests by students in the colleges in terms of admission, courses, staff 
information, facilities available within the campus premises, and administrative processes [1], the 
necessity of automated systems that can deliver timely and precise information has been become an 
indispensable one. To meet this requirement, a chatbot dedicated to college enquiry management is 
proposed with the combination of natural language processing, machine learning, and retrieval-based 
features assisting in the establishment of a system that interprets the intentions of the user and provides 
responses accordingly and in a contextually relevant way. 

Such a system as it allows seamless human-machine interaction will lessen the reliance of manual 

operations of the help desk and will guarantee the user gets up-to-date information any time without 

delays. The incorporation of the use of artificial intelligence means that the chatbot can learn the patterns, 

improve the responses [2], and adjust to the changing user needs, which reinforces its reliability and 

usefulness in the academic setting. This chatbot is based on the principles of its structured workflow, 

where the first step is the user input that can be presented in form of text or optional voice support. This 

raw input is preprocessed to make the system process clean and meaningful data then further semantic 

analysis is performed on this data. The tokenization, lemmatization, stop-word removal, and conversion 

to vectors also known as processing the query into a format understood by the machine processes the 

query as a natural language. Such measures allow the model to reproduce linguistic details, preserve 

semantic associations, and to align the user query and pertinent representations in the knowledge base. 

Furthermore, applying state-of-the-art embedding models such as Word2Vec or transformer-based 

structures is also necessary to guarantee that the system identifies [3] more than explicit keyword 

searches but also learns contextual relationships between phrases. This is of great significance especially 

in the academic arena, whereby, similar questions can be articulated differently but with the same intent. 
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After preprocessing the query, the system carries out intent recognition of the query with refined NLP 
models that are able to identify different enquiry types. Such models as BERT or Rasa NLU help to 
handle intent classification robustly through analyzing patterns in the message the user feeds with and 
projecting it on pre-defined intents that may reflect various types of information about a college. Such 
classification is the heart of the smart chatbot [4] which allows it to tell what every query is and provides 
or searches the most appropriate answer. The system will access the knowledge based database to 
retrieve pertinent information depending on the nature of the enquiry or will produce responses by use 
of learnt patterns. By combining both rule-based and retrieval-based methods, it is guaranteed that the 
chatbot can deal not only with simple frequently asked questions but also more complex queries that 
demand some contextual interpretation to be answered. 

The last step will consist of presenting the generated response in the form of an interactive graphical 
interface with an easy and clear conversation history that boosts user experience. The chatbot can help 
to navigate through complex college information efficiently because it offers immediate feedback in the 
user-friendly format [5] that will encourage the user to be engaged. In general, the launch of this AI -
based chatbot system can be considered a major improvement in academic inquiry administration, and 
a high-scale, secure, and smart service, remaining accessible to the modern communication standards 
and streamlining the processes inside the organization. 

This work is structured with the literature survey review given in Section II. Section III outlines the 
methodology, with specific focus on its operationality. Results and discussions are in Section IV. 
Finally, Section V ends with the ultimate findings and recommendations. 

II. LITERATURE SURVEY 

The work on chatbot development, natural language processing, and AI powered enquiry systems has 

grown tremendously as universities and businesses have embraced the use of automated conversational 

systems in order to enhance user-friendliness and efficiency in their business. The initial studies defined 

chatbots as programmable software based on rules and able to compare users inputs with the stored 

patterns so as to simulate a human conversation. With time, machine learning and NLP allowed more 

flexible systems with the ability to learn through interactions and understand the context of the language 

and the ambiguous terms. Research in educational settings remains consistent with regard to the ever-

increasing demand of automated support services due to the rising student population, the growth of 

course programs and the desire to have access to accurate, timely delivery of information. With the 

integration of digital services into the administration process of academic institutions, AI-based chatbots 

have become heavily necessary to provide potentially scalable, accessible, and consistent 

communication support to students to provide a reliable assistance in the variety of information areas 

and decrease the workload on human employees. 

The transition between rule-based algorithms and hybrid and deep learning-based models is highlighted 
in a number of works as systems became grown sufficiently to process more complex structures in 
language. Rule-based systems are based on handwritten patterns, and they are extremely accurate when 
making foreseeable queries but have difficulty dealing with natural language variation. Scholars 
addressed these limitations by using retrieval-based methods whereby the chatbot consults a structured 
knowledge base to retrieve the nearest response. Frameworks [6] that were hybrid between rules and 
retrieval enhanced reliability since they balanced the deterministic response with the flexible 
information retrieval. Several of the surveys investigated domain-specific knowledge bases as 
contributors to improving accuracy in institutional chatbots, and found that applying structured and 
upkeeped repositories considerably better accuracy of responses. Studies on work concerned with the 
automation of academic enquiry showed that well-supervised knowledge repositories facilitate easy 
access to administrative information, being able to update regularly and ensuring the removal of manual 
processes [7]. 

Additional research on conversational AI emphasizes that NLP developments can improve the 
understanding of chatbots to a large extent. Models of tokenization, lemmatization and semantic 
embedding like the Word2Vec and GloVe gave rise to the significance of the use of vectors to represent 
the contextual meaning of queries by users. Architectures based on transformers were also another 
breakthrough that allowed models to effectively handle long-range dependencies, which would lead to 
a higher accuracy in intent recognition [8]. When BERT-like models were introduced to enquiry 
systems, the contextual understanding became easier, and the chatbots demonstrated that they can 
understand numerous renderings of the same meaning with a higher level of accuracy [9]. The 
incorporation of Rasa NLU frameworks in academic chatbots was explored by other researchers, who 
demonstrated that intent classifiers fine-tuned with high accuracy can greatly boost the adaptability of 
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a domain and can greatly reduce the rate of false identifications [10]. With more advanced NLP 
pipelines, it was repeatedly found in the literature that preprocessing methods were advantageous in 
terms of noise reduction and enhanced semantic correspondence between queries and knowledge in 
storage [11]. 

A number of researchers evaluated performance and usability of chatbots installed on educational 
grounds, giving their attention to user satisfaction and quality of the interaction. The comparison of the 
traditional help desk and AI-based systems also showed that chatbots significantly shortened the time 
of receiving answers to questions and ensured the availability of the service around-the-clock, which is, 
in particular, useful when admission seasons are conducted [12]. The results of usability assessments 
done on university information chatbots indicated the users gave good responses related to accessibility, 
interface clarity, and reliability of the responses [13]. It was also found that conversational history 
tracking can be essential towards improving the user experience to facilitate easy interaction patterns 
that resemble the natural dialogue patterns [14]. Research on system flexibility revealed that machine 
learning-backed chatbots did get better as age, limiting their classification of intent and choice of 
responses to particular real user queries [15]. 

The recent work indicates the increased influence of multimodal input assistance, including speech-to-
text and voice-to-text interfaces. These extensions make it accessible to users who find or need 
alternative non-text methods of interaction [16]. Researchers on the subject of integrating GUI systems 
such as Tkinter, PyQt, and web-based applications such as Streamlit have shown that easy-to-use 
graphical interfaces contribute significantly to the functionality of graphical applications of chatbots in 
institutional settings [17]. Studies that integrated cloud-based server and scalable backend configuration 
made reliability and security of data and speedy processing essential to facilitate high count of enquiries 
[18]. The field of intelligent educational systems, too, sees the possibility of the chatbots evolving into 
interactive advisors, which would assist in making individualized recommendations, and extending their 
use beyond merely handling simple queries [19]. All literature in these areas shows a clear trend towards 
more intelligent, more efficient, and more contextual chatbot systems that would be able to revolutionize 
work communication within institutions and make information more accessible to all stakeholders [20]. 

III. METHODOLOGY 

The methodology outlines the entire technical flow of the design of the college enquiry chatbot, and 
each of the elements in the flow operates in a systematic way in the interpretation of user queries and 
provision of effective answers. It combines natural language processing and vectorization, intent 
classification, retrieval mechanisms and a graphical interface into a unified structure. The process of 
refining and trimming down the input operations on each step starting with raw user text(input), till a 
fine and contextually fitting response has been established(output). The system can enable future 
scalability, better models and integrating the institutions data with other data by being designed in a 
modular manner. This framework will ensure an excellent performance level, consideration of the 
situation, and responsiveness, which will allow the chatbot to become a trusted automated assistant in 
responding to various college-related inquiries using an effective, convenient service as shown in  
figure 1. 

 
 

Fig. 1: System architecture 
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A. User input acquisition 

At this step the query that the user puts in is obtained using a text typing or optional voice input. 
Graphical interface designed with Tkinter or with PyQt enables the interactivity of the system with the 
users. As in the voice input, speech recognition applications translate spoken sentences into text, making 
sure that there is a common processing format. The essence is to get the raw query that is not modified 
to change its meaning and save genuine intent of the user to be used in the upcoming steps. The system 
ensures consistency by balancing out the input format because of the variation in the mode of 
interaction. This initial action is necessary to decide whether the system will correctly understand the 
query, and identifies where the first point of meeting between the user and the chatbot will take place. 

B. Data Preprocessing 

In preprocessing the system converts the raw input into a structured format that computation models 
can use. The text is divided into tokens and is purified by various procedures: stop-word removal and 
lemmatization that eliminate noise and normalize language differences. Dense token representations 
(such as Word2Vec or BERT) are learned using advanced techniques of embedding, which are used to 
encode a token into a vector representation with semantic meaning. This step is vital as it enables the 
system to have contextual relations among words as opposed to reading on the surface. Preprocessing 
guarantees the resulting intent recognition model to be able to execute at a higher level of accuracy and 
strength when using various user questions by creating clean and meaningful vectorized data. 

C Intent recognition and response generation . 

      The current step is based on a narrow-focused NLP system like BERT or Rasa NLU to convert the 
processed text into one of the predetermined intents involving the college inquiries. After the system 
identifies the category of queries, the most related response is searched or created with reference to the 
knowledge base. The rule based elements process the predictable and common queries and the retrieval 
based mechanisms search the database to extract the information which is accurate and contextual. This 
is a hybrid methodology that provides accuracy, flexibility and the ability to constantly learn. This step 
allows the chatbot to act as a smart helper that can respond to a large variety of academic and 
administrative queries as the user intention is interpreted and mapped against an adequate reaction.  

D. Knowledge Base Integration 

The system at this stage interacts with formal institutional data found in knowledge base. The 
knowledge base entails the information regarding courses, admissions, the academic staff, and the 
campus facilities and other necessary academic materials. On the recognition of the query type by the 
intent recognition model, the system queries this database to retrieve relevant and precise information. 
The integration is made to be optimized on quick retrieval and the ability to scale to accommodate the 
increase in the institutional information. This aspect makes sure the users get answers supported by 
factual and most up-to-date information, so it is one of the focal points in the upholding of the 
confidence and dependability of the results provided by the chat robot. 

E. GUI Response Display 

This step presents the user with the final response in the form of a responsive graphical interface. The 
conversation history is also presented on the GUI as a clearly readable format, and the answers do not 
interrupt the flow of interaction. The chatbot replies to every query as it is being processed and the 
interface is updated in real-time, thus maintaining the communication as real-time. Tkinter, PyQt or 
Streamlit frameworks offer the means to render the conversation in an efficient manner. This is the last 
stage which finishes the user experience, converting processed data into intuitively understandable 
output. It strengthens usability, ease of access and interest, such that the chatbot will be an appropriate 
and efficient tool of solving college queries via a secure and user-friendly interface. 

IV. RESULT AND DISCUSSION 

The output and discussion of the created college questioning chatbot prove that the system is efficient 
in handling and responding to user queries, contextual interpretation, and providing proper answers to 
various types of information. After a series of testing with various datasets, user experiences, and query 
variations, the system continually demonstrated great ability of interpreting natural language input with 
the combined advantage of rule-based reasoning, retrieval-based techniques and machine learning 
algorithms. BERT-based embedding integration allowed the system to be able to grasp semantically 
complex queries and allowed the user to ask the system their question in various forms without 
compromising accuracy. Such flexibility is essential in a realistic setting where users are not always 
subject to foreseeable structures of language. 
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Fig. 2: Intent classification accuracy 

The rule-based layer added further stability as it answered many frequently asked questions with forms of 
pre-defined and highly reliable answers, thereby decreasing the computational power needed with the NLP 
model and increasing the overall responsiveness. This reliability is further upheld by the analysis of intent 
classification accuracy and the bar graph is shown to depict Admissions of 92, Courses of 89, Faculty of 
90, Facilities of 87, and General of 85, where there is undoubtedly a high form of performance in all the 
categories. 

The chatbot showed intentionally close accuracy when used in performance evaluation, especially when it 
comes to the queries that asked about admissions, course related questions, faculty related questions and 
facilities in the campus. The preprocessing pipeline had a major role in this success because it eliminated 
noise, lemmatized words and converted the text to that of vectors that maintained semantic relationships. 
These measures were also used in order to make sure that the system was able to differentiate between 
similar queries with nuanced contextual variations. An example is in matching the user queries relating 
course duration or course eligibility, even though this query is related, to different intents. This accuracy 
enabled the chatbot not to give generic answers but rather to present specific information thus crucial in a 
help-desk system that deals with institutional information. The response generation technique analysis 
results in retrieval-based response being seen to contribute 68, with rule-based responses contributing 32 
suggesting that most interactions are based on the structured database content as well as known queries 
frequently having existing rules that can be used to give an answer. 

 
Fig. 3: Distribution of response generation methods 

The retrieval process efficiently reacted the processed queries with the response and relative information 

stored in knowledge base, releasing the response by incorporating new and valid institutional data 

infrastructure. The machine learning layer made contextual approximations in case the model met queries 

that could not directly be found in the database, preserving flow during the chat. Nevertheless, with this 

flexibility, the system has been prudent not to falsify information at the expense of making heavy use of 

knowledge entries that are more likely to be accurate. This balance of retrieval and generation increased 

the reliability and reduced a possibility of providing deceptive data to the users.  
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Analysis of response time showed that the system adhered to low latency on a majority of the operations 

and the GUI would display response in time even when the system was busy. It is crucial to this 

responsiveness in ensuring the engagement of users and giving the perception of intelligent communication 

flowing smoothly. 

The effectiveness of the system was also mentioned in terms of user satisfaction testing. The respondents 

mentioned that the chatbot provided precise, succinct, and useful responses, which seemed to be similar to 

communicating with a human customer service representative. This perception was helped by the graphical 

interface which enabled the user to track the history of conversation, re-type the past answers and have a 

sense of flow as the enquiry took a longer duration. The simplicity and ease of use of the interface in the 

system were also facilitated by its clean design, ease of use and stability allowing first-time user with no 

other instructions. 

 
Fig. 4: User satisfaction evaluation 

 Figure 4 with the metrics of satisfaction provided the scores of 4.5 for Accuracy, 4.2 for Speed, 4.3 for 

Clarity, 4.6 for Interface, and 4.4 for Overall experience which represent the high level of approval of the 

users within the required performance parameters. The voice input tests provided that the system showed 

good performance with the speech-to-text conversion producing valid transcripts but some recognition 

errors minimally affected overall performance which can be seen as underlining the relevance of optional 

advanced audio processing functionality. 

Error analysis indicated that most cases of misclassifications were carried out when users gave ambiguous 

or very broad queries with little contextual information. There were instances that the system would go as 

far as defaulting to the nearest intent instead of seeking clarification as it does. Although this was efficient, 

it resulted in some mismatches. Follow-ups about the context can also be added to the future revisions to 

enhance accuracy. Thereby, medium challenge questions were in the form of long multi-part questions 

because the system focused on the primary intention at the expense of secondary information. To handle 

this, it will be necessary to improve on multi-intent recognition. Altogether, the findings affirm the chatbot 

to be a powerful, effective, and useful tool in the modernizing of the college enquiry processes. Its excellent 

success in classification, searching, understanding context and interacting with the user enables it to be a 

scalable solution that can be used in supporting institutional needs of communication as well as lowering 

the workload on human help-desk employees. 

   V.CONCLUSION 

This work shows how it was possible to develop an effective college enquiry chatbot that could respond 
with automated context-sensitive responses based on natural language processing, machine learning 
techniques and rule-based responses. The system collects university related data into a formalized body of 
knowledge; where the users can get correct information on admissions, courses, faculty, and campus 
resources via a helpful and user-friendly interface. The chatbot will also blend preprocessing, intent 
recognition and response generation into a unified workflow, lessening the amount of manual work and 
guaranteeing that the students and visitors are consistently attended to. It can be easily updated as the data 
by the institution alters due to its modular design to be ensured of long-term use. Additional features to the 
future work include multilingual assistance and voice interaction, which provide the ability to identify a 
predictive analytics information to meet customer needs, and provide real-time connection with institutional 
databases to serve dynamically updated content.  

Other improvements could involve customized recommendation, dynamic models of learning which can 
get better with using it, and utilization in both web and mobile platforms to increase accessibility. These 
guidelines will empower the chatbot and will also improve the number of benefits as an intelligent and 
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scalable tool that can be applied in the contemporary learning setting. 

REFERENCES 

1 M. T, A. L. E M and H. S, "Transformer-Based Role-Aware Virtual Assistant for Smart Campus 
Interaction," 2025 International Conference on Recent Innovation in Science Engineering and Technology 
(ICRISET), CHENNAI, India, 2025, pp. 1-7, doi: 10.1109/ICRISET64803.2025.11252272. 

. 

2 T. Khonde, S. Patle, S. Talvekar and J. Hajbe, "Building a Smart Virtual Chatbot Assistant with HTML, 
CSS, and JavaScript," 2025 International Conference on Machine Learning and Autonomous Systems 
(ICMLAS), Prawet, Thailand, 2025, pp. 1534-1539, doi: 10.1109/ICMLAS64557.2025.10968650. 

. 

3 B. G. Mamatha Bai, P. Prerana, A. A. Benki and R. Rakesh, "Virtual Medical Assistant in English and 
Kannada Languages," 2023 International Conference on Applied Intelligence and Sustainable Computing 
(ICAISC), Dharwad, India, 2023, pp. 1-7, doi: 10.1109/ICAISC58445.2023.10199524. 

. 

4 A. K. B, R. J, S. S, A. M and S. N, "Chatbot: A Voice Based Virtual Assistant," 2023 International 
Conference on Energy, Materials and Communication Engineering (ICEMCE), Madurai, India, 2023, pp. 
1-5, doi: 10.1109/ICEMCE57940.2023.10434233. 

. 

5 H. S. ElSayed et al., "Chatbot as a Virtual Assistant to Retrieve Information from Datasheets Using 

Memory Controllers Domain Knowledge," 2023 30th IEEE International Conference on Electronics, 
Circuits and Systems (ICECS), Istanbul, Turkiye, 2023, pp. 1-7, doi: 
10.1109/ICECS58634.2023.10382771. 

. 

6 J. Gulati and R. Raman, "A Context-Aware Emergency Assistance Chatbot Employing Recurrent Neural 
Networks for Personalized First Aid Guidance," 2024 International Conference on E-mobility, Power 
Control and Smart Systems (ICEMPS), Thiruvananthapuram, India, 2024, pp. 1-5, doi: 
10.1109/ICEMPS60684.2024.10559306. 

. 

7 N. Shrivastava, P. Tewari, S. Sujatha, S. R. Bogireddy, N. Varshney and V. Sharma, "Natural Language 
Processing for Conversational AI: Chatbots and Virtual Assistants," 2025 IEEE International Conference 
on Interdisciplinary Approaches in Technology and Management for Social Innovation (IATMSI), 
Gwalior, India, 2025, pp. 1-6, doi: 10.1109/IATMSI64286.2025.10984818. 

. 

8 V. C. Mawardi, V. V. Susilo and V. C. Chai, "Spelling Correction in Rule Based Virtual Assistant for a 
MSME Business," 2023 Eighth International Conference on Informatics and Computing (ICIC), Manado, 
Indonesia, 2023, pp. 1-5, doi: 10.1109/ICIC60109.2023.10382048. 

. 

9 J. R. Caballero Castellanos, M. Cardona and J. L. Ordoñez-Avila, "Chatbot for Validation of Research 

Topics for Engineering Students," 2023 IEEE 41st Central America and Panama Convention 
(CONCAPAN XLI), Tegucigalpa, Honduras, 2023, pp. 1-5, doi: 
10.1109/CONCAPANXLI59599.2023.10517536. 

. 

10 S. A. Marinin, N. A. Mironov and A. V. Makarov, "Digital Education of the Future: The Development of 
a Chatbot as an Innovative Solution in the Field of Education," 2025 Systems of Signals Generating and 
Processing in the Field of on Board Communications, Moscow, Russian Federation, 2025, pp. 1-5, doi: 
10.1109/IEEECONF64229.2025.10948034. 

. 

11 S. S. Sara, "Virtual assistant for the empowerment and business growth of Latin American women," 2024 
Congreso Internacional de Innovación y Tendencias en Ingeniería (CONIITI), Bogotá, Colombia, 2024, 
pp. 1-5, doi: 10.1109/CONIITI64189.2024.10854849. 

. 

12 P. Kunekar, A. Deshmukh, S. Gajalwad, A. Bichare, K. Gunjal and S. Hingade, "AI-based Desktop Voice 
Assistant," 2023 5th Biennial International Conference on Nascent Technologies in Engineering (ICNTE), 
Navi Mumbai, India, 2023, pp. 1-4, doi: 10.1109/ICNTE56631.2023.10146699. 

. 

13 T. Y. Kumar, B. Vijay Kiran and N. Kishore Babu, "Evaluating the Efficiency of Chatbots and Virtual 

Assistants in Digital Engagement and Customer Support in Emerging Cities of Andhra Pradesh," 2025 
IEEE International Conference on Interdisciplinary Approaches in Technology and Management for 
Social Innovation (IATMSI), Gwalior, India, 2025, pp. 1-6, doi: 10.1109/IATMSI64286.2025.10984688. 

. 

14 N. O. Dorodnykh, A. B. Stolbov, O. O. Nikolaychuk and A. Y. Yurin, "An Intelligent Assistant for 
Decision Support in the Case of Aircraft Troubleshooting," 2023 IX International Conference on 
Information Technology and Nanotechnology (ITNT), Samara, Russian Federation, 2023, pp. 1-5, doi: 
10.1109/ITNT57377.2023.10139242. 

. 

15 A. Hidayat, M. Shobirin and A. P. Wijaya, "Usability Measurement of Aswaja Chatbot with System 

Usability Scale (SUS)," 2023 Eighth International Conference on Informatics and Computing (ICIC), 
Manado, Indonesia, 2023, pp. 1-5, doi: 10.1109/ICIC60109.2023.10381914. 

. 

16 J. Gohil, H. L. Shifare and M. Shukla, "Developing a User-Friendly Conversational AI Assistant for 
University Using Ollama and LLama3," 2025 International Conference on Data Science, Agents & 
Artificial Intelligence (ICDSAAI), Chennai, India, 2025, pp. 1-5, doi: 
10.1109/ICDSAAI65575.2025.11011878. 

. 

17 R. Shah, N. Chaudhari, T. Sheikh, D. Garg and P. Goel, "Automated Lip Syncing for Chatbots and Virtual 

Assistants: Enhancing Audio-Visual Interaction for Seamless Communication," 2024 4th International 

. 



 
 

 
 
 
 
 

 

Conference on Ubiquitous Computing and Intelligent Information Systems (ICUIS), Gobichettipalayam, 
India, 2024, pp. 1311-1316, doi: 10.1109/ICUIS64676.2024.10866375. 

18 W. Kaiss, K. Mansouri and F. Poirier, "Chatbot Design to Help Learners Self-Regulate Their Learning in 
Online Learning Environments," 2023 IEEE International Conference on Advanced Learning 
Technologies (ICALT), Orem, UT, USA, 2023, pp. 236-238, doi: 10.1109/ICALT58122.2023.00075. 

. 

19 M. D. Kavana, A. Tasdeeq, D. Poshitha, R. Hemith Kumar and K. S. Dhavan, "Campus Navigator: Your 
Go-  To Chatbot For Academic Advice And Resources," 2024 International Conference on Recent 
Advances in Science and Engineering Technology (ICRASET), B G Nagara, Mandya, India, 2024, pp. 1-
5, doi:  10.1109/ICRASET63057.2024.10895595. 

. 

1042             S. R. Hings et al.

Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/), 
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any 
medium or format, as long as you give appropriate credit to the original author(s) and the 
source, provide a link to the Creative Commons license and indicate if changes were made.
        The images or other third party material in this chapter are included in the chapter's 
Creative Commons license, unless indicated otherwise in a credit line to the material. If material 
is not included in the chapter's Creative Commons license and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will need to obtain 
permission directly from the copyright holder.

http://creativecommons.org/licenses/by-nc/4.0/

	Real Time Chat Bot Assistant With Graphical User Interface (GUI)



