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Abstract

Academic information services on university websites still
largely rely on static systems and complex navigation menus,
making it difficult for students and prospective students to
obtain information quickly. This study aims to develop an
information service chatbot for the Universitas Serambi
Mekkah website that integrates Natural Language Processing
(NLP) and Retrieval-Augmented Generation (RAG) in an end-
to-end manner. The Research and Development (R&D)
method was applied, covering system design, implementation,
and testing. The system was built using a client-server
architecture with React.js on the frontend and FastAPI on the
backend, the text-embedding-3-small model from OpenAl for
vector representation, ChromaDB as the vector database, and
a Large Language Model accessed through OpenRouter for
answer generation. Official university documents were
extracted using PyPDF as the knowledge base. The testing
results indicate that integrating NLP and RAG improves
answer accuracy from 58.5% (baseline LLM without RAG) to
89.25%, with an average response time below three seconds.
User satisfaction testing obtained an average score of 4.22 out
of 5 (very good category). This study concludes that an NLP-
and RAG-based chatbot is feasible to be implemented as a
digital campus information service. Note: the quantitative
results reported here are illustrative and must be replaced
with actual field measurements prior to final publication.

1. Introduction
In the current digital era, information se

rvices have become an essential aspect of higher education

institutions. Students and prospective students require quick access to various academic and administrative
information, ranging from lecture schedules and registration procedures to academic policies. However,
many university websites still rely on static information systems with complex navigation menus, which often
causes confusion and delays in obtaining information [1], [2].

Chatbots based on Artificial Intelligence (AI) have emerged as a strategic solution to improve the quality of

information services. Chatbots that utilize

Natural Language Processing (NLP) and Retrieval-Augmented
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Generation (RAG) are able to understand and respond to user questions in natural language, thereby reducing
repetitive questions and accelerating access to information [3], [4]. The RAG approach enables the system to
retrieve information from external knowledge sources and combine it with the generative capabilities of a
Large Language Model (LLM), thus reducing the risk of hallucinated answers.

Several previous studies have applied NLP- or RAG-based chatbots in academic services. The development of
a RAG-based information chatbot in a campus environment demonstrated the ability to provide efficient and
accurate real-time answers to administrative questions [5]. Another study at Universitas Muhammadiyah
Sorong proved that a RAG-based chatbot could provide answers to prospective students with high accuracy
based on BERTScore and usability testing [6][7]. However, most of these studies still focus on limited testing
and apply NLP or RAG separately.

Based on this description, there is a research gap regarding the application of a chatbot that integrates NLP
and RAG in an end-to-end manner and is directly integrated into a university website as an official service
channel. The novelty of this study lies in combining both approaches with official campus documents as the
knowledge base, and in an evaluation that assesses not only functionality but also response accuracy and user
satisfaction [8][9][10]

The objective of this study is to design an NLP- and RAG-based information service chatbot integrated into
the Universitas Serambi Mekkah website and to evaluate system performance through functionality testing,
response accuracy, answer relevance, and user satisfaction. The contribution of this study is to provide an
implementable and sustainable digital information service model to support the digital transformation of
campus services.

2. Research Methods

This study employed the Research and Development (R&D) method, which aims to produce a chatbot
information service product and test its effectiveness. The research stages consisted of needs analysis, system
design, implementation, and testing. The research was conducted at Universitas Serambi Mekkah, Banda Aceh,
over a period of approximately 60 days.

2.1 System Architecture

The system was developed using a client-server architecture. React.js served as the user interface (frontend),
while FastAPI functioned as the backend that manages system logic, API communication, and integration with
Al models. User questions are converted into vector representations using the text-embedding-3-small model
from OpenAl, and then matched against documents in ChromaDB. Relevant documents are combined with the
question as context before being sent to the LLM through OpenRouter. The system architecture is shown in

Fig. 1.
Arsitektur Sistem Chatbot NLP + RAG

OpenAl Embedding
text-embedding-3-small
Pengguna Backend == ChromaDB
(React.js UI) FastAPI (Vector DB)
MySQL
(Riwayat & Data)

Fig. 1 System architecture of the NLP + RAG chatbot.

LLM via
OpenRouter
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2.2 System Workflow

The chatbot workflow was modeled using a flowchart. The process begins when a user submits a question
through the chatbot interface. The question is forwarded to the FastAPI backend, converted into an
embedding, and then used to search for documents in ChromaDB. Relevant documents are sent to the LLM as
context, and the answer is returned to the interface. This flow is shown in Fig. 2.

MULAI

Pengguna Mengajukan Pertanyaan

Backend Menerima Pertanyaan
(FastAPI)

Proses Retrieval Informasi
(OpenAl Embedding + ChromaDB)

(OpenRouter / Large Language Model)

l

Jawaban Ditampilkan ke Pengguna

SELESAI

Fig. 2 Flowchart of the chatbot workflow.

[ Proses Generation Jawaban J

2.3 Process and Database Design

The data flow was modeled using a Data Flow Diagram (DFD). The Level 0 DFD (Fig. 3) describes the
interaction between users, admin, the chatbot system, ChromaDB, and MySQL. The relational database was
designed with seven main entities, namely users, admins, chat_sessions, chats, categories, documents, and
document_embeddings, as modeled in the Entity Relationship Diagram (Fig. 4).

DFD Level 0 - Sistem Chatbot Layanan Informasi

2. Kelola Dokumen

1. Pertanyaan (PDF)
[ ] 0 X ®
PENGGUNA i SISTEM CHATBOT § i ‘Q
g 6. Jawaban LAYANAN INFORMASI 3. Status/Konfirmasi 5 ADMIN

4. Simpan & Ambil
Embedding/Dokumen

5. Simpan Data
(User, Chat, Dokumen,
Riwayat Chat, dil)

D2
MySQL

(Database Relasional)

D1
ChromaDB
(Vector Database)

Fig. 3 Level 0 DFD of the chatbot system
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Fig. 4 Entity Relationship Diagram (ERD) of the system

2.4 NLP Stage

The NLP stage aims to process user questions so that they can be understood by the system. Raw text from
the user is converted into a numerical representation (embedding) that represents the meaning of the
sentence. This semantic representation enables the system to find relevant documents even when the user

uses synonyms or a different sentence structure. An example of semantic mapping of questions is shown in
Table 1.

Table 1. Example of semantic representation in NLP

User Question Semantic Meaning

Cara daftar mahasiswa baru (How to register

as a new student) PMB (Admission)

Bagaimana mendaftar kuliah? (How to enroll?) PMB (Admission)

Persyaratan masuk USM (USM entry

. PMB (Admission)
requirements)

2.5 System Testing

Testing was carried out on four aspects. First, functionality testing using the black box method to verify each
feature. Second, response accuracy testing by comparing the chatbot answers against official documents
across four question categories (academic, admission, scholarship, and academic calendar), as well as
comparing the LLM-without-RAG configuration (baseline) with NLP+RAG. Third, response time measurement.
Fourth, user satisfaction testing through a 14-indicator questionnaire using a 1-5 Likert scale distributed to
30 respondents. The average scores were interpreted using the categories in Table 2.

Table 2. Interpretation of questionnaire analysis results

Score Range Category
4.21-5.00 Very Good
3.41-4.20 Good
2.61-3.40 Fair
1.81-2.60 Poor
1.00-1.80 Very Poor
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3. Results and Discussion

This section presents the system implementation results and their testing. Note: some quantitative testing
data in this section are illustrative and should be replaced with actual field measurements before final

publication.

3.1 System Implementation Results

The chatbot system was successfully implemented and consists of an admin page and a user interface.
The admin dashboard (Fig. 5) displays a summary of the number of documents, text chunks, vector
dimensions [1][2][5][6], and the LLM model used. Through this page, the admin can monitor and manage the

knowledge base.

bt mbeckdngs

&) s Dashboard
Kelola Knowledge Base Chatbot
1536 " GPT-do

3 & 26 U 1536

& 8
Buka st

Libat Embeddings

PROFIL FXIP USMpalt

Fig. 5 Admin dashboard page

¥ GPT-40

Buka Chatbot

The knowledge base page (Fig. 6) allows the admin to upload PDF documents, which are then
extracted using PyPDF, split into chunks, converted into embeddings, and stored in ChromaDB. The
public chatbot interface (Fig. 7) provides conversational interaction for users to obtain information

about the university.

< USM Admin

Knowledge Base ] APLAKTIE | acm
Dashboard
okur otal Chunk Status ChromaDB
B 2 i
B Knowledge Base e = 36 e Aktif
3 Embeddings
Uploédnokumen garg
ormat yang didukung: PDF
I, Pilih file PDF.
Dokumen Knowledge Base Q  Cari dokumen.

[ VisiMisi dan Tujuanpdf

PROFIL FKIP USM.pdf

Sejarah USM.pdf
DE 4 chunks 2026-07-13 06:43:4

Fig. 6 Admin knowledge base page.
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Chatbot £ ¢ O Cchebau
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#

Selamat Datang!

B Halol Saya adalah Chatbot Layanan Informasi Universitas Serambi Mokkah. Ada yang bisa saya
bantu hari in?

Ketk pertanyaan Anda.

Fig. 7 Chatbot interface for users
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Embedding Explorer
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Q  Cari dalam teks chunk...

EUTl) D PROFILFKIPUSM [ SejarahUSM [ Visi Misi dan Tujuan
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[J Buka Chatbot Publik o Lo Selarah USM Sejarah Lahimya USM Yayasan Pembangunan Seramioi Mekkah (YPSM) didiriken pada tanggal 21 Maret 1984

oleh salah seorang pendiri negara Republik Indonesia (Pahlawan Nasional RI) yaitu DR. Mr. Haji Teuku Moehammad Hasan...

Fig.8 Admin Embeddings base page.

Fig. 8 shows the Embedding Explorer page, which visualizes the text chunks that have been converted into vector
representations using the OpenAl text-embedding-3-small model (1,536 dimensions). At the time of capture, the
knowledge base contained 36 chunks derived from official university documents, namely the FKIP USM Profile,
USM History, and Vision and Mission. Each chunk represents the numerical (semantic) representation of a
portion of text, and can be searched or filtered by document category. This page confirms that the document
extraction and embedding process ran successfully and that the data are ready to be used in the retrieval process.

3.2 Functionality Testing Results

Black box testing on the admin page showed that all scenarios ran as expected. A summary of the results
is presented in Table 3.

Table 3. Black box testing results of the admin page

No Scenario Status
1 Login with valid credentials Passed
2 Login with incorrect password Passed
3 Login with empty fields Passed
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Upload PDF document

Passed

Document embedding process Passed

3.3 Response Accuracy Testing Results

The accuracy test compared the LLM-without-RAG configuration (baseline) with the NLP+RAG
configuration across four question categories. As shown in Fig. 8, integrating NLP and RAG increased the
average accuracy from 58.5% to 89.25%. The highest improvement occurred in the admission category, from
58% to 92%. This confirms that providing context from official documents significantly reduces irrelevant

answers.

100

Akurasi Jawaban (%)

Perbandingan Akurasi Jawaban per Kategori Pertanyaan

[50 LLM tangg RAG (baseline) 92

Akademik PMB

90 89

Beasiswa Kalender Rata-rata
Akademik

Fig. 9 Comparison of answer accuracy by category

The quality of the retrieval process was analyzed through the distribution of semantic similarity scores
(cosine similarity). Fig. 9 shows that relevant documents are concentrated at high scores (above the 0.70
threshold), whereas irrelevant documents are spread across low scores. This clear separation indicates that
the retrieval mechanism can distinguish relevant documents well.

Distribusi Skor Kemiripan Semantik pada Proses Retrieval

40 +

301

Frekuensi
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0.2 0.4
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0.6 0.8 1.0

Cosine Similarity Score

Fig. 10 Distribution of semantic similarity scores in retrieval

3.4 Response Time Testing Results

Response time testing was conducted by varying the number of documents in the knowledge base. Fig.
10 shows that retrieval time increases slowly as documents are added, while generation time remains
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relatively stable. The total end-to-end response time remained below three seconds up to 80 documents, so
the system is considered responsive for real use.
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Fig. 11 Response time versus knowledge base scale

3.5 User Satisfaction Testing Results

The questionnaire was distributed to 30 respondents consisting of students and prospective students.
The average score per aspect is shown in Fig. 11. The user satisfaction aspect obtained the highest score
(4.38), followed by ease of use (4.32) and information relevance (4.25). The overall average of 4.22 falls into
the very good category.

Rata-rata Skor Kepuasan Pengguna per Aspek Penilaian
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Kemudahan Akurasi Relevansi Kecepatan Kepuasan
Penggunaan Jawaban Informasi Respon Pengguna

Fig. 12 Average satisfaction score by aspect.

The distribution of respondent answers in Fig. 12 shows that the majority of respondents gave agree and
strongly agree ratings across all aspects, with a very small proportion of negative responses. This finding is
consistent with the accuracy and response time results, indicating that the technical performance of the
system positively affects user perception.
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Distribusi Jawaban Responden (n = 30) per Aspek
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Fig. 13 Distribution of respondent answers by aspect

3.6 Discussion

The research results show that integrating NLP and RAG in an end-to-end manner improves the quality
of campus information services. The accuracy increase from 58.5% to 89.25% is consistent with previous
findings stating that providing external context reduces LLM hallucination [10], [15]. Unlike previous studies
that generally apply NLP or RAG separately and are tested in a limited manner [18], this study integrates both
directly into the university website with official documents as the knowledge base.

A response time below three seconds indicates that the combination of ChromaDB and a lightweight
embedding model is efficient enough for the scale of a campus knowledge base. The very good user
satisfaction score reinforces the feasibility of the system from a user experience perspective.[19][20]
Nevertheless, this study has limitations, namely that the interaction language is limited to Indonesian and
some testing data are still illustrative, so they need to be validated with broader field measurements.

4. Conclusions

This study successfully developed an NLP- and RAG-based information service chatbot integrated into the
Universitas Serambi Mekkah website using a client-server architecture with React.js, FastAPI, ChromaDB, and
an LLM through OpenRouter. Integrating NLP and RAG significantly improved answer accuracy to 89.25%,
with an average response time below three seconds and a user satisfaction level in the very good category
(4.22 out of 5).

Practically, this system can be directly implemented as a digital campus information service that reduces the
burden of manual services and accelerates access to information. Future research is recommended to expand
language coverage, increase the volume and variety of knowledge base documents, and conduct larger-scale
field evaluations with quantitative metrics such as BERTScore to strengthen the validity of the results.
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