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Abstract
The transition of freshmen into the university environment requires adaptive and responsive information support. This study develops
a chatbot system based on a hybrid BERT-RAG architecture integrated with the FAISS Index to provide automated consultation
services for new students. The novelty of this research lies in the implementation of a faculty-based hierarchical knowledge structure
and an adaptive multi-domain context mechanism—an approach not previously found in studies involving BERT-RAG for university
onboarding services. This design enables the chatbot to deliver more relevant, personalized, and faculty-specific responses. The dataset
was derived from three primary sources of information: the Faculty of Economics and Business (FEB), the Faculty of Teacher Training
and Education (FKIP), and the Faculty of Engineering (FT), which were structured into a validated knowledge base in documents.json
format. System evaluation was conducted across ten interaction scenarios using performance metrics including BERT Similarity,
BLEU Score, ROUGE-1, ROUGE-2, and ROUGE-L. The system achieved excellent results, with average scores of 0.905 (BERT
Similarity), 0.844 (BLEU), 0.876 (ROUGE-1), 0.820 (ROUGE-2), and 0.871 (ROUGE-L) and standard deviations below 0.1 across
all metrics. Strong metric correlations (0.85-0.99) further indicate consistency between semantic understanding and generated text
quality. Furthermore, the system effectively minimizes hallucination through validated knowledge integration and faculty-based
reranking strategies. Overall, this research provides a significant contribution to the development of institutionally contextual
educational chatbots capable of delivering accurate, natural, and responsive communication to support new student orientation in
higher education.
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Introduction

The transition from secondary education to higher education represents a critical period that determines the success
of freshmen’s academic and social adaptation [1]. The complexity of information required by new students
encompasses administrative, academic, and facility-related aspects, as well as emotional support in coping with
changes in the learning environment [2]. s part of the digital native generation, freshmen expect instant and responsive
access to information; however, conventional communication systems often experience significant response delays

[3].

Empirical studies indicate that many freshmen experience anxiety related to campus adaptation, and the majority
of them require a platform to openly express their concerns [4], [5]. The limited availability of human resources to
provide 24/7 consultation services poses a major challenge for higher education institutions [6]. Conventional digital
communication platforms such as WhatsApp and email have demonstrated a high level of unresponsiveness, creating
an information gap between student needs and the services available [7], [8].

The advancement of Natural Language Processing (NLP) technology has opened significant opportunities for
developing automated systems capable of understanding and responding to human communication needs in a natural
manner [9], [10] ,[11]. Transformer-based models such as BERT have demonstrated superior performance in
capturing semantic context across various text classification tasks, with studies reporting accuracy levels of
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approximately 92-95% on relevant benchmark datasets [12]. The strength of BERT lies in its bidirectional encoding
capability, which enables deeper contextual understanding compared to traditional unidirectional models [13].

The integration of BERT with Retrieval-Augmented Generation (RAG) architecture allows systems to
dynamically access and utilize external knowledge bases [14]. he RAG approach addresses the limitations of purely
generative models, which are prone to hallucinations, by providing a validated retrieval mechanism [15]. This
combination produces systems capable of delivering factually accurate responses while maintaining naturalness in
communication [ 16].

Previous studies in the educational chatbot domain have shown mixed results with various limitations. Recent
research revealed that template-based or rule-based chatbots suffer from significant constraints, as they are unable to
handle inputs beyond predefined rules. Open-ended or unexpected queries often lead to irrelevant or even incorrect
responses|[17]. Similarly, studies on Seq2Seq and Attention-based chatbots, while achieving strong performance
according to BLEU and ROUGE metrics, still struggle to maintain factual accuracy when faced with out-of-
distribution queries| 1 8]. However, such implementations were not specifically designed for the freshmen context and
did not consider the importance of emotional support. Zhe Xu et al. proposed a hybrid retrieval-generation approach,
yet its application was not tailored to the needs of new students and similarly overlooked the emotional support
dimension [19].

The limitations of previous studies primarily lie in the fragmented focus between information accuracy and
response naturalness [20], [21]. Retrieval-based systems tend to provide accurate yet rigid and impersonal answers,
while purely generative systems are prone to hallucinations and information inconsistencies [22]. The urgency to
design a hybrid architecture that can synergize the strengths of these two distinct approaches is increasingly evident.
Such an architecture is essential for the development of applications that demand high information integrity while
simultaneously maintaining empathetic interaction capabilities with users [23].

The motivation for this research stems from empirical observations of communication patterns among freshmen
at major universities in Indonesia during the 2022-2024 period. An analysis of their interactions revealed that most
questions could be categorized into several key topics. However, the linguistic diversity in how these questions were
expressed was remarkably high, encompassing variations in sentence structure, word choice, and communication
style. This phenomenon reflects the inherent complexity of effectively understanding and responding to freshmen’s
needs[24]. t also underscores the necessity of a system capable of accurately recognizing intent across diverse
formulations while delivering personalized responses aligned with the users’ emotional context [25].

This study proposes a hybrid BERT-RAG architecture specifically designed to address the limitations of
conventional chatbot systems in the freshmen support domain. The main contributions include the development of a
modular architecture with BERT serving as the semantic encoder, the implementation of RAG as a middle layer for
contextual retrieval, and the integration of the FAISS Index for vector search optimization. The novelty of this research
lies in the system design, which explicitly incorporates the informational needs of freshmen while ensuring factual
accuracy and maintaining naturalness in communication.

Method

The chatbot system developed in this study adopts a hybrid BERT-RAG architecture consisting of three main
components: the semantic understanding layer, the retrieval layer, and the response generation layer. The semantic
understanding layer employs a pre-trained BERT model fine-tuned on a higher education—specific domain to capture
the intent and context of students’ questions[26]. The retrieval layer implements the RAG framework integrated with a
FAISS Index to perform semantic searches across the knowledge base[27]. The response generation layer is responsible
for producing natural and contextually appropriate answers based on the information obtained from the retrieval
process[28]. A sample of the dataset used in this research is presented in Table 1, which includes information on
faculties, study programs, accreditation, facilities, tuition fees per semester, and brief descriptions.
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Table 1. Dataset for Model Training and Evaluation

Faculty Study Accreditation Facilities Fees Description
Program Semester
L;: 1122122;?’ Program studi yang mempersiapkan
FEB Manajemen B Di riI:al Ruan Rp 3.600.000 mahasiswa menjadi manajer profesional
gral, Ruang dengan pemahaman bisnis modern
Diskusi
Labsl:gvﬁinsh Program studi yang menghasilkan
FEB Akuntansi B Rp 3.600.000 | akuntan kompeten dengan keahlian sistem
Accurate, Lab . . .
. informasi akuntansi
Perpajakan
Lab
Ekonimi Ekonometrika, Program studi yang fokus pada analisis
FEB Pembaneunan B Pusat Data Rp 3.200.000 kebijakan ekonomi dan pembangunan
gu Ekonomi, Lab berkelanjutan
Statistik
Lab Biologi, Lab Program studi yang mempersiapkan guru
FKIP Penfhdlk‘.m B Mikrobiologi, Rp 3.200.000 biologi profesional dengan kompetensi
Biologi Greenhouse, Lab edavocik dan akademik
Microteaching pedagog
Pendidikan Lab é\g ?.tt:vl;aetlka’ Program studi yang menghasilkan
FKIP Matematika B GeoGebra, Lab Rp 3.200.000 | pendidik matematzlfa afengm: ;cemampuan
Microteaching mengajar movaty
Pendidikan II:IZItIi%/léaSgeeI;lite); Program studi yang mempersiapkan guru
FKIP Bahasa B Progranf Lab Rp 3.400.000 bahasa Inggris dengan kompetensi
Inggris Microteaching internasional
Lab Al Lab
Jaringan, Lab Program studi teknologi informasi yang
FT Informatika B Pemrograman, Rp 3.600.000 menghasilkan programmer dan system
Lab Mobile analyst kompeten
Development
Lab Elektronika,
Lab Kontrol, Program studi teknik elektro yang fokus
FT Elektro B Lab Rp 3.600.000 pada sistem kelistrikan dan elektronika
Telekomunikasi, industri
Lab PLC
Lab Struktur, . .
Lab Material Program studi yang mempersiapkan
FT Teknik Sipil B S Rp 3.800.000 insinyur sipil untuk pembangunan
Lab Hidrolika, infiastrukt
Lab CAD infrastruktur

The research dataset comprises three primary sources that provide comprehensive information on study programs,
tuition fees, facilities, and accreditation. The first source, data_feb.json, contains 156 information entities related to the
Faculty of Economics and Business, covering the study programs of Management, Accounting, and Development
Economics. The second source, data_fkip.json, includes 203 information entities from the Faculty of Teacher Training
and Education, encompassing the study programs of Biology Education, Mathematics Education, and English
Education. The third source, data ft.json, consists of 184 information entities from the Faculty of Engineering, covering
the study programs of Informatics, Electrical Engineering, and Civil Engineering. The data processing pipeline leading
to response generation is illustrated in Figure 1, starting from raw dataset input to the system’s ability to produce natural

resSponses.

INPUT DATA

Raw JSCN files (FEB, FKIR, FT)

FAISS Index

Stores vector embedings
in a vector dalabase
(vector_jndes. falss) for
retrievall

documents.json

Structured knowllege base
contating document test
text and md metedala.

(Final Outpu)

Figure 1. Workflow of the BERT-RAG Chatbot Model

The preprocessing stage involved text normalization, tokenization, and structuring of data into a consistent format.
Each information entity was organized with metadata encompassing faculty, study program, information category
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(academic, tuition, facilities), and timestamp for tracking updates. Data cleaning was performed using regular
expressions to remove non-standard characters and to normalize currency and numerical formats[29]. The final output
of preprocessing was documents.json, comprising 543 structured documents with an average length of 127 tokens per
document.

The BERT model employed was bert-base-multilingual-cased, optimized for Indonesian language understanding.
Fine-tuning was conducted using a domain-specific dataset over 20 epochs, with a learning rate of 2e-5 and batch size
of 16. The encoding process produced 768-dimensional vector representations for each document segment in the
knowledge base. The optimization function used was AdamW with a weight decay of 0.01 to prevent overfitting [30].
Training parameters included a maximum sequence length of 512 tokens, warmup steps set at 10% of the total training
steps, and gradient clipping with a maximum value of 1.0. A validation split of 20% of the dataset was applied using
stratified sampling to preserve the distribution of information categories. The model checkpoint achieving the lowest
validation loss was selected for system implementation. The training process employed Cross-Entropy Loss to minimize
prediction errors [31]:

N
L= —Z yi-log(#)) (D
i=1

With §; representing the ground truth labels and y; denoting the predicted probabilities, optimization was
performed using AdamW with a weight decay of 0.01. To enhance semantic retrieval, FAISS (Facebook Al Similarity
Search) Index was implemented on the knowledge base containing 543 document vectors. The index configuration
employed IndexFlatIP (Inner Product) to maximize retrieval accuracy in similarity search. Prior to indexing, each
document vector was normalized using L2 normalization to ensure consistency in cosine similarity computation[32].

i=14i . B;
VEL AF XL B
The indexing process involved embedding generation for all documents in the knowledge base, vector
normalization, and the construction of the FAISS index with default parameters[33]. Query processing applied a

similarity threshold of 0.7 to filter relevant retrieval results. The top-k retrieval was set to 5 to provide sufficient
contextual information while minimizing informational noise.

CosinSimilarity (4,B) = (2)

The Retrieval-Augmented Generation (RAG) framework was implemented in two primary stages: the retrieval
phase and the generation phase. In the retrieval phase, query encoding was performed using the same BERT model to
maintain semantic representation consistency. The search was conducted against the FAISS index, retrieving the top-5
most relevant documents based on cosine similarity[34]. In the generation phase, a template-based approach was
employed to integrate the retrieved documents with the query context, producing coherent responses. The response
templates were designed to preserve communication naturalness while ensuring factual accuracy. Post-processing
included filtering to eliminate redundant information and formatting for consistent presentation[35].

System evaluation was conducted using ten interaction scenarios encompassing diverse types of freshmen inquiries.
These scenarios included questions regarding study programs, tuition fees, campus facilities, admission procedures,
and accreditation information. Each interaction was evaluated using five key metrics: BERT Similarity, BLEU Score,
ROUGE-1, ROUGE-2, and ROUGE-L [36]. BERT Similarity assessed the semantic alignment between system
responses and reference answers by applying cosine similarity to BERT embeddings. The BLEU Score evaluates text
generation quality by comparing n-gram precision between the generated response and the reference answer. The
ROUGE metrics (ROUGE-1, ROUGE-2, ROUGE-L) measure recall-oriented overlap for unigrams, bigrams, and the

longest common subsequence[37]:
N
> . log(pn)> &)

n=1

BLEU = BP.exp (

where ;

pn : precision for n-grams
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w, : weight assigned to each n-gram
BP : brevity penalty to account for differences in text length
ROUGE-1, ROUGE-2, dan ROUGE-L :

ZgramEReference min (Countsystem (gram)' Countreferences (gram)) (4)
ZgrameReference Countsystem (gram)

ROUGE — 1 =

To analyze relationships among evaluation metrics, Pearson correlation was employed, for example between BERT
Similarity and ROUGE-L :

= s (i =) —y)
\/2?21(361' —X)%. \/2?21(}11' -y)?
The ground truth for evaluation was constructed through manual annotation by three expert evaluators with
experience in student services. Inter-annotator agreement, measured using Cohen’s Kappa, yielded a value of 0.87,

indicating high consistency in assessing response quality. Each metric was computed across all evaluation scenarios
and further analyzed using descriptive statistics as well as inter-metric correlations.

Results and Discussion

The BERT model training process exhibited stable convergence with a consistent improvement in accuracy across
20 training epochs. Figure 2 illustrates the accuracy curve of the BERT model during training, with the final accuracy
reaching 0.830 (83%).

{Final Accuracy: 0.830}

0.8 e e e e e e e L T S (4___l___;_

Model Accuracy
o
P

o
=

0.2

==+ Good Performance (0.8)
Excellent Performance (0.9)

007 3 5 7 9 1 13 15 17 19

Training Epochs
Figure 2. Training Evaluation Curve of the BERT Model

The training curve demonstrates progressive learning, characterized by a significant increase in accuracy during the
initial epochs, followed by stabilization in the later epochs, indicating optimal convergence. Analysis of the curve
reveals no significant signs of overfitting, as evidenced by the minimal gap between training and validation accuracy.
The most substantial accuracy improvement occurred between epochs 1 and 7, reaching a level of 0.64, followed by
gradual improvement until epoch 13 with an accuracy of 0.75. The convergence phase began from epoch 14 through
epoch 20, with minimal fluctuations around the final accuracy of 0.83. The good performance threshold (0.8) was
achieved at epoch 16, whereas the excellent performance threshold (0.9) was not attained, reflecting the inherent
complexity of the domain-specific understanding task.

The system evaluation of the chatbot was conducted across ten interaction scenarios encompassing various
categories of freshmen inquiries. Table 2 presents the statistical summary of the evaluation results for all employed
metrics. The evaluation outcomes demonstrate strong overall performance, with the average BERT Similarity reaching
0.905, indicating a high level of semantic understanding in capturing the contextual intent of students’ questions.
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Table 2. Statistical Summary of Evaluation Metrics

Metric Mean Std Min Max Interpretation
BERT ' 0.905 0.073 0.800 1,000 The cha.ltbot dern.ons.trates strong conte'xtual understz}nding; all
Similarity interactions >0.8 indicate robust semantic comprehension.

High text generation quality with strong n-gram precision,

BLEU Score 0.844 0.079 0.800 1.000 . . .
producing responses closely aligned with references.

ROUGE-1 0.876 0078 0.800 1,000 High unigram overlap, reflecting strong lexical accuracy in

chatbot responses.
p p higher fI ; " T
ROUGE-2 0.820 0093 0.750 1.000 Good bigram consistency higher fluctuations suggest sensitivity
to sentence structure.
R 1 t truct imil t
ROUGE-L 0.871 0.076 0.800 1.000 esponses preserve longer sentence structures similar to

references, maintaining naturalness in communication.

The BLEU Score, with an average of 0.844, indicates strong text generation quality, suggesting that the system’s
responses exhibit high n-gram precision relative to the reference answers. The chatbot’s evaluation performance across
ten distinct interactions is visualized in Figure 3, where all metrics (BERT, BLEU, ROUGE) consistently remain above
the minimum threshold.

1.00 1.00

] 092 3 BLEU Score

088 095 004 »— BERT Similarity
088 : ROUGE-1 Score

7 062
0.80 0,60, 080 0.80 060 6,80 080
0.8

Score

0.2

9.0 1 2 3 4 8 6 7 8 9 10

5 5
Interaction Number

Figure 3. Chatbot Evaluation Metric Performance Across 10 Interactions

ROUGE-1, with a score of 0.876, demonstrates excellent unigram overlap between generated responses and the
ground truth, while ROUGE-2 (0.820) reflects good bigram consistency. Similarly, ROUGE-L (0.871) highlights the
high quality of the longest common subsequence between the system’s responses and the references. Figure 3 further
illustrates that all evaluation metrics maintain stable performance above the minimum threshold of 0.75. The highest
variability is observed in BERT Similarity, ranging between 0.80 and 1.00, whereas BLEU and ROUGE scores exhibit
stronger stability. Notably, peak performance is achieved in Interaction 1 and 5, with perfect scores (1.0) across all
metrics, indicating that the system is capable of generating ideal responses for certain types of queries.

Detailed examples of the chatbot’s performance are presented in Table 3, which compares reference answers with
the system’s generated responses across several student query scenarios.

Table 3. Experimental Evaluation Results of the System

ROUGE- | ROUGE- | ROUGE-
1 2 L
Hallo, saya | “Bisa Anda sebutkan bidang minat atau | 1.000 | 1.000 1.000 1.000 1.000
ingin berkuliah | latar belakang pendidikan Anda?
di Unismuh | Misalnya: Lulusan SMA/SMK jurusan
Makassar, apa? Bidang apa yang Anda minati?

ID Question RSystem BERT | BLEU

Anggreani, et. al. (A Hybrid BERT-RAG Model for Developing Knowledge-Validated Conversational Systems)
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ID Question RSystem BERT | BLEU ROIiGE' RO(;GE' ROII{GE'
Jjurusan apa | Apakah ada keahlian atau hobi khusus?
yang cocok? Informasi ini akan membantu saya
memberikan rekomendasi jurusan yang
tepat di Unismuh Makassar.”
Berapa  biaya | “Biaya kuliah per semester untuk | 0.881 0.800 0.800 0.750 0.800
kuliah di | Program  Studi  Informatika  di
) Informatika? Universitas Muhammadiyah Makassar
adalah sebesar Rp. 3.600.000. Selain itu,
terdapat juga biaya uang pembangunan
sebesar Rp. 5.700.000.”
Apakah  biaya | “Biaya kuliah per semester untuk | 0.919 | 0.800 0.850 0.800 0.850
kuliah  Elektro | Program Studi Teknik Elektro di
sama seperti | Universitas Muhammadiyah Makassar
Informatika? adalah sebesar Rp. 3.600.000, sama
3 dengan biaya kuliah untuk Program
Studi Informatika. Selain itu, terdapat
juga biaya uang pembangunan sebesar
Rp. 5.700.000 untuk kedua program
studi tersebut.”
Apakah ada | “Program Studi Sistem Informasi saat | 0.800 | 0.800 0.800 0.750 0.800
4 Jjurusan Sistem | tidak  tersedia di Universitas
Informasi di | Muhammadiyah Makassar.”
Unismuh?
Apa akreditasi | “Program  Studi  Informatika di | 0.818 | 0.800 0.800 0.750 0.800
Jjurusan Universitas Muhammadiyah Makassar
Informatika memiliki akreditasi yang Baik. Program
5 Unismuh? Studi Informatika fokus pada teknologi
informasi, pemrograman, jaringan
komputer, kecerdasan buatan, dan
pengembangan  perangkat  lunak
berbasis web.”

The experimental results reveal that the system is capable of performing contextual semantic inference by producing
contextually appropriate responses, even in the absence of explicit entries in the knowledge base. This confirms that
the proposed BERT-RAG architecture transcends conventional retrieval-based approaches and exhibits context-aware
reasoning through semantic representation of user input.

saya dari SMA dan jurusan FMIPA jurusan yang sesuai untuk saya ambil

di UNISMUH apa ?

Berdasarkan latar belakang Anda dari SMA dan jurusan FMIPA, jurusan

cok di UNISMUH Ma lah:

Figure 4. System Response to Out-of-Knowledge-Base Query

Analysis of BERT Similarity scores is presented in Figure 5 across 10 interactions, with a similarity threshold of

0.7 defined as the minimum acceptable performance. The results demonstrate that all interactions met or exceeded this
threshold with a significant margin, where the lowest score was 0.800 in interactions 7 and 10. A perfect similarity
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score of 1.000 was achieved in interactions 1 and 5, indicating flawless semantic understanding for those types of
queries. The performance pattern of BERT Similarity exhibits regular fluctuations, with three peak performances
(interactions 1, 5, and 8) and two valley performances (interactions 3 and 7).

1.000 1.000

0919

0.818

08

o
>

BERT Similarity Score
ps i

0.2

~ =+ Similarity Threshold (0.7)

0.0
y 1 2 3 4 5 6 7 8 9 10

Interaction Number

Figure 5. Analysis of BERT Similarity Scores Across 10 Interactions

These fluctuations indicate the system’s sensitivity to the complexity and ambiguity of user queries. Interactions
with the highest similarity scores were generally associated with straightforward factual questions, such as tuition fee
information and program accreditation. Conversely, interactions with relatively lower scores involved queries that
required reasoning or comparative analysis across multiple information entities. To contextualize the contribution of
this research, Tabel 4 Table 4 presents a comparison between the developed chatbot system and two relevant prior
studies. This comparison highlights the differences in model architectures, domain focus, and evaluation metrics
adopted as benchmarks.

Table 4. Evaluation Results Compared with Previous Studies

Aspect B]T;;sT_SliTé (JngZ;lst) Saluja et al. [18] Zhe Xu et al. [19]

Core Architecture Hybrid BERT-RAG Seq2Seq with Attention Hybrid Retrieval-Generation
with FAISS Index Mechanism

Domain Focus Comprehensive Open-domain conversational Emotional support in
information support for chatbot conversations
new university students

Key Capabilities Factual accuracy from Flexible and context-aware Recognition and response to
knowledge base and response generation users’ emotional states
deep semantic
understanding

Evaluation Metrics BERT Similarity, BLEU, ROUGE Metrics for emotional support
BLEU, ROUGE-1, evaluation
ROUGE-2, ROUGE-L

Main Limitations Restricted to existing | Susceptible to hallucination and | Implementation not tailored to
knowledge base; factual inconsistency new students and lacking
sensitive to complex academic information focus
linguistic variations

The correlation matrix presented in Figure 5 illustrates the relationships among the evaluation metrics. Correlation
analysis reveals strong and consistent associations across all metrics, with coefficients ranging from 0.687 to 0.994.
The strongest correlation was observed between ROUGE-1 and ROUGE-L (0.994), indicating a high degree of
consistency between unigram overlap and the longest common subsequence in system responses. BERT Similarity
demonstrated moderate to strong correlations with the other metrics, with the highest correlation observed with
ROUGE-1 and ROUGE-L (0.887), followed by ROUGE-2 (0.799) and BLEU (0.687). This correlation pattern suggests

Anggreani, et. al. (A Hybrid BERT-RAG Model for Developing Knowledge-Validated Conversational Systems)
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that semantic understanding, as measured by BERT Similarity, is positively associated with the quality of text
generation captured by BLEU and ROUGE metrics. The relatively lower correlation between BERT Similarity and
BLEU (0.687) further indicates that these two metrics evaluate different yet complementary aspects of response quality.

BERT

BLEU

ROUGE-1

1.000 0.939

ROUGE-2

0.939

ROUGE-L

BERT BLEU ROUGE-1 ROUGE-2 ROUGE-L

Figure 6. Correlation Among Evaluation Metrics

BERT Similarity Distribution BLEU Score Distribution

30 === Moan: 0.905 r ' === ldoan: 0.844

Frequency
-

0800 (173 0850 0875 0.900 0825 0950 0875 1.000 © 0800 0.825 0850 0875 0,900 0825 0950 0975 1000
Similarity Score BLEU Score

ROUGE-1 Seore Distribution ROUGE-2 Seere Distribution
a0 -=- Mean: 0876 40 === Mean: D.820

" os0 0825 0850 0875 0.800 0825 0950 0875 1000 075 080 085 080
ROUGE-1 Score ROUGE-2 Seare

Figure 7. Distribution of Evaluation Metric Scores

The distribution of scores is presented in Figure 6 for each evaluation metric using histogram visualizations to
illustrate the system’s performance characteristics. The BERT Similarity distribution shows a mean of 0.905 with a
left-skewed pattern, indicating that the majority of interactions achieved high similarity scores. Three distinct peaks are
observed in the ranges 0.80-0.82, 0.94—0.96, and 0.98—1.00, suggesting performance clustering at specific levels. The
BLEU Score distribution, with a mean of 0.844, exhibits a more uniform spread compared to BERT Similarity. Most
scores are concentrated in the 0.80—0.84 range (7 out of 10 interactions), while the high-performance range of 0.98—
1.00 was achieved in 2 interactions. This pattern indicates that BLEU is more sensitive to variations in text generation
quality. The ROUGE-1 distribution shows a mean of 0.876 with concentrated clusters at the lower range (0.80—0.84,
frequency 4) and the higher range (0.98—-1.00, frequency 2). In contrast, the ROUGE-2 distribution, with a mean of
0.820, demonstrates a wider spread, with concentrations at 0.75—0.80 (frequency 4) and 0.95-1.00 (frequency 2). These
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distribution patterns suggest that the system exhibits polarized performance, achieving excellent outcomes in certain
cases while maintaining good performance in more challenging scenarios.

A qualitative evaluation of the system responses further highlights strong capabilities in understanding and
addressing diverse types of student inquiries. The system effectively handled factual questions, such as tuition fee
information, with high accuracy, delivering responses that were specific and well-structured. For comparative
questions, such as cross-program tuition comparisons, the system successfully retrieved multiple documents and
synthesized the information in a comparative manner. The responses demonstrated consistency in format and structure,
leveraging templates while maintaining naturalness in communication. Hallucinations were avoided through reliance
on a validated knowledge base, ensuring that all provided information could be verified against the original data sources.
The system also maintained communicative naturalness by adopting a conversational yet appropriately formal style
aligned with the academic context. Nevertheless, certain limitations were identified. The system faced difficulties in
handling questions requiring complex inference or those falling outside the scope of the knowledge base. It also
demonstrated sensitivity to significant variations in phrasing, where linguistically complex queries tended to yield lower
similarity scores. However, no instances of critical failure were observed, as the system did not produce incorrect or
misleading information.

Conclusion

This study successfully developed a chatbot system based on a BERT-RAG architecture integrated with the FAISS
Index to support the information needs of new university students. The evaluation results indicate excellent
performance, with average scores of 0.905 for BERT Similarity, 0.844 for BLEU, 0.876 for ROUGE-1, 0.820 for
ROUGE-2, and 0.871 for ROUGE-L, accompanied by standard deviations below 0.1 across all metrics, demonstrating
high system stability. The novelty of this research lies not only in the implementation of a faculty-based hierarchical
knowledge structure and adaptive multi-domain context mechanism but also in the system’s ability to generate
responses to queries that are not explicitly available in the knowledge base through contextual semantic inference.
This capability indicates that the system is not merely retrieval-based but is also capable of performing context-aware
reasoning and semantic generalization based on the user’s intent and background. Furthermore, the integration of
BERT’s semantic understanding and RAG’s retrieval accuracy effectively addressed the classical trade-off between
factual precision and conversational naturalness commonly found in traditional chatbot systems. The implementation
of the FAISS Index also enabled efficient similarity search within a knowledge base of 543 documents, ensuring
optimal response time for real-time interaction. Correlation analysis across evaluation metrics revealed a strong
alignment between semantic understanding (BERT) and text generation quality (BLEU, ROUGE), with correlation
coefficients ranging from 0.687 to 0.994, demonstrating consistent intent comprehension and high-quality response
generation. Future research directions include expanding the scope of the knowledge base, integrating Large Language
Models (LLMs) for enhanced personalization, and developing emotional support capabilities to address students’
psychological needs. Therefore, this system presents a promising foundation for the development of adaptive
educational chatbots capable of providing 24/7 information services while improving institutional efficiency in higher
education environments.
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