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Abstract: University regulations and announcements at Bursa Technical University
(BTU) are dispersed across PDF files, web pages, and notice boards, causing
information retrieval inefficiencies for students and administrative staff. This
study presents the development and quantitative evaluation of BTU-Chatbot, an
Agentic Retrieval-Augmented Generation (RAG) powered conversational
assistant that consolidates fragmented institutional information into a single
citation-aware dialogue interface. Ninety-seven PDF documents were processed
using PyPDFLoader and regular-expression-based preprocessing, then embedded
into 1536-dimensional vectors using OpenAl’s text-embedding-ada-v2 model and
stored in a 29 MB ChromaDB collection. The vector-based retrieval layer selects
the three most relevant passages per query using cosine similarity search. The
upper layer implements a LangChain-orchestrated multi-agent ReAct loop, in
which the retrieve tool accesses the vector database while the Google search univ
tool performs domain-restricted searches limited to the “*.btu.edu.tr” domain.
GPT-40-mini, with a 128k context window, serves as the generative backbone.
System reliability was measured using the RAGAS metric suite. The best
performing run achieved Context Recall = 0.97, Context Precision =0.99, and F1-
RP (the F1 score of Context Recall and Precision) = 0.954, demonstrating near-
perfect retrieval accuracy. The average cost per query was 6.6x107° USD, with
7.6 s of latency for typical 124-token exchanges. BTU-Chatbot demonstrates that
an Agentic RAG pipeline can deliver source-grounded, citation-attributed answers
to university-specific queries at low operating cost, although further improvements
in generation faithfulness are needed before full deployment.
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1 Introduction

In contemporary artificial intelligence applications, the acceleration of
digital transformation has made instant and accurate access to information crucial
for institutional operations, particularly in higher education environments.
Educational institutions face significant challenges in information dissemination,
where critical documents such as regulations, academic policies, and
administrative procedures are often scattered across multiple platforms and
formats. This fragmentation creates substantial inefficiencies in information
retrieval processes and reduces user satisfaction. The proliferation of institutional
documents in PDF format, combined with the distribution of information across
web portals, creates a complex information landscape that requires innovative
technological solutions.

Recent advances in Large Language Models (LLMs) and Retrieval-
Augmented Generation (RAG) architectures present promising opportunities to
address these information accessibility challenges. RAG systems combine the
contextual understanding capabilities of modern LLMs with external knowledge
retrieval mechanisms, enabling more accurate and verifiable responses to user
queries. The integration of multi-agent frameworks further enhances system
capabilities by enabling complex reasoning workflows and tool utilization. This
research presents the development and comprehensive evaluation of BTU-
Chatbot, a Multi-Agent RAG-based conversational system specifically designed
to address information retrieval challenges at Bursa Technical University. The
system employs a multi-agent ReAct (Reasoning and Acting) framework to
process institutional documents and provide contextually appropriate responses
with verifiable source citations.

Our approach demonstrates how a modern Al architecture can be effectively
adapted to institutional knowledge management requirements while maintaining
reliability and cost-effectiveness. The primary contributions of this work include:
(1) the development of a domain-specific multi-agent RAG architecture optimized
for institutional document processing, (2) a comprehensive quantitative evaluation
using established metrics for RAG system performance, (3) the implementation of
hallucination reduction techniques achieving measurable improvements in
response reliability, and (4) the demonstration of cost-effective deployment
strategies suitable for educational institution budgets.

2 Related Work

2.1 Large language models

Large Language Models (LLMs) are neural networks with billions to trillions
of parameters that acquire general-purpose language understanding and
generation skills through self-supervised pre-training on web-scale corpora. Most
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LLMs are built on the Transformer architecture, whose self-attention mechanisms
enable the model to capture long-range contextual dependencies efficiently.
Introduced by Vaswani et al. in 2017 [1], the Transformer laid the foundation for
subsequent waves of large-scale language models. However, LLMs face several
fundamental limitations that impact their deployment in institutional settings.
Because a model’s parameters are fixed after training, its internal knowledge
quickly becomes outdated, creating temporal gaps between evolving regulations
and the model’s frozen cutoff [2]. Moreover, the facts stored within these
parameters are implicit and source-agnostic, making it nearly impossible to trace
or justify specific claims. Compounding these issues, LLMs can “hallucinate,”
i.e., generate confident yet spurious answers that undermine trust in automated
advice. To overcome these shortcomings, researchers have turned to a variety of
complementary techniques. One approach involves integrating knowledge graphs
(KGs), which provide structured data that can augment the LLM’s knowledge,
enabling it to generate more accurate and explainable responses [3]. By linking
LLMs with KGs, the model can access and utilize external knowledge to support
its claims, making it easier to trace the sources of its outputs. Retrieval-
Augmented Generation (RAG) is another technique that enhances the
transparency and reliability of LLMs [4, 5]. RAG involves retrieving relevant
information from external knowledge sources and incorporating it into the LLM’s
generation process [5]. This allows the LLM to access up-to-date information
without needing to update its internal parameters, which is particularly useful in
scenarios where information evolves rapidly [5]. By examining the retrieved
documents, users can verify the factual accuracy of the LLM’s claims and trace
the origin of the information used [4]. R1-Searcher++ is a framework designed
to train LLMs to adaptively leverage both internal and external knowledge
sources, employing a two-stage training strategy to incentivize dynamic
knowledge acquisition, which can further improve the reliability of RAG systems
[6]. Direct Retrieval-augmented Optimization (DRO) can also synergize
knowledge selection and language models, improving the factuality of LLM
generation in knowledge-grounded tasks [7]. This joint training approach ensures
that the retriever and the LLM work together effectively, enhancing the accuracy
and relevance of the generated content [7]. Meta Knowledge for Retrieval
Augmented Large Language Models is a novel data-centric RAG workflow for
LLMs, transforming the traditional retrieve-then-read system into a more
advanced read-then-retrieve system [8]. This approach constructs meta-
knowledge to determine the most useful knowledge to retrieve, improving the
synthesis of information from large and diverse sets of documents [8]. By
understanding what knowledge is most relevant, the LLM can provide more
accurate and reliable answers, enhancing trust and interpretability [8].
Furthermore, techniques such as BlendFilter can address the challenges of noisy
knowledge retrieval [5]. BlendFilter integrates query generation blending with
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knowledge filtering, improving the accuracy and relevance of the retrieved
information [5]. By filtering out irrelevant or inaccurate information, the LLM
can provide more reliable and verifiable responses, which is crucial in high-stakes
institutional settings [5].

2.2 Retrieval augmented generation framework

Retrieval-Augmented Generation (RAG) extends a large language model by
letting it consult an external knowledge store while generating text, thereby
supplementing the static information encoded in its parameters [ 1]. The canonical
RAG architecture comprises two interacting modules: a retriever, which is a
vector search component that maps the user’s query to a dense embedding and
returns the k most similar passages from a large corpus (e.g., BTU’s regulatory
documents or Wikipedia); and a generator, which is a pretrained LLM that
receives the retrieved passages as additional context and synthesizes the final
answer. The joint probability of generating a response y given an input query X is
formally expressed as:

p(y1x)=>p(zlx)-p(ylx.z), (1)
zeZ
where x represents the input query, y denotes the generated response, z represents
retrieved documents from the knowledge base Z, p (z|x) is the retrieval
probability, and p (¥ | x, z) is the generation probability conditioned on both the
input and the retrieved context.

In effect, RAG combines the LLM’s parametric memory with a dynamic
non-parametric memory supplied by the document store, enabling the model to
ground responses in up-to-date evidence. This design alleviates several core
limitations of standalone LLMs. However, it introduces challenges such as
maintaining retrieval quality and ensuring robustness against noisy inputs [9].
Evaluating these systems requires protocols that assess both retrieval and
generation aspects comprehensively. One key aspect of RAG evaluation is
measuring the accuracy and faithfulness of the generated content [9]. Therefore,
evaluation protocols should include metrics that specifically assess the presence
of hallucinations and the traceability of information to the retrieved sources.

Relevant benchmarks should focus on domain-specific corpora to reflect
real-world applications [9]. For instance, in the medical field, the ability of RAG
systems to accurately process and interlink medical information is critical [3].
Evaluation in this context should involve datasets of medical literature and
ontologies, with metrics that assess the accuracy and reliability of the generated
medical information.

RAGLAB, a modular framework for RAG, offers a research-oriented
platform for evaluating different RAG components and configurations [10]. Such
frameworks can facilitate comprehensive comparisons and help identify the most
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effective strategies for improving retrieval quality and reducing hallucinations.
Consequently, the best evaluation protocols and benchmarks for RAG systems in
high-stakes applications should include metrics for recall, relevance, passage
diversity, hallucination detection, and traceability of citations [9, 10]. These
protocols should be applied to domain-specific corpora and should consider the
interplay of retrieval and generation components, as well as the impact of
different augmentation techniques [3, 7]. Frameworks such as RAGLAB can
facilitate comprehensive comparisons and drive the development of more reliable
and accurate RAG systems [10].

2.3 Multi-agent systems and ReAct framework

The notion of Agentic Retrieval-Augmented Generation (RAG) elevates an
LLM from a passive text generator to an agent that interacts with the external
world and executes tasks via dedicated tools. Within this paradigm, the model
emits, during problem solving, both (i) reasoning steps (intermediate texts that
articulate its train of thought) and (ii) action commands that specify which tool
should be invoked and how. In this way, the model forms its own planning and
decision-making loop. The approach entered the academic literature in 2022
under the name ReAct (Reason + Act) [11]. ReAct is a prompting method that
endows large language models with intertwined reasoning and acting capabilities.
A model following ReAct produces successive blocks labelled “Thought:” and
“Action:”. The Thought segment captures the model’s situational assessment and
internal logic. The Action segment instructs the surrounding system to execute a
concrete operation. Once the model outputs an action in the prescribed format,
the host environment intercepts the command, runs the corresponding tool, and
feeds the observation back to the model. Through this iterative thought-and-
execution cycle, the LLM reaches a solution via multiple steps instead of a single
monolithic response. ReAct’s chief advantage is the higher performance and
reliability it achieves compared with purely chain-of-thought or purely tool-use
methods. In our implementation, the retrieve agent specializes in vector database
queries, while the Google search univ agent handles domain-restricted web
searches.

2.4 Educational chatbots

A chatbot is an artificial intelligence program that engages users in natural
language dialogue, mimicking conversation with a human interlocutor. Advances
in deep learning and natural language processing have matured chatbot
technology. The availability of a retrieval-augmented institutional chatbot affects
student learning outcomes, help-seeking behavior, and course satisfaction
compared with traditional instructor-mediated support [12, 13]. However,
instructor-mediated support provides depth and relational interaction that
chatbots may lack [12]. Al chatbots offer personalized assistance, which
enhances student engagement, autonomy, and satisfaction [12, 14]. Students can
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use chatbots to obtain immediate answers to administrative questions about
course schedules, materials, and assessment processes [15]. Chatbots can assist
students in navigating college websites, predicting cut-off scores based on
academic performance, and providing automated information retrieval services
[16]. To maximize the benefits of Al chatbots, it is essential to integrate them
thoughtfully into the learning environment [17].

Al chatbots should be seen as a supplement to, rather than a replacement for,
traditional instructor-mediated support [12]. A blended approach that combines
the strengths of both Al chatbots and instructor support may be the most effective
way to enhance student learning outcomes, help-seeking behavior, and course
satisfaction [18].

3 Methodology

3.1 Data collection and institutional document corpus

The foundation of BTU-Chatbot rests upon a comprehensive corpus of
institutional documents sourced from Bursa Technical University’s official
regulatory framework. The dataset encompasses 97 PDF documents totalling 465
pages, published between 2003 and 2025, representing the complete set of active
regulations, directives, and procedural guidelines governing university operations.
A detailed statistical breakdown of the document corpus, including its
composition by document type and temporal distribution, is provided in Table 1.

Table 1
Evaluation Dataset Characteristics.

Characteristic Value
Total Documents 97 PDF files
Document Types Administrative (67%), Academic / Student Affair (33%)
Temporal Range 2003-2025
Total Document Length 465 pages
Total Article Count 1,425 individual articles
Language Turkish (institutional documents)

The document collection was systematically acquired from the Electronic
Public Information Management System (KAYSIS), which serves as the official
repository for BTU’s regulatory documents. The corpus composition includes
33% of documents concerning academic and student affairs and 67% covering
administrative or governance topics. Document characteristics reveal significant
structural diversity, with individual documents ranging from 1 to 26 pages in
length (mean p = 4.7). The temporal distribution spans 15 years of institutional
evolution, capturing policy changes, procedural updates, and regulatory
refinements that reflect the university’s development trajectory. Language
consistency is maintained throughout the corpus, with all documents authored in
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Turkish using standardized institutional terminology and formatting conventions.
The segmentation process identified 1,425 regulatory articles (u=15 per
document) using the “MADDE” pattern.

3.2 System architecture and data processing pipeline

The BTU-Chatbot architecture implements a two-phase processing pipeline
that transforms unstructured institutional documents into an intelligent
conversational interface. The system design follows a modular approach that
separates document ingestion, vector indexing, retrieval processing, and response
generation into distinct computational stages.

CONTEXT RETRIEVAL

EMBEDDING MODEL

i COMPLETION

Prompt | —
A

IF NOT FOUND

"THOUGHT + ACTION +
‘OBSERVATION

VECTORDB

RESPONSE

BTU-DOMAINS

Fig. 1 — Two-phase architecture of the BTU-Chatbot approach.

Fig. 1 illustrates the comprehensive system architecture, divided into two
primary phases: Context Retrieval and Response Generation. The Context
Retrieval phase manages the transformation of raw PDF documents into a
searchable vector database, while the Response Generation phase orchestrates the
multi-agent reasoning workflow that produces contextually grounded responses.
The first phase, Context Retrieval, begins with systematic document ingestion
through PyPDFLoader, which extracts textual content while preserving structural
metadata essential for source attribution. Document preprocessing employs
regular-expression-based segmentation using the “MADDE” pattern. Following
segmentation, the OpenAl text-embedding-ada-v2 model transforms each
segment into 1536-dimensional vectors that capture semantic relationships within
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the institutional domain. These embeddings are stored in ChromaDB, a persistent
vector database that implements indexing for efficient similarity search
operations. The database configuration maintains approximately 29 MB of vector
data. The second phase, Response Generation, orchestrates the multi-agent ReAct
framework through LangChain’s orchestration capabilities. When users submit
queries through the interface, the system simultaneously engages both tools. The
retrieve tool performs a vector similarity search against the institutional document
database, while the google search univ tool conducts domain-restricted web
searches limited to the “*.btu.edu.tr” domain for current information. The central
LLM (GPT-40-mini) processes the retrieved context through the ReAct reasoning
loop, generating structured responses that include explicit thought processes, tool
utilization decisions, and observation integration. Final responses include
comprehensive source citations that enable users to verify information
authenticity and access original regulatory documents. The specific versions and
configuration parameters for all system components, including the language
model, embedding model, and vector database, are detailed in Table 2.

Table 2
System Configuration Details.

Parameter Value
Vector Database Configuration
ChromaDB version 0.4.15
Similarity metric Cosine similarity
Vector dimensionality 1536
Collection persistence Local file system
Language Model Configuration
Primary model GPT-40-mini (gpt-40-mini-2024-07-18)
Context window 128,000 tokens
Temperature 0.7
Maximum output tokens 1000
API timeout 60 seconds
Embedding Model Specifications
Model text-embedding-ada-002
Dimensionality 1536
Batch processing 100 documents per request

3.3 Multi-agent ReAct implementation

The multi-agent architecture implements the ReAct framework through
LangChain’s agent orchestration capabilities, enabling systematic reasoning and
tool utilization workflows. The Retrieve tool implements vector similarity search
through the ChromaDB interface, executing k-nearest-neighbor queries with
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k =3 to balance information completeness with context window constraints. The
similarity computation employs the cosine similarity given in (2).
v

gl v’

where ¢ and v represent the query and document embeddings, respectively. The

top k most similar documents are selected based on this similarity metric and
provided as context to the generation component.

similarity(q,v) = (2

The Google search univ tool implements domain-restricted web search
through the Google Custom Search API, limiting results to the “*.btu.edu.tr”
domain space. This restriction ensures information freshness while maintaining
institutional authority and relevance. The tool processes search results through
structured parsing that extracts title, URL, and snippet information for integration
into the reasoning context. The ReAct loop orchestrates these tools through
iterative cycles of reasoning, action execution, and observation processing. Each
cycle begins with the model generating a “Thought” that analyzes the current
state and determines the next action. This process continues until the model
determines that sufficient information has been gathered to produce a
comprehensive response. Memory management within the multi-agent
framework employs ConversationBufferMemory to maintain complete
interaction history. The ConversationBufferMemory object retains the context of
successive queries within each session in its chat history field and feeds it back
to the LLM. This keeps consecutive follow-up questions (e.g., “So what are those
questions?”’) anchored to their context.

3.4 Prompt engineering and constraint implementation

The prompt design implements a structured template system that combines
system instructions, tool definitions, and conversation history into coherent input
representations for the language model. The template architecture enables
consistent behavior across interaction sessions while maintaining flexibility for
diverse query types and complexity levels. System-level constraints enforce
mandatory source citation requirements through explicit prompt instructions that
prohibit response generation without appropriate tool utilization. The constraint
implementation employs conditional generation logic that requires successful
tool execution prior to final answer synthesis. This behavior is formalized as
follows:

P(response| Q, tools_used), if tools_executed;
P(response| Q) = . .
P(no_info_message | Q), otherwise.
The prompt structure incorporates few-shot examples that demonstrate
proper tool usage patterns and citation formatting requirements. These examples
provide behavioral templates that guide model responses toward desired output
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formats while maintaining natural language fluency. The few-shot approach
proves particularly effective for establishing consistent citation formats that
include source document names, article numbers, and relevant excerpts. The
prompt engineering strategy also incorporates domain-specific constraints that
guide the model toward institutional language patterns and formal
communication styles appropriate for regulatory contexts. These constraints help
maintain a professional tone while ensuring that responses align with institutional
communication standards and user expectations.

3.5 Hallucination detection and mitigation

The system adopts a lightweight, two-stage verification pipeline that relies
exclusively on the hand-curated test cases.json file. The first stage passes each
tuple to the EnhancedRagasEvaluator, which converts the data into Dataset
objects and returns four RAGAS metrics: Context Precision, Context Recall,
Answer Relevancy, and most importantly, Faithfulness, defined as:

. |supported_claims|
Faithfulness =

- “)

|t0ta1_c1a1ms|
where the numerator counts claims fully backed by the context. Each metric is
reported on a continuous 0—1 scale, quantifying how closely the answer adheres
to the supporting evidence. The second stage invokes a Hallucination Checker,
which submits the same context-answer pair to GPT-4o0-mini with a forced-
choice prompt that returns a single token “yes” when every claim is supported
and “no” otherwise.

3.6 Performance evaluation framework

The evaluation methodology employs the RAGAS (Retrieval-Augmented
Generation Assessment) framework, which provides comprehensive metrics for
assessing different components of RAG system performance. The RAGAS suite
evaluates retrieval quality, generation faithfulness, response relevance, and
overall system effectiveness through distinct measurement approaches that
enable systematic performance analysis. Context Recall, as shown in (5),
measures the proportion of relevant information successfully retrieved from the
knowledge base relative to the ground-truth requirements.

Context Recall |retrievedﬁrelevantmgroundﬁtruthﬁrelevanq
ontext Recall =

)

| ground_tmth_relevant|

This metric evaluates the completeness of information retrieval, ensuring
that the system successfully identifies all relevant documents needed to answer
user queries. High Context Recall values indicate that the retrieval mechanism
effectively searches the document collection and selects appropriate source
materials.
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Context Precision evaluates the proportion of retrieved information that
proves relevant to the query, measuring the accuracy of the retrieval filtering
process:

Context Precisi |retrieved_relevantmground_truth_relevant|
ontext Precision = .

. (6)

|retr1eved_relevant|

This metric identifies whether the system successfully avoids including

irrelevant or tangential information that might confuse the generation process or

provide misleading context to users. The F1-RP metric combines recall and

precision into a single measure that balances retrieval completeness with
accuracy:

FI.RP—2. Context Recall - Context Preci.si.on ‘ )
Context Recall + Context Precision

Answer Relevancy assesses the semantic alignment between generated
responses and input queries through embedding similarity analysis:

N
Answer Relevancy = % > cos(emb(Q),emb(4,)), (®)
i=1

where Q represents the original query, A; represents generated questions from the
response, and cos denotes the cosine similarity between embedding vectors. This
metric ensures that responses remain focused on user questions rather than
providing tangential or overly broad information. QA,cos

Finally, the four primary scores, Context Recall (R), Context Precision (P),
Faithfulness (F), and Answer Relevancy (V), are combined into a single
harmonic-mean indicator (HM-all) that captures system-wide quality while

penalizing any weak component:
4
HM-all = .
T I 1 I ©)

+ N +
Recall Precision Faithfulness Relevancy

Since the harmonic mean is driven by the smallest term, a low score in any
dimension drags the aggregate down. HM-all therefore answers the practical
question: “Is the system simultaneously good at retrieval, grounding, and
relevancy?” Higher values signal that no single stage constitutes a bottleneck,
whereas a depressed HM-all highlights the need for targeted improvement before
the model can be considered reliably trustworthy. The composite RAGAS score
is computed with the harmonic mean, as this aggregation cannot increase unless
the lowest-performing metric itself improves, thereby preventing high values in
other dimensions from obscuring weak components. By contrast, an arithmetic
mean would permit large scores to mask deficiencies, yielding a less
discriminative assessment of end-to-end system quality. The evaluation
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framework also incorporates cost analysis metrics that assess the economic
viability of system deployment. Token consumption analysis tracks both input
and output token usage across different query types, enabling precise cost
calculations based on current language model pricing structures. Latency
measurements assess user experience quality by monitoring end-to-end response
times across system components.

Having established the methodology for document processing, system
architecture, and performance evaluation, the following section describes the
practical implementation of these components in a deployable web application.

4 Implementation and User Interface

The BTU-Chatbot implementation employs a modern web application
architecture that prioritizes user experience and institutional security
requirements. The system integrates multiple technological components to
deliver a cohesive conversational interface that supports complex institutional
query workflows while maintaining responsive performance across diverse
device platforms.

4.1 Frontend architecture and user interface design

The frontend implementation utilizes React.js with contemporary functional
component patterns and hooks-based state management to create an intuitive
conversational interface optimized for institutional users. The component
architecture implements responsive design principles that ensure consistent
functionality across desktop computers, tablets, and mobile devices,
accommodating the diverse technology preferences of university stakeholders.

urum Dederlendirmesi

s yme sibileim?

evamsiziiian ksl birieme srwana girekil miym

i afoncla Ise veya D notu akdysanez,

o bigsayar i skadi kckos ko bt

Fig. 2 — BTU-Chatbot user interface.
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Fig. 2 demonstrates the complete user interface design, showcasing the
multi-session conversation management system that enables users to maintain
concurrent discussions across different regulatory topics. The interface design
incorporates Material Design principles with customizable themes (light and dark
mode).

The conversation interface implements several advanced features that
enhance user productivity and information verification. The multi-session
management system allows users to view conversations by topic, with automatic
session titling based on conversation content and manual editing capabilities for
user customization.

Citation integration represents a critical interface feature that distinguishes
BTU-Chatbot from generic conversational systems. Source references appear as
interactive elements within the response text, enabling users to directly access
referenced document sections through embedded PDF viewers or external links.
This bidirectional linking system supports institutional accountability
requirements and enables users to verify information accuracy through primary
source consultation.

The responsive design implementation ensures optimal performance across
screen resolutions, from 320 px mobile devices to 2560 px desktop displays. The
component hierarchy utilizes CSS Grid and Flexbox layouts for adaptive content
organization, while progressive loading strategies minimize initial page load
times and optimize perceived performance for users with varying network
connectivity.

4.2 Authentication and security implementation

User authentication is integrated with Firebase Authentication services to
provide enterprise-grade security appropriate for institutional deployments. The
authentication system restricts access to verified university email addresses (the
btu.edu.tr and @ogr.btu.edu.tr domains), ensuring that system usage remains
limited to authorized university personnel and students.

The registration process implements multi-factor verification through email
confirmation workflows that prevent unauthorized account creation while
maintaining user convenience. Account verification must be completed within
defined time limits (5 minutes), after which unverified accounts are automatically
purged to maintain database hygiene and security standards.

Session management employs secure token-based authentication with
automatic expiration and renewal mechanisms that balance security requirements
with user convenience. All user interactions are encrypted during transmission
using HTTPS protocols, while conversation data receives AES-256 encryption
before storage in Firestore databases.
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4.3 Backend services and API architecture

The backend service layer implements RESTful API patterns through
FastAPI, providing asynchronous request handling capabilities that support
concurrent user sessions without performance degradation.

Database operations utilize a hybrid storage approach that optimizes
different data types for their specific access patterns. Firestore manages user
authentication, session metadata, and conversation histories with real-time
synchronization capabilities, while ChromaDB handles vector storage and
similarity search operations with specialized indexing optimized for dense vector
retrieval.

4.4 Deployment infrastructure and scalability

The deployment strategy leverages cloud infrastructure services to ensure
system availability and performance. Amazon Web Services EC2 instances host
the backend processing services with configurations optimized for vector
operations and language model inference. The frontend deployment utilizes
Vercel’s content delivery network to minimize latency.

With the system fully deployed and operational, the following section
presents the experimental results obtained through systematic evaluation of all
architectural components.

5 Experimental Result and Analysis

5.1 Dataset characteristics and processing metrics

The experimental evaluation utilized a corpus of 97 institutional documents
from Bursa Technical University, encompassing regulations, directives, and
procedural guidelines published between 2003 and 2025. The document
collection represents approximately 29.1 MB of raw text content, segmented into
1,425 individual articles through automated parsing procedures. The document
processing pipeline achieved complete extraction success rates across all PDF
sources, with no significant extraction errors requiring manual intervention.
Vector embedding generation produced 1536-dimensional representations for
each segment. The embedding generation process was completed using OpenAl’s
text-embedding-ada-v2 API. ChromaDB persistence mechanisms successfully
maintained index integrity across system restart cycles, confirming operational
reliability for production deployment scenarios.

5.2 Retrieval performance analysis

The retrieval subsystem evaluation employed systematic testing across five
independent experimental runs, each incorporating different configuration
parameters and model settings. The evaluation methodology assessed both
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retrieval accuracy and computational efficiency across diverse query types and
complexity levels.

Recall, Precision, Faithfulness, Answer Relevancy
10

W Recall
B Precision
W Faithfulness

0.8 1 H Relevancy

0.6 4

Score

0.4

0.2

0.0-
Fig. 3 — Comparison of basic metrics across runs.

Fig. 3 presents a comprehensive comparison of the four fundamental
RAGAS metrics across all experimental runs. The visualization demonstrates the
consistent excellence of retrieval performance, with Recall and Precision
maintaining values between 93 % and 99 % across all studies, indicating that
required documents were identified almost completely and appropriate fragments
were selected accurately. Faithfulness emerges as the weakest component,
revealing the presence of hallucination or incomplete information in responses,
while Answer Relevancy shows moderate levels, suggesting medium to good
conceptual overlap between responses and queries. Context Recall performance
was consistently high across all experimental conditions, with values ranging
from 0.85 to 0.97. The mean Context Recall of 0.932 (¢ = 0.044) indicates robust
retrieval capabilities that successfully identify relevant information sources for
the majority of user queries. Context Precision achieved exceptional performance
levels, with all experimental runs exceeding 0.95 and a maximum observed value
0f 0.99. The mean Context Precision of 0.978 (¢ = 0.014) demonstrates effective
filtering of irrelevant content and suggests that the embedding model successfully
captures semantic relationships within the institutional domain. The combined
F1-RP metric achieved a maximum value of 0.980, with a mean across all runs
of 0.9542 (o = 0.031). These results indicate balanced performance between
recall and precision objectives, suggesting that the retrieval system successfully
optimizes both information completeness and accuracy simultaneously.
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For a complete run-by-run breakdown of all evaluated RAGAS metrics,
including F1 scores and the harmonic mean (HM-all), see the detailed retrieval
performance tables in Table 3 and Table 4, respectively.

Table 3
Retrieval Performance by Query Category.

ran [Gome Comtot rtntnes A |1 v oo
Run-1| 0.850 0.950 0.151 0.580 0.897 | 0.238 | 0.377 0.50 20,
Run-2| 0.930 0.980 0.330 0.730 0.954 | 0.455 | 0.616 0.50 60
Run-3| 0.970 0.990 0.150 0.560 0.980 | 0.237 | 0.381 0.65 69)
Run-4 | 0.970 0.990 0.150 0.560 0.980 | 0.237 | 0.381 0.54 73
Run-5| 0.970 0.980 0.180 0.460 0.960 | 0.259 | 0.408 0.50 60

Table 4
Computational Performance Metrics.

Run | # MeTa(r)lkI:nput Mez}lflo:():ntput M?:k:::tal :00122:1 Mean Cost |Total Cost|
Run-1|20 30.05 128.20 158.25 3165 0.000081 | 0.00162
Run-2 | 60 31.52 152.90 184.41 11065 | 0.000096 | 0.00576
Run-3 |69 20.07 118.78 136.86 9588 0.000074 | 0.00511
Run-4 |73 20.07 120.04 140.12 10229 | 0.000075 | 0.00548
Run-5 |60 31.52 104.52 136.03 8162 0.000067 | 0.00402

Table 5 summarizes the descriptive statistics and 95% confidence intervals
for all RAGAS metrics across the five experimental runs. To quantify the
reliability of these estimates, confidence intervals were computed using the t-
distribution as follows:

Table 5
Descriptive Statistics and 95 % Confidence Intervals for
RAGAS Metrics Across Five Experimental Runs.

Metric Mean SD 95% CI Lower | 95% CI Upper | CV%
Context Recall 0.938 0.052 0.873 1.003 5.6
Context Precision 0.978 0.016 0.958 0.998 1.7
Faithfulness 0.192 0.078 0.095 0.289 40.6
Answer Relevancy 0.578 0.097 0.457 0.699 16.8
F1-RP 0.954 0.034 0.912 0.996 3.6
HM-all 0.433 0.103 0.304 0.561 23.9

s

= 10
In (10)

CI=%Xtt,,,,
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where x is the sample mean, s is the sample standard deviation, n is the number
of experimental runs, and 4,1 is the critical value from the #-distribution with
n—1 degrees of freedom at a significance level a = 0.05 (forn =5, t).0254 = 2.776).
Context Precision yielded the tightest interval [0.958, 0.998], reflecting highly
consistent retrieval filtering across all runs (CV = 1.7%). Context Recall showed
similarly stable performance [0.873, 1.003] with a coefficient of variation of
5.6%. In contrast, Faithfulness exhibited the widest confidence interval [0.095,
0.289] and the highest coefficient of variation (CV =40.6%), confirming that
generation grounding is not only low on average but also highly unstable across
experimental conditions. Answer Relevancy showed moderate variability
(CV =16.8%), suggesting sensitivity to query formulation differences across
runs. It should be noted that with n = 5 experimental runs, these confidence
intervals are necessarily wide and should be interpreted as indicative rather than
definitive estimates; larger-scale replication with additional runs and a broader
question set would strengthen these statistical conclusions.

xsnt,;, , n—1lo=0.05n=5¢, 5, =2.776.
Fig. 4 illustrates the relationship between the harmonic mean of all four

fundamental metrics (HM-all) and the actual accuracy rate (1-hallucination rate)
across experimental runs.

Comparison of HM-all and Answer Correctness
10

—8— HM-all
Answer Correctness

0.8 1

0.6 4

>

0.2 A

Score

0.0

Run-1 Run-2 Run-3 Run-4 Run-5
Fig. 4 — Relationship between HM-all and Answer Correctness.

This analysis demonstrates whether the comprehensive HM-all score
correlates with the accuracy rate that users experience. Notably, Run-3 achieved
the highest answer correctness despite relatively low HM-all scores, attributable
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to the reduction in hallucination rate to less than 38%. This parallel relationship
suggests that improving Faithfulness and reducing hallucinations will enhance
both HM-all scores and overall accuracy.

5.3 Generation quality and faithfulness assessment

Response generation quality assessment employs comprehensive evaluation
across multiple dimensions, including factual accuracy, source grounding, and
response completeness. The evaluation process incorporated both automated
metrics and systematic manual review to ensure comprehensive assessment
coverage.

Run-2 Faithfulness Distribution

0.8

Faithfulness Score
o
o

14
»

0.2+

0.0 4 —

Fig. S — Distribution of Faithfulness and outliers.

Fig. 5 presents a box-and-whisker plot displaying the distribution of
faithfulness scores from the Run-2 test results. The visualization reveals that the
median value is approximately 0.33, indicating that most responses demonstrate
moderate or low faithfulness to source documents. The upper whisker extends to
1.0, suggesting that some responses achieved complete accuracy when the system
successfully utilized the most reliable reference sources. Outlier points represent
system queries that achieved optimal source utilization and response reliability.
Faithfulness scores demonstrated significant variation across experimental
conditions, with values ranging from 0.15 to 0.33. The observed mean of 0.192
(0 =0.069) indicates a critical weakness in response grounding. This low score
implies that a significant majority of generated responses are not fully supported
by the retrieved context.

Several architectural and domain-specific factors likely contribute to this low
faithfulness. First, the RAGAS faithfulness metric performs claim-level
verification: it decomposes each generated response into individual claims and
checks whether each claim is explicitly supported by the retrieved context. When
the system retrieves only the three most similar passages (k = 3), the retrieved
context may cover the core answer but omit peripheral details that the language
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model, drawing on its parametric memory, nonetheless includes in its response.
These parametric additions are flagged as unsupported claims even when they are
factually correct, systematically depressing the faithfulness score. Second, the
institutional documents are written in Turkish, while the RAGAS evaluation
pipeline operates primarily through English-language LLM reasoning. This
cross-lingual verification step may introduce misalignments between the
semantic content of retrieved Turkish passages and the English-language claim
decomposition process, further reducing faithfulness scores. Third, the generative
model (GPT-40-mini) is prompted to produce comprehensive, citation-rich
responses. Longer and more elaborate responses naturally contain a greater
number of individual claims, increasing the probability that at least some claims
will lack direct contextual support.

Beyond metric methodology, a qualitative inspection of hallucinated
responses reveals three recurring patterns. The first pattern is context boundary
violations: the model correctly identifies the relevant regulatory article but
extends its answer beyond what the retrieved passage explicitly states, inferring
procedural implications that are not textually present. The second pattern is
temporal extrapolation: when queried about deadlines or dates, the model
occasionally generates plausible but unverified dates, particularly for documents
whose temporal metadata was incomplete or ambiguous during ingestion. The
third pattern is cross-document conflation: in queries requiring synthesis across
multiple regulatory articles, the model sometimes merges conditions from two
separate articles into a single response, producing a composite answer that is not
directly supported by any single retrieved passage. These three patterns
collectively suggest that hallucinations in BTU-Chatbot are primarily a result of
generative overreach rather than retrieval failure, consistent with the near-perfect
retrieval scores observed across all runs.

Similarity-Score Histogram
Hallucinated vs Non-Hallucinated Examples

I No Hallucination
1 EEm Hallucination

@

~

Density (Probability)

0.0 0.2 0.4 0.6 0.8 1.0
Answer Relevancy (Cosine)

Fig. 6 — Comparison of similarity-score histograms with and without hallucinations.

245



T.T. Bilgin, Y.E. Giil, Y.A. Akgiin

The horizontal axis (x-axis) represents answer relevancy, operationalized as
the cosine similarity between the embedding of the model-generated answer and
that of the corresponding ground-truth answer. Scores span the closed interval
[0, 1], where 1 denotes perfect semantic alignment and 0 indicates no directional
overlap. The vertical axis (y-axis) depicts the probability density of these
similarity scores rather than raw counts. The histogram has therefore been
normalized so that the total area under each distribution integrates to unity,
allowing the relative prevalence of hallucinated and non-hallucinated instances
to be compared on a common scale regardless of sample size differences. Fig. 6
compares the distribution of similarity scores between hallucinated and non-
hallucinated response examples through overlapping histograms. The analysis
reveals that most non-hallucinated examples are concentrated in the 0.80 to 1.00
range. A considerable portion of the hallucinated samples are also concentrated
in the 0.85-and-above interval, and an accumulation is further observed around
0.0. This indicates that a high similarity score alone does not guarantee that the
answer is free of hallucination. Answer Relevancy metrics achieved moderate
performance levels, with mean scores of 0.578 (o = 0.086) across experimental
conditions. The observed variance suggests sensitivity to query formulation and
domain specificity, with higher scores achieved for queries that closely match
document vocabulary and structure patterns. The harmonic-mean composite
metric (HM-all) achieved values ranging from 0.377 to 0.616, with an overall
mean of 0.4346 (o =0.092). These results indicate balanced but improvable
performance across the complete evaluation framework, with faithfulness
limitations serving as the primary constraint on overall system effectiveness.

5.4 Computational efficiency and cost analysis

The cost analysis framework evaluated both computational resource
requirements and API usage costs across different language model
configurations. The evaluation considered input token consumption, output token
generation, and processing latency as primary efficiency indicators. The
monetary component of this evaluation is expressed in the equation below, which
scales raw token counts to the vendor’s 1,000-token pricing granularity.

n, n
Cost, =—02(C +—2C 11

query 1000 in 1000 out ( )

where ni, is the number of input tokens, no is the number of output tokens, Ci,

is the price per 1,000 input tokens, and Coy is the price per 1,000 output tokens

quoted by the API provider.n, n C, C,, .

m" “out

Fig. 7 demonstrates token consumption patterns across different experimental
runs and model configurations. The visualization clearly shows that output tokens
constitute the major portion of each request, as evidenced by the substantial
orange sections in each bar. This pattern confirms that output token generation
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represents the primary driver of both cost and latency in the system architecture.
Token consumption analysis revealed mean input token counts of 26.6 per query
(6=5.39). Output token generation averaged 124.8 tokens per response
(c=15.9).

Average Token Usage by Run
Input Tokens
175 s Output Tokens

184
172
158
150
139 140 136
1251
100
75+
50+

Run-1 Run-2 Run-3 Run-a Run-5 Gemini

Average Tokens

Fig. 7 — Token usage differences by runs and models.

Fig. 8 presents latency measurements across different runs and model
configurations, demonstrating a direct relationship between total token count and
processing delay.

Average Latency by Run

10 9.77s

9.02s
8.70s

6.09s

Average Latency (s)

Run-1 Run-2 Run-3 Run-4 Run-5 Gemini

Fig. 8 — Comparison of latency metrics across runs and models.

The visualization confirms that response generation and thought processing
consume the majority of processing time. API cost calculations based on OpenAl
GPT-40-mini pricing demonstrated a mean per-query cost of 6.6x10°> USD,
suggesting economically viable operation for institutional deployment scenarios.
The cost structure analysis revealed that output token generation represents
approximately 80% of total API costs, highlighting the importance of response
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length optimization for cost management. Processing latency measurements
indicated mean end-to-end response times of 7.6 seconds (o= 1.609),
encompassing retrieval operations, generation processing, and hallucination
verification. The precise mean token counts, total consumption, and cost
calculations for each of the five experimental runs are itemized in the
computational performance section in Table 3 and Table 4, respectively.

The cost analysis reveals strategic implications for model selection: “Flash”
or “Mini” variants prove optimal for scenarios requiring low latency and brief
responses, while GPT or Claude models demonstrate superior performance for
applications demanding comprehensive response quality. Comparative analysis
across different language model configurations demonstrated significant cost
variations, with premium models exhibiting 5 to 15 times higher per-token costs
while achieving only marginal improvements in faithfulness and relevance
metrics. These findings suggest that model selection strategies should carefully
balance cost considerations with performance requirements based on specific
deployment contexts and quality thresholds. This cost-performance trade-off is
further illuminated by an examination of current pricing strategies across the
language model market. As illustrated in Figs. 9 — 12, significant price disparities
exist among leading providers such as DeepSeek, OpenAl, Google, Anthropic,
Mistral, and Cohere. For instance, premium models such as Anthropic’s Claude
3 Opus feature output costs exceeding $70 per million tokens, while more
economical “mini” or “flash” alternatives, such as the GPT-40-mini used in this
study, present a viable option. Likewise, the output cost for Google’s Gemini 2.5
Pro is markedly higher than that of the “Flash” versions within the same model
family. This landscape underscores the criticality of model selection for budget-
constrained projects and highlights the tiered pricing structures offered even
within a single provider’s portfolio.

DeepSeek Model Prices
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Fig. 9 — Comparison of input/output token metrics for DeepSeek.
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OpenAl Model Prices
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Fig. 10 — Comparison of input/output token metrics for different OpenAl models.

Google Gemini Model Prices
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Fig. 11 — Comparison of input/output token costs for different Google Gemini models.

Anthropic, Mistral & Cohere Model Prices
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Fig. 12 — Comparison of input/output token costs for different LLM models.
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Fig. 13 facilitates a more strategic comparison by consolidating models with
costs under $10 per million tokens. This aggregated view confirms that models
designated as “Flash” (Gemini), “Mini” (GPT), and “Haiku” (Claude) are optimal
for scenarios where low latency and cost are primary considerations. A further
consistent finding across all charts is that output tokens are almost universally
more expensive than input tokens. This observation reinforces our earlier analysis
that the length of the model-generated response is the primary driver of both cost
and latency in the system architecture. Consequently, for institutional
applications such as BTU-Chatbot, optimizing response length emerges as a
critical strategy for ensuring both economic sustainability and a positive user
experience.

Taken together, these experimental findings reveal a clear performance
asymmetry between the retrieval and generation components of the system, the
implications of which are examined in detail in the following section.

Input and Output Prices (Output = $10/1M Token)

10 Input $/1M tak
_— Output $/1M ok

UsD /1M Token

Fig. 13 — Comparison of latency metrics across runs and models.

6 Discussion

6.1 System performance and limitations

The experimental results demonstrate that BTU-Chatbot achieves strong
performance in information retrieval accuracy while facing significant challenges
in response generation reliability. The exceptional Context Recall and Context
Precision values (0.97 and 0.99, respectively) confirm that the vector-based
retrieval mechanism successfully identifies relevant institutional documents with
high accuracy. However, the substantially lower Faithfulness scores
(mean = 0.1922) reveal persistent challenges in maintaining factual grounding
during response generation.
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Furthermore, the analysis of generation quality reveals a critical limitation in
relying solely on semantic similarity metrics for evaluation. Fig. 6 illustrates this
paradox clearly: while non-hallucinated examples consistently score high in
Answer Relevancy, a significant portion of hallucinated responses also cluster in
the high-similarity range (0.85 and above). This indicates that an answer can be
semantically and stylistically very close to the ground truth, perhaps differing
only in a critical date, number, or specific term, and still be factually incorrect.
For example, a response stating a deadline of ‘May 25th’ may be semantically
very similar to the correct answer of ‘May 15th,” yet its factual inaccuracy is what
truly matters to the user. This overlap implies that metrics such as Answer
Relevancy, while useful for gauging contextual appropriateness, are insufficient
on their own for verifying the factual reliability of a system. It reinforces why
metrics such as Faithfulness are essential and highlights the need for evaluation
protocols that move beyond semantic similarity to perform more stringent, claim-
by-claim verification against the source documents. This finding suggests that a
truly reliable RAG system must not only be relevant but, more importantly,
verifiably accurate, a challenge that remains central to future research.

The low faithfulness scores are therefore best understood not solely as
evidence of hallucination, but as a consequence of the interaction between three
factors: the strict claim-level scoring methodology of RAGAS, the cross-lingual
nature of the evaluation pipeline, and the verbosity of GPT-40-mini responses
under the current prompt configuration. This interpretation is supported by the
Answer Correctness scores in Table 3, which remain considerably higher than
Faithfulness across all runs, indicating that the system frequently produces
factually correct answers that nonetheless receive low faithfulness scores due to
unsupported peripheral claims.

The observed performance pattern suggests a fundamental asymmetry
between retrieval capabilities and generation quality that characterizes current
RAG system implementations. While dense vector representations effectively
capture semantic relationships within an institutional document corpus, the
language model component struggles to maintain strict adherence to the retrieved
context during response synthesis. The current hallucination rate and faithfulness
metrics therefore remain insufficient to ensure full factual reliability.

On the other hand, the cost and efficiency analysis reveals encouraging
results for institutional deployment. With a per-query cost of 6.6x107° USD and
a 7.6-second average response latency, the system demonstrates economic
viability for educational institutions with limited technology budgets. While the
latency is acceptable for many use cases, it may require further optimization for
scenarios demanding immediate information access.

A limitation of the current evaluation design is the absence of a stratified
analysis by question type. The test sets across runs contain varying numbers of
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questions (20 to 73) drawn from different regulatory categories, but the
evaluation framework does not systematically disaggregate performance by
question complexity or document type. Future work should construct a balanced
evaluation set with explicit question-type stratification, distinguishing, for
example, between factual lookup queries, multi-article synthesis queries, and
procedural questions, to enable a more granular understanding of where retrieval
and generation failures concentrate.

Given these limitations in reliability, future work should prioritize more
robust mitigation strategies. These strategies could include pre-validating
generated claims against a structured knowledge graph extracted from
institutional documents, or incorporating a human-in-the-loop review process for
sensitive queries to guarantee factual accuracy before delivering answers to the
end user.

6.2 Architectural insights and design implications

The multi-agent ReAct architecture demonstrated effective tool coordination
and reasoning capabilities, successfully integrating vector database retrieval with
domain-restricted web search to provide comprehensive information coverage.
The tool selection mechanisms functioned as designed, appropriately choosing
retrieval sources based on query characteristics and information availability. The
domain restriction strategy for web search (limiting to “*.btu.edu.tr””) proved
effective in maintaining information authority while enabling access to current
institutional announcements and updates not yet incorporated into the static
document collection. This hybrid approach addresses temporal limitations
inherent in static knowledge bases while preserving institutional credibility and
relevance. The prompt engineering strategies employed in this study successfully
established behavioral constraints that guided model responses toward desired
output formats and citation requirements. However, the persistence of
hallucination issues suggests that prompt-based constraints alone are insufficient
for ensuring complete factual reliability in specialized domains. The modular
system architecture enabled effective separation of concerns and facilitated
independent optimization of retrieval and generation components. This design
approach proved valuable during experimental iterations and suggests that similar
architectural patterns would benefit related research and development efforts.

6.3 Implications for educational technology

The demonstrated capabilities of BTU-Chatbot suggest significant potential
for improving information accessibility in educational institutions facing similar
document management and information retrieval challenges. The system’s ability
to provide source-attributed responses addresses key requirements for
institutional accountability and verification needs. The cost-effectiveness
analysis indicates that RAG-based conversational systems can provide valuable
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services within typical educational technology budgets, potentially
democratizing access to advanced Al capabilities for institutions with limited
resources. The observed per-query costs suggest that such systems could support
thousands of daily interactions while maintaining reasonable operational
expenses. The user experience improvements demonstrated through the multi-
session interface and citation tracking capabilities represent meaningful advances
in educational technology interfaces. These features address common user
workflows in institutional settings and suggest design patterns applicable to
broader educational software development efforts. The evaluation methodology
developed for this study provides a replicable framework for assessing similar
systems, contributing to standardization efforts in educational Al system
evaluation. The RAGAS-based assessment approach offers objective metrics that
enable comparison across different implementations and architectural
approaches.

Although BTU-Chatbot was developed and evaluated within the specific
institutional context of Bursa Technical University, the underlying architecture is
designed with adaptability in mind. The document ingestion pipeline accepts
standard PDF input, the vector database is institution-agnostic, and the domain-
restricted web search tool can be reconfigured for any institutional domain.
Scaling the system to a larger university with a broader document corpus would
primarily require additional embedding storage and may benefit from hierarchical
retrieval strategies to manage increased index size. Adapting the system to a
different institution involves three main steps: (1) replacing the document corpus
with the target institution’s regulatory documents, (2) updating the domain
restriction parameter in the web search tool to match the target domain, and (3)
rerunning the embedding pipeline. The modular architecture therefore positions
BTU-Chatbot as a transferable template for institutional RAG deployment rather
than merely a single-institution solution. Future work will empirically validate
this claim by testing the architecture against corpora from institutions with
different languages, document structures, and regulatory frameworks.

6.4 Future research directions

Several promising research directions emerge from the limitations and
opportunities identified in this study. The faithfulness challenges suggest
investigating alternative generation approaches that enforce stricter adherence to
retrieved context, potentially through constrained generation techniques or
retrieval-augmented fine-tuning approaches. A critical priority is the
development of more advanced hallucination detection mechanisms tailored for
regulatory text. This could involve machine learning models trained on
institutional fact-checking patterns or the creation of a knowledge graph to
validate relationships between entities and procedures mentioned in responses.
Additionally, addressing the three hallucination patterns identified in this study,
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namely context boundary violations, temporal extrapolation, and cross-document
conflation, calls for targeted mitigation strategies. Context boundary violations
could be reduced by implementing output length constraints tied to the retrieved
passage length. Temporal extrapolation errors could be mitigated by enriching
document metadata during ingestion to flag date-sensitive articles for stricter
grounding requirements. Cross-document conflation could be addressed through
a post-generation verification step that checks each synthesized claim against its
attributed source passage individually before the final response is delivered to the
user. Integrating these techniques with constrained generation that strictly limits
the model’s vocabulary to the retrieved context could significantly improve
faithfulness.

7 Conclusion

This research presented BTU-Chatbot, an Agentic RAG system designed to
consolidate and streamline access to Bursa Technical University’s institutional
information. The study confirms that such an architecture can effectively tackle
information fragmentation in a university setting. Our evaluation demonstrates a
key performance dichotomy: the system achieves near-perfect retrieval accuracy,
with Context Recall and Precision scores of 0.97 and 0.99, respectively, ensuring
that relevant documents are almost always found. However, this strength is
contrasted by a significant weakness in generation reliability. The multi-agent
ReAct framework proved successful for complex query processing, and the
system is economically viable for institutional budgets. The primary contribution
of this work is the detailed demonstration of both the promise and the current
pitfalls of deploying Agentic RAG in a specialized, high-stakes domain. While
BTU-Chatbot is a valuable step forward, achieving the level of factual
faithfulness required for full deployment remains a critical challenge for future
research.
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