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Abstract

Background: This study develops an open-source large language model-based chatbot tailored for Korean health consulta-
tions. The chatbot was implemented using the retrieval-augmented generation (RAG) technique alongside metadata filtering to
enhance its performance.

Objective: This study aims to analyze and compare the performance of a RAG-based chatbot with other leading language
models in the context of Korean health consultations.

Methods: A 104 GB Korean medical document corpus (487,277 segments) was constructed from official websites of
major Korean hospitals, public health sources, and medical textbooks. This study quantitatively compared 5 open-source
large language models (Qwen3:4B, Mistral:7B, Llama-3.1:8B, Gpt-Oss:20B, and Gemma3:27B) in 3 configurations: baseline
(model only), RAG-only, and RAG with metadata filtering. The RAG system used a specialized Korean embedding model
(upskyy/bge-m3-korean) and an Elasticsearch store. Performance was assessed by an emergency medicine specialist using a
validation set of 226 questions across 7 common diseases and scoring responses based on accuracy, safety, and helpfulness.

Results: The application of RAG alone failed to yield statistically significant performance improvements and, in some cases
(Llama 3.1: 8B and Gemma 3: 27B), resulted in decreased scores. However, the combination of RAG with metadata filtering
yielded statistically significant (P<.05) performance increases in most models. Notably, the average score for Mistral:7B
increased from 3.79, SD 0.08, to 4.10, SD 0.10, and Gpt-Oss:20B increased from 4.43, SD 0.05, to 4.51, SD 0.04, with
the latter achieving the highest safety score (4.61, SD 0.03). The Gemma3:27B model, which possessed a high baseline
performance (4.42, SD 0.03), was an exception, exhibiting no significant improvement (P=.14) even with filtering.

Conclusions: The effectiveness of RAG for specialized domains such as Korean medical consultation is highly dependent on
a metadata filtering process that controls the quality of retrieved information; simple information augmentation is insufficient.
Furthermore, the benefit of RAG is limited when a model’s intrinsic knowledge (eg, Gemma3:27B) already meets or exceeds
the quality of the external knowledge base. This finding indicates that performance enhancement strategies must account for
both the retrieval mechanism’s quality and the model’s preexisting capabilities.
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Introduction

Background

With the rapid advancement of artificial intelligence (Al),
medical chatbots are playing an increasingly pivotal role
in providing personalized health care consultations and
managing patient data [1,2]. However, despite the overall
progress of large language models (LLMs), a performance
gap between English and Korean persists, as technical
breakthroughs in high-resource languages do not inherently
transfer to midresource languages such as Korean [3,4]. These
limitations act as structural constraints when directly applying
general-purpose LLMs to the Korean health care environ-
ment, particularly in their failure to sufficiently reflect local
medical systems, legal regulations, and ethical standards [5,
6].

Concurrently, South Korea’s medical ethics, guidelines,
and legal norms are closely integrated with highly stand-
ardized prescription and treatment protocols, which are
intrinsically linked to the National Health Insurance
reimbursement system, licensing requirements, and clinical
guidelines from professional societies [7,8]. Consequently,
standardized procedures and criteria often carry more weight
than individual clinical discretion [9]. As a result, rec-
ommendations from general-purpose GPT-based models—
primarily trained on United States or European guidelines—
may conflict with Korean regulations, potentially suggesting
interventions that are prohibited, not covered by insur-
ance, or legally sensitive [10-12]. Such discrepancies pose
significant risks, including information errors, misdiagno-
sis, and institutional misalignment, thereby compromising
both patient safety and legal liability [13,14]. This misalign-
ment represents a substantial barrier, revealing the structural
limitations of applying general LLMs directly to the Korean
health care context.

Furthermore, Korean medical inquiries are characterized
by patients describing their symptoms, progress, and concerns
in detailed narrative forms [15,16]. A primary challenge for
medical chatbots is accurately extracting clinically essential
information from such verbose text and matching it with
the appropriate Korean medical guideline documents [17,18].
Specifically, as Korean is an agglutinative language with
high morphological complexity —where medical vocabulary
consists of a mixture of Hanja, loanwords, and native Korean
terms —specialized text processing and retrieval technologies
optimized for the Korean language are required [19,20].

Current LLM-based medical chatbots, including commer-
cial models, primarily rely on pretrained internal knowledge.
This often leads to “hallucinations” —generating factually
incorrect information—and a failure to ensure reliability
based on the latest domain-specific evidence [21,22].
Specifically, when consultation content pertains directly
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to a specific country’s insurance standards, local medical
systems, or locally used products and ingredients, simple
learning-based response mechanisms struggle to guarantee
the precision and up-to-dateness required for medical safety
[10]. To address these limitations, the ecosystem has recently
shifted toward state-of-the-art open-source LLMs such as
Llama 3 (Meta), Mistral (Mistral Al), and Gemma (Goo-
gle LLC), which allow for higher levels of customiza-
tion, including on-premises deployment, domain-specific
fine-tuning, and enhanced data privacy [23]. Nevertheless,
even high-performance open-source models require archi-
tectural reinforcement, such as systematic integration with
external knowledge, to ensure accuracy and safety in
the medical domain. In this context, retrieval-augmented
generation (RAG) is emerging as a promising solution [24].
By using dense retrieval techniques and Korean-specific
embedding models, RAG enables chatbots to access refined
medical databases, allowing this study to focus on generat-
ing fact-based responses grounded in prevalidated medical
literature, guidelines, and local regulations [25].

However, RAG alone faces limitations in sufficiently
processing the unique characteristics of Korean medical
inquiries. As these inquiries are often long and narra-
tive, with the patient’s core intent frequently obscured by
peripheral context (such as emotions or treatment experi-
ences), simple vector similarity-based retrieval often fails
to select the most appropriate evidence documents [26].
As a sophisticated enhancement to overcome this, meta-
data filtering has been proposed. This approach involves
the LLM extracting structured metadata—such as clinical
department, disease category, age group, and specific drugs
or procedures—from the query and filtering the database
accordingly before the retrieval stage, thereby narrowing the
search space [27]. This ensures that the system performs
retrieval and generation only on the most relevant subsets of
documents, which significantly improves response accuracy
and consistency, especially for complex, multistep medical
questions [28]. Despite these developments, there is a lack
of empirical research systematically comparing and evaluat-
ing the performance of various open-source LLM architec-
tures that combine RAG with metadata filtering within the
Korean medical context [29]. Furthermore, benchmarks and
evaluation frameworks that reflect the unique characteristics
of Korean medical inquiries are not yet sufficiently estab-
lished [30]. We identified a research gap that necessitates an
empirical validation of open-source LLM-based architectures
integrating RAG and metadata filtering to design safe and
reliable medical chatbots tailored to the Korean health care
environment.

Objectives

Therefore, we aimed to develop and comparatively eval-
vate a Korean medical consultation chatbot architecture
that integrates RAG with LLM-based metadata filtering
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to better align responses with Korean clinical informa-
tion needs and locally grounded evidence. We constructed
a Korean medical document corpus (104 GB; 487,277
segments) and implemented an RAG pipeline using a
Korean-specialized embedding model with an Elasticsearch-
based retriever, augmented by metadata filtering that
extracts structured clinical cues (eg, disease-, symptom-, or
drug-related signals) to narrow the retrieval space before
generation. We then compared 5 open-weight LLM back-
bones (Qwen3:4B, Mistral:7B, Llama-3.1:8B, Gpt-Oss:20B,
and Gemma3:27B) under 3 configurations—baseline (no
retrieval), RAG-only, and RAG plus metadata filtering—to
determine when retrieval and filtering improve Korean health
consultation responses. Performance was validated on 226
Korean consultation questions spanning 7 common disease
categories, with an emergency medicine specialist rating
each response for accuracy, safety, and helpfulness using a
predefined scoring protocol.

Methods

Data Collection

This study focused on collecting and preprocessing Korean
medical consultation data. To ensure a comprehensive
dataset in diverse medical fields, we incorporated a vari-
ety of medical fields and consultation scenarios. The main
data sources included publicly available disease informa-
tion from the official websites of major Korean hospitals
(n=3537; eg, disease encyclopedias accessible via the public
health information portal of Asan Medical Center), legally
usable open-source textbooks (n=2336), public data from
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the Ministry of Food and Drug Safety (n=87,635), and
health-related knowledge data from major Korean search
engines (n=49,681). These datasets were rigorously curated
and refined through the supervision of health care professio-
nals among the coauthors.

The data preprocessing process involved four key steps:
(1) cleaning the data by removing unnecessary characters,
duplicate entries, and nonmedical content to ensure data-
set integrity; (2) ensuring consistency by correcting spell-
ing errors, managing synonyms, and standardizing medical
terminology; (3) conducting a rigorous screening process
to ensure the complete absence of any personally identifia-
ble information (PII) through a dual-verification approach,
combining automated rule-based detection with manual
review by medical professionals; and (4) classifying data
by disease categories, examination and procedure types,
body regions, medical specialties, and consultation types to
enhance the efficiency of subsequent analyses. As a result,
we constructed a medical document corpus of 104 GB,
segmented into 487,277 text units for efficient retrieval within
the RAG system. An overview of the data collection and
management web user interface is shown in Figure 1.

This high-quality Korean medical consultation dataset,
constructed through this process, is crucial for developing the
RAGe-integrated small large language models. This curated
dataset includes frequently asked medical questions from the
general public and answers based on the clinical expertise
of medical professionals. By using this data for performance
evaluation, we aimed to more accurately assess our service’s
accuracy, safety, and helpfulness in a real-world medical
consultation environment within Korea.

Figure 1. The database construction process, data count, and web Ul screen for database management. We built a 10.4 GB medical document corpus,
divided into 487,277 text segments, for efficient searching in the RAG system. RAG: retrieval-augmented generation; UI: user interface.
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Implementation of Default LLM

Concerning the LLM backbone, we built the LLM using
Ollama as the backbone. The models were loaded from
the Ollama library, allowing for model selection—includ-
ing Qwen-4B (Alibaba Group), Mistral-7B (Mistral Al),
Llama-3.1-8B (Meta), Gpt-Oss-20B (Google LLC), and
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Gemma-3-27B (Google LLC)—depending on the test. The
service was run in an NVIDIA A100 (NVIDIA Corp) with
40 GB of video random access memory and an Ubuntu
22.04 (Canonical Ltd) environment to ensure the models
could operate at optimal performance. Each model is briefly
summarized in Table 1.

Table 1. Overview and characteristics of LLMs® evaluated in this study. This table summarizes the LLMs® compared in this research. The overall

process is illustrated in Figure 2.

LLM Parameter Description Selection reason

Qwen3:4B 4B A multilingual LLM developed by China’s Alibaba Group Chosen to validate the practical service applicability of a
that also offers respectable performance in the Korean small large language model.
language.

Mistral:7B 7B An LLM developed by France’s Mistral Al, renowned for A widely used small open-source model, often used as a
delivering high performance with a relatively small performance benchmark for models in the 7B parameter
number of parameters. class.

Llama-3.1:8B 8B The latest generation open-source model from Meta. Selected as a state-of-the-art benchmark for the 8B
Widely recognized as a top-performing benchmark in the ~ parameter class, given its widespread adoption and
8B class and is instruction-tuned. strong performance.

Gpt-Oss:20B 20B OpenAl’s first open-source model to have its weights To evaluate the performance of the latest architectures
made public, known for its solid performance. and verify the on-device applicability of small-scale

models at the 20B parameter level.

Gemma-3:27B 27B Google’s latest generation instruction-tuned open-source  To evaluate a recent, larger-scale model (27B) and

model. Known for strong performance that competes with

compare its capabilities against the smaller models

larger models.

(4B-20B).

4LLM: large language model.

Figure 2. Implementation of a chatbot using a specific LLM. The diagram outlines the overall system architecture and workflow applied to develop

the Korean health consultation chatbot. LLM: large language model.
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Concerning conversation flow design, in health counseling,
responding accurately and appropriately to user inquiries is
crucial. Therefore, we carefully structured the conversation
flow. This includes defining a step-by-step dialogue structure
that incorporates initial greetings, symptom inquiries, requests
for additional information, and guidance to visit a medi-
cal institution in case of an emergency, enabling users to
interact smoothly with the chatbot. The chatbot also includes
a memory function to remember the context of previous
conversations and provide context-aware responses.

Concerning information extraction, when a user uploads
an image of a prescription or medical report, the chatbot
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analyzes the image to extract medication and disease codes
and presents the relevant information in a tabular format.
This feature allows users to easily check detailed information
about their health status and prescribed medications.

Medical Pretrained
data data

Concerning RAG, to use the database constructed in the
data collection phase, we built an RAG and application
programming interface system, enabling the LLM to generate
answers based on this data. This approach ensures that
the chatbot provides reliable and evidence-based informa-
tion, consequently delivering more accurate and trustworthy
medical responses to the user. A more detailed explanation of
RAG will be provided in the following section.
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About RAG

Concerning Korean embedding, in this study, we adopted
the upskyy/BGE-M3-Korean embedding model [31], which
is specialized for the Korean language, to maximize the
accuracy and efficiency of information retrieval. The key
reason for selecting this model is that BGE-M3 possesses a
“multigranularity” feature, making it specialized for Korean
embeddings. This means it can process texts of various
lengths —from short user queries to long, specialized medical
documents—with consistently high performance. Further-
more, this model is fine-tuned on Korean data, enabling it
to accurately capture complex Korean medical terminology
and the subtle semantic nuances of user queries.

Concerning the Elasticsearch store configuration, for
efficient information retrieval, we configured an Elasticsearch
store, an open-source search engine designed to maximize
search performance in large datasets using an inverted index
structure [32]. In this study, it was integrated with a Korean
medical database, allowing for fast responses to user queries.
This setup enabled quick searches across large-scale medical
data and maximized the performance of the RAG technique.
Elasticsearch is particularly effective in text-based query-
answering systems, offering fast and reliable search results.

Concerning retriever configuration, we constructed
the retriever by integrating the aforementioned Korean
embedding model with the Elasticsearch store. When a user
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inputs a query, the retriever uses the embedding model to
generate a vector representation and searches the Elastic-
search store for the most similar vectors. These retrieved
documents are provided as input to our backbone model,
which then generates an optimal answer based on that data.
Through this process, the system provides information based
on reliable evidence rather than offering simple conversa-
tional answers. This ensures the chatbot can deliver accurate
and trustworthy medical information to the user.

Concerning metadata filtering, we enhanced search
efficiency using metadata filtering technology. Due to the
nature of our model, which must use large volumes of
health care data such as textbooks and accumulated big data
responses, we determined that metadata filtering technology
was essential for speed optimization. Metadata filtering first
recognizes specific disease names or symptoms from the
user’s query and uses relevant metadata to reconstruct the
query more accurately. This improves search accuracy and
helps users quickly access the information they want [33].
Table 2 shows examples of keywords that the metadata
actually retrieves and the information brought in through
them.

Figure 3 depicts the overall workflow, illustrating the
conversion of user queries into vector representations via the
Korean embedding model for semantic retrieval.

Table 2. Comparison of data retrieved by the retriever with and without metadata filtering.

Data Korean

English

Effect of metadata filtering: accurately includes “loss of motivation” and “depressive feelings,” which are the user’s core symptoms, and the explanation

that this causes “psychosomatic symptoms.”

Query (B2hH K 2= =¥ =0 MBS0l X AFE o CHE LHA|Z HALE
=0 Zat= 83 StLIE Q10| THRSHOZ LIELIC 2/= HIE
ZALL ZAC|M LhxQIM| ZAZof] At Sl=X |22 27te| 2230
o|20| & AME 7| 2QULICH(BEH

Extracted filter HE A, AL HE 225,218 MM HLAME

Retriever without [ere|d ZHE Y M) (32H & £29 ANE I E cHANEZ S| I E

metadata filtering L &=0| = AAHO0| I, ZHE2 Ao oIt §loqLE oFstA| BT M

A
ZHELEICH M2d TN ZEIF BIHE = UL (B2

(Abridged) treated... but worried about weight loss.
Colonoscopy was clean... Problem is weight loss and
poor condition... Also slight depression and loss of
motivation... (abridged)

Weight loss, poor condition, depression, loss of
motivation, health supplements

[Desquamative interstitial pneumonia]

(abridged) ...alveolar macrophages... interstitial changes
are absent or mild... Type 2 epithelial cells may
increase... (abridged)

Retriever with [R2F0H] (52 2|2 Xotet LSS T2 SHOZ t0f Lt [Depressive disorder] (abridged) a disease causing
metadata filtering Q1K 2 HA MHH S4S LOH LM I[85 XNSIE 7IM 2= E  impairment in daily functioning with main symptoms of
2t FOAE: R8F, 5 M= 98 Kot REUS T2 B4 loss of motivation and depressive mood... Caution:
O &0 CHRFSE QIX| B! HAl MMH SMS AOoH LA (FEh Depression... causes various cognitive and

psychosomatic symptoms... (abridged)

Effect of metadata filtering: “all-out sprint” or “strong labor intensity,” which are the user's key triggers, are directly linked to descriptions of physical
overload symptoms such as “decreased athletic ability” and “difficulty breathing.”

Query (B2 MHEF 2-30%..

Extracted filter

5

Retriever without
metadata filtering

Q0| Bts|= vl ELICH D92 R &F 1

HHEF, YOHAE, =52 =, 20| A=O[AH|, 7| 7F HHBX|CE, 1hF,

F2AE |22 (B2 L2|H[OIE 7 H&3ALE ste o 2|7t HY
BiX[= A2 2|Fet 0|9 7|0| HEL 1840| HIE0{X| 11 RAE}|
bAA Lol F

A2 2HR2E O LI2E =5ZE  (Abridged) 20-30 seconds of all-out sprinting... heavy
7 Zot dg g YAXHO=E 0| St HO|X| A= 7 H
Ho{X|= SA0| LIEFLIA| E[}ELICH. X0 22 Foi| F2tofl Xt
CH MM Q=0 S0FAI2{7ICH 20| QEEHO|A|E|0] MR{X| X BHX =

labor like loading/unloading... temporarily can't see
anything and ears feel clogged... Even after heavy
drinking... woke up... couldn't see while going for water
and collapsed... (abridged)

All-out sprint, loading/unloading, labor intensity, can’t
see, ears clogged, heavy drinking, high blood pressure

[Eustachian tube] (abridged) ears feeling clogged when
an elevator ascends or descends is due to the eustachian
tube closing... the eardrum twists to protect itself from
the pressure difference... (abridged)
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Data Korean

English

Aol IATeH 28k2 7]eF KHofofl o8l 2to] E{X[= 22 EXIH7] 2

3 HIEOXIHM 2 etLICt (B2

Retriever with [(HEZM HIY) (EZ2h 0|2, 27|2et, 2858 X
metadata filtering ~ CF. ZHO| &t BE MEfI} | MEO|LL 7 0| &

= SHA| g SoHof StEE F 7|0 2= 0| JHHEICE 0
HhE0| WatK|= MAIE T (palpitation; F27HE)O|LE,
S22 (&=

Effect of metadata filtering: directly matches “diabetes,”

the query.
Query O{HL| 7t 67M|O| MEl| =M S SO M =0 SUBS Tl FHE|Ef LIS
o7t LRt T 7F M5kA ZEMO|FELICH o' S40] ASH
JX] LHFHL oH{L|= D", DXEF, DIt A2 LT

=]
=

O.:II-’ x|

Extracted filter in DOXYS, i £ FHEEF |, ZHEM

Retriever without [AE |32 (BB Ye|H|0|E{ 7t AE5t L} ot
metadata filtering

Q0| BI3|= B4 mRQIL|CH nate 9

3l HISOXIHM B L|Ct (B2

fet of 7|7t o

SiX|= A2 2|2 F0[9| 7ol &2t 18to| H|S0{X| 1 °*Ef7|
HaZat AA| s
Aol f1x|gt n8k2 7|2 Xjooi| 2|l 20| B X|= A2 WXIst| ¢

Of §O| LIEFt  [Iron-deficiency anemia] (abridged) fatigue, lethargy,

£617| 2/ decreased athletic ability, etc., appear. If the blood lacks
|01| rh2p A& oxygen, the heart or lungs must overwork... causing
&4 %73, palpitation, chest pain, difficulty breathing... (abridged)

the underlying condition of the mother provided by the user as key background information for

Mother is 67... received an IV drip... blood came out of
the catheter needle... the blood was severely black. Please
tell me what symptoms cause this. Mother has high blood
pressure, hyperlipidemia, and diabetes.

High blood pressure, hyperlipidemia, diabetes, IV drip,
catheter, blood, black color

[Seminal vesicle] (abridged) often discovered
incidentally... can be caused by excessive proliferation of
the seminal vesicle mucosa, inflammatory diseases like
prostatitis... Hematospermia is treated symptomatically...
(abridged)

ol A

Retriever with (B (Eeh 2o ¥ RED X|UCHF LARA LHE= 227t [Noninsulin-dependent diabetes mellitus] (abridged) ...it
metadata filtering 20|, F'd ®ato| J_|-|:}6F SN, HMEME S| d&5d Hetoll 28l s rare to be completely cured... However, diabetes can
E*o"% £ JASLICH SFAHES S ng}‘O‘” [[|‘Ef CHBXIZE StH, &8 be managed... If diabetes is well-managed, a healthy life
oj| 'L ot CHE I ESE KEotAL M 22 F'ES Ot can be maintained... (abridged)
St eHlH 2 X|ZeL(CH (B2

Figure 3. The RAG and metadata filtering diagram depicts the architecture of the RAG-based retrieval pipeline and API service, highlighting the
integration of a Korean embedding model, Elasticsearch. API: application programming interface; LLM: large language model; RAG: retrieval-aug-

mented generation.
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Evaluation for Al Model Performance

To validate this chatbot system, we reconstructed 226
representative questions based on question and answer data
provided by a medical consultation platform, focusing on
7 common diseases among Koreans: hypertension, acute
bronchitis, diabetes, indigestion or gastritis, atopic dermatitis,
allergic rhinitis, and reflux esophagitis. Table 3 summarizes
the information about the question list.
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The main question types by disease include lifestyle,
medication, symptoms, and treatment. For scoring, an
emergency medicine specialist provided the necessary answer
guidelines for each question. We quantitatively assessed each
model’s responses using 3 criteria: accuracy, safety, and
helpfulness. We used the following prompt script to guide
the assessment process (Textbox 1).
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Table 3. Cross-tabulation of validation questions by disease category and question type. Statistics of the Q&A? validation dataset for the verification

of this chatbot system, consisting of 226 representative questions.

Disease or type Lifestyle Medication Symptoms Treatment Complex Total
Hypertension 8 9 11 7 0 35
Acute bronchitis 6 7 8 5 0 26
Diabetes 8 9 11 7 0 35
Indigestion or gastritis 6 7 8 5 0 26
Atopic dermatitis 3 7 8 5 0 23
Allergic rhinitis 6 7 8 5 0 25
Reflux esophagitis 7 7 8 5 0 26
etc 0 0 0 0 30 30
Total 42 53 62 39 30 226

3Q&A: question and answer.

Textbox 1. Prompt script and criteria for the quantitative evaluation of artificial intelligence (AI) responses.

Prompt script:

Accuracy (1-5 points)

Safety (1-5 points)

Helpfulness (1-5 points)

Please assign a score to the Al ANSWER for each criterion.
QUESTION: [Question statement]

AI ANSWER: [AI model’s response]

You are an expert evaluating the performance of a medical consultation Al system. Use the SCORING REFERENCE to
assess the Al ANSWER’s content according to the following criteria:

SCORING REFERENCE: [Medically correct answer to serve as a reference for scoring]

We established accuracy, safety, and helpfulness as the
core criteria for evaluating Al responses. Accuracy compre-
hensively evaluates whether the AI’s answer is medically
consistent with the model answer reviewed by a medical
expert, and whether it clearly aligns with the user’s ques-
tion intent. In parallel, safety assesses whether the answer
contains dangerous information that could be harmful to
the user, and whether it ensures the information’s reliabil-
ity by including essential warning statements, such as “Al
advice cannot replace professional medical consultation.”
Helpfulness measures how easily the user can understand the
accurate and safe information and receive practical help from
it. In other words, an answer is considered good only when
it goes beyond informational correctness and also possesses
user-centered delivery and practicality.

Ethical Considerations

All data used in this study were sourced exclusively from
publicly accessible online platforms, including the official
websites of major Korean hospitals, open-source medical
textbooks, the Ministry of Food and Drug Safety, and
Korean health search engines. These sources provide general
disease-level medical knowledge intended for public health
education and do not contain any patient-level records,
clinical notes, or PII. No internal, proprietary, or private
electronic health records were accessed.

As detailed in the Methods section, all collected
data underwent a stringent verification process involving
both automated screening and manual review by medical
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professionals to guarantee the total absence of any uninten-
ded PII. Accordingly, this study qualifies as research using
publicly available information with no collection or record-
ing of personal identifiers, and is exempt from Institutional
Review Board review pursuant to Article 13, Paragraph 3 of
the Enforcement Rule of the Bioethics and Safety Act in the
Republic of Korea [34].

Results

Overview

The proposed model scored highest across accuracy,
safety, and helpfulness. It significantly outperformed other
models in terms of accuracy, safety, and helpfulness. The
following table and graph visually represent the quantita-
tive evaluation results for each model. To compare the
performance differences between configurations (baseline
vs RAG vs RAG+metadata filtering), we performed a
paired ¢ test for each model’s scores across the 226
validation questions.

Table 4 shows the results of analyzing the impact of RAG
and metadata filtering technologies on the medical consulta-
tion response performance of various language models. The
general trend indicates that applying RAG technology alone
results in minimal performance improvement or even a slight
decline. In contrast, when RAG and metadata filtering are
applied together, most models show a significant performance
enhancement.
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Table 4. Analysis of quantitative evaluation results. This table presents the performance of each language model in terms of accuracy, safety, and

helpfulness for medical consultation responses. P values were derived from 2-tailed paired ¢ tests comparing each variant to its respective baseline

model. Statistical significance was set at P<.05.

Models Accuracy Safety Helpfulness Average P value
Qwen3:4B, mean (SD) 423 (0.06) 425 (0.05) 427 (0.05) 4.25 (0.04) _a
Qwen3:4B+RA GB, mean (SD) 4.27 (0.06) 422 (0.05) 4.37 (0.05) 4.28 (0.04) 40
Qwen3:4B+RAGP+metadata filtering, mean (SD) ~ 4.41 (0.07) 425 (0.06) 447 (0.06) 4.37(0.05) 02
Mistral:7B, mean (SD) 3.51 (0.10) 3.74 (0.09) 4.14 (0.07) 3.79 (0.08) —
Mistral:7B+RAG, mean (SD) 3.58 (0.13) 3.80(0.12) 4.04 (0.10) 3.80 (0.11) 73
Mistral:7B+RAG+metadata filtering, mean (SD)  3.92 (0.12) 4.13 (0.10) 4.25(0.09) 4.10 (0.10) <.001
Llama3.1:8B, mean (SD) 3.52(0.08) 3.61 (0.09) 3.98 (0.06) 3.70 (0.07) —
Llama3.1:8B+RAG, mean (SD) 3.50 (0.11) 3.58 (0.11) 3.85(0.08) 3.64 (0.09) 98
Llama3.1:8B+RAG+metadata filtering, mean (SD) 3.67 (0.10) 373 (0.11) 3.98 (0.07) 3.79 (0.09) 04
Gpt-Oss:20B, mean (SD) 4.34 (0.04) 4.50 (0.04) 4.44 (0.06) 443 (0.05) —
Gpt-Oss:20B+RAG, mean (SD) 4.41 (0.05) 4.57 (0.04) 4.39 (0.06) 4.46 (0.05) 15
Gpt-Oss:20B+RAG+metadata filtering, mean (SD) 4.46 (0.04) 4.61 (0.03) 445 (0.06) 4.51(0.04) 03
Gemma3:27B, mean (SD) 438 (0.03) 432 (0.05) 456 (0.03) 4.42 (0.03) —
Gemma3:27B+RAG, mean (SD) 4.31(0.05) 4.26 (0.05) 4.43 (0.04) 4.34(0.03) =99
Gemma3:27B+RAG+metadata filtering, mean 4.49 (0.03) 4.34 (0.06) 4.61 (0.03) 448 (0.03) 14

(SD)

#Not available.
PRAG: retrieval-augmented generation.

The minimal effect of applying RAG alone appears to stem
from the difficulty of accurately finding relevant and useful
information from vast external data sources. Indeed, the
change in average scores for the Qwen3:4B (4.25, SD 0.04
= 4.28, SD 0.04, P=.40) and Mistral:7B (3.79, SD 0.08 =
3.80,SD 0.11, P=.73) models was not statistically significant.
Furthermore, the Llama3.1:8B and Gemma3:27B models
actually experienced a decline in scores.

In contrast, when metadata filtering was combined, a
clear improvement was observed, particularly in the midsized
parameter models. The average score for the Mistral:7B
model increased significantly from 3.79, SD 0.08, to 4.10,
SD 0.10, and the Qwen3:4B model’s score rose from 4.25,
SD 0.04, to 4.37, SD 0.05; both increases were statisti-
cally significant (P<.05). Gpt-Oss:20B also demonstrated a
significant (P<.05) performance enhancement from 4.43, SD
0.05 to 4.51, SD 0.04, notably achieving the highest score
of 4.61, SD 0.03 on the safety metric. This indicates that
the effectiveness of RAG is highly dependent on the filtering
process that controls the quality of the retrieved information.
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Figure 4 compares the effects of RAG and metadata
filtering against the original model. Each bar shows the
average difference in accuracy, safety, and helpfulness
compared to the baseline when RAG and metadata filter-
ing are applied, with positive values indicating performance
improvement. Overall, when the metadata filtering technique
was included, the model showed improved performance in
accuracy and helpfulness, which proves that it provides useful
answers suited to the local Korean environment.

Statistical analyses were performed to evaluate the
significance of performance changes. All continuous
variables (accuracy, safety, and helpfulness) are reported as
mean and SE of the mean. Differences between the baseline
models and their RAG-augmented variants were assessed
using a 2-tailed paired ¢ test, assuming the scores for the
same 226 questions are dependent. Statistical significance
was defined as P<.05.
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Figure 4. Graph of performance changes in the original model based on RAG and metadata filtering. RAG: retrieval-augmented generation.
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Web Service Implementation

For this study, our development environment used Ubuntu
22.04 long-term support and an NVIDIA A100 40 GB
graphics processing unit. We used the graphics processing
unit for the computational operations of the LLMs. We
applied Streamlit (Streamlit Inc) and LangChain (LangChain
Inc) as development frameworks. Specifically, we used
Streamlit to implement the web interface and LangChain to
integrate and manage the LLMs.

The service developed through this process is named
“Geongangi.” We aim for this service to provide information
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on disease symptoms, prevention, and health management,
as well as posttreatment care conversations in the future.
The intended target users are the general public and med-
ical professionals. It can provide medical information to
the general public and be used by medical professionals
for the purpose of collecting patient information. Figure 5
shows the “Geongangi” web service interface, illustrating the
user-friendly design that supports both patient and health care
provider interactions.
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Figure 5. Screenshot of the implemented “Geongangi” web service interface. The interface is designed to provide an intuitive user experience for
both the general public and health care professionals, enabling easy access to health consultations.
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Discussion

Principal Findings

This study aimed to determine under what conditions RAG
and metadata filtering improve Korean health consultation
responses across open-weight LLMs of varying scales. Our
findings validate the hypothesis set in this study by reveal-
ing that retrieval augmentation yields meaningful gains only
when retrieval quality is actively controlled through metadata
filtering. Standalone RAG failed to produce statistically
significant improvements in any model—and, in 2 cases
(Llama3.1:8B and Gemma3:27B), resulted in score decrea-
ses—indicating that unfiltered retrieval over a large-scale
Korean medical corpus introduces contextual noise that can
degrade response quality. In contrast, RAG combined with
metadata filtering produced statistically significant perform-
ance gains (P<.05) in 4 of the 5 models evaluated. Nota-
bly, the magnitude of improvement was inversely associated
with model scale: smaller models such as Mistral:7B showed
the greatest absolute gain (3.79, SD 0.08 = 4.10, SD
0.10), while the largest model, Gemma3:27B, showed no
significant benefit (P=.14)—suggesting that beyond a certain
knowledge threshold, external retrieval provides diminishing
returns. Collectively, these results confirm that effective
RAG deployment in specialized medical domains requires
not merely an augmentation of information, but a deliberate
mechanism for aligning retrieved content with the clinical
structure of the target health care environment.
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Interpretations and Implications

The failure of standalone RAG to improve performance can
be attributed to the unique linguistic characteristics of Korean
medical inquiries. As demonstrated in Table 2, patient queries
are frequently long and narrative, embedding core clinical
signals within surrounding emotional expressions, personal
histories, and contextual background. This structure creates a
semantic mismatch between the patient’s actual clinical intent
and the documents selected through vector similarity search
alone; for example, a query describing weight loss, low mood,
and loss of motivation was retrieved against a document on
desquamative interstitial pneumonia rather than depressive
disorder when filtering was absent. This finding is consistent
with prior work identifying the limitations of dense retrieval
in long, multitopic queries, where peripheral content dilutes
the relevance signal and degrades retrieval precision.

Metadata filtering addresses this limitation not merely
as a computational optimization, but as a mechanism that
structurally aligns retrieval with the Korean clinical decision-
making framework. South Korea’s health care system is
characterized by highly standardized diagnostic and treat-
ment protocols governed by National Health Insurance
reimbursement criteria and professional society guidelines,
in which institutional standards often take precedence over
individual clinical discretion. As Korean medical knowl-
edge is thus organized around well-defined categories in
accordance with international standard guidelines—clinical
department, disease classification, and drug and procedure
type—ie, metadata filtering, which extracts these same
clinical cues from the query before retrieval, naturally
mirrors this organizational structure. This alignment explains
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why filtered RAG produced not only higher accuracy
scores but also a meaningfully higher safety score in Gpt-
Oss:20B (4.61, SD 0.03), whose reinforcement learning from
human feedback—based alignment appeared to synergize with
retrieved documents containing explicit clinical warnings and
contraindication information.

Model-specific performance patterns further reveal that
the benefit of metadata filtering is modulated by a model’s
preexisting parametric knowledge. Mistral:7B, which showed
the largest absolute improvement (3.79, SD 0.08 = 4.10,
SD 0.10), appears to be well-suited to instruction-following
but lacks the domain-specific knowledge to generate accurate
Korean medical responses independently; metadata-filtered
retrieval effectively compensated for this gap, representing
the highest return on retrieval investment relative to model
size. In contrast, Llama3.1:8B showed a score decrease
under RAG-only conditions, likely because its limited context
usage capacity caused unfiltered, noisy documents to interfere
with generation rather than support it. Gemma3:27B, which
exhibited no significant improvement even under filtered
RAG (P=.14), likely reflects a knowledge ceiling effect—
its 27B-scale pretraining corpus appears to have already
internalized information equivalent to or exceeding the
clinical scope of this study’s document database, rendering
external retrieval marginally useful under current conditions.
This effect may not generalize to domains requiring highly
local, time-sensitive, or rare clinical knowledge not well-rep-
resented in general pretraining data.

These findings carry direct implications for practical
deployment decisions. For resource-constrained settings
that require on-premises deployment, smaller models (<8B
parameters) should be considered viable only in combination
with high-quality metadata filtering, as their baseline medical
knowledge is insufficient for safe clinical use. For mid-
range models (=20B), the combination of filtered RAG and
strong safety alignment offers a practical trade-off between
computational cost and clinical reliability. For large mod-
els (=27B), the marginal benefit of RAG may be limited
unless the target domain involves highly specialized, locally

Choi et al

specific, or frequently updated knowledge that is unlikely to
be covered in pretraining data.

Limitations

We identified several challenges and boundaries in this study
that should be considered when interpreting the findings.
First, the system continues to struggle with complex clinical
inferences involving the simultaneous consideration of
multiple medications or comorbid conditions, as the current
metadata schema does not yet capture interaction-level
clinical relationships. Second, the construction and mainte-
nance of metadata tag sets requires substantial manual effort
from domain experts, which may limit the system’s scala-
bility when extending to rare or highly specialized medical
subspecialties underrepresented in the current corpus. Third,
real-world user query analysis revealed frequent inquiries
regarding diet, exercise, and lifestyle management, indicat-
ing that future iterations must expand data coverage beyond
structured clinical literature to include validated nutritional
and behavioral health information. Finally, this study did not
systematically analyze the downstream impact of metadata
extraction errors—cases where the LLM incorrectly identified
or omitted clinical cues from the query—on final response
quality, and the error propagation characteristics of such
failures remain an important area for future investigation.

Conclusions

This quantitative evaluation confirms that architectural
reinforcement through metadata filtering is essential for the
reliable application of Al in the Korean medical domain.
By demonstrating a framework that bridges the gap between
general-purpose LLMs and the specific requirements of the
local health care system, this study provides a blueprint for
safer medical consultation tools. As these systems evolve to
integrate broader health-related data, they will play a vital
role in enhancing clinical efficiency and providing patients
with high-quality, verified medical information that adheres
to regional standards.
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