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Abstract

Background: Korean-language medical question-answering datasets are increasingly used
for large language model (LLM) development, but structural completeness alone does not
establish model performance or clinical validity. We examined two national Korean medical
knowledge datasets by combining a public labeling-file audit with a secondary evaluation
of item-level outputs distributed with the corresponding official LLM packages. Methods:
We reviewed the official documentation and complete public download inventories, parsed
34 training/validation labeling archives containing 31,036 records, and audited required
fields, duplication, text length, question type, and specialty distribution. We also audited
the official Qwen2.5-14B LoRA model packages and independently recalculated perfor-
mance from their distributed item-level KorMedMCQA output files (2494 identical items
per model). Accuracy was reported with Wilson 95% confidence intervals; model outputs
were compared using an exact McNemar test and a paired bootstrap confidence interval. Be-
cause no compatible local GPU was available, model inference was not independently rerun.
Results: The documentation described 34,487 labeled QA pairs, of which 31,036 (90.0%)
were present in the publicly accessible training/validation labeling files; no public test-
labeling archive was listed. Required fields were complete, no duplicated qa_id values
were found, and one duplicated question-answer pair occurred in the Essential dataset.
Multiple-choice items comprised 78.7% of all documented QA pairs, and the top three
domains comprised 56.8%. In the distributed KorMedMCQA outputs, the Essential-care
model answered 1603/2494 items correctly (64.27%; Wilson 95% CI 62.37–66.13%), while the
Specialized-medicine model answered 1596/2494 correctly (63.99%; 95% CI 62.09–65.85%).
The paired difference was 0.28 percentage points (bootstrap 95% CI −0.44 to 1.00), with no
significant difference by exact McNemar test (46 vs. 39 discordant correct items; p = 0.515).
Conclusions: The public training/validation labeling files showed favorable basic struc-
tural completeness, but the unavailable test labels, multiple-choice predominance, domain
imbalance, limited record-level provenance, and incomplete model-package traceability
constrain claims of clinical readiness. The distributed model outputs demonstrated moder-
ate examination-style benchmark performance without a significant difference between
the two models. These findings support use as research infrastructure, not evidence of
clinical validity, and indicate the need for independent inference reproduction, clinician-led
open-ended and safety evaluation, temporal updating, specialty-stratified reporting, and
human oversight before clinical use.
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1. Introduction
Artificial intelligence (AI) and large language models (LLMs) are increasingly used

in research on medical knowledge retrieval, question answering, clinical documentation
support, medical education, and clinical decision support. However, the performance and
safety of medical AI systems are not determined solely by model architecture. Dataset
provenance, annotation design, specialty distribution, question format, currentness, bias,
quality-control procedures, and reusability directly affect the reliability and clinical inter-
pretability of downstream AI applications.

International benchmarks such as PubMedQA, MedQA, and MultiMedQA have
enabled standardized comparisons of medical LLM performance [1–4]. Nevertheless,
many such resources are built around English-language data, examination-style questions,
research-abstract reasoning, or multiple-choice medical test formats. These features are
useful for model benchmarking but may not adequately capture the open-ended commu-
nication, contextual reasoning, guideline currentness, and safety-critical decision-making
required in real clinical settings.

Korean medical AI research requires resources that reflect Korean-language clinical
and educational contexts. Korean medical documents frequently contain mixed Korean
and English terminology, abbreviations, domestic specialty names, local documentation
conventions, and expressions shaped by Korea’s healthcare system. Directly applying
English-language benchmarks to Korean medical AI development may therefore overlook
important linguistic, cultural, and system-level characteristics.

AI Hub provides two public Korean medical knowledge resources: the Specialized
Medical Knowledge Dataset and the Essential Medical Knowledge Dataset [5–8]. The for-
mer covers specialized domains such as surgery, psychiatry, and neurology/neurosurgery,
whereas the latter focuses on Essential-care domains such as internal medicine, pe-
diatrics/adolescent medicine, obstetrics/gynecology, and emergency medicine. Both
datasets include JSON-based question-answering records and can serve as foundational re-
sources for Korean medical natural language processing and LLM-based medical question-
answering research.

Nevertheless, the existence of a large structured dataset does not establish clinical
validity, safety, or effectiveness. LLM outputs may contain hallucinated information,
outdated recommendations, incomplete safety warnings, overdiagnosis, under-triage, or
domain-specific performance gaps. International guidance on AI for health also emphasizes
transparency, human oversight, accountability, safety, and evaluation under realistic imple-
mentation conditions [9–14]. Therefore, medical knowledge datasets should be examined
not only for scale but also for structural integrity, task readiness, error risks, and governance
requirements before being used as infrastructure for clinical AI.

Recent studies and reviews have further described the translational challenges of med-
ical AI, expanding applications of large language models in medical education and clinical
support, automated clinical message classification, ethical responsibility, and primary-care
integration [15–21].

The objective of this study was to conduct a structural labeling-file audit, a secondary
audit of distributed model outputs, and a governance-focused analysis of the Korean Spe-
cialized Medical Knowledge Dataset and Essential Medical Knowledge Dataset. Specifically,
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we aimed to (1) describe dataset architecture and public file coverage, (2) quantify question-
format and specialty imbalance, (3) audit file-level integrity and documentation-to-file
consistency, (4) evaluate the item-level KorMedMCQA outputs distributed with the official
Qwen2.5-14B LoRA model packages, and (5) identify the evidentiary and governance
requirements that remain before clinical use.

2. Materials and Methods
2.1. Study Design

This study combined a documentation-based structural analysis, a direct labeling-
file audit, a model-package traceability audit, and a secondary statistical evaluation of
distributed item-level benchmark outputs. It did not involve patient recruitment, clinical
intervention, or assessment of patient outcomes. The empirical model component was
limited to independent recalculation and paired analysis of output files distributed in
the official Docker packages; the authors did not retrain the models or independently
rerun inference.

2.2. Data Sources and Public File Scope

The analysis focused on the AI Hub Specialized Medical Knowledge Dataset and
Essential Medical Knowledge Dataset, their description manuals and usage guidelines, the
complete public download inventories available to the authors, labeling archives, model
source code, adapter configurations, checkpoint state files, Docker images, and distributed
model-output files. The public inventories contained 13 training and 13 validation labeling
ZIP files for the Specialized dataset, and four training and four validation labeling ZIP files
for the Essential dataset. No separate Test directory or test-labeling archive was listed. Files
prefixed with TS were located under Training/Source data and were therefore treated as
training-source archives rather than test sets.

2.3. Extracted Variables

From the dataset documentation, public inventories, and model packages, we ex-
tracted dataset scale, labeled QA counts, specialty domains, question types, JSON fields,
documented split policy, file names and split locations, model base architecture, LoRA
configuration, training-CSV size, checkpoint references, benchmark-output schema, and
documentation/model-package inconsistencies. The distributed KorMedMCQA result
files contained the question, the ground-truth option, the generated text, the extracted
prediction, and the binary accuracy indicator for each item.

2.4. Documentation-Based and Labeling-File Data Audit

A documentation-based quantitative audit used the reported domain- and q_type-
level counts. Domain concentration was summarized using the Herfindahl-Hirschman
Index, HHI = Σ(i = 1 to K) p_i2, where p_i is the proportion of items in domain i; the
effective number of domains was N_eff = 1/HHI [22]. HHI was used as a transparent
concentration statistic rather than as a clinical quality score. The type-token ratio was
retained only as a simple lexical-diversity proxy [23].

A file-level audit was performed on the two complete public labeling packages avail-
able to the authors, one per dataset. Training and validation labeling ZIP files were recur-
sively parsed using Python and the standard JSON/ZIP processing workflow. For each
JSON record, qa_id, domain, q_type, question, and answer were extracted; archive name
and split were retained for traceability. A standalone standard-library parser implementing
this recursive workflow is provided in Supplementary File S3. The parser accepts extracted
directories and ZIP/TAR/TAR.GZ packages, recursively traverses nested labeling archives,
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treats TS-prefixed files as training-source rather than test files, validates the five required
QA fields, preserves source and split traceability, and reports malformed or nonconforming
JSON objects rather than silently excluding them. Required-field missingness, exact dupli-
cated identifiers, exact duplicated questions and question-answer pairs, character lengths,
whitespace-delimited length proxies, short-answer frequency, and extreme long-answer
thresholds were calculated. Parsed totals were reconciled with the public file inventory
and documentation. Character counts were treated as the primary length measure. No
Korean morphological analyzer was applied because the records contain mixed Korean-
English medical terminology, and the audit prioritized a package-independent, exactly
reproducible file-level proxy; whitespace-token length and type-token ratio were therefore
not interpreted as Korean morphological or semantic quality measures.

2.5. Secondary Audit of Distributed Model Outputs

The official model packages identified Qwen/Qwen2.5-14B as the base model and
LoRA adapters with rank 8, alpha 32, dropout 0.1, and query/key/value/output at-
tention projections. The model-training CSVs contained 18,627 Essential-care items
and 14,753 Specialized-medicine items; because these counts did not map directly to
the publicly accessible training/validation labeling totals, the difference was recorded
as a provenance limitation. The Docker packages contained precomputed item-level
results for the same 2494 KorMedMCQA questions. We verified that question or-
der and ground-truth labels were identical across the two output files and indepen-
dently recalculated all performance statistics. The supplied evaluation scripts refer-
enced qwen_14b_essential_lora_cot_v2/checkpoint-32000 for the Essential-care output
and qwen_14b_professional_lora_cot_v2/checkpoint-28000 for the Specialized-medicine
output. Checkpoint attribution was based on the scripts because checkpoint metadata
were not embedded in the CSV files. This procedure is a secondary output audit, not an
independent reproduction of inference.

2.6. Statistical Analysis

For each model, accuracy and a Wilson 95% confidence interval were calculated [24].
Because both files contained predictions for the same items, paired performance was
compared using a two-sided exact McNemar test [25]. The absolute accuracy difference
(Essential-care minus Specialized-medicine) was accompanied by a paired 95% bootstrap
confidence interval based on 200,000 multinomial resamples with a fixed seed. We also cal-
culated exact prediction agreement, enumerated discordant items, generated option-level
confusion matrices, and repeated the comparison after retaining only the first occurrence
of each exact duplicated benchmark question. Statistical reanalysis was performed in
Python 3.13.5 with NumPy 2.3.5 and SciPy 1.17.0; the aggregate comparison workbook, re-
producible paired-output audit script, and standalone labeling-file audit parser are supplied
as Supplementary Files S1–S3. Two-sided p < 0.05 was considered statistically significant.

2.7. Task-Suitability and Governance Analysis

Structural suitability was evaluated separately for multiple-choice benchmarking,
short-answer generation, descriptive medical response generation, retrieval-augmented
generation, and specialty-stratified research. Potential risks were organized around prove-
nance/currentness, specialty and question-format imbalance, unsupported generation,
high-risk failures, human oversight, monitoring, and external validation. Governance
recommendations were aligned with WHO transparency, human-oversight, and account-
ability principles, clinical AI reporting guidance, and Good Machine Learning Practice
lifecycle principles [9–14,26]. No claim of ISO certification, medical-device conformity, or
clinical deployment readiness was made.
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2.8. Ethical Considerations

This study used publicly accessible, de-identified secondary datasets, documentation,
legally obtained labeling files, model source files, and model-output files. It involved
no new patient recruitment, clinical intervention, personally identifiable information, or
patient-directed decision-making. Individual training QA records were not redistributed
in the manuscript. The KorMedMCQA output audit used examination-style benchmark
questions and model predictions, not patient data. Therefore, the study was considered not
to constitute human-subjects or human-materials research.

3. Results
3.1. Overall Dataset Architecture and Scale

Both datasets are text-based question-answering resources for Korean medical AI
research. The Specialized dataset includes 13 specialized domains, whereas the Essential
dataset includes four essential-care domains. Together, the two datasets contain 222,073,009
source-data tokens and 34,487 labeled QA pairs according to the dataset documentation.
Figure 1 summarizes the analytic framework used in this study.

Figure 1. Analytic framework for the structural labeling-file audit, official model-package traceability
audit, secondary distributed-output evaluation, and governance interpretation.

Figure 2 summarizes the paired secondary analysis of 4988 distributed item-level out-
puts (2494 per model), including model accuracy with Wilson 95% confidence intervals and
the concordant/discordant response pattern. Detailed statistics are reported in Section 3.5.

The detailed characteristics of the two datasets are summarized in Table 1.

Table 1. Overview and technical characteristics of the two Korean medical knowledge datasets.

Item Specialized Medical Knowledge
Dataset

Essential Medical Knowledge
Dataset Integrated Interpretation

English name Specialized Medical Knowledge
Data

Essential Medical Knowledge
Data Korean medical knowledge QA resources

Data field Healthcare Healthcare Medical AI research infrastructure
Data type Text Text Natural-language processing applicable

File format JSON JSON Structured processing applicable
Labeling type Natural-language QA Natural-language QA QA tasks applicable

Source-data scale 120,673,006 tokens 101,400,003 tokens 222,073,009 tokens
Labeled QA scale 15,286 pairs 19,201 pairs 34,487 pairs
Medical domains 13 domains 4 domains 17 nominal domains

Question types Multiple-choice, short-answer,
descriptive

Multiple-choice, short-answer,
descriptive Question-type-specific evaluation possible

Split policy 8:1:1 8:1:1 Training/validation/test reproducibility

Note: Prepared by the authors based on AI Hub dataset documentation and usage guidelines [5–8].
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Figure 2. Paired secondary analysis of 4988 distributed KorMedMCQA item-level outputs (2494 per
model). Panel (A) shows accuracy with Wilson 95% confidence intervals. Panel (B) shows paired
concordant and discordant outcomes across the 2494 identical questions; the exact McNemar test
yielded p = 0.515.

3.2. JSON Annotation Structure

Both datasets use a common JSON-based QA structure. The key fields are qa_id,
domain, q_type, question, and answer. This structure supports item tracking, domain-
stratified analysis, question-type-specific evaluation, and linkage of input questions to
reference answers (Table 2).

Table 2. Key JSON fields in the labeled QA records.

Field Data Type Meaning Technical Utility

qa_id integer or
identifier

Unique identifier for each
QA record

Duplication check,
item tracking, split

verification

domain integer code Medical specialty or domain
Domain-specific

analysis and
benchmarking

q_type integer code Question type: 1 = multiple-choice,
2 = short-answer, 3 = descriptive

Question-format-
specific evaluation

question text Input medical question Model input, retrieval
query, prompt

answer text Reference answer
Model-output

comparison, reference
response

3.3. Domain and Question-Type Distribution

The largest domain was Essential-Internal medicine (12,781 QA pairs; 37.1%), followed
by Specialized-Surgery (3731; 10.8%) and Essential-Pediatrics/adolescent medicine (3087;
9.0%). The top three domains accounted for 56.8% of all labeled QA pairs, and the HHI
for domain distribution was 0.178, corresponding to an effective number of domains of
5.62. This indicates substantial domain concentration despite the nominal presence of
17 domains (Table 3 and Figure 3).
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Figure 3. Distribution of labeled QA pairs by medical domain.

Table 3. Medical-domain and question-type distribution.

Category Item Number of Labeled
QA Pairs Pooled Percentage

Domain Essential-Internal
medicine 12,781 37.1%

Domain Specialized-Surgery 3731 10.8%

Domain
Essential-

Pediatrics/adolescent
medicine

3087 9.0%

Domain Essential-
Obstetrics/gynecology 2518 7.3%

Domain Specialized-Other 2258 6.5%

Domain Specialized-
Neurology/neurosurgery 2161 6.3%

Domain Specialized-Psychiatry 1986 5.8%
Domain Specialized-Urology 984 2.9%

Domain
Specialized-

Anesthesiology/pain
medicine

944 2.7%

Domain Essential-Emergency
medicine 815 2.4%

Domain Specialized-
Ophthalmology 769 2.2%

Domain Specialized-Preventive
medicine 754 2.2%

Domain Specialized-Dermatology 744 2.2%

Domain Specialized-
Otorhinolaryngology 563 1.6%

Domain Specialized-Pathology 155 0.4%
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Table 3. Cont.

Category Item Number of Labeled
QA Pairs Pooled Percentage

Domain Specialized-Medical law 129 0.4%

Domain Specialized-Radiation
oncology 108 0.3%

q_type Multiple-choice 27,156 78.7%
q_type Short-answer 3610 10.5%
q_type Descriptive 3721 10.8%

Multiple-choice questions accounted for 27,156 QA pairs (78.7%), whereas short-
answer and descriptive questions together accounted for 7331 pairs (21.3%). The ratio of
multiple-choice to open-ended items was approximately 3.7:1. This structure is advanta-
geous for automated scoring and benchmark construction but may not fully represent the
open-ended complexity of real clinical question answering.

3.4. Labeling-File Data Audit Results

The file-level audit parsed 31,036 QA records from all 34 publicly listed train-
ing/validation labeling ZIP files: 13,756 records from 26 Specialized files and 17,280 records
from eight Essential files. These totals represented 90.0% of the 34,487 documented QA
pairs. The complete public inventories contained no Test directory or test-labeling archive;
the numerical remainders (1530 Specialized and 1921 Essential records) were consistent
with the documented 10% test allocation but could not be directly audited.

No missing question, answer, or qa_id fields and no duplicated qa_id values were
observed. One duplicated question and one identical question-answer pair were detected in
the Essential dataset. The pooled mean question length was 198.87 ± 89.55 characters, and
the pooled mean answer length was 46.96 ± 83.53 characters. Whitespace-based measures
are reported only as reproducible lexical proxies: pooled question length 45.37 ± 19.23 units,
pooled answer length 11.14 ± 18.96 units, and 15,716 answers (50.6%) shorter than five units.
The detailed results of the labeling-file data audit are summarized in Table 4.

Table 4. Results of the labeling-file data audit.

Audit Item Specialized Dataset Essential Dataset Integrated Interpretation

Audit file scope 26 training/validation labeling
ZIP files

8 training/validation labeling ZIP
files 34 ZIP.part0 labeling files in total

Parsed QA records 13,756 17,280 31,036; 90.0% of the documented
total of 34,487 pairs

Test set included No No The available TAR files did not
contain test-set labeling files

Missing question 0 (0.0%) 0 (0.0%) 0 (0.0%)
Missing answer 0 (0.0%) 0 (0.0%) 0 (0.0%)
Missing qa_id 0 (0.0%) 0 (0.0%) 0 (0.0%)

Duplicated qa_id 0 0 0
Duplicated question 0 1 1 in total

Identical question-answer pair 0 1
One record in the internal

medicine domain of the Essential
dataset

Question character length 192.84 ± 86.46; median 180 203.68 ± 91.65; median 190 198.87 ± 89.55; median 185
Answer character length 51.85 ± 89.30; median 18 43.08 ± 78.41; median 17 46.96 ± 83.53; median 17

Question whitespace-token length 44.62 ± 19.18 45.98 ± 19.24 45.37 ± 19.23
Answer whitespace-token length 12.30 ± 20.31 10.23 ± 17.76 11.14 ± 18.96
Answers shorter than five tokens 6627 (48.2%) 9089 (52.6%) 15,716 (50.6%)

Top 1% long-answer threshold ≥89 tokens; 139 records ≥86 tokens; 175 records ≥87 tokens; 316 records
Whitespace-based
type-token ratio 0.09907 0.08203 0.07244

Note: The table summarizes direct parsing of the available AI Hub training/validation labeling ZIP.part0 files.
Because the available TAR files did not contain test-set labeling files, the audit should be interpreted as covering
31,036 of 34,487 labeled QA pairs (90.0%).
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3.5. Secondary Audit of Distributed KorMedMCQA Outputs

Both distributed output files contained all 2494 KorMedMCQA items, and no predictions
were missing or unparsable. The Essential-care model had 1603 correct responses (64.27%;
Wilson 95% CI 62.37–66.13%), whereas the Specialized-medicine model had 1596 correct
responses (63.99%; 95% CI 62.09–65.85%). Both models were correct on 1557 items and wrong
on 852 items; the Essential-care model alone was correct on 46 items and the Specialized-
medicine model alone on 39 items. The exact McNemar test showed no significant difference
(p = 0.515). The absolute accuracy difference was 0.28 percentage points, with a paired
bootstrap 95% CI of −0.44 to 1.00 percentage points. The models selected the same response
option on 2364 items (94.79%) and different options on 130 items. After exact duplicate
questions were collapsed to 2489 unique questions, results were materially unchanged
(64.24% vs. 64.00%; exact McNemar p = 0.586). Table 5 summarizes the paired output audit.

Table 5. Secondary audit and paired comparison of distributed KorMedMCQA model outputs.

Metric Essential-Care Model Specialized-Medicine
Model Paired Interpretation

Evaluated items 2494 2494 Identical questions and
ground truth

Correct responses 1603 1596 7 more correct for
Essential-care

Accuracy 64.27% 63.99% Difference 0.28
percentage points

Wilson 95% CI 62.37–66.13% 62.09–65.85% Substantially
overlapping intervals

Missing/unparsable
predictions 0 0 Complete extracted

predictions

Both models correct 1557 Same paired count Paired
concordant-correct cell

Both models wrong 852 Same paired count Paired
concordant-wrong cell

Only this model correct 46 39 Discordant cells
Exact McNemar test - - p = 0.515 (two-sided)

Paired bootstrap 95% CI - -
Accuracy difference

−0.44 to 1.00 percentage
points

Same predicted option 2364 (94.79%) Same paired count High option-level
agreement

Different predicted
option 130 (5.21%) Same paired count

Item-level discordance
retained in

Supplementary File S1

3.6. Structural Task Suitability and Research Use

The common JSON schema, explicit domain labels, and q_type labels make the datasets
structurally usable for supervised QA research, specialty-stratified benchmarking, and
question-format-specific analyses. The distributed model outputs provide empirical ev-
idence that the resources have been used in examination-style multiple-choice model-
ing. However, approximately 64% KorMedMCQA accuracy does not demonstrate safe
open-ended generation, diagnostic accuracy, treatment appropriateness, or patient benefit.
Suitability should therefore be stated at the level of research infrastructure and task format,
not clinical deployment.

3.7. Error Risks and Governance Requirements

The structural and model-package audits identified risks related to unavailable public
test labels, record-level source/currentness gaps, specialty imbalance, multiple-choice
dominance, model-training CSV counts that were not directly mapped to public label-
ing files, incomplete model cards, and output files lacking embedded checkpoint and
hardware metadata. Table 6 organizes these risks and controls using established trans-
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parency, lifecycle monitoring, human oversight, and external validation principles [9–14,26].
Figure 4 illustrates a pre-implementation governance workflow.

Table 6. Error risks, evaluation criteria, and governance requirements for medical AI research and
any future clinical evaluation.

Analytic Area Potential Risk Clinical Implication Control Measure

Data provenance/currentness Different source dates;
delayed guideline updates

Outdated recommendations may
be generated

Maintain source dates, guideline
versions, and update schedules

Domain distribution Concentration in
selected domains

Domain-specific
performance imbalance

Report performance by specialty and
reinforce low-frequency domains

Question type Multiple-choice
predominance

Limited representation of real
clinical dialogue

Evaluate short-answer and descriptive
items separately using expert rubrics

LLM generation
Hallucination, inaccurate
explanation, unsupported

treatment suggestions
Patient-safety risk

Link outputs to source documents,
factuality assessment,

retrieval-augmented generation,
citation display

High-risk situations Failure to detect emergency
signs or contraindications Potential harm or delay in care High-risk item checklist and

clinician review

Governance Unclear responsibility;
automation bias

Legal and ethical issues in
clinical deployment

Multidisciplinary committee, audit
trail, and use-case restriction

Evaluation rubric Unclear criteria for
assessing responses

Difficult evaluation of
descriptive answers

Score medical factuality, currentness,
safety, hallucination risk, and

applicability on a 1–5 scale

External validation Reliance on internal data only Limited generalizability
External Korean medical QA

validation and inter-institutional
evaluation

Figure 4. Safety and governance framework before clinical AI deployment.

4. Discussion
4.1. Principal Findings and Model-Output Interpretation

This study combined a complete audit of the publicly accessible training/validation
labeling files with a secondary audit of the item-level KorMedMCQA outputs distributed
in the two official model packages. The labeling files showed high basic structural com-
pleteness, while the output files showed moderate examination-style accuracy: 64.27% for
the Essential-care model and 63.99% for the Specialized-medicine model.

The paired analysis is more informative than comparing two rounded percentages.
The models agreed on the selected option for 94.79% of items, and only 85 items were
correct for one model but not the other. The exact McNemar result and paired bootstrap
interval did not support a meaningful performance difference. The outputs therefore
provide evidence of similar benchmark behavior, not evidence that either model is clinically
safe or superior for patient care.
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4.2. Question Format, Domain Distribution, and Benchmark Implications

KorMedMCQA and the source datasets are predominantly multiple-choice or
examination-style resources. These formats support reproducible scoring but underrepre-
sent history-taking, clarification, uncertainty communication, contraindication checking,
guideline citation, and longitudinal reasoning. When model outputs are exposed to imple-
mentation settings, time pressure, incomplete context, and user overreliance can amplify
the practical consequences of otherwise small benchmark errors. Accordingly, the observed
benchmark accuracy should not be generalized to open-ended clinical conversations or
clinical deployment exposure.

The datasets also contain marked specialty imbalance. Internal medicine accounts
for 37.1% of all documented QA pairs, and the top three domains account for 56.8%.
Such concentration can increase uncertainty in low-frequency specialties and make pooled
accuracy insensitive to weak performance in radiation oncology, medical law, pathology, or
other small domains.

Future evaluations should therefore use prespecified specialty strata, balanced sampling
or weighting, per-domain uncertainty intervals, and separate reporting by question type.

Mixed Korean-English terminology, local specialty coding, and heterogeneous source
dates create additional sources of language and temporal biases. Record-level source links
and guideline versions were not available in the labeling schema, so individual-answer
currentness could not be verified. These limitations are relevant to other local-language
public medical datasets and reinforce the need to audit provenance and update processes
rather than relying on dataset size alone.

4.3. Governance and Model-Package Traceability

A strength of the resources is the explicit JSON question-answer schema and the
availability of model code, adapters, checkpoint state files, Docker images, and item-
level output files. These materials enabled the present traceability audit and independent
recalculation of benchmark statistics.

Important traceability gaps remain. Public training/validation labeling totals did
not directly match model-training CSV counts, and the distributed result CSV files did
not embed checkpoint, hardware, execution-time, or random-seed metadata. The gen-
erated model cards also left key training-data, intended-use, risk, and evaluation fields
largely incomplete.

Although the supplied run scripts linked the outputs to checkpoint-32000 and
checkpoint-28000, this linkage could not be verified from the result files alone. These
findings support lifecycle documentation, immutable manifests, model and dataset version
identifiers, cryptographic checksums, executable environment capture, and preservation of
successful run logs.

Governance recommendations were therefore organized around WHO principles,
clinical AI reporting guidance, and Good Machine Learning Practice [9–14,26]. They include
explicit intended-use restrictions, record-level provenance, change control, specialty- and
risk-stratified evaluation, independent reproduction, human review of open-ended outputs,
post-deployment monitoring, and accountability for model updates.

4.4. Recommendations for Researchers and Dataset Curators

Researchers should describe the exact public file inventory, split availability, parsing
environment, model checkpoint, prompt, decoding settings, and output-extraction rules.
Benchmark reports should include uncertainty intervals, paired comparisons when models
answer the same items, parsing-failure counts, duplicate-item sensitivity analyses, and
domain/question-type disaggregation.
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Open-ended outputs require clinician-developed rubrics for factuality, guideline con-
sistency, omission, hallucination, contraindications, and high-risk escalation.

Dataset curators should publish a machine-readable manifest linking each public
record to its split, source-document identifier, source date, guideline version, annotation
history, and quality-control status. Public model packages should include a completed
model card, exact training-record manifest, environment lock file, checkpoint selection
rationale, successful evaluation log, and item-level outputs with embedded provenance.

Low-frequency specialties and open-ended formats should be expanded, and obsolete
medical knowledge should be managed through scheduled review and versioned updates.

Any patient-facing or decision-support use should remain outside the evidence sup-
ported by this study. Before such use, independent model execution, external Korean
clinical validation, specialist adjudication, prospective workflow evaluation, monitoring
for distribution shift, and human-in-the-loop escalation are required.

4.5. Limitations

First, the labeling-file audit covered all publicly accessible training/validation files
but not the unavailable test-labeling files; therefore, it cannot establish completeness or
quality of the full documented dataset. Second, the study did not independently adjudicate
the clinical correctness, guideline currentness, contraindications, or safety of the reference
answers or generated explanations.

Third, the model component was a secondary audit of item-level outputs included in
official Docker images; inference was not independently rerun, and checkpoint attribution
depended on the supplied scripts rather than metadata embedded in the result files. Fourth,
KorMedMCQA is an examination-style multiple-choice benchmark and does not measure
open-ended clinical communication, retrieval fidelity, hallucination, or patient outcomes.

Fifth, the model-training CSV counts could not be mapped record-by-record to the pub-
lic labeling archives, limiting leakage and provenance verification beyond exact question
matching. Sixth, the benchmark output files did not contain specialty labels, preventing
specialty-stratified performance analysis. Seventh, whitespace-token counts and type-
token ratio are simple mixed-language proxies rather than Korean morphological measures.
Eighth, five exact duplicate benchmark questions were identified; a deduplicated sensi-
tivity analysis did not change the paired conclusion. Finally, the analysis evaluated only
two released model variants and should not be generalized to other models or deploy-
ment settings.

5. Conclusions
The Korean Specialized Medical Knowledge Dataset and Essential Medical Knowl-

edge Dataset provide substantial, structured resources for Korean medical AI research.
All publicly listed training/validation labeling files were audited, and the required fields
showed favorable basic completeness. A secondary audit of distributed KorMedMCQA out-
puts found moderate accuracy for both released Qwen2.5-14B LoRA models (64.27% and
63.99%) and no statistically significant paired difference.

These findings do not establish clinical AI readiness. Public test labels were unavail-
able, question formats and specialties were imbalanced, record-level source/currentness
metadata were limited, model-training-set provenance was incomplete, and inference was
not independently reproduced. The datasets and model packages are best interpreted as
research infrastructure that requires stronger manifests, versioning, independent execution,
open-ended clinician evaluation, safety testing, external validation, continuous updating,
and human oversight before any clinical application.
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