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Editorial

Ewha Medical Journal’s inclusion in PubMed Central and 
PubMed, and artificial intelligence and guidelines in this issue
Sun Huh*

Institute of Medical Education, Hallym University College of Medicine, Chuncheon, Korea

Inclusion in PubMed Central

I was delighted to receive an email from PubMed Central 
(PMC) on the morning of August 25, 2025, stating, “I am pleased 
to report this journal is now live in PMC. https://pmc.ncbi.nlm.
nih.gov/journals/?term = 101606065.”

Ewha Medical Journal (EMJ) applied to PMC on August 21, 
2024 (Eastern Standard Time). On January 31, 2025, a scientific 
quality review was completed (Fig. 1) [1]. I am grateful to the 
PMC staff for their generous handling of EMJ and their ongoing 
communication regarding technical and administrative matters. 
Having produced Journal Article Tag Suite (JATS) XML (PMC 
XML) for an article in 2005, I am aware of the challenges involved 
in reviewing the technical quality of JATS XML. I previously ap-
plied this format to the Journal of Educational Evaluation for Health 
Professions [2]. Before 2014, all medical journals from Korea 
could be included in PMC if the journal was published in English 
and full-text XML (PMC XML) was produced. As a result, many 
medical journal editors in Korea transitioned their journals to En-
glish and sought PMC inclusion. However, since 2014, the criteria 
for scientific quality review have become stricter, causing some 
journals to fail in their attempts to enter PMC. EMJ was also un-
successful on March 12, 2022. It is therefore fortunate that EMJ 
has now achieved inclusion in PMC after meeting both scientific 
and technical quality standards on its second application. The 
United States National Library of Medicine, which maintains 
PMC and PubMed, demonstrates global leadership in biomedical 
science for the betterment of human health. Without PMC, many 
local medical journals in Korea would be unable to reach the in-
ternational stage, as inclusion in MEDLINE remains highly chal-

lenging for local journals. Therefore, the inclusion of abstracts in 
PubMed could not be anticipated.

What does it mean to be a PMC journal? When a journal is in-
dexed in PMC, its abstracts are automatically ingested into 
PubMed, making all PMC-listed titles retrievable through 
PubMed, the world’s largest biomedical literature database [3]. 
Inclusion in both PMC and PubMed significantly improves a 
journal’s international visibility and often leads to increased sub-
missions from researchers outside Korea [4]. Indeed, Korean 
journals typically experience a substantial rise in citation rates—
sometimes as much as tenfold—after achieving PubMed and 
PMC indexing [5]. We expect that EMJ will enjoy a similar in-
crease in citations once it is indexed as well.

When I assumed the editorship of EMJ, one of my objectives 
was to have the journal included in the Directory of Open Access 
Journals, MEDLINE, PMC, and Scopus [6]. Of these 4, I have 
succeeded in 2 databases: the Directory of Open Access Journals 
and PMC [1]. We will soon prepare an application to MEDLINE 
and add previous articles to the PMC retrospective collection, ex-
tending back to 2011 [7].

Invitation of an AI article editor due to the 
increase in those articles

In May 2025, I invited Dr. Dohyung Rim to join the editorial 
board as an artificial intelligence (AI) article editor. Although I 
have learned about machine learning, deep learning, and large 
language models, I still find these topics challenging to fully un-
derstand and edit. Therefore, a specialist was appointed to handle 
such manuscripts. In his editorial as AI editor, Dr. Rim presented 
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10 guidelines for contributors to medical artificial intelligence re-
search [8]. These guidelines will be valuable for researchers pre-
paring machine learning and deep learning manuscripts.

In this issue, 2 papers on machine learning and deep learning 
models are featured. Suh et al. [9] trained trichoscopic images to 
detect androgenetic alopecia at an early stage. A ResNet-18 con-
volutional neural network, pretrained on ImageNet, was used for 
training. This model demonstrated high accuracy and generaliz-
ability in detecting early-stage androgenetic alopecia from tricho-
scopic images. The first author, Min Jung Suh, is a junior medical 
student who responded to reviewer comments by revising both 
the Python code and the manuscript with excellence. I believe 
this was possible because of Ewha Woman’s University College of 
Medicine’s extracurricular programs, such as the Green Ribbon 
Project [10], where faculty members teach students Python and 
deep learning. It was remarkable to see a junior student demon-
strate such competency in problem-solving with a deep neural 
network.

The machine learning article from Statistics Korea was also 
noteworthy. In Korea, cause of death statistics is based on the phy-

sician’s death certificate. However, direct copying of these certifi-
cates to the cause-of-death database is not possible because the 
initial draft by physicians must be modified in accordance with 
the 10th revision of the International Classification of Diseases. 
To minimize discrepancies between the initial draft and the final 
coding of cause of death, a machine learning model was devel-
oped and applied to death certificates. Among 306,898 certificates 
from 2022, the final cause model achieved an accuracy of 62.65%. 
Given that there are approximately 18,000 categories for cause of 
death, this result is excellent. Nevertheless, to further improve ac-
curacy, the quality of death certificates, which serve as the founda-
tional data source, should be enhanced [11].

Guidelines for researchers, physicians, 
and the general people

The reporting guidelines of CONSORT 2025 for randomized 
controlled studies [12], the transparent reporting of a multivari-
able model for individual prognosis or diagnosis (TRIPOD)-AI 
statement for deep learning studies in the medical field [13], and 

Fig. 1. Application history and review results of Ewha Medical Journal presented in PMC Publisher Portal from August 21, 2024, to 
July 24, 2025.
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the TRIPOD-AI large language model (LLM) statement for large 
language model studies in medical research have been translated 
into Korean to facilitate easier and faster understanding among 
Korean researchers [14]. This translation was made possible 
through the support of the original guideline authors, Korean 
proofreading by Yoon Joo Seo, an expert manuscript editor in Ko-
rea with a background in Korean language and literature, and 
back-translation by Jeong-Ju Yoo, Professor of Gastroenterology at 
Soonchunhyang University Bucheon Hospital. For a bilingual 
Korean/English journal, providing such essential tools for article 
writing is invaluable.

The “Ten guidelines for a healthy life: Korean Medical Associa-
tion Statement (2017)” was a significant achievement by the Ko-
rean Medical Association. While each recommendation was al-
ready widely known among the public, framing them within a sci-
entifically grounded structure and supplementing them with ac-
tionable strategies added meaningful value. Additionally, the orig-
inal text was expanded to include a detailed action plan. These 10 
guidelines will benefit not only physicians advising clients and pa-
tients on healthy habits but also the general public interested in 
adopting healthier behaviors [15]. The publication of the 
abridged version was made possible with the cooperation of the 
academic leaders of the Korean Medical Association.

Finally, I would like to highlight an ecological study conducted 
by Dr. Eunhee Ha’s lab [16]. Dr. Ha is an eminent medical re-
searcher in environmental medicine, particularly renowned for 
her work on particulate matter. As noted in the “Ten guidelines 
for a healthy life” [15], particulate matter poses a serious health 
risk. In the current ecology article, the authors observed that “In 
winter, strong associations were observed between O3, NO2, and 
all disease outcomes. In spring, PM2.5 and PM10 were strongly 
linked to cardiac and stroke-related visits. This connection be-
came more pronounced in autumn, especially for NO2 and cardi-
ac arrest.” Accordingly, targeted control of O3 and NO2 is an ur-
gent priority, especially in urban environments.

One of my colleague editors of Women's Health Nursing, Dr. Sue 
Kim, recently remarked that EMJ covers a diverse range of inter-
esting topics. My intention has always been to make EMJ a stimu-
lating journal and a forum for communication among researchers 
in the health professions, including physicians, dentists, nurses, 
and dietitians. I am unsure how much the journal has achieved 
this goal, but I hope readers of EMJ find the articles in this issue 
enjoyable and gain at least a small sense of happiness from them.
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Editorial

Ten guidelines for contributors to medical artificial intelligence 
research
Dohyoung Rim*

Rowan Co., Seoul, Korea

To all esteemed readers and contributors of the Ewha Medical 
Journal,

The number of medical papers incorporating deep learning 
technologies has increased significantly in recent years. As a result, 
medical journals now require specialized editorial expertise to 
properly evaluate these developments. Beyond validating the 
medical value, efficacy, and research outcomes, it has become nec-
essary to verify the technical aspects of deep learning research 
methods and the analysis of results. Ewha Medical Journal (EMJ) 
is a highly progressive publication that actively supports and en-
courages medical research utilizing artificial intelligence (AI). 
Recognizing the importance of this specialized AI role, we have 
established the position of AI Editor, which is a role that remains 
rare globally. I joined EMJ this year as the AI article editor and 
have recently reviewed and guided several submissions. This letter 
aims to provide a general guide, from an engineering perspective, 
for preparing medical research papers that incorporate artificial 
intelligence. It is designed to be easily understandable, though it is 
neither exhaustive nor intended as a master-level resource, nor 
does it function as a checklist. For a reliable, comprehensive 
guideline, we recommend consulting the TRIPOD (transparent 
reporting of a multivariable model for individual prognosis or di-
agnosis)-AI statement [1,2].

Manuscript format: imbue the medical 
manuscript with engineering depth

Medical and engineering papers differ markedly in their for-
mats, with notable distinctions in abstract structure (structured 

versus unstructured) and the organization of chapters. From an 
engineering standpoint, the overall format of an AI-driven re-
search paper in medicine is not the primary concern; adherence 
to the existing format of medical journals is generally sufficient. 
However, certain elements deemed essential from an engineering 
perspective must be thoroughly addressed in the manuscript.

Reproducibility: the lifeblood of 
experimentation, demonstrate it 
transparently

Medical research employing artificial intelligence typically in-
volves experiments using AI models, from which insights are de-
rived through the analysis of experimental results. It is essential 
that readers are able to reproduce both the experiments and their 
outcomes based solely on the information published in the paper, 
even when the code is not provided. To ensure this, unlike in con-
ventional medical papers, the following details must be clearly 
specified, and a dedicated section may be included for this pur-
pose: data, preprocessing methods, model details, training details, 
training results, and result analysis.

Data: the foundation of research, describe 
it accurately and in detail

All data used in the research must be described in detail, regard-
less of its origin or type. When utilizing publicly available datasets, 
the means and methods of acquisition must be explicitly stated. 
For self-collected data, an even more meticulous description is 
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necessary. Wherever feasible, self-collected datasets should be 
made publicly accessible; if this is not possible, they should at least 
be made available to reviewers for evaluation.

Preprocessing: a core determinant of 
outcomes, disclose it transparently

Data preprocessing methods have a profound impact on the re-
sults and the validity of the experiment. While general processes 
such as normalization and the handling of missing values are im-
portant, the way training, validation, and test datasets are com-
posed is especially critical for the development and validation of 
AI models. Including any portion of the training data in the test 
dataset constitutes “data leakage” and renders the experimental re-
sults meaningless. Furthermore, preprocessing procedures for all 
3 datasets, as well as for any required external test data, must be 
applied consistently to ensure the results are meaningful.

Model details: the core of the design, 
describe it for reproducibility

Ideally, the experimental code should be made publicly avail-
able. However, if this is not possible, the information provided in 
the paper should be detailed enough for readers to reconstruct the 
code, acquire and preprocess the data as described, and reproduce 
the research results. As with the data, if public disclosure of the 
code is not feasible, it should at least be accessible to reviewers.

Training details: the importance of 
environment and settings, record them 
meticulously

Training details encompass specifics about the environment 
and hyperparameters used during model training. This includes 
comprehensive information such as the operating system, central 
processing unit, graphics processing unit, Python and library ver-
sions, as well as detailed hyperparameter settings like learning rate, 
dropout ratio, optimizer, and its configurations. Even with identi-
cal data, preprocessing steps, and model code, the final training re-
sults and performance can vary considerably based on these set-
tings.

Training results: visualize the process, 
present the results with clear metrics

Machine learning, and particularly deep learning, requires a 
structured training process. During training, loss and performance 

metrics must be monitored to determine whether the model has 
been adequately trained or if overfitting has occurred. Typically, 
these metrics are presented graphically to illustrate their progres-
sion over time. Including loss and metric graphs will greatly aid 
readers in understanding the training process and the outcomes 
achieved.

Result analysis: task-appropriate metrics, 
interpret the findings in depth

AI tasks in medical research broadly encompass regression and 
classification, as well as segmentation and generation. For regres-
sion and classification tasks, essential metrics include mean square 
error, receiver operating characteristic (ROC) curves, and the 
area under the ROC curve. For classification tasks, the confusion 
matrix, precision, sensitivity (also referred to as recall), and F1-
score should be presented and discussed.

Comparative models: prove research 
value and ensure persuasiveness

If the research centers on the model itself, its superiority should 
be demonstrated by comparison with other models. However, in 
AI-powered medical research, the primary concern is the utility of 
the model in a medical context, rather than innovation for its own 
sake. Consequently, direct quantitative comparisons with other 
studies may be omitted when standardized experimental condi-
tions cannot be assured. Nevertheless, even in such cases, the ex-
perimental results should be presented with sufficient persuasive-
ness to establish the research’s value.

Discussion: bridge with clinical practice, 
clearly convey value

The ultimate aim of research utilizing artificial intelligence is to 
harness its potential as a valuable tool in clinical practice. Al-
though the research methods and results may be more aligned 
with engineering content, it is vital that clinicians and medical re-
searchers who will apply these findings can fully comprehend 
their significance. Therefore, the Discussion section should artic-
ulate the findings and limitations in the context of clinical practice, 
clearly highlighting the improvements and significance this study 
brings to the field. By doing so, we bridge the gap between engi-
neering and medicine, effectively conveying the practical value of 
the research to readers.

Indeed, these technical details may seem somewhat unfamiliar 
to readers accustomed to traditional medical journal articles. This 
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is because the writing of AI-based research papers demands far 
more detailed methodological explanations than traditional med-
ical papers. However, by faithfully incorporating the elements em-
phasized above, researchers can substantially enhance the reliabil-
ity and academic value of their work. Furthermore, such transpar-
ent reporting increases the likelihood that research findings will 
be applied in clinical practice, leading to meaningful advance-
ments.

EMJ is at the forefront of this wave of change and actively en-
courages the participation of medical students and early-career re-
searchers in particular. We will continue to strive to lower the bar-
riers to entry for AI research and to support innovative studies. 
We hope your valuable research achievements will be widely 
shared through this journal, ultimately contributing to the ad-
vancement of medicine.

Sincerely,
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Introduction

Background
The management of locally advanced rectal cancer (LARC) has 

evolved markedly in recent decades, shifting from predominantly 
aggressive surgical interventions to more integrated, multidisci-
plinary approaches. Neoadjuvant chemoradiotherapy (nCRT), 
followed by total mesorectal excision (TME) and adjuvant che-
motherapy, has become the standard treatment for LARC [1,2]. 
This approach has substantially improved local disease control 
and increased rates of sphincter preservation compared to surgery 
alone. However, radical surgery for rectal cancer can severely im-
pair functional outcomes and is often associated with diminished 

quality of life [2]. Moreover, despite advances in local tumor con-
trol, these strategies have not consistently yielded improvements 
in overall survival, prompting a reassessment of treatment intensi-
ty and its attendant morbidity [1-4].

However, these protocols have resulted in a subset of patients 
exhibiting exceptionally favorable responses, including those clas-
sified as complete responders according to treatment criteria. Pa-
tients in this category who have undergone non-operative man-
agement have been reported to experience oncologic outcomes 
comparable to those who received radical resection [5,6]. This 
context has fostered the emergence of organ-preserving strategies, 
most notably the watch and wait (WW) approach, which has 
quickly gained prominence and has become a central focus in rec-

Non-operative management, particularly the watch and wait (WW) strategy, has emerged as an alternative to total mesorectal excision for selected patients 
with locally advanced rectal cancer who achieve a clinical complete response (cCR) after neoadjuvant treatment. This narrative review examines oncologic 
outcomes, functional and quality-of-life benefits, diagnostic challenges, and surveillance requirements associated with WW compared to radical surgery. Evi-
dence from randomized trials and international registries indicates that WW provides overall and disease-free survival rates comparable to those of surgery, 
provided that stringent selection criteria and intensive surveillance are maintained for 3 to 5 years. Local regrowth occurs in 15%–40% of patients—most 
commonly within 24 months—but salvage surgery is curative in over 90% of cases and restores oncologic equivalence. Nevertheless, distant metastasis is 
more frequent in patients who experience regrowth, underscoring the importance of early detection and the need for optimized systemic therapy. Accurate 
determination of cCR remains the primary limitation; digital rectal examination, high-resolution magnetic resonance imaging, and endoscopy, even when 
combined, cannot reliably exclude microscopic residual disease. Total neoadjuvant therapy increases cCR rates to 30%–60% and expands the pool of WW 
candidates, but also intensifies the need for standardized response definitions and surveillance algorithms. WW offers organ preservation and quality-of-life 
improvements without compromising survival in carefully selected patients, provided that multidisciplinary teams ensure rigorous response assessment and 
lifelong monitoring. Future advances in imaging, molecular biomarkers, and individualized risk stratification are expected to further enhance the safety of WW 
and expand eligibility to a broader patient population.

Keywords: Biomarkers; Disease-free survival; Neoadjuvant therapy; Rectal neoplasms; Quality of life
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tal cancer management [5-8]. Nonetheless, significant limitations 
persist in the broader application of these strategies, particularly 
regarding the lack of reliable criteria for assessing treatment re-
sponse and standardized surveillance protocols.

Objectives
The present review evaluates the treatment outcomes of 

non-operative management, discusses current efforts to improve 
patient survival, and delineates the existing constraints on re-
al-world applications.

The paradigm shift: rationale and 
emergence of watch and wait

The shift toward the WW strategy is fundamentally motivated 
by the goal of minimizing the substantial morbidity associated 
with radical surgery for rectal cancer, while still achieving compa-
rable oncologic outcomes. Although TME provides effective local 
tumor control, it frequently results in severe and persistent side ef-
fects, including permanent colostomy, impaired bowel function 
(urgency, clustering, fecal incontinence), and sexual or urinary 
dysfunction—all of which significantly compromise patients’ 
quality of life [2,3].

Evidence that a notable proportion of patients—approximately 
10%–25%, rising to 30%–60% with the advent of total neoadju-
vant therapy (TNT)—achieve a pathological complete response 
(pCR) has challenged the need for radical surgery in all cases 
[2,9,10]. The pioneering work of Dr. Angelita Habr-Gama, who 
first introduced the WW concept in the early 2000s, was instru-
mental in this shift. Her group established strict criteria for identi-
fying clinical complete response (cCR) using comprehensive as-
sessments, including digital rectal examination (DRE), endosco-
py, and imaging [5]. Early experiences from this group demon-
strated that sustained tumor-free intervals could be achieved 
without surgery and that salvage treatments following local re-
growth were successful, providing key evidence supporting the 
WW approach [5].

The development of TNT has further increased the feasibility 
of WW. TNT, which is defined as the administration of all che-
motherapy and radiotherapy prior to surgical intervention, aims 
to achieve earlier systemic control of micrometastatic disease, im-
prove patient adherence, reduce toxicity, and significantly increase 
tumor regression and pCR rates [9-13]. Landmark studies, in-
cluding the RAPIDO and PRODIGE trials, have demonstrated 
significantly higher pCR rates with TNT compared to conven-
tional nCRT, thereby expanding the pool of candidates eligible for 
WW [12,13]. As a result, the WW strategy has evolved from a 

mere avoidance of surgery to a deliberate deferral of surgery, con-
tingent on rigorous surveillance and continuous monitoring of 
clinical response [10].

Importantly, the WW approach is more accurately described as 
“deferral of surgery” rather than “no surgery.” Robust salvage path-
ways are essential, as highlighted by the high success rates (88%–
95.4%) reported for salvage surgery in cases of local tumor re-
growth [10,14]. The effectiveness and availability of salvage sur-
gery reinforce the oncologic safety of the WW strategy. Therefore, 
ongoing, active surveillance is integral to WW, ensuring prompt 
detection and management of any tumor recurrence.

Ethics statement

This is a literature-based study; therefore, neither approval by 
an institutional review board nor informed consent is required.

Oncologic outcomes of watch and wait: a 
critical evaluation

The oncologic outcomes associated with the WW strategy for 
LARC have shown inconsistent results. While some reports are 
promising, demonstrating outcomes equivalent to those of stan-
dard radical surgical treatment, others highlight areas that require 
caution and further investigation.

Overall survival, disease-free survival, and disease-specific 
survival

Many studies and meta-analyses have reported comparable 
overall survival (OS) and disease-free survival (DFS) rates be-
tween patients managed with WW and those undergoing radical 
surgery after achieving cCR or pCR [3]. A pooled analysis of the 
CAO/ARO/AIO-12 and OPRA trials, which included 628 pa-
tients, found similar survival outcomes between selective WW 
and mandatory TME in patients with cCR or near-complete re-
sponse (nCR). Specifically, the 3-year DFS (76% for WW vs. 73% 
for TME), distant recurrence-free survival, local recurrence-free 
survival, and OS were all equivalent [15]. Additionally, recent co-
hort analyses have reported no significant differences in OS, 
5-year DFS, rates of distant metastasis, or mortality between WW 
and surgical groups [16-18].

However, some studies advise greater caution. One retrospec-
tive analysis comparing WW patients with cCR to pCR patients 
who underwent surgery reported lower survival rates for the WW 
group (5-year OS: 73% for WW vs. 94% for pCR; DFS: 75% for 
WW vs. 92% for pCR) [19]. Notably, this study identified im-
portant confounding variables, such as a higher median age in the 
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WW group (67.2 years vs. 57.3 years) and a substantial propor-
tion (70%) of deaths attributable to non-cancer-related causes, 
both of which could influence overall survival comparisons [19]. 
According to real-world data from the International Watch & Wait 
Database (IWWD), the 2-year cumulative incidence of local re-
growth was 25.2%. Conditional survival analysis indicated that 
patients who maintained cCR for 3 years had less than a 2% risk of 
systemic recurrence thereafter, during a median long-term fol-
low-up of 55.2 months [20]. Consequently, the initial 2 years fol-
lowing completion of nCRT are crucial for prognostication and 
early detection of recurrence.

Local regrowth rates and salvage management
A major concern with WW is the risk of local tumor regrowth, 

with reported rates ranging from 6% to 40%, depending on study 
design and length of follow-up [8,10,19]. For example, the 
IWWD documented a 2-year cumulative incidence of local re-
growth at 25% [8,20]. The OPRA trial reported local regrowth 
rates ranging from 27% to 40%, depending on the specific neoad-
juvant therapy regimen [10].

The salvage rate for regrowth following the WW strategy varies 
across published studies [8,16,19,20]. Nonetheless, the majority 
of local regrowths can be detected early through rigorous surveil-
lance and are amenable to effective salvage surgery. Outcomes of 
salvage surgery are generally favorable, with high rates of curative 
intent. Therefore, the feasibility and success of salvage surgery are 
crucial in reinforcing the oncologic safety of the WW approach.

Distant metastasis rates
Despite successful local control achieved through salvage sur-

gery, concerns remain regarding the risk of distant metastases. 
Multiple studies have shown higher rates of distant metastasis in 
patients who experience local regrowth compared to those who 
maintain continuous cCR (36% vs. 1%, respectively; P < 0.001) 
[19]. Indeed, local regrowth following WW is now recognized as 
a significant independent risk factor for subsequent distant metas-
tases [14]. According to the IWWD, distant metastases occurred 
in approximately 8% of patients managed with WW [20].

These findings suggest that an undetected primary tumor left in 
situ until regrowth may contribute to systemic disease progres-
sion, indicating that local regrowth could serve as an early marker 
of aggressive tumor biology or incomplete systemic response to 
treatment [20].

Critical appraisal of WW strategy
While WW demonstrates favorable outcomes when proper pa-

tient selection and surveillance are applied, it is essential to ac-
knowledge that these outcomes are highly dependent on both 
early detection and successful salvage surgery for local recurrence. 
As such, the oncologic safety of WW critically depends on 2 key 
factors: the prompt identification of local regrowth and the effec-
tiveness of subsequent salvage interventions.

Additionally, the consistently higher rates of distant metastasis 
observed among WW patients experiencing local regrowth sug-
gest a potential systemic risk associated with deferring surgery. 
This raises important questions about whether organ preserva-
tion might inadvertently compromise systemic disease control in 
certain patient subgroups. Currently, the use of TNT has expand-
ed considerably, and its oncologic outcomes have been shown to 
be superior to standard nCRT (Tables 1, 2), which is likely to fur-

Table 1. Location of clinical stage of patients included in TNT trials for rectal cancer 

Trial Location  
(cm from anal verge) Diagnosis method Detailed indication

nCRT vs. TNT
 RAPIDO [13] <16 MRI High risk on pelvic MRI (with at least one of the following criteria: 

cT stage cT4a or cT4b, extramural vascular invasion, cN stage cN2, 
involved mesorectal fascia, or enlarged lateral lymph nodes)

 STELLAR [17] 10 MRI cT stage 3–4 and/or regional lymph node (N)–positivity
 PRIODIGE 23 [14] <15 ERUS/MRI Stage cT3–4 (based ERUS/MRI)
Induction vs. consolidation TNT
 CAO-ARO-AIO 12 [18] <12 MRI cT3 tumor less than 6 cm from the anal verge, cT3 tumor in the 

middle third of the rectum (≥6–12 cm) with extramural tumor 
spread into the mesorectal fat of more than 5 mm (>cT3b), cT4 
tumors, or lymph node involvement, based on MRI that was 
mandatory.

 OPRA [10] Require complete TME MRI Clinical stage II (T3–4, N-) or stage III (any T, N+) based on MRI

TNT, total neoadjuvant therapy; nCRT, neoadjvuant chemoradiotherapy; MRI, magnetic resonance imaging; cT, clinical tumor; cN, clinical nodal; ERUS, en-
dorectal ultrasound; TME, total meosrectal excision.
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Table 2. Pathologic and oncologic outcomes of TNT trials for rectal cancer 

Result R0 rate pCR APR rate Local recurrence Disease-free survival Overall survival
nCRT vs. TNT
 RAPIDO [13] -
  TNT - 28 35 12.1 27.8* 81.7
  nCRT - 14 40 8.1 34.6* 80.2
 STELLAR [17]
  TNT 91.5 21.8 45.1 8.4 64.5 86.5
  nCRT 87.8 12.3* 41.3 11.0 62.3 75.1*
 PRIODIGE 23 [14]
  TNT 95 28 14.1 67.6 81.9
  nCRT 94 12 14 62.5* 76.1*
Induction vs. consolication TNT
 CAO-ARO-AIO 12 [18] -
  Consolidation 92 17 28 6 73 -
  Induction 90 25* 23 5 73 -
 OPRA [10] - - - - -
  Consolidation - - - - 71 -
  Induction - - - - 69 -

TNT, total neoadjuvant therapy; nCRT, neoadjvuant chemoradiotherapy; pCR, pathologic complete regression; APR, abdominoperineal resection.
*P<0.005.

ther accelerate the adoption of WW. Future research must there-
fore focus on identifying and stratifying high-risk patients who 
may require intensified systemic therapy or who might not be ide-
al candidates for WW prior to any local recurrence.

Challenges in defining cCR

A major obstacle to the widespread adoption and standardiza-
tion of the WW approach is the absence of a universally accepted 
and highly accurate definition of cCR [10,20,21]. At present, cCR 
is defined by the absence of a clinically detectable tumor on DRE, 
endoscopy, and imaging [10] (Fig. 1). However, these methods 
have significant limitations in reliably identifying true complete 
tumor regression, particularly at the microscopic level.

Difficulties in accurate cCR assessment
The primary challenge in determining cCR is differentiating 

between complete tumor regression and microscopic residual dis-
ease, as well as distinguishing post-treatment fibrosis or inflamma-
tion from viable cancer cells [22,23]. While pCR—the absence of 
viable tumor cells in resected surgical specimens—remains the 
definitive gold standard, pCR can only be confirmed after surgery 
and thus cannot guide the initial decision to pursue WW. Thus, 
discrepancies between cCR and actual pCR raise considerable 
concerns, as inaccurate clinical assessments may lead to under-
staging, increased risk of local regrowth, and potentially compro-

mised oncologic outcomes.
Currently available diagnostic modalities, such as magnetic res-

onance imaging (MRI) and endoscopic biopsy, lack the sensitivi-
ty to detect microscopic residual disease, especially if tumor cells 
persist in deeper layers of the rectal wall [23,24]. Studies have 
shown that even patients categorized as having achieved cCR may 
harbor deeper residual tumor cells, directly contributing to local 
regrowth and increased risk of distant metastasis [23-26]. This di-
agnostic gap underscores the intrinsic limitations of existing 
non-invasive methods and highlights the urgent need for im-
proved techniques capable of accurately detecting microscopic re-
sidual disease. Until such advances are achieved, strict surveillance 
and robust salvage strategies must remain central to WW proto-
cols.

Criteria for optimal patient selection for WW strategy
Careful patient selection is fundamental to optimizing oncolog-

ic outcomes in WW. At present, candidates generally include 
those with LARC who achieve an excellent clinical response to 
neoadjuvant therapy [20,21]. Recently, some reports have pro-
posed simplified response criteria after nCRT for rectal cancer, in-
troducing the concept of a transient response group characterized 
as slow responders or those with near-complete response [27,28]. 
However, caution is warranted in selecting patients from this 
group, as the oncologic safety of WW in slow responders has not 
been clearly established.
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Patient preferences and the ability to adhere to stringent sur-
veillance schedules also play a critical role in patient selection [29-
31]. WW is particularly appropriate for patients with low rectal 
tumors, where surgery would cause substantial impairment of 
quality of life, or for older and frail patients with significant co-
morbidities who are at elevated perioperative risk [31]. Thus, op-
timal patient selection demands a comprehensive, multidimen-
sional assessment, balancing oncologic risks against anticipated 
quality-of-life gains and individual patient factors. There is a 
pressing need for better risk stratification tools to refine selection 
criteria and further personalize the WW approach. Effective im-
plementation requires a coordinated multidisciplinary team and 
shared decision-making, ensuring that patients are fully informed 
of the potential risks and benefits.

Limitations of current diagnostic and surveillance meth-
ods for cCR

Despite substantial progress, current diagnostic and surveil-
lance methods for determining cCR have notable limitations that 
hinder the consistent application and widespread standardization 
of WW.

DRE and endoscopy remain the cornerstone modalities for 
cCR assessment, enabling direct palpation and visualization of the 
rectal tumor bed [20,27,32]. However, these techniques are high-
ly operator-dependent, reducing reproducibility and increasing 
the likelihood of missing subtle mucosal changes, submucosal re-
sidual disease, or deeper malignant foci. Endoscopic biopsy, in 
particular, is limited by its inability to adequately sample deeper 

layers, especially the muscularis propria, which leads to false-neg-
ative results [27].

MRI (1.5 T or 3 T) is the imaging method of choice for both 
initial staging and post-treatment assessment, providing excellent 
soft-tissue differentiation and visualization of mesorectal struc-
tures and lymph nodes [22,33]. Nevertheless, MRI often strug-
gles to distinguish viable tumor from post-treatment fibrosis, ede-
ma, or inflammation, resulting in reduced accuracy for restaging 
after neoadjuvant therapy. The accuracy of MRI for post-treat-
ment T-staging may be as low as 50%, and nodal staging accuracy 
is generally between 60% and 80% [34,35]. Additionally, variabil-
ity in MRI interpretation, stemming from non-standardized re-
porting practices across institutions, further contributes to incon-
sistencies [23]. Therefore, imaging findings such as restricted dif-
fusion or abnormal nodal morphology may suggest residual dis-
ease, but their interpretation is challenging due to significant over-
lap with benign post-treatment changes [27].

Diagnostic and surveillance limitations: a critical perspec-
tive

The intrinsic challenge of distinguishing fibrosis and inflamma-
tory tissue from viable residual cancer cells on imaging—especial-
ly MRI—remains a significant diagnostic hurdle. Fibrosis induced 
by chemoradiotherapy often closely mimics residual disease ra-
diologically, leading to both false-negative and false-positive as-
sessments. This diagnostic ambiguity contributes directly to the 
uncertainty associated with WW outcomes and underscores the 
need for rigorous surveillance protocols to mitigate the risk of lo-

Fig. 1. Imaging diagnosis of clinical complete response after neoadjvuant therapy for rectal cancer. (A) Endoscpic image showing 
a whitish scar. (B) Absence of tumor signal and barely visible treatment-related sacr on magnetic resonance imaging.
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cal regrowth. Addressing these challenges requires the develop-
ment of more precise, objective imaging criteria and advanced im-
aging technologies capable of accurately differentiating fibrosis 
from viable tumor cells.

Furthermore, the high operator dependency of clinical assess-
ments (DRE, endoscopy, endorectal ultrasound [ERUS]) and the 
marked variability in MRI interpretation between institutions fur-
ther compromise the reproducibility and generalizability of cCR 
determinations. This variability undermines confidence in out-
comes reported from WW registries and highlights the urgent 
need for standardized assessment protocols, enhanced clinician 
and radiologist training, and the integration of artificial intelli-
gence (AI) and other quantitative tools to reduce inter-observer 
variability and improve diagnostic accuracy [36].

Establishing standardized surveillance 
protocols

Given the significant diagnostic challenges in defining cCR and 
the substantial risk of local tumor regrowth in patients managed 
with WW, the development of standardized and rigorously coor-
dinated surveillance protocols is essential to ensuring patient safe-
ty and optimizing outcomes. The effectiveness of WW is funda-
mentally dependent on the timely detection and successful surgi-
cal management of local regrowth, underscoring the necessity for 
intensive and structured surveillance strategies [20,21,37].

Current surveillance practices
Early WW protocols, most notably those established by Habr-

Gama, employ intensive monitoring regimens that include fre-
quent DREs, carcinoembryonic antigen testing, endoscopic as-
sessments, and MRI. A typical surveillance schedule involves 
monthly to bimonthly evaluations during the first year, quarterly 
evaluations in the second year, and semiannual assessments from 
the third year onward. Additionally, serial MRI scans are com-
monly performed every 6 months once an initial cCR is con-
firmed [6,20,37]. Many institutions implement similar protocols, 
generally conducting assessments every 3 months during the first 
2 years and every 6 months thereafter until year 5.

The critical need for standardization
Although WW strategies are increasingly adopted worldwide, 

there remains considerable variability among institutions with re-
spect to patient selection, treatment protocols, and surveillance 
regimens [19,20,30,38]. The National Accreditation Program for 
Rectal Cancer (NAPRC), for example, acknowledges the WW 
approach but does not provide specific clinical management or 

follow-up guidelines, leaving these decisions to the discretion of 
individual multidisciplinary teams. This lack of standardization is 
concerning, as inconsistent approaches can delay detection of tu-
mor regrowth, potentially jeopardizing the outcomes of salvage 
surgery and increasing the risk of distant metastasis.

Given the relatively high local regrowth rates (15%–40%) 
[17,20,21], paired with high salvage surgery success rates (90%–
95%) [37], the WW strategy should be recognized as an active 
management approach, not a passive observational one. Thus, the 
oncologic safety of WW relies less on the absolute prevention of 
recurrence and more on reliably detecting and effectively treating 
recurrence when it occurs. In this context, surveillance is not 
merely routine follow-up but a vital therapeutic component, 
transforming the paradigm from “watch and wait” to “watch, de-
tect, and intervene promptly.”

However, there remains a gap between the ideal and the practi-
cal. While rigorous, multimodal surveillance protocols are critical 
for patient safety, their intensity, duration, and resource demands 
can be challenging for patients and healthcare systems to sustain 
and implement equitably [39]. The resource-intensive nature of 
such protocols necessitates significant expertise and training 
among radiologists, endoscopists, and other specialists [40]. As a 
result, translating the theoretical benefits of WW into standard 
clinical practice is often constrained by logistical barriers, patient 
compliance issues, and disparities in access to specialized care.

Addressing these challenges requires ongoing research aimed at 
optimizing surveillance strategies, striking a balance between pro-
tocol rigor, practical feasibility, patient acceptability, cost-effective-
ness, and equitable access. The establishment of accredited WW 
centers of excellence will also be necessary to ensure quality assur-
ance, standardized protocols, and fair patient access to specialized 
care pathways.

Role of multidisciplinary teams
The successful implementation of WW depends on the active 

participation of a highly coordinated multidisciplinary team 
(MDT), including surgeons, medical and radiation oncologists, 
radiologists, pathologists, and specialized endoscopists. The 
MDT must ensure accurate interpretation of clinical, radiological, 
and pathological findings to provide comprehensive patient as-
sessment and ongoing monitoring. Effective shared decision-mak-
ing, characterized by transparent communication regarding risks 
and benefits, is critical for promoting patient understanding and 
securing adherence to demanding surveillance protocols.
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Future directions and ongoing research

The continued advancement and broader adoption of WW 
strategy in rectal cancer management depend significantly on 
dedicated research efforts. Key efforts include optimal patient se-
lection, enhancing the accuracy of clinical response assessment, 
and developing effective surveillance protocols.

Current research seeks to enhance the detection of microscopic 
residual disease through advanced imaging technologies. Radio-
mics enables the extraction of detailed quantitative features from 
standard MRI scans, improving the prediction of cCR by correlat-
ing imaging findings with pathology and genomic data [41]. 
Functional MRI techniques are being investigated to better differ-
entiate residual viable tumor from fibrosis or treatment-induced 
changes [42]. Novel modalities such as endorectal photoacoustic 
ultrasound are also under study to improve tumor response evalu-
ation. Additionally, AI and machine learning methods are increas-
ingly applied, utilizing deep learning algorithms to analyze imag-
ing data and achieve more accurate assessments of treatment re-
sponse [36,43].

There is an urgent need for non-invasive, highly sensitive, and 
specific biomarkers that can reliably predict which patients will 
achieve a cCR and are suitable for WW. Circulating tumor DNA, 
detected through liquid biopsies, has shown promise for identify-
ing microscopic residual cancer cells and for predicting both re-
sponse and recurrence [44,45]. However, current circulating bio-
markers still lack sufficient specificity and clinical evidence, neces-
sitating further validation and standardization before widespread 
clinical adoption.

Recent research also focuses on optimizing and intensifying 
TNT regimens to achieve even higher rates of complete response 
[46]. The OPRA trial demonstrated that long-course chemora-
diotherapy followed by consolidation chemotherapy produced 
superior outcomes in achieving cCR and increased TME-free 
survival, making it a preferred approach for organ preservation 
[10,15]. Additional studies are exploring whether the duration 
and intensity of TNT regimens can be safely reduced to minimize 
toxicity without compromising efficacy [10-14].

Many international observational studies and clinical trials con-
tinue to validate the safety, feasibility, and efficacy of nonoperative 
management [16,20,47]. These studies are essential for gathering 
long-term outcome data and for resolving controversies regarding 
patient selection, cCR diagnosis, and optimal surveillance proto-
cols. Patients undergoing WW should ideally be enrolled in pro-
spective registries or clinical trials to contribute to this evolving 
evidence base. The integration of genetic profiles, molecular 
markers, and AI-driven predictive models represents a strong 

trend toward personalized medicine, enabling clinicians to tailor 
treatment strategies that maximize organ preservation while en-
suring oncologic safety.

Conclusion

The WW strategy marks a significant evolution in the manage-
ment of LARC, shifting the paradigm away from routine radical 
surgery and toward prioritizing organ preservation and quality of 
life. Its feasibility has increased with the higher rates of cCR 
achieved through TNT.

Despite promising survival outcomes comparable to those of 
standard radical surgery in patients who respond well to nCRT, 
important challenges persist. High rates of local regrowth remain 
a concern, even though salvage surgery is generally effective. 
Moreover, the elevated risk of distant metastasis among patients 
experiencing local recurrence underscores that WW is fundamen-
tally a “deferral of surgery” rather than an outright avoidance.

Accurately identifying cCR remains a limitation, as current di-
agnostic tools struggle to distinguish true cCR from microscopic 
residual disease or post-treatment fibrosis. This complicates pa-
tient selection and mandates intensive surveillance. An alterna-
tive—careful selection of patients who may achieve a complete 
response during a transient observation period—has been sug-
gested, but consensus and supporting evidence are still lacking. 
The lack of universally accepted and standardized surveillance 
protocols further restricts the widespread and equitable imple-
mentation of WW.

Future research aims to overcome these barriers through ad-
vancements in imaging technologies, AI-powered diagnostics, and 
the development of novel biomarkers. Ongoing clinical trials and 
patient registries are expected to yield essential long-term evi-
dence to refine and optimize the WW approach.

Ultimately, the successful implementation of the WW strategy 
depends on a careful balance between organ preservation and on-
cologic safety. Rigorous patient selection, accurate diagnostic mo-
dalities, standardized surveillance protocols, and multidisciplinary 
shared decision-making are all essential to ensure that WW deliv-
ers optimal outcomes for patients.
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Introduction

This paper systematically examines the developmental trajecto-
ry of medical education at Ewha Womans University College of 
Medicine. To achieve this, educational support documents gener-
ated over the past 2 decades were collected and analyzed, with 
special attention paid to temporal changes and major curricular 
themes. The primary data sources consisted of (1) the Ewha 
Medical Education Office’s educational support archives (2004–
2025) [1], (2) the College’s self-evaluation reports [2], and (3) 
minutes of the Curriculum Committee meetings (2004–2025) 
[3].

Through this analysis, the study aims to illuminate both the di-
rection and significance of Ewha’s medical education reforms. By 
reflecting on the past and examining the present, these findings 
are expected to offer critical insights for designing the future of the 
College’s educational initiatives. Although Ewha has pursued 
women’s medical education since its founding in 1945 and 
achieved numerous milestones, this investigation focuses on the 
last 20 years. This period was selected because the establishment 
of the Medical Education Office (now the Ewha Center for Medi-
cal Education) and the Department of Medical Education during 
this time provided the institutional framework necessary for a co-
ordinated, scholarly approach to “medical education” as a distinct 
field (Supplement 1).

The study aims to examine the 20-year developmental trajectory of medical education at Ewha Womans University College of Medicine (2004–2025). It ana-
lyzes educational support documents, self-evaluation reports, and Curriculum Committee meeting minutes to illuminate both the direction and significance 
of Ewha’s medical education reforms. Key milestones include the formal establishment of the Medical Education Office in 2004 and the subsequent founding 
of the Department of Medical Education in 2005. Major innovations over this period encompass the expansion of objective structured clinical examinations 
and the introduction of problem-based learning modules. Additional advancements include the establishment of the Ewha Medical Simulation Center and 
Learning Resource Center, as well as the reversion to an undergraduate medical college format in 2015. The college has also prioritized faculty development 
workshops and medical education seminars, implemented the Ewha Social Active Communication program, and introduced team-based learning. Notewor-
thy initiatives include the enhancement of student research capacity and the launch of a dedicated medical education newsletter. In 2022, the Medical Educa-
tion Office was reorganized as the Ewha Center for Medical Education, marking a new era of integrated leadership and expanded educational initiatives. Ewha 
has consistently achieved high accreditation statuses, reflecting ongoing excellence in curriculum development, assessment, and faculty development. This 
progress demonstrates the dedication and collaboration of both faculty and staff, resulting in a robust educational framework. The institution’s continuous 
growth serves not only as a testament to past achievements but also as a foundation for future advancements in Ewha’s medical education, with the ultimate 
aim of cultivating women leaders in Korean healthcare.

Keywords:  Anniversaries and special events; Communication; Leadership; Medical education; Problem-based learning
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Current status of medical education at 
Ewha Womans University College of 
Medicine

Key figures in medical education at Ewha
The formal establishment of the Medical Education Office in 

2004 marked the beginning of systematic organizational manage-
ment. Professor Soon Nam Lee (Internal Medicine) was appoint-
ed as the first Director, with Professor Bok Kyu (Ivo) Kwon 
(Medical Humanities) serving as Deputy Director and Professor 
Jae Jin Han (Thoracic Surgery) contributing in a joint capacity. 
Professor Lee subsequently expanded her leadership by serving as 
Dean of the College of Medicine. In 2005, the creation of the De-
partment of Medical Education laid the scholarly foundation for 
Ewha’s medical education efforts.

Starting in 2007, Professor Jae-Jin Han took on the directorship, 
with Professor Bok-Kyu Kwon continuing as Deputy Director. 
During this time, the faculty base broadened through the involve-
ment of BK21 Research Professors Jung Hee An, Eun Kyung Eo 
(Emergency Medicine), and Sun Young Hong (Internal Medi-
cine), each serving as additional Deputy Directors.

In 2013, Professor Hee Jung Choi (Internal Medicine) became 
Director (then titled “Head”), supported by Deputy Directors 

Professor Hye-Kyung Jung (Internal Medicine) and Professor 
Eun Kyung Eo. From 2014 onward, Professor Yeong Seon Hong 
led the office, with Professors Hye Kyung Jung and Han Soo Kim 
(Otorhinolaryngology) serving as Deputy Directors, further con-
solidating and deepening the program.

In 2018, Professor Do Sang Cho (Neurosurgery) assumed the 
directorship, with Deputy Directors Professor Claire Junga Kim 
(Medical Humanities) and Professor Hee Sung Lee (Surgery). 
The following year, Professor Bok-Kyu (Ivo) Kwon returned as 
Director, with Professors Claire Junga Kim and Hee Seong Lee 
continuing as Deputies.

In 2021, Professor Hyeon-Jong Yang (Parasitology) took on the 
role of Director, joined by Deputy Directors Professor Chung 
Hyun Tae (Internal Medicine) and Hee Seong Lee, thereby main-
taining continuity in educational operations.

The Medical Education Office was expanded into the Ewha 
Center for Medical Education in 2022, with the Center Director 
also serving as Associate Dean for Education. Professor Wook 
Bum Pyun (Internal Medicine) became the first Center Director, 
assisted by Deputy Directors Chung Hyun Tae and Hee Seong 
Lee. Simultaneously, Professor So-Mi Jeong, an education special-
ist, joined the Center as a dedicated educational professional.

Since 2024, Professor Seung-Jung Kim (Internal Medicine) has 

Fig. 1. Evolution of medical education in Ewha (2004–2025). OSCE, objective structured clinical examination; PBL, problem-based 
learning.

Evolution of medical education at Ewha

2004–2007: Initial establishment 

2008–2014: Institutional consolidation 

2015–2018: System transition & reorganization 

2019–2021: Digital education transition 

2022–present: Foundation building for future education 

OSCE expansion & PBL modules
Simulation Center & Learning Resource Center 

OSCE expansion & PBL modules
Simulation Center & Learning Resource Center 

2015–2018: System transition & reorganization 

OSCE expansion & PBL modules
Simulation Center & Learning Resource Center

OSCE expansion & PBL modules
Simulation Center & Learning Resource Center 



e-emj.org 3 / 6

served as Center Director and Associate Dean for Education, with 
Professors Chung Hyun Tae and Min Gyeong Jeong as Deputy 
Directors.

This succession of leadership demonstrates the progressive in-
stitutionalization and intellectual maturation of medical education 
at Ewha Womans University College of Medicine.

Principal phases in the evolution of medical education at 
Ewha

The development of medical education at Ewha Womans Uni-
versity College of Medicine can be divided into 5 distinct phases: 
(1) initial establishment (2004–2007), (2) institutional consoli-
dation (2008–2014), (3) system transition and reorganization 
(2015–2018), (4) digital education transition (2019–2021), and 
(5) foundation-building for future education (2022–present).

The salient changes and accomplishments of each phase are de-
tailed below (Fig. 1).

Initial establishment (2004–2007)
This period marks the formal organization of Ewha’s medical 

education framework. With the official launch of the Medical Ed-
ucation Office in 2004, a structured administrative system was es-
tablished. Key innovations during this time included the expan-
sion of the objective structured clinical examination (OSCE) and 
the development of problem-based learning (PBL) modules. 
Leadership development camps, aimed at fostering female medi-
cal leaders, became an institutional tradition, and systematic cur-
ricular research was initiated in preparation for the shift to a grad-
uate-entry medical college. The creation of the Department of 
Medical Education in 2005 provided a dedicated academic foun-
dation for the field. In 2007, the opening of the Ewha Medical 
Simulation Center and the introduction of a Learning Resource 
Center (LRC) further strengthened the educational infrastruc-
ture.

Institutional consolidation (2008–2014)
During this stage, operational stability was achieved and the 

groundwork was laid for an eventual return to an undergraduate 
medical college structure. Systematic support for both student ed-
ucation and faculty development was established, and an out-
comes-based assessment framework for graduation was put in 
place. Course syllabi were revised, and co-curricular programs 
such as Ewha Social Active Communication (ESAC) and the 
Standardized Patient Instructor initiative were introduced to en-
hance medical professionalism and social competencies. In the 
latter part of this phase, preparations began for developing a 
pre-medical track, setting the stage for future curriculum changes.

System transition and reorganization (2015–2018)
The introduction of the pre-medical program in 2015 marked 

Ewha’s return from a graduate-entry system to a traditional medi-
cal college format. This transition prompted significant reforms in 
pedagogical methods, faculty involvement, and administrative op-
erations. Comprehensive restructuring was undertaken across 
learning environments, assessment methodologies, and support 
systems. The new undergraduate curriculum was formally 
launched in 2017, symbolizing this pivotal change. A dedicated 
task force for curriculum reform was established, and important 
discussions began regarding the implementation of comput-
er-based testing.

Digital education transition (2019–2021)
The relocation to the Magok campus spurred rapid expansion 

of digital infrastructure, including the introduction of a learning 
management system, an integrated portfolio platform, and cen-
tralized management of the Simulation Center. The global 
COVID-19 (coronavirus disease 2019) pandemic further acceler-
ated the adoption of online instruction and remote assessments, 
enhancing educational flexibility and sustainability. This period 
was characterized by a systematic response to the demands of dig-
ital transformation in medical education.

Foundation-building for future education (2022–present)
The expansion of the Medical Education Office into the Ewha 

Center for Medical Education in 2022 marked the beginning of a 
new era. The Center Director simultaneously serves as Associate 
Dean for Education, reflecting integrated leadership. Key initia-
tives include public disclosure of feedback and course evaluations, 
regular medical education seminars, the revitalization of a journal 
club, and the publication of an internal newsletter, all of which 
contribute to a robust educational culture. Ongoing long-term 
initiatives include refinement of an outcomes-based curriculum, 
phasing out PBL in favor of expanded team-based learning (TBL), 
operating a task force for a 6-year integrated curriculum, and im-
plementing a comprehensive system for educational quality man-
agement.

Core themes in Ewha’s medical‐education enterprise

Faculty development
Faculty development initiatives are organized under 2 principal 

strands: faculty development workshops and medical education 
seminars (Fig. 2, Supplement 2).

Faculty development workshops: Although instructional work-
shops predate 2004, they expanded considerably after the Medical 
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Education Office was established, with a practical emphasis on 
implementing the new curriculum. Early workshops focused on 
curriculum design, item writing for the national licensing exam-
ination, and clinical performance examination (CPX) assessment, 
providing a foundation for broad faculty participation. Beginning 
in 2006, specialized workshops for junior faculty were introduced, 
along with sessions on PBL, TBL, and integrated curriculum de-
sign. As the program evolved, topics diversified to include medical 
education research methods, mentoring, and department-specific 
pedagogical sessions. By the mid-2010s, the workshops shifted to-
ward developing assessment literacy, featuring OSCE/CPX scor-
ing conferences, advanced item-construction training, and course 
outcome workshops aligned with competency-based education. 
An annual college-wide retreat was established to foster a shared 
educational philosophy and collegial dialogue. Most workshops 
are now embedded in the academic calendar, with additional ad 
hoc sessions provided as new needs emerge.

Medical education seminars: Originally conceived as individual 
lectures on curriculum design and teaching methods, the seminar 
series broadened its scope after the 2011 “Social & Smart Learn-
ing” symposium, which highlighted new educational paradigms. 
In 2015, a thematic sequence titled “Philosophical Foundations of 
Medical Education” encouraged reflective discussions about the 
field’s intellectual core.

Since 2022, topics have become explicitly interdisciplinary and 
future-oriented, such as 3-dimensional atlases, metaverse-based 
instruction, physician-scientist training, medical artificial intelli-
gence, innovative platforms, and the medical humanities. The 
2023–2024 series explored optimizing formative assessment, the 
6-year integrated curriculum, student-centered learning, entrepre-

neurship education, and debriefs from both international and do-
mestic conferences. What began as a narrowly focused pedagogi-
cal series has grown into a multilayered forum that includes learn-
ers, faculty, and forward-looking strategy. The seminars are held 
on the first Wednesday of each month at 17:00, providing a regu-
lar venue for ongoing professional discussion (Supplement 3).

Leadership camp
Aligned with the College’s mission to cultivate “women leaders 

in health care,” a 2-day residential leadership workshop was intro-
duced in 2006 for incoming graduate-entry students. The camp 
emphasized leadership, communication, and empathy through a 
combination of orientation activities, campus and historical tours, 
and interactive sessions. Evening programs paired students with 
alumnae mentors to transmit institutional heritage and values 
(Supplement 4).

The final cohort of graduate-entry students completed the pro-
gram in 2016. Its objectives are now achieved through first-year 
orientation and the pre-medical course “Team Leadership Proj-
ect,” reflecting the College’s ability to adapt to changing educa-
tional structures.

Ewha Social Active Communication
ESAC is an annual co-curricular lecture series launched in 2008 

to broaden students’ professional and communicative perspec-
tives. Speakers from medicine, public health, and diverse social 
sectors address global, cultural, and policy topics.

Early sessions explored themes such as the World Health Orga-
nization’s role, traditional medicine, women’s health and leader-
ship, and comparative healthcare systems in Vietnam and the 

Fig. 2. Core themes of Ewha medical education (2025).
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United States. Subsequent years added sessions on the United 
States Medical Licensing Examination experience, Christian lead-
ership, disability welfare, courageous women, Korean social 
trends, and international medical aid. Later installments addressed 
healthcare issues in Azerbaijan, African nations, and other regions.

Since 2014, topics have spanned evolving leadership paradigms, 
United Nations International Children’s Emergency Fund initia-
tives, pathogen genomics, and German psychiatric practices. Re-
cent sessions—such as US healthcare innovation (2022) and dig-
ital health and ecological transitions (2023)—encourage students 
to rethink physicians’ roles in future health systems. ESAC has be-
come a key platform for nurturing globally aware, communica-
tion-focused professional identities (Supplement 5).

Problem-based learning
PBL was introduced in 2006 with 2 original modules for first- 

and second-year medical students. Initially, the cases were based 
on single diseases, such as hepatitis A or acute appendicitis, but 
the case library expanded by 2014 to include oncology, immunol-
ogy, and obstetrics/gynecology topics.

A major update in 2015 introduced complex cases, including 
premenstrual syndrome, acute cholecystitis, and chronic obstruc-
tive pulmonary disease, that required integrative clinical reason-
ing. Between 2018 and 2019, the curriculum added advanced car-
diovascular and respiratory cases (such as stable angina, hemopty-
sis, cerebral infarction) as well as end-stage colorectal cancer.

However, operational challenges related to securing sufficient 
tutors, ensuring objective assessment, and managing faculty work-
load increased over time. As a result, the Curriculum Committee 
voted on June 16, 2021, to discontinue “PBL I & II.” After a peri-
od of transition, the last PBL session was delivered during the 
summer term of 2023.

Team-based learning
Introduced shortly after the Medical Education Office was 

founded, TBL initially targeted first- and second-year courses. In 
2013, a dedicated TBL subcommittee was formed to coordinate 
new modules, and members visited the Catholic University’s 
MASTER Center to benchmark best practices. Subsequent 
all-faculty workshops established broad support, and a pur-
pose-built TBL classroom (Medical Building, Room 301) was 
opened after the move to the Magok campus.

Since 2023, semester-based TBL workshops have become rou-
tine, and legacy lectures are being systematically converted into 
TBL modules. Student feedback is collected and analyzed to drive 
iterative quality improvement. The current approach focuses on 
expanding TBL in pedagogically appropriate courses and topics 

throughout the curriculum, rather than simply increasing the 
number of TBL sessions (Supplement 6).

Enhancement of student research capacity
A longitudinal Research-Intensive Curriculum integrates re-

search training from the first pre-medical year through the fourth 
medical year. Foundational courses—such as “Basic Experimental 
Techniques,” “Research Design and Data Analysis,” “Manuscript 
Writing and Presentation,” and “Individualized Medical Science 
Research”—develop core competencies. Advanced electives, in-
cluding “Advanced Medical Science Research,” are available 
during the early clinical years, while a fourth-year elective allows 
for full-time laboratory immersion.

A 2024 curriculum reform introduced the spiral “Creative Chal-
lenge Research Track,” which begins in the first pre-medical se-
mester and continues through the second semester of the second 
clinical year. Early theoretical training is now offered as “Founda-
tions of Creative Research,” and a new course, “Creative Research 
Challenge,” has been introduced (Supplement 7).

Newsletter
Since the inception of the Medical Education Office, a col-

lege-wide newsletter has played a vital role in disseminating key 
educational news and fostering internal communication. Follow-
ing the establishment of the Ewha Center for Medical Education 
in 2022, a dedicated Ewha Medical Education Newsletter was 
launched. Published quarterly in March, June, September, and 
December, this newsletter covers faculty development, education-
al innovation, student-centered initiatives, and more. Issues are 
distributed by email to all campus members, provided in print on 
campus, and mailed to all 39 Korean medical colleges, thereby en-
hancing inter-institutional collaboration and visibility (Supple-
ment 8).

Accreditation of medical education
Ewha received full accreditation during the second accredita-

tion cycle in 2009 and was awarded a 5-year “Excellent” rating in 
2010. Subsequent comprehensive reviews in 2014 and 2020 re-
sulted in the highest 6-year accreditation status, attesting to the 
College’s continued excellence in educational systems and out-
comes. Interim reviews in 2022 and 2024 maintained the 6-year 
term, underscoring the strength of Ewha’s quality assurance pro-
cesses. These distinctions reflect the College’s comprehensive ef-
forts in curriculum development, assessment improvement, facul-
ty development, and infrastructural enhancement, solidifying its 
national and international reputation.
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Conclusion

By systematically analyzing 2 decades of accumulated materials 
(2004–2025) across chronological phases and thematic domains, 
this study has illuminated both the developmental trajectory of 
medical education at Ewha Womans University College of Medi-
cine and the underlying educational philosophy. The archival re-
view revealed significance beyond administrative restructuring—
a sustained commitment to embedding Ewha’s distinctive identity 
in every aspect of teaching and learning.

Since the launch of the Medical Education Office in 2004, 
Ewha’s program has advanced through intensive faculty develop-
ment, curricular innovation, assessment system refinement, and 
the introduction of integrative, interdisciplinary teaching. At every 
stage, the dedication and collaboration of faculty members and 
professional staff have been crucial in shaping and expanding the 
educational enterprise, resulting in the robust framework in place 
today. These milestones are not isolated events, but rather repre-
sent an organic continuum of institutional growth. What began as 
the seed of educational practice has—over time—matured into a 
thriving, interconnected forest. This living forest stands as both a 
testament to past achievements and a foundation for the future 
advancement of Ewha’s medical education.

Finally, it is important to emphasize that the progress chroni-
cled here reflects not only the accomplishments of the past 20 
years, but also the ongoing efforts of countless predecessors who, 
since the College’s founding, have dedicated themselves to culti-
vating women leaders in Korean healthcare.
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Introduction

Background
Internal ribosome entry sites (IRESs) are RNA elements that 

recruit ribosomes to internal regions of messenger RNAs (mR-
NAs), enabling translation through a cap-independent pathway 
[1,2]. IRESs were first discovered in viruses belonging to the Pi-
cornaviridae family, such as poliovirus (PV) and encephalomyo-
carditis virus (EMCV), in the late 1980s [3]. Subsequently, nu-
merous IRESs have been identified in viral and cellular mRNAs 

[4]. During viral infection or cellular stress, various mechanisms 
often suppress conventional cap-dependent translation [1]. Un-
der these adverse conditions, viruses and certain cellular mR-
NAs rely on IRESs to maintain protein translation [2]. Com-
pared with cap-dependent expression systems, viral IRES plat-
forms offer advantages such as bicistronic gene expression, cap 
independence, and flexible design suitable for therapeutic appli-
cations [5].

The regulation of protein expression is a complex process in-
volving multiple levels of control [6]. Recent studies have empha-
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sized the crucial role of secondary RNA structural elements in 
fine-tuning translation efficiency [7,8]. Among these elements, 
G-quadruplexes and hairpin structures have gained particular at-
tention due to their ability to improve protein production under 
various conditions, such as infection, hypoxia, and DNA damage 
[2,3].

G-quadruplexes are 4-stranded helical structures formed in 
guanine-rich, single-stranded RNA (ssRNA) sequences. They 
function similarly to IRESs and promote cap-dependent transla-
tion initiation [9-11]. The G-quadruplex follows a structural algo-
rithm characterized by the sequence GXN1-7GXN1-7GXN1-
7GXN1-7 (X ≥ 3, N represents any nucleotide), consisting of 
guanine quartets (G-quartets) surrounded by loop regions [12]. 
G-quadruplex structures are frequently found in proto-oncogenes 
related to cancer, such as c-myc, VEGF, and Bcl-2 [13]. These 
structures are thermodynamically stable, easily formed, and con-
tribute to RNA stability [12,14]. Under cellular stress conditions, 
G-quadruplex structures help maintain RNA-ribosome interac-
tions, thereby supporting continuous protein translation [10]. 
They are also well known for influencing gene splicing and en-
hancing the binding of specific transcription factors [10,13]. A re-
cent study has shown that increasing the loop size of G-quadru-
plexes enhances protein translation [6].

The RNA hairpin structure resembles a loop or U-shape and 
forms when 2 regions of the same RNA strand base-pair to create 
a double helix [15]. Under specific conditions, such as hypoxia 
and DNA damage, hairpin structures can enhance start codon 
recognition, thereby increasing protein expression [7,16]. Hairpin 
structures also contribute to RNA stability by forming stable sec-
ondary structures at mRNA termini, preventing degradation, and 
extending RNA half-life, which ultimately enhances overall pro-
tein expression [17,18]. Notably, the use of multiple hairpin struc-
tures rather than a single structure yields superior translational 
outcomes [17].

Additionally, other studies have demonstrated that the com-
bined use of hairpins and G-quadruplex structures significantly 
enhances translation efficiency [6,17].

Objectives
Based on this evidence, in the present study, we designed and 

inserted G-quadruplexes and hairpin structures into the EMCV 
IRES and assessed changes in the protein expression levels of the 
IRES-encoded gene to reveal the effects of these inserted struc-
tures on the translational function of the IRES.

Methods

Ethics statement
This study constitutes laboratory research, not involving human 

subjects. Therefore, neither institutional review board approval 
nor informed consent was required.

Design and synthesis of G-quadruplex and hairpin struc-
tures

Plasmids encoding 4-1BBL, OX40L, and GFP, based on the 
EMCV IRES, were used as the backbone, and these vectors were 
constructed according to previously described cloning methods 
[5]. The G-quadruplex and hairpin sequences were designed 
based on human immunodeficiency virus type 1 (HIV-1)-derived 
sequences, with fundamental structural details and custom-de-
signed sequences described in Table 1.

All genes for structural design were synthesized by Cosmo Ge-
netech Inc. (https://www.cosmogenetech.com). The inserted 
G-quadruplex and hairpin genes were amplified by polymerase 
chain reaction (PCR) using the following reaction conditions: 10 
ng of plasmid template, 0.5 μL of 10 pmol forward primer, 0.5 μL 
of 10 pmol reverse primer, 4 μL of Phusion 5 ×  buffer, 0.4 μL of 
dNTPs, and 0.2 μL of Phusion enzyme (Thermo Fisher Scientif-
ic; https://www.thermofisher.com).

The following primers were used for PCR:
E-H forward: 5′- CCGAATTCTAATACGACTCACTAT -3′
E-H reverse: 5′- CCCCTAGGAATGCTCGTCAAG -3′
E-G forward: 5’- CCGAATTCTAATACGACTCACTAT -3′
E-G reverse: 5’- CCCCTAGGAATGCTCGTCAAG -3’
 E-M1 forward: 5′- CCGTCGACCGATCGTAGTGTAGT-
CAC -3′
E-M1 reverse: 5′- CCGCGGCCGCGCTAGC -3′
 E-M2 forward: 5′- CCGTCGACCGATCGTAGTGTAGT-
CAC -3′
E-M2 reverse: 5′- CCGCGGCCGCTGGTAATG -3′
 E-M3 forward: 5′- CCGTCGACCGATCGTAGTGTAGT-
CAC -3′
E-M3 reverse: 5′- CCGCGGCCGCCAGGCT -3′
 E-M4 forward: 5’- CCGTCGACCGATCGTAGTGTAGT-
CAC -3’
E-M4 reverse: 5’- CCGCGGCCGCCAGGCT -3’

The PCR conditions were as follows: initial denaturation at 
98°C for 30 seconds, followed by 35 cycles of denaturation at 
98°C for 10 seconds, annealing at 55°C for 10 seconds, and exten-
sion at 72°C for 20 seconds. A final extension was performed at 

https://www.cosmogenetech.com
https://www.thermofisher.com
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72°C for 1 minute, followed by indefinite storage at 12°C. Ampli-
fied products were analyzed using 2% agarose gel electrophoresis, 
and product sizes were verified using a 50 bp DNA ladder (Dyne 
LoadingSTAR+50 bp DNA Ladder; Dynebio; http://www.
dynebio.co.kr). Target bands were excised and purified using a gel 
cleanup kit. The purified gene fragments were digested with re-
spective restriction enzymes (Enzynomics; https://www.enzy-
nomics.com) at 37°C for 1 hour and 30 minutes, followed by en-
zyme inactivation at 65°C for 30 minutes. After additional purifi-
cation, the amplified genes were ligated into the pALpA_EMCV 
IRES vector using T4 ligase (RBC Rapid Ligation Kit, RBC, Tai-
wan) and incubated at 4°C overnight. The ligation products were 
transformed into Escherichia coli DH5α (Enzynomics) by heat 
shock at 42°C. Ampicillin-resistant colonies were selected and 
cultured in LB medium (Duchefa; https://www.duchefa-farma.
com) containing ampicillin (Duchefa). Finally, plasmid DNA was 
purified using a Plasmid DNA Miniprep S&V kit (Bionics; 
https://www.bionicsro.co.kr). The final plasmids were confirmed 
by electrophoresis following digestion with restriction enzymes.

In vitro transcription
DNA templates were linearized using the NotI restriction en-

zyme (Enzynomics). In vitro transcription was performed using 

the EZ(TM) T7 High Yield In-Vitro Transcription Kit (Enzy-
nomics), driven by the T7 promoter. A 1 μg linearized DNA tem-
plate was mixed with T7 transcription buffer, MgCl2, 10 mM 
dithiothreitol, enhancer solution, 5 mM ribonucleoside triphos-
phates, 200 U of T7 polymerase mix, and ultrapure water, reach-
ing a final reaction volume of 20–100 μL. The reaction mixture 
was incubated at 37°C for 4–6 hours.

Following transcription, DNA was removed by DNase I 
(Promega; https://promega.com) treatment at 37°C for 30 min-
utes. RNA was precipitated using lithium chloride, and dou-
ble-stranded RNA was eliminated via cellulose purification fol-
lowing previously established methods [19]. RNA purity and 
concentration were assessed using a NEO-Nabi UV-VIS Nano 
spectrophotometer (MicroDigital Co. Ltd.; https://www.md-best.
com). Only samples with 260/230 and 260/280 absorbance ra-
tios > 1.9 were used for subsequent analyses. RNA was mixed 
with denaturing dye, heated at 70°C for 10 minutes, and analyzed 
by electrophoresis on a 1.5% agarose gel. RNA was stained with 
RedSafe Nucleic Acid Staining Solution, and quality was assessed 
using the RiboRuler High Range RNA Ladder (Thermo Fisher 
Scientific).

Table 1. Sequence of structural elements

Abbreviation Structure Origin Sequence (+linker) 
Total length 
(including  

T7–Not I) (nt)

Position of the 
structural element

5' UTR modification
 E-G G-quadruplex HIV-1 CCAGGGAGGCGTGGCCTGGGCG 1488 25–52

GGACTGGGGAGTGGCGAG
 E-H Hairpin HIV-1 GGTCTCTCTGGTTAGA CCAGAGAGCC 1824 25–55
Poly(A) tail region modification
 E-M1 G-quadruplex Designed GGGAAAGGGUUUGGGAAAGGG 1638 1594–1630
 E-M2 G-quadruplex + hairpin Designed GGGAAAGGGUUUGGGAAAGG 1688 1594–1680

GGAAGATCAAGGCTAGCACCA
UUACCCGCCUUGGGUAAUGG
UUGGUAAUGGGUUCCGCCCAU
UACCA

 E-M3 G-quadruplex + hairpin HIV-1 CCAGGGAGGCGTGGCCTGGG 1678 1594–1670
CGGGACTGGGGAGTGGCGAG
GCTAGCGGTCTCTCTGGTTAG
ACCAGATCTGAGCCTG

 E-M4 G-quadruplex + hairpin Designed + HIV-1 GGGAAAGGGUUUGGGAAAG 1684 1594–1676
GGGCTAGCACCAUUACCCGCC
UUGGGUAAUGGUGGTCTCTC
TGGTTAGACCA GATCTGAGCCTG

Bold text within the “Sequence (+linker)” column indicates the linker region.
nt, nucleotide; UTR, untranslated region; HIV-1, human immunodeficiency virus type 1.

http://www.dynebio.co.kr
http://www.dynebio.co.kr
https://www.enzynomics.com
https://www.enzynomics.com
https://www.duchefa-farma.com
https://www.duchefa-farma.com
https://www.bionicsro.co.kr
https://promega.com
https://www.md-best.com
https://www.md-best.com
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Cell culture
Mouse B16 melanoma (CRL-6475; ATCC; https://www.atcc.

org) and HEK293 cells (Korean Cell Line Bank; https://cellbank.
snu.ac.kr) were cultured in Dulbecco’s modified Eagle’s medium 
(DMEM; GenDEPOT; https://gendepot.com) supplemented 
with 10% fetal bovine serum (FBS; Welgene; https://www.wel-
gene.com) and 1% penicillin/streptomycin (Welgene).

Mouse TC-1 tumor cells (CRL-2493; ATCC) were maintained 
in RPMI 1640 medium (Welgene) supplemented with 10% FBS 
and 1% penicillin/streptomycin. All cells were incubated at 37°C 
in a humidified atmosphere containing 5% CO2.

Transfection
B16, TC-1, and HEK293 cells (7 × 105 cells/well) were seeded 

into 6-well plates (SPL; http://www.spllifesciences.com) and cul-
tured in DMEM or RPMI 1640 medium (supplemented with 
10% FBS and 1% penicillin/streptomycin) at 37°C with 5% CO2 
for 12 hours. After incubation, cells were washed twice with cold 
phosphate-buffered saline (PBS) and transfected with 5 μg of 
RNA using Lipofectamine 3000 (Thermo Fisher Scientific) in 
Opti-MEM (Gibco, Thermo Fisher Scientific) and serum-free 
medium. Protein expression was assessed by flow cytometry and 
live imaging using a Leica Thunder Imager (Leica; https://www.
leica-microsystems.com).

Flow cytometry analysis
Cells were harvested and resuspended in flow cytometry buffer 

(PBS containing 1% BSA and 0.01% NaN3). Fc receptors were 
blocked by incubation with anti-mouse CD16/32 (TruStain FcX, 
BioLegend) at 4°C for 15 minutes. Subsequently, cells were 
stained at 4°C for 30 minutes in the dark with antibodies and dye: 
anti-mouse CD275 (ICOS Ligand, clone HK5.3, BioLegend), 
anti-4-1BBL (CD137L, clone TKS-1, BioLegend), anti-CD252 
(OX40L, clone RM143L, BioLegend), and LIVE/DEAD Fixable 
Aqua Dead Cell Stain (Invitrogen).

Statistical methods
Statistical significance was evaluated using one-way analysis of 

variance followed by the Dunnett post hoc multiple comparisons 
test. A P-value less than 0.05 was considered statistically signifi-
cant (P < 0.05, P < 0.01, P < 0.001). Data are expressed as mean ±  
standard deviation (SD). Analyses were conducted using Graph-
Pad Prism ver. 10.0 (GraphPad Software).

Results

Design and insertion of G-quadruplex and hairpin struc-
tures in IRES-based vectors: impact on IRES RNA second-
ary structure

In this study, 2 different G-quadruplex and hairpin structures 
were employed: one derived from an HIV-1 sequence and anoth-
er custom-designed specifically for this study (Fig. 1A, B). To in-
vestigate the effects of inserting these structures into the untrans-
lated regions (UTRs) of an IRES-based platform, they were inte-
grated into an EMCV IRES-based RNA vector (Fig. 1C). First, 
RNA secondary structures derived from HIV-1, previously de-
scribed in earlier studies [13,20], were synthesized and inserted 
into the 5' UTR of the EMCV IRES, encoding the co-stimulatory 
molecules OX40L and 4-1BBL. These secondary structures were 
positioned between the T7 promoter and the IRES sequence 
(Fig. 1D, E). The structural elements were directly linked to the 
T7 promoter and IRES without a spacer or linker. Structural pre-
diction analyses indicated that inserting the hairpin motif mini-
mally impacted the native IRES structure, whereas inserting the 
G-quadruplex significantly altered the RNA secondary structure 
(Fig. 1C–E).

To explore the impact of structures located in the 3' UTR on 
protein expression, G-quadruplex and hairpin motifs were also in-
serted into the 3' UTR of a GFP-encoding EMCV IRES platform 
(Fig. 1F–I). The secondary structures were placed downstream of 
the poly(A) tail, consisting of 100 adenine residues, followed by 
an additional 10-nucleotide poly(A) sequence. A 12-nucleotide 
linker sequence was also incorporated to ensure proper spatial po-
sitioning of the secondary structures. Hairpin and G-quadruplex 
structures with distinct sequences were designed and inserted 
into the same location within the 3' UTR (Fig. 1F–I). Despite se-
quence differences between the 2 hairpin and 2 G-quadruplex 
structures, structural prediction analyses demonstrated that all in-
serted RNA secondary constructs significantly altered the RNA 
conformation compared to the original vector (Fig. 1C, 1F–I).

Reduced protein expression in EMCV IRES-based RNA 
platforms facilitated by G-quadruplex and hairpin inser-
tion

To evaluate the impact of G-quadruplex and hairpin structures 
on translation efficiency, EMCV-IRES platforms containing these 
secondary structures inserted into either the 5' UTR or poly(A) 
tail region were transfected into various cell lines. The expression 
levels of encoded genes such as OX40L, 4-1BBL, or GFP were 
then evaluated. First, to assess the effect of structures located in 
the 5' UTR, EMCV-IRES encoding OX40L and 4-1BBL with in-

https://www.atcc.org
https://www.atcc.org
https://cellbank.snu.ac.kr
https://cellbank.snu.ac.kr
https://gendepot.com
https://www.welgene.com
https://www.welgene.com
https://www.leica-microsystems.com
https://www.leica-microsystems.com
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Fig. 1. Design and positioning of secondary RNA structures inserted into the encephalomyocarditis virus (EMCV) internal ribosome 
entry site (IRES) and their resulting secondary structures. (A) Structure of human immunodeficiency virus type 1 (HIV-1) derived 
hairpin and G-quadruplex. (B) Structure of designed hairpin and G-quadruplex. (C) Predicted structure of the EMCV IRES-based 
RNA platform encoding 4-1BBL, OX40L, or GFP using RNAfold program. (D) Design and predicted 2-dimensional (2D) structure 
of the EMCV IRES-based RNA platform expressing 4-1BBL and containing a hairpin structure in the 5’ untranslated region (UTR). 
(E) Design and predicted 2D structure of the EMCV IRES-based RNA platform expressing OX40L and containing a G-quadruplex 
structure in the 5’ UTR. (F–I) Design and predicted 2D structure of the EMCV IRES-based RNA platform expressing GFP and 
containing a secondary structure in the poly(A) tail.
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Fig. 2. Reduced protein expression efficiency of encephalomyocarditis virus (EMCV)-internal ribosome entry site (IRES) platforms 
containing hairpin or G-quadruplex secondary structures. (A) Time-dependent expression levels of 4-1BBL in B16 melanoma 
cells transfected with EMCV-IRES-4-1BB with or without a hairpin in the 5’ untranslated region (UTR). (B) Time-dependent 
expression levels of OX40L in B16 melanoma cells transfected with EMCV-IRES-OX40L with or without a G-quadruplex structure 
in the 5’ UTR. (C) Results of flow cytometry 24 hours after transfection of the B16 melanoma cell line with EMCV-IRES-GFP, 
with or without structural elements in the poly(A) tail. (D) Live-cell fluorescence imaging of B16 melanoma cells 24 hours 
post-transfection with EMCV-IRES-GFP constructs, with (E-M1) or without structural elements in the poly(A) tail (EMCV-GFP). 
(E) Results of flow cytometry 24 hours after transfection of the TC-1 cell line with EMCV-IRES-GFP, with or without structural 
elements in the poly(A) tail. (F) Results of flow cytometry 24 hours after transfection of the HEK 293 cell line with EMCV-IRES-
GFP, with or without structural elements in the poly(A) tail. NS, not significant. (Continued on the next page.)
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serted hairpin or G-quadruplex motifs at the 5' UTR terminal 
were synthesized. These constructs were transfected into B16 
melanoma cells, and protein expression levels were measured at 6, 
12, and 24 hours post-transfection. Compared to cells transfected 
with the EMCV-IRES construct lacking these secondary struc-
tures, significantly reduced protein expression levels were ob-
served (Fig. 2A, B). Specifically, EMCV-IRES constructs contain-
ing hairpin structures resulted in decreased protein expression. At 
6 hours post-transfection, EMCV control exhibited a protein ex-
pression rate (mean ± SD) of 22.84% ± 1.17%, whereas the E-H 
construct displayed a reduced rate of 16.29% ± 1.46%. At 12 
hours, the expression levels were 45.8% ± 1.21% (EMCV) and 
28.13% ± 5.2% (E-H), and at 24 hours, they were 26.98% ± 2.77% 
and 13.17% ± 3.34%, respectively (Fig. 2A). Notably, insertion 
of the HIV-1 G-quadruplex structure at the 5' UTR terminal 
nearly abolished OX40L expression (Fig. 2B). At 6 hours 

post-transfection, EMCV exhibited a protein expression rate of 
18.23% ± 0.16%, compared with only 1.18% ± 0.41% for the E-G 
construct. At 12 hours, the expression levels were 27.67% ± 3.33% 
and 3.34% ± 1.28%, and at 24 hours, they were 48.5% ± 5.19% 
and 2.23% ± 0.47%, respectively (Fig. 2B).

To determine whether these secondary structures affect protein 
expression regardless of their location within the UTRs, hairpin 
and G-quadruplex motifs were inserted downstream of the 
poly(A) tail in the 3' UTR of an EMCV IRES-based vector en-
coding GFP. These EMCV-IRES constructs were transfected into 
B16 melanoma, TC-1 tumor, and HEK293 human embryonic 
kidney cells, and GFP expression was analyzed at 24 hours 
post-transfection. Consistent with results observed in the 5' UTR 
experiments, all ssRNA constructs containing secondary struc-
tures at the poly(A) tail terminal of the 3' UTR exhibited signifi-
cantly reduced GFP expression compared to the control EMCV 

Fig. 2. (Continued; caption shown on previous page). 
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IRES (Fig. 2C–F). In B16 cells, the EMCV IRES control exhibit-
ed a protein expression rate (mean ± SD) of 39.56% ± 2.07%, 
whereas E-M1, E-M2, E-M3, and E-M4 showed notably lower 
expression levels: 6.23% ± 1.61%, 7.27% ± 0.32%, 6.6% ± 0.19%, 
and 4.86% ± 1.35%, respectively (Fig. 2C). Fluorescence micros-
copy confirmed these findings, showing clearly visible GFP fluo-
rescence only in the EMCV IRES control group, whereas the 
E-M constructs exhibited minimal fluorescence, indicating ex-
tremely low protein expression (Fig. 2D). Similar results were 
obtained across other cell lines. In TC-1 cells, the EMCV IRES 
control showed an expression rate of 23.22% ± 2.76%, whereas 
the E-M1, E-M2, E-M3, and E-M4 constructs exhibited signifi-
cantly lower expression levels: 10.28% ± 2.59%, 9.13% ± 1.37%, 
9.57% ± 1.26%, and 10.35% ± 1.82%, respectively (Fig. 2E). Like-
wise, in HEK293 cells, the EMCV control exhibited protein ex-
pression of 24% ± 1.73%, compared with significantly reduced 
levels in E-M1, E-M2, E-M3, and E-M4 constructs: 9.27% ±  
0.33%, 13.76% ± 1.52%, 12.5% ± 0.59%, and 12.09% ± 0.2%, re-
spectively (Fig. 2F). These findings consistently demonstrated 
that G-quadruplex and hairpin insertions significantly reduce 
protein expression across different cell types (Fig. 2C–F).

Discussion

Key results
This study demonstrated that inserting G-quadruplex and hair-

pin structures into the 5' UTR and poly(A) region of an EMCV 
IRES-based RNA platform significantly alters RNA secondary 
structure and reduces protein expression. In the 5' UTR, the in-
sertion of the G-quadruplex nearly abolished OX40L expression, 
whereas insertion of the hairpin structure reduced expression to a 
lesser extent. In the 3' UTR, both types of structures led to de-
creased GFP expression across B16, TC-1, and HEK293 cell lines, 
with expression levels dropping to as low as 4.86% compared to 
control constructs. Based on these results, the study suggests that 
insertion of G-quadruplex and hairpin motifs reduces translation-
al efficiency in EMCV IRES-based vectors, irrespective of wheth-
er they are positioned within the 5' or 3' UTR.

Interpretation/comparison with previous studies
IRES sequences facilitate cap-independent translation, enabling 

the expression of multiple genes from a single mRNA transcript 
[5]. This characteristic renders IRES elements valuable tools for 
RNA-based therapeutics targeting diverse diseases. In this study, 
we inserted RNA secondary structures to potentially increase the 
translation efficacy of the EMCV IRES. Previous reports indicat-
ed that RNA secondary structures, such as G-quadruplexes and 

hairpins, enhance RNA stability and translation efficiency [6,21]. 
In contrast, we observed that the incorporation of these second-
ary structures into the EMCV IRES-based vector resulted in de-
creased translation efficiency. This reduction in protein expres-
sion consistently occurred regardless of whether the structures 
were positioned at the 5' terminus or downstream of the poly(A) 
tail.

One possible explanation for the discrepancy between our find-
ings and previous reports is that the hairpin structure utilized in 
our study may have been too small to effectively protect the 
mRNA terminus. Additionally, the absence of a spacer sequence 
between the inserted hairpin and the IRES element could have 
disrupted proper IRES functionality, thereby diminishing transla-
tional efficiency.

Since numerous translation-associated factors bind to second-
ary structures within the IRES, the insertion of hairpins or G-qua-
druplexes might interfere with factor binding or induce conforma-
tional changes in the 3-dimensional architecture of the IRES-
based platform. This could potentially hinder ribosomal accessi-
bility or compromise the structural integrity of the IRES, resulting 
in reduced translation.

Limitations/suggestions for further studies
In this study, our analysis focused exclusively on the EMCV 

IRES-based platform because of its previously established excel-
lent translational capabilities. Therefore, further investigations us-
ing alternative viral and cellular IRES elements are needed to de-
termine whether inserting these RNA secondary structures simi-
larly reduces translation efficiency across other IRES platforms. 
Generally, IRES-based platforms exhibit lower translation effi-
ciency compared to cap-dependent systems. Therefore, strategies 
such as stabilizing the IRES, improving the recruitment of transla-
tion-associated factors, or enhancing interactions between the 
IRES and these factors could enhance IRES translation efficiency. 
Although RNA structure insertion reduced translation in our cur-
rent platform, the potential of RNA secondary structures to im-
prove translational efficiency still exists. More precise and strate-
gic design and positioning of RNA structures are required to opti-
mize IRES-based platforms.

Implications
Enhancement of translational efficiency through RNA structur-

al modifications could facilitate the development of efficient mR-
NA-based therapeutics, potentially enabling reduced mRNA dos-
ages. This approach may minimize potential side effects and im-
prove cost-effectiveness in therapeutic applications.
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Conclusion
Inserting hairpin or G-quadruplex structures upstream of the 5' 

UTR or downstream of the poly(A) tail significantly reduced the 
translation efficiency of EMCV IRES-encoded genes. To effec-
tively enhance translation in IRES platforms, precise 2-dimen-
sional or 3-dimensional structural modeling is required to ensure 
that inserted RNA structures do not disrupt the native IRES con-
formation.
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Introduction

Background
Cardiovascular and cerebrovascular diseases are among the 

leading causes of morbidity and mortality worldwide. In South 
Korea, their burden is steadily increasing due to rapid urbaniza-
tion, population aging, and lifestyle changes [1]. Traditionally, 

risk factors such as hypertension, diabetes, dyslipidemia, smoking, 
and physical inactivity have been the main focus of disease pre-
vention and management efforts. However, in recent years, envi-
ronmental influences, particularly air pollution, have attracted in-
creasing attention as significant and modifiable contributors to 
disease onset and progression [2].

Numerous epidemiological studies have reported that both 

Purpose: This study aimed to assess the spatiotemporal associations between air pollution and emergency room visits for cardiovascular and cerebrovascular 
diseases in South Korea using a graph autoencoder (GAE). A multivariate graph-based approach was used to uncover seasonal and regional variations in pol-
lutant–disease relationships.
Methods: We collected monthly data from 2022 to 2023, including concentrations of 6 air pollutants (SO2, NO2, O3, CO, PM10, and PM2.5) and emergency 
room visits for 4 disease types: cardiac arrest, myocardial infarction, ischemic stroke, and hemorrhagic stroke. Pearson correlation coefficients were used to 
construct adjacency matrices, which, along with normalized feature matrices, were used as inputs to the GAE. The model was trained separately for each 
month and region to estimate the strength of pollutant–disease associations.
Results: The pollutant–disease network structures exhibited clear seasonal variations. In winter, strong associations were observed between O3, NO2, and all 
disease outcomes. In spring, PM2.5 and PM10 were strongly linked to cardiac and stroke-related visits. These connections weakened during summer but be-
came more pronounced in autumn, especially for NO2 and cardiac arrest. Urban areas displayed denser and stronger associations than non-urban areas.
Conclusion: Our findings underscore the necessity for season- and region-specific air quality management strategies. In winter, focused control of O3 and 
NO2 is needed in urban areas, while in spring, PM mitigation is required in urban and selected rural regions. Autumn NO2 control may be especially beneficial 
in non-urban areas. Spatiotemporally tailored interventions could reduce the burden of air pollution-related emergency room visits.

Keywords: Air pollution; Cardiovascular diseases; Environmental pollutants; Epidemiology; Ischemic stroke; Republic of Korea
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short- and long-term exposure to ambient pollutants—including 
fine particulate matter (PM2.5 and PM10), nitrogen dioxide (NO2), 
and sulfur dioxide (SO2)—is associated with elevated risks of 
myocardial infarction (MI), ischemic stroke (IS), and cardiac ar-
rest (CA) [2-5]. For instance, time-series analyses and cohort 
studies conducted in Korea and globally have demonstrated sig-
nificant associations between pollutant concentration spikes and 
increased hospital admissions or mortality due to cardiovascular 
events [6-8]. Nevertheless, these studies often employ traditional 
statistical methods, which primarily focus on single-variable rela-
tionships or use linear models to estimate risk ratios or odds ratios 
[6-8]. While such approaches provide valuable insights into indi-
vidual pollutant effects, they have limitations in addressing the 
complex, nonlinear, and multivariate nature of real-world environ-
mental exposures and disease dynamics [9].

Moreover, both air pollution and health outcomes show pro-
nounced spatiotemporal variation. Pollutant concentrations fluc-
tuate seasonally due to meteorological and atmospheric factors, 
and regionally owing to differences in industrial activity, traffic 
density, and urban infrastructure. At the same time, the health im-
pacts of pollution may vary depending on regional healthcare ac-
cess, population vulnerability, and baseline disease prevalence 
[10-12]. These multifaceted interactions prompt important ques-
tions: How do pollutant–disease relationships vary across seasons 
and geographic regions? Which pollutants are most strongly asso-
ciated with cardiovascular or cerebrovascular diseases in specific 
contexts?

To address these questions, more advanced analytical tools are 
needed. Recent developments in artificial intelligence and deep 
learning, especially within the field of graph neural networks, offer 
new possibilities for modeling complex relationships between in-
terconnected variables. Among these, the graph autoencoder 
(GAE) has shown promise in learning hidden structures and as-
sociation strengths from multivariate graph data [13].

Objectives
In this study, we applied a GAE framework to nationwide data 

from Korea spanning 2022 to 2023, integrating monthly air pollu-
tion measurements with emergency room visit data for 4 major 
cardiovascular and cerebrovascular disease outcomes: CA, MI, IS, 
and hemorrhagic stroke (HS). By constructing graphs based on 
correlation structures and training GAE models across different 
time points and regions, we aimed to uncover latent patterns in 
the pollutant–disease network. The objective of this study is to 
provide empirical evidence that can inform season- and re-
gion-specific public health strategies, enhance risk prediction, and 
support environmental health policy initiatives to reduce acute 

disease events triggered by air pollution exposure.

Methods

Ethics statement
This study used publicly available, de-identified secondary data 

obtained from national databases; therefore, it did not involve di-
rect human participation or identifiable personal information. As 
a result, institutional review board approval and informed consent 
were not required under local regulations.

Study design
This research is a nationwide ecological analysis. The study is 

described in accordance with the STROBE (Strengthening the 
Reporting of Observational Studies in Epidemiology) statement, 
available at https://www.strobe-statement.org/.

Setting
This study explored the association between air pollutant con-

centrations and emergency room visits for cardiovascular and 
cerebrovascular diseases in Korea from January 2022 to Decem-
ber 2023 (Supplement 1). To address the complex, nonlinear, and 
multivariate nature of environmental health data, a graph-based 
machine learning model (GAE) was applied to identify and visu-
alize seasonal and regional association patterns.

Participants
A total of 378,951 air pollution records and 396,713 emergency 

room visit cases were initially collected. After excluding 5,693 cas-
es with missing or ambiguous regional information, the final ana-
lytic sample included 391,020 cases (Fig. 1, Supplement 1).

Variables
Exposure variables included 6 pollutants: SO2, NO2, ozone 

(O3), carbon monoxide (CO), particulate matter ≤ 10 μm 
(PM10), and particulate matter ≤ 2.5 μm (PM2.5). Outcome vari-
ables comprised 4 major disease categories: CA, MI, IS, and HS.

Data sources
Two national datasets were utilized to examine the relationship 

between air pollution and emergency room visits for cardiovascu-
lar and cerebrovascular diseases. Air pollution data were obtained 
from the National Air Pollution Monitoring Network (AirKorea; 
https://www.airkorea.or.kr/web/pastSearch?pMENU_NO =  
123) and included hourly measurements of pollutants (Dataset 
1). Disease data were sourced from the National Emergency De-
partment Information System (NEDIS; https://www.e-gen.or.kr/

https://www.strobe-statement.org/
https://www.airkorea.or.kr/web/pastSearch?pMENU_NO=123
https://www.airkorea.or.kr/web/pastSearch?pMENU_NO=123
https://www.e-gen.or.kr/nemc/statistics_annual_report.do?brdclscd=02
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nemc/statistics_annual_report.do?brdclscd = 02), managed by 
the Ministry of Health and Welfare (Dataset 2). These datasets 
provided monthly counts of emergency room visits for the 4 ma-
jor disease categories, recorded across 17 administrative regions.

Data preprocessing
Several preprocessing steps were conducted to enable integrat-

ed spatiotemporal analysis. First, hourly air pollution data were 
aggregated to monthly average concentrations for each of the 17 
administrative regions. Monthly aggregation was adopted because 
emergency room visit counts from NEDIS were only available at 
a monthly frequency and at the provincial (si-do) level; pollutant 
measurements from individual monitoring stations were likewise 
aggregated to ensure consistency. Next, pollutant and disease 
datasets were merged by matching month and region, resulting in 
2 structured input types: (1) time-based datasets for each 
12-month period, used to explore seasonal variation, and (2) re-
gion-based datasets covering 17 provinces, used to assess spatial 
heterogeneity. Finally, all variables were normalized to a 0–1 scale 
using Min-Max scaling to standardize input values and facilitate 

stable model training (Fig 1, Supplement 2).

Measurement (graph construction)
The integrated dataset was transformed into graph structures 

for input into the GAE model (Supplements 2, 3). Each of the 10 
key variables—comprising the 6 pollutants and 4 disease catego-
ries—was represented as a node in the graph. A Pearson correla-
tion matrix was calculated to quantify the relationships between 
nodes. An edge was created between 2 nodes only if the absolute 
value of the Pearson correlation coefficient (|ρᵢⱼ|) was greater than 
or equal to 0.4, resulting in a sparse adjacency matrix (A). The 
corresponding node feature matrix (X) was defined such that 
n = 10 (number of nodes), and d represented the number of ob-
servations: 12 for time-series (monthly) analyses and 17 for re-
gional (spatial) analyses.

Bias
As an ecological study, this analysis is subject to the risk of eco-

logical fallacy, whereby associations observed at the population 
level may not apply to individuals. Potential confounding factors, 

NEDIS 2022–2023 (n=396,713)
Emergency room visits in Korea

Merged data by region & month
(12 monthly datasets, 17 regional datasets)

Correlation matrices were computed to generate adjacency matrices

AirKorea 2022–2023 (378,951 records)
Hourly pollutant measurements

Final cases included in the study 
(n=391,020)

Final cases included in the study 
(n=391,020)

Excluded (n=5,693)
• Missing values for region

Myocardial 
infarction 

(n=75,597)

Myocardial 
infarction 

(n=75,597)

Myocardial 
infarction 

(n=75,597)

Myocardial 
infarction 

(n=75,597)

SO2 NO2 O3 CO PM10 PM2.5

Hour 370,840 372,466 374,106 370,028 372,323 371,716
Day 730 730 730 730 730 730

Monthly average concentrationsof 6 pollutants 
in each of 17 regions:

Fig. 1. Overview of data sources, preprocessing, and analysis pipeline. This flowchart illustrates the data integration and 
preprocessing steps used in the study. Emergency room visit records (n=396,713) for 4 cardiovascular and cerebrovascular 
conditions—myocardial infarction (MI), hemorrhagic stroke (HS), ischemic stroke (IS), and cardiac arrest (CA)—were obtained from 
the National Emergency Department Information System (NEDIS) for 2022–2023. After excluding records with missing regional 
information (n=5,693), 391,020 cases were included in the final analysis. Simultaneously, hourly air pollutant data (n=378,951) 
from AirKorea were aggregated into monthly averages for 6 pollutants (SO2, NO2, O3, CO, PM10, and PM2.5) across 17 regions. All 
variables were normalized using Min-Max scaling. The datasets were merged by region and month, resulting in 12 seasonal and 
17 regional datasets. Correlation matrices were computed for each dataset to construct adjacency matrices, which were used as 
input for graph autoencoder modeling.

https://www.e-gen.or.kr/nemc/statistics_annual_report.do?brdclscd=02
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such as meteorological conditions, socioeconomic status, and co-
morbidities, were not available in the dataset and could influence 
the observed associations.

Study size
All eligible records from national administrative databases for 

the defined period were analyzed; therefore, no sample size calcu-
lation was performed.

Statistical methods
The GAE model was implemented using the PyTorch Geomet-

ric library. The model architecture included an encoder with 2 
graph convolutional layers (GCNConv) to compute node em-
beddings (Z), and a decoder that estimated edge probabilities be-
tween nodes by calculating the inner product of the embeddings, 
followed by a sigmoid activation function (σ). The loss function 
was defined as the binary cross-entropy between the original adja-
cency matrix (A) and the reconstructed matrix (Â). Model train-
ing was conducted for 100 epochs using the Adam optimizer with 
a learning rate of 0.01 (Supplements 2, 3). The resulting embed-
ding vectors (Z) were visualized in 2-dimensional space to facili-
tate interpretation. Node positions were fixed based on the 
learned embeddings, and edge thickness was adjusted according 
to the predicted edge strength, visually reflecting the relative mag-
nitude of pollutant–disease associations.

Two complementary analytical strategies were employed to ex-
plore the spatiotemporal dynamics of the pollutant–disease rela-
tionships. First, for the seasonal analysis, GAE models were 
trained individually for each month from January to December in 
both 2022 and 2023, allowing assessment of temporal variability. 
Second, for the regional analysis, the dataset was subdivided ac-
cording to the 17 administrative regions, and separate GAE mod-
els were developed to examine spatial heterogeneity.

Additionally, a lag analysis was performed using pollutant con-
centrations from the previous month (t–1) to predict emergency 
room visits in the current month (t). The resulting graphs were 
exported as PNG images for visual inspection. In addition, the 
predicted edge strengths generated by the GAE and the corre-
sponding Pearson correlation coefficients were compiled into Ex-
cel files (Microsoft Corp.) to enable comparative and supplemen-
tary quantitative analysis (Supplement 3).

Results

GAE models were applied to spatiotemporal datasets of air pol-
lutants and emergency room visits for cardiovascular and cerebro-
vascular diseases across 17 administrative regions in Korea, span-

ning January 2022 to December 2023. The analysis revealed pro-
nounced seasonal patterns in pollutant–disease associations, as 
well as distinct structural differences between urban and non-ur-
ban regions.

Seasonal variations
Using monthly GAE models, we constructed pollutant–disease 

networks to track how associations changed across seasons in 
2022 (Fig. 2A–D, Supplements 4, 5). Each network visualizes the 
structural complexity and strength of connections between 6 ma-
jor air pollutants—SO2, NO2, O3, CO, PM10, and PM2.5—and 4 
emergency room diagnoses: MI, IS, HS, and CA.

In January, the network displayed the densest connections of 
any month, with a high mean edge strength of 0.960 (Fig. 2A). 
Most nodes were highly interconnected, and NO2 and O3 
emerged as central hubs, robustly linked not only to each disease 
outcome but also to the other pollutants, including SO2, PM10, 
PM2.5, and CO. These widespread linkages suggest that exposure 
to multiple pollutants during winter imposes a cumulative burden 
on cardiovascular and cerebrovascular health. Notably, MI, IS, and 
CA all showed concurrent associations with nearly every pollut-
ant, highlighting the particular vulnerability of these acute condi-
tions to wintertime pollution.

By April, although the network remained complex—with the 
highest mean edge strength of the year at 0.967—the dominant 
pattern shifted (Fig. 2B). A highly integrated subnetwork formed 
among PM2.5, PM10, NO2, and the 4 disease nodes, indicating that 
particulate matter and NO2 were the primary contributors to 
emergency visits in spring. In contrast to the winter network, 
where O3 was central, ozone became peripheral in spring, and 
both CO and SO2 disconnected from the disease cluster. This re-
organization points to seasonal specificity in pollutant effects. In 
particular, the edge between PM10 and CA, as well as between 
PM2.5 and MI, was notably strengthened.

In August, the network showed a distinct bifurcation: pollutant 
nodes (NO2, PM10, PM2.5, SO2, CO, O3) formed a tightly inter-
connected group, while disease nodes (MI, HS, IS, CA) clustered 
separately, with few or no direct links to pollutants (Fig. 2C). This 
configuration yielded the lowest mean correlation of the year, at 
0.852. The reduced connectivity likely reflects decreased pollut-
ant concentrations and enhanced atmospheric dispersion in sum-
mer, contributing to a temporary attenuation of acute health risks. 
Nevertheless, the strong internal cohesion among pollutants sug-
gests that environmental exposure remained a concern, even in 
the absence of immediate disease associations.

By October, network connectivity rebounded, with a mean 
edge value of 0.905. NO2 and O3 reemerged as central nodes and 
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re-established links with all 4 disease outcomes (Fig. 2D). In con-
trast to spring, CO and SO2 were once again integrated into the 
disease–pollutant cluster, suggesting a broader pollutant profile 
influencing emergency room visits as temperatures cooled. A par-
ticularly dense connection between NO2, MI, and CA was ob-
served, closely resembling the winter pattern and indicating a re-
surgence of cardiovascular vulnerability. Notably, PM2.5 and PM10 
were less prominent in autumn than in spring, suggesting that gas-
eous pollutants once again played a leading role in disease associa-
tions during the colder transition period.

Regional differences
Regional-level analysis was performed using individual GAE 

models for each of Korea’s 17 administrative regions, as shown in 
Fig. 2E–H and Supplements 6 and 7. This approach enabled de-
tailed comparisons of network structures between urban and 
non-urban areas, revealing clear differences in the complexity and 
strength of pollutant–disease associations.

Urban regions such as Busan and Seoul exhibited highly con-

nected and densely structured networks. In Busan, the network 
had the highest regional correlation coefficient (0.967), with CA 
centrally positioned and strongly linked to several pollutants, in-
cluding NO2, SO2, PM10, and PM2.5. MI also showed robust con-
nections, particularly with fine particulate matter, suggesting that 
cardiovascular risk in this metropolitan area is influenced by a 
broad spectrum of air pollutants (Fig. 2E). In Seoul, a similarly 
complex subnetwork formed among gaseous pollutants (NO2, 
CO, O3, SO2), PMs, and CA. IS, MI, and HS were separated from 
this main cluster, while the remaining nodes interlinked to form 
an overall dense structure, with a correlation coefficient of 0.924 
(Fig. 2F). Non-urban areas presented a contrasting profile. In 
Chungbuk, the network was moderately sparse (0.882), with pol-
lutant nodes densely interconnected but showing fewer links to 
disease nodes. HS had limited connections, while MI and IS re-
mained more peripheral (Fig. 2G). In Gangwon, the structure was 
slightly denser (0.893) than in Chungbuk but still showed some 
disconnection between certain diseases and pollutants (Fig. 2H). 
MI emerged as a bridge between the pollutant cluster—especially 

Fig. 2. Visualization of pollutant–disease networks by season and region (2022). This figure presents representative graph 
autoencoder (GAE) network outputs, showing seasonal (A–D) and regional (E–H) variations in the relationships between air 
pollutants and emergency room visit diseases in Korea during 2022. Circular nodes represent air pollutants (SO2, NO2, O3, CO, PM10, 
and PM2.5), while square nodes represent disease categories: cardiac arrest (CA), myocardial infarction (MI), ischemic stroke (IS), 
and hemorrhagic stroke (HS). Edges indicate learned associations, with thicker lines representing stronger predicted relationships. 
Red numbers denote the average predicted edge strength (mean ≥0.5) for each network. Panels (A–D) show seasonal networks 
for January, April, August, and October 2022, respectively. Panels (E–H) display regional networks for Busan, Seoul, Chungbuk, and 
Gangwon in 2022. The visualizations highlight pronounced seasonal changes in network density and structure: winter (A) and 
spring (B) show high connectivity, while summer (C) is much sparser. Regional differences are also clear: urban areas like Busan (E) 
and Seoul (F) display more complex networks, whereas Chungbuk (G) and Gangwon (H) have less integrated structures.
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SO2 and NO2—and other health outcomes, while O3 and HS 
were more isolated. These findings indicate that non-metropoli-
tan regions, while not devoid of pollutant–disease interactions, 
experience weaker or less complex exposures compared to urban 
centers, likely reflecting differences in emission sources, popula-
tion density, and environmental conditions.

Lag analysis
Supplements 8–11 present lagged GAE networks in which pol-

lutant concentrations from the previous month (t–1) are used to 
predict emergency room visits in the current month (t). The 
lagged networks exhibit seasonal patterns similar to those found 
in the contemporaneous analysis: in winter, strong NO2–O3 and 

disease node linkages persist, while in summer, overall network 
connectivity remains attenuated. These parallel findings confirm 
that the monthly co-occurrence patterns identified in the primary 
analysis are robust to a 1-month temporal shift.

Discussion

Key results
This study applied a GAE model to evaluate the spatiotemporal 

associations between air pollutants and emergency room visits for 
cardiovascular and cerebrovascular diseases across Korea during 
2022–2023. The findings revealed pronounced seasonal and re-
gional variations (Fig. 3A–D). Strong associations were observed 

Fig. 3. Spatiotemporal hotspots of strong pollutant–disease associations by season. This figure highlights region- and season-
specific pollutant–disease pairs with relatively strong associations based on graph autoencoder predictions. Each panel presents 
a map of South Korea with red-shaded areas indicating regions with significantly elevated edge strengths. Accompanying tables 
summarize the mean edge values across all seasons, within the highlighted season, and for specific regions, along with their 
relative significance. (A) Spring: PM10 is strongly associated with myocardial infarction (MI) in Ulsan and with cardiac arrest (CA) 
in Seoul and Daejeon. These associations are most prominent in spring, showing more than 3-fold increases in relative significance 
in the hotspot regions. (B) Summer: Gangwon is identified as a hotspot for PM2.5–ischemic stroke (IS) associations, with a relative 
increase in edge strength during summer. (C) Autumn: NO2 exhibits a strong seasonal link with cardiac arrest in Gyeongbuk, 
indicating increased vulnerability in this region during autumn. (D) Winter: NO2–IS and O3–IS associations are especially elevated 
in Daegu and Busan, respectively, with winter showing the highest relative significance for these edges (up to 2.11-fold).
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in winter between NO2/O3 and IS, in spring between particulate 
matter (PM10 and PM2.5) and MI or CA, and in autumn between 
NO2 and CA. Urban regions consistently displayed more complex 
pollutant–disease networks than non-urban areas, highlighting 
differential exposure and vulnerability [14].

Interpretation
These seasonal shifts in network structure reflect both bulk 

concentration changes and mechanistic compositional differenc-
es. In winter, elevated NO2 and O3 levels—driven by increased 
residential heating emissions and atmospheric stagnation—con-
trast with higher PM mass in spring, attributable to dust storms 
and intensified outdoor activity [15,16]. Source-apportionment 
studies further indicate that secondary inorganic aerosols (sulfate, 
nitrate, ammonium) make up approximately 64% of PM2.5 in win-
ter (compared to a 49% annual average), with a sulfate-to-nitrate 
mass ratio of around 1.5:1. In spring (March–May), crustal dust 
contributions increase from 8% to 12%, and the combined sulfate 
plus nitrate fraction rises from 39% to 45% [17,18]. The attenuat-
ed associations in summer could be due to improved pollutant 
dispersion and increased indoor activities, such as staying in 
air-conditioned environments, which lower personal exposure; 
however, persistent risks in regions like Gangwon suggest local-
ized vulnerabilities [15,19-22].

The regional differences, particularly the denser connections in 
metropolitan centers, underscore health disparities resulting from 
urbanization [23,24]. These results fulfill the study’s objectives by 
identifying critical periods and locations for targeted air quality 
and health interventions. The GAE approach provided a robust 
framework for detecting nonlinear, multivariate relationships that 
conventional statistical models may miss [25].

Given these spatiotemporal dynamics, our findings support the 
need for season-specific and region-specific public health strate-
gies. In winter (Fig. 3D), strict management of NO2 and O3—
along with focused health monitoring of at-risk populations in 
major cities such as Busan, Daegu, and the Seoul Metropolitan 
Area—is essential [26,27]. In spring, effective control of particu-
late matter (PM10 and PM2.5) and improvements in indoor air 
quality in urban centers like Seoul, Daejeon, and Ulsan may help 
reduce emergency cardiovascular incidents [28] (Fig. 3A). In au-
tumn, targeted NO2 reduction strategies should be prioritized in 
non-metropolitan areas, such as Gyeongbuk and Chungbuk, to 
mitigate risks of stroke and CA [29] (Fig. 3C). During summer, 
inland regions such as Gangwon may benefit from region-specific 
surveillance systems and risk assessment models that incorporate 
meteorological factors, which could explain sustained vulnerabili-
ty despite improved average air quality [30] (Fig. 3B).

Comparison with previous studies
Our findings are consistent with previous research document-

ing stronger PM–stroke associations under extreme winter condi-
tions in Seoul [31] and springtime soil-dust peaks in Incheon, as 
well as autumn industrial/coal impacts in Daegu [32]. These 
studies document seasonal and spatial heterogeneity in pollution–
health relationships. However, prior research has generally fo-
cused on single pollutants or individual cities, whereas our GAE-
based network analysis integrates multi-pollutant, multi-region 
time-series data to reveal how and when pollutant–disease clus-
ters form across Korea [33]. This network approach uncovers in-
terconnected risk modules—such as winter NO2/O3–stroke and 
spring PM–MI clusters—and tracks their spatiotemporal evolu-
tion, offering dynamic insights and identifying periods and subre-
gional vulnerabilities that traditional models may not capture 
[34]. Notably, our network-level findings recent policy evalua-
tions in Seoul showing that long-term air quality improvements 
correspond with reductions in cardiovascular morbidity, reinforc-
ing the real-world value of targeted interventions [35].

Limitations
Several limitations should be acknowledged. First, the analysis 

was restricted to a 2-year period, which may not capture lon-
ger-term trends or lagged effects of pollution exposure. Second, 
health data were limited to emergency room visits, which may un-
derestimate the overall disease burden. Third, the study used only 
monthly aggregated NEDIS emergency room visit data, which 
precluded direct assessment of daily or weekly acute exposure–ef-
fect relationships. Although monthly aggregation reduces noise 
and computational burden, it may mask short-lag effects. Fourth, 
the analysis was conducted at the provincial (si-do) level (17 re-
gions), potentially missing intra-regional heterogeneity (e.g., vari-
ation in pollution and emergency room visit patterns within 
Seoul). Fifth, although the GAE model captured key pollutant–
disease associations, it did not adjust for meteorological variables 
(such as temperature or humidity), individual-level risk factors, or 
socioeconomic status, all of which could confound or modify the 
observed associations. The exclusion of these covariates may have 
led to attenuation or inflation of some edge strengths, depending 
on region and season.

Generalizability
Despite these constraints, the study’s national scope and use of 

standardized administrative data enhance its generalizability with-
in Korea. The methodological framework—particularly the GAE 
modeling—can be adapted to other countries with similar air pol-
lution and health data systems. The visual and analytical insights 
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derived from this model are valuable for healthcare policymakers, 
urban planners, and environmental health professionals aiming to 
develop locally tailored public health interventions.

Suggestions for further studies
Future studies should expand the observation period and in-

clude a broader array of health outcomes, such as hospitalizations 
and mortality. Incorporating meteorological, behavioral, and so-
cioeconomic data would improve model precision and policy rel-
evance. Further, investigating lagged effects of pollutant exposure 
and applying explainable AI methods to graph models may offer 
deeper insight into causal mechanisms. Ultimately, the integration 
of network science and public health surveillance offers a power-
ful approach for disease prevention and environmental risk man-
agement in increasingly urbanized societies.

High-resolution si/gun/gu-level graph analyses (corresponding 
to cities, counties, and districts), integrating inter-district move-
ment matrices with moving-average pollutant exposure metrics, 
could trace subregional pollution–disease diffusion in a time-se-
ries framework, supporting improved causal inference and more 
targeted interventions.

Conclusion

This study investigated the spatiotemporal dynamics of emer-
gency room visits associated with air pollution exposure in Korea 
by applying a GAE model to national datasets from 2022 to 2023. 
The analysis identified distinct seasonal and regional patterns in 
the associations between 6 major air pollutants and 4 categories of 
cardiovascular and cerebrovascular diseases.

We found that the strength and structure of pollutant–disease 
relationships varied significantly by season and urbanization level. 
Notably, NO2 and O3 played dominant roles in disease associa-
tions during winter and autumn, while particulate matter (PM10 
and PM2.5) showed strong links to cardiac events in spring. In con-
trast, summer was characterized by overall weaker associations, 
though inland areas such as Gangwon continued to exhibit local-
ized vulnerability. Urban regions consistently exhibited denser 
and more complex pollutant–disease networks compared to 
non-urban areas. These findings support the initial research aim 
of revealing the complex, multivariate relationships between envi-
ronmental exposures and acute health outcomes across time and 
space. The use of GAE modeling enabled us to capture and visu-
alize these nonlinear associations more effectively than conven-
tional statistical methods.

From a medical and public health perspective, this study high-
lights the importance of season-specific and region-specific strate-

gies for air pollution management and disease prevention. By pin-
pointing when and where pollutant–disease associations are most 
pronounced, our results can inform targeted interventions, risk 
communication, and policy planning to reduce preventable emer-
gency health events and improve cardiovascular and cerebrovas-
cular health nationwide.
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Introduction

Background/rationale
Hair loss, especially androgenetic alopecia (AGA), is a com-

mon dermatological condition that has a considerable impact on 
patients’ quality of life. Early detection is essential, both for initiat-
ing timely treatment and for preventing further progression 
during the subtle and potentially reversible stages of the disease 
[1]. In clinical settings, the Basic and Specific (BASP) classifica-
tion system is widely used to assess the severity of hair loss, sys-
tematically categorizing frontal and vertex scalp patterns into 
structured scores [2]. However, BASP scoring is based on manual 

visual assessment, which introduces subjectivity and variability 
between observers.

To overcome these limitations, deep learning–based approach-
es have increasingly been explored in dermatology, providing au-
tomated and objective tools for image-based diagnosis [3]. Con-
volutional neural networks (CNNs), in particular, have shown 
strong performance in medical imaging tasks [4], including 
trichoscopic image analysis [5]. Building on this foundation, our 
study aimed to develop and validate a deep learning–based classi-
fication model capable of distinguishing BASP 0 (no hair loss) 
from BASP 1–3 (early-stage hair loss) directly from scalp images, 
with the goal of improving diagnostic reproducibility and stan-

Purpose: This study developed and validated a deep learning model for the automated early detection of androgenetic alopecia (AGA) using trichoscopic 
images, and evaluated the model’s diagnostic performance in a Korean clinical cohort.
Methods: We conducted a retrospective observational study using 318 trichoscopic scalp images labeled by board-certified dermatologists according to the 
Basic and Specific (BASP) system, collected at Ewha Womans University Medical Center between July 2018 and January 2024. The images were categorized 
as BASP 0 (no hair loss) or BASP 1–3 (early-stage hair loss). A ResNet-18 convolutional neural network, pretrained on ImageNet, was fine-tuned for binary 
classification. Internal validation was performed using stratified 5-fold cross-validation, and external validation was conducted through ensemble soft voting 
on a separate hold-out test set of 20 images. Model performance was measured by accuracy, precision, recall, F1-score, and area under the curve (AUC), with 
95% confidence intervals (CIs) calculated for hold-out accuracy.
Results: Internal validation revealed robust model performance, with 4 out of 5 folds achieving an accuracy above 0.90 and an AUC above 0.93. In external 
validation on the hold-out test set, the ensemble model achieved an accuracy of 0.90 (95% CI, 0.77–1.03) and an AUC of 0.97, with perfect recall for ear-
ly-stage hair loss. No missing data were present, and the model demonstrated stable convergence without requiring data augmentation.
Conclusion: This model demonstrated high accuracy and generalizability for detecting early-stage AGA from trichoscopic images, supporting its potential 
utility as a screening tool in clinical and teledermatology settings.

Keywords: Alopecia; Computer neural networks; Scalp; Deep learning; Dermatologists
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dardization.
This study was specifically designed to address common chal-

lenges in medical image analysis, such as small dataset size and 
class imbalance. To evaluate model performance, we employed a 
2-tier experimental strategy. First, we performed internal valida-
tion using stratified 5-fold cross-validation across the entire data-
set to assess training stability and to identify optimal training con-
figurations [6]. Next, informed by these findings, we conducted 
external validation with a hold-out test set using ensemble voting, 
thereby simulating real-world application on previously unseen 
images [7]. This sequential approach allowed us to evaluate both 
model training dynamics and real-world generalizability.

To support these experiments, we redefined BASP labels into 
binary categories (BASP 0 vs. BASP 1–3), implemented class-pre-
serving validation through stratified sampling, and selected Res-
Net-18, a lightweight yet effective CNN architecture known for 
its balance of performance and computational efficiency in small- 
to medium-sized datasets.

Objectives
The aim of this study was to evaluate the model’s diagnostic ac-

curacy, generalizability, and clinical utility using both internal 
cross-validation and external hold-out testing, providing evidence 
for its potential application in dermatological screening. Addition-
ally, we sought to address class imbalance through stratified sam-
pling, to assess the feasibility of binary BASP classification, and to 
demonstrate the use of a ResNet-18 CNN for the automated as-
sessment of early-stage AGA.

Methods

Ethics statement
This study was approved by the Institutional Review Board 

(IRB) of Ewha Womans University Medical Center (IRB no., 
EUMC 2025-01-037). The requirement for informed consent 
was waived due to the retrospective nature of the study and the 
use of de-identified image data.

Study design
This was a retrospective observational study aimed at develop-

ing a deep learning model for classifying hair loss severity based 
on the BASP system.

Settings
A total of 318 trichoscopic images were collected from patients 

visiting the Department of Dermatology at Ewha Womans Uni-
versity Medical Center (Seoul, Republic of Korea) between July 7, 

2018, and January 31, 2024. All images were acquired using the 
DermLite DL Cam Photo dermoscopy system (3Gen Inc.) and 
were captured from the frontal and vertex scalp regions during 
routine clinical assessments. Images of the occipital region, 
though used by dermatologists for clinical comparison during 
BASP scoring, were excluded from both model training and eval-
uation.

Participants
Eligible participants included patients aged 15 to 84 years who 

presented with concerns regarding hair loss. No additional inclu-
sion or exclusion criteria were applied beyond clinical presenta-
tion, and all trichoscopic images with valid BASP annotations 
were included in the study. Labeling was performed by board-cer-
tified dermatologists using the BASP classification system, result-
ing in 151 images labeled as BASP 0 and 167 images labeled as 
BASP 1, 2, or 3 (Table 1). There were no missing data in the final 
dataset used for model development and evaluation.

Variables
The primary outcome variable was binary classification of hair 

loss severity, defined as class 0 for BASP 0 and class 1 for BASP 
1–3. This binary categorization was derived from the original 
4-class BASP labels (BASP 0, 1, 2, and 3), which were assigned by 
dermatologists.

Image preprocessing and model configuration
Each trichoscopic image was paired with its corresponding 

BASP score using a consistent filename-label mapping system, 
enabling the model to learn the association between image fea-
tures and hair loss severity. Images were resized to 224 × 224 pix-
els and normalized to a mean of 0.5 and standard deviation of 0.5 
for each RGB channel.

A ResNet-18 CNN pretrained on ImageNet was used as the 
backbone. The final fully connected layer was replaced with a 
2-unit output layer for binary classification. Model training was 
performed using the Adam optimizer (learning rate = 0.001), a 
batch size of 128, and the cross-entropy loss function. No data 
augmentation or early stopping strategies were used. Each model 
was trained for a fixed 100 epochs.

Table 1. Distribution of original data 

BASP label 0 1 2 3 Total
No. of images 151 109 47 11 318

BASP, Basic and Specific.
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Validation test

Internal validation: Stratified 5-fold cross-validation
The entire dataset (n = 318) underwent stratified 5-fold 

cross-validation to ensure class balance within each fold. In every 
fold, 80% of the data were used for training and 20% for evalua-
tion. The model with the highest validation accuracy over the 100 
epochs was selected for reporting performance.

External validation: Hold-out ensemble testing
To evaluate generalizability, a hold-out test set of 20 images was 

created by randomly sampling 10 images from BASP 0 and 10 
from BASP 1–3, ensuring class balance. The BASP 1–3 subset 
consisted of 4 BASP 1, 3 BASP 2, and 3 BASP 3 images, reflecting 
the distribution of hair loss stages (Table 2). These 20 images 
were completely excluded from model training and validation 
processes.

Model training and prediction
The remaining 298 images were used to train 5 ResNet-18 mod-

els via stratified 5-fold cross-validation. Each model was then ap-
plied to the hold-out set. Final predictions were determined by en-
semble soft voting, where the average class probabilities from the 5 
models were combined to determine the predicted label. This en-
semble approach was intended to simulate a real-world diagnostic 
scenario and enhance robustness in performance estimation.

Bias mitigation strategies
To address potential sources of bias in this small and imbal-

anced dataset, stratified k-fold cross-validation was used to ensure 
that all original samples were included in both training and valida-
tion while maintaining class distribution across folds. This ap-
proach mitigated selection bias and maximized data utility. Data 
augmentation was intentionally excluded to avoid introducing ar-
tificial variability. Additionally, ensemble prediction via soft voting 
across 5-fold-specific models was used in the hold-out test phase 
to reduce model variance and improve generalizability.

Study size
In total, 318 images were analyzed. No a priori sample size cal-

culation was performed; instead, all eligible labeled images from 
the institutional database were used to reflect real-world clinical 
data availability. Post hoc 95% confidence intervals (CIs) were 
calculated for model accuracy in the hold-out set, based on the 
primary endpoint of binary classification performance.

Evaluation metrics
Performance on the hold-out set was assessed using ensemble 

accuracy, confusion matrix, receiver operating characteristic 
(ROC) curve analysis, area under the curve (AUC), and the 95% 
CI for accuracy. Classification metrics included accuracy, preci-
sion, recall, F1-score, and AUC. For the hold-out evaluation, a 
95% CI for accuracy was computed using the Wald method.

Statistical methods
All statistical analyses and model training were performed using 

Python ver. 3.9 (https://www.python.org/) and PyTorch ver. 1.12 
(Meta) in the Google Colab environment. Image preprocessing, 
model definition, training, and evaluation were implemented us-
ing in-house PyTorch-based scripts. Visualization of results, in-
cluding ROC curves and confusion matrices, was conducted us-
ing Matplotlib ver. 3.7 (Hunter). No statistical hypothesis testing 
(such as P-values) was conducted, as the focus was on classifica-
tion performance and generalizability rather than group compari-
sons. Python code is available in Supplement 1.

Results

Participants
A total of 318 trichoscopic scalp images were included for bina-

ry classification. Of these, 159 images were labeled as BASP 0 (no 
hair loss, class 0) and 159 images were labeled as BASP 1, 2, or 3 
(early hair loss, class 1). No data were excluded, and all labeled 
images were used in both model training and evaluation.

Internal validation: stratified 5-fold cross-validation
The complete dataset (n = 318) was used in stratified 5-fold 

cross-validation, ensuring equal class distribution within each 
fold. Each fold was trained for 100 epochs, with the model achiev-
ing the highest validation accuracy selected. The best epoch and 
corresponding performance metrics—accuracy, precision, recall, 
F1-score, and AUC—are summarized in Table 3.

The model demonstrated stable performance across most folds, 
with 4 out of 5 achieving accuracy above 0.90 and AUC values 
above 0.93. One fold (Fold 5) showed relatively lower perfor-
mance but still maintained an AUC of 0.8202. Detailed training 
curves for each fold are shown in Fig. 1, illustrating how both ac-

Table 2. Dataset configuration for hold-out ensemble voting 
test 

Class 0 Class 1
BASP label 0 1 2 3
Hold-out test set 10 4 3 3

BASP, Basic and Specific.

https://www.python.org/
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Table 3. Fold-wise metrics for stratified 5-fold cross-validation 

Fold Best epoch Accuracy Precision Recall F1-score AUC
1 100 0.9375 0.9677 0.9091 0.9375 0.9423
2 17 0.8906 0.8462 0.9706 0.9041 0.9353
3 4 0.9219 0.9143 0.9412 0.9275 0.9618
4 33 0.9206 0.9375 0.9091 0.9231 0.9707
5 31 0.7460 0.7429 0.7879 0.7647 0.8202

All performance metrics were rounded to 4 decimal places.
AUC, area under the curve.

Fig. 1. (A–J) Epoch-wise accuracy and area under the receiver operating characteristic curve (AUC) for each fold.
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curacy and AUC progressed and converged over the 100 epochs. 
The average epoch time per fold ranged from 8.3 to 8.6 seconds, 
confirming the computational efficiency of ResNet-18 in this 
small- to medium-scale medical imaging task.

External validation: hold-out test with ensemble voting
To assess generalizability, a separate hold-out test set of 20 im-

ages was created. The hold-out set included 10 class 0 and 10 class 
1 images, selected via stratified sampling for balanced class repre-
sentation. Detailed sample composition and individual model 
predictions are provided in Supplement 2. These samples were 

Fold 1: epoch accuracy

Fold 3: epoch accuracy

Fold 5: epoch accuracy

Fold 2: epoch accuracy

Fold 4: epoch accuracy

Fold 1: epoch AUC

Fold 3: epoch AUC

Fold 5: epoch AUC

Fold 2: epoch AUC

Fold 4: epoch AUC
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excluded from training and reserved solely for external validation. 
The remaining 298 images were used to train 5 ResNet-18 mod-
els using stratified 5-fold cross-validation. The best-performing 
model for each fold was selected based on the highest classifica-
tion accuracy on the respective test fold. These models, trained on 
the reduced dataset, demonstrated consistently high performance: 
all folds achieved accuracy above 0.80 and AUC above 0.86, with 
1 fold reaching 0.95 in both metrics (Table 4). These results indi-
cate stable and effective training despite the reduced sample size. 
Detailed fold-wise metrics are presented below, and training 

curves are shown in Fig. 2.
Each of the 5 models was then used to independently predict 

the 20-image hold-out test set. Final ensemble predictions were 
made using soft voting, averaging the predicted probabilities for 
each class across the 5 models. The ensemble model correctly 
classified 18 out of 20 images, achieving an accuracy of 0.9000. 
Notably, all 10 class 1 images were correctly identified, resulting in 
perfect recall for early hair loss detection. Two class 0 images were 
misclassified as class 1. The ROC curve showed an AUC of 0.970, 
and the 95% CI for accuracy, calculated using the Wald method, 

Table 4. Fold-wise metrics from training on the 298-image dataset 

Fold Best epoch Accuracy Precision Recall F1-score AUC
1 11 0.8333 0.8621 0.8065 0.8333 0.8788
2 14 0.8000 0.7632 0.9063 0.8286 0.8650
3 23 0.9500 0.9143 1.0000 0.9552 0.9542
4 22 0.8475 0.8929 0.8065 0.8475 0.9182
5 23 0.8644 0.8966 0.8387 0.8667 0.9389

AUC, area under the curve.

Fig. 2. (A–J) Epoch-wise accuracy and area under the receiver operating characteristic curve (AUC) for each fold trained on 298 
images.
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was 0.768 to 1.032.
The confusion matrix and ROC curve illustrating ensemble 

performance are presented in Fig. 3. Detailed predictions for each 
of the 20 hold-out images, including model-specific votes and en-
semble results, are provided in Supplement 3.

Discussion

Key results
This study developed a ResNet-18-based deep learning model 

for classifying trichoscopic images by early-stage AGA severity us-
ing the BASP system. The model consistently demonstrated high 
performance in internal validation via stratified 5-fold cross-vali-
dation and maintained robust generalizability in external ensem-
ble testing. High accuracy and AUC values in both validation set-
tings confirmed the model’s reliable discrimination between 
BASP 0 and BASP 1–3, even on previously unseen data.

Interpretation
The goal of this study was to assess the feasibility of deep learn-

ing for early-stage hair loss screening based on the BASP classifi-
cation. The model showed consistently high performance across 
stratified internal folds, reflecting its ability to learn relevant pat-
terns from trichoscopic images despite the limited data. Notably, 
4 out of 5 internal folds achieved strong accuracy and AUC scores, 
with only 1 fold showing relatively reduced performance, likely 
due to incidental variation in class composition within that partic-

ular split. Nevertheless, this fold still maintained a respectable 
AUC of 0.8202, suggesting overall robustness across validation 
subsets.

This stability may be attributed to the binary simplification of 
BASP labels (BASP 0 vs. BASP 1–3), which reduced class frag-
mentation and enhanced the signal-to-noise ratio during training. 
Stratified 5-fold cross-validation further mitigated bias from class 
imbalance and ensured that every image contributed to both 
training and validation—a critical design choice for small datasets. 
Importantly, data augmentation was deliberately excluded, yet the 
model still exhibited stable convergence across folds (Figs. 1, 2), 
indicating that core patterns were sufficiently learnable from raw 
image features alone.

Performance on the external hold-out test set further validated 
the model’s generalizability. Ensemble soft voting, based on 5 in-
dependently trained models, successfully classified 18 out of 20 
images, achieving 90% accuracy and an AUC of 0.970. All early 
hair loss cases (class 1) were correctly identified, resulting in per-
fect recall. In clinical screening, such a low false-negative rate is 
crucial for timely intervention and minimizing missed diagnoses.

These findings collectively suggest that, with careful design, 
such as label restructuring, stratified sampling, and ensemble eval-
uation, even small, real-world clinical datasets can support the de-
velopment of reliable deep learning models for early-stage disease 
detection. While the external test set was limited to 20 images, the 
ensemble approach helped compensate for this limitation by re-
ducing model variance and strengthening prediction confidence.

Fig. 3. Confusion matrix (A) and receiver operating characteristic (ROC) curve (B) for ensemble predictions on the hold-out set. 
AUC, area under the ROC curve.
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Comparison with previous studies
While previous research has applied CNNs to dermatologic 

imaging, few studies have specifically targeted early-stage AGA or 
integrated BASP classification into model development. Most ex-
isting approaches rely on multiclass classification or segmentation 
tasks, which typically require larger datasets and extensive manual 
labeling.

In contrast, this study demonstrates that clinically meaningful 
classification can be achieved through strategic label simplifica-
tion and robust validation strategies, even with limited data. By 
employing stratified cross-validation and ensemble-based external 
testing, this work addresses a common gap in medical artificial in-
telligence (AI) research: the reliance on internal metrics without 
assessment of generalizability to unseen data.

Limitations
The main limitation of this study is its small sample size 

(n = 318), which may restrict generalizability. In particular, images 
labeled as BASP 2 and 3 were underrepresented, potentially limit-
ing the model’s ability to learn nuanced patterns across progres-
sive hair loss stages. A larger, more diverse dataset would support 
more robust training and enable a more comprehensive evalua-
tion, including an expanded hold-out test set. All images were ob-
tained from a single institution under specific imaging conditions, 
which may not capture the full variability seen in wider clinical 
settings, such as differences in scalp types, lighting, or trichoscop-
ic equipment. Additionally, only one CNN architecture (Res-
Net-18) was evaluated. Comparative assessments across multiple 
architectures or training configurations could provide greater in-
sight into model optimization.

Training hyperparameters, such as batch size and learning rate, 
were not systematically optimized. Although a batch size of 8 was 
initially tested, training did not converge effectively under that 
condition. A batch size of 128 was subsequently adopted based on 
successful convergence and was maintained throughout the study. 
Beyond this adjustment, no systematic exploration or substudy 
was conducted to identify optimal configurations for further im-
proving model performance in this dataset.

Finally, the performance variability observed across cross-vali-
dation folds—most notably in Fold 5—highlights the model’s 
sensitivity to class composition and sampling variation, under-
scoring the challenges of training on limited, imbalanced medical 
datasets.

Generalizability
Despite the limited dataset, ensemble-based hold-out testing 

demonstrated strong generalizability to unseen images. The mod-

el’s high recall for early-stage AGA suggests potential clinical value 
as a screening tool, especially in resource-limited settings such as 
primary care or teledermatology. However, because all data were 
sourced from a single institution using one specific dermoscopy 
device, and all images were from Korean patients, broader gener-
alization across different populations (varying in age, sex, ethnici-
ty, and imaging equipment) will require future validation using 
multicenter, multi-ethnic, and multi-device datasets.

Suggestions for further studies
To build upon these findings and develop a practical diagnostic 

framework for early-stage AGA, several future directions are sug-
gested.

First, multicenter data collection encompassing diverse popula-
tions, imaging devices, and clinical environments is essential to 
enhance generalizability and reduce bias related to demographics 
or equipment. Larger and more balanced datasets would also en-
able finer label granularity—for example, distinguishing BASP 1 
(early) from BASP 2–3 (progressive)—to better reflect the clini-
cal spectrum of hair loss.

Second, comparative evaluation of alternative neural network 
architectures, such as EfficientNet, DenseNet, or vision trans-
formers, should be performed to identify optimal trade-offs 
among diagnostic accuracy, computational efficiency, and deploy-
ment feasibility.

Third, integrating explainability techniques (such as Grad-
CAM) and uncertainty quantification methods (like CIs or Mon-
te Carlo dropout) may improve clinical trust and facilitate hu-
man–AI collaboration. Fairness metrics should also be monitored 
to assess potential bias across age, sex, or ethnicity subgroups.

Finally, real-world implementation studies in primary care or 
teledermatology—including workflow simulations and user feed-
back—will be vital for validating the model’s practical utility and 
educational value in early diagnosis scenarios.

Conclusion
This study demonstrated the feasibility of a deep learning–

based approach for early detection of AGA by leveraging BASP 
score classification. By simplifying the task to a binary distinction 
between non-hair loss (BASP 0) and early hair loss (BASP 1–3), 
the model achieved strong performance in both internal valida-
tion and ensemble-based external testing, without requiring data 
augmentation or extensive hyperparameter tuning. The use of 
stratified cross-validation and ensemble soft voting enabled robust 
learning even with a limited dataset, suggesting practical applica-
bility in clinical screening scenarios. In particular, the high recall 
for early hair loss cases indicates strong potential for timely inter-
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vention. These results support the integration of automated 
BASP-based assessment tools into dermatological workflows, 
promoting more standardized and objective evaluation of hair 
loss in clinical and teledermatology practice.

Furthermore, such deep learning–based systems may reduce 
the burden of manual labeling, minimize subjectivity in early hair 
loss diagnosis, and offer consistent alerts for possible AGA, there-
by improving the accessibility, accuracy, and standardization of 
dermatologic care.
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Machine learning for automated cause-of-death classification 
from 2021 to 2022 in Korea: development and validation of an 
ICD-10 prediction model
Seokmin Lee*, Gyeongmin Im
Statistics Research Institute, Statistics Korea, Daejeon, Korea

Introduction

Background
In 2023, the number of deaths in South Korea reached 352,511, 

representing a 32.4% increase since 2013. As one of the fastest-ag-
ing societies, South Korea is projected to experience continued 
surges in mortality, with more than 500,000 deaths expected by 
2038, according to 2022 population projections [1]. These trends 
present major challenges for compiling cause-of-death statistics, 
which are vital for public health and demographic policy and ne-
cessitate improvements in data collection and analysis workflows.

Statistics Korea compiles these statistics based on physician-is-
sued medical death certificates and family-reported death registra-
tions. Causes are recorded in accordance with World Health Or-
ganization (WHO) guidelines, including the immediate cause, up 
to 3 antecedent causes, and other contributory physical condi-
tions. Statistical reporting focuses on the underlying cause. To 
maintain international comparability, WHO specifies rules for 
underlying cause selection in the International Classification of 
Diseases, 10th Revision (ICD-10) Volume 2 [2].

However, physicians often lack sufficient information when 
completing death certificates. To address this, Statistics Korea 

Purpose: This study evaluated the feasibility and performance of a deep learning approach utilizing the Korean Medical BERT (KM-BERT) model for the 
automated classification of underlying causes of death within national mortality statistics. It aimed to assess predictive accuracy throughout the cause-of-death 
coding workflow and to identify limitations and opportunities for further artificial intelligence (AI) integration.
Methods: We performed a retrospective prediction study using 693,587 death certificates issued in Korea between January 2021 and December 2022. Free-
text fields for immediate, antecedent, and contributory causes were concatenated and fine-tuned with KM-BERT. Three classification models were developed: 
(1) final underlying cause prediction (International Classification of Diseases, 10th Revision [ICD-10] code) from certificate inputs, (2) tentative underlying 
cause selection based on ICD-10 Volume 2 rules, and (3) classification of individual cause-of-death entries. Models were trained and validated using 2021 
data (80% training, 20% validation) and evaluated on 2022 data. Performance metrics included overall accuracy, weighted F1 score, and macro F1 score.
Results: On 306,898 certificates from 2022, the final cause model achieved 62.65% accuracy (F1-weighted, 0.5940; F1-macro, 0.1503). The tentative cause 
model demonstrated 95.35% accuracy (F1-weighted, 0.9516; F1-macro, 0.4996). The individual entry model yielded 79.51% accuracy (F1-weighted, 0.7741; 
F1-macro, 0.9250). Error analysis indicated reduced reliability for rare diseases and for specific ICD chapters, which require supplementary administrative 
data.
Conclusion: Despite strong performance in mapping free-text inputs and selecting tentative underlying causes, there remains a need for improved data quali-
ty, administrative record integration, and model refinement. A systematic, long-term approach is essential for the broad adoption of AI in mortality statistics.

Keywords: Cause of death; Deep learning; International Classification of Diseases; Korean Standard Classification of Diseases-8th Revision



supplements its data with 22 types of administrative records, such 
as national health insurance data, cancer registries, police investi-
gations, autopsy reports, and infectious disease notifications. 
Cause-of-death coders, certified both internationally and domes-
tically, review these materials to finalize the underlying cause. As 
mortality rises, the workload for these professionals also increases, 
increasing the risk of errors.

Meanwhile, artificial intelligence (AI) has begun to supplant 
human judgment in various sectors. Its potential to alleviate the 
growing burden of mortality statistics makes it a promising tool. 
This study explores the feasibility of leveraging AI for the compi-
lation of cause-of-death data.

Objectives
This study investigates the ways in which AI can support the 

compilation of cause-of-death statistics and identifies its current 
limitations. Maintaining statistical quality amid rising mortality 
presents a complex challenge; thus, early assessment of AI’s effec-
tiveness is crucial. By analyzing real-world applications, we assess 
the potential of AI and propose strategies for its integration into 
future workflows.

Methods

Ethics statement
This study involved analysis of publicly available data; therefore, 

approval from an institutional review board and informed consent 
were not required.

Study design
This prediction study was conducted using publicly available 

data from Statistics Korea. The study design adheres to the TRI-
POD-AI reporting guidelines for deep learning applications in 
medical research (development or prediction), available at 
https://www.tripod-statement.org/.

Setting
The study setting was the nationwide death registration system 

of the Republic of Korea. Data were obtained from national death 
certificates issued between January 1, 2021, and December 31, 
2022, totaling 319,198 certificates in 2021 and 374,389 in 2022. 
The dataset thus represents a general population setting, covering 
deaths from all regions of Korea (urban and rural) and all levels of 
care, including hospital deaths with detailed medical information 
and home deaths that may have less detail.

Participants
We effectively included the entire population of deaths in Korea 

during 2021–2022 for which a cause-of-death code was assigned.

Data source
Raw data were extracted from the Causes of Death Statistics da-

tabase maintained by Statistics Korea. The study utilized 693,587 
death certificate records (319,198 from 2021 and 374,389 from 
2022), as coded by Statistics Korea, along with text input data 
from the underlying cause-of-death selection system (693,195 re-
cords) submitted by physicians or officers. Only records with 
matching case numbers across both datasets were selected and 
used as training data.

The cause-of-death section on Korean death certificates typi-
cally includes multiple entries: an immediate cause, intermediate 
causes, the underlying cause, and other contributing conditions 
(covering Part I and Part II of the WHO death certificate format) 
(Fig. 1).

However, coding rules require assignment of a single underly-
ing cause-of-death code based on all this information. For model-
ing purposes, we concatenated the text from all cause-of-death 
fields to provide the model with full context. Specifically, we con-
structed a narrative summary by joining the entries in order—
from immediate cause down to underlying cause, along with any 
other significant conditions—separated by punctuation. This ap-

Fig. 1. Cause-of-death section on Korean death certificates.
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proach mirrors how human coders review the entire certificate to 
determine the underlying cause.

Data preprocessing
Detailed preprocessing steps are presented in Supplement 1. In-

formation on mortality statistics data—including inputs (cause of 
death), preprocessing, and outputs (automated candidate under-
lying causes)—is summarized in a diagram (Fig. 2)

Outcome variables/predictors
The outcome of interest was the underlying cause-of-death 

code, as defined by ICD-10, for each record. Thus, the model pre-
dicts a single label (the ICD-10 code) for each death certificate. 
The predictor variable is the textual content of the death certifi-
cate.

Bias
There was no bias in data collection or analysis, as all target data 

were included.

Study size
The study included the entire population of the Republic of 

Korea. No sample size estimation was necessary. Records with 
missing data were excluded from the analysis. Any death certifi-
cate lacking cause text was removed from the dataset before analy-
sis, ensuring that the models did not encounter missing inputs.

Machine learning models
The Korean Medical BERT (KM-BERT) language model [3], 

a medical-domain pretrained BERT for Korean, was employed for 
natural language processing. KM-BERT is trained on over 60 mil-
lion sentences and 1.16 billion Korean medical terms. Fine-tuning 
was conducted to achieve robust performance in medical term 
classification. Four models were trained and evaluated as de-
scribed below:

Experiment 1: Development of a predictive model for the final 
underlying cause of death (8th Korean Standard Classification 
of Diseases and Causes of Death [KCD-8] code) using death 
certificate input fields

•  Data source: All death certificate records with matching case 
numbers (N = 693,194).

•  Model task: Directly predict the final underlying cause (KCD-
8 code) from the input items on each death certificate.

•  Objective: Quantify the rate at which forensic examiners re-
vise the model’s predicted classification for each cause-of-
death category.

Experiment 2: Development of a baseline model for evaluating 
classification quality and similarity analysis of the automated 
underlying cause system

•  Data source: A curated dataset of 310,034 death certificate re-
cords in which the automated underlying cause and the final 
underlying cause coincide.

Fig. 2. Information on mortality statistics data: inputs (cause of death), preprocessing, and outputs (automated candidate 
underlying causes).

INPUT

Classification 
model

INDEPENDENT 
VARIABLE (KCD CODE)

EVENTS THAT LED TO DEATH DATA EDA / PRE-PROCESSING

(A) event
(B) event  

…
(N) event

Deriving data-processing rules  

State

Korean dictionary list (for validation)

• Noise removal

• Outlier handling

• Missing-value handling

• Split multiple causes in one line

Derive improvement measures

Environment

(A) Immediate cause Death due to aspiration pneumonia
(B) Cause of (A) Aspiration pneumonia 
(C) Cause of (B) Prolonged bedridden life
(D) Cause of (C) 

 OUTPUT 

Certificate 
item

Code 

(A) E149
(B) J690
(C) I64
… …

State K532

(Code-probability 
distribution)
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•  Model task: Using this curated dataset, a baseline classifier 
was trained to replicate the outputs produced by the automat-
ed underlying cause system.

•  Objective: To validate the classification quality and analyze 
similarity between the model’s predictions and the existing 
automated underlying cause results (with a particular focus 
on disease categories).

Experiment 3: Development of a knowledge-based classification 
model using only established resources

•  Data source: Unstructured text fields from death certificates.
•  Training resources: (1) An existing Korean language dictio-

nary containing 74,123 entries; (2) The KCD-8 (based on 
ICD-10) master file, which has 89,584 Korean and English 
terminology entries (Supplement 2).

•  Model task: Predict the classification code for each cause of 
death input field using only these curated vocabularies and 
domain knowledge.

•  Objective: Evaluate the expected performance of a system 
built exclusively on pre-existing linguistic resources and do-
main expertise, without additional training examples.

Evaluation metrics
Accuracy, F1-macro, F1-weight, and loss were measured for 

each model.

Accuracy
The proportion of total predictions that the model classifies 

correctly. It is calculated as accuracy = [number of correct predic-
tions]/[total number of predictions].

F1 macro
The arithmetic mean of the F1 scores computed independently 

for each class, giving equal weight to all classes regardless of their 
frequency. This metric reflects the model’s balanced performance 
across both common and rare classes.

F1 weighted
The weighted average of per-class F1 scores, where each class’s 

F1 is weighted by its support (the number of actual instances). 
This metric emphasizes performance on more prevalent classes, 
while still accounting for minority classes.

Statistical methods
Aside from the machine learning evaluation metrics described 

above, traditional statistical hypothesis testing for effect sizes or 
risk factors was not employed. The primary statistic of interest 

was model accuracy.

Results

Final underlying cause prediction (Experiment 1)
To determine the degree to which AI predictions of the under-

lying cause of death align with the actual causes, we trained the 
model solely on death certificates. We compared the underlying 
cause predicted by AI with the official underlying cause of death, 
which is determined using both death certificates and multiple 
administrative data sources. Of the 317,356 death certificates is-
sued in 2021, a total of 140,080 records were used for training and 
validation. We then evaluated and compared results using 306,898 
cases reported in 2022. The optimal classification model was 
reached at 300 steps (approximately 50 epochs). Upon evaluation 
of the 306,898 records from 2022, the model achieved a consis-
tency rate of 62.65%. Approximately 37.35% of cases required 
modification, primarily due to the influence of external causes of 
death (Table 1).

Tentative underlying cause prediction (Experiment 2)
To evaluate the intermediate steps in generating cause-of-death 

statistics, we compared the tentative underlying cause—derived 
without administrative data—to the official results. Statistics Ko-
rea uses a term mapping table to automatically convert conditions 
written in Korean on death certificates into codes, then selects a 
tentative underlying cause according to WHO ICD-10 Vol. 2 
guidelines. Measuring AI’s ability to replicate this process may 
help reduce the burden of mapping table management.

A total of 310,034 refined datasets, in which the results before 
and after administrative data supplementation were identical, 
were used for training. The baseline model was trained using this 
curated data, and KM-BERT was employed as the language mod-
el. Optimal learning was achieved at 270 steps (approximately 90 
epochs). Evaluation demonstrated high accuracy at 95.35% (Ta-
ble 1). However, detailed results by classification item revealed ar-
eas of weakness in AI prediction. Of the 1,026 codes evaluated, 
291 codes (e.g., E272, I7110, C740, C109) were highly reliable 
(F1-score ≥ 0.9), while 410 codes (e.g., L892, A1830, R578, 
R609) were unreliable (F1-score = 0). Unreliable results were par-
ticularly prominent for codes in “P. Prenatal and postnatal condi-
tions,” “S. Injury and poisoning,” “M. Musculoskeletal diseases,” 
“H. Eye and ear diseases,” “Q. Congenital malformations,” and “O. 
Pregnancy, childbirth, and postpartum diseases,” all of which re-
quire supplemental administrative data. These findings indicate 
that specific disease categories require further model revision (Fig. 
3).
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The number of misclassified causes of death was 18,116, with 
the majority being rare diseases such as anencephaly or cholera, 
which lacked sufficient training data. Many subcategories were 
also underrepresented, underscoring the need for expanded case 
data tailored to each classification purpose.

A typical error type occurred when frequently recorded causes 
of death, such as sepsis, were involved. In these cases, AI tended to 
predict categories for which it had more abundant training data. 
For example, when both sepsis and myelitis were listed, the model 
predicted M46.99 (unspecified inflammatory spondylopathy, un-

specified site) instead of the more specific M46.59 (other infec-
tious spondylopathy, unspecified site). This misclassification re-
flects the high frequency with which sepsis is recorded on death 
certificates for unspecified inflammatory spondylopathy.

Cause-of-death coding on death certificates (Experiment 
3)

The accuracy of ICD-10 coding of causes of death described in 
natural language on death certificates was compared between arti-
ficial intelligence and term mapping table methods. Training data 

Table 1. Summary of the validation and evaluation protocols for Experiments 1–4 

Experiment Input variables (X) Output variables (Y) Training/validation data Evaluation data 
(comparison) Accuracy F1 score 

(weighted)
F1 score 
(macro)

1 Cause of death input 
information (5 items): direct 
cause, primary antecedent 
cause, secondary antecedent 
cause, tertiary antecedent 
cause, physiological 
condition

Final underlying 
cause 
classification code

2021 published data: 
input and classification 
codes (training: 
validation=8:2)

2022 published final 
underlying cause 
classification codes 
(entire dataset)

0.6265 0.594 0.1503

2 Cause of death input 
information (5 items): direct 
cause, primary antecedent 
cause, secondary antecedent 
cause, tertiary antecedent 
cause, physiological 
condition

Final underlying 
cause 
classification code

2021 published data 
(curated subset where 
automatic underlying 
cause= final 
underlying cause): 
input and classification 
codes

2022 published 
automatic 
underlying cause 
classification codes

0.9535 0.9516 0.4996

3 Individual cause per record 
(single item)

Individual cause 
classification code

Existing Korean 
terminology 
dictionary+ICD-10 
database master file

Cause-of-death 
selection system 
(simulation) results 
(20% test split) 
classification codes

0.7951 0.7741 0.925

ICD-10, International Classification of Diseases, 10th Revision.

Fig. 3. Accuracy of artificial intelligence’s prediction of the tentative underlying cause of death by major sections.
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included the ICD-10 code list and the term mapping table used 
by Statistics Korea. The optimally fine-tuned classification model 
was learned at 1,550 steps (approximately 50 epochs). Evaluation 
showed that the AI coding accuracy was relatively low at 79.51%. 
However, the F1-Macro score was very high at 0.925, indicating 
strong agreement for items where prediction results were pro-
duced (Table 1).

Discussion

Key results
The process of producing cause-of-death statistics is primarily 

divided into 3 stages: (1) coding of natural language on death cer-
tificates, (2) selection of the tentative underlying cause of death 
according to ICD-10 Volume 2, and (3) modification of the final 
underlying cause of death based on administrative data. To deter-
mine what AI can predict at each step, we analyzed both the offi-
cial statistical outcomes and AI prediction results. Experimentally, 
the model achieved 62.65% accuracy for the final underlying 
cause of death, 95.35% accuracy for the tentative underlying 
cause, and 79.51% coding accuracy for the cause of death [3].

Interpretation
Even for provisional causes of death where overall accuracy was 

high, unreliable results were observed for specific diseases. Under-
standing the overall volume of deaths is important, but so is man-
aging trends for detailed causes and rare diseases. Thus, even rare 
diseases or deaths with low occurrence must be classified accu-
rately. In this regard, our experiment highlights considerations rel-
evant to the introduction of AI in this field.

AI misclassification cases
There are 3 major types of errors that AI can make when gener-

ating cause-of-death statistics. First, AI can confuse symptoms 
commonly listed on death certificates. For instance, sepsis often 
appears as a symptom secondary to various causes of death. 
When sepsis, spondylitis, and pneumonia are all present, the case 
should be classified as M46.59 (other infectious spinal diseases), 
yet it is frequently misclassified as M46.99 (unspecified inflamma-
tory spinal diseases), a common error.

Second, errors may arise from insufficient understanding of 
causal relationships in disease coding. For example, diabetic renal 
failure should be classified as E14.28 (unspecified diabetes with 
renal complications), but the AI instead predicts E14.9 (unspeci-
fied diabetes without complications).

Third, errors occur when the AI lacks a nuanced understanding 
of natural language on death certificates. For instance, when the 

certificate states “동맥 관 개방,” it should be classified as Q25.0 
(patent ductus arteriosus), but is instead classified as Q21.4 (aor-
topulmonary septal defect). Such errors often result from limited 
training data or ambiguity in language processing during AI calcu-
lation.

Limitations of applying AI to cause-of-death statistics
The classification for cause of death includes approximately 

18,000 categories, far more detailed than the industrial classifica-
tion system of about 1,200 categories. Accurate classification is 
crucial, not only for common causes but also for rare or infectious 
diseases, as these statistics are fundamental for public health poli-
cy. Therefore, a higher standard of accuracy is required compared 
to other statistical domains.

Considering these characteristics, applying AI to cause-of-death 
statistics poses significant challenges in predicting specific diseas-
es or rare cases, since traditional modeling procedures may be in-
adequate. AI performance depends greatly on the diversity and 
volume of training data. Misclassification is particularly likely for 
rare or critical diseases with limited data.

To achieve successful AI application in this area, methods for 
correcting errors in specific cases must be considered. Supple-
mentation with administrative data is also essential, and future AI 
models will require technology capable of verifying and integrat-
ing large-scale administrative records.

Directions of development for AI applications for cause-
of-death statistics

Accurate prediction of specific diseases may benefit from a hy-
brid approach that combines case-based inference with estab-
lished knowledge construction techniques, such as mapping ta-
bles or information retrieval methods. Additional experiments 
and advanced research are needed to build fine-tuned models us-
ing ensemble methods—leveraging existing machine learning al-
gorithms capable of handling small sample sizes, large language 
models with extensive parameters, or specialized models focused 
on diseases and causes of death.

Furthermore, because cause-of-death statistics significantly im-
pact public health policy, a long-term, systematic review of AI in-
troduction is needed for each procedural step. Importantly, if the 
quality of death certificates—serving as the fundamental data 
source—does not improve, both the input quality and complete-
ness of AI training data will suffer. It is therefore critical that death 
certificates are completed thoroughly and accurately.

Conclusion
The growing proportion of older adults in the population is 
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causing a sharp rise in the number of deaths, which in turn may 
affect the quality of cause-of-death statistics. Statistics Korea uti-
lizes an automated program to derive tentative causes of death 
from information listed on death certificates, followed by review 
and revision of the final cause based on administrative data. As the 
burden of statistical work increases, process quality may be com-
promised. Thus, integrating AI into the workflow represents a 
substantial opportunity for improvement.

However, because cause-of-death statistics involve more cate-
gories, higher complexity, and greater societal impact than other 
statistical fields, any changes in workflow must be accompanied 
by continuous, long-term review and analysis. In this study, we 
conducted a focused analysis using AI models trained on 2 years 
of data, confirming accuracy at each stage and identifying AI’s lim-
itations. This work is expected to lay the foundation for more ef-
fective AI applications in this area, ultimately supporting a healthi-
er and safer society by enhancing the quality of cause-of-death 
statistics.
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cluding comprehensive assessment of total death counts, the 
crude death rate, the age-standardized death rate (ASDR), age- 
and sex-specific mortality rates, and recent trends in cause-specific 
mortality.

Methods

Ethics statement
Since this study utilized publicly accessible data, Institutional 

Review Board approval and informed consent were not required.

Study design
This study employed a nationwide, repeated cross-sectional de-

sign based on comprehensive death certificate data. Reporting 

e-emj.org 1 / 12

Ewha Med J 2025;48(3):e46
https://doi.org/10.12771/emj.2025.00689

eISSN: 2234-2591
Open Access

Health statistics

Cause of death statistics in 2022 in the Republic of Korea
Jung-Hyun Oh*, Juhee Seo, Hyun Jung Park
Vital Statistics Division, Statistics Korea, Daejeon, Korea

Purpose: This study aimed to describe mortality trends in the Republic of Korea in 2022 by analyzing total deaths, crude and age-standardized mortality 
rates, as well as age- and sex-specific patterns and changes in cause-specific mortality. The analysis updates previous reports with newly available data from 
2022.
Methods: A repeated cross-sectional analysis was performed using nationwide death certificate data collected through municipal administrative offices. 
Deaths occurring in 2022 were aggregated from reports filed over a 16-month period, spanning January 2022 to April 2023. Causes of death were classified ac-
cording to the World Health Organization’s International Classification of Diseases. Quality assurance was ensured through administrative record linkage 
across 22 databases and validation using an independent infant mortality survey. Descriptive statistics were employed to summarize the findings.
Results: In 2022, Korea recorded 372,939 deaths (the highest annual total since 1983), corresponding to a crude death rate of 727.6 per 100,000 population. 
This increase contributed to a net population decline of 123,751. Mortality rates rose across most age groups, with particularly marked increases among those 
aged 1–9 and those aged 80 or older. Coronavirus disease 2019 (COVID-19) became the third leading cause of death (31,280 deaths; 61.0 per 100,000), driv-
en largely by the Omicron variant and heightened infection rates among older adults. Pancreatic cancer overtook stomach cancer in the mortality rankings. 
There were sharp increases in deaths attributed to Alzheimer’s disease and diabetes. Although deaths from intentional self-harm declined, suicide remained a 
significant cause of death among younger individuals.
Conclusion: Korea experienced a record-high mortality rate in 2022, largely due to the impacts of COVID-19 and ongoing population aging. Notable shifts 
in cause-specific mortality were observed, including increases in deaths from Alzheimer’s disease, diabetes, and pancreatic cancer, underscoring evolving pub-
lic health challenges.

Keywords: Cause of death; COVID-19; Cross-sectional studies; Death certificates; Republic of Korea

Introduction

Background
In the Republic of Korea, mortality statistics are compiled in ac-

cordance with the Statistics Act and the Family Relations Regis-
tration Act. Death data, including certificates, are sourced from 
municipal administrative offices across the country. Cause-of-
death statistics for 2014 [1], 2016 [2], 2018 [3], 2019 [4], 2020 
[5], and 2021 [6] have previously been published. This report ex-
tends the analysis by incorporating newly available data from 
2022.

Objectives
This study aimed to characterize mortality in Korea in 2022, in-
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follows the STROBE (Strengthening the Reporting of Observa-
tional Studies in Epidemiology) guidelines, available at https://
www.strobe-statement.org/.

Setting
Cause-of-death statistics in the Republic of Korea are compiled 

under the Statistics Act and the Act on the Registration of Family 
Relations. Data are collected using death notification forms and 
medical death certificates submitted to administrative offices na-
tionwide. Deaths that occurred in 2022 were aggregated from re-
ports filed over a 16-month period, spanning January 2022 
through April 2023. All notifications and certificates were coded 
for the underlying cause of death according to the World Health 
Organization’s International Classification of Diseases guidelines.

Participants (subjects)
Subjects included all death certificates for persons who died in 

Korea in 2022. While foreigners who died in Korea were docu-
mented separately, they were excluded from this analysis.

Data source/measurement
The data collection and analytical methods were consistent 

with those used in earlier cause-of-death studies, ranging from the 
2016 report [2] through the 2018–2021 series [3-6]. For this 
analysis, all death certificates issued in 2022 for Korean residents 
of the Republic of Korea served as the primary data source [7].

To enhance the reliability of the mortality figures, 2 additional 
quality-assurance procedures were implemented. First, an inde-
pendent infant mortality survey was conducted, since infant 
deaths are often underreported, by canvassing medical institutions 
and collecting cremation records from all crematoriums nation-
wide. Second, administrative record linkage was performed to val-
idate the accuracy of recorded causes of death. This process in-
volved cross-referencing each case against 22 distinct administra-
tive databases, including national health insurance claims, the na-
tional cancer registry, police investigation files, autopsy reports, 
and other relevant records.

Variables
All causes of death were included as variables in the analysis.

Bias
No selection bias was present, as data from all subjects were in-

cluded.

Study size
The entire population of the Republic of Korea was included; 

therefore, sample size estimation was unnecessary.

Statistical methods
Data were summarized using descriptive statistics only. No ana-

lytic statistical tests were performed.

Results

Number of deaths and crude mortality rate
In 2022, the total number of deaths in the Republic of Korea 

was 372,939, representing an increase of 55,259 deaths (17.4%) 
compared with 2021 (Fig. 1, Supplement 1). Male deaths num-
bered 196,465, which is an increase of 24,498 (14.2%) from the 
previous year, while female deaths totaled 176,474, up by 30,761 
(21.1%). The average daily number of deaths rose to 1,022, which 
is 152 more than in the preceding year. The crude mortality rate 
(deaths per 100,000 population) was 727.6, reflecting an increase 
of 108.7 (17.6%) from 2021. Specifically, the male crude mortali-
ty rate reached 769.2 per 100,000 (an increase of 97.2, or 14.5%), 
while the female crude mortality rate rose to 686.2 per 100,000 
(an increase of 120.2, or 21.2%). The male-to-female mortality ra-
tio was 1.12, indicating that men’s mortality rate was 1.12 times 
that of women. Both the total number of deaths and the crude 
mortality rate were the highest since national statistics were first 
compiled. The ASDR, which adjusts for age distribution, was 
372.9, up by 55.3 from 2021 (Fig. 1, Supplement 1).

Deaths by sex and age group
Compared with 2021, the number of deaths increased most 

substantially among children aged 1–9 years (33.8%), adults aged 
80 years and older (26.3%), those in their 70s (11.3%), and those 
in their 60s (10.2%) (Figs. 2, 3, Supplements 2, 3). Individuals 
aged 80 years and older accounted for 53.8% of all deaths in 2022, 
marking a 17.0 percentage-point increase from a decade earlier. 
Among male decedents, 40.7% were aged 80 or older—an in-
crease of 16.7 percentage points over the past 10 years—while 
68.3% of female decedents were in this age group, a 15.9 percent-
age-point rise. The male-to-female ratio of death counts peaked in 
the fifth and sixth decades of life, at 2.6. Age-specific mortality 
rates were lowest among children aged 1–9 years (11.3 per 
100,000) and highest among those aged 80 years and older 
(9,237.2 per 100,000). The male crude mortality rate increased 
by 14.5% to 769.2 per 100,000, and the female rate rose by 21.2% 
to 686.2 per 100,000. Among males, age-specific mortality rates 
rose in the 1–9 and 10–19-year cohorts and in all age groups over 
30. Among females, rates increased in the 1–9, 10–19, 20–29, and 
all age groups over 40. In every age stratum, males had higher 

https://www.strobe-statement.org/
https://www.strobe-statement.org/
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Fig. 1. The annual number of deaths and the crude death rate from 1983 to 2022 in Korea.

Fig. 2. Trends in sex- and age-specific proportions of deaths, 2012 vs. 2022 in Korea.

Fig. 3. Age-specific mortality rates by sex, 2012, 2021, and 2022 in Korea.
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mortality rates than females, with the greatest disparity in the sixth 
decade, where the male rate was 2.7 times that of females.

Leading causes of death
In 2022, the top 10 causes of death were malignant neoplasms 

(cancer), heart disease, coronavirus disease 2019 (COVID-19), 
pneumonia, cerebrovascular disease, intentional self-harm, Alz-
heimer’s disease, diabetes mellitus, hypertensive diseases, and liver 
disease (Fig. 4, Supplement 4). These 10 causes accounted for 
67.4% of all deaths. The top 3—cancer, heart disease, and 
COVID-19—comprised 39.8% of total mortality, a 3.4 percent-
age-point decrease from 2021. COVID-19 appeared in the top 10 
for the first time, ranking third. Malignant neoplasms and heart 
disease remained the leading causes by mortality rate, while the 
mortality rate for hypertensive diseases rose by 2.9 per 100,000 to 
15.1 per 100,000. Compared to a decade earlier, pneumonia, Alz-
heimer’s disease, and hypertensive diseases rose in ranking.

Among males, the 10 leading causes, in order, were malignant 
neoplasms, heart disease, COVID-19, pneumonia, cerebrovascu-
lar disease, intentional self-harm, diabetes mellitus, liver disease, 
chronic lower respiratory disease, and Alzheimer’s disease. Male 
mortality rates exceeded those of females for cancer, pneumonia, 
intentional self-harm, diabetes mellitus, liver disease, and chronic 
lower respiratory disease. Among females, the top 10 were malig-
nant neoplasms, heart disease, COVID-19, cerebrovascular dis-

ease, pneumonia, Alzheimer’s disease, diabetes mellitus, hyper-
tensive diseases, sepsis, and intentional self-harm. Females had 
higher mortality rates than males for heart disease, COVID-19, 
cerebrovascular disease, Alzheimer’s disease, hypertensive diseas-
es, and sepsis. For both sexes, malignant neoplasms were the lead-
ing cause, with the male cancer mortality rate 1.6 times that of fe-
males. COVID-19 and Alzheimer’s disease appeared in the male 
top 10 for the first time, while the ranking of intentional self-harm 
fell for both sexes (males: 5th→6th; females: 7th→10th).

By age group, cancer was the leading cause of death among indi-
viduals aged 1–9 years and those aged 40 years and above; it was 
the second leading cause in the 10–19, 20–29, and 30–39 cohorts. 
Heart disease ranked second among those in their 60s and in all 
age groups except teenagers, consistently appearing in the top 5. 
COVID-19 ranked second for those aged 70 and older, third 
among children aged 1–9 years, and fourth in the 10–19 and 60–
69 age groups. Pneumonia ranked fourth among those aged 80 
and older and fifth in the 70s, highlighting increased risk in the 
oldest cohorts. Cerebrovascular disease was third in the 60s, 
fourth in the 70s, and fifth in the 40s, 50s, and those 80 and over. 
Liver disease ranked highest—third—among those in their 40s, 
and was fourth among those in their 30s and 50s. Intentional 
self-harm was the leading cause of death in teens through the 30s, 
second in the 40s and 50s, and fifth in the 60s.

Fig. 4. The 10 leading causes of death by sex in 2021 in Korea.

Death rate (per 100,000 population) Death rate (per 100,000 population) 
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Trends in cause-specific mortality rates

Overall trends
Compared with 2021, the most substantial relative increases in 

mortality rates (per 100,000 population) were observed for 
COVID-19 (522.8%), Alzheimer’s disease (45.6%), diabetes mel-

litus (24.9%), hypertensive diseases (24.2%), pneumonia 
(17.3%), and cerebrovascular disease (12.6%) (Fig. 5, Supple-
ment 5). In contrast, marked declines were noted for respiratory 
tuberculosis (–7.5%), transport accidents (–4.1%), and intention-
al self-harm (–3.2%). Over the past decade, the most pronounced 
long-term increases have occurred in Alzheimer’s disease 

Fig. 5. Mortality rates trends for major causes of death in Korea.

162.7

22.7

15.1

14.7

14.0

11.7

6.8

2.4

146.5

52.5

51.1

28.1

23.0

20.5

65.8

61.0

52.1

50.0

25.1

21.8

Malignant neoplasms

Alzheimer’s disease

Hypertensive disease16.0

13.5

13.0

10.4

6.6

4.5

4.3

Diseases of liver

Septicaemia

Chronic lower respiratory diseases

Transport accidents

Respiratory tuberculosis

Heart diseases

Covid-19

Pneumonia

Cerebrovscular diseases

Intentional self-harm

Diabetes mellitus

180.0

160.0

140.0

120.0

25.0

20.0

15.0

10.0

5.0

0.0

60.0

40.0

20.0

0.0

(per 100,000 population)

(per 100,000 population)

2012

2012

2017

2017

2022

2022



e-emj.org 6 / 12

(241.2%), sepsis (218.0%), pneumonia (154.4%), hypertensive 
diseases (44.7%), and heart disease (25.2%). Conversely, substan-
tial long-term declines have been recorded for transport accidents 
(–47.6%), respiratory tuberculosis (–46.5%), chronic lower respi-
ratory diseases (–24.7%), intentional self-harm (–10.5%), and di-
abetes mellitus (–5.0%).

Malignant neoplasms
The overall cancer mortality rate was 162.7 per 100,000, repre-

senting a 1.0% increase (1.6 per 100,000) from 2021. Lung cancer 
(36.3 per 100,000) remained the leading cause of cancer death, 
followed by liver cancer (19.9 per 100,000), colorectal cancer 
(17.9 per 100,000), pancreatic cancer (14.3 per 100,000), and 
stomach cancer (13.9 per 100,000) (Fig. 6, Supplement 6). Com-
pared with the previous year, mortality rates increased for pancre-
atic cancer (5.8%), brain cancer (5.5%), and breast cancer (5.0%), 
but declined for uterine cancer (–4.3%), lung cancer (–1.5%), 
and stomach cancer (–1.3%). The cancer mortality rate for males 
(200.6 per 100,000) was 1.6 times higher than that for females 
(125.0 per 100,000). Among men, the highest mortality rates 
were recorded for lung cancer (53.7 per 100,000), liver cancer 
(29.1 per 100,000), and colorectal cancer (20.6 per 100,000); 
among women, the most fatal cancers were lung (18.9 per 
100,000), colorectal (15.2 per 100,000), and pancreatic cancer 
(13.7 per 100,000). The most pronounced sex-specific disparity 
was seen in esophageal cancer, with a male-to-female ratio of 9.1, 
followed by lung cancer (2.8) and liver cancer (2.7). From 2021 
to 2022, overall cancer mortality rates for both sexes increased by 
1.6 per 100,000 (0.8% for men; 1.3% for women). Over the past 
decade, mortality rates have risen for pancreatic, lung, prostate, 

and breast cancers, while rates for stomach and liver cancers have 
declined. By age group, brain cancer was the leading cause among 
teenagers, leukemia in the 20s, stomach cancer in the 30s, breast 
cancer in the 40s, liver cancer in the 50s, and lung cancer among 
those aged 60 and above.

Circulatory system diseases
The mortality rate for circulatory system diseases was 134.7 per 

100,000, with heart disease accounting for 65.8 per 100,000, cere-
brovascular disease for 49.6 per 100,000, and hypertensive diseas-
es for 15.1 per 100,000 (Fig. 7, Supplement 7). Compared with 
the previous year, rates increased for hypertensive diseases by 
24.2%, cerebrovascular disease by 12.6%, and heart disease by 
7.0%. Within heart disease, “other heart diseases” had the highest 
rate at 37.0 per 100,000. Female mortality from circulatory diseas-
es (140.6 per 100,000) was 1.1 times higher than that of males 
(128.7 per 100,000). While women exhibited higher mortality 
for hypertensive and cerebrovascular diseases, men had a greater 
ischemic heart disease mortality rate (33.2 per 100,000 versus 
24.3 per 100,000 for women). From 2021 to 2022, circulatory 
disease mortality increased by 12.6 per 100,000 (10.8%) among 
men and 13.8 per 100,000 (10.9%) among women. Mortality 
from circulatory diseases rose consistently with age, and in every 
age group, heart disease, cerebrovascular disease, and hyperten-
sive diseases were the top 3 causes. Among individuals in their 40s 
through 60s, ischemic heart disease predominated, whereas in 
teenagers, those in their 20s, and those aged 70 and above, other 
heart diseases were most frequent.

Fig. 6. Trends in mortality from malignant neoplasms by organ site from 1983 to 2022 in Korea.
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External causes of death (including accidents)
Non-disease external causes accounted for 7.2% of all deaths 

(26,688 cases), down 1.1 percentage points from 8.2% in 2021 
(Figs. 8, 9, Supplements 8, 9). The mortality rate for external 
causes was 52.1 per 100,000, a 2.2% increase from the prior year. 
The leading external causes were suicide (25.2 per 100,000), 
transport accidents (6.8 per 100,000), and falls (5.3 per 100,000). 
Mortality rates declined for homicide (–10.0%), transport acci-
dents (–4.1%), and suicide (–3.2%), but rose for fire-related acci-
dents (9.2%), poisoning (4.7%), and drowning (2.5%). The ex-
ternal-cause mortality rate for males (71.4 per 100,000) was 2.2 
times that for females (32.9 per 100,000). The highest male-to-fe-
male ratios were observed for drowning (3.2), transport accidents 
(3.0), and falls (2.6). By age, homicide (such as abandonment) 
(4.0 per 100,000), falls (1.2 per 100,000), and transport accidents 
(0.4 per 100,000) were most common among infants (0 years); in 
children aged 1–9 years, homicide (0.6) and equal rates (0.4) for 
transport, falls, and drowning accidents were seen; among indi-
viduals aged 10–79 years, suicide and transport accidents were 
most frequent; and in those aged 80 and older, suicide (60.6), falls 
(42.8), and transport accidents (29.3) per 100,000 were predom-
inant.

Intentional self-harm trends
In 2022, there were 12,906 deaths by intentional self-harm, a 

decrease of 446 cases (3.3%) compared to 2021. Monthly de-
clines were especially notable in March (–16.0%), June (–15.3%), 
and February (–13.1%). The average daily number of suicides 
was 35.4. The mortality rate for intentional self-harm was 25.2 per 
100,000, a reduction of 0.8 (3.2%) from the previous year. Rates 
increased in the 40s (2.5%) and among teenagers (0.6%), but de-
creased in the 70s (–9.6%), 20s (–9.2%), 30s (–7.2%), 60s 
(–4.7%), 50s (–3.6%), and those aged 80 and above (–1.1%). 

Male intentional self-harm mortality (35.3 per 100,000) was 2.3 
times higher than that for females (15.1 per 100,000). Both sexes 
experienced declines (males –1.7%; females –6.4%), with the 
lowest male-to-female ratio in the teenage group (1.1) and the 
highest in those aged 80 and older (3.8). Intentional self-harm re-
mained the leading cause of death among those aged 10–39, and 
the second leading cause among those in their 40s and 50s.

Alcohol-related mortality
In 2022, there were 5,033 deaths attributable to alcohol, averag-

ing 13.8 deaths per day and representing an increase of 105 deaths 
compared to 2021 (Fig. 10, Supplement 10). The alcohol-related 
mortality rate was 9.8 per 100,000, marking a 2.3% increase from 
the previous year. Male alcohol-related mortality rose in the 20s, 
30s, 50s, and 70s, while female rates increased in all age groups ex-
cept those in their 30s. The male mortality rate (16.7 per 
100,000) was 5.7 times higher than that for females (3.0 per 
100,000). Alcohol-related mortality rates increased steadily after 
the 30s, peaking in the 50s before declining.

Dementia-related mortality
Deaths attributed to dementia reached 14,136 in 2022, repre-

senting a 36.6% increase compared to 2021. The dementia mor-
tality rate was 27.6 per 100,000, an increase of 7.4 (36.8%) (Fig. 
11, Supplement 11). Female dementia mortality (38.0 per 
100,000) was 2.2 times that of males (17.1 per 100,000). Both 
sexes experienced substantial year-over-year increases in demen-
tia-related mortality (males 32.9%; females 38.5%).

COVID-19 mortality
In 2022, COVID-19 was responsible for 31,280 deaths, ac-

counting for 8.4% of all fatalities. This number surpassed the 
26,250 COVID-19 deaths recorded in 2021 (Fig. 12, Supplement 

Fig. 7. The mortality rate due to circulatory system diseases by age in 2022 in Korea.
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Fig. 8. Number of deaths and mortality rate due to intentional self-harm, 2011–2022 in Korea.

Fig. 9. Age-specific intentional self-harm rates, 2012–2022 in Korea.

12). The COVID-19 mortality rate reached 61.0 per 100,000, 
representing a 51.2-point (522.8%) increase over the previous 
year. Mortality rose sharply with age, peaking at 946.0 per 100,000 
among individuals aged 80 years and older. Monthly COVID-19 
deaths were highest in March (10,955), followed by April 
(6,875).

Discussion

The year 2022 marked a significant demographic shift for Ko-
rea, with the highest number of recorded deaths since 1983, total-
ing 372,937, an increase of 55,259 compared to the previous year. 
Simultaneously, the crude mortality rate reached an all-time high 
of 727.6 per 100,000 population (Fig. 1). This substantial rise in 
mortality, combined with a birthrate of 249,186 in 2022, resulted 
in a net population decrease of 123,751 [7]. Notably, this decline 
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was more than double the decrease observed in 2021 (57,080). 
Korea’s total fertility rate in 2022 was just 0.78, the lowest in the 
world, suggesting that population decline will likely continue un-
less there is a dramatic increase in birth rates.

Age-specific mortality trends
Analysis of age-specific mortality rates per 100,000 population 

revealed a decrease of 6.0 deaths in the 0-year-old cohort and a re-
duction of 0.8 deaths among individuals in their 30s. In contrast, 
mortality rates rose in all other age groups. The most pronounced 
increase occurred in the 1–9 age group, with a rise of 42.0 deaths, 
while those aged 80 and above experienced an increase of 17.7 
deaths (Fig. 3).

Leading causes of death
Among the causes of death, COVID-19-related fatalities rose 

sharply to 31,280 in 2022, a substantial jump from 5,030 in 2021. 
This increase resulted in a COVID-19 mortality rate of 61.0 per 
100,000, accounting for 8.4% of all deaths and making it the third 
leading cause of death for both men and women, underscoring 
the rapid escalation of pandemic-related mortality (Fig. 4). The 
surge in COVID-19 deaths is primarily attributed to the high 
transmissibility of the Omicron variant and widespread commu-
nity infection, particularly among the elderly.

The Omicron (BA.1) variant became the dominant strain in 
Korea in early 2022 [8], resulting in a dramatic surge in confirmed 
cases after January, with a peak of 9,959,368 confirmed cases in 
March. Notably, 55.4% (14,735/26,593) of all COVID-19 deaths 
in 2022 occurred in March and April—a period characterized by 
increased infections among older adults [9]. Although Korea 
achieved high vaccination rates—as of May 31, 2022, the propor-

Fig. 10. Trends in the sex ratio of alcohol-related mortality, 2012–2022 in Korea.

Fig. 11. Trends in mortality rates due to dementia by cause, 
2012–2022 in Korea.

Fig. 12. COVID-19-related deaths per 100,000 population by 
age and sex, 2021 and 2022 in Korea.
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tions of the Korean population with complete vaccination and an 
additional booster shot were 86.8% and 66.9%, respectively, mak-
ing Korea one of the countries with the highest vaccination rates 
worldwide [10]—a considerable number of deaths still occurred, 
particularly in highly vulnerable groups such as those over 80 
years old, who experienced elevated fatality rates in breakthrough 
infections due to their relatively compromised immune systems 
[11]. During 2020–2021, Korea successfully suppressed commu-
nity transmission through stringent containment measures such 
as social distancing. However, all social distancing restrictions 
were lifted in mid-April 2022 after a confirmed decline in the epi-
demic curve. It is important to note that this decision was made 
after the Omicron surge had peaked (mid-March), and that target-
ed prevention strategies for high-risk groups continued even after 
the lifting of restrictions.

Alzheimer’s disease has shown a steady increase since entering 
the top 10 causes of death in 2018, rising from 15.6 to 22.7 deaths 
per 100,000 population by 2022 (Fig. 5).

Among the various causes of death, diabetes surpassed liver dis-
ease in the rankings for men. Traffic accidents and septicemia also 
fell out of the top 10 causes. For women, intentional self-harm de-
clined in ranking relative to hypertensive diseases and septicemia, 
settling at the 10th position (Figs. 4, 8). The ongoing decrease in 
intentional self-harm among women compared to men remains 
difficult to explain and requires further observation to determine 
if this trend will persist.

Cancer mortality trends
Regarding cancer-related deaths, the rankings for lung cancer, 

liver cancer, and colorectal cancer remained unchanged from 
2021. However, pancreatic cancer notably surpassed stomach 
cancer for the first time, rising to fourth place (Fig. 6). This pat-
tern suggests a continuing decrease in stomach cancer deaths and 
a sustained increase in pancreatic cancer deaths in the future. 
While liver cancer deaths are expected to decline, colorectal can-
cer mortality is projected to remain stable. The decline in stomach 
cancer mortality can be attributed to the inclusion of gastroscopy 
in national health screening programs and increased screening 
participation, which have promoted earlier detection and shifts in 
dietary habits [12]. Similarly, the inclusion of occult blood tests in 
national screening and the widespread adoption of colonoscopy 
have helped prevent an increase in colorectal cancer mortality 
through early detection [13]. Lung cancer deaths have shown a 
slight decrease (Fig. 6), which may be attributable to biennial 
chest X-ray screening in national health check-ups. The applica-
tion of artificial intelligence to chest X-ray interpretation is expect-
ed to further enable earlier lung cancer detection in the future 

[14].

Age as a determinant of mortality
Age is a primary determinant of mortality in South Korea. Old-

er adults are especially vulnerable to chronic diseases such as dia-
betes and hypertension, as well as infectious diseases like septice-
mia and pneumonia. In this population, diminished immune 
function amplifies the burden of these illnesses. Notably, the prev-
alence of diabetes increases with age and is a major contributor to 
rising mortality among those aged 70 and above. The diabetes-re-
lated mortality rate per 100,000 population has climbed in recent 
years, from 16.5 in 2020 to 17.5 in 2021, and sharply to 21.8 in 
2022 (Fig. 5).

Declining traffic accident fatalities and stable alcohol-re-
lated deaths

Traffic accident fatalities have shown a consistent decline (Fig. 
5), a trend attributed to interventions such as the introduction of 
safety regulations in child protection zones in 1995, amendments 
to the Road Traffic Act in 2020, stricter penalties for drunk driv-
ing, and heightened public awareness of road safety. Alcohol-relat-
ed deaths have remained relatively stable at 9.9 per 100,000 popu-
lation, only a slight change from 9.6 in 2021 (Fig. 10). Without 
the implementation of robust national prohibition policies—such 
as banning alcohol consumption scenes in media, enforcing strict-
er license suspensions for drunk driving, and imposing harsher le-
gal penalties for alcohol-related accidents—significant reductions 
in alcohol-related mortality are unlikely in the near term.

Conclusion
Korea experienced a marked increase in overall mortality in 

2022, reaching unprecedented levels, mainly due to the emer-
gence of COVID-19 as the third leading cause of death and the 
impact of an aging population. Notable shifts in mortality patterns 
included pancreatic cancer surpassing stomach cancer and signifi-
cant increases in deaths related to Alzheimer’s disease and diabe-
tes.
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Quit smoking

Smoking remains a leading cause of premature death due to 
cardiovascular disease, chronic obstructive pulmonary disease, 
and lung cancer. Its harmful effects extend beyond smokers to 
nonsmokers, as secondhand smoke significantly endangers oth-
ers—especially children, who face increased risks of respiratory 
diseases and asthma [1]. Although more than 70% of smokers ex-
press a desire to quit, nicotine dependence is recognized as a 
chronic, relapsing disease. As a result, unassisted quit attempts 

typically yield a very low success rate of only 3%–5% [2]. There-
fore, effective, evidence-based interventions are essential for suc-
cessful smoking cessation.

A comprehensive, multi-faceted approach greatly improves ces-
sation outcomes. One of the most impactful initial steps is to pub-
licly announce your decision to quit to family, friends, and col-
leagues. Smoking behaviors are strongly influenced by social net-
works; having a spouse or friend who smokes can reduce the like-
lihood of quitting, while support from nonsmokers can signifi-
cantly increase quit rates.
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Accessing professional medical support is also crucial. Even 
brief consultations with specialists can increase quit rates, and the 
benefit increases with more frequent and longer counseling. Clini-
cians commonly utilize the “5 A’s” framework (ask, advise, assess, 
assist, arrange) to guide smokers through the cessation process. 
For individuals not yet ready to quit, the “5 R’s” framework (rele-
vance, risks, rewards, roadblocks, repetition) is used to build mo-
tivation. The combination of counseling and pharmacotherapy 
has consistently proven to be the most effective pathway to quit-
ting [2].

Pharmacotherapy is strongly recommended for nearly all smok-
ers seeking to quit, as it plays a vital role in managing nicotine ad-
diction. First-line, Food and Drug Administration-approved med-
ications include nicotine replacement therapy, bupropion, and va-
renicline [1-3] (Table 1). These medications each target with-
drawal symptoms and cravings in different ways, and extensive 
studies have established their safety and efficacy, including among 
patients with stable psychiatric disorders [4]. In some trials, va-
renicline has demonstrated greater efficacy than bupropion, 
though it may also affect an individual’s response to alcohol.

Effectively managing withdrawal symptoms is key to long-term 
success. Weight gain after quitting is common but can be con-
trolled through regular exercise, a healthy diet, and stress manage-
ment strategies. These not only help maintain a healthy weight 
but also reduce relapse triggers such as anxiety, supporting sus-
tained abstinence. In contrast, electronic cigarettes are not recom-
mended as cessation aids, as they contain toxic chemicals and lack 
sufficient safety data [5]. By integrating these evidence-based 
strategies, smokers can maximize their chances for lasting cessa-
tion.

Drink in moderation

The “alcohol flush reaction,” characterized by facial redness, 
rapid heart rate, and nausea following alcohol consumption, is an 
important but frequently overlooked health indicator in social sit-

uations. Contrary to common belief, this reaction is not simply a 
sign of low tolerance that can be overcome with practice; rather, it 
signifies a genetic inability to safely metabolize alcohol. Ethanol, 
the intoxicating component of alcoholic beverages, is first con-
verted into acetaldehyde, a toxic substance. The enzyme aldehyde 
dehydrogenase (ALDH) then breaks acetaldehyde down into 
harmless acetate. However, many individuals inherit a less effec-
tive form of the ALDH enzyme, due to genetic factors [6].

This condition, known as ALDH deficiency, results in the rapid 
and hazardous buildup of acetaldehyde even with small amounts 
of alcohol. It is particularly prevalent among East Asians, affecting 
approximately 30% of Koreans, 30%–33% of Chinese, and 45% of 
Japanese people. In contrast, ALDH deficiency is rare among Eu-
ropean, North American, and African populations [7]. Acetalde-
hyde is classified as a Group 1 carcinogen by the World Health 
Organization (WHO). Therefore, pressuring someone with alco-
hol flush reaction to drink is equivalent to encouraging the con-
sumption of a known cancer-causing substance, which significant-
ly raises the risk of esophageal, head, and neck cancers. Social 
practices that promote drinking, especially in professional set-
tings, pose serious risks for these individuals. A responsible ap-
proach is to fully exempt them from drinking.

Even for those without this genetic sensitivity, moderation re-
mains essential to prevent health risks. An individual’s ability to 
metabolize alcohol depends on various factors, including gender, 
body size, and overall health, but following general guidelines can 
help minimize harm. For occasional drinkers (1–3 times per 
month), a safe limit is usually 3–4 standard drinks for men and 
2–3 for women, consumed slowly over 2–3 hours and accompa-
nied by food and water [8].

Regular, frequent drinking, even at moderate amounts per oc-
casion, increases the risk of mouth, throat, liver, and breast can-
cers. To reduce these risks, men who drink several times a week 
should limit their total weekly intake to the equivalent of 2 bottles 
of soju (or 8 cans of beer), while women should not exceed half 
that amount [9]. One practical and effective way to reduce both 

Table 1. First-line agents for tobacco cessation that have been approved by the Food and Drug Administration 

Treatment Mechanism of action Common side effects & considerations
Nicotine replacement therapy Delivers nicotine without harmful toxins to reduce 

physiological withdrawal symptoms. Available as patches, 
gum, and lozenges [2].

Skin irritation (patches), nausea, tachycardia. Can be used 
by those with stable cardiovascular disease.

Sustained-release bupropion Norepinephrine-dopamine reuptake inhibitor 
(antidepressant) that reduces cravings and withdrawal. 
May help control weight gain [1].

Insomnia, dry mouth, headache. A daily dose of 300 mg 
should not be exceeded due to a rare risk of seizure.

Varenicline A partial agonist that binds to nicotine receptors to reduce 
withdrawal symptoms while also blocking the rewarding 
effects of nicotine [3].

Nausea, insomnia, nightmares. Patients should reduce 
alcohol intake and be aware of a rare seizure risk.



e-emj.org 3 / 11

overall alcohol consumption and cancer risk is to schedule several 
alcohol-free days each week [10]. Understanding these health 
risks is essential for fostering a safer and healthier drinking culture.

Eat a balanced diet

Maintaining a balanced diet is fundamental to the prevention of 
chronic diseases, particularly as dietary habits in Korea increasing-
ly shift toward westernized and unbalanced patterns. Achieving a 
healthy lifestyle requires a deliberate effort to regulate nutrient in-
take, control sugar consumption, and maintain a healthy weight.

Balance your macronutrients
For optimal health, the Korean Dietary Reference Intakes rec-

ommend a macronutrient distribution of 55%–65% carbohy-
drates, 7%–20% protein, and 15%–30% fat [11]. This guidance is 
especially important as many older Koreans tend to consume ex-
cessive carbohydrates while lacking sufficient fat in their diets 
[11]. Striking the right balance through whole foods is crucial, 
while unscientific fad diets should be avoided. For example, the 
low-carb high-fat diet is considered an extreme and unsustainable 
approach. By drastically reducing carbohydrates and promoting 
fat intake above 70%, it can dangerously elevate low-density lipo-
protein (“bad”) cholesterol, cause micronutrient deficiencies, and 
lead to adverse effects such as poor concentration due to ketosis 
[12]. Individuals with chronic diseases like diabetes or cardiovas-
cular conditions must consult a physician before making signifi-
cant dietary changes, as abrupt shifts may interfere with medica-
tions and worsen their health [12].

Reduce added sugar
The WHO recommends limiting added sugar to less than 10% 

of total daily calories—equivalent to about 50 grams for a 2,000-
kcal diet [13]. Sugar intake in Korea continues to rise, mainly due 
to increased consumption of processed foods and beverages [11]. 
The main sources of added sugar differ by age group: children and 
adolescents primarily consume it through sodas, while adults over 
30 often get it from sweetened coffee [11]. The most effective 
way to reduce sugar intake is to replace sugar-sweetened drinks 
with water and to remain vigilant about hidden sugars in juices, 
snacks, and processed milk.

Maintain a healthy weight
Rising obesity rates in Korea are closely linked to high-calorie 

diets and declining physical activity. Obesity—especially in-
creased abdominal fat—is a significant contributor to metabolic 
syndrome, which raises the risk for type 2 diabetes, hypertension, 

and cardiovascular disease. This issue is particularly alarming 
among adolescents, as the prevalence of metabolic syndrome in 
Korean youth has doubled over a decade, while rates have de-
clined in the United States [14]. This highlights the critical im-
portance of establishing healthy habits in childhood. Further-
more, rapid weight gain in early adulthood is a strong predictor of 
future coronary artery disease [15]. To prevent chronic illness, it 
is essential to maintain a healthy weight throughout life by balanc-
ing caloric intake with regular physical activity.

Be physically active

In today’s industrialized society, sedentary lifestyles have be-
come a major health hazard. The WHO recognizes physical inac-
tivity as 1 of the 4 leading risk factors for global mortality, along 
with high blood pressure, smoking, and hyperglycemia [16]. 
Physical inactivity is a principal driver of chronic diseases and is 
estimated to cause 21%–25% of breast and colon cancers, 27% of 
diabetes cases, and 30% of ischemic heart disease [16]. Engaging 
in regular physical activity is essential not only for preventing 
these conditions but also for enhancing both physical and mental 
well-being.

To counteract sedentary habits, physical activity should be 
seamlessly incorporated into daily life. For busy individuals, this 
means seizing opportunities for movement during routine tasks, 
such as taking the stairs instead of the elevator, walking or cycling 
for short trips, or performing household chores with greater ener-
gy [17]. Breaking up long periods of sitting is equally important. 
Studies have shown that watching TV for more than 2 hours per 
day increases the risk of diabetes and cardiovascular disease, and 
that prolonged sedentary time elevates mortality risk regardless of 
exercise habits. The basic rule is simple and clear: move more, sit 
less.

For structured exercise, current guidelines recommend a com-
bination of aerobic and strength-training activities. Adults should 
aim for at least 150 minutes of moderate-intensity aerobic activity 
(such as brisk walking) or 75 minutes of vigorous-intensity activi-
ty each week, performed in sessions of at least 10 minutes. This 
improves cardiorespiratory fitness, which is inversely related to 
metabolic disease and mortality [18].

In addition, muscle-strengthening activities involving all major 
muscle groups should be performed on 2 or more days per week 
[19]. Resistance training helps build muscle mass, raises basal 
metabolic rate, and improves blood sugar control, thereby sup-
porting weight management. These principles can be adapted for 
all ages; older adults should also include balance exercises to pre-
vent falls [19].
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The benefits of physical activity extend well beyond disease 
prevention. An active lifestyle improves bone health, alleviates 
symptoms of depression and anxiety, boosts mood and self-es-
teem, and contributes to a higher overall quality of life [20]. Phys-
ical activity remains one of the most accessible and effective tools 
for promoting public health.

Have a regular sleep schedule

Sound sleep is an essential pillar of both physical and mental 
health. Chronic sleep deprivation impairs judgment and mood, 
increases the risk of accidents, and, over time, raises the likelihood 
of developing obesity, diabetes, and cardiovascular disease. Ad-
hering to principles of good sleep hygiene can markedly improve 
sleep quality and enhance overall health and vitality.

A consistent daily routine is the cornerstone of healthy sleep, 
reinforcing the body’s natural 24-hour biological clock [21]. The 
most important rule is to wake up at the same time every day, in-
cluding weekends, regardless of when you go to bed. To strength-
en the link between bed and sleep, only go to bed when you genu-
inely feel sleepy. If you remain awake after a reasonable period, get 
up and engage in a calming activity until drowsiness returns [21]. 
While short daytime naps can be rejuvenating, they reduce the 
“homeostatic sleep drive” needed for nighttime rest; if you must 
nap, limit it to under 30 minutes to avoid disrupting your main 
sleep period [22].

Daytime lifestyle choices significantly influence sleep at night. 
Regular daytime exercise is especially beneficial, as it has been 
shown to increase sleep duration, shorten the time needed to fall 
asleep, and improve overall sleep quality. However, vigorous exer-
cise should be avoided in the few hours before bedtime, as it can 
be overstimulating and delay sleep onset [23].

Caffeine and alcohol must also be managed carefully. Caffeine 
can substantially reduce total sleep time and disrupt sleep cycles, 
with adverse effects persisting even when consumed up to 6 hours 
before bedtime [23]. Nicotine is another stimulant that impairs 
sleep quality. Although many use alcohol to relax, it initially in-
duces drowsiness but ultimately fragments sleep, diminishes its 
restorative effects, and causes frequent awakenings during the 
night [24].

By maintaining a regular sleep schedule, ensuring sufficient rest 
for your age, and making mindful choices about exercise, caffeine, 
and alcohol, you can proactively support your sleep and foster a 
healthier, more energetic life.

Think positively

A happy and meaningful life is not left to chance but is a skill 
that can be cultivated through conscious practice. According to 
the principles of positive psychology, intentionally fostering posi-
tive emotions can expand our thinking, improve physical health, 
and strengthen our connections with others [25]. By developing 
habits focused on gratitude, self-worth, and relationships, we can 
significantly enhance our well-being.

The first step is to appreciate the small things in life. Research 
consistently shows that people who regularly practice gratitude 
experience more joy, optimism, and energy [26]. This involves 
deliberately noticing the good in everyday experiences, no matter 
how minor. At the end of each day, take a moment to reflect on 
what went well. Savoring positive moments and expressing 
thanks—whether by writing them down or telling someone di-
rectly—is a powerful intervention that can lead to lasting increas-
es in happiness [25]. This simple habit shifts your focus away 
from what is lacking and toward what is abundant.

Second, resist the urge to compare yourself to others. Instead, 
focus on your personal growth and unique character strengths. 
Positive psychology teaches that human goodness and excellence 
are just as real and important as disease and disorder [25]. True 
confidence comes not from feeling superior to someone else, but 
from recognizing your own progress compared to yesterday. Iden-
tifying and using your personal strengths is a skill that can be 
learned, fostering resilience and helping you navigate challenges 
more happily.

Finally, remember that happiness is rooted in strong relation-
ships. The need to belong and form positive attachments is a fun-
damental human motivation [27]. People with robust social sup-
port networks are not only happier but also physically healthier 
and better equipped to manage life’s inevitable stressors [28]. 
Happiness also grows from engaging in valued activities with 
those you care about [29]. Prioritize meals and pleasant conversa-
tions with friends and family. Investing in these connections is 
one of the most dependable and rewarding ways to achieve a ful-
filling life.

Receive routine health screenings and 
immunizations

Prevention is always better than cure. South Korea’s national 
health screening and immunization programs are essential for 
proactive health management, helping to detect diseases early and 
prevent infectious outbreaks. Making use of these programs is a 
cornerstone of maintaining a long and healthy life.
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Health screenings: your first line of defense
Regular health screenings are crucial because many chronic dis-

eases and cancers are asymptomatic in their early, most treatable 
stages. Early detection through screening significantly improves 
outcomes. For example, screenings can reduce mortality rates by 
25% for breast cancer, 20% for colon cancer, and 42% for cardio-
vascular diseases [30].

South Korea offers a comprehensive, life-cycle-based National 
Health Screening Program, which includes a targeted National 
Cancer Screening Program for 5 major cancers: stomach, liver, co-
lon, breast, and cervix. Despite the proven benefits and low cost 
of these programs, participation rates remain suboptimal, with 
only 48.3% of eligible individuals receiving cancer screenings 
[31]. An even more critical issue is the low follow-up rate; many 
people with a positive or suspicious result do not complete the 
necessary confirmatory exams. It is important to remember that 
screening is intended to identify potential problems. Therefore, 

always consult a doctor for follow-up if you receive an abnormal 
result. Following the recommended screening schedule and act-
ing on the results are the best ways to safeguard your health.

Immunizations: protecting yourself and your community
Immunizations are the single most effective way to prevent in-

fectious diseases. They protect not only the individual but also the 
community by establishing herd immunity [32]. Korea’s national 
hepatitis B vaccination program, which dramatically reduced the 
rates of chronic hepatitis and liver cancer, is a powerful example of 
the public health impact of widespread immunization.

Korea’s National Immunization Program provides essential vac-
cines for children and adults (Tables 2, 3) [11,12,33,34]. While 
childhood vaccination coverage is high, immunization rates 
among at-risk adults, such as for influenza, remain concerningly 
low. Vaccines are extremely safe and effective, and the tremendous 
benefits of disease prevention far outweigh the minimal risk of ad-

Table 2. Recommended immunization schedule for children 

Vaccine Age/doses
BCG (tuberculosis) Within 4 weeks of birth (1 dose)
HepB (hepatitis B) At birth, 1 month, 6 months (3 doses)
DTaP (diphtheria, tetanus, pertussis) 2, 4, 6, 15–18 months; 4–6 years (5 doses)
Tdap/Td 11–12 years (1 booster dose)
IPV (polio) 2, 4, 6–18 months; 4–6 years (4 doses)
Hib (Haemophilus influenzae type b) 2, 4, 6, 12–15 months (4 doses)
PCV (pneumococcal conjugate) 2, 4, 6, 12–15 months (4 doses)
MMR (measles, mumps, rubella) 12–15 months, 4–6 years (2 doses)
Varicella (chickenpox) 12–15 months (1 dose)
HepA (hepatitis A) 12–23 months (2 doses, 6 months apart)
Japanese Encephalitis Varies by vaccine type (2 or 5 doses)
HPV (human papillomavirus) 11–12 years (2 doses, 6 months apart)
Influenza (flu) Annually, starting at 6 months

Adapted from Korea Centers for Disease Control and Prevention [11]. This is a simplified schedule; consult a physician for personalized advice.

Table 3. Recommended immunization schedule for adults (19+) 

Vaccine Recommendation
Influenza (flu) Annually for all adults, especially those ≥65 or with chronic conditions.
Tdap/Td (tetanus, diphtheria, pertussis) Td booster every 10 years. Substitute 1 Td booster with Tdap once.
Pneumococcal (PPSV23) 1 dose for all adults ≥65. 1–2 doses for adults 19–64 with certain chronic health conditions (e.g., heart/lung 

disease, diabetes, smokers).
Herpes zoster (shingles) 1 dose recommended for all adults ≥60.
Hepatitis A 2 doses for at-risk adults (e.g., chronic liver disease) or those seeking protection.
Hepatitis B 3 doses for at-risk adults (e.g., chronic liver disease, diabetes) who were not vaccinated as children.
MMR (measles, mumps, rubella) 1–2 doses for adults born in 1957 or later without evidence of immunity.
Varicella (chickenpox) 2 doses for adults without evidence of immunity.

Adapted from Korea Centers for Disease Control and Prevention [12]. Recommendations may vary based on health status, occupation, and travel. Consult a 
physician.
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verse reactions. Following the recommended immunization 
schedule is essential for your health and the well-being of the 
community.

Manage stress

While some stress can provide energy and motivation, exces-
sive stress is a primary cause of physical and mental illness. Since 
modern life makes stress unavoidable, the key is not to eliminate it 
but to manage it effectively. Mastering stress requires a combina-
tion of shifting your mindset, developing active coping strategies, 
and engaging in restorative leisure activities.

The power of your mindset
The intensity of stress you experience is determined not by the 

situation itself, but by your thoughts about it. By recognizing and 
challenging overly negative or irrational thoughts, you can funda-
mentally transform your emotional responses and reduce the 
harmful effects of stress [35].

This mental resilience is anchored by strong self-esteem. 
Self-esteem, which is rooted in self-acceptance and a positive view 
of your abilities, acts as a crucial buffer against life’s challenges. It 
empowers you to handle criticism and setbacks without losing 
courage or initiative. Rather than trying to avoid stress, building 
robust self-esteem enables you to accept stress as a natural part of 
life. You can nurture this by acknowledging your imperfections 
while still valuing your unique strengths, and by regularly stepping 
away from daily pressures to reflect and regain a positive perspec-
tive.

Active coping strategies
When stress arises, you can calm your body’s physical and men-

tal responses with practical techniques. Meditation and mindful 
breathing are proven methods for soothing the nervous system. 
Even just 10 minutes a day can lower blood pressure, reduce anxi-
ety, and improve focus. When managing anger, it is best to pause 
and observe your feelings before reacting. If you must express an-
ger, focus on communicating the specific behavior that upset you 
rather than making general accusations.

Excessive anxiety can also be managed by engaging in activities 
that signal safety to the brain. These include taking short walks in 
nature and having warm, empathetic conversations with trusted 
friends, which help shift your mind from a state of high alert to 
one of peace and connection [36].

The vitality of leisure
Leisure is not an indulgence; it is an essential lubricant that 

keeps life running smoothly. Regularly engaging in a hobby—
whether physical, social, cultural, or creative—regenerates energy, 
prevents burnout, and provides emotional stability [37-39]. The 
specific activity is less important than the enjoyment and immer-
sion it brings. Hobbies offer a healthy, positive alternative to nega-
tive coping mechanisms such as drinking or smoking. By making 
time for activities that bring you joy and allow you to disconnect 
from daily pressures, you actively recharge your mind and build a 
more resilient, vibrant life.

Pay attention to particulate matter and 
emerging infectious diseases

Modern life presents 2 growing threats to public health: chronic 
exposure to particulate matter (PM) in air pollution and the acute 
risk of emerging infectious diseases. Addressing these challenges 
requires both government action and proactive personal habits to 
safeguard individual and community well-being.

The invisible danger of particulate matter
Particulate matter—especially fine particles (PM2.5) from traffic 

and industrial sources—poses a severe health risk. These tiny par-
ticles can bypass the body’s natural defenses, penetrate deep into 
the lungs, and enter the bloodstream [40]. They often carry toxic 
heavy metals and other harmful substances. The WHO has classi-
fied outdoor air pollution and diesel engine exhaust as Group 1 
carcinogens, definitively linking them to cancer [41].

Long-term exposure significantly increases mortality from car-
diovascular diseases such as heart attacks and strokes, as well as 
from respiratory illnesses and lung cancer [42]. The Organization 
for Economic Cooperation and Development has issued a stark 
warning: without significant change, South Korea faces the high-
est projected mortality rate and economic loss from air pollution 
among all member nations by 2060 [43]. To reduce this risk, it is 
crucial to limit exposure by staying indoors and wearing a certi-
fied mask when PM levels are high and to reduce emissions by 
minimizing personal vehicle use.

Preventing emerging infectious diseases
In today’s interconnected world, infectious diseases can rapidly 

spread across borders. Preventing their transmission relies on 2 
key strategies: travel preparation and daily health etiquette.

Before traveling abroad, research the health risks at your desti-
nation. Visit an infectious disease or travel clinic at least 1 month 
before your trip. This ensures time for any necessary vaccinations 
[13] (Table 4), as immunity may take several weeks to develop, and 
for obtaining preventive medications such as those for malaria.
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At home and while traveling, practicing basic “health etiquette” 
is your first line of defense. Proper hand hygiene is one of the 
most effective ways to prevent illness, stopping up to half of all re-
spiratory and diarrheal infections [44]. Additionally, practice 
cough etiquette: cover your mouth and nose with your sleeve (not 
your hand), wear a mask when sick, and avoid crowded places to 
protect others. These simple habits are a foundation of public 
health.

Avoid excessive exposure to mobile 
devices

While smart devices are essential tools in modern life, excessive 
use poses significant risks to both physical and mental health. 
Mindful usage—knowing when, where, and how to disconnect—
is crucial for preventing the negative consequences of digital over-
exposure, including obesity, sleep disruption, and impaired child 
development.

Disconnect during meals to support healthy habits
Using smartphones during meals is strongly linked to poor di-

etary choices and weight gain. Adolescents who spend over 5 
hours a day on screens are twice as likely to consume sugary 
drinks and 43% more likely to be obese [45]. This is due to sever-
al factors: screen time is a sedentary activity, it increases exposure 
to junk food advertising, and distracted eating often results in 
overeating. In addition, blue-enriched light from LED (light-emit-
ting diode) screens can disrupt insulin metabolism and blood 
sugar levels, further contributing to metabolic issues [46]. To en-
courage healthier eating, it is essential to put devices away and 
practice mindful eating without digital distractions.

Power down before bed for better sleep
The blue light emitted from smartphones, tablets, and comput-

ers is a major disruptor of the body’s natural sleep-wake cycle. Ex-
posure within 2 hours of bedtime suppresses melatonin produc-
tion—the hormone that signals the brain to sleep [47]. This can 
make it harder to fall asleep, lower sleep quality, and cause next-
day fatigue, impairing concentration and performance at school 
or work. To promote better sleep, establish a strict, screen-free pe-
riod of at least 2 hours before bedtime. Your bedroom should be a 
sanctuary for sleep, not a place for late-night scrolling.

Protect children’s development from excessive screen time
For infants and toddlers, exposure to smart devices is especially 

harmful. The brain undergoes its most rapid development from 
birth to age 2, a process that depends on active, real-world interac-
tion—not passive screen time [48]. Early and excessive exposure 
can impede cognitive development, language acquisition, and so-
cial skills [49]. The risk of smartphone overdependence is rising 
alarmingly rapidly in this age group.

Parents must set a strong example, as their own screen habits 
greatly influence their children’s. It is critical to severely restrict—
or ideally, eliminate—screen time for children under 2. For older 
children, parents should set clear boundaries and encourage face-
to-face play and group activities to support healthy physical, cog-
nitive, and social development.
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요약

최근 인공지능(artificial intelligence, AI) 방법, 특히 머신러닝의 

발전에 따라 예측모델 개발에 대한 관심과 투자규모가 크게 증가하

고 있다. 예측모델 연구가 실제 사용자에게 가치 있게 활용되기 위

해서는, 연구자가 왜 연구를 수행했는지, 무엇을 했는지, 그리고 어

떤 결과를 얻었는지를 투명하고 완전하며 정확하게 기술해야 한다. 

TRIPOD 지침의 개정판은 AI 방법을 적용한 예측모델 연구 전반

을 일관성 있게 안내하고, 회귀분석이든 머신러닝이든 적용방법에 

관계없이 모두를 아우르는 지침을 제공한다. TRIPOD+AI 지침은 

27개 항목의 체크리스트, 각 항목별 보고 권고사항을 상세히 설명

하는 확장 체크리스트, 그리고 13개 항목의 초록 전용 TRI-
POD+AI 체크리스트로 구성된다. TRIPOD+AI의 목표는 저자가 

연구를 완전하게 보고하도록 돕고, 동료 평가자와 편집자, 정책 입

안자, 최종 사용자, 그리고 환자가 AI 기반 연구의 데이터, 방법, 

결과 및 결론을 명확히 이해하도록 돕는 것이다. 이 권고안을 준수

하면 연구에 소요되는 시간, 노력, 비용의 활용 효율성을 높일 수 

있을 것이다.

서론

2015년에 발표된 TRIPOD (transparent reporting of a multi-
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variable prediction model for individual prognosis or diagnosis; 
개인별 예후 또는 진단을 위한 다변량 예측모델의 투명한 보고) 지

침은 예측모델의 개발 또는 성능 평가 연구에 대한 최소 보고 권고

사항을 제시하였다. 이후 예측모델 분야에서는 머신러닝에 기반한 

인공지능(artificial intelligence, AI) 기법의 보편화 등 다양한 방법

론적 발전이 이루어져 예측모델 개발에 활용되고 있다. 이에 따라 

TRIPOD 지침의 개정이 필요하게 되었다. TRIPOD+AI는 회귀 

분석이든 머신러닝 방법이든 상관없이 예측모델 연구의 보고를 위

한 일관된 지침을 제공한다. 이 새로운 체크리스트는 TRIPOD 

2015 체크리스트를 대체하는 것으로, 기존 버전은 더 이상 사용하

지 말아야 한다. 이 논문에서는 TRIPOD+AI의 개발과정과 함께, 

각 보고 권고사항에 대해 더 상세히 설명하는 27개 항목의 확장 체

크리스트와 초록용 TRIPOD+AI 체크리스트를 제시한다. TRI-
POD+AI의 목적은 예측모델의 개발 또는 성능 평가 연구에서 완

전하고 정확하며 투명한 보고를 장려하는 것이다. 완전한 보고는 

연구 평가, 모델의 평가 및 실제 적용을 촉진할 것이다.

예측모델은 다양한 의료환경에서 사용되며, 특정 결과값이나 위

험도를 산출하는 데 활용된다. 대부분의 모델은 특정 건강상태(진

단)의 존재 가능성이나 특정 결과가 미래에 발생할지(예후)를 예측

한다[1]. 주요 용도는 임상적 의사결정 지원으로, 예를 들어 추가 

검사가 필요한지, 질환 악화나 치료효과 모니터링, 치료 또는 생활

습관 변화 시작 여부 결정 등에 활용된다. 널리 알려진 예측모델로

는 EuroSCORE II(심장 수술)[2], Gail 모델(유방암)[3], Framing-
ham 위험 점수(심혈관질환)[4], IMPACT(외상성 뇌손상)[5], 

FRAX(골다공증 및 고관절 골절)[6] 등이 있다.

예측모델은 생의학 문헌에서 매우 풍부하게 보고되고 있으며, 

매년 수천 개의 모델이 출판되고 그 수는 점차 증가하고 있다[7,8]. 

다양한 건강상태와 임상 결과에 대한 매우 많은 모델이 개발되었

다. Coronavirus disease 2019 (COVID-19) 팬데믹 첫 1년 동안

만 해도, 진단 및 예후 예측모델 연구가 최소 731편 발표되었다[9]. 

이렇게 예측모델 개발에 대한 관심이 높음에도 불구하고, 이 분야

에서는 보고의 투명성과 완전성, 그리고 그에 따른 활용 가능성에 

대한 우려가 오래전부터 지속되어 왔다[10,11]. 보고가 불완전하거

나 부정확하다면, 동료 평가자, 편집자, 의료인, 규제 당국, 환자, 

그리고 일반 대중을 포함한 독자 입장에서는 연구설계와 방법을 비

판적으로 평가하고 결과에 신뢰를 갖거나, 추가로 모델을 평가하거

나 실제 적용하기가 어렵다. 모델에 대한 불충분한 보고로 설계나 

데이터 수집, 연구 수행과정의 결함이 가려질 수 있으며, 이러한 모

델이 임상경로에 실제로 적용되면 위해로 이어질 수 있다. 특히 편

향을 줄이기 위한 충분한 조치가 마련되지 않은 경우 위해가 발생

할 수 있다. 더 나은 보고는 신뢰를 제고하고, 예측모델의 의료현장 

적용에 대한 환자 및 대중의 수용도에 긍정적인 영향을 미칠 수 있

다. 연구자는 자신의 연구를 완전하고 투명하며 정직하게 보고할 

윤리적ㆍ과학적 의무가 있다. Altman 등[12]이 언급한 바와 같이 

“좋은 보고는 선택이 아니라 연구의 필수 요소”이며, 그렇지 못한 

보고는 결국 불필요한 연구 낭비에 불과하다[13].

불완전한 보고에 대한 우려에 대응하기 위해[10,11,14,15], 

TRIPOD 지침이 2015년에 발표되어(TRIPOD 2015) 최소 보고 

권고사항을 제시하였다[16,17]. TRIPOD 2015는 총 37개 항목의 

체크리스트로 구성되어 있으며, 이 중 25개 항목은 개발 및 검증 

연구 모두에 공통으로 적용되고, 모델 개발 연구에 6개, 검증 연구

에 6개의 추가 항목이 있다. 또한 각 체크리스트 항목의 근거, 좋은 

보고의 사례, 예측모델 연구의 설계ㆍ수행ㆍ분석 관련 논의 등을 

담은 설명 및 해설 문서도 함께 제공된다[17]. TRIPOD 2015는 

당대의 주류였던 회귀분석 기반 모델에 주로 초점을 맞추었다. 이

후 예측모델 연구의 초록 보고(TRIPOD for Abstracts)[18], 군집

화 데이터 사용 연구(TRIPOD-Cluster)[19,20], 예측모델 연구의 

체계적 문헌고찰 및 메타분석(TRIPOD-SRMA)[21], 연구 프로토

콜 준비 지침(TRIPOD-P)[22] 등 추가 지침이 개발되었다. 이러

한 모든 지침과 별도 작성용 체크리스트 서식은 TRIPOD 웹사이

트(https://www.tripod-statement.org/)에서 확인할 수 있다.

TRIPOD 2015 발표 이후, 예측모델링 분야에는 샘플 사이즈 

산정 지침[23-27], 성능 평가방법[28-32], 공정성[33], 재현성[34], 

오픈 사이언스 원칙 적용[35] 등 다양한 방법론적 발전이 이루어졌

다. 이 중에서도 가장 큰 변화와 진보가 나타난 영역은 AI로 분류

되는 기법의 발전에 기반한 분야이다. 데이터 접근성의 향상과 기

성 머신러닝 소프트웨어의 보급으로 예측모델 개발은 훨씬 빠르고 

쉬워졌다. 여러 임상환경과 광범위한 결과ㆍ건강상태에 대한 수많

은 예측모델이 문헌에 보고되고 있으며, 동일 결과나 건강상태, 대

상 집단에 대해 복수의 모델이 존재하는 경우도 많다[7,8,36]. 따라

서 예측모델의 품질을 비판적으로 평가하고, 특정 환경이나 사용 

목적에 적합한지 이해하는 능력이 더욱 중요해졌다. 이러한 능력은 

완전하고 투명한 보고를 전제로 한다.

하지만 예측모델 연구를 평가한 체계적 문헌고찰에서는, 연구설

계나 데이터 수집의 결함[37,38], 미흡한 방법론 사용[37,38], 핵심 

세부 사항이 누락된 불완전한 보고[39-54], 그에 따른 높은 편향 

위험[41,49,55-57], 오픈 사이언스 관행의 미준수[58], 과도한 해

석이나 이른바 ‘spin’의 문제[59,60] 등이 자주 드러난다. 이러한 

결함은 모델의 유용성과 안전성에 심각한 의문을 제기하며, 보건의

료격차가 심화할 우려도 있다[61]. TRIPOD 2015는 모델링 방식

이 중립적이며 보고 권고 대부분이 비회귀적 접근법에도 적용되지

만, 머신러닝 기반 모델에는 추가적인 보고 고려사항이 필요하다. 

예를 들어 회귀 기반 모델과 달리 머신러닝 모델은 구조의 유연성

과 복잡성 때문에 단순 공식이 나오지 않거나, 사용된 예측변수 자

체가 불명확한 경우가 많다. 이 때문에 기존 TRIPOD 2015에서

는 다루지 않은 추가 보고사항이 필요하다. 방법론적 진전뿐 아니

라, 공정성[62], 오픈 사이언스 관행의 확산[63], 환자 및 대중의 연

구ㆍ실제 적용 참여 확대[64,65] 등도 함께 반영할 필요가 있다.

https://www.tripod-statement.org/
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이 논문의 목적은 개정된 TRIPOD 지침의 개발과정을 설명하

고, 새로운 TRIPOD+AI 체크리스트를 제시하며, 그 활용법을 논

의하는 것이다. TRIPOD+AI는 예측모델 연구의 전반을 조화롭게 

정비하고, 회귀분석과 머신러닝 방식 모두에 일관된 지침을 제공하

는 것을 목표로 한다[66]. 여기서 “+”는 회귀분석 또는 머신러닝(딥

러닝, 랜덤 포레스트 등) 접근법으로 개발된 예측모델 연구에 대해 

통합된 보고 권고사항을 제공함을 의미한다. 또한 관련 연구가 일

반적으로 AI로 분류되는 보고 지침과의 일관성을 위해 “AI”라는 

용어가 추가되었으나, 이 논문에서는 이해를 돕기 위해 주로 머신

러닝이라는 용어를 사용한다(Table 1) [67-73]. TRIPOD+AI 보
고 지침에서 사용하는 주요 개념에 대한 용어 설명은 Box 1에서 확

인할 수 있다.

TRIPOD+AI 개발과정

이 절에서는 머신러닝 또는 회귀방법을 이용하여 진단 또는 예

후 예측모델을 개발하거나, 이들 모델의 성능을 평가(검증)하는 연

구의 보고를 지원하기 위한 지침인 TRIPOD+AI 지침의 개발과정

을 기술한다. ‘검증된 예측모델’이라는 개념은 존재하지 않으므로

[76], 이 논문에서는 혼동을 피하고 용어를 통일하기 위하여 검증

(validation) 대신 평가(evaluation)라는 용어를 사용하였다(Box 1). 

머신러닝이 포함된 기타 생의학 연구 유형의 보고를 위한 기존 및 개

발 중인 가이드라인은 Table 1에 상세히 정리하였다. TRIPOD+AI 
체크리스트는 EQUATOR Network의 권고에 따라[77], 문헌고찰과 

전문가 합의과정을 통해 개발되었다. G.S.C.와 K.G.M.M.의 주도

로 다양한 전문성과 경험을 반영한 위원(G.S.C., K.G.M.M., 

R.D.R., A.L.B., J.B.R., B.V.C., X.L., P.D.)을 선정하여 지침 개

발을 감독할 운영위원회를 구성하였다.

2019년 4월에는 TRIPOD+AI 이니셔티브를 알리는 해설 논문

이 발표되었으며[78], 2019년 5월 7일에는 EQUATOR Network
에 개발 중인 보고 지침으로 공식 등록되었다(https://www.equa-
tor-network.org/). 2021년 3월 25일에는 Open Science Frame-
work (https://osf.io/zyacb/)에 개발과정 및 방법론을 담은 연구 

프로토콜이 공개되었다. 이 프로토콜은 머신러닝 기반 예측모델의 

품질 평가 및 편향 위험도구(PROBAST+AI)의 개발과정도 포함

하고 있으며, 2021년에 출판되었다[79]. TRIPOD+AI 개발과정

에서 활용한 합의 기반 방법의 보고는 ACCORD (Accurate Con-
sensus Reporting Document) 권고를 준수하였다[80].

윤리적 고려

본 연구는 2020년 12월 10일 옥스퍼드대학교 중앙 연구윤리위

원회(Central University Research Ethics Committee, University 

of Oxford)의 승인을 받았다(R73034/RE001). 델파이(Delphi) 설
문 참여자에게는 설문 시작 전에, 그리고 합의 회의 참여자에게는 

회의 시작 전에 참여자 안내문을 전자적으로 제공하였다. 델파이 

설문 참여자는 설문 응답 전 전자 동의서를 제출하였다.

후보 항목 목록 도출

G.S.C.와 K.G.M.M.이 TRIPOD 2015 [16,17]를 바탕으로 초

기 항목 목록의 초안을 작성하였다. 이후, TRIPOD-Cluster 
[19,20], TRIPOD for Abstracts [18], CAIR [81], MI-CLAIM 

[82], CLAIM [68], MINIMAR [83], SPIRIT-AI [71], CON-
SORT-AI [72] 및 운영위원회가 추가로 확인한 문헌[34,84-89]을 

참고하여 추가 항목을 도출하였다. 머신러닝 기반 예측모델 연구의 

보고, 방법론, 과도한 해석을 평가한 체계적 문헌고찰 결과[37-

39,48,51,54,59,60]도 항목 목록 구성에 반영하였다. 운영위원회

Table 1. 머신러닝을 활용한 보건의료 연구의 보고 지침 

보고 지침(reporting guideline) 적용 범위(scope)

STARD-AI 인공지능 기반 진단 정확도 평가 연구(작성 중)[67]

TRIPOD+AI 인공지능(머신러닝 방법 포함)을 이용한 예측 모델 개발 또는 성능 평가 연구

CLAIM 인공지능을 활용한 의료영상 연구[68]

DECIDE-AI 인공지능 기반 의사결정 지원시스템의 초기 임상 평가(안전성, 인간 요인 평가 포함)[69]

CHEERS-AI 인공지능 중재의 비용 효과성 등 건강경제학적 평가 연구[70]

SPIRIT-AI 인공지능 요소가 포함된 중재의 임상시험 연구 프로토콜[71]

CONSORT-AI 인공지능 요소가 포함된 중재의 임상시험 보고서[72]

PRISMA-AI 인공지능 중재에 관한 체계적 문헌고찰 및 메타분석(작성 중)[73]

STARD, 진단 정확도 보고 기준(Standards for Reporting of Diagnostic Accuracy); TRIPOD, 개인 예후 또는 진단을 위한 다변량 예측모델의 투명한 보고(Transparent 
Reporting of a multivariable prediction model for Individual Prognosis Or Diagnosis); AI, 인공지능(artificial intelligence); CLAIM, 의료영상 인공지능 연구 체크리

스트(Checklist for Artificial Intelligence in Medical Imaging); DECIDE, 근거 기반 혁신의 도입 및 확산을 위한 보건의료 의사결정(Decisions in health Care to Intro-
duce or Diffuse innovations using Evidence); CHEERS, 건강경제학적 평가 통합 보고 기준(Consolidated Health Economic Evaluation Reporting Standards); SPIR-
IT, 중재 임상시험 프로토콜 권고(Standard Protocol Items:  Recommendations for Interventional Trials); CONSORT, 임상시험 보고 통합 기준(Consolidated Stan-
dards of Reporting Trials); PRISMA, 체계적 문헌고찰 및 메타분석 보고 권고(Preferred Reporting Items for Systematic Reviews and Meta-Analyses).

https://www.equator-network.org/
https://www.equator-network.org/
https://osf.io/zyacb/
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Box 1. TRIPOD+AI에서 사용된 용어 해설 

아래 정의 및 설명은 TRIPOD+AI* 가이드라인의 맥락에 한정된 것이며, 다른 연구 분야에는 반드시 적용되지 않을 수 있다.

인공지능(artificial intelligence): 통상적으로 인간의 지능이 필요한 과업을 수행할 수 있는 모델 및 알고리즘을 개발하는 컴퓨터 과학 분야.

보정(calibration): 관찰된 결과와 모델에서 추정된 값 간의 일치 정도. 보정은 일반적으로 추정값(x축)과 관찰값(y축)을 그래프로 나타내고, 개별 
데이터의 유연한 보정 곡선을 함께 제시하여 평가하는 것이 가장 바람직하다.

진료 경로(care pathway): 특정 건강 문제 관리 또는 환자의 진료 전 과정을 포괄하는 구조적ㆍ조정된 진료계획.

클래스 불균형(class imbalance): 결과 사건이 발생한 집단과 발생하지 않은 집단의 빈도가 불균등한 현상.

변별력(discrimination): 모델의 예측이 결과 발생 집단과 미발생 집단을 얼마나 잘 구분하는지의 정도. 변별력은 이항 결과의 경우 c-통계량(또는 
곡선하면적[area under the curve], 수신자조작특성곡선하영역[area under the receiver operating characteristic curve])으로, 
시점-사건(time-to-event) 결과는 c-지수로 정량화된다.

평가 또는 테스트 데이터(evaluation or test data): 예측모델의 성능을 추정하는 데 사용되는 데이터. ‘테스트 데이터’ 또는 ‘검증 데이터’로도 
불린다.a) 평가 데이터는 모델 훈련, 하이퍼파라미터 튜닝, 모델 선택 등에 사용된 데이터와 구분되어야 하며, 두 데이터 세트 간 참가자의 중복이 
없어야 한다. 평가 데이터는 모델이 실제로 사용될 대상 인구를 대표해야 한다.

공정성(fairness): 예측모델이 연령, 인종/민족, 성별/젠더, 사회경제적 지위 등과 같은 특성을 바탕으로 개인 또는 집단을 차별하지 않는 특성.

하이퍼파라미터(hyperparameters): 모델 개발 또는 학습과정을 제어하는 값.

하이퍼파라미터 튜닝(hyperparameter tuning): 특정 모델 구축 전략에 가장 적합한 (하이퍼)파라미터 설정을 찾는 과정.

내부 검증(internal validation): 모델이 개발된 동일한 집단을 대상으로 예측모델의 성능을 평가하는 것(예: 훈련-테스트 분할, 교차검증, 
부트스트래핑[bottstrapping] 등).

머신러닝(machine learning): 데이터로부터 명시적으로 프로그래밍하지 않고 학습하고 예측이나 의사결정을 내릴 수 있는 모델을 개발하는 
인공지능의 한 분야.

모델 평가(model evaluation): c-통계량 등으로 모델의 변별력, 보정도(보정도 그래프, 보정 기울기 등), 임상적 유용성(의사결정 곡선 분석 등)을 
추정하여 모델의 예측 정확도를 평가하는 과정. 이 과정을 예측모델의 평가라 부른다[74,75].

결과(outcome): 예측하고자 하는 진단 또는 예후 사건. 머신러닝에서는 이를 목표값(target value), 반응변수(response variable), 또는 
레이블(label)이라고 지칭하기도 한다.

예측 변수(predictor): 개인 수준(예: 나이, 수축기 혈압, 성별, 질병 단계, 라디오믹스 특성) 또는 집단 수준(예: 국가)에서 측정되거나 할당될 수 있는 
특성. 입력값, 특성(feature), 독립변수, 공변량 등으로도 불린다.

훈련 또는 개발 데이터(training or development data): 예측모델의 훈련 또는 개발에 사용되는 데이터. 이상적으로는, 훈련 데이터가 모델 실제 
사용 인구를 대표해야 한다.

TRIPOD, 개인별 예후 또는 진단을 위한 다변량 예측모델의 투명한 보고(transparent reporting of a multivariable prediction model for 
individual prognosis or diagnosis); AI, 인공지능(artificial intelligence).

a)검증 데이터(validation data)는 연구마다 의미가 다를 수 있다. 예를 들어, 머신러닝 연구에서 검증 데이터는 파라미터 튜닝에 사용되는 데이터 또는 모델 성능 평가(대개 

외부 검증이라고도 함)에 사용되는 데이터를 의미할 수 있다. 이 가이드라인에서는 혼동을 방지하기 위해 모델 성능 평가에 사용된 데이터를 평가 데이터(evaluation data)
라 명명하였다.

는 이러한 자료를 바탕으로, 제목(1항목), 초록(1항목), 서론(3항

목), 방법(37항목), 결과(15항목), 논의(5항목), 기타(3항목)를 포함

하는 65개의 고유 후보 항목으로 최종 목록을 정비하였다. 이 목록

은 이후 설명하는 수정 델파이 합의과정에서 활용되었다.

델파이 패널 선정

델파이 조사 참여자는 운영위원회가 선정하였으며, 관련 논문 

저자, 소셜미디어(예: 트위터) 모집공고, 그리고 개인 추천을 통해 

모집하였다. 이에는 다른 델파이 참여자가 추천한 전문가도 포함된

다. 운영위원회는 지리적 및 학문적 다양성을 확보하고, 주요 이해

관계자 집단�예를 들어 연구자(통계학자, 데이터 과학자, 역학자, 

머신러닝 연구자, 임상의, 영상의학과 전문의, 윤리학자 등), 의료

전문가, 학술지 편집자, 연구비 지원기관, 정책 입안자, 보건의료 

규제기관, 예측모델의 실제 사용자(환자 및 일반 대중 등)�을 포

괄하도록 참여자를 선정하였다. 참여자는 대학, 병원, 1차 의료기

관, 생의학 학술지, 비영리기관, 영리기관 등 다양한 환경에서 모집

하였다.

델파이 참여자의 최소 표본 수에는 제한을 두지 않았다. 선정된 

모든 참여자에 대해 운영위원회 구성원이 전문성이나 관련 경험을 

확인하였다. 이후 각 참여자에게 이메일로 연구설명, 목표, 연락처 

등이 포함된 안내자료와 함께 참여 초대장을 발송하였다. 참여자가 

동의하면 델파이 패널로 등록되어 설문 링크를 받았다. 델파이 패

널은 설문 참여에 대한 금전적 보상이나 선물을 제공받지 않았다.

델파이 과정

델파이 설문조사는 Welphi 온라인 플랫폼(www.welphi.com)을 

통해, 각 참여자가 개별적으로 온라인(영어)으로 응답할 수 있도록 

설계되어 배포되었다. 이 플랫폼은 각 참여자에게 개별 링크를 발
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송하고 응답자에게 코드를 부여하여 익명성을 보장한다. 패널에게

는 연구의 목적과 범위, 참여방법, 플랫폼 사용법, 문의처 등을 포

함한 안내자료를 제공하였다. 참여자들은 각 항목에 대해 ‘제외 가

능,’ ‘포함 가능,’ ‘포함 권장,’ ‘포함 필수’ 중 하나로 평가하도록 요

청받았다. 또한 각 항목에 대해 자유롭게 의견을 남기거나 신규 항

목을 제안할 수 있었다. 자유 서술식 응답은 P.L.이 취합 및 분석하

였으며, 이를 바탕으로 G.S.C.와 K.G.M.M.이 항목의 재서술, 통

합, 신규 항목 제안을 논의하였다. 운영위원회 구성원 전원에게 델

파이 설문 참여 기회가 주어졌다.

1차 라운드 참여자

292명에게 초대장과 설문 참여 링크가 발송되었으며, 1차 라운

드는 2021년 4월 19일부터 5월 13일까지 진행되었다. 2021년 5
월 5일에 확인 메시지가 발송되었다. 초대된 292명 중 170명(부분 

응답자 8명 포함)이 설문을 완료하였다. 참여자는 총 22개국에서 

모집되었으며, 주요 국가는 영국(n=52), 미국(n=31), 네덜란드

(n=23), 캐나다(n=20)였다. 5개 대륙(유럽 100명, 남미 2명, 북미 

51명, 오세아니아 4명, 아시아 13명)에서 응답하였고, 7명은 국가

를 밝히지 않았다.

참여자들은 자신의 주요 연구/업무 분야를 복수 선택할 수 있었

다. 통계ㆍ데이터 과학(n =70), AI 또는 머신러닝(n =69), 임상

(n=50), 역학(n=40), 예측(n=18), 영상의학(n=18), 보건 정책/규

제(n=10), 생의학 연구(n=7), 학술지 편집자(n=6), 메타연구/보

고(n=6), 병리학(n=2), 연구비 지원 기관(n=2), 윤리(n=2), 기술 

개발/실행(n=2), 유전학/유전체(n=2), 의생명공학(n=2), 보건 경

제(n=2) 등이 보고되었다.

2차 라운드 참여자

2차 델파이 라운드는 2021년 12월 16일부터 2022년 1월 17일

까지 진행되었다. 1차 라운드 설문을 완료한 모든 참여자가 2차 라

운드에 초대되었으며, 1차 미응답자와 1차 이후 추가 추천된 참여

자도 재초대되었다. 2차 라운드 초대장은 총 395명에게 발송되었

고, 200명(부분 응답자 15명 포함)이 설문을 완료하였다. 응답자는 

27개국에서 모집되었으며, 역시 영국(n=70), 미국(n=37), 네덜란

드(n =19), 캐나다(n =19)가 다수를 차지하였다. 6개 대륙(유럽 

123명, 남미 3명, 북미 56명, 오세아니아 7명, 아시아 10명, 아프

리카 1명)에서 응답이 있었다. 주요 분야는 통계ㆍ데이터 과학

(n=78), AI 또는 머신러닝(n=72), 임상(n=49), 역학(n=51), 예측

(n=19), 영상의학(n=26), 보건정책(n=12), 생의학 연구(n=14), 

학술지 편집자(n=13), 메타연구/보고(n=6), 의생명공학(n=5), 연

구비 지원기관(n=2), 유전학/유전체(n=4), 환자 대표/참여(n=3), 

보건 경제(n=2), 윤리(n=1) 등이었다.

체크리스트 항목의 진화(1차→2차 라운드)

수정된 델파이 1차 라운드에서는, 참여자들이 문헌고찰 및 기존 

보고 체크리스트에서 도출한 65개 후보 항목을 평가하였다. 항목 

포함에 대해 ‘포함 권장’ 또는 ‘포함 필수’로 응답한 경우 합의한 것

으로 간주하였다. 프로토콜에서 정의한 대로[79], 70% 이상 합의

에 도달한 항목만 2차 라운드로 이월되었다. 70% 미만의 항목은 

제외하거나 통합 또는 재서술되어 재평가 대상으로 제시되었다. 이

러한 수정은 수백 건의 패널 의견을 반영하여 이루어졌다.

2차 라운드에서는 1차 라운드의 집계결과(https://osf.io/zyacb/)

를 참고하도록 안내하고, 59개 후보 항목(제목 1, 초록 1, 서론 4, 

방법 32, 결과 11, 논의 8, 기타 2)에 대해 평가하도록 하였다. 환

자 및 공공 참여 관련 항목은 포함 합의율이 69%로 70% 기준에 약

간 못 미쳤으나, 운영위원회는 합의 회의에서 이 항목을 논의 항목

으로 유지하기로 결정하였다.

환자 및 대중 참여 회의

2022년 4월 8일, Health Data Research UK의 환자 및 대중 참

여 그룹(Patient and Public Involvement and Engagement, PPIE; 

https://www.hdruk.ac.uk/about-us/involving-and-engaging- 

patients-and-the-public/) 소속 9명을 대상으로 온라인 회의가 진

행되었다. 이 회의는 University of Warwick의 Sophie Stanisze-
wska가 주재하였다. 이 회의는 연구 프로토콜에 계획되어 있지 않

았으며, 출판된 프로토콜[79]과의 유일한 차이점이었다. PPIE 그

룹은 회의에 앞서, TRIPOD+AI 프로젝트의 요약(https://osf.io/

zyacb/ 참조), PPIE 그룹원 한 명이 작성한 요약문, 그리고 체크리

스트 초안을 전달받았다. 회의에서 GSC는 TRIPOD+AI 이니셔

티브의 세부 내용, 프로젝트 현황, 2차 델파이 설문결과를 바탕으

로 한 초안 지침을 발표하였다. 이후 참여자들은 질의응답을 진행

하며 프로젝트의 목표와 범위에 대해 논의하였다. 명확성을 높이기 

위해, 회의 중 제기된 의견과 회의 이후 받은 서면 피드백을 바탕으

로 체크리스트 초안이 수정되었다. PPI 그룹의 세 명이 다양한 이

해관계자가 참여한 2022년 7월 5일의 온라인 합의 회의에 초대되

었으며, 이 중 두 명이 실제로 참석하였다. 원고는 세 명의 PPI 회
원에게 전달되어 의견을 받고 승인절차를 거쳤다.

합의 회의(consensus meeting)

2022년 7월 5일, G.S.C.와 K.G.M.M.의 사회로 온라인 합의 

회의가 개최되었다. 주요 이해관계자 그룹과 다양한 학문 분야, 지

리적 다양성이 균형 있게 반영되도록 참가자를 선정하였다. 총 28
명이 회의의 전부 또는 일부에 참석하였으며, 이 중 1명(P.L.)은 투

표권이 없는 참관자였다. 초청받은 참가자들에게는 TRIPOD+AI 
개요, 합의 회의 진행방식 및 안내, 2차 델파이 설문 종합결과 요

약, 그리고 TRIPOD+AI 체크리스트 초안이 포함된 문서(https://
osf.io/zyacb/)를 회의 전에 이메일로 발송하였다. 체크리스트 초

https://osf.io/zyacb/
https://www.hdruk.ac.uk/about-us/involving-and-engaging-patients-and-the-public/
https://www.hdruk.ac.uk/about-us/involving-and-engaging-patients-and-the-public/
https://osf.io/zyacb/
https://osf.io/zyacb/
https://osf.io/zyacb/
https://osf.io/zyacb/
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안은 제목(1항목), 초록(1항목), 서론(4항목), 방법(32항목), 결과

(11항목), 논의(8항목), 기타(2항목) 등 총 59개 항목을 포함하였

다.

2차 라운드에서 다수 항목에 대한 강한 지지가 확인되었기 때문

에, 이 중 17개 항목이 전체 회의에서 토론 및 표결 대상이 되었다. 

논의 후 각 항목에 대해 TRIPOD+AI 체크리스트 포함 여부를 1
분간 투표하도록 하였으며, 온라인 회의 플랫폼의 투표 기능이 사

용되었다. 이 17개 항목에는 2차 라운드에서 합의에 도달하지 못

한 1개 항목과, 2차 라운드 이후 재서술되었거나 TRIPOD 2015
에 포함되지 않았던 신규 항목 16개가 포함되었다. 이들 17개 항목

에 대한 논의와 표결을 거쳐 최종 TRIPOD+AI 체크리스트를 확

정하였다.

TRIPOD+AI 지침

TRIPOD+AI는 통계적 또는 머신러닝 방법을 이용해 예측모델

을 개발하거나 평가(검증)하는 연구의 적절한 보고에 필수적인 항

목들로 구성된 체크리스트로(Table 2), TRIPOD 2015의 주요 변

화와 추가 사항은 Box 2에 요약되어 있다. TRIPOD+AI 체크리스

트는 제목(항목 1), 초록(항목 2), 서론(항목 3, 4), 방법(항목 

Table 2. 예측모델 연구 보고를 위한 TRIPOD+AI 체크리스트 

섹션/주제 하부 주제 항목 개발/평가a) 체크리스트 항목

제목 제목 1 D;E 연구가 다변량 예측모델의 개발 또는 성능 평가임을, 대상 집단 및 예측할 결과와 함께 명시한다.

초록 초록 2 D;E TRIPOD+AI 초록 체크리스트 참조

서론 배경 3a D;E 보건의료 맥락(진단 또는 예후 등) 및 예측모델 개발/평가의 근거를 설명하고, 기존 모델에 대한 
참고문헌을 포함한다.

3b D;E 대상 집단과 예측모델의 진료 경로 내 의도된 목적 및 사용자를 기술한다(예: 의료인, 환자, 일반인 
등).

3c D;E 사회인구학적 집단 간 알려진 건강불평등을 기술한다.

목적 4 D;E 연구의 목적을 구체적으로 명시하며, 예측모델의 개발 또는 검증 중 어떤 연구인지(또는 둘 다인지) 
기술한다.

방법 데이터 5a D;E 개발 및 평가 데이터의 출처를 각각 기술하고(예: 무작위 임상시험, 코호트, 진료정보, 레지스트리 
등), 데이터 활용의 근거와 대표성을 설명한다.

5b D;E 참가자 데이터의 수집 기간(시작 및 종료), 그리고 해당 시기 종료 여부(추적 종료 등)를 명확히 
한다.

참가자 6a D;E 연구환경의 주요 요소(예: 1차 진료, 2차 진료, 일반 인구), 기관 수와 위치를 명시한다.

6b D;E 연구 참가자의 선정기준을 기술한다.

6c D;E 적용된 치료(있는 경우)와 개발/평가과정에서의 처리방법을 설명한다.

데이터 준비 7 D;E 데이터 전처리 및 품질 관리방법, 그리고 이 과정이 사회인구학적 집단 간 유사했는지 여부를 
설명한다.

결과 8a D;E 예측하는 결과 및 평가 시점, 결과 선정의 근거, 결과 평가방법이 사회인구학적 집단에서 일관되게 
적용됐는지 명확히 기술한다.

8b D;E 결과 평가에 주관적 해석이 필요한 경우, 평가자의 자격 및 인구통계적 특성을 설명한다.

8c D;E 예측결과 평가의 눈가림 수행 여부 및 방법을 보고한다.

예측변수 9a D 초기 예측변수의 선정 근거(문헌, 기존 모델, 가용 변수 등) 및 모델 구축 전 사전 선정과정을 
설명한다.

9b D;E 모든 예측변수를 명확히 정의하고, 측정 시점과 방법(및 결과/다른 예측변수의 눈가림 여부 
포함)을 기술한다.

9c D;E 예측변수의 측정에 주관적 해석이 필요한 경우, 평가자의 자격 및 인구통계적 특성을 설명한다.

표본크기 10 D;E 연구 규모 산출근거를(개발/평가별로) 설명하고, 연구질문에 충분한 규모였음을 정당화하며, 표본 
크기 산출 세부 내용을 포함한다.

결측 데이터 11 D;E 결측 데이터 처리 방법 및 누락 사유를 기술한다.

분석방법 12a D 데이터 사용(개발/성능 평가 목적 등) 및 분석방법, 데이터 분할 여부와 표본크기 요건 고려사항을 
명시한다.

12b D 모델 유형에 따라 예측변수의 분석 처리(함수형, 재조정, 변환, 표준화 등)를 설명한다.

12c D 모델 유형, 근거b), 모든 모델 구축 단계(하이퍼파라미터 튜닝 등), 내부 검증방법을 명시한다.

12d D;E 집단 간(병원, 국가 등) 모델 파라미터 및 성능 추정치의 이질성 처리 및 정량화 방법을 기술한다. 
추가사항은 TRIPOD-Cluster 참조.c)

(Continued on the next page)



e-emj.org 7 / 20

섹션/주제 하부 주제 항목 개발/평가a) 체크리스트 항목

12e D;E 모델 성능 평가에 사용된 모든 지표 및 그래프(근거 포함)를 명시하고, 필요한 경우 여러 모델 간 
비교방법도 기술한다.

12f E 모델 평가에서 파생된 모델 수정(재보정 등)을 전체 또는 특정 집단/환경별로 기술한다.

12g E 모델 평가 시, 예측값 산출방식(수식, 코드, 오브젝트, API 등)을 설명한다.

클래스 
불균형

13 D;E 클래스 불균형 처리방법, 적용 이유, 사후 재보정 방법을 기술한다.

공정성 14 D;E 모델 공정성 향상을 위한 방법 및 근거를 설명한다.

모델 산출값 15 D 예측모델의 산출값(확률, 분류 등)을 명확히 하고, 분류기준 및 임계값 선정방법을 상세히 
설명한다.

개발-평가 
차이

16 D;E 개발 데이터와 평가 데이터 간 환경, 선정기준, 결과, 예측변수의 차이를 기술한다.

윤리 승인 17 D;E 연구를 승인한 기관윤리위원회 또는 윤리위원회의 명칭과, 연구 참가자의 동의(또는 윤리위원회의 
동의 면제) 절차를 명시한다.

오픈 
사이언스

연구비 18a D;E 본 연구의 연구비 출처 및 후원자 역할을 기술한다.

이해관계 18b D;E 모든 저자의 이해관계 및 재정적 공시를 명시한다.

프로토콜 18c D;E 연구 프로토콜의 접근 가능 위치를 알리고, 프로토콜 미작성 시에는 해당 사실을 명시한다.

등록 18d D;E 연구 등록정보(등록기관, 등록번호 포함)를 제공하고, 미등록 시에는 해당 사실을 명시한다.

데이터 공유 18e D;E 연구 데이터의 접근 가능성 및 공유방식을 기술한다.

코드 공유 18f D;E 분석코드의 접근 가능성 및 공유방식을 기술한다.d)

환자 및 
공공 참여

환자 및 공공 
참여

19 D;E 연구설계, 수행, 보고, 해석, 확산 중 어느 단계에서든 환자/공공 참여 내역을 상세히 기술하거나, 
참여가 없음을 명시한다.

결과 참가자 20a D;E 연구 내 참가자 흐름(결과 발생 유무별 참가자 수, 추적관찰 요약 포함)을 기술하고, 필요 시 
도식화한다.

20b D;E 전체 및 환경별 주요 특성(날짜, 주요 예측변수, 치료내역, 표본 수, 결과 발생 수, 추적기간, 결측 
데이터 등)을 보고하고, 인구집단별 차이도 명시한다.

20c E 모델 평가에서 주요 예측변수(인구통계, 예측변수, 결과 등)의 개발 데이터와의 분포 비교를 
제시한다.

모델 개발 21 D;E 각 분석(모델 개발, 하이퍼파라미터 튜닝, 평가 등)별 참가자 수 및 결과 사건 수를 명시한다.

모델 명세 22 D 예측모델(수식, 코드, 오브젝트, API 등) 상세 내역을 제공하고, 새로운 개인 예측 또는 제3자 
평가ㆍ구현에 필요한 접근 제한 여부(무료, 독점 등)를 명확히 기술한다.e)

모델 성능 23a D;E 신뢰구간을 포함한 모델 성능 추정치, 주요 하위집단(예: 사회인구학적)별 성능, 시각화 
자료(그래프 등) 제시를 고려한다.

23b D;E 집단 간 모델 성능의 이질성이 평가된 경우 결과를 보고한다. 추가 내용은 TRIPOD-Cluster 참고c)

모델 수정 24 E 모델 수정(예: 업데이트, 재보정) 및 수정 후 성능 결과를 보고한다.

논의 해석 25 D;E 주요 결과에 대한 종합적 해석을 제시하고, 목적 및 기존 연구 맥락에서 공정성 문제를 논의한다.

한계 26 D;E 비대표성 표본, 표본크기, 과적합, 결측 데이터 등 연구의 한계 및 이로 인한 편향, 통계적 
불확실성, 일반화 가능성에 미치는 영향을 논의한다.

활용성 27a D 입력 데이터(예측변수 등) 품질이 낮거나 제공 불가할 때의 평가 및 처리방식을 설명한다.

27b D 모델 적용 및 입력 데이터 활용 시 사용자의 상호작용 필요성, 요구되는 전문성 수준을 명확히 
한다.

27c D;E 모델의 적용성과 일반화 가능성에 초점을 두고, 향후 연구과제를 논의한다.

TRIPOD, 개인별 예후 또는 진단을 위한 다변량 예측모델의 투명한 보고(Transparent Reporting of a multivariable prediction model for Individual Prognosis Or Di-
agnosis); AI, 인공지능(artificial intelligence).
a)D:  예측모델 개발에만 해당, E :  예측모델 평가에만 해당, D;E:  개발과 평가 모두에 해당. b)모든 모델 구축 접근법에 대해 별도로 기술. c)TRIPOD-Cluster는 클러스터(예:  

병원, 센터 등)를 명시적으로 고려하거나 성능 이질성을 탐색하는 연구 보고 체크리스트. d)데이터 정제, 특성 엔지니어링, 모델 구축 및 평가 등 분석코드에 해당. e)신규 예
측 위험 추정을 위한 모델 구현 코드에 해당.

Table 2. Continued
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Box 2. TRIPOD 2015의 주요 변경 및 추가 사항 

• 새로운 체크리스트: 랜덤 포레스트, 딥러닝 등 어떠한 회귀 또는 머신러닝 방법을 사용한 예측모델 연구도 포함할 수 있도록 보고 권고사항을 새롭게 
마련하였고, 회귀 및 머신러닝 커뮤니티 간 용어를 통합하였음.

• TRIPOD+AI 체크리스트 도입: TRIPOD+AI 체크리스트가 기존 TRIPOD 2015 체크리스트를 대체하므로, 더 이상 TRIPOD 2015는 사용하지 
않아야 함.

• 공정성에 대한 강조: 공정성(Box 1)을 특별히 강조하여, 보고서에서 공정성 문제를 다루기 위해 어떤 방법이 사용되었는지 반드시 언급하도록 
하였고, 체크리스트 전반에 공정성 요소를 포함함.

• 초록 보고 지침 추가: 초록 작성 시 참고할 수 있도록 TRIPOD+AI for Abstracts를 별도 포함함.

• 모델 성능 항목 수정: 저자가 주요 하위집단(예: 사회인구학적 집단)에서 모델 성능을 평가할 것을 권고하도록 해당 항목을 수정함.

• 환자 및 공공 참여 항목 신설: 연구의 설계, 수행, 보고(및 해석), 확산과정에서 환자 및 공공의 참여에 대해 상세히 기술하도록 저자에게 요청하는 
항목을 새롭게 추가함.

• 오픈 사이언스 섹션 신설: 연구 프로토콜, 등록, 데이터 공유, 코드 공유 등에 관한 하위항목을 포함한 오픈 사이언스 섹션을 도입함.

TRIPOD, 개인별 예후 또는 진단을 위한 다변량 예측모델의 투명한 보고(transparent reporting of a multivariable prediction model for 
individual prognosis or diagnosis); AI, 인공지능(artificial intelligence).

5–17), 오픈 사이언스 관행(항목 18), 환자 및 대중 참여(항목 19), 

결과(항목 20–24), 논의(항목 25–27) 등 총 27개의 주요 항목으로 

구성된다. 일부 항목은 복수의 세부 항목을 포함하고 있어, 총 52
개의 체크리스트 세부 항목으로 구성된다.

TRIPOD+AI는 예측모델의 개발, 예측모델 성능 평가(검증), 또

는 이 둘을 모두 다루는 연구를 포괄한다. D;E로 표기된 항목은 예

측모델 개발 및 평가 연구 모두에 공통으로 적용된다(Table 2). 체

크리스트 중 D로 표기된 항목은 예측모델 개발 연구에, E로 표기

된 항목은 모델 성능 평가 연구에 적용된다. 예측모델의 개발과 평

가를 모두 포함한 연구의 경우, 모든 체크리스트 항목이 적용된다.

TRIPOD+AI는 예측모델 연구의 학술지 또는 학회 초록을 위한 

별도의 체크리스트도 포함하고 있다. 이 체크리스트는 기존 TRI-
POD for Abstracts 지침을 업데이트한 것으로[18], 새로운 내용을 

반영하고 TRIPOD+AI와의 일관성을 유지하도록 설계되었다(Ta-
ble 3).

TRIPOD+AI의 권고사항은 예측모델 연구의 수행과정을 투명

하게 보고하도록 안내하는 것이며, 예측모델 개발 또는 평가방법 

자체를 규정하는 것은 아니다. 이 체크리스트는 연구의 질을 평가

하는 도구가 아니다. 예측모델의 질과 편향 위험성 평가에는 

PROBAST [90,91] 및 곧 공개될 PROBAST+AI [79] 사용을 권장

하며, 관련 정보는 https://www.probast.org/에서 확인할 수 있다.

TRIPOD+AI 사용방법

TRIPOD+AI 체크리스트는 기존 TRIPOD 2015 체크리스트

를 대체하므로, 이제 더 이상 TRIPOD 2015 체크리스트는 사용

하지 않아야 한다. 만약 예측모델 연구에서 클러스터(예: 다수 병

원, 다수 데이터 세트)를 고려했다면, 저자는 TRIPOD-Cluster의 

추가 보고 권고사항[19,20]을 참고해야 한다. 2015년판 설명 및 해

설 문서는 여전히 대부분의 TRIPOD+AI 보고 항목에 대한 배경 

및 예시를 제공하는 중요한 자료로 남아 있다[17] (많은 항목이 변

경되지 않았거나 최소한만 변경되었기 때문이며, TRIPOD+AI에 

대한 보다 상세하고 최신의 해설 문서는 별도로 제작 중이다). 

TRIPOD+AI는 논문 작성 초기 단계부터 활용하여 모든 핵심 세

부사항을 누락 없이 보고할 것을 권장한다. 각 항목별로 간단한 근

거와 안내를 담은 목록형 확장 체크리스트(Supplement 1)를 개발

하여, TRIPOD+AI의 실제 적용을 지원하고자 하였다.

TRIPOD+AI 체크리스트의 많은 항목은 논문 내에서 자연스러

운 순서로 배열되지만, 일부 항목은 그렇지 않을 수 있다. 예측모델 

논문이나 출판물 내에서 각 권고사항이 반드시 어디에 위치해야 하

는지 구조적 형식을 별도로 규정하지 않으며, 해당 순서는 학술지

의 투고양식에 따라 달라질 수 있다.

TRIPOD+AI에 담긴 권고사항은 최소한의 보고 기준이므로, 저

자는 추가적인 정보를 제공할 수 있다. 논문 본문의 분량 제한이나 

표ㆍ그림 개수 제한 등으로 인해 보고가 어려운 경우, 일부 요청된 

정보나 추가 자료는 보충자료로 보고하고 그 위치를 본문에서 명시

하면 된다. 필요한 정보가 이미 공개적으로 접근 가능한 연구 프로

토콜에 보고되어 있다면, 해당 문서를 참조하는 것으로 충분하다. 

특정 체크리스트 항목을 알 수 없거나 해당이 되지 않아 보고할 수 

없다면 그 사실을 명확히 밝혀야 한다. 보충자료에 포함되지 않은 

추가 파일이나 연구자료는 Open Science Framework, Dryad, 

figshare 등과 같은 범용 또는 소속기관의 오픈 액세스 저장소에 영

구적으로 공개해야 한다. 추가 파일의 접근 정보(예: doi 번호)는 

논문 본문이나 출판물에 반드시 명시ㆍ연결해야 한다.

저자는 각 항목이 본문 내 어디에 보고되어 있는지(페이지 또는 

줄 번호) 명시한 완성된 체크리스트를 제출하도록 권장되는데, 이는 

편집 및 동료 평가과정에 도움이 된다. 별도 작성용 TRIPOD+AI 
체크리스트 양식은 Supplement 2 및 www.tripod-statement.org에

서 다운로드할 수 있다.

TRIPOD+AI 관련 소식, 공지, 정보는 TRIPOD 웹사이트

(www.tripod-statement.org)와 X (구 트위터, @TRIPODState-
ment) 등 소셜미디어 계정에서 확인할 수 있다. 또한 건강 연구의 

https://www.probast.org/
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질 및 투명성 향상 네트워크(EQUATOR Network; https://www.

equator-network.org/)를 통해서도 TRIPOD+AI 지침이 배포 및 

홍보된다. TRIPOD+AI의 다국어 번역도 적극적으로 환영하며, 

번역을 희망하는 경우 교신저자에게 연락하면 된다. 번역과정은 원

저자와의 협력 및 승인을 포함한 구조적이고 사전 정의된 절차를 

따르도록 하며, 번역 관련 추가 안내는 TRIPOD 웹사이트에서 확

인할 수 있다(www.tripod-statement.org). 

고찰

TRIPOD+AI는 국제적 다기관 다학제 합의과정을 통해 개발되

었다. 이 지침은 회귀분석 또는 머신러닝 방법을 활용하여 예측모

델을 개발하거나 평가(검증)하는 연구에 대해 최소한의 보고 권고

사항을 제공한다. 지침 개발 당시에는 최근 급속히 발전하고 있는 

파운데이션 모델 및 대형 언어 모델(예: ChatGPT 등)은 별도로 고

려하지 않았으므로, TRIPOD+AI는 비생성형 모델을 주요 대상으

로 한다. 그러나 이 지침의 많은 원칙은 보건 분야 생성형 AI 연구

의 투명성 확보에도 적용 가능하다. 앞으로 TRIPOD+AI가 계속

해서 유효성을 유지하고 AI 및 머신러닝의 발전을 반영하기 위해

서는, 예를 들어 생성형 접근법에 대한 명시적 반영 등 주기적인 업

데이트가 필요하다.

TRIPOD+AI는 TRIPOD 2015를 개정하여 개발되었으며, 문

헌의 체계적 고찰, 델파이 설문조사, 온라인 합의 회의를 기반으로 

권고사항을 정립하였다. TRIPOD+AI의 보고 항목을 충실히 기술

하면, 연구방법의 질적 평가, 연구결과의 투명성 향상, 과도한 해석

의 방지, 재현 및 복제 가능성 제고, 예측모델의 실제 적용 등에 모

두 도움이 될 것이다. 체크리스트 항목은 최소한의 보고 기준으로, 

저자는 데이터, 연구설계, 방법, 분석, 결과, 논의 등에서 추가적인 

세부사항을 제공하는 것이 일반적이다.

TRIPOD+AI는 TRIPOD 2015에서는 부족하거나 명확히 언

급되지 않았던 공정성(fairness) 이슈를 전반에 걸쳐 강조한다[33]. 

예측모델 연구에서의 공정성은 특히 의료 분야에서 매우 중요하며, 

AI 및 머신러닝이 임상 의사결정 지원도구로 활용되면서 더욱 주

목받고 있다. 이 맥락에서의 공정성이란, 예측모델이 특정 집단에 

불리하게 작용하지 않으며, 기존의 건강불평등을 심화하지 않고

(이상적으로는 이를 완화ㆍ개선하는 방향으로) 설계ㆍ사용됨을 의

미한다[92]. 공정성의 중요한 측면 중 하나는 모델 개발과 평가에 

활용되는 데이터가 대표성과 다양성을 갖추고, 데이터 편향의 한계

를 인지ㆍ관리ㆍ완화하는 것이다. 현재 STANDING Together 이
니셔티브에서는 AI 보건 데이터 세트의 다양성, 포용성, 일반화 가

능성을 높이기 위한 표준을 개발 중이다[62].

이상적으로는, 데이터에는 다양한 연령, 성별/젠더, 인종ㆍ민족, 

건강상태 또는 동반 질환, 지역적 배경의 정보가 모두 포함되어야 

하며, 이러한 다양성이 예측모델의 실제 사용 대상 인구를 대표해

야 한다. 만약 모델 개발에 사용된 데이터가 의도한 전체 인구집단

을 충분히 반영하지 못한다면, 데이터에 포함되지 않은 집단에서는 

해당 모델이 기대한 만큼의 성능을 보이지 않을 수 있음을 명확히 

밝혀야 한다. 모델 평가에 사용된 데이터가 목표 인구집단을 대표

하지 못한다면, 특정 하위집단(개인적, 사회적, 임상적 속성별)의 

예측 정확도 추정에 편향이 생기거나 오해를 일으킬 수 있다.

데이터 세트 내 소수 집단 또는 의료 소외 집단의 충분한 대표성 

확보는 공정성을 달성하기 위한 핵심 요소이지만, 단순한 대표성만

Table 3. 학술지 또는 학회 초록에 포함해야 할 예측모델 연구의 필수 항목(TRIPOD+AI for Abstractsa)) 

섹션 및 항목 체크리스트 항목

제목 1. 연구가 다변량 예측모델의 개발 또는 성능 평가임을, 대상 집단 및 예측할 결과와 함께 명시한다.

배경 2. 보건의료 맥락 및 모든 모델의 개발/성능 평가근거를 간략하게 설명한다.

목적 3. 연구목적을 구체적으로 명시하며, 모델 개발, 평가 또는 둘 다에 해당하는지 포함한다.

방법 4. 데이터 출처를 설명한다.

5. 데이터 수집 시 적용된 선정기준과 환경을 설명한다.

6. 예측모델이 예측하고자 하는 결과(예후모델의 경우 예측기간 포함)를 명시한다.

7. 모델 유형, 모델 구축 단계 요약, 내부 검증방법b)을 명시한다.

8. 모델 성능 평가에 사용된 지표(예: 변별도, 보정, 임상적 유용성 등)를 명확히 기술한다.

결과 9. 참가자 수 및 결과 사건 수를 보고한다.

10. 최종 모델의 예측변수를 요약한다†.

11. 신뢰구간을 포함한 모델 성능 추정치를 보고한다.

고찰 12. 주요 결과에 대한 종합적 해석을 제시한다.

등록 13. 등록번호 및 등록기관(또는 저장소) 명칭을 명시한다.

TRIPOD, 개인별 예후 또는 진단을 위한 다변량 예측모델의 투명한 보고(Transparent Reporting of a multivariable prediction model for Individual Prognosis Or Di-
agnosis); AI, 인공지능(artificial intelligence).
a)이 체크리스트는 2020년에 발표된 TRIPOD for Abstracts statement [17]를 기반으로 하였으며, TRIPOD+AI statement와의 일관성을 위해 개정ㆍ업데이트되었음.
b)예측모델 개발 연구에만 해당되는 항목임.
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Table 4. TRIPOD+AI 보고 지침 준수: 이해관계자별 잠재적 이익 

사용자/이해관계자 권장 조치 잠재적 이익

학술기관 연구자에게 예측모델 개발, 평가, 적용 시 TRIPOD+AI 
준수 권장 또는 의무화

예측모델 연구의 설계, 분석, 보고의 투명성 문화 증진

초기 경력 연구자를 대상으로 투명하고 완전한 보고의 
중요성과 이점을 교육, TRIPOD+AI 지침에 맞는 
논문ㆍ학위 논문 작성 권장

산출 연구의 질, 책임성, 재현성, 복제 가능성, 유용성 
향상

연구자 논문 작성 시 TRIPOD+AI 준수 보고의 완결성과 질 향상

예측모델 논문에 요구되는 최소한의 세부 정보에 대한 
인식 증가

산출 연구의 질, 책임성, 재현성, 복제 가능성, 유용성 
향상

모델의 독립적 평가를 용이하게 하는 세부 정보 보고 
증가

학술지 편집자 논문 제출 시 저자에게 TRIPOD+AI 및 체크리스트 작성 
요구 또는 의무화

예측모델 논문에 대한 학술지 요구사항과 기대치에 대한 
이해도 향상

심사자에게 TRIPOD+AI 활용 권장 저자의 이해도 향상에 따른 심사 효율성 증가

출판 논문의 질, 책임성, 재현성, 복제 가능성, 유용성 
향상

심사위원 보고의 완결성 평가에 TRIPOD+AI 사용 심사 효율성과 질 향상

누락된 중요 정보에 대한 구체적 피드백 제공 용이

연구비 지원기관 연구자가 연구비 신청 시 TRIPOD+AI 사용 권장 또는 
의무화

연구결과의 활용성 증대, 불충분한 보고로 인한 연구 
낭비 감소

연구비 수혜 연구가 타인에게도 활용될 수 있도록 보장

환자, 공공, 연구 참여자 저자, 심사자, 학술지, 연구비 지원기관의 TRIPOD+AI 
준수 옹호

연구결과에 대한 신뢰도 향상

예측모델 연구에 대한 이해도 증진, 연구 내 건강형평성 
고려 촉진

정밀의료 및 맞춤형 질환 관리에서 환자 보고 결과와 
임상연구 결과 정렬

체계적 문헌고찰자/메타연구자 TRIPOD+AI로 보고 완결성 평가 위험도 평가도구와 병행 시 연구의 질 평가 향상(예: 
PROBAST)

질 및 편향 평가 시 TRIPOD+AI 참고 메타분석에 필요한 데이터 확보 용이

정책 결정자 연구의 투명하고 완전한 보고를 위해 TRIPOD+AI 활용 
권장 또는 의무화

예측모델 평가 또는 적용 결정이 완전하고 투명하게 
보고된 정보에 근거하도록 보장

근거 기반 정책 권고의 신뢰성 제고

규제 기관 임상 심사자가 의료기기 소프트웨어 등 예측모델 기반 
제품 규제 심사 시 TRIPOD+AI로 임상시험 보고 
완결성 평가

보고된 사용 목적과 규제상 의도 일치 확인

의료기기 규제 심사 및 주요 임상시험 보고에서 
모범사례와 일치 유도

공통 표준 도입 유도로 제조사의 임상시험 보고 공개 
장려

기술/의료기기 제조사 기술/기기 개발ㆍ제조에 필요한 모델 정보의 충분성 
검증

공통 표준 도입 유도로 제조사의 임상시험 보고 공개 
장려

의료인

구매ㆍ임상 활용 전 충분한 모델 정보 확인 모델 적용 대상군 및 지원 임상적 결정에 대한 이해도 
향상

예측결과에 대한 이해도와 한계 인식 증가

연구결과에 대한 신뢰도 향상

TRIPOD, 개인별 예후 또는 진단을 위한 다변량 예측모델의 투명한 보고(Transparent Reporting of a multivariable prediction model for Individual Prognosis Or Di-
agnosis); AI, 인공지능(artificial intelligence).
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으로는 완전한 공정성이 보장되지 않는다[61,93]. 이에 따라, TRI-
POD+AI는 체크리스트 전반에 걸쳐 공정성 관련 항목을 포함하고 

있다(배경 3c; 방법 5a, 7, 8a, 8b, 9c, 12f, 14; 결과 20b, 23a; 논

의 25, 26번 항목 등).

의료 분야의 공정성이란, 예측모델의 개발, 평가, 실제 임상경로 

내 적용 및 확산과정에서 환자, 대중, 임상의 등 다양한 이해관계자

를 적극적으로 참여시키는 것 또한 포함한다[94]. 다양한 관점의 

참여는, 예측모델이 모든 사람의 요구를 충족시키고 공정하게 사용

되도록 설계ㆍ운영되는지 확인하는 데 기여하며, 건강형평성을 촉

진한다. TRIPOD+AI는 대중 및 환자 참여에 관한 19번 항목을 통

해 예측모델 연구에 환자와 대중 참여를 통합을 장려하고, 단순한 

형식적 절차가 아닌 오픈 사이언스 및 참여의 원칙을 촉진하며, 더 

높은 임상 및 대중 수용성을 지향한다.

TRIPOD+AI는 오픈 사이언스 관행을 강조한다[35]. 오픈 사이

언스 관행은 예측모델 연구의 투명성, 재현성, 연구자 간 협력 증진

에 필수적이다[95]. 연구 등록, 프로토콜ㆍ데이터ㆍ코드ㆍ예측모

델의 공개 등은, 타 연구자가 결과를 검증하고 새로운 데이터에서 

모델 성능과 안전성을 평가할 수 있도록 한다. 오픈 사이언스는 연

구자들이 서로의 성과를 기반으로 추가 연구를 진행할 수 있게 하

여, 보건의료 분야 발전의 효율성을 높인다. 이는 예측모델의 정확

성, 신뢰성, 완전성을 높여 결과적으로 환자 치료에도 긍정적 영향

을 줄 수 있다. 데이터가 개방적으로 공유될 경우 임상의와 연구자

는 더 크고 다양한 환자 데이터를 바탕으로 모델을 개발ㆍ평가할 

수 있으며[96], 이는 예측 정확도 향상 및 임상적 의사결정 개선으

로 이어질 수 있다. 이에 TRIPOD+AI는 자금 출처(18a), 이해상

충(18b), 프로토콜 공개(18c), 연구 등록(18d), 데이터 및 코드 공

유(18e, 18f) 등 오픈 사이언스 관련 항목을 포함한다.

TRIPOD+AI의 주요 사용자 및 수혜자는 논문을 집필하는 연구

자, 논문을 평가하는 학술지 편집자 및 동료 평가자, 그 밖의 이해

관계자(예: 학술기관, 정책 입안자, 연구비 지원기관, 규제기관, 환

자, 연구 참여자, 대중 등)로 예상된다(Table 4). 이 지침은 임상 예

측모델 개발 및 검증 연구, 의학 연구 논문, 소프트웨어ㆍ도구 관련 

보고 등 근거 기반 보고가 필요한 모든 분야에 적용될 수 있다.

학술지 편집인과 출판사는 TRIPOD+AI의 준수를 장려하기 위

해 저자 안내문에 이를 명시하고, 논문 투고 및 심사 과정에서 그 

사용을 의무화하며, 권고사항의 준수를 필수 요건으로 삼는 것이 

바람직하다. 연구비 지원기관 역시, 예측모델 연구의 지원 신청 시 

TRIPOD+AI 권고에 따른 보고 계획 제출을 요구함으로써 연구 

낭비를 최소화하고 효율적 자원 활용을 도모할 것을 권고한다.
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요약

대형 언어 모델(large language model, LLM)의 활용이 의료 분

야에서 빠르게 확대되면서, 표준화된 보고 지침의 필요성이 커지고 

있다. 이 논문에서는 LLM을 활용한 연구를 위한 다변수 예측모델

의 투명한 보고(TRIPOD-LLM) 지침을 제시하였다. TRI-
POD-LLM은 기존 TRIPOD와 인공지능(artificial intelligence) 

확장 지침을 기반으로 하며, 바이오 메디컬 분야에서 LLM이 가지

는 고유한 도전 과제들을 반영하고 있다. 이 지침은 제목부터 논의

까지 주요 내용을 포괄하는 19개 주요 항목과 50개 세부 항목으로 

구성되어 있다. 다양한 LLM 연구설계와 작업에 적용할 수 있도록 

모듈형 형식을 도입하였고, 모든 연구에 공통적으로 적용할 수 있

는 14개 주요 항목과 32개 세부 항목을 포함한다. 이 지침은 신속

한 델파이(Delphi) 과정과 전문가 합의를 거쳐 개발하였으며, 투명

성과 인간 감독, 과업 특이적 성과(task-specific performance) 보

고의 중요성을 강조한다. 또한 지침의 손쉬운 작성과 제출용 PDF 

생성을 지원하는 인터랙티브 웹사이트(https://tripod-llm.vercel.
app/)를 소개한다. TRIPOD-LLM은 ‘생명력 있는 문서’로서, 연

구현장의 변화에 맞추어 지속적으로 개정될 예정이다. 이 지침을 

통해 LLM 연구의 보고 수준을 높이고, 재현성과 임상 적용 가능

성을 강화하는 데 기여하려고 한다.

서론

의료 분야에서 대형 언어 모델(large language model, LLM)의 

도입은 계속 확대되고 있으며, 현재는 물론 미래에도 행정 및 의료

https://tripod-llm.vercel.app/
https://tripod-llm.vercel.app/
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서비스 제공 등 다양한 영역에서의 활용 가능성이 논의되고 있다. 

대표적인 예로, 환자 커뮤니케이션 초안 생성, 의료문서 요약, 질의

응답, 정보검색, 의료진단, 치료 권고, 환자교육, 의학교육 등이 있

다[1-5]. LLM의 빠른 발전이 기존 규제 및 거버넌스 체계를 한계

까지 밀어붙여, 이러한 복잡한 범용모델을 완전하게 반영하지 못하

는 임시방편적인 해결책들이 나타나고 있다[6-8]. 더 나아가 LLM 

개발이 가속화되면서 학술지 및 전문가 심사(peer review), 출판일

정, 시의적절한 지침을 제공해야 하는 규제기관들도 어려움을 겪고 

있다. 이에 대응하기 위해 연구자들은 프리프린트(preprint)를 빠

르게 발표하고 있고, 보고할 때도 임시방편적 접근을 택하는 경우

가 많다.

보고 지침(reporting guideline)은 연구의 표준화와 투명한 보고, 

동료평가 절차를 위한 확장 가능한 틀을 제공한다. 중요한 예시로, 

진단 및 예후예측모델 연구를 위한 최소 보고 기준을 확립하고자 

2015년에 처음 도입된 transparent reporting of a multivariable 

model for individual prognosis or diagnosis (TRIPOD) 이니셔

티브가 있다(https://www.tripod-statement.org) [9]. TRIPOD는 

건강연구 보고의 질과 투명성 향상을 목표로 하는 국제적 노력인 

enhancing the quality and transparency of health research 

(EQUATOR) 네트워크의 핵심 지침 중 하나이다[10]. TRIPOD
는 여러 학술지가 폭넓게 지지 및 권고하고 있으며, 저자 안내문에

도 자주 포함되어 있다. 이후 TRIPOD는 인공지능(artificial intel-
ligence, AI)의 실질적 발전에 대응하여, 머신러닝(machine learn-
ing) 분야의 최신 모범 사례를 반영한 TRIPOD+AI로 업데이트되

었다[11]. 또한 모델 수명 주기 전반에 걸친 AI 개발을 위한 보완적 

지침들도 제시되어 왔다[12-14].

LLM은 AI 내에서도 독특한 특성을 지닌 새로운 영역으로, 기존 

TRIPOD 지침이나 그 최신 확장판만으로는 완전히 다루기 어려

운 고유한 도전 과제와 고려사항을 제시한다. 분류(classifier) AI 모
델에서 생성형(generative) AI로의 전환이 이뤄지면서 이러한 특징

이 더욱 부각되고 있다. 이에 이 논문에서는 이러한 충족되지 않은 

요구를 해결하고, 빠르게 변화하는 연구현장에 유연하게 대응할 수 

있도록 설계된 ‘TRIPOD-LLM statement’를 보고한다. 이 확장 

지침은 원래 예측모델에 초점을 맞추었던 TRIPOD의 범위를 넘

어, 진단부터 문서 요약까지 의료연구와 실무의 다양한 영역에 

LLM이 미치는 광범위한 영향을 반영한다.

TRIPOD-LLM의 필요성

LLM은 자기회귀적(autoregressive) 구조를 가진 생성형 AI이다. 

단순하게 말하면 앞선 단어들을 바탕으로 다음 단어를 예측하도록 

학습된다는 의미이다. 그러나 이러한 기초적 학습만으로도 하나의 

모델이 다양한 범위의 의료 관련 자연어 처리(natural language 

processing) 작업을 수행할 수 있다는 점이 확인되고 있다. 이러한 

적응력은 주로 감독 학습 기반의 미세조정(supervised fine-tun-
ing)이나 소수 예시 학습(few-shot learning) 방법을 통해 달성된다

[15,16]. 이를 통해 LLM은 적은 예시만으로도 새로운 작업을 처리

할 수 있다. 챗봇(chatbot) 솔루션(예: ChatGPT)은 LLM을 기반

으로 하면서 두 가지 구성요소가 추가된다. 하나는 질의응답(질문

에 대한 응답을 생성하는 instruction tuning 또는 supervised 

fine-tuning)이고, 다른 하나는 ‘얼라인먼트(alignment)’라고도 하

는 선호도 랭킹이다. LLM과 챗봇에 특유한 이러한 방법론적 과정

(예: 감독 미세조정에 사용된 하이퍼파라미터[hyperparameter]의 

선택, 프롬프트[prompt] 설계의 복잡성, 모델 예측의 변동성, 자연

어 출력 평가방법, 선호 기반 학습전략 등)은 현재의 보고 지침에서

는 충분히 다루어지지 않고 있다. 이러한 과정은 모델의 신뢰성에 

큰 영향을 미치므로, 별도의 구체적인 안내가 필요하다. 또한 LLM
의 범용성과 생성형 특성은 기존 지침보다 더 세부적인 보고 지침

을 요구한다. LLM은 특정 작업을 위해 훈련된 것이 아니며 훈련 

데이터에 해당 작업이 반드시 포함되어 있지 않을 수 있으므로(기

존 작업별 모델이 훈련 데이터에 해당 질병 유병률을 명시적으로 

반영하는 경우와 달리), 신뢰성 있는 보고와 후속 안전성 확보를 위

해서는 작업별로 특화된 지침이 필요하다.

생성형 출력물을 평가할 때 어떤 자동화된 혹은 인간 기반의 지

표를 선택할 것인지에 대한 문제는 여전히 명확히 해결되지 않은 

상태로, 현재 다양한 방법론이 적용되어 성능의 여러 측면을 평가

하고 있다. 결과물이 완전히 비정형(unstructured) 텍스트이고 구

조화된 라벨로 단순 환원이 불가능한 작업(예: 편지 생성, 요약 등)

이라면 평가가 특히 복잡하다. 이런 경우 대부분의 자동 평가지표

는 입력과 출력 텍스트 간의 중첩과 유사도에 초점을 맞추는데, 이

는 생성된 텍스트의 사실적 정확성이나 적합성, 허위(hallucina-
tion)나 누락(omission)을 포착하지 못할 수 있다[17-19]. 이들 점

수는 참조 텍스트와의 구조적ㆍ어휘적 유사성을 반영하지만, 이는 

성능과 안전성을 종합적으로 평가하는 기준의 일부분에 불과하다. 

인간의 텍스트 평가 또한 언어의 모호성, 임상 과제의 불확실성 등

으로 인해 주관적일 수밖에 없다. 특히 의학 분야에서는 정답이 하

나로 규정되지 않는 경우가 많고, 무작위적(aleatoric)이고 지식적

(epistemic)인 불확실성이 모두 존재한다. 따라서 성능이 어떻게 평

가되었는지를 보고하기 위한 구체적인 세부 지침이 필요하다. 본 

논문에서는 LLM과 챗봇을 모두 포괄하여 ‘LLM’으로 지칭한다. 

Table 1은 의료 분야에 적용 가능한 주요 작업유형을 정리하고, 관

련 선행연구의 정의 및 예시를 제시한다[5,6,20-30].

LLM이 도입됨에 따라 환각(hallucination), 누락(omission), 신

뢰성, 설명 가능성, 재현성, 프라이버시, 편향의 하위 전파 등과 같

은 새로운 복잡성이 나타나고 있는데, 이는 임상 의사결정과 환자 

진료에 부정적 영향을 미칠 수 있다[20,21,31-35]. 더불어 전자의

무기록(electronic health record) 업체, 기술기업, 의료기관 간의 

협력이 확대되면서, 실제 적용 일정은 현행 규제의 대응속도를 훨

https://www.tripod-statement.org
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씬 앞지르고 있다[8,36]. LLM의 안전한 사용과 투명성 제고를 위

해서는 개발 및 보고의 표준화가 필수적이다. 이는 일관성, 신뢰성, 

검증 가능성 확보를 위한 것으로, 타 과학 분야에서 확립된 임상평

가와 유사한 수준의 기준이 필요하다[37-39].

방법

TRIPOD-LLM 지침은 LLM을 개발, 튜닝 또는 평가하는 모든 

의료 응용 또는 맥락에서 연구 보고를 안내하기 위해 작성되었으

며, 기존 TRIPOD 지침 개발과정과 동일한 절차를 따랐다. 본 분

야에 시의적절한 보고 지침이 필요하다는 점을 고려하여 신속한 델

Table 1. TRIPOD-LLM 가이드라인의 모듈형 연구설계 및 LLM 과업 범주 

과업(task) 정의(definition) 예시(example)

연구 설계(research design)

 De novo LLM 개발 새로운 언어 모델을 처음부터 구축하거나, 기존 
기본(base) 모델을 상당 부분 미세 조정하여 
새로운 기능을 개발하거나 새로운 작업에 
적응시키는 작업

병원 임상 데이터로 새로운 LLM을 사전 
학습(pretraining)하는 연구[22]

 LLM 방법(LLM methods) 언어 모델의 새로운 아키텍처, LLM을 이해하기 
위한 새로운 계산방법, LLM 평가를 위한 
새로운 방법, LLM 프롬프트 최적화를 위한 
새로운 방법 등에 중점을 두는 정량적 또는 
이론적 연구

의료 분야에서 retrieval-augmented 
generation LLM 프레임워크를 연구하는 
연구[23]

 LLM 평가(LLM evaluation) 기존 LLM의 효율성, 정확성, 특정 의료작업에의 
적합성을 평가하거나, 사용 시 발생하는 위험과 
편향을 평가하는 작업

기존 LLM에서 편향된 진단추론을 조사하는 
연구[20]

 의료환경에서의 LLM 평가(LLM evaluation 
in healthcare settings)

임상 워크플로우 내에서 LLM이 통합되어 실제로 
사용될 때, 임상적ㆍ행정적ㆍ인력 관련 
결과(outcomes) 측면의 영향과 통합에 초점을 
두고 평가하는 작업

병원 입원환자에서 실시간(real-time) 
예후예측을 위해 LLM을 배치하여 그 성능을 
보고하는 연구[6]

LLM 과업(LLM task)

 텍스트 처리(text processing) 토큰화(tokenization), 구문 분석(parsing), 
엔터티 인식(entity recognition) 등, 텍스트 
데이터를 조작하거나 하위 수준으로 처리하는 
작업을 포함하되, 이에 국한되지는 않음

LLM 기반 명명 엔터티 인식(named entity 
recognition) 방법을 연구하는 연구[24]

 분류(classification) 텍스트 데이터에 미리 정의된 라벨을 할당하는 
작업

임상노트에서 1개 이상의 사회적 
결정요인(social determinants of health)이 
언급되었는지 여부를 판단하기 위해 LLM을 
미세 조정하는 연구[25]

 장문 질의응답(long-form question 
answering)

복잡한 질의에 대해 여러 문서 또는 근거를 
바탕으로 상세한 답변을 제공하는 작업(객관식 
질의응답[multichoice Q&A]은 
‘분류[classification]’에 포함됨)

기존 LLM이 환자 포털 메시지에 답변하는 
능력을 조사하는 연구[21]

 정보 검색(information retrieval) 대규모 데이터 세트에서 특정 질의에 따라 관련 
정보를 추출하는 작업. 문헌 리뷰, 환자 병력 
조회 등에 적용됨

트랜스포머 모델을 훈련하여 사용자의 질의에 
적합한 생의학 논문을 검색하도록 한 연구[26]

 대화형 에이전트(conversational agent, 챗봇) 사용자와 대화를 이어가는 작업. 환자 상호작용, 
건강상담, 의료진의 가상 비서 등으로 활용됨

LLM 기반 챗봇 접근 가능 여부가 임상의의 
진단추론에 미치는 영향을 조사하는 연구[27]

 문서 생성(documentation generation) 임상 데이터, 녹취, 기록 등을 바탕으로 자동으로 
의료문서를 생성하는 작업

임상환경 녹음에서 자동 생성된 임상노트의 
품질을 평가하는 연구[5]

 요약 및 단순화(summarization and 
simplification)

방대한 텍스트 문서를 요약하거나, 쉽게 이해할 
수 있도록 내용을 단순화하는 작업. 환자 교육, 
의무기록 요약 등에서 유용함

LLM이 퇴원 요약(discharge summary)을 환자 
친화적 평이문으로 변환하는 능력을 평가하는 
연구[28]

 기계 번역(machine translation) 한 언어의 텍스트를 다른 언어로 변환하는 작업 번역에 특화된 소형 언어모델과 범용 LLM이 
스페인어-영어 생의학 텍스트를 번역하는 
능력을 비교한 연구[29]

 결과 예측(outcome forecasting) 과거 데이터를 기반으로 미래의 의료결과를 
예측하는 작업. 예후 평가나 치료효과 연구에 
활용됨

LLM이 중환자실 입원 환자의 병원 외 사망률을 
예측하는 능력을 연구한 논문[30]

TRIPOD, transparent reporting of a multivariable model for individual prognosis or diagnosis; LLM, large language model.
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파이(Delphi) 과정을 적용하였고, 이를 생명력 있는(living) 지침 방

식과 결합하였다. 관련 용어에 대한 정의는 부록(Box 1)으로 수록

하였다.

가이드라인 개발을 위한 운영위원회를 구성하고, natural lan-
guage processing (NLP), AI, 의료정보학 등 다양한 전문성과 경

험을 갖춘 전문가 패널과 함께 작업하였다. (본 논문 저자의 두 그

룹 내 역할은 Author contributions에 기술했다.) 이 지침은 2024
년 5월 2일, EQUATOR Network에 개발 중인 보고 지침으로 등

록되었다(https://www.equator-network.org).

윤리 선언

본 연구는 2024년 3월 26일 MIT 인간대상 실험 윤리위원회

(COUHES IRB)로부터 면제 승인을 받았다(exempt ID: E-5705). 

델파이 설문 참여자는 설문 응답 전 전자 동의서를 제출하였다.

후보 항목 목록 도출

TRIPOD-2015, TRIPOD+AI 가이드라인(https://www.tri-
pod-statement.org) 및 LLM 보고 지침 관련 문헌을 참고하여 초

기 후보 항목 목록을 작성하였다[9,11,37,40]. 운영위원회와 전문

가 패널은 추가 문헌조사를 통해 이 목록을 확장하였고, 최종적으

Box 1. 용어 해설(glossary of terms) 

아래 정의와 설명은 TRIPOD-LLM의 특정 맥락 및 본 가이드라인에서의 용례에 한정된 것으로, 다른 연구 분야에는 그대로 적용되지 않을 수 있다.

Attention mechanism(어텐션 메커니즘): 신경망에서 출력의 각 부분을 생성할 때 입력의 서로 다른 부분에 주의를 집중할 수 있도록 하여, 시퀀스 
데이터 내 장거리 의존성 처리를 가능하게 하는 핵심 요소.

Chain-of-thought prompting(사고 흐름 프롬프트): 모델이 복잡한 추론 과제를 단계별 사고과정으로 분해하여 처리하도록 유도하는 프롬프트 
기법으로, 논리적ㆍ수리적 문제 해결력 향상에 도움을 준다.

Confabulation(혼동 생성): Hallucination(환각)의 대체용어로, 의도하지 않게 허위정보를 생성하는 현상을 의미한다.

Data leakage(데이터 누출): 모델학습 또는 미세조정 과정에서 테스트 데이터를 사용하는 것으로, 실제 성능보다 과대평가되는 결과를 초래한다.

Decoder(디코더): 벡터화된 입력 데이터를 다시 텍스트 시퀀스로 변환하는 모델 구성요소.

Autoregressive model(자기회귀모델): 시퀀스 내 앞선 요소를 바탕으로 다음 요소(예: 문장의 다음 단어)를 예측하는 트랜스포머 기반 모델. 최신 
LLM (생성형 사전학습 변환기 등)은 대부분 자기회귀모델이다.

Embedding(임베딩): 텍스트를 고차원 벡터 공간에 표현하여, 의미적으로 유사한 단어가 비슷한 벡터로 나타나게 하는 방식(‘벡터’ 참조).

Encoder(인코더): 입력 데이터를 벡터화하거나 모델이 이해할 수 있는 표현으로 변환하는 모델의 구성요소.

Encoder–decoder(인코더-디코더): 인코더와 디코더를 결합하여 입력 데이터를 출력으로 변환하는 모델 아키텍처 프레임워크.

Few-shot learning(소수 예시 학습): 매우 적은 수의 예시만으로 모델이 작업을 효과적으로 수행할 수 있도록 하는 학습방법. 예시 수에 따라 one-
shot learning 등으로 명명되기도 한다.

Fine-tuning(미세조정): 사전 학습된 모델을 소규모 도메인 특화 데이터 세트로 추가 학습시켜 특정 작업에 특화하는 과정.

GPT: 자연어 이해 및 생성을 위한 자기회귀 트랜스포머 기반 모델 계열. 문장 내 다음 단어 예측을 위한 사전 학습을 수행함.

Hallucination(환각): 언어모델이 입력 데이터와 무관하거나 관련성이 적은 텍스트를 생성하는 현상. 허위, 부정확한 내용이 포함될 수 있다.

In-context learning(문맥 내 학습): 추론 단계에서 프롬프트에 예시를 제공함으로써 모델이 새로운 작업을 학습하는 능력.

Instruction tuning(지시 조정): 자연어 지시문과 바람직한 출력 쌍의 데이터 세트를 활용하여 모델이 다양한 지시문을 잘 따르도록 미세 조정하는 
방법.

Prompt(프롬프트): LLM에게 응답을 유도하기 위해 입력하는 질의 또는 지시문.

Reinforcement learning(강화학습): LLM 개발에서 흔히 사용되는 머신러닝 기법으로, 행동에 대해 보상을 주어 모델이 인간 선호에 맞는 출력을 
내도록 학습한다.

Prompt engineering(프롬프트 엔지니어링): 원하는 출력을 얻기 위해 프롬프트를 설계ㆍ최적화하는 과정. 반복적 프롬프트, 예시 포함, 사고 흐름 
프롬프트 등이 포함된다.

Retrieval-augmented generation(검색 기반 생성): 외부 지식 베이스에서 정보를 검색해 생성과정에 결합, LLM이 최신 또는 도메인 특화 정보를 
활용해 텍스트를 생성하도록 하는 방법.

Temperature(온도 파라미터): Softmax 적용 전 로짓을 조정하여 예측의 무작위성을 제어하는 파라미터. 값이 높을수록 생성 텍스트의 다양성이 
커진다.

Tokenization(토크나이즈): 텍스트를 단어, 어절, 구 등 작은 단위(token)로 분할해 자연어 처리작업을 용이하게 하는 과정.

Transformer(트랜스포머): NLP 분야의 혁신적 신경망 아키텍처. 자기 어텐션 메커니즘(self-attention)을 통해 시퀀스를 병렬 처리하고, 복잡한 
종속관계도 효과적으로 포착한다.

Vector(벡터): 데이터의 수치적 표현. LLM에서는 각 토큰(단어 조각)의 벡터가 주변 단어에 의해 영향을 받는 ‘문맥 임베딩(contextual 
embedding)’으로 나타난다.

Zero-shot learning(제로샷 학습): 모델의 이해 및 일반화 능력에 기반해 명시적으로 학습한 적 없는 작업도 올바르게 수행하는 능력.

https://www.equator-network.org
https://www.tripod-statement.org
https://www.tripod-statement.org
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로 제목, 초록, 서론, 방법, 결과, 논의, 기타 항목 등 총 64개의 고

유 항목으로 표준화하였다.

패널 모집

델파이 참여자는 운영위원회가 관련 논문 저자와 개인 추천, 그

리고 델파이 참여자가 추천한 전문가를 포함하여 선별하였다. 운영

위원회는 지리적 및 학문적 다양성을 반영하여 연구자(통계학자, 

데이터 과학자, 역학자, 머신러닝 전문가, 임상의, 윤리학자), 의료

전문가, 학술지 편집자, 연구비 지원자, 정책 입안자, 의료규제자, 

환자 옹호단체 등 주요 이해관계자를 포함시켰다. 참여자 수에는 

최소 표본크기 제한을 두지 않았다. 운영위원회 구성원이 각 참여

자의 전문성 또는 경험을 확인하였다. 이후 이메일을 통해 설문 참

여를 요청하였으며, 참여자에게 금전적 보상이나 선물은 제공하지 

않았다.

델파이 과정

설문은 개별 응답이 가능하도록 영어로 설계되었으며, Google 

Forms (Google LLC)를 통해 온라인으로 배포되었다. 모든 응답

은 익명으로 처리하였고, 이메일 또는 식별 정보는 수집하지 않았

다. 참여자에게 각 항목을 ‘생략 가능,’ ‘포함 가능,’ ‘포함 권장,’ 

‘포함 필수’로 평가하도록 요청하였다. 이는 이전 TRIPOD 가이

드라인에도 적용한 방식이다[9]. 모든 항목에 대해 의견을 남기거

나 새로운 항목을 제안할 수 있었다. 자유 응답은 D.S.B.와 J.G.가 

수합 및 분석하였으며, 그 결과를 토대로 항목의 문구 수정, 통합, 

신규 항목 제안을 진행하였다. 모든 운영위원회 구성원도 델파이 

설문에 참여할 수 있도록 초대되었다.

1차 참여자

1차 설문은 2024년 3월 1일부터 4월 23일까지 실시하였고, 설

문 링크는 56명에게 발송하였다. 이 중 26명이 설문을 완료하였다. 

설문 참여자는 9개국 출신으로, 북미 14명, 유럽 5명, 아시아 2명, 

남미 1명, 오스트랄라시아 1명이었다. 3명은 정보를 제공하지 않

았다. 참여자는 주된 업무 분야를 복수로 선택할 수 있었는데, 26
명 중 20명(77%)이 AI, 머신러닝, 임상정보학, NLP 분야를, 14명

이 의료 분야를 주요 분야로 선택하였다.

합의 회의

4월 22일과 24일, D.S.B.와 J.G.의 주재하에 모든 운영위원회 

및 전문가 패널 구성원을 초대하여 온라인(Zoom; Zoom Video 

Communications Inc.)으로 합의 회의를 진행하였다. 회의 녹화본

과 회의록은 불참자를 위해 즉시 배포하여 회의 이후에도 의견 제

출이 가능하도록 하였다. 각 질문에 대한 응답과 자유 의견을 차례

로 검토하였고, ‘포함 필수’에 대해 50% 미만의 지지를 받은 항목

은 따로 표시하여 포함의 중요성에 대해 심도 있게 논의하였다. 모

든 항목에서 합의(consensus)가 이뤄졌으며, 제3자의 개입은 필요

하지 않았다. 합의에 도달할 때까지, 패널 중 추가 의견이나 이견이 

없을 때까지 항목을 논의하였다. 논의 녹취록은 개인식별 정보와 

민감 정보를 제거한 후 Supplementary Information에 공개하여 

투명성을 확보하였다.

LLM 활용 분야의 방대함을 고려하여, ‘연구설계(Research De-
sign)’와 ‘LLM 과업(LLM Task)’ 아래 추가 하위 범주로 항목을 그

룹화하는 모듈형 방식을 도입하였다. 이 방안은 합의 회의에서 채

택되었고, 최종 분류는 운영위원회의 승인을 받았다.

LLM의 개발, 튜닝, 평가, 적용 등 다양한 단계와 여러 의료과업

에서의 활용을 적절히 반영하기 위해, 항목은 (1) 연구설계와 (2) 

LLM 과업을 기준으로 분류하였다(Fig. 1). 연구설계 범주는 de 
novo LLM 개발, LLM 방법(미세조정, 프롬프트 엔지니어링, 아키

텍처 수정 등), LLM 내재 평가, 헬스케어 환경에서의 LLM 평가 

등으로 구분된다. LLM 과업 범주는 저수준 텍스트 처리(품사 태

깅, 관계 추출, 명명 엔티티 인식 등), 분류(진단 등), 장문의 질의응

답, 대화형 에이전트, 문서 생성, 요약/단순화, 기계번역, 결과 예

측(예: 예후 등)이다. 각 항목은 복수의 설계 및 과업 범주에 해당할 

수 있고, 한 연구에 둘 이상의 설계 및 과업이 포함될 수도 있다. 연

구에 포함된 모든 설계 및 과업에 해당하는 항목은 반드시 보고해

야 한다. 각 설계 및 과업 범주에 대한 정의와 예시는 Table 1에 제

시하였다. 이러한 분류가 완벽하지 않으며, 설계 및 과업 간 중복이 

존재할 수 있음을 인정한다.

TRIPOD-LLM 지침

TRIPOD-LLM은 LLM을 개발, 튜닝, 프롬프트 엔지니어링하

거나 평가하는 연구에서 필수적인 항목들을 적절하게 보고할 수 있

도록 구성된 체크리스트를 포함한다(Table 2).

Box 2에는 TRIPOD-2015 및 TRIPOD+AI에 추가되거나 변

경된 주요 내용이 요약되어 있으며, Box 1에는 주요 정의가 제시되

어 있다. TRIPOD-LLM 체크리스트는 제목(1개 항목), 초록(1개 

항목), 서론(2개 항목), 방법(8개 항목), 오픈 사이언스 실천(1개 항

목), 환자 및 대중의 참여(1개 항목), 결과(3개 항목), 논의(2개 항

목) 등 총 19개 주요 항목으로 구성되어 있다. 이 주요 항목들은 50
개의 세부 항목으로 세분화된다. 이 중 14개 주요 항목과 32개 세

부 항목은 모든 연구설계와 LLM 작업에 공통으로 적용되고, 나머

지 5개 주요 항목과 18개 세부 항목은 특정 연구설계나 LLM 작업

유형에만 적용된다. 방법(Methods)에서 논의된 바와 같이, TRI-
POD-LLM 지침은 다양한 LLM 연구유형에 대응할 수 있도록 모
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Fig. 1. TRIPOD-LLM 워크플로우. TRIPOD-LLM 체크리스트 워크플로우는 총 59개의 보고 항목으로 시작하며, 연구과업(예: 분류, 요약)과 연구
설계(예: LLM 평가) 선택에 따라 필요한 항목 수가 점차 줄어든다. 두 가지 모두 선택한 후에는, 보고에 필요한 항목만 필터링된 목록이 생성된다. 
TRIPOD, transparent reporting of a multivariable model for individual prognosis or diagnosis; LLM, large language model.

듈형 형식을 도입하였다(Table 1). 일부 항목은 특정 연구설계나 

LLM 작업유형에만 해당된다. 이러한 설계 및 작업 범주는 폭넓지

만 상호 배타적인 것은 아니며, 연구의 맥락에 따라 달라질 수 있고 

LLM의 적용이 진화함에 따라 변화가 필요할 수 있다. 또한 LLM 

기반 연구의 학술지 또는 학회 초록을 위한 별도의 체크리스트를 

포함하고 있으며, 기존 TRIPOD+AI for abstracts 지침도 개정되

어(TRIPOD-LLM for abstracts) (Table 3), 새로운 내용을 반영하

고 TRIPOD-LLM과의 일관성을 유지하였다[18].

TRIPOD-LLM에 포함된 권고사항은 LLM 기반 연구가 어떻

게 수행되었는지 완전하고 투명하게 보고하기 위한 것으로, LLM
을 개발하거나 평가하는 방법 자체를 규정하지는 않는다. 이 체크

리스트는 연구의 질을 평가하는 도구가 아니며, CANGARU 

(ChatGPT, generative artificial intelligence and natural large 

language models for accountable reporting and use) [41] 및 

CHART (Chatbot Assessment Reporting Tool) [40] 역시 생성형 

AI와 챗봇에 초점을 맞춘 보완적 지침이다.

TRIPOD 공식 웹사이트(https://www.tripod-statement.org) 

외에도, 연구설계와 작업에 따라 필요한 질문을 제공하는 인터랙티

브 웹사이트(https://tripod-llm.vercel.app/)가 함께 개발되어 작성

의 용이성을 높였다. 이 사이트에서는 제출에 적합한 최종 PDF를 

생성할 수 있다. TRIPOD-LLM 체크리스트의 (입력 가능한) 작성

용 템플릿은 https://www.tripod-statement.org에서 다운로드할 

수 있다. TRIPOD-LLM과 후속 지침 발표와 관련된 소식, 공지, 

정보 등은 TRIPOD-LLM 웹사이트와 TRIPOD 공식 웹사이트

(https://www.tripod-statement.org)에서 확인할 수 있다.

임상 및 병원 운영작업을 위해 LLM의 사전학습(pretraining), 

미세조정(fine-tuning), 후향 평가(retrospective evaluation), 임상 

적용(clinical deployment)에 관한 이전에 발표된 연구를 대상으로 

작성한 TRIPOD-LLM 체크리스트의 완성 예시는 Supplement 1
에 제시되어 있다[6]. 또한 이해를 돕기 위해 작성용 체크리스트는 

Supplement 2으로, 새로운 항목에 대한 설명과 보충 문서는 Sup-
plement 3으로 제공하였다.

생명력 있는(living) 문서로서의 TRIPOD-
LLM 지침

이 분야의 급속한 발전속도와 의료종사자 및 환자와의 상호작용 

시점을 고려하여, (생명)과학 및 기타 의료 분야에서 LLM을 적시

에 활용할 수 있도록 TRIPOD-LLM 지침을 신속히 마련하기로 

결정하였다. 이 지침은 사용자 테스트를 통한 개선, 분야 발전에 따

른 업데이트, 새로운 표준의 도입 및 정기적인 검토를 용이하게 하

기 위하여, 생명력 있는(living) 문서형태로 설계되어 인터랙티브 

웹사이트에 게시되어 있다. 따라서 향후 보고 권고사항의 지속적인 

변화가 예상되므로, 사용자들은 항상 https://tripod-llm.vercel.
app/에 게시된 최신 버전의 가이드라인을 참고하는 것이 좋다.

TRIPOD-LLM 지침을 유연한 변화가 가능한(living) 방식으로 

개발한 것은, 변화하는 근거에 기반하여 최신 권고를 제공하기 위

해 고안된 living systematic reviews [42,43] 및 임상진료지침(clin-

https://www.tripod-statement.org
https://tripod-llm.vercel.app/
https://www.tripod-statement.org
https://www.tripod-statement.org
https://tripod-llm.vercel.app/
https://tripod-llm.vercel.app/
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Table 2. TRIPOD-LLM 점검표 

섹션(section)
항목 

(item)
설명(description)

연구설계 
(research design)

LLM 과업 
(LLM task)

제목(Title) 1 해당 연구가 LLM의 개발, 미세조정 또는 성능 평가임을 밝히고, 
수행작업, 대상 집단, 예측하고자 하는 결과를 명시할 것

All All

초록(Abstract) 2 TRIPOD-LLM for abstracts 참조 All All

서론(Introduction)

 배경(Background) 3a 의료 맥락/활용 사례(예: 행정, 진단, 치료, 임상 워크플로우)와 
LLM 개발 또는 평가의 근거를 설명하고, 기존 접근법 및 모델을 
인용할 것

All All

3b 대상 집단과 케어 경로 내에서 LLM의 의도된 사용, 현재 표준 
실무의 의도된 사용자(예: 의료전문가, 환자, 대중, 행정가)를 
포함하여 설명할 것

E, H All

 목적(Objectives) 4 연구목적을 명시하되, 연구가 LLM의 초기 개발, 미세조정, 검증 
중 어떤 단계(혹은 여러 단계)에 대한 것인지 포함할 것

All All

방법(Methods)

 데이터(Data) 5a 학습, 튜닝, 평가 데이터 세트의 출처를 개별적으로 기술하고, 해당 
데이터를 사용한 근거를 제시할 것(예: 웹 코퍼스[corpus], 
임상연구/시험 데이터, EHR 데이터 등)

All All

5b 관련 데이터 항목을 기술하고, 분포 등 데이터 세트의 
정량적ㆍ정성적 특성과 기타 관련 설명자(예: 출처, 언어, 국가 
등) 제공

All All

5c 개발(학습, 미세조정, reward modeling) 및 평가 데이터 세트에서 
사용한 텍스트의 가장 오래된 날짜와 최신 날짜를 명확히 제시할 
것

All All

5d 데이터 전처리 및 품질 검사방법을 기술하되, 이 과정이 텍스트 
코퍼스, 기관, 사회인구학적 집단 간에 동일했는지 포함할 것

All All

5e 결측 및 불균형 데이터 처리방법과 데이터 제외 사유를 명확히 
기술할 것

All All

 분석방법(Analytical methods) 6a LLM 이름, 버전, 최종 학습날짜를 보고할 것 All All

6b LLM 개발과정(아키텍처, 학습, 미세조정 절차, 얼라인먼트 
전략[예: 강화학습, 직접 선호도 최적화]과 그 목표[예: 유용성, 
정직성, 무해성 등])에 대한 세부사항 보고

M, D All

6c LLM을 활용한 텍스트 생성과정, 프롬프트 엔지니어링(출력 
일관성 포함), 추론 설정(예: 시드 값, 온도, 최대 토큰 길이, 
페널티 등) 상세 보고

M, D, E All

6d LLM의 초기 및 후처리 출력값 명시(예: 확률, 분류, 비정형 텍스트 
등)

All All

6e 분류(classification) 관련 세부 내용 및 확률 산출방법과 임계값 
식별방법 포함 시 상세 설명

All C, OF

 LLM 출력(LLM output) 7a 생성결과의 품질(일관성, 관련성 등) 평가지표 포함 All QA, IR, 
DG, SS, 
MT

7b 배포 시점의 하위 과업 결과지표의 적합성과, 해당 용도와 인간 
평가와의 상관관계 보고

E, H All

7c 결과 정의, LLM 예측 산출방식(예: 공식, 코드, 객체, API), 폐쇄형 
LLM의 추론날짜, 평가지표 명확화

E, H All

7d 결과 평가에 주관적 해석이 필요할 경우, 평가자의 자격, 제공된 
지침, 평가자 인구통계 정보, 평가자 간 합의 포함

All All

7e 성능 비교 시 기준(LLM, 인간, 기타 벤치마크/표준) 명시 All All

 주석(Annotation) 8a 주석을 작성한 경우, 텍스트 라벨링 방식, 구체적 가이드라인 및 
예시 포함해 기술

All All

8b 주석자 수, 각 데이터 세트별 다중 주석 비율, 주석자 간 합의 등 
포함

All All

8c 주석자 배경 및 경험, 라벨링에 관여한 모델 특성 등 정보 제공 All All

(Continued on the next page)
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섹션(section)
항목 

(item)
설명(description)

연구설계 
(research design)

LLM 과업 
(LLM task)

 프롬프트(Prompting) 9a 프롬프트 관련 연구일 경우, 프롬프트 설계, 선별, 선정과정 상세 
기술

All All

9b 프롬프트 개발에 사용된 데이터 명시 All All

 요약(Summarization) 10 요약 전 데이터 전처리 방법을 기술 All SS

 지시 조정/얼라인먼트(Instruction 
tuning/alignment)

11 해당 전략 사용 시, 평가에 사용된 지침, 데이터, 인터페이스 및 
평가 집단 특성 명시

M, D All

 연산 자원(Compute) 12 연구 수행에 필요한 연산 자원 또는 그 대체지표(예: 사용한 기계 
수, 소요시간, 비용, 추론시간, 초당 부동소수점 연산 
횟수[FLOPS] 등) 보고

M, D, E All

 윤리 승인(Ethical approval) 13 연구를 승인한 IRB 또는 윤리위원회 명칭, 참여자 동의 또는 동의 
면제 여부 명시

All All

 오픈 사이언스(Open science) 14a 연구 자금 출처와 연구비 제공자의 역할 명시 All All

14b 모든 저자의 이해상충 및 재정 공개 선언 All All

14c 연구 프로토콜 공개 위치 명시 또는 미작성 명시 H All

14d 연구 등록정보(등록기관, 등록번호) 명시 또는 미등록 명시 H All

14e 연구 데이터 이용 가능성 상세 안내 All All

14f 연구결과 재현을 위한 코드 이용 가능성 상세 안내 All All

 공공 참여(Public involvement) 15 설계, 수행, 보고, 해석, 결과 확산 등 과정에서 환자 및 공공 참여 
내역 또는 미참여 사실 명시

H All

결과(Results)

 참여자(Participants) 16a 환자/EHR 데이터 사용 시, 텍스트/EHR/환자 데이터의 흐름, 
문서/질문/참여자 수(결과 보유ㆍ미보유 구분), 추적기간 등 기술

EH All

16b 환자/EHR 데이터 사용 시, 전체 및 각 데이터 
출처/설정/개발ㆍ평가 분할별 특성, 주요 날짜, 주요 특성, 
표본크기 등 보고

EH All

16c 임상결과 포함 LLM 평가 시, 개발 및 평가 데이터 간 주요 임상 
변수 분포 비교(가능 시)

EH All

16d 환자/EHR 데이터 사용 시, 각 분석(LLM 개발, 하이퍼파라미터 
튜닝, 평가 등)별 참여자 및 결과 발생건수 명시

EH All

 성능(Performance) 17 사전 지정한 평가지표(7a) 및/또는 인간 평가(7d)에 따라 LLM 
성능 보고

All All

 LLM 업데이트(LLM updating) 18 해당되는 경우, LLM 업데이트 결과와 이후 성능 보고 All All

논의(Discussion)

 해석(Interpretation) 19a 주요 결과의 전반적 해석, 목표와 선행연구 맥락에서의 공정성 
이슈 포함

All All

 한계(Limitations) 19b 연구 한계와 이에 따른 편향, 통계적 불확실성, 일반화 가능성에 
미치는 영향 논의

All All

 맥락 내 LLM 활용성(Usability of 
the LLM in context)

19c 지정된 작업과 도메인 맥락에서 데이터를 사용하는 데 있어, 
표현(representation), 결측(missingness)

E, H All

19d 평가대상 적용사례의 의도된 사용 목적, 입력, 최종 사용자, 
자율성/인간 감독 수준 정의

E, H All

19e 해당 시, LLM 적용 시 저품질 또는 이용 불가 입력 데이터의 
평가ㆍ처리방법, 실제 임상에서의 LLM 활용성 기술

E, H All

19f 해당 시, 사용자가 입력 데이터 처리나 LLM 사용에 관여해야 하는 
지와 필요한 전문성 수준 명시

E, H All

19g 향후 연구의 다음 단계, LLM의 적용 가능성 및 일반화 가능성 
중심으로 논의

All All

기존 LLM을 활용하는 연구의 경우 사용자는 원 개발자가 제공한 보고 가능한 정보에 대한 참고문헌을 반드시 포함해야 하며, 해당 정보가 제공되지 않은 경우에는 이를 명

시해야 한다.
TRIPOD, transparent reporting of a multivariable model for individual prognosis or diagnosis; LLM, large language model; HER, electronic health record; API, 
application programming interface; FLOPS, floating-point operations per second; IRB, Institutional Review Board; E, LLM evaluation; H, LLM evaluation in 
healthcare settings; M, LLM methods; D, de novo LLM development; C, classification; OF, outcome forecasting; QA, long-form question answering; IR, infor-
mation retrieval; DG, document generation; SS, summarization and simplification; MT, machine translation.

Table 2. Continued
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Box 2. TRIPOD-LLM에서 TRIPOD-2015 및 TRIPOD+AI와 달라진 주요 내용 및 추가 사항 

LLM 보고를 위한 신규 체크리스트 도입: LLM의 고유한 특성과, 기존 AI 및 예측모델과 구별되는 특정 방법론을 반영하여 LLM 보고에 특화된 
별도의 체크리스트가 개발되었다.

생명력 있는(living) 가이드라인: 이 체크리스트는 생명력 있는 문서로 설계되어, 문헌 검토와 커뮤니티의 의견을 반영하여 정기적으로 업데이트된다. 
이 방식은 본 분야의 빠른 발전속도를 반영하기 위한 것으로, 신속한 버전 관리, 사용자 테스트를 통한 개선, 적시 업데이트가 가능하도록 하였다.

과업 특이적(task-specific) 지침 신설: 체크리스트에는 의료 분야의 다양한 LLM 응용에 따른 특정 도전과 필요를 해결하기 위한 과업별 지침이 
새롭게 추가되었다. 이를 통해 연구 중인 LLM의 기능과 목적에 맞는 맞춤형의 관련성 높은 보고가 가능해진다.

투명성과 공정성에 대한 강조 강화: 새로운 지침은 ‘투명성’과 ‘공정성’을 강조하며, 임상모델에 내재될 수 있는 사회적 편향의 인식 및 해결의 
중요성을 부각하였다. 체크리스트는 이러한 개념을 전반에 통합하여, 모델 생애주기의 모든 단계에서 편향과 공정성이 고려되도록 하였다.

모듈형(modular) 프레임워크: 새로운 지침은 모듈형 구조로, 각 연구에서 보고되는 연구설계 및 LLM 과업에 따라 요구사항이 달라진다. 이는 모델 
개발부터 평가까지 생의학 LLM 연구의 다양한 응용과 접근법을 반영하여, 보다 특화된 보고 항목의 필요성에 대응하기 위함이다.

Table 3. TRIPOD-LLM 초록 항목 

섹션(section) 항목(item) 체크리스트 항목(checklist item) 연구설계(Research design) LLM 과업(LLM task)

제목(Title) 2a 연구가 LLM의 개발, 미세조정, 성능 평가임을 밝히고, 
해당 작업, 대상 집단, 예측하고자 하는 결과를 
명시할 것

All All

배경(Background) 2b 의료 맥락, 활용 사례, LLM 성능 개발 또는 평가의 
근거를 간단히 설명할 것

E, H All

목적(Objectives) 2c 연구목적을 명시하되, LLM 개발, 미세조정 및/또는 
평가에 관한 것인지 포함할 것

All All

2d 연구환경의 주요 요소를 기술할 것 All All

2e 연구에 사용된 모든 데이터를 상세히 기술하고, 데이터 
분할 및 선택적 사용 여부를 명확히 기술할 것

M, D, E All

2f 사용된 LLM의 이름과 버전을 명확히 밝힐 것 All All

2g LLM 구축과정(미세조정, 보상 모델링, RLHF 등 
포함)을 간단히 요약할 것

M, D All

2h LLM이 수행한 구체적 작업(예: 의학 QA, 요약, 추출 
등)을 기술하고, 최종 LLM의 주요 입력 및 출력을 
강조할 것

All All

방법(Methods) 2i 평가에 사용된 데이터 세트/집단과 평가 엔드포인트를 
명시하고, 해당 정보를 학습/튜닝에서 배제했는지를 
밝히며, LLM 성능 평가에 사용된 측정방법을 상세히 
기술할 것

All All

결과(Results) 2j 주요 결과의 전반적 보고와 해석을 제공할 것 All All

논의(Discussion) 2k 결과에 비추어 발생할 수 있는 광범위한 시사점이나 
우려 사항을 명확히 기술할 것

All All

기타(Other) 2l 등록번호와 레지스트리/저장소 이름(해당 시)을 명시할 
것

H All

TRIPOD, transparent reporting of a multivariable model for individual prognosis or diagnosis; LLM, large language model; RLHF, reinforcement learning with 
human feedback; E, LLM evaluation; H, LLM evaluation in healthcare settings; M, LLM methods; D, de novo LLM development; QA, long-form question an-
swering.

ical practice guidelines) [44,45] 개발의 경험에서 영감을 받은 것

이다. 지침에 대한 공공 의견은, 접근성을 높이기 위해 여러 경로

�프로젝트별 GitHub 저장소, TRIPOD-LLM 웹사이트, 메인 

TRIPOD 웹사이트(https://www.tripod-statement.org/)�를 통

해 수집할 예정이다. 모호하거나 중복된 표현 등 지침의 가독성과 

내용 전반에 대한 의견 모두를 환영한다. 예를 들어, 사용자는 실제 

적용 가능성을 높이기 위한 항목 변경, 새로운 항목 추가, 특정 연

구설계 또는 LLM 작업 모듈에 배정된 항목 추가/삭제, 연구설계 

또는 LLM 작업 모듈 범주 변경 등을 제안할 수 있다.

전문가 패널은 3개월마다 회의를 열어 업데이트를 논의한다. 회

의 전, 패널 구성원들은 그동안의 주요 문헌을 검토하여 업데이트

에 참고한다. 업데이트 단위는 지침에 명시된 체크리스트 항목, 연

구설계 범주, LLM 작업 범주가 된다. 회의에서 패널은 현재 지침

의 상태를 점검하고, 공공 의견, 문헌 검토, 주제 전문성을 고려하

여 개정사항을 제안한다. 운영위원회는 논의내용을 반영해 지침을 

수정하고, 이를 전문가 패널에 회람하여 최종 검토 및 승인을 받는

다. 검토 결과에 따라 TRIPOD-LLM 지침의 각 구성요소(항목, 

연구설계, LLM 작업)에는 다음과 같은 조치가 취해질 수 있다

https://www.tripod-statement.org/
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[42]: (1) 변경 없음; (2) 실질적 내용의 수정(명확성을 위한 간단한 

문구 수정이나 오ㆍ탈자 교정 등은 수정에 해당하지 않음); (3) 하

나 이상의 구성요소를 통합(통합은 동일한 구성요소 유형 내에서만 

이루어짐); (4) 하나의 구성요소를 둘 이상으로 분리(분리 역시 동

일한 구성요소 유형 내에서만 적용); (5) 해당 구성요소를 지침에서 

삭제.

새로운 버전의 지침이 공개될 때마다 TRIPOD-LLM 웹사이트

와 메인 TRIPOD 웹사이트(https://www.tripod-statement.org/), 

EQUATOR Network 웹사이트(https://www.equator-network.

org/reporting-guidelines/) 및 소셜 미디어 계정을 통해 즉시 공지

된다. 저널 편집자들에게도 이메일로 업데이트 소식이 전달되어, 

저자 지침이 항상 최신 버전을 참조하도록 한다. 사용자는 자신이 

활용한 지침의 버전을 반드시 인용해야 한다. 각 검토 회의마다 전

문가 패널의 전문성, 다양성, 대표성을 점검하며, 필요 시 신규 패

널을 위촉한다. 또한 전문가 패널 구성원은 해당 분야에 중대한 변

화가 발생하여 긴급한 논의가 필요하다고 판단될 때, 임시(ad hoc) 

검토를 요청할 권한도 가진다.

고찰

TRIPOD-LLM은 생물의학 및 의료 분야에서 급속하게 발전하

고 있는 LLM 분야에서 연구자와 학술지, 의료전문가, 상업적ㆍ비

상업적 LLM 개발자, 그리고 의료기관을 위한 안내를 목적으로 개

발되었다. 이 지침은 LLM의 개발, 튜닝, 평가를 다루는 연구에 대

한 최소한의 보고 권고사항을 제시한다. TRIPOD-LLM 항목에 

따라 보고함으로써 연구자는 LLM 연구방법의 질을 이해하고 평

가할 수 있다. 또한 연구결과의 투명성을 높이고, 연구결과의 과해

석을 줄이고, 재현성과 복제를 용이하게 하며, LLM의 실제 적용

에도 도움이 된다.

모델 생애주기 전반에 걸친 투명성은 본 가이드라인에서 강하게 

강조되는 핵심 요소이다. LLM 생애주기 각 단계에서의 세부적인 

문서화가 요구된다[46]. 예를 들어, 개발 및 미세조정 단계에서는 

학습 데이터의 출처와 전처리(preprocessing) 과정을 공개하는 것

이 중요하다. 또한 LLM의 버전과 기존의 파운데이션 모델에 대한 

미세조정 또는 얼라인먼트 과정에 대한 세부 사항을 투명하게 보고

해야 LLM 간의 공정한 비교가 가능하다. 여기에는 학습 데이터 수

집 시점의 기준일(cut-off date)을 명시하여, 데이터 세트의 시간적 

적합성과 평가 시의 데이터 유출 또는 오염 가능성을 분명히 하는 

내용이 포함된다. 아울러, 연구에서는 모델 버전의 날짜, 데이터 수

집 중 모델이 고정(frozen)되어 있었는지 혹은 동적으로 업데이트

되었는지도 반드시 기록해야 한다. 입력 데이터의 투명성 역시 필

수적이다. LLM은 보통 여러 공개 대규모 데이터 세트로 훈련되므

로, 사회적 편향이나 불평등(낙인을 찍는 용어, 집단 간 통계적 위

험 배분 등)이 내재화될 위험이 있다. 따라서 데이터 소스의 선별과 

잠재적 편향에 대한 체계적이고 투명한 접근이 요구된다

[20,32,47-50].

TRIPOD-LLM 지침은 인간의 통찰과 감독(human insight and 

oversight)도 중요한 구성요소로 다루며, 이는 LLM의 책임감 있는 

실제 적용을 위해 필수적인 요소이다(다만, 배포 신뢰성과 관찰 가

능성 자체는 본 논문의 범위를 벗어난다)[51-53]. 본 가이드라인은 

LLM의 예상 적용 맥락에 대한 보고를 강화하고, 해당되는 경우 

LLM에 부여된 자율성 수준을 명확히 보고할 것을 요구한다. 또한 

데이터 세트 구축과 평가 시의 품질관리 절차(예: 평가자 자격, 이

중 평가 요구사항, 평가자에게 제공되는 구체적 지침 등)도 강조하

며, 이를 통해 텍스트 평가의 미묘한 부분까지 포착하여 안전성과 

성능에 대한 신뢰성 있는 평가가 가능하도록 한다.

프롬프트와 과업 특이적 성과 보고는 LLM의 고유 특성으로 인

해 필수적으로 추가된 항목이다. 프롬프트 엔지니어링 방법의 차이

는 LLM 성능에 큰 영향을 미칠 수 있고, 이는 벤치마크 비교나 실

제 적용 가능성을 왜곡할 위험이 있다[54,55]. 따라서 관련이 있는 

경우라면 프롬프트 개발에 사용된 데이터 소스, LLM 모델명과 버

전, 수행된 전처리 단계, 프롬프트 엔지니어링 방법을 모두 상세히 

기술해야 한다. 이를 통해 프롬프트가 LLM으로부터 안정적이고 

재현 가능한 성능을 이끌어내도록 설계되었는지 확인할 수 있다. 

추가로, 평가 환경(지침, 인터페이스, 평가에 참여한 집단의 특성 

등)에 대한 명확한 보고도 요구된다. 이는 LLM의 성능이 실제 적

용 환경과 유사한 조건에서 평가되었는지를 강조하여 그 실용적 유

용성을 측정하는 믿을 만한 기준으로 삼기 위함이다.

TRIPOD-LLM의 주요 사용자 및 수혜자는 (1) 논문을 저술하

는 학계 및 산업계 연구자, (2) 연구 논문을 평가하는 학술지 편집

자 및 심사위원, (3) 투명성과 연구 질 제고의 혜택을 받을 기타 이

해관계자(연구 공동체, 학술기관, 정책 입안자, 연구비 지원기관, 

규제기관, 환자, 연구 참여자, 산업계, 일반 대중 등)가 될 것이다. 

편집자, 출판사, 산업계에서는 학술지 저자 지침 내에 TRI-
POD-LLM 링크를 명시하고, 논문 제출 및 심사과정에서 활용을 

권고하며, 권고사항 준수를 표준으로 삼을 것을 권장한다. 또한 연

구비 지원기관에서도 LLM 연구 지원 신청 시 TRIPOD-LLM에 

따라 보고계획을 포함하도록 요구하여, 연구의 낭비를 줄이고 연구

비의 효용을 높일 수 있을 것이다.

이 가이드라인은 주로 텍스트 전용 LLM을 염두에 두고 개발되

었으나, 최근 LLM이 통합된 멀티모달(multi-modal) 모델(예: 비

전-언어 모델[56])도 빠르게 등장하고 있어, 신속하고 유연한 보고 

지침이 특히 필요하다. 보고 고려사항의 상당수는 텍스트 LLM과 

멀티모달 모델 모두에 적용되지만, 예를 들어 비전-언어 모델에서

는 텍스트와 이미지의 전처리 과정을 모두 보고해야 한다. 그러나 

향후 버전에는 멀티모달 특유의 고려사항도 반영할 필요가 있다. 

예컨대, 영상 데이터를 활용하는 LLM 개발 연구는 영상 획득에 대

한 세부 정보를 보고해야 한다. 당분간 LLM을 주된 구성요소로 포

https://www.tripod-statement.org/
https://www.equator-network.org/reporting-guidelines/
https://www.equator-network.org/reporting-guidelines/
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함하는 방법의 개발/평가 연구는 TRIPOD-LLM 지침을 사용할 

것을 권고하지만, 이 부분은 해석에 따라 다를 수 있음을 인정한다. 

사용자는 재현성과 이해 가능성, 투명성이라는 목표를 염두에 두

고, 상식에 기반해 적절한 보고 지침을 선택하고 TRIPOD-LLM 

항목 중 멀티모달 LLM에 적용할 수 있는 요소를 해석하여 보고해

야 한다. 필요 시 방사선학(radiomics) 등 AI 타 분야의 방법론 가

이드라인도 참고할 수 있다[57,58].

임상 AI의 모델 메타데이터를 요약하는 model card의 생성, 검

증, 인증, 유지ㆍ관리에는 Coalition for Health AI [59], Epic AI 
Labs [60,61]와 같은 검증 연구소나 내부 검증기준이 중요한 역할

을 하게 될 것이다. TRIPOD-LLM 기준은 이러한 연구소들이 규

제기준에 부합하는 LLM 검증방안을 마련하고(예: 미국 바이든 행

정부의 ‘안전하고 신뢰할 수 있는 인공지능에 관한 행정명령,’ 미국 

AI Safety Institute [62], 미국 ONC HTI-1 Final Rule [63], EU 

AI Act [64]), 임상 AI의 신뢰성과 유용성에 대해 환자와 임상의, 

그리고 이해관계자의 신뢰를 형성하는 데 기여할 것으로 기대된

다.

LLM을 평가하고 검증하려면 특수한 전문성과 자원이 필요하다

는 점도 강조할 필요가 있다. LLM을 공정하고 안전하게 도입하려

면 개발에 대한 투자뿐 아니라, 대형 학술기관 외의 환경에서도 견

고한 검증이 가능하도록 하는 인프라 구축에 대한 투자도 병행되어

야 한다. LLM이 시간과 지역에 따라 변화하는 맥락을 내포하고 있

으므로 모델의 성능과 공정성이 시점이나 기관에 따라 달라질 수 

있다는 점을 고려할 때, 이 체크리스트는 LLM 평가를 위한 지속

적인 과정의 일부로 인식되어야 한다. 사용자에 따라 결과가 달라

지는 LLM의 특성으로 인해 기존 ML 모델보다 변화 양상이 더욱 

예측하기 어려울 수 있으므로, 단일 시점의 검증 결과만으로 보편

적 유효성을 주장하기보다는 효과의 경향성과 이질성을 파악하는 

데 더 집중해야 한다.

현재 TRIPOD-LLM 체크리스트의 한계는, 이 분야의 전례 없

이 빠른 개발 및 출판 속도로 인해 연구 공동체를 위한 신속한 가이

드라인 개발이 불가피했다는 점에서 비롯된다. 본 연구에서는 초기 

체크리스트 도출을 위해 신속한 델파이 과정을 거쳤으나, 이로 인

해 합의와 입력의 폭이 제한될 수 있었음을 인정한다. 이에 따라, 

피드백을 신속하게 반영하고 변화하는 방법론에 적응할 수 있도록 

생명력 있는(living) 지침방식을 도입하였다. 이러한 특성상 본 논

문에 포함된 체크리스트는 시간이 지나면 구 버전이 될 수 있으므

로, 사용자는 항상 https://tripod-llm.vercel.app/에서 최신 버전을 

확인해야 한다.

결론

TRIPOD-LLM은 연구자가 자신의 연구를 완전하게 보고할 수 

있도록 돕고, LLM 개발자와 연구자, 전문가 심사자(peer review-

er), 편집자, 정책 입안자, 최종 사용자(예: 의료전문가), 그리고 환

자가 LLM 기반 연구의 데이터, 방법, 결과, 결론을 명확히 이해할 

수 있도록 지원하는 것을 목표로 한다. TRIPOD-LLM 보고 권고

사항을 준수하면 연구에 소요되는 시간과 노력, 비용을 가장 효율

적으로 활용할 수 있으며, LLM 연구의 가치를 높이고 긍정적 영

향을 극대화할 수 있을 것이다.

온라인 콘텐츠

연구 방법, 추가 참고문헌, Nature Portfolio 보고 요약, 소스 데

이터, 확장 데이터, 보충 정보, 감사의 글, 동료평가 정보, 저자 기

여 및 이해관계 관련 상세 내용, 데이터 및 코드 이용 가능성 진술 

등은 https://doi.org/10.1038/s41591-024-03425-5에서 확인할 

수 있다.
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배경: 잘 설계되고 적절하게 실행된 무작위 배정 임상시험은 의료 개입의 효과에 대한 가장 신뢰할 수 있는 증거라고 할 수 있다. 그러나 연구 보고의 질

이 미흡하다는 많은 증거가 있다. CONSORT(통합 임상시험 보고 기준)는 이러한 보고의 질을 개선하기 위해 고안되었으며, 무작위 임상시험 보고서가 

포함해야 할 최소한의 항목을 제시한다. CONSORT는 1996년에 처음 발표된 후 2001년과 2010년에 개정되었다. 여기에서는 최근의 방법론적 발전과 

최종 사용자의 피드백을 반영하여 개정된 CONSORT 2025 statement를 소개한다.

방법: 문헌에 대해 범위를 검토하고 CONSORT와 관련된 경험과 이론에 바탕을 둔 프로젝트별 데이터베이스를 개발하여 점검표의 잠재적 변경 목록을 

생성하였다. 이 목록은 기존 CONSORT 확장판(유해성, 결과, 비약물적 치료)의 주 저자들과, 관련 보고 지침들(TIDieR), 그리고 개인적인 의견 교환을 

포함한 기타 출처에서 제공된 권고사항으로 보강되었다. 점검표의 잠재적 변경 목록은 317명이 참여한 대규모 국제 온라인 3 라운드 델파이 설문조사를 

통해 평가되었으며, 초청된 30명의 국제 전문가가 참여한 이틀 간의 온라인 전문가 합의 회의에서 논의되었다.

결과: CONSORT 점검표를 대폭 변경하였다. 새로운 항목 7개를 추가하고, 3개 항목을 수정하고, 1개 항목은 삭제했으며, 주요 CONSORT 확장판의 여

러 항목을 통합하였다. 또한 오픈 사이언스에 대한 새로운 섹션을 추가하여 CONSORT 점검표를 재구성하였다. CONSORT 2025 statement는 무작위 

임상시험 결과를 보고할 때 반드시 포함해야 하는 30개 항목의 점검표와 임상시험 참여자의 흐름을 문서화하기 위한 다이어그램으로 구성되어 있다. 또

한 각 항목의 핵심 요소를 도출하여 글머리 기호 형식으로 정리한 확장형 점검표도 개발하여 CONSORT 2025를 용이하게 이행할 수 있도록 하였다.

결론: 저자, 편집인, 심사자 및 기타 잠재적 사용자는 무작위 임상시험의 원고를 작성하고 평가할 때 CONSORT 2025를 사용하여 임상시험 보고서를 명

확하고 투명하게 작성하도록 해야 한다.
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저자 요약

-  무작위 임상시험을 정확하게 해석할 수 있도록 독자에게 임

상시험의 방법과 결과에 대한 완전하고 투명한 정보를 제공

해야 한다.

-  CONSORT 2025 statement는 방법론적 발전과 최종 사용자의 

피드백을 반영하여 무작위 배정 임상시험 결과 보고에 대한 

개정된 지침을 제공한다.

-  CONSORT 2025 statement는 30개 항목으로 구성된 필수 항목 

점검표, 임상시험 참여자의 흐름을 문서화하기 위한 다이어

그램, 각 점검표 항목의 핵심 요소를 자세히 설명하는 확장된 

점검표로 구성되어 있다.

-  저자, 편집인, 검토자 및 기타 잠재적 사용자는 무작위 배정 

임상시험 원고를 작성하고 평가할 때 CONSORT 2025를 사용

하여 임상시험 보고서가 명확하고 투명하게 작성되도록 해야 

한다.

서론

 “독자가 연구과정에 무슨 일이 있었는지 유추해야 할 필요가 

없도록 명확하게 알려야 한다.” Douglas G. Altman [1]

무작위 배정 임상시험은 적절하게 설계, 수행, 분석, 보고되

었을 때 일반적으로 의료 중재를 평가하는 데 있어 가장 높은 

수준의 근거로 간주된다. 무작위 배정 임상시험의 질에 대한 비

판적 평가는 임상시험의 설계, 수행, 분석 및 결과를 철저하고 

정확하게 보고할 때만 가능하다. 독자가 임상시험을 정확하게 

해석하려면 임상시험의 방법과 결과에 대한 완전하고 투명한 

정보가 필요하다. 그러나 무작위 배정 임상시험 보고의 완전성

이 불충분하며[2,3] 이러한 불완전한 보고는 중재효과의 추정치

에 편향을 초래할 수 있다는 광범위한 증거가 있다[4]. 마찬가

지로, 명확하고 투명한 임상시험 프로토콜을 갖추는 것은 중요

하다. 일차 결과와 같이 임상시험에 사용될 방법을 미리 지정함

으로써, 미공개 사후 변경이 이루어질 가능성을 줄이기 때문이

다[5].

무작위 임상시험 보고를 개선하려는 노력은 1990년대 초에 

탄력을 받아, 1994년 표준화된 임상시험 보고(Standardised Re-

porting of Trials, SORT) 및 아실로마르 이니셔티브(Asilomar ini-

tiatives)가 탄생하였다. 이러한 이니셔티브는 1996년 CON-

SORT(임상시험 보고 통합 기준) statement 발표로 이어졌고[6], 

2001년에는 설명 및 상세 문서와 함께 개정되었다[7,8]. 이후 

2010년에 CONSORT가 개정되었고[9], 이에 대한 설명 및 상세 

문서도 함께 개정되었다[10]. 마찬가지로 임상시험 프로토콜에

서 완전하고 투명한 보고가 부족하다는 문제로 인해 SPIRIT(표

준 프로토콜 항목: 중재적 임상시험을 위한 권고사항) statement

가 개발되어 2013년에 발표되었으며[11], 이 statement의 기본 원

칙에 대한 설명 및 상세 문서도 함께 발표되었다[12].

CONSORT는 전 세계 수많은 학술지와 세계의학편집인협회

(Word Association of Medical Editors), 국제의학학술지편집인위

원회(International Committee of Medical Journal Editors), 미국 과

학학술지편집인협의회(Council of Scientific Editors) 등 저명한 편

집 관련 단체들의 지지를 받고 있다. 학술지 내 CONSORT 도입

은 무작위 배정 임상시험 보고의 질 향상과 관련이 있는 것으로 

나타났다. 일부 근거에 따르면, 학술지가 CONSORT를 지지하

는 경우 보고의 질이 향상되며, 시간이 지남에 따라 보고가 더

욱 개선되는 것으로 나타났다[2,13-15]. 16,604건의 임상시험에 

대한 50건의 평가를 종합한 코크란 리뷰(Cochrane review)에서 

학술지의 CONSORT 지지 여부와 학술지가 발표한 임상시험 보

고 사이의 연관성을 평가했는데, 27개의 CONSORT 점검표 항

목 중 25개 항목이 CONSORT를 지지하는 학술지에 발표된 임

상시험에서 지지하지 않는 학술지보다 더 완전하게 보고되었다

[2,14]. 그러나 인과 관계를 증명할 수는 없다. 최소한 CON-

SORT는 많은 최종 사용자(예: 저자, 학술지 편집인, 동료 심사

자)에게 무작위 배정 임상시험에서 신중하고 철저한 보고가 얼

마나 중요한지에 대한 인식을 일깨워주었다.

SPIRIT와 CONSORT는 각각 완료된 무작위 임상시험의 프로

토콜과 1차 보고서에 포함되어야 하는 필수 항목의 점검표와, 

임상시험 참여자의 흐름을 문서화한 도표로 구성된, 근거 기반 

가이드라인이다. 이 지침은 임상시험 계획서와 보고서가 명확

하고 투명하게 작성될 수 있도록, 임상시험 보고가 포함해야 하

는 최소한의 정보에 대한 지침을 작성자에게 제공한다. 또한 각 

점검표 항목의 의미와 근거, 좋은 보고의 예, 그리고 가능하다

면 관련된 경험적 근거까지 제공하는 설명서 및 상세 문서를 함

께 발행한다.

2020년 1월, 영국 옥스퍼드에서 SPIRIT과 CONSORT의 임원

진이 모였다. 이들은 SPIRIT와 CONSORT statements는 개념적

으로 연결되어 있고, 내용이 중복되며, 전파 및 이행 전략도 유

사하기 때문에 두 그룹이 함께 일하는 것이 더 효과적이라고 판

단하여 하나의 그룹을 구성하였다. CONSORT 2025 statement는 

The BMJ, JAMA, The Lancet, Nature Medicine, PLoS Medicine에 동

시에 게재될 예정이다.

SPIRIT 및 CONSORT statement 개정 
결정

SPIRIT와 CONSORT는 생동하는(living) 가이드라인으로, 새

로운 근거, 방법론적 발전, 사용자의 피드백을 반영하여 주기적

으로 개정하는 것이 매우 중요하다. 그렇지 않으면, 시간이 지
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남에 따라 그 가치와 유용성이 감소할 수 있다[16]. SPIRIT 2013

과 CONSORT 2010 statement를 함께 개정하는 것은 두 점검표

의 일관성을 더욱 높이고, 임상시험의 설계, 수행, 분석, 결과 

등 임상시험 계획서부터 최종 출판에 이르기까지의 과정에서 

사용자에게 일관된 지침을 제공할 수 있는 기회이기도 하다. 보

고 과정을 조화롭게 만드는 것은 사용성과 준수도를 향상하고, 

더 완전한 보고로 이어질 것이다[17]. 여기에서는 개정된 CON-

SORT 2025 statement를 소개하며, 개정된 SPIRIT 2025 statement

는 별도로 발표되었다[18].

CONSORT 2025의 개발

CONSORT statement 개정에 사용된 방법은 보건 연구 지침 

개발자를 위한 EQUATOR 네트워크 지침을 따랐으며[19], 이는 

다른 곳에서 자세히 설명하였다[20,21]. 간단히 설명하자면, 먼

저 문헌에 대한 범위 검토를 수행하여 수정 및 추가를 제안하거

나 CONSORT 2010의 강점과 과제를 성찰하는 기존 출판 의견

을 확인했으며, 그 결과는 별도로 발표되었다[22]. 또한 CON-

SORT 및 무작위 배정 임상시험의 편향 위험과 관련된 경험적, 

이론적 증거를 위한 프로젝트별 데이터베이스(SCEBdb)를 개발

하였다[23]. 범위 검토에서 확인된 근거는, 점검표 항목이 모든 

임상시험(유해성[24], 결과[25]) 또는 상당수의 임상시험[26](비

약물적 치료[27])에 적용되는 특정 주요 기존 CONSORT 확장

(extension)의 주요 저자가 제공한 권고사항 및 근거와 결합되었

으며, 기타 관련 보고 가이드라인(중재 설명 및 복제를 위한 템

플릿[template for intervention description and replication, TIDieR] 

[28]) 및 기타 출처(예: 개인 커뮤니케이션)의 권고와도 결합되

었다.

기존 CONSORT 2010 점검표를 출발점으로 삼고, 범위 검토 

및 권고사항에서 수집한 근거를 사용하여 점검표에 대한 잠재

적 수정 또는 추가 목록을 작성하였다. 이 잠재적 변경사항 목

록을 최종 사용자에게 제시하고, 1라운드에 317명, 2라운드에 

303명, 3라운드에 290명이 응답한 대규모 국제 온라인 델파이 

설문조사에서 피드백을 받았다. 델파이 참가자는 기존의 SPIR-

IT 및 CONSORT 협력체와 전문 연구 네트워크 및 학회를 통해 

선정하였다. 또한 SPIRIT-CONSORT 개정 프로젝트 웹사이트

에 관심 표명 양식을 마련하여 참가자를 모집하였다. 최종 사용

자의 역할은 다양했는데, 통계학자/방법론자/역학자(n = 198), 

체계적 문헌고찰자/가이드라인 개발자(n = 73), 임상시험 조사자

(n = 73), 임상의(n = 58), 학술지 편집인(n = 47), 환자 대표(n = 17)

가 가장 많았다(복수 소속 가능). 세 차례에 걸친 델파이 설문조

사에서, 참가자들에게 개정된 CONSORT 점검표에 포함된 각 

항목에 어느 정도 동의하는지 5점 리커트 척도로 평가하도록 요

청하였다. 각 항목에 대한 의견을 제시하고 새로운 점검표 항목

을 추가로 제안할 수 있는 무료 텍스트 상자도 제공하였다.

델파이 설문조사 결과는 2023년 3월 1일과 2일 이틀간 Zoom 

(Zoom Video Communications Inc.)을 통해 진행된 온라인 전문

가 합의 회의에서 발표되고 논의되었는데, 여기에는 델파이 설

문조사에 포함된 다양한 이해관계자 그룹을 대표하는 초청 국

제 참가자 30명이 참석하였다. 이 회의에서는 새로 추가되거나 

수정된 CONSORT 점검표 항목에 대해 논의하고 합의를 모색

하였다. 의견 차이가 있는 항목에 대해서는 Zoom을 통한 익명 

투표로 지지 수준을 파악하였다. 이러한 투표는 단지 권고적 

성격으로, 공식적인 합의 임계값(threshold)은 지정되지 않았다.

전문가 합의 회의 이후, 실무진은 2023년 4월 25일과 26일 

이틀간 옥스퍼드에서 대면 서면 회의를 개최하여 새롭게 추가

되거나 수정된 CONSORT 점검표 각 항목의 형식과 문구를 검

토하고 합의하였다. 그런 다음 점검표 초안을 컨센서스 회의 

참가자들이 회람하고, 각 항목이 그룹 합의를 반영하는지 또는 

추가 설명이 필요한지를 확인하였다. 이 피드백을 바탕으로 임

원진에서 CONSORT 항목을 추가로 수정하였다. 최종 수정된 

항목은 임상시험 보고서에 포함해야 할 최소한의 내용을 다루

고 있으나, 이는 향후 저자들이 중요하다고 생각하거나 복제를 

용이하게 하는 추가 정보를 포함하지 못하게 하는 것은 아니

다. 집행 그룹의 구성원과 30명의 초청된 합의 회의 참가자는 

본 원고의 저자이며, 이들의 이름은 원고 말미에 기재되어 있

다.

CONSORT 2025의 주요 변경사항

CONSORT 2025 점검표에 여러 가지 실질적인 변경사항을 

적용하였다(박스 1 참조). 7개의 새로운 점검표 항목을 추가하

고, 3개 항목을 수정했으며, 1개 항목을 삭제했다. 아울러 주요 

CONSORT 확장(유해성[24], 결과[25], 비약물학적 치료[27]) 및 

기타 관련 보고 가이드라인(TIDieR [28])의 여러 항목을 통합하

였다. 임상시험 등록(항목 2), 임상시험 프로토콜 및 통계 분석

계획에 접근할 수 있는 위치(항목 3), 비식별화된 참가자 수준

의 데이터 공유(항목 4), 자금 및 이해관계(항목 5) 등 개념적으

로 연결된 항목을 포함하는 오픈 사이언스에 대한 새로운 섹션

을 추가하여 CONSORT 점검표도 재구성하였다. 또한 CON-

SORT와 SPIRIT 점검표 항목 간의 문구를 통일하고, 일부 항목

의 문구를 명확하고 간결하게 다듬었다. CONSORT 2010 점검표

와 CONSORT 2025 점검표의 변경사항을 자세히 비교하려면 

Supplement 1을 참조하면 된다. 더불어 CONSORT 설명 및 상세

화 문서를 개정하여[29], 각 CONSORT 2025 점검표 항목에 대한 

근거와 과학적 배경을 설명하고 우수 보고 사례를 게시하였다.
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박스 1. CONSORT 2025의 주요 변경사항 요약
새로운 점검표 항목 추가
-  항목 4: 비식별화된 개별 참여자 데이터, 통계 코드 및 기타 

자료에 접근할 수 있는 위치와 방법을 포함한 데이터 공유에 
관한 항목 추가

-  항목 5b: 원고 작성자의 재정적 및 기타 이해상충에 관한 항목 
추가

-  항목 8: 임상시험의 설계, 수행 및/또는 보고에 환자 및/또는 
대중이 어떻게 참여했는지에 대한 항목 추가

-  항목 12b: 해당되는 경우, 시험기관 및 중재를 제공하는 
개인의 자격 기준에 대한 항목 추가

-  항목 15: 위해 및 기타 의도하지 않은 영향 평가방법에 대한 
항목 추가

-  항목 21: 각 분석에 포함되는 대상(예: 모든 무작위 참가자) 및 
그룹(항목 21b), 분석에서 누락된 데이터를 처리하는 
방법(항목 21c)을 정의하는 항목 추가

-  항목 24: 중재와 비교군이 실제로 어떻게 시행되었는지에 
대한 내용(항목 24a), 임상시험 기간 동안 받은 동반 치료의 
세부 사항(항목 24b) 등 중재 제공에 관한 항목 추가

전면 수정된 점검표 항목
-  항목 3: 임상시험 계획서 외에 통계 분석계획에 접근할 수 

있는 위치를 포함하도록 항목 수정
-  항목 10: 임상시험 시작 후 미리 지정되지 않은 결과 또는 

분석을 포함한 임상시험의 중요한 변경사항을 보고에 
포함하도록 항목 수정

-  항목 26: 1차 및 2차 각 결과별로 분석에 포함된 참가자 수와, 
각 시점에 사용 가능한 데이터를 가진 각 치료군별 참가자 
수를 명시하도록 항목 수정

점검표 항목 삭제
-  임상시험 결과의 일반화 가능성에 대한 항목 삭제(임상시험 

제한사항[30번 항목]에 통합)

주요 CONSORT 확장의 점검표 항목 통합
-  위해[24]를 평가 및 분석한 방법(항목 7, 15, 21a, 23a, 27), 

결과[25]를 측정 및 분석한 방법(항목 14, 26), 중재[27,28]와 
비교군이 실제로 어떻게 시행되고 누가 시행했는지(항목 24) 
보고와 관련된 항목 추가

점검표 항목의 구조 및 구성
-  임상시험 등록(항목 2), 임상시험 프로토콜 및 통계 

분석계획에 접근할 수 있는 위치(항목 3), 비식별화된 참가자 
수준의 데이터 공유(항목 4), 자금 및 이해상충(항목 5) 등 
개념적으로 연결된 항목을 포함한 오픈 사이언스에 대한 
섹션을 신설하여 점검표를 재구성

-  일부 CONSORT 점검표 항목의 문구를 SPIRIT 점검표 
항목의 문구와 통일하고, 그 반대도 적용

-  일부 항목의 문구를 명확하고 간결하게 수정

또한 CONSORT 2025의 원활한 이행을 돕기 위해, 각 항목의 

핵심 요소를 도출하여 글머리 기호 형식으로 정리한 확장 버전 

CONSORT 2025 점검표를 개발하였다. 이는 COBWEB (CON-

SORT 기반 웹 도구) [30] 및 COBPeer (CONSORT 기반 동료 검

토 도구) [31] 연구에서 제안하고 체계적 문헌고찰 보고를 위한 

2020 PRISMA 지침[32]에서 사용한 모델과 유사하다. 확장된 점

검표는 CONSORT 2025 설명 및 상세화 문서에 제시된 요소를 

요약한 버전으로[29], 예시와 참조는 제외되었다(Supplement 2).

CONSORT 2025의 범위

CONSORT 2025 statement는 30개 항목의 점검표로 구성되어 

있으며, 무작위 배정 임상시험 보고서에 포함되어야 할 최소한

의 항목(표 1)과 임상시험 참여자의 흐름을 문서화하는 도표를 

제공한다(그림 1). CONSORT 2025 statement는 CONSORT 2025 

설명 및 상세 문서와 함께 사용할 것을 강력히 권장한다[29]. 

CONSORT 2025 statement는 CONSORT 2010 statement를 대체

표 1. 무작위 임상시험을 보고할 때 포함해야 할 정보에 대한 CONSORT 2025 체크리스트 

섹션/주제 No. CONSORT 2025 체크리스트 항목 설명

제목 및 초록

 제목 및 구조화된 초록 1a 무작위 임상시험으로서의 식별

1b 임상시험 설계, 방법, 결과 및 결론의 구조화된 요약

오픈 사이언스

 임상시험 등록 2 임상시험 등록부 이름, 식별번호(URL 포함) 및 등록날짜

 프로토콜 및 통계 분석계획 3 시험 프로토콜 및 통계 분석계획에 접근할 수 있는 위치

 데이터 공유 4 비식별화된 개별 참가자 데이터(데이터 사전 포함), 통계 코드 및 기타 자료에 접근할 수 있는 위치 
및 방법

 자금 및 이해관계 5a 자금 및 기타 지원 출처(예: 의약품 공급) 및 시험의 설계, 수행, 분석 및 보고에서 자금 제공자의 역할

5b 원고 저자의 재정 및 기타 이해관계

(Continued on the next page)
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섹션/주제 No. CONSORT 2025 체크리스트 항목 설명

서론

 배경 및 근거 6 과학적 배경 및 근거

 목적 7 이익 및 위해와 관련된 구체적인 목표

방법

 환자 및 대중 참여 8 시험의 설계, 수행 및 보고에 대한 환자 또는 대중 참여 세부 사항

 시험 설계 9 시험 유형을 포함한 시험 설계 설명(예: 평행군, 교차), 할당 비율 및 프레임워크(예: 우월성, 동등성, 
비열등성, 탐색적)

 시험 프로토콜 변경 10 시험 시작 후 미리 지정되지 않은 결과 또는 분석을 포함한, 시험에 대한 중요한 변경사항 및 이유

 시험 설정 11 설정(예: 지역사회, 병원) 및 위치(예: 국가, 시험기관)

 자격 기준 12a 참가자 자격 기준

12b 해당되는 경우, 기관 및 중재를 제공하는 개인(예: 외과의, 물리치료사)에 대한 자격 기준

 중재 및 비교군 13 복제를 허용하기에 충분한 세부 정보가 포함된 중재 및 비교군. 해당되는 경우, 중재 및 비교자를 
설명하는 추가 자료(예: 중재 매뉴얼)에 접근할 수 있는 곳

 결과 14 특정 측정 변수(예: 수축기 혈압), 분석 지표(예: 기준치, 최종값, 이벤트까지의 시간 변화), 
집계방법(예: 중앙값, 비율) 및 각 결과에 대한 시점

 위해 15 위해를 정의하고 평가한 방법(예: 체계적, 비체계적)

 표본 크기 16a 표본 크기 계산을 뒷받침하는 모든 가정을 포함하여 표본 크기를 결정한 방법

16b 중간 분석 및 중단 지침에 대한 설명

 무작위 배정:

 시퀀스 생성 17a 무작위 할당 시퀀스를 생성한 사람 및 사용된 방법

17b 무작위 할당 유형 및 제한 사항(예: 층화, 차단 및 블록 크기)

 할당 은폐 메커니즘 18 무작위 할당 시퀀스를 구현하는 데 사용된 메커니즘(예: 중앙 컴퓨터/전화, 순차적으로 번호가 
매겨진 불투명하고 밀폐된 용기), 중재가 배정될 때까지 순서를 은폐하는 모든 단계를 설명

 구현 19 등록한 직원과 참여자를 중재에 배정하는 직원이 무작위 배정 순서에 접근할 수 있는지 여부

 눈가림 20a 중재 배정 후의 눈가림 대상(예: 참가자, 의료 제공자, 결과 평가자, 데이터 분석가)

20b 눈가림이 이루어진 경우, 눈가림이 어떻게 시행되었는지와 중재 간 유사성에 대한 설명

 통계방법 21a 위해를 포함한 일차 및 이차 결과에 대한 그룹을 비교하는 데 사용한 통계적 방법

21b 각 분석에 포함되는 사람(예: 모든 무작위 참가자) 및 그룹에 대한 정의

21c 분석에서 누락된 데이터를 처리한 방법

21d 추가 분석을 위한 방법(예: 하위 그룹 및 민감도 분석), 사전 지정과 사후 분석을 구분

결과

 흐름도를 포함한 참가자 흐름 22a 각 그룹에 대해 무작위로 배정되고, 의도된 중재를 받고, 일차 결과 분석에 포함된 참가자 수

22b 각 그룹에 대해 무작위 배정 후의 손실 및 제외와 그 이유

 모집 23a 혜택 및 피해 결과에 대한 모집 및 추적 기간을 정의하는 날짜

23b 관련이 있는 경우 시험이 종료되거나 중단된 이유

 중재 및 비교 대상 제공 24a 실제로 시행된 중재 및 비교 대상(예: 적절한 경우, 누가 중재/비교약을 제공했는지, 참가자가 
어떻게 준수했는지, 의도대로 제공되었는지 여부[충실도])

24b 각 그룹이 시험기간에 받은 병용 치료

 기준 데이터 25 각 그룹의 기준 인구통계 및 임상 특성을 보여주는 표

 분석된 숫자, 결과 및 추정 26 각 1차 및 2차 결과, 그룹별로:

- 분석에 포함된 참가자 수

- 결과 시점에 사용 가능한 데이터를 가진 참가자 수

- 각 그룹에 대한 결과 및 추정 효과 크기와 그 사전값

 위해 27 각 그룹에서 발생한 모든 위해 또는 의도치 않은 사건

 보조 분석 28 사전 지정 분석과 사후 분석을 구별하여 수행된 기타 분석(하위 그룹 및 민감도 분석 포함)

고찰

 해석 29 결과에 부합하고, 이점과 위해의 균형을 맞추며, 기타 관련 근거를 고려한 해석

 한계 30 잠재적 편향, 부정확성, 일반화 가능성 및 관련 있는 경우, 분석의 다중성 원인을 다루는 시험 한계

표 1. Continued
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하므로, CONSORT 2010 statement는 더 이상 사용되어서는 안 

된다. 학술지 편집인과 출판사는 저자 지침을 개정하여 CON-

SORT 2025를 참조하도록 해야 한다. CONSORT 2025는 모든 

무작위 배정 임상시험 보고에 대한 지침을 제공하지만, 가장 일

반적인 유형인 두 집단 병렬 설계(two-group parallel design)에 중

점을 둔다(그림 1).

CONSORT의 확장판은 다양한 유형의 임상시험 설계, 데이

터 및 중재유형의 보고와 관련된 방법론적 문제를 해결하기 위

해 개발되었다. 임상시험 설계 확장에는 적응 설계[33], 군집 시

험[34], 교차 시험[35], 초기 단계 시험[36], 요인 시험[37], 비열

등성 및 동등성 시험[38], 실용적 시험[39], 다군 시험[40], n-of-

1 시험[41], 시범 및 타당성 시험[42], 사람 내 무작위 배정 시험

[43]에 대한 권장사항이 포함된다. 그 외 비약물학적 치료[27], 

결과[25], 환자 보고 결과[44], 대리 결과[45], 사회적 및 심리적 

개입[46], 피해[24], 초록[47], 건강 형평성[48] 등이 포함된다. 

우리는 이러한 확장판의 책임자들과 협력하여, 개정된 CON-

SORT 2025 statement에 부합하는 프로세스를 구현할 것이다. 독

자들은 당분간 기존 버전의 관련 CONSORT 확장판을 사용할 

것을 권장한다.

시사점 및 한계

CONSORT 2025 statement의 목적은 명확하고 완전하며 투명

한 방식으로 임상시험을 보고하기 위해 저자가 포함해야 하는 

내용에 대한 최소한의 권장사항을 제공하는 것이다[9,10]. 독

자, 동료 심사자, 임상의, 가이드라인 작성자, 환자 및 일반인, 

그리고 편집인 또한 CONSORT 2025를 활용하여 무작위 배정 

임상시험의 보고를 평가하는 데 도움을 받을 수 있다. 또한 원

고 제출과정에서, 각 점검표 항목이 원고의 어디에 보고되어 있

는지를 명시한 완성된 CONSORT 2025 점검표를 제출하고, 이

를 보충자료의 일부로 업로드할 것을 강력히 권장한다[49]. 모

호함이나 누락 없이 수행한 작업과 발견한 내용을 명시적으로 

설명하는 것이 모든 독자의 이익에 가장 부합한다[9].

CONSORT 2025와 SPIRIT 2025에는 임상시험 설계, 수행 또

는 분석에 대한 권장사항을 포함하고 있지 않지만, 그럼에도 

불구하고 여기에 포함된 권장사항은 고려해야 할 주요 이슈를 

강조함으로써 연구자들이 임상시험을 설계, 수행 및 분석하는 

데 도움을 줄 수 있다. 그리고 SPIRIT 및 CONSORT statement

를 함께 개정하는 것은 두 점검표의 보고 내용을 일치시키고 

임상시험 계획서부터 최종 출판까지 임상시험 설계, 수행 및 

분석 보고에 대한 일관된 지침을 사용자에게 제공할 수 있는 

기회이기도 했다[17]. 따라서 임상시험 계획서의 명확하고 투

명한 보고는 결과적으로 적절하게 설계되고 잘 수행된 임상시

험을 촉진하는 데 도움이 될 것이다. 또한 임상시험 결과를 투

명하게 보고하면, 연구 결함이 존재하는 경우 이를 밝혀내고 

그 유병률과 심각성을 더 잘 추정할 수 있다. 그러나 중요한 것

은 CONSORT 2025가 품질 평가도구로 사용되지는 않는다는 

점이다. CONSORT 2025의 내용은 오히려 무작위 배정 임상시

험의 내부 및 외부 유효성과 관련된 보고 항목에 초점을 맞추

고 있다.

CONSORT 2025에서는 무작위 임상시험 보고를 위한 엄격

한 구조를 제안하지 않는다. 대신, 논문의 형식은 학술지의 개

별 스타일과 “저자를 위한 지침”을 준수해야 한다. 저자는 논

문의 어딘가에 점검표 항목을 충분히 상세하고 명확하게 언급

해야 한다[9]. 또한 임상시험 방법과 결과를 일부 인쇄 학술지 

논문의 일반적인 분량 한도보다 더 자세히 보고할 수 있도록, 

추가적인 온라인 보충자료의 사용을 권장한다. 전체 데이터 및 

코드 공유는 또 다른, 더 높은 수준의 투명성을 제공하며, 무작

위 임상시험에서 이러한 일이 발생했는지 또는 발생할 계획인

지(예: 일정 시간 후)에 대한 자세한 정보를 제공할 것을 권장

한다.

CONSORT는 실제 임상시험 설계와 수행, 분석을 반영하는 

명확하고 투명한 보고를 촉구한다. 고품질의 보고는 재현성과 

관련된 문제를 고려할 때 중요한 단계이다[50]. 임상시험 저자

등록 적격성 평가(n= )

제외(n= )

• 포함 기준 미충족(n= )

• 참여 거부(n= )

• 기타 사유(n= )

중재군 배정(n= )

• 중재 수령(n= )

• 중재 미수령(사유 기재) (n= )

중재 중단(사유 기재) (n= )
주요 결과 추적 상실(사유 기재) (n= )

주요 결과 분석(n= )
분석 제외(사유 기재) (n= )

중재군 배정(n=)

• 배정 중재 수령(n= )

• 배정 중재 미수령(사유 기재) (n= )

중재 중단(사유 기재) (n= )
주요 결과 추적 상실(사유 기재) (n= )

주요 결과 분석(n= )
분석 제외(사유 기재) (n= )

무작위 배정(n= )

배정

추적조사

분석

그림 1. CONSORT 2025 흐름도. 두 그룹 무작위 배정 임상시험
의 단계별 진행 상황(즉 등록, 중재 할당, 추적 관찰 및 데이터 분석)
을 나타내는 흐름도. CONSORT, Consolidated Standards of 
Reporting Trials.
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는 수행된 사항을 자세히 설명하고, 수행되지 않았거나 수정된 

사항이 있는 경우, 이를 인정하여 임상시험 계획서, 통계 분석 

계획서 및 임상시험 등록부에 보고된 정보와 일치하도록 하는 

것이 좋다. 연구자, 연구 수련생, 학술지 편집인, 동료 심사자를 

대상으로 하는 추가 리소스 및 교육 자료를 포함하여 CON-

SORT 및 SPIRIT statement에 대한 자세한 정보를 제공하기 위해 

SPIRIT-CONSORT 공동 웹사이트(https://www.consort-spirit.

org/)가 개설되었다. 이 웹사이트에는 환자와 대중을 대상으로 

한 자료도 포함되어 있어, 무작위 배정 임상시험의 명확하고 투

명한 보고의 중요성과 근거 기반 의료 제공에서의 중요성을 설

명한다.

CONSORT 2025는 새로운 증거와 새로운 관점을 반영하기 

위해 주기적으로 개정되는, 생동하는(living) 가이드라인이다. 

이러한 접근방식은 저자, 환자 및 일반인, 학술지 편집인, 동료 

심사자 등 최종 사용자에게 지침의 관련성을 유지하는 데 중요

하다.
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