Viewpoint

directions

Bardia Khosravi, Saptarshi Purkayastha, Bradley ] Erickson, Hari M Trivedi, Judy W Gichoya
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Introduction

Generative artificial intelligence is a class of deep learning
models capable of creating content that diverges from
traditional discriminative models focused on interpretation
or decision making. Generative artificial intelligence has
seen rapid advancements over the past 3 years, with large
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remarkable advancements with models such as DALL-E, Sdences, Emory Univessity
Stable Diffusion, Sora, and Veo, which excel in generating mﬂm ;‘“"""G"
realistic images and videos based on textual prompts.® JWG(‘ i MS)'
Although these models primarily process text as input, T

with some using images for conditioning purposes, their '/ dy W i D
primary focus is on generating high-quality images. cf padiclogy and Imaging

Seminal works published since 2022 in medical imaging Scences, Emory University

language models gaining sub ial public after
the infroduction of ChatGPT, a model trained on an exten-
sive corpus of text fo create coherent and realistic responses to
usergueries.’ Large language models have shown noteworthy
capabilities in the understanding and generation of natural
language, paving the way for more advanced multimodal
models that combine fextual, visual, and contextual
understanding. These large multimodal models have the
potential to aid various domains, including health care,
by integrating data from different input streams. Notable
examples of large language models in medicine are
Med-PalM and Med-Gemini, which have shown prom-
ising results in tasks such as answering medical ques-
tions, summarising medical documents, and suggesting
potential differential diagnoses on the basis of patient
symptorns and test results. In addition, Med-Gemma and
Medlmfge{nsight are models trained on different types
of medical images including radiology images (eg, chest
xays, mammograms, CT), as well as dermatology and
ophthalmology images, which allow end users to interact
Mmﬂmm“‘sm@mhﬂ&mﬂeﬂndirmges (and are
ﬂws.lmawn as multimodal foundation models), These
zulhmodal models provide unconventional visual ques-
n answering ability and are able to learn from a few
examples to perform downstrear classification tasks,»
Prelim.inary evidence ? il
wolay y suggests that generative artificial
mmmhwmofwmnmmm
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have shown the potential of generative artificial intelligence ;’;‘ ﬁmm Atlanta, GA
in creating realistic medical i S thetic data), 393%* >
su.ggesﬁ:glg new approaches fmr'mrzear(zn and dm.\c:ll bR o
applications.”-*° For Med-PalLM, see https://sites.
This Viewpoint provides a comprehénsive overview of researchgoogle/med-paim/

synthetic data in medical imaging and £ritically analyses the  For Med-Gemini, see hitpsi//
advancements, applications, and lenges of this field. To  research.google/blog/advancing-
this end, various image generatiop paradigms are exam- medical-ai-with-med-gemini/
ined, with the intention to assegs how these generative For Med-Gemma, see hitpsi/

technologies are changing landscape of medical :::Emw
imaging research. The potential of these models and their e d
derivative synthetic datasets,/particularly their ability to hm,,mbﬁxﬁm_

augment and diversify medical research resources, are  usfazure/a-foundry/how-tol
explored, in addition to tHeir benefits in terms of data healthcare-aidepioy-
augmentation, anonymisjtion, and modelling biological Medmageinsight
phenomena, Finally, the enges of using synthetic data  For DALL-E, see hitps://openl.
are discussed, including the need for rigorous evaluation ©™/mdexdale3!

metrics and ethical ¢ ions, and potential research  For Stable Diffusion, see https:/

directions are propos¢d that could substantially benefit the E Al trees

field of medical i ; For Sora, see https://openal.
com/sora/
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Generative models andmz lswaelled'nologisl

T!.le field of synthetic data is still in its nascent stages,
wnh 10 consensus on a single, universally accepted defi-
nition as yet. This absence of a clear definition has led to
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the term is used and interpreted
b affect the repro-
s variouscomes i LU S oving et
ducibility and transparency g Tnstitute put
data." The Royal Sociely and The Alan Tuting_wo%. °)
forth a working definition of synthetic data m'202 , as .
that have been generated using a purpose-built mathemat-
ical model or algorithm, with the aim of solvinga (setof) data
science task(s)." This proposed definition emphasises the
functional and intentional aspects of synthetic data, focus-
ing on its strategic application in
::I;‘I;Ilenges r:;xselr than simply mimicking the statistical
properties of the original data.

The advancement of generative artificial intelligence
introduces a new concept in data sharing, which we refer to
as a model as a dataset. In this concept, generative models
learn and store patterns and characteristics of the original
data in their internal parameters (weights).”> These trained
weights contain a compressed version of the key features
and relationships of the training data. Unlike traditional
dataset sharing, which involves transferring actual images,
sharing model weights provides an efficient alternative that
allows others to generate new synthetic images with prop-
erties similar to the original data. These synthetic datasets

have been shown to dlosely resemble the source data and
capture their distribution, including the relationship of
different anatomical features and their correlation with
different pathological processes.*®

Two broad categories of generative models provide the
ability to generate synthetic datasets: physics-informed and

inconsistencies in how

tackling complex scientific @@UANY-
“ mode coverage, kriownas

Use cases in medical fmaging
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iheir ability to generate samples !
gdmmma}?itymodg coverage; albeit at 2 slower sampling °
rate, End users select the generative model tlu:xt m@a
their application of interest, balancing the desired mx:;g):
quality and speed. For dataset generation p.urposa, :
priorityty‘picallyshiﬂs towards ensuring high image qua’
and comprehensive moiea coverage,
concerns of sampling speed.
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Generative models and their synthetic datasets have
numerous applications in medical imaging (panel 1). One
well studied use case involves supplementing or replacing
real data to train deep learning models for downstream tasks
such as classification or segmentation. Generated images
can be conditioned on class labels (eg, presence or absence
of pneumonia) or descriptive text (eg, right middle lobe

ch involves balancing high | M.
< mnode coverage, and rapid | Loy,
for

statistical models. cpxjnsolidaﬁpn);‘Reae'arrh
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avoid dish-ﬂv)uﬁon leakage (in which ::)“ah‘i:!tlmsmmg

es mbaﬂnnmmg and test data); which could overestimate

»perfonnance improvements.® Of note, repeaiedly trammg

) image generation models on the output of other generative | ¢,

models (usxfally more than three iterations) risks mode

collapse, thu:h degrades the quality of the final model. ﬂ‘j"\“ 3
Generative models also excel at image transformations

VAE; 'flnd GANSs have long enabled low-dose CT unage cT

] der}msmg. eventually reducing radiation exposure for Oty

) patients.*** Oflate, accelerated MRI techniques have been
medpredumhesmnﬁmbySO% Another image-to-
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(lesions in healthy brain MRIs o remove tumoural regions
by drawing on an AMage™ Such edits can enrich under-
represented datasets and introduce rare conditions, such as
adding brain tumours to individuals with Alzheimer’s dis-

ease@‘ﬁf ‘advanced version of the inpainting technique
. in ‘edit specific regions'of a chest radiograph

kt prompts.* The resulting edited irages were used
stestexisting todels—for example,fempvingchest
ubes from p horax-images  to evatuate classifier
@performance without this known confounder.

" ‘Evaluating image quality
Evaluating the quality of generated images, which deter-
mines how these synthetic images are used, is crudial
Various metrics have been proposed to quantify the quality
of generated images, both in the presence and absence of
ground truth references. These metrics can be broadly cat-
egorised into two groups: image metrics and text-image

metrics (panel 2).

Image metrics )

When ground truth images are available—for example, in

tasks such as super resolution and denoisi of medlcal
¢ images—szaditional netrics such &5

B

|
1 - iz e

S g5 | @imagess<V However, inthe

| =1 example, indlass-condifioned imiage generation—alternative
4 | gmetrics are required:, For instance/’ dassification accuracy
| o | (score tains a classification model on derived medicalidata
| g3 | and(evaluates its performance on real images; providing
g | insights into thegdomainsadaptation icapabilities) of the
‘ ' generation models* IS

'  Another widely adopted metric is the inception score,
: which uses an inception network pretrained on ImageNet to

39
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Latent
representation
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Forward diffusion (Markov chain)
<— Reverse diffusion (Gradient descent)

Figure 1: The architectures and key components of three popular statistical models used in image g
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evaluate class predictions for a set of g d sampl

| Fréchet inception distance (FID) compares the means and
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(A) VAE: of der that the input data intoa di ional latent rep
decoderth iginal data from the latent space. The model is trained to minimise the recons
errorwhile ak larising the latent to foll ious distribution, typically a standard | distrib

£y | dncepton networ b generated. and real sam-

ples* By accounting for the target distribution; FID pro-
vides a betier estimate of image diversity than inception
" 8cote. Several yariants and improvements of FID have been
Wud—eg!&sk@ydmm is a variant of
¢ Lenal on usinga small number of

ted byan

This training enables the generation of new samples b;'sampﬂng from the leamed latent distribution and decodin
them, (B) GANs use a two-network architecture, with a generator that creates synthetic data samples and a
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sample from a simple distribution (eg, Gaussian noise) and iterpaxiveiy denoises the sample using a leamed Marh;
chain. At each step, the model estimates the gradient of the data distrib and refines the sampk dingly. By

WYWNB this pme?';ﬁDDPMs can produce high-quality samples that closely resemble the training data.
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ustput, DDPMs=denoising diffusion probabilistic r;\odds. 1

denved medical images# This assessment provides
wghm into the perceptual quality and realism of generated
images, which is crucial for medical imaging, in which
accuracy and fidelity are paramount. However, as perceptual
quallty and realism are subjective measures, a wide range of
participants with different experience levels should be
involved in the image evaluation process.
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Figure 2: The image generation trilemma, which represents the trade-offs
between three key aspects of generative models: diversity, quality, and speed
VAE excel in generating diverse samples quiddy but can compromise on image
quality. balance, providing good quality and diversity but can suffer
from mode colapse, thereby restricting the diversity. DDPMs priritise high-
quality and diverse samples at the cost of a slow generation speed.

D denoising diffusion p! ilistic models. g ive adversarial
networks, VAEs=variational autoencoders.

Text-image metrics

[ Althoughimagemetrics focus solelyorithe visual quality of

generated images, text-image mefrics aim to measure the
alignrent between the input textand the generated image.
These metrics are particularly relevant inmedical image
peneration fasks; in which the generated images need to
reflect the textual descriptions of medical conditions or
anatomical'structures accurately; Metrics such as contrast-

Ancnsio b6t gl | ive languageimage pretraining score ((CLIPS¢ore)) and
Y s S ey 5

f

boc

PP 2] nage p g score {(BLIP=
Score)measure the similarity between theinputtext andthe
penierated image, (quantifying the degree of alignment
between the two modalities.**

Image-text matching is another crucial group of metrics

for evaluating the alig) t generated medical
images and their corresponding textual descriptions.
Compositional quality metrics assess this alignment by
decomposing the text and image into individual compo-
nents and measuring their correspondence, often using
object detection techniques.“# These metrics go beyond
({Veraﬂ visual similarity and focus on accurate representa-
tion of specific anatomical structures, pathologies, or med-
ical conditions mentioned in the text. By ensuring that the
generated images convey the intended medical information
accurately, compositional quality metrics can play a key role
in medical education and research,

ggth-care-speciﬁc metrics

uating synthetic medical images requires metrics tail-

;);e;l tao; l;:lﬁxwe nee_ds,‘ beyond geflqeral purpose tools

underwaytosa‘z;tw snmlanty index or FID, Efforts are

L ! :;shh:;gmem::s for med.}cal contexts, For

mmnceméd eseazdx' ve begun replacing Image Net-
modelsin FID with networks trained on medical

datasets such a8
which captures the
better.# However,

statistical properties of radiology images
‘helth-care-specific me:l;cx 1iemain an
i assifiers might rely more on
lam;e;e?tf;erzh;:; godé:leat’i:sxes." Similarly, anatomical
'.:::Ccuracy is being by developing measures that
use segmentation tools to ensure that mzé:zzln Stmcfthu:ji
(such as organs or lesions)'are prterserveﬂ'l : irsn);r; gt
images,* These adaptations ain t0 a@ms e; e
of standard metrics, which often fail to reflect cimi

relevance or diagnostic utility. e linicalvalidation wi h

Asuggested nextstep igtointegra 2
theseufogmputaﬁonal approaches. Human evahz:monzi s;sﬁnuch.
as the human Turing test already involve experts

ishing real images from synthetic ones, offering fnmghm
igx‘lnt: m:gpercephj quality thatis important for medical use.
For text-guided image generation, metrics Sud.l as CLIP-
Score are being refined by using medical foundztflon moc.:lels
such as BioMedClip.* Testing synthetic images in practical,
clinical tasks such as training classifiers for disease detec-
tion can further highlight their utility. Combining these
efforts could provide a robust, health-care-specific evalu-
ation, thereby ensuring that synthetic images meet both
technical and clinical standards for advancing medical
imaging research and practice.

prioriﬁsed

Potentials and promises

ynthetic data g and image g ion models
hold immense promise for the future of medical imaging
research. By leveraging the power of generative models,
researchers can unlock unprecedented levels of data diver-
sity, privacy preservation, and multifunctionality, changing
the way dataset creation, utilisation, and disease modelling
are approached.

Increased dataset size and diversity

One of the key advantages of generating data via statistical
models lies in their ability to increase dataset size and
diversity. Preliminary evidence suggests that generative
models can be trained to disentangle specific associations
within data, allowing for the creation of novel combinations
that might not be readily available in real-world datasets.%
For instance, a model trained on brain MRI scans can
generate images with varying degrees of atrophy or lesion
load, independent of factors such as age or sex. Such
disentanglement enables training models to detect specific
pathologies without confounding the effects of other varia-
bles. As mentioned earlier, supplementing increased
dataset size with generated images could lead to enhanced
downstream model performance® Moreover, targeted
ove.rsampling of minoritised sociodemographic groups or
patients diagnosed with rare diseases through synthetic data
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Panel 1 (continued
jograph morphology on the basis of electro! ’
2 in predicting future chest x-ray pathologies,

Jations in synthetic images

28 Forecasting chest radi
ro AUROC of 0-7:
(0-45) correl

Kyung et al (2024)
« Achleved a weighted mac!
« Maintained sex (AUROC 0-96) and age
eristics and treatment plan i
outperforming baseline models without treatment-am{are cor;dheiff'::;gmm -
nges, with SSIM ranging from 0-88 t0 0-94 depending on gt s P
Dice similarity coefficient dropping from 0-85t0 0-46 35

wth on the basis of baseline tumour charact

Liv et al (2025): Forecasting tumour gro!

. SSIMof0-92 and PSNR of 290 for multiparametric MRI generation,

« Generated MRI quality remained high across different treatment-day ra

« Tumour growth predictions were most reliable within @ 4-month window, with the
extended from 0-5 months to greater than 24 months

operating characteristic curve. DDPMs=denoising diffusion probabilistic models, PSNR=peak signal-o-

Dethree dimensional. AUROC: nder the receiver noise ratio. ssiM=structural similarity index.
3D-three dimensional. ~area v

Panel 2: Summary of image quality metrics based on use case for medical image generation

< N ising, and inpainti
) similarity between generated and reference ima

« SSIM: assesses structural
. PSNR: measures the ratio between the maximum possible power of asignal and the power

contrast, and structure
g noise between generated and

ges by considering luminance,
reference images

of corruptin

Ck ditioned and ditional image g i

« 15: compares class predictions and diversity of generated samples using an inception network pretrained on ImageNet

. FID: compares means and covariances of features extracted from generated and target distributions using an inception network pretrained on ImageNet
ions of g d and target distributions using an inception network pretrained on ImageNet

. KID: computes squared MMD between inception rep

jnadaptatk cses-conditioned & -
+ (CAS: uses a classifier trained on derived medical images

and evaluates performance on real images

Perceptual quality assessment, and realism evaluation
+ Human Turing test: medical experts discern between real and derived images

image g¢ ion from textual descripti

. ion-based metrics: vol ic analysis of different organs on i i

: trics: volur generated images and comparing them with the i iti
CLIPScore: computes cosine similarity between CLIP embeddings of text descriptions and generatedpiama:es : e

: BUPScoref lcnmpmes msun-r';le similarit?« between BLIP embeddings of text descriptions and generated images
LUMScore: leverages an LLM for creating a detalled caption at the level of an image and different objects and compares the generated caption with the input
input text

descriptions
BUP=boostrapping language-image pretraining, CAS i
. ing. C/ accuracy score, CLI rastiv i ¢
distance, LLM=large lan model. ] di Z language-image pretraining. FID=Fréchet inception di 2
guage mode. mean PSNR=pek signal-to-noise ratio. SSIM=structural similarity index. i 5nirception scurs. KiE-kamel DCRpn

. i Pt PP By e -
e on medical images
{ a(liapted and repurposed for various tasks beyonc:nsube
plementing da.m;‘for example, features learned from a?n
?nslzpemsed image generation model can be 1éveraged
2 doexiinew:shot image segmentation, enabling accurate
— eation of anatomical structures or pathologies with
on ttyx 20 expert-annotated exanaples.” The same model
‘without any further training can also be used. for
inpainting to create diverse training saraples.** Similarly,
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e e e AT ek oy e b
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¥ thetic datasets and their e R am
generator models, as a si
- model can be used for mult s a Sm.gle
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Generative models can inadvertently reveal sensitive patient information when they reproduce images that closely

Future research directions:

) and future research directio)

ns for generative artificial intelligence and synthetic data:

resemble the original data.

* Creating metrics to quantify the privacy risk of generated images

* Developing post-hoc data anonymisation methods

* Investigating the trade-off between image quality and privacy preservation

Identification of source dataset

Identifying specific datasets used to train generative models can be
Future research directions:

+ Creating standardised reporting guidelines for synthetic medical

challenging, hindering the assessment of potential biases

imaging datasets

+ Developing techniques for dataset fingerprinting in generative models
« Creating trusted third-party validation services for synthetic medical datasets

+ Exploring methods for reverse-engineering model-training data

Interpretability and explainability

The complex nature of generative models makes understanding how these model

in the model outputs.
Future research directions:

« tmplementing uncertainty quantification methods for stochastic prediction models

« Creating dinically relevant interpretability metrics
» Developing interactive vi

Py

into model

Jisation tools for dinicians to explore model decisions

o dr thei of domain k
Potential biases

Biases in the source
Future research directions:

« (Creating benchmarks for evaluating faimess in medical imaging generative models

fe ot bl

o

P

datasets could be propagated or amplified in the generated data, leading to skewed research findings or discriminatory appli

d training data

ally

. blishi lti to create demograp
« Investigating the effect of data augmentation on bias reduction
i 53“1 P“"M'r-y &Aw

2

Modelling complex biological pt
Advanced generative models can internalise complex bio-
i hrough their fraining procedures,

enabling the intricate physiological processes to be mod-
elled and simulated * This internalised world model can be
leveraged for novel applications that extend beyond the
downstream tasks discussed in the previous section. One
suﬂdn.gex:ample of this capability is the prediction of post-
st ngl-,ea;auplas-;y%enuainedonalarge
corpus of paired pr 0] and postarthroplasty pelvic
radiographs, fhese models generated highly realistic post-
operative radiographs, simulating a well executed surgery
;";ﬂﬂblyo domain-expert surgeons evaluated the gen-
Ppostoperative images as more robust and anatomic-
ally accurate than their real counterparts highlighting th
potential of these models in serying i et g e
Planning tools and educational resources o
Another compelli iradi A v
mode is ﬂ”Pelhﬂg v ofﬁnsmtertnhsedworld

i digtathealth Vol 7 September 2025

wMEIFA

- s 31l
Gl 14 “"'“‘Jlénnﬁﬁg‘the complex interplay between disease character-

istics, treatment effects, and biological processes, these
models can provide valuable insights into patient prognosis
and aid clinical decision making.**
allenc d considerations

Although derivative synthetic datasets and image gener-
ation models hold immense promise for medical imaging
research, several challenges and ethical considerations need
to be addressed to ensure their responsible and effective
utilisation, Panel 3 summarises these challenges and pro-
poses some future research directions to mitigate them.

ot

happens when multiple copies of the r capﬁ:xlx)sﬁ
g:eemt in the dataset, which not only necessitates careful
ta curation,” but also raises concern about the degree of

—

sets in medical imaging

s leam and generate data a challenge. This understanding is necessas

0 Wl aseva o> Meflet

or limitations in the generated data.

ry to build trust

ications.
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in the training data and the ::?:;aof"y"d‘eﬁc datasets ::m-;l‘h generahw{s;l n;odils raises

] i i i d  important bias congiderations. The potential for biases in
images i jent-identi information embedded  impo; : e

sthin ﬂtn:x:l ?v:?::s > g,?&nigg unique challenges for the smfie (;]a;s;ebs %(Ztyh:g n;;r;p;l‘agal‘!;d ﬂ: ;:rzng egax; ;};:

ymisal in i i i ted data 18 3 ; 1

or i ; fian. e m'm'nce' %ml features w brelnn}fiilhi giear::ia towards some demographics, pathologies, or

i i otocols, then the resulting generated data c?tﬂd

leadingtoskewedresmrchﬂndmgs

anonymisation ﬁl;;":":im Unlike tabular data, medical

identification even when explicit tientidentifiers i g

are N‘“‘e'm“"dm“i:ga i perpetuatethesebiases, BCHE B0 ' Historically,

Researchers need to carefully assess the risk of data  or dxm;;ln;lwry applications.” i s iy,

ing and implement measures to mitigate this concern, many m Naging . B T

szh}’lﬁ using gifferenﬁal privacy technizaues or post-hoc minoritised popliAﬁqns, resultm.g in arl:lf'it:ml1 nmglagex:::
data anonymisation.*® Advances made over the past4 years systems with likely differential performance e:vel Cros!
in privacy evaluation metrics for synthetic data, such as - demographic groups.” When representation is low, gen-
membership inference attacks and similarity scores (. erative modelscmﬂdnmlgglemcaphmamad;f;;;b:;;r;

between real and generated samples, can help to quantify  of these under-represented groups. However, 2
Il i d hetic  suggests that newer generative models can arrive at mean-

privacyrisks. Additi ging for
content provenance, including the Coalition for Content ingful representations from as few as 20 samples when the
For more on 2P see  Provenance and Authenticity (C2PA) and Google’s SynthID,  overall dataset is sufficiently large to capture high-level
hpsdjcapaors) have been developed to label artificial intelligence-generated  features.! Mitigation strategies in this case include diver-

For SynthiD, see hios//  content, addressing both transparency and intellectual sity-aware sampling during training, adversarial debiasing

q

"ﬂ’"""dW”;;"‘:/ property concerns.* techniques, explicitfainess constraints in model objectives,
and leveraging the few-shot fine-tuning capabilities of

 ‘identification of source dataset and disdosure newer generative models.’* Researchers need to actively

| 1 e assess and mitigate potential biases in the source data

P y regarding the source datasets used to train ;
j‘ - selegscracial isrensurin kTR and regula}'ly audit the generated data for fairness and
: V,ig_ﬂ—i'y,of h findings, However {identifying representifiveness.  Juakillanaes
| whenmnddsmﬁdnedoﬁmﬂﬁgckmﬁgﬁgma]g Future directions’
St wihen researchers use pretrained. models without full The:fieldof generative arfificial intelligence i medical
g o (Imowledge of their training dala® This msufficient frans, | 288 s evolvingrapidly, and several keyareas of research
wisic | parencycan ‘Hinder thie-ability 5355656 potential bias i 4 and develuprr}em hold promise for advancing the capabil:
! imitations in the g d data, To add ﬂﬁsrrgap, 1te§ and applications of synthetic datasets and image gen-
———r e doannm'ﬁrﬁ?iﬂ eration models. One crucial direction is the developmentof
{‘ (source datasets used in the training process, e 1bling mme_}’o'bust and standardised evaluation fr: ks that
better understanding and validation of the derived data. <7 $4¢F the unique challenges and requirements of med-
Additionally, specific hyperparameters used for infer- ical imaging, including establis} of clinically rel
ence, specific class or prompt conditions, and every post- LHEtcs bmd'xmark datasets, and challenges concerming
processing step involved in creating the synthetic dataset -« o t lysi ‘and validation of di erent ger 1y
sSould be released along with the mg’;el or d:ta:et models. g i
release, to ensure reproducibility and applicability of the Another important avenue is the' £
< oration of
d:cv{lnstream work.* Dataset documentation guidelines, ardnt.ec.tures and training strategies, Sﬁ as hyb!:ig m:;:lelé
;024asihe STANDING Together guidelines publishedin " 0Mbifting’ physics-informed and. statistical approaches
3 s'uould be adopted for synthetic data g ion  Yith incorporation of domain-specific k‘nowledge and con-

s

models straints. Infegration of i B -
n;\ﬁwwmlv Gumslhe Mo cial intelligence mg;‘:;a :::hn‘aosdmf:xﬁld
Interpretabilty and explainability activelearing could enable the creation of personalised and

As generati - 4 patient-specif i —
generative models become increasingly complex, their neaunemn‘gg@fwmmm&mmdm

 lenging, megi MM;I&%E ml,eamma:i d"ﬂ Addressing the ethical and regulatory challenges sur-
e daa o cnucial for building trust in their Wmﬁ rounding the use of synthetic datasets and image generation

(Snsuring ther safe and reliable use in medical imaging mﬁwme]s is”mmmmmsmmm. clinicians
: sl and bl uae in mdical g enmer e s theie fllpoential and
s o sl s, specic el methods sy poliy Tk A
m - o CWE £ { z ; ' ’: :
@agﬂw"a%ﬂ@mi o and evaluation of thee methoqs oAV Regulatory, bodics, iﬂ!ﬁﬂemm’éﬁ
i i g e A0 e methods ¢ Drug Administration (FDA) and the uropean Medi-
; medical ; audil role in-establishin
www.thelancet.com/digital-heaith Vol 7 September 2025
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| The management of atherosclerotic cardiovascular disease (ASCVD) in the United States is cu.rrently bafse:“ u:on:r;e ’
epidemiological studies in Primarily non-Hispanic White subjects. Although this ftrategy prt'awdes a uni :m entp:afsed .
that is simpler o implement, it may result in inappropriately targeting certain Asn.an‘ po.p’.vlauons ff)r trea e
inaccurate ASCVD risk estimation. In this state-of-the-art review, we detail the similarities and d-rfferences e
alence of ASCVD and its risk factors among Chinese, Japanese, and Korean people living in the Un.ltEd‘ Sl:a?es and in o
native We highlight the limitations of current risk calculators when applied to East Asian lmmlgljants an
Simaluensksu'auﬁcauon approaches in China, Japan, and Korea. Our review underscores the\ neec'i to dlsaggregn:t:o
registry, cohort, and clinical trial data by East Asian subgroups, to actively engage these pupulauons- in research, a >
initiate studies to better define ASCVD risk in East Asian people living in the United States. (JACC ASI?. 20§;5f333-34

1© 2025 The Authors. Published by Elsevier on behalf of the American College of Cardiology Foundation. This is an open
access article under the CC BY license (http:/lcreaﬁvecommons.orgllicenses/by/4.0/).

ast Asian people make up 20.7% of the world’s  among East Asian persons.? Declining fertility rates

population based on the latest estimates by and increasing life expectancies will ensure that

the United Nations.’ As the fastest growing  ASCVD continues to be one of the most common non-
immigrant population in the United States, Asians communicable, chronic diseases affecting East Asian
comprise approximately 7% of the U.S. population, persons for future decades.?
with East Asians making up the largest Asian sub- Notably, epidemiological characteristics of ASCVD
group (eg, ~40%). In 2019, cardiovascular disease vary among FEast Asian Persons compared with
(CVD) claimed 5.2 million lives in East Asian coun- Southern, Western, and Central Asian persons.2 These
tries.”  Atherosclerotic cardiovascular  disease differences exist éven within East Asian sub-
(ASCVD), including ischemic heart disease, ischemic Populations, The Proportional mortality rate of CVDis
stroke, and peripheral arteria] disease, was the lead- as low as 25% in the Japanese and South Korean
ing cause of cardiovascular morbidity and mortality  populations but as high as 40% in Chinese Ppeople,

B U e
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par = body mass Index
CAC = coronary artery caldum
{eHD = coronary heart disease

mands further investigation.
4.2 million East Asians jmmigrated to the
United States, a sharp tise from the 250,000
4 similar to those

i oo | «who immigrated in 1960.

:;,:Mm | living in Asia, ASCVD is a ma]or. cause .of
454 = Korean Sodety of | - torbidity and mortality. ASCVD risk vansei
Hypertension | - widely between Asian American subgroups,
LDL-C = low-density | - underscoring the need to disaggregate data to
Bpspribate Chslestorsl | refine risk assessment and optimize CVD
pce = Pooled Cohort Equation | management in East Asian Americans.

PR = prevalence ratio ‘ Cardiovascular clinical trials inclusive of

v = total cholesterol | East Asian Americans are limited. Like other

Asian subgroups,® East Asian U.S. immigrants and(
their offspring are not adequately represented among

‘
LoNDEAA WG Lo U, prospective CVD cohort studies, which
form the basis of the American College of Cardiology
(ACC)/American Heart Association (AHA) ASCVD
Pooled Cohort Equation (PCE) as well as other risk
calculators. Although the recently developed AHA
PREVENT (American Heart Association Predicting
Risk of cardiovascular disease EVENTS) risk calcu-
lator, derived from a meta-analysis of 25 data sets,
has removed race/ethnicity altogether arguing their
effects may be already reflected in socioeconomic
data,® the accuracy of this calculator has not been
specifically validated in East Asian persons. As a
result, current risk stratification models are not
adeguate to predict the development of ASCVD in
East Asian Americans. Whether ASCVD risk assess-
ment tools based on long-term cohort studies con-
ducted in East Asian countries can accurately predict
risk in East Asian Americans is unknown, Although
recalibration can create a useful ASCVD prediction
fnodel and has been proposed to improve accuracy, it
Is preferable to develop and validate a model usin
local data if available, Even among countri ‘g
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ASCVD PREVALENCE AND RISK FACTORS IN -
ol L
EAST ASIAN POPULATIONS [}
((xm..m?‘.l};

DEFINITION OF EAST ASIAN POPULATIONS.
Based on definitions provided by the United Nations,
the geographic boundaries of the Asia-Pacific region
include Turkey in the west, the Pacific Island of
Kiribati in the east, the Russian Federation in the
north, to New Zealand in the south.” Located in the
Asia-Pacific region, major East Asian countries
include the People’s Republic of China (China,
including the special administrative regions of Hong
Kong, Macao, and Taiwan), Democratic People’s Re-
public of Korea (North Korea), Republic of Korea
(South Korea), Mongolia, and Japan. The major ethnic
gr‘oups in East Asia include Han, Korean, and Yamato.
Minor groups include Bai, Hui, Tibetan, Turkic,
Manchus, Ryukyuan, Ainu, Zhuang, Mongols, and
u}any other groups. In 2023, approximately 1.66
billion people live in East Asia, comprising 22% of the
world’s population.!

Additionally, millions of East Asian immigrants

boundaries of East Asia. Since the mid-1960’s, the
rsxrt:lbe; of fmmigrants from East Asia to the Ur’ﬁted
th: ;:i a:ﬁnsen sh.arply. .lfccording to calculations by
e gration Policy Institute of U.S. Census Data *
€€n 2000 and 2019, the number of East Asi. :
persons living in the United States has increased ;I;
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FIGURE 1 Age-Standardized and Crude Mortality Rates for Major CVD (2019)
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81% in the last 2 decades, outpacing Hispanic and : -
non-Hispanic Black persons, whose bers grew by "Yh:’-‘vir trc
70% and 20%, respectively, during the same time
frame. Immigrants from China and Korea accounted
for 19% and 7% of the total Asian immigrant popula-
tion, respectively.*
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Itis well established that East Asian countries have
a specific epidemiological pattern of CVD, In 2019,
Dearly 5.2 million East Asian natives died of CVD, @
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100,000 with notable differences in mortality rates
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. Ischemic Meart Disease

Percentage of total cardiovascular disease (CVD) deaths attributable to Ischemic heart disease,
Asla. The proportion of deaths caused by stroke are further stratified into the percentage of tof
obtained from the open database of the Global Burden of Disease Study In the Global Health

mortality rates for non-Hispanic Asian persons

Mok ierie doshn e compared with non-Hispanic White persons. The age-
wite vs Ag, & adjusted heart disease death rate was more than
2-fold lower in non-Hispanic Asian persons (mean

1Lba

oo 200 74.2 (Aw/w 79.2 per 100,000 with 101,6 per 100,000 in men and
616 per 100,000 in women) ys non-Hispanic White
Persons (mean 166.4 Per 100,000; 2107 per 100,000
in men, and 129.6 per 100,000 in women),

The data highlighted in the previous text includes
data for all Asian persons living in the United States
(including thoge of South Asjan origin that often
exhibit very different rigk profiles from East Asians),
and the exact Prevalence of ASCyp and its associated
mortality in East Asian Americans is uncertain, Most
surveys lack or haye limited data disaggregating East
Asian subgroups from all Asian angd Pacific Islander
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East Asia

stroke, and other CVDs In China, Japan, and South Korea, and all of East
tal stroke deaths caused by Ischemic or hemorrhagic stroke. Data were
Data Exchange.

persons. Although the U.S. Census Bureau has made
great strides to ensure accurate representation of
Asian immigrants in surveys through outreach pro-
grams, native-language interviews, subgroup cate-
gorization, and oversampling, limited disaggregated
data is currently available for East Asian Americans
from national Public surveys such as the NHIS and
NHANES (National Health and Nutrition Examination
Survey), Generallzabﬂity of these data are challenging
because some Surveys require a minimum level of
English Proficiency,
Several investigators have published disaggregated
data in East Asian immigrant subgroups. In an early
Cross-sectional study of 21,720 Asians living in
Northern California from 2007 to 2009 and receiving
care from a private health care system, the prevalence
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n of these models. The
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of CHD and stroke among East Asian persons (ie, form the basis for recalibratio
Chinese, Japanese, and Korean) was 2.07% (274 of following sections summarize existing dat: S it
13,181) and 0.75% (100 of 13,181), respectively. These prevalence of cardiovascular sk factors for d‘af i
Tates were substantially lower than the prevalence of  Asian people living in LT ey
CHD (3.9%, 2,805 of 72,701) and stroke (1,2%, 846 of _the United States, respectively. tiies
72,701) among non-Hispanic White persons.'* A more The epidemic of unhealthy "fe?tyles 5 r[‘ East
recent 2020 study that included 51,006 East Asian drive the prevalence of ASCVD risk factors B o
persons from Kaiser Permanente Northern California  Asia, as evidenced by the data Co_“eaid e eork of
with CVD risk factors, the incidence of GHD (including _Risk Factor Collaboration (NCD-RIsC), ' 2 “e“i“’t,mel v
coronary revascularization, MI, and cardiovascular health scientists that F’"’"id'Es HEu al; x lnon_
death) was 4.46% in East Asian persons compared global data on major nsk' factors o“ecent
} with 6.29% in non-Hispanic White persons over a 10- communicable diseases. According to the mos i
! year follow-up period.’ data available, South Korea had the lowe:

Three studies have examined mortality rates of ~standardized prevalence of hYPe‘lensmn_ (13.8% u;
ischemic heart disease and stroke for the 6 largest menand 8% in women) and obesity (4.5% in me.n mst
Asian American subgroups, including East Asian im-  5.0% in women). Japanese people had the hxislllfm
migrants from China, Japan, and Korea and 3 other mean levels of total cholesterol (TC) (f-95'mm° 7 :

Asian subgroups (Asian Indian, Filipino, and Viet- both men and women) and high-denslt'y lipoprotein-
namese).’*® Two of the earlier studies used mortal-  cholesterol (HDL-C) (1.46 mmol/L in men and
ity data from 34 states that reported deaths for each 1.77 mmol/Lin women), while Chinese Pe‘?l"e had the
Asian subgroup in the 2003 to 2010 Multiple Cause of lowest mean levels of TC (4.56 mmol/L in nes and
Death Mortality Database from the National Center 4.6 mmol/L women) and HDL-C (1.20 mmol/ LA“‘ men
for Health Statistics.’7 A more recent study by Shah  and 1.35 mmol/L in women). The U.S. population had
et al*® incorporated 2017 death rates and found that much higher prevalence of obesity (36.0% in men and
age-adjusted mortality rates from ischemic heart 38.1% in women) compared with the risk factor pro-
disease are lower for non-Hispanic Asian persons files of East Asian countries.*° Unfortunately, the
compared with Hispanic and non-Hispanic White numbers reported in the NCD-RisC reflect percent-
persons; however, age-adjusted mortality rates from  ages in the United States as an entire population,
cerebrovascular disease are comparable between which limit our ability to compare East Asian persons
Asian and non-Asian persons. Analysis of Asian sub-  and their U.S. counterparts and further highlight the
groups reveals significant differences in mortality need for a global effort to disaggregate data by race
rates with Korean persons having the highest mor- and ethnicity. Moreover, the aforementioned per-
tality rates among the East Asian population but centages of obesity defined in the United States
much lower than South Asian persons. More reflect body mass index (BMI) cutoffs for obesity
contemporary data on the incidence, prevalence, and  defined in non-Asian persons. Asian American people
mortality associated with ASCVD for Chinesé, are more likely to have central obesity, which remains
Japanese, and Korean Americans as well as other East a major risk factor for the development of type 2
Asian subgroups are critical to refinement of risk diabetes, metabolic syndrome, and CVD at lower BMIs
assessment tools and treatment strategies. than non-Asian people. Evidence supporting racial
differences in fat distribution between Asian and
PREVALENCE OF ASCVD RISK FACTORS IN EAST non-Asian people has prompted the lowering of the
ASIAN POPULATIONS LIVING IN ASIA AND IN THE cutoff for obesity for Asian persons to =27.5
.UNITED STATES. Cardiovascular risk  factors, and =25.0 kg/m? rather than the cutoff 30 kg/m? for
including hypertension, diabetes, dyslipidemia, to- non-Asian persons by the World Health Organization
bacco use, overweight/obesity, and lifestyle factors and other regulatory bodies (eg, Japanese Society for
;’;"‘h‘“ ““hea’tfly nutritional practices and physical the Study of Obesity, Korean Society for the Study of
Un;::im C°“t’t;;“ter:“”althe development of ASCVD,  Obesity),**  respectively. Thus, the estimates of
tors among E:fst Asin m::;f:l: ocrﬂ(t:iv Dl ?Sk faC: obesity by the NCD-RisC may underestimate the true
T ! cal for pre- incidence of obesity in East Asian Americans and non-
cting the risk of developing ASCVD, Accurate and  East Asian Americans
gurtent information on the prevalence of cardiovas- The most re :
cular risk factors in East Asian {pr e LI cent estimates of cardiovascular risk
Celbs fr el a0l Yy  factor prevalence in Asian Americans were published
models are most accurate for East Aslansp b tc [on by Commodore-Mensah et al*° and Koirala et al,® who
» ut also  independently evaluated the heterogeneity of GVD
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compared the prevalence O "
968 White adultsdar;d;:&m
estimated 9,

o nnmlgra:':se iAns;l:urdelgnif:na?including Asia Minor,
deu:;ix:ooznraﬂc People’s Republic of Korea [North
;::::i, Japan, Mongolia, and Rep.ubllc of " I::;e:
[South Korea]). The remaining Asian immigi it
included in the analysis were from South 2]
(Afghanistan, Bangladesh, Bhutan, India, Nepal,
pakistan, Sri Lanka) and Southeast Asia (Burma,
Cambodia, Indonesia, Laos, Malaysia, Philippines,
Singapore, Thailand, and Vietnam) regions. Notably,
the geoscheme for Asia used by the authors differs
from the geoscheme defined by the United Nations

and adopted by the writers of this review.

Compared with non-Hispanic White persons, East
Asian immigrants were less likely to have hyperten-
sion (20.8% Vs 34.3%), diabetes (6.3% Vs 9.6%), dys-
lipidemia (21.9% Vs 31.7%), or overweight/obesity
(47.1% vs 64.1%). Rates of smoking were not signifi-
cantly different between non-Hispanic white and East
Asian Americans. Compared with South Asian immi-
grants, East Asian immigrants were more likely to
have hypertension (20.8% vs 16.6%), but less likely to

report having diabetes (6.3% vs 8.6%) or overweight/
obese (47.1% vs 71.54%). The rate of dyslipidemia
between East Asian immigrants and South Asian im-
migrants was comparable (21.9% vs 20.8%).
Compared with Southeast Asian immigrants, East
Asian immigrants were less likely to have hyperten-
sion (20.8% vs 31.2%), diabetes (6.30% vs 11.3%),
dyslipidemia (21.9% vs 33.41%), or overweight/
obesity (47.1% vs 59.8%). Physical inactivity was
equally present in all Asian subgroups with over 50%
of patients not meeting physical activity guidelines.
Compared with non-Hispanic White persons, East
Asian persons were more likely to be physically
inactive, fieﬁned by the proportion of the population
;lgt l;l:leung ACC/AHA guidelines for exercise and
i i
adj];s tmenim:ity (50.8% vs 48.3%). Even after
G el Or age, sex, and socioeconomic
x ) &4 t Asian persons were more likely to report
Pysical inactivity (preyalen i
A, Ce ratio [PR] 1,14,
1:1.09-1,19) but less likel
sion (P ¥ to report hyperten-
on (PR 0,72, 95% CI o, 67-0;
(PR -67-0.77), overweight/obesity
0.83, 95% CI: ¢ 80-0,8
R o *60-0.87), diabetes mellitys
-80, 95% CI; 0.70-0,91), hj
0.83; 95% CI; o, 7700.90), . d' i Cbalagigrol R
ol b and curr
0.53, 95% CI; 0.46-0.60; B Wnokg (o
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dies have direc

thrombosis for Continued Health) registry ﬂf::
enrolled close to 3,000 Chinese patients wi
atherothrombotic disease living outside and inside
mainland China, rates of obesity, hypertension, h?‘
percholesterolemia, and diabetes were lower in
mainland Chinese people than those in China Hong
Kong, China Taiwan, Singapore, Western Europe, and
North America.” In a recent cross-sectional analysis
of the Japanese population, Hirooka et al** showed
that Japanese Americans reported less sedentary
behavior but were also less likely to engage in phys-
ical activity and formal exercise. Although the find-
ings are based on studies conducted a decade ago,
they highlight the need to account for environmental
and cultural factors to create an accurate risk strati-
fication tool for East Asian Americans. A recent study
found that acculturation was associated with a het-

grogeneous pattern of CVD risk factors among Asian
American subgroups, highlighting the need for more
research to better understand these differences and
to guide culturally concordant interventions.23

CURRENT STATE OF ASCVD RISK
CALCULATORS FOR EAST
ASIAN POPULATIONS

In the 2018 ACC/AHA Guideline on the Management
of Blood Cholesterol,>* the PCE was used for risk

assessment for primary prevention
eligibility for statin therapy. It was
combining 4 U.s,

includi
nities),

to guide the
developed by
community cohort studies,
ng the ARIC (Atherosclerosis Risk in Commu-
CHS (Cardiovascular Health Study), CARDIA

(Coronary Artery Risk Development in Young Adults),

isk factors used in this model include sex, race

African American, or other),
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CENTRAL ILLUSTRATION East Aslan Car lar Risk Cal

Korea* .
ISR 21 08 e

\cohol use R T - o P

Blood pressure o (<} ) ® ) O

Body massindex (BM) @ (0} © & ® °
Cholesterol o © hd bt o o
Chronic kidney disease (0] () () ° P ®
Diabetes mellitus (@) (] @ © o o
Family history of CAD 0) (o) (0] o ~
Physical activity o) [0) (0) () o &

Tobacco use o (@] (@) ° *

= i i lators;
| ®=Included in all risk calculators; = Included in some risk calculators;o= Not included in risk calcu
| @= Risk Enhancer (ACC/AHA) or Risk Modifier (ESC)
f *= Korea denotes the Republic of South Korea

Nguyen PK, et al. JACC Asia. 2025;5(3):333-349.

fovs

C risk : China, Japan, Korea, United States, and Europe. Filled circles: Included In all risk calculators; half-filled circles: lnduﬂed in
some risk calculators; open circles: not Included In risk calculators; circles with bold outlines: risk enhancer (American College of Cardiology [Acfj]lIAma'lmn leart
Assoclation [AHA]) or risk modifier (European Society of Cardiology [ESC]). *Korea denotes the Republic of South Korea. CAD = coronary artery disease.

-

age, systolic blood pressure, treatment for hyperten- significantlyfoverestimated absoliite CHD fisk in the
sion, TC, HDL-C, smoking, and diabetes. Notably, the ICS cohort, which wasmainly driven by differences
cohorts used in the PCE included very few Asian @insthe ‘mean CHD'risk and the levels of major risk
subjects. Moreover, these cohorts were initiated in  factors ( e 2 cohorts: Specifically, the 10-
the 1980s or earlier when CVD risks were higher or (year CHD event rates' were 8.0% and 2.8% in Fra-
have tended to overestimate ASCVD risks caused by ¢ ectivelysscompa
this secular effect. Also, as detailed in the following
text, estimated 10-year ASCVD risk is generally lower
in Asian American persons compared with non-
Hispanic White persons, Accordingly, Asian-specific
risk stratification calculators linked with clinical
guidelines are needed to bridge these gaps (Central
Ulustration), 6

LUwith men and women in t.h
ortantly, a recalibration of the

(e, (the)

(cohort, substantially improved the accuracy of ‘
Prediction,** Eyen after recalibrating Framingham
risk calculators, the China-MUCA (Multicenter
Collaborative Study of Cardiovascular Epidemiology)
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TABLE 1 mmmmm in China
and Sex) Outcomes
Author Population (Other Than Age o
% ‘men and women 58P, TC, HOL-C, smoking
- e 3554y status, diabetes il
men and women 5P, TC, smoking status,
" “'33;“ 3559y diabetes, BM! .
wornen SBP, TC, HDL-C, smoking,
0 nmn?:“!;siv dlabetes, WC, geographic stroke
e reglon, urban/rural, family
history of ASCVD e
| SBP, LDL-C, HDL-C, smoking
! 30,121 men and women echpahy

(Wi

Liddine ASCVD Bidk haltd,.
ot s eosa8 oyl
h»mqm,a,&.,‘

| m:;ﬁ.emdm-amm:mam:
| 58P = systolic blood pressure; TC = tota

aged 35-64 y

body mass index; CHD = coronary heart disease; HDL-C

| cholesterol; WC = waist circumference.

- ¥ L) r(l 14
un a8 W eV e
cohort 1s?udy reported that CHD risk for both men

and women was still substantially overestimated.”®
More recently, another large cohort study,’ China-
PAR (Prediction for ASCVD Risk in China)’ project,
found that the  PCE had low discrimination ability
and poor calibration (for Chinese men.2’ These

L a0 st b LEA A, A LR TR Y Y

3, 2,
MARCH 20253y, 2
14

puration of Risk Tools

Risk Prediction Validation :
10y internal Equations
10y lnwrnall Risk scores
Externa j
10y internal Equations and rate:;based risk
Lifetime External caleul
Equations, risk charts, and
Li;gtl{ne e uav;‘:haatns of risk classification

o oy 1 ¢ :
= high-density lipoprateiﬂdmﬂ:LDLC—-lowmy popmwnmtzml

~PAR b'nur';ﬂ n&w Toes ICRw rn‘p £ o:u:.npm'l\u\q

risk assessment to guide decision-making for l?loc{d
pressure treatment.>* The risk classification criteria
recommended by the World Health Organization/In-
ternational Society of Hypertension blood pressure
guideline were used because no risk assessment tools
were available in China at that time. The 2007 Chi-
nese guidelines on prevention and treatment of dys-

findings highlighted the importance of de lopi
CVD risk prediction models based on data from
. China cohort studies.

Based on data from the CMCS cohort study, the
first sex-specific ASCVD risk prediction equations and
stratification algorithms were published in 2003 and
subsequently updated in 2018.>-* The China-MUCA
study and China-Par project developed and pub-
lished risk predictive models to estimate 10-year risk
ASCVD in Chinese people.®*” A comparison of these
risk prediction models is shown in Table 1. After the
development of 10-year ASCVD risk equations from

large, long-term cohort studies, CMCS and China-PAR
cohort studies were utilized to create lifetime ASCVD
risk prediction models for young and middle-aged

people.>** (The lifetin C} dicti

26-28

Since 1999, ASCVD risk stratification-based clinical
decision making has been recommended in China by
relevant CVD prevention practice guidelines to
inform c:zeannent strategies and targets for risk factor
control***% The 1999 Chinese guidelines for the
management of hypertension was the first to employ

lipidemia in adults was the first to use ASCVD risk
classification based on risk prediction models devel-
oped from Chinese cohort studies (CMCS and China-
MUCA) and was notable for its heavy weighting of
hypertension.*® Risk classification charts were upda-
ted based on new risk prediction equations and life-
time risk estimation developed from CMCS data for
the 2016 Chinese management of dyslipidemia
guideline for adults and 2017 China guideline for CVD
prevention.3*3¢

In 2020, the Chinese Guideline on the Primary
Prevention of Cardiovascular Diseases further modi-
fied their recommendations for risk classification by
adding chronic kidney disease stage 3/4 to diabetes,
age >40 years, and very high low-density lipoprotein-
cholesterol (LDL-C) (=4.9 mmol/L) as high-risk con-
ditions.** Ten risk-enhancing factors were added,
including coronary artery calcium (CAC) score =100
Agatston units. CAC is well-established as a risk

) stratifying tool among Chinese adults from a large

study from China of 4,425 patients with suspected
coronary disease scanned for presence of CAC and
coronary plaque.” At 3 years of follow-up, the risk of
major adverse cardiac events increased with higher
CAC scores (CAC 0, 2,1%; CAC 1 10 100, 12.9%; CAC 101
to 400, 16.3%; and CAC >400, 33.8%; log-rank P <
0.001). The C-statistics improved with addition of
CAC and plaque characteristics over traditional risk
factors alone: 0.71 for clinical risk factors, which
improved to 0.82 by adding CAC and further
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sk prediction calculators
horts can be applied to
jan countries or Chinese
ding Europe and the

have evaluated if ASCVD ri
developed from Chinese col
people living in other East As!

improved to 0.93 by adding coronary computed to-
mography angiographic (CTA) plaque information
(both P < 0.001). In addition, the U.S. Multiethnic Tl
Study of Atherosclerosis showed CAC strongly pre- persons living abroad,
dicted future ASCVD events for Chinese American United States.

participants (as well as other racial/ethnic groups) — m:rgxp‘ﬁ{gﬁ;ev;iﬁo,'\

over 10 years, with those having CAC scores ’ miologic studies ‘Wﬂé\

>100 identified to have an ASCVD risk =7.5% making when the ""“ I‘,:;gl‘ high' étroke mortality eSS |

them eligible for initiation of statin therapy.*® 5%!@(’&! e observed.”” Although \\ Niflon) BMIATO

Recently, a new risk classification system for sec- (IOWICHDIH m . ed in subse-
sk s eae B 3.5 100 20m2

ondary prevention was issued by the Chinese Society ¢ oo  remains 1OW/COmP:
of Cardiology in an expert consensus statement. mﬂtﬂmﬂfﬁo}m ?;oﬁﬂlll' t‘l'yﬂé‘ Q&iz Japan Athero- i -
i i i ith Westetn populations. SUMBEREREREE |\ Stz 10 g CH
Instead of considering all patients with ASCVD as a  WILIEE A8) Guidelines OTIPYEVEREIOn: of
very high-risk group in previous guidelines, this (BEIEfOSiSTSOCIELY adl ) i
statement further identified a subset at extreme (UAHiETOSCIEFOHCICArdioV — Mﬁ“" ST J
ASCVD risk for more intensive lipid lowering § guideline to introduce al :3“‘ et
treatment. ASCVD and used the NIPPON'DATASH- - - 20«1,,9 o
d } a 4 gimilarly,(the

Although country-specific risk assessment tools are (PEdictI0:year CHDjmortality.* Sim 5 yorated s
readily available in China, significant challenges Japanese Society of Hyperteixswn mt ;pf i
remain. Most of the cohort studies collected baseline  solute risk tasar e to sy S' via scare
information in the 1990s, but there have been pressure treatment thresholds and management.

changes in risk factor prevalence among more In the 2017 JAS guideline,*® the Suita s'core was
contemporary target populations. Risk prediction able to accurately estimate the absolute incidence of
models need to be recalibrated, and some studies CHD by incorporating demographics and risk factors
have started to evaluate these older equations with including age, sex, smoking, blood pressure level, |
data collected from large contemporary cohorts. For ~HDL-C, LDL-C, impaired glucose tolerance, and fam-
instance, Liu et al“° recently applied the PCE and ily history of premature CHD. The Suita score was
China-PAR algorithms to an electronic health record chosen from 10 different published risk prediction
cohort of 226,406 participants and showed that scores in Japan where internal validation was care-
although both models had good discrimination, the fully performed. Although attempts were made to
China-PAR model substantially underpredicted risk, validate the predictive model for the guidelines in an
and the PCE overpredicted risk in men and under- external population, even within Japan, cardiovas-
predicted risk in women, although recalibration cular disease risk differs between urban and
improved this. Additionally, although most of the risk  nonurban areas. Thus, it was extremely difficult to set
enhancing factors increased ASCVD risk in observa- a standard population for external validation.*?
tf'onal studies, few studies in China showed that these Based on the algorithm for ASCVD risk assessment,
nsk—enhancmg factors, except for CAC score, could individuals are first screened to determine if they
significantly improve performance of risk calculators.  should be categorized as primary or secondary pre-
Several new risk factors have been considered as vention candidates. They are also evaluat d fi P
potexlletml contributors to residual risk in Chinese risk comorbidities including diabetes ‘:h:mico ;il;:: :
levels of PCSK9.4 However, the AR 112408 5 thess conditions are, peeasntythe
new i factors o iﬂdeL:a.l . al:t:da;csz\l;xs)e r;’sfk ﬂ:: 1?:1‘:&1:3“ is cdalculated and individuals are stratified
¢ cion n Chinese is uncerain, Although guidelines [DLC  purgets 1o o 0TSk categories. The
it Agets in primary prevention are set
clinical practice, 243 1pr 8/dL for high risk, respectively. The
’ " target for patients with established CHD
ility of more complex ml;;;)l;;yn;ge/::i, :)u: é t1hey AR e a biatary of e
: olesterolemia or acute s
drome, then a lower target LDL-C level :fx bl
should be considered, p; S maldl,
« Patients with both diabetes
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X Assessment Tools In Japan

predictors
(Other Than Age and Sex)

Author Ppopulstion
o LoL, TG,
e P 58P, DBP, DM, HDL: L %0
10,334 men and 19,542 women h:fmo[' B'Mi. P, kg habits, 3 o :
il medications 19 Internal Risk chart.s, Cox
TC and glucose levels ASCVD proportional
women age  SBP smoking, T -
Nippon Data80 et ol 4,098 men and 5.:‘5;*
e Internal Suita risk score
CHD 3
women 58P, DM, HDL, LDL, CKD stage, :
Hiro et al’” 14,072 men and 21,307 ¢ " gmoking habits o 7 v ¢ pr?m‘;dmlal
omen aged P, DM, HDL, LDL proteinuria, ‘3zard model
b Izl ar:iol_.;isyw sms:idng ha‘bks, and regular exercise:
oKD = chvonic kidney disease; hsCRP = high sensitivity C-reactive protein; other abbreviations as in Table 1.
= 4

and ASCVD should also be treated to an aggressive
LDL-C goal of <70 mg/dL.

It is important to note that the absolute ASCVD risk
estimated by the Suita score only includes CHD and
not stroke, unlike the PCE and SCORE2 risk calcula-
tors that include both. In Japan, however, cerebral
hemorrhage accounts for a high proportion of strokes,
whereas the percentages of lacunar, cardioembolic,
and atherothrombotic strokes are almost equiva-
lent,*®*° with the first 2 not being associated with
hyperclmlesterolemia.“‘3 Although Japanese people
have a high incidence of stroke, they have a relatively
low proportion of stroke phenotypes associated with
dyslipidemia, and therefore it has been difficult to
use “stroke” when setting lipid management targets.
In contrast, hypercholesterolemia is a strong risk
factor for atherothrombotic infarction. Accordingly,
the new 2022 JAS guideline, uses a recently published
risk score from the Hisayama study that predicts
incidence of the combined outcome of CHD and

atherothrombotic cerebral infarction for individual
risk assessment.*° A summary of ASCVD calculators
used in Japan is shown in Table 2.

The new JAS guideline also reviews the application
of imaging and physiological measurements for sub-
clinical atherosclerosis detection and their additive
value to risk prediction models, These markers
include the following: 1) periventricular hyper-
intensity or deep and subcortical white matter
hyperintensity by brain magnetic resonance imaging;
2) carot.id intima-media thickness and plaque char-
acteristics; 3) CAC; 4) pulse wave velocity; 5) cardio-
ankle vascular index; and 6) ankle-brachial index
(ABI). The authors reviewed whether these potential

risk enhancers improve the predictive ability of

JACC: ASIA, VOL. 5, ng
T
2
MARCH 2025:335 gy

S

Risk Tools
0dds ratio

Validation

outcomes
internal

« for the development of ASCVD
A meta-analysis of Japanese
chial-ankle pulse wave Ve
Jocity (baPWY) improves 1isk prediction,® but .the
model was not generated from a Japanese population.
Therefore, the applicability to set baPWV cutoff
values for Japanese people remains elusive. Other
markers, including magnetic Tesonance maghie o7
rotid intima-media thickness, and plaque character-
istics, and CAC score still lack evidence for risk
prediction, and ABI did not enhance risk prediction
models.

For high-risk individuals, such as stable patients
with suspected CHD, the addition of CAC score to 2
risk prediction model that employs traditional risk
factors significantly improved CHD risk classifica-
tion.5> Given the high availability of computed to-
mography (CT) scanners in Japan (highest per capital
in the world, 115.7 per million people in 2020),> many
studies have been conducted to probe the additive
value of coronary CT angiography and CAC score for
symptomatic patients. However, use of these imaging
modalities for comprehensive risk assessment have
not been performed. This is also true for other imag-
ing and physiological measurements, such as mag-
netic resonance imaging, carotid intima-media
thickness, plaque characteristics, baPWV, and cardio-
ankle vascular index. Biomarkers such as C-reactive
protein,>* small dense LDL,* and modified lipopro-
teins (LOX-1 ligands containing apolipoprotein B8
malondialdehyde-modified LDL) have also been
validated in epidemiological and clinical studies in
Japan and have been found to refine ASCVD risk when
added to classical risk factors. However, they have
only been assessed at the individual level, and

traditional risk factor:
in a primary care setting.
studies showed that bra
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ictors Outcomes Duratlon of Risk
S Athoc Study Population (Other m Sox and Age) (Follow-Up) Prediction, y Validation Risk Tools Provided
e m, s T R | Internal Equation, risk score
1502 men and 446,238 women 8P, TC, dlabets, kg, troke st
aged 30-84y activity, BMI, alcohol e
Internal Equation,
et 164,500 men and 104,310 women BP, TC, diabetes, smoking, CHD 12
aged 30-74 y (HDLC, LDLC, TG; optional) i i
Park et al® 3,135 men and 2,425 women aged Hypertension, diabetes, SBP, ASCVD 3 rtern
4363y DBP, TC, HOLC, LDLC,
smoking, atrial fibrillation,
white blood cells, creatinine,
Lt w 10 Internal Equation
Jung et al®! 119,715 men and 80,295 women aged  SBP, TC, HDLC, DM, smoking, ASCVD
N e 10 Internal and Machine leaming
Cho et al™ 152,076 men and 144,354 women BMI, SBI;, m;l;,Ct ':c',tyrss, ASCVD e - o
il i Internal HR, nomogram
Choetal™ 222,998 individuals aged 40-70 y SBP, DBP, TC, HDLC, LDLC, ACS 4 stroke 8 '
TG, FBG, GGT, GFR,
proteinuria, BMI, WwC,
smoking, alcohol, activity,
antidiabetic, antihypertensive,
statins, family history of CHD,
family history of stroke . i it
Choi et al®™ 10,412,947 men and 11, 168, 849 SBP, TC, HDLC, diabetes, ASCVD L) nter al leaming
women smoking, antihypertensive, igorithr
Aged 40-79y (+8 optional markers) e
0 hed) 43,798 individuals aged 40-79 y SBP, TC, HDLC, diabetes, ASCVD 10 intermal :rd q , risk chart

smoking, antihypertensive

Nguyen et at
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| asinTable1.

ACS = acute coronary syndrome; DBP = diastolic blood pressure; FBG = fasting blood glucose; GFR = glomerular filtration rate;

GGT = gamma-glutamyl

without walidation in population-based cohorts, are
difficult to incorporate into risk prediction models.
They have limited clinical application since they are
not routinely measured at clinic visits.

Since the establishment of universal health
coverage for all Japanese people in 1961, there are
limited incentives to use imaging modalities such as
CT scans to enhance systematic risk prediction or to
evaluate the cost-effectiveness of these tests, espe-
cially for high-risk individuals. Future directions
should focus on determining whether biomarkers or
subclinical atherosclerosis detection can improve risk

to

I e at  to g ! »)u
Western populations because they overestimated
the ;ag:olute risk of ASCVD in the Korean popula-
ton.***! Later studies used Korean data to develop
risk prediction models for stroke, coronary artery
disease, or ASCVD,*%* The National Health Insur-
ance Service, which operates a free health
program for all Korean adults,

screening
provides risk

assessment for CVD and diabetes based on individ-
ualized data. Private health screening centers and
research institutes are also using disease prediction
on common chronic diseases, including ASCVD,
diabetes, cancer, and Alzheimer’s disease. However,
ASCVD risk prediction assessment has not yet been
adopted as the primary tool for risk assessment in
clinical practice guidelines.®® A summary of avail-
able ASCVD risk assessment tools in Korea is pro-
vided in Table 3.

The Korean Society of Lipid and Atherosclerosis
recently released the fifth edition of the Korean
Guidelines for the Management of Dyslipidemia.
Compared with the fourth edition, the revised
guidelines lowered the LDL-C target level for patients
with CHD from <70 to <55 mg/dL.7>” The risk clas-
sification of people with diabetes was also subdivided
et e

ed high-risk diabetes groups.”
Lower LDL-C targets are also recommended for pa-
tients with significant carotid artery stenosis or
abdominal aortic aneurysm. Although risk classifica-
tion based on the presence of specific risk factors
remained, it is noteworthy that the fifth KsoraA
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for the first time, an optional

a specific ASCVD predlction
oted that wASCVD risk scores

108y
me and fpidemio!
i k enhancer

used as a 1is
71 The reason why it
to moderate-

guidelines introduced,
mcommendadon to use
model, The guidelines I
pased on the Korean
study (KOGES) cohort can be
in low- of moderate-Tisk E\'Ouxl:ls- b
& x:commﬂ;l: te:atoﬂl:: ::::lste )i,ncldence of ASCVD is
ups
xrysl:ﬂ‘i)n Koreans, so if they rely only on ﬁ;(e AS::Z
prediction model, some patients high-ris Sfd p
with major modifiable risk factors may not be i e
tified for treatment.” The  Korean Society Pf Hyper=
tenision (KSH) released the 5022 KSH Guidelines for
) it of Hypertension without significant’
[ 3n Tisk classification compared with the pr
vious 2018-KSH guideline. A Wm;_g&g&l)m{iwm
and ‘blood pressure targgfs’ “are still based on the’
presence or absence of clinical ASCVD or the number
of established cardiovascular risk factors. The KSH
guidelines acknowledge the importance ofraccurate
| individual risk assessment for selectingz thebest
| ¢ ASCVD prevention strategy and‘recommend theise
k of risk'assessment tools but does not endorse a spe-
cific risk prediction model.”7*
(oThereareseveralteasons why ASCVDHSK predics
i tion is mainly of academic interest Hot widely™
i

(accepted in clinical practice” guidelines “in Korea.
“Becaiise most of the ASCVD risk prediction ‘models
developed in Korea are based on data from limited:

~health screening centers, there is criticismaboutithe,

“lack of ‘adequate representation.'Additionally; the

~ ASCVD risk prediction models were mostly validated

¢ internally without external validation’ in a diverse
coliort population, Furthermore, there i§ insufficient
 evidence demo ng the clinical efficacy and cost:

i (ASCYD risk prediction model in daily
(elifiicalipractive. Risk factors in the Korean ASCVD
risk prediction models are similar to those used in
other countries. The major risk predictors include
sex, age, blood pressure, smoking, diabetes, and TC.
It is notable that many of the Korean prediction
models only use TC instead of LDL-C and HDL-C
because Korea’s general national health screening
Program often only measures TC levels.®*6358 In
;gdliet‘l,:llls, the incidence of CHD is low, and LDL-C and
populatlo:re ;tirongly correlated to risk in the Korean
lnferlortoL;,L le the predictive power of TC is not
S -lC plus HDL-C levels.**% Efforts to use
e Evalu‘atlc uding the SCORE2 (Systemic Coronary
g resof 2) and SCORE2-OP (SCORE2-Older
i K,o 4 m:l ted in an underestimation risk in
men and women (aged 40-59 years)
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d vetestjmation in older individuals, highlighting
and O

i Iculator.”
are; on-specific ca
e it itly developed Korean ASCVD pre-

most rece
'The model 18 pased on data from OVer 150,000
i Genome and Epidemiology

A ﬁs?epf:;:t:rs are similar to previous
L this model includes large-scale prospec-

ohort data and was validated both internally
i rnally. In addition, the new model may hawfe
e ical 1.ni]1ty pecause the incidence of CVD in
iy asing. Although ASCVD risk
adopted in clinical practice

Koreans is rapidly ::;;lte
t officially .
B CVD risk prediction studies have
biomarkers and

suidelines., m?y orea utilizing new
?;:;i:bhxﬁdall?ﬁes.“"” geveral of them have

in ASCVD predictive
demonstrated improvements 1 ; i
power using CAC or CTA and employing machine
learning methods. Earlier studies cmss-sect:ona.lly
compared CAC and Western-derived ASCVD risk
scores among asymptomatic individuals and reported
that high CAC levels are also observed among some
Korean persons with low to moderate ASCVD risk.”>77
These findings indirectly support the usefulness of
CAC-based risk classification. Later studies added
more direct evidence of CAC score in the risk classi-
fication of asymptomatic Korean adults. The
CONFIRM (COronary CT Angiography EvaluatioN For
Clinical Outcomes InteRnational Multicenter) study
evaluated the clinical utility of CAC and coronary CTA
in Korean as well as European/American pop-
ulations.”* The CONFIRM study reported that CAC
improved risk stratification and provided incremental
value beyond FRS for predicting major adverse car-
diac events.”* Another Korean study reported that the
addition of CAC to FRS improved risk prediction for
CVD mortality in young adults but not in older in-
dividuals.®* The predictive value of coronary CTA was
also evaluated in combination with CAC. In a 2-year
follow-up study of Koreans participating in health
screens, both CAC and coronary artery stenosis on
coronary CTA are independent predictors of CVD
outcomes. However, when CAC and coronary CTA
stenosis were evaluated simultaneously, CVD risk
was associated only with stenosis on coronary CTA
but not with CACS.”® In the CONFIRM study, coronary
CTA provides incremental predictive value for
asymptomatic individuals with moderate CAC scores
(100-400), but not for lower or higher CAC scores.”®
There are also studies that evaluated the usefulness
of fundoscopy.®®® A Korean study found that virtual
assessment of CAC estimated from deep learning
analysis of retinal photographs is comparable to
CT-measured CAC in predicting CVD events and im-
proves current risk stratification for cardiovascular



