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ABSTRACT
Purpose  Coronary CT angiography (CCTA) is well 
established for the diagnostic evaluation and prognostication 
of coronary artery disease (CAD). The growing burden of 
CAD in Asia and the emergence of novel CT-based risk 
markers highlight the need for an automated platform 
that integrates patient data with CCTA findings to provide 
tailored, accurate cardiovascular risk assessments. This 
study aims to develop an artificial intelligence (AI)-driven 
platform for CAD assessment using CCTA in Singapore’s 
multiethnic population. We will conduct a hybrid 
retrospective-prospective recruitment of patients who have 
undergone CCTA as part of the diagnostic workup for CAD, 
along with prospective follow-up for clinical endpoints. 
CCTA images will be analysed locally and by a core lab 
for coronary stenosis grading, Agatston scoring, epicardial 
adipose tissue evaluation and plaque analysis. The images 
and analyses will also be uploaded to an AI platform for 
deidentification, integration and automated reporting, 
generating precision AI toolkits for each parameter.
Participants  CCTA images and baseline characteristics 
have been collected and verified for 4196 recruited 
patients, comprising 75% Chinese, 6% Malay, 10% 
Indian and 9% from other ethnic groups. Among the 
participants, 41% are female, with a mean age of 55±11 
years. Additionally, 41% have hypertension, 51% have 
dyslipidaemia, 15% have diabetes and 22% have a history 
of smoking.
Findings to date  The cohort data have been used to 
develop four AI modules for training, testing and validation. 
During the development process, data preprocessing 
standardised the format, resolution and other relevant 
attributes of the images.
Future plans  We will conduct prospective follow-up 
on the cohort to track clinical endpoints, including 
cardiovascular events, hospitalisations and mortality. 
Additionally, we will monitor the long-term impact of the 
AI-driven platform on patient outcomes and healthcare 
delivery.
Trial registration number  NCT05509010.

INTRODUCTION
As in the rest of the world, coronary artery 
disease (CAD) is a leading cause of death in 

Asia, and its increasing prevalence signals 
a significant healthcare and economic 
burden.1 2 Coronary CT angiography (CCTA) 
has become firmly established as an essen-
tial modality for the early detection, clinical 
evaluation and risk stratification of CAD. This 
is reflected in guidelines from the National 
Institute for Health and Care Excellence,3 
the European Society of Cardiology4 and the 
American Heart Association.5 These recom-
mendations are based on robust evidence 
demonstrating that early use of CCTA 
improves event-free survival by facilitating the 
timely initiation of guideline-directed medical 
therapy,6 reduces unnecessary cardiac cath-
eterisation7 and enables faster discharge of 
patients presenting with possible acute coro-
nary syndrome in emergency settings.8

CCTA is not only the preferred modality 
for anatomical assessment of the coronary 
vasculature but also an indispensable tool 
for disease characterisation and risk strati-
fication. CT-derived parameters, including 
the Agatston score,9 epicardial adipose 
tissue (EAT)10 and plaque characteristics,11 

STRENGTHS AND LIMITATIONS OF THIS STUDY
	⇒ The study uses a large, multiethnic Asian cohort, al-
lowing for diverse population sampling.

	⇒ A hybrid retrospective-prospective design allows 
for comprehensive clinical follow-up and outcome 
validation.

	⇒ A standardised coronary CT angiography protocol 
ensures consistency across multiple healthcare 
centres.

	⇒ The use of advanced artificial intelligence models 
facilitates automated analysis of calcium score, epi-
cardial adipose tissue and plaque characteristics.

	⇒ The study population is exclusively Asian, limiting 
the generalisability of the findings to other ethnic 
groups.
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offer incremental value in these assessments. However, 
the routine clinical adoption of these measurements 
is limited by the laborious and time-intensive nature of 
manual quantification. Additionally, manual assessment 
introduces significant interobserver variability—report-
edly as high as 20%, even among expert readers.12 Thus, 
there is an unmet need for automated solutions to stream-
line these processes and fully harness the diagnostic and 
prognostic potential of CCTA in CAD management.

Moreover, existing cardiovascular risk prediction 
models have shown limited accuracy in Asian popu-
lations. For example, the Coronary CT Angiography 
Evaluation for Clinical Outcomes: An International 
Multicenter Registry revealed that Asian sites reported a 
threefold lower-than-expected CAD prevalence.13 Simi-
larly, an observational study by Villadsen et al identified 
ethnic differences in coronary plaque composition, with 
South Asian patients exhibiting a higher proportion of 
non-calcified plaque compared with Caucasians.14 Our 
group previously assessed the performance of the CAD 
Consortium (CAD2) model in a mixed Asian population 
in Singapore and found suboptimal predictive accuracy, 
though it improved significantly after local calibration.15 
More recently, we evaluated the prognostic utility of 
pooled cohort equations (PCEs) and Agatston scores in 
a symptomatic, mixed Asian cohort. PCEs alone showed 
no discriminative value beyond random chance, and the 
addition of Agatston scores did not provide meaningful 
improvement.16 These findings highlight the need for 
automated models that account for ethnic variations 
to accurately predict cardiovascular risk in Singapore’s 
multiethnic population. To achieve this, a contemporary 
study of CAD prevalence and characteristics in Asia is 
essential.

COHORT DESCRIPTION
Patient and public involvement
Patients and/or the public were not directly involved in 
the design, or conduct, or reporting, or dissemination 
plans of this research. The study outcomes will be dissem-
inated through publication in peer-reviewed biomedical, 
cardiac imaging and clinical journals, as well as presen-
tations at scientific conferences. This will pave the way 
for a range of clinical, population health, research and 
commercial applications.

Cohort objectives
We aim to build a first-in-Asia, AI-driven national plat-
form for CCTA for clinical, and industrial applications 
(APOLLO), creating a mixed-ethnic phenotypic registry 
of CAD in Singapore (online supplemental graphical 
abstract). APOLLO will serve a range of clinical, research 
and industrial purposes. First, as a large registry, APOLLO 
will offer valuable insights into patient demographics 
and disease patterns within a highly characterised multi-
ethnic Asian population. Second, the development of 
precision artificial intelligence (AI) toolkits will enable 

the automation of anonymisation, reporting, Agatston 
scoring, EAT and plaque quantification, facilitating the 
integration of these tasks into routine clinical practice. 
Third, as a deidentified and sharable database, APOLLO 
will support the calibration and development of Asian-
based prediction models and accelerate the introduc-
tion of novel medical and device therapies in the Asian 
context (figure 1).

Study type
APOLLO is a hybrid, retrospective-prospective, open-
label, observational, multicentre study. It includes retro-
spective recruitment of patients who underwent CCTA as 
part of the diagnostic workup for CAD, along with prospec-
tive follow-up to monitor several clinical endpoints. Addi-
tionally, prospective patient recruitment will involve 
identifying and enrolling eligible patients from multiple 
participating centres. These patients will undergo CCTA 
as part of their clinical care and will be followed over 
time to track key outcomes, including cardiovascular 
events, hospitalisations and mortality. Details of the study 
design are also available in ​ClinicalTrials.​gov (Identifier: 
NCT05509010).

Study population
There are three hospital sites participating in the creation 
of APOLLO: National Heart Centre Singapore (NHCS), 
National University Hospital and Tan Tock Seng Hospital. 
These institutions represent the three largest cardiac 
healthcare systems in the country. The study uses a hybrid 
recruitment approach, both retrospective and prospec-
tive, targeting a total of 5000 CAD patients. For the retro-
spective arm, patients who underwent CT scans between 
2007 and 2017 will be screened and included if they meet 
the inclusion criteria. Outcomes will be obtained through 
a review of medical records and national registries, with 
follow-up continuing until 31 December 2025. For the 
prospective arm, patient recruitment occurred from 
October 2021 to July 2024. Clinical events and outcomes 
will be tracked for a period of 5 years following enrol-
ment, with data collected from hospital medical records 
and national databases. The inclusion and exclusion 
criteria are listed in box  1. Patients aged 21 and above 
were included. Exclusion criteria include acute coronary 
syndrome, a body mass index exceeding 40 kg/m2 and a 
history of percutaneous or surgical intervention for CAD. 
Baseline demographic and clinical characteristics will be 
obtained from the electronic medical records and case 
notes, including but not limited to (1) age, gender, race, 
socioeconomic status, marital status, (2) comorbidities, 
(3) laboratory tests, (4) radiological tests, (5) cardiac 
investigations, (6) cardiac procedures, (7) medication 
use and (8) chest pain characteristics.

CCTA protocol
CCTA acquisition will be performed using six state-of-
the-art CT scanners (Canon, Siemens, GE, Philips) with 
≥256-detector rows, following image acquisition protocols 
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outlined in the Society of Cardiovascular Computed 
Tomography (SCCT) guidelines.17 Medication, as per 
guidelines, may be administered to control heart rate in 
patients with a heart rate above 60 bpm. Sublingual glyc-
eryl trinitrate will be administered prior to scanning. The 
CCTA scans will use a prospective ECG-triggered scanning 

mode. A tri-phasic injection protocol will be applied, 
consisting of contrast injections of approximately 50 mL 
at 5 mL/s and 20 mL at 3.5 mL/s sequentially, followed by 
a third injection of 30 mL saline at 3 mL/s.

Cardiac CT analysis
The CT images will be analysed and interpreted both at 
the clinical site level and at the core laboratory. At the 
clinical site, CT interpretation will follow the SCCT guide-
lines.17 Core lab analysis will be performed at the Cardio-
Vascular Systems Imaging and AI research core of NHCS, 
blinded to the clinical site interpretation. Core lab anal-
yses will include:
1.	 Coronary stenosis grading: This assessment focuses on 

the severity and precise localisation of stenosis within 
the coronary circulation. A key aspect involves visu-
ally estimating luminal narrowing caused by plaque. 
Following the SCCT guidelines,17 stenosis is graded 
across a spectrum from minimal narrowing to total 
occlusion. Additionally, distinctions are made between 
obstructive and non-obstructive stenosis, with the 
SCCT model guiding accurate localisation.

2.	 Agatston scoring analysis: Calcified plaque is evalu-
ated using Agatston scoring programmes, aligned 
with SCCT clinical guidelines.17 Pixels exceeding 130 
Hounsfield units (HU) are identified as indicative of 
calcium in non-contrast studies.18 Lesions within each 
coronary vessel distribution are identified, and the 

Figure 1  Workflow of the APOLLO platform. CT images are anonymised and uploaded into the APOLLO database. The images 
are then processed using AI engines, and the results are re-uploaded into the database. A summary report is generated and 
presented to the end user. AI, artificial intelligence; CAD, coronary artery disease; CVD, cardiovascular disease; EAT, epicardial 
adipose tissue.

Box 1  Inclusion and exclusion criteria for prospective 
patient recruitment

Inclusion criteria.
	⇒ Age ≥21 years old.
	⇒ Clinically indicated for evaluation by CCTA.

Exclusion criteria
	⇒ Known complex congenital heart disease.
	⇒ Planned invasive angiography for reasons other than coronary ar-
tery disease.

	⇒ Non-cardiac illness with life expectancy <2 years.
	⇒ Pregnancy.
	⇒ Concomitant participation in another clinical trial in which subject is 
subject to investigational drug or device.

	⇒ Cardiac event and/or coronary revascularisation (percutaneous cor-
onary intervention and/or coronary artery bypass grafting) and/or 
valvular repair/replacement prior to CCTA.

	⇒ Glomerular filtration rate ≤30 mL/min.
	⇒ Known allergy to iodinated contrast agent.
	⇒ Contraindications to beta blockers or nitroglycerin or adenosine.

CCTA, coronary CT angiography.
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scoring programme generates a summed score for 
each vessel based on area-density (Agatston score) 
measurements. The total coronary Agatston score ag-
gregates all calcified lesions across the coronary tree.

3.	 EAT analysis: This analysis quantifies the total volume 
of EAT and pericardial adipose tissue, both metaboli-
cally active fats associated with increased cardiovascular 
disease risk.19 Quantification on non-contrast CT scans 
requires manual annotation of the pericardium. EAT 
is identified using adipose tissue attenuation values be-
tween −190 and −30 HU.20 Due to potential variations 
in HU values from scan noise or attenuation changes, 
the final EAT region is verified by an experienced ra-
diologist or cardiologist.

4.	 Plaque analysis: This analysis focuses on plaque vol-
ume, burden, type and anatomical locations. Coronary 
segmentation is performed for segments with a diame-
ter ≥1.5 mm, with the SCCT model17 aiding in precise 
plaque localisation. For each plaque, detailed assess-
ments are conducted, including start and end points, 
area, volume, burden and type (non-calcified, calcified 
or mixed).21 Non-calcified plaque is further subclassi-
fied as low attenuation plaque (LAP) if HU<30 or non-
LAP if HU>30.

Patient outcomes
Patients whose CCTA data are used for this study will be 
followed for several outcome measures. This follow-up 
will enable the prognostic validation of AI-derived 
measurements. The patient outcomes to be monitored 
are as follows:
1.	 Mortality (all-cause and cardiovascular): Throughout 

the follow-up period, the study will track mortality 
rates, including both all-cause mortality and deaths 
specifically attributable to cardiovascular events.

2.	 Major adverse cardiovascular events (MACE): In ad-
dition to mortality, the study will assess MACE, which 
includes acute myocardial infarction (AMI), stroke, 
heart failure and percutaneous or surgical revascular-
isation.

3.	 Rehospitalisation: A key aspect of the outcome mea-
sures will involve evaluating the incidence of rehospi-
talisation. This parameter serves as a valuable indicator 
of the long-term impact of AI interventions on the 
need for repeated hospital admissions, providing in-
sights into sustained health outcomes and healthcare 
resource utilisation.

These data will be collected from hospital medical 
records and national registries in accordance with institu-
tional, ministry and national-level regulations. At the insti-
tutional level, tracking and extraction of outcomes will be 
performed by the respective IT teams under the supervi-
sion of the principal investigator/study team. The clinical 
research coordinator at each institution will also track 
and match outcomes using electronic medical records. At 
the national level, the matching and tracking of outcome 
data from national registries will be handled by staff from 
the National Registry of Diseases Office (NRDO). One 

of the registries analysed through the NRDO will be the 
Singapore Myocardial Infarction Registry (SMIR) for 
aggregate data.

AI-BASED PARAMETERS
The images, data and analyses will be uploaded to an AI 
platform for deidentification, analysis, integration and 
automated reporting. A container will encapsulate all 
AI solutions developed during the study, allowing for 
seamless deployment across third-party environments, 
including laptops, cloud platforms and both Windows 
and Linux operating systems. The toolkits can also be inte-
grated with commercial third-party software platforms.
1.	 AI anonymisation: The anonymisation of pixel data 

follows a pipeline consisting of the following steps:
	– Extracting personal data from the DICOM metada-

ta that may be present in the pixel image. This infor-
mation defines a set of words the pipeline searches 
for within the image.

	– Preprocessing the image to enhance contrast and 
reduce noise.

	– Deploying a convolutional neural network (CNN) 
for alphabet recognition, which identifies charac-
ters within the image.

	– Matching and removing personal data by cross-
referencing identified words with those found in 
the DICOM metadata.

2.	 AI stenosis grading:
	– Coronary artery tree detection: Error-tolerant graph 

neural network technology22 is integrated into the 
platform. Building on prior work by Huang et al,23 
we use an enhanced three-dimensional (3D) U-Net 
model to identify coronary arteries. A graph U-Net 
model further filters these candidates based on top-
ological, positional and image features (online sup-
plemental figure 1). Non-coronary segments and 
discontinuous arteries are either removed or recon-
nected as necessary. The result is a coronary artery 
tree that is easily mapped due to its graph structure.

	– Joint stenosis grading and plaque quantification on 
3D images: Stenosis grading and plaque quantifica-
tion are performed simultaneously by an algorithm 
combining a 3D U-Net model and a 3D image clas-
sifier (online supplemental figure 2). The U-Net 
generates segmentation masks for the lumen, cal-
cified plaque and non-calcified plaque. These are 
then used as inputs for the image classifier, which 
outputs stenosis grades and plaque types

3.	 AI Agatston score analysis: AI-based Agatston scoring 
begins with the segmentation of calcified plaque on 
non-contrast CT scans (online supplemental figure 
3), leveraging CNNs.24 25 A novel approach in our plat-
form involves combining non-contrast and contrast 
CT scans, aligned through multimodal image registra-
tion. A deep learning multitask network analyses both 
plaque and calcification. This interpretable multitask 
learning algorithm provides a more accurate analysis.

https://dx.doi.org/10.1136/bmjopen-2024-089047
https://dx.doi.org/10.1136/bmjopen-2024-089047
https://dx.doi.org/10.1136/bmjopen-2024-089047
https://dx.doi.org/10.1136/bmjopen-2024-089047
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4.	 AI EAT: AI-based EAT quantification uses 2D axial slic-
es (online supplemental figure 4), with segmentation 
achieved through fully convolutional networks (eg, U-
Net) or fully annotated CTs.

5.	 AI reporting: The AI-generated reports include Ag-
atston scoring and stenosis grading. Automated tasks 
include:
	– CCTA image quality evaluation.
	– Heart segmentation.
	– EAT segmentation and analysis.
	– Aorta segmentation.
	– Detection and registration of the coronary artery 

tree.
	– Agatston scoring and stenosis grading.

Data sharing
Data sharing will be facilitated through the National 
University Health System’s DISCOVERY AI platform, 
a production system that provides centralised anony-
misation, equitable data access and differential data 

linkage capabilities.26 The processes of the DISCOVERY 
AI platform are summarised in figure  2, with oversight 
resting with the custodian of each database. DISCOVERY 
AI incorporates centralised anonymisation and data 
handling measures in compliance with the Singapore 
Personal Data Protection Act (PDPA) 2012, the Human 
Biomedical Research Act 2015 and the Human Biomed-
ical Research Regulations 2017. In accordance with PDPA 
guidelines, all data managed within DISCOVERY AI are 
anonymised by removing protected health identifiers, 
such as names, addresses and identification numbers. 
The platform also features proprietary security measures, 
including data obfuscation and ledger-based access logs.

Sample size calculation
Conventional sample size calculations rely on a predefined 
margin of error; however, in AI, estimating the required 
sample size prior to experimentation is not always feasible 
because this margin of error cannot be established until 
the deep learning model development process has begun. 

Figure 2  DISCOVERY AI tribrid platform processes. Clinical and research data are processed by various production AI 
modules to generate predictive clinical warnings within the electronic health record system. AI, artificial intelligence; EPIC, an 
American privately held healthcare software company; I2B2, Informatics for Integrating Biology & the Bedside; ICU, intensive 
care unit; SDSD, Surgical Data Systems Directorate dataset; SPH, School of Public Health.

https://dx.doi.org/10.1136/bmjopen-2024-089047


6 Baskaran L, et al. BMJ Open 2024;14:e089047. doi:10.1136/bmjopen-2024-089047

Open access�

Instead, during deep learning analysis, we will use cross-
validation techniques, such as k-fold cross-validation and 
hold-out test sets, to ensure robust statistical confidence 
in our model. These methods allow us to derive confi-
dence intervals and assess model performance iteratively.

To further ensure statistical rigour, we will also perform 
a post hoc power analysis to evaluate the actual power 
achieved by the analysis and report these findings. 
Additionally, previous studies provide support for the 
adequacy of our dataset size. For example, a coronary 
artery calcium deep learning project using 377 subjects 
achieved over 90% accuracy.27 Similarly, Commandeur 
et al demonstrated improved predictive performance 
using AI on cardiac CT in 1912 asymptomatic subjects, 
achieving a higher area under the curve (0.82 vs 0.77, 
p<0.05) compared with conventional methods like coro-
nary artery calcium scoring.28 These results suggest that 
the dataset collected in our current study should be suffi-
cient to train the deep learning models effectively and 
achieve high performance for each specific aim.

In previous studies, the 5-year rate of the primary 
endpoint in the CTA group was reported as 2.3% in one 
study,6 while another study observed a primary endpoint 
event in 164 out of 4996 patients (3.3%) over a median 
follow-up of 25 months.29 Based on these findings, we 
predict the event rate in our current study to be approx-
imately 3% over the 5-year follow-up period. With a 
predicted event rate of 3%, we aim to capture at least 100 
events to ensure robust model estimation. Following the 
general rule of 10 events per predictor variable,30 we antic-
ipate including 10 predictors in our models, resulting in a 
required sample size of approximately 3333 patients.

Clinical risk model development
This study aims to build a clinical risk model that incorpo-
rates parameters derived from AI calcium score, AI EAT, 
AI stenosis and AI plaque characteristics to predict patient 
outcomes or progression of atherosclerosis. In addition 
to the AI-derived features, traditional clinical and demo-
graphic data will also be included. The risk model will 
be developed using logistic regression, Cox proportional 
hazards models or machine learning algorithms. By 
combining the AI-derived features with traditional risk 
factors, patients will be categorised into risk groups (eg, 
low, intermediate and high risk) based on output prob-
abilities or risk scores. After model construction, a post 
hoc power analysis will be conducted to ensure that the 
sample size used is sufficient to detect meaningful associ-
ations and that the model possesses adequate statistical 
power.

Dissemination
Project outcomes will be disseminated through publica-
tions in peer-reviewed biomedical, cardiac imaging and 
clinical journals, as well as presentations at scientific 
conferences. Patient confidentiality will be maintained by 
ensuring that no individually identifiable information is 
included in publications.

Findings to date
CCTA images and baseline characteristics have been 
collected and verified for 4196 recruited patients. Demo-
graphic data indicate that the study population consists 
of 75% Chinese, 6% Malay, 10% Indian and 9% from 
other ethnic groups. Among the participants, 41% are 
female, with a mean age of 55±11 years. Additionally, 41% 
have hypertension, 51% have dyslipidaemia, 15% have 
diabetes and 22% have a history of smoking (table 1). All 
collected data have been anonymised and stored in the 
DISCOVERY AI platform. Furthermore, four AI modules 
are in development using 2983 CT imaging studies for 
training, testing and validation. During the development 
of each AI module, data preprocessing standardised the 
format, resolution and other relevant attributes of the 
images.

DISCUSSION
The APOLLO study targets a cohort that reflects the 
current real-world Asian population undergoing CAD 
assessment. Given the growing clinical burden of CAD, 
a national AI platform to facilitate CCTA analysis is 
desirable for several reasons. First, as the largest CCTA 
registry of patients with suspected CAD, APOLLO will 
provide much-needed, highly representative insights into 
the current and emerging states of diagnostic testing 
in the region. Second, APOLLO aims to enhance the 
efficiency of CCTA reporting, including the analysis of 
labour-intensive parameters such as plaque characterisa-
tion and EAT quantification. Third, through robust vali-
dation against patient outcomes, APOLLO may enable 
cardiovascular risk prediction, thus improving triage and 
clinical workflows. Finally, this large, deidentified and 
well-characterised patient registry will have extensive clin-
ical, research and industrial applications. Recruitment is 
progressing ahead of schedule, reflecting comprehen-
sive and efficient collaboration across Singapore’s largest 
cardiac healthcare institutions.

A forecast analysis based on data from the SMIR31 
(2007–2018) predicts that from 2025 to 2050, the inci-
dence of AMI in Singapore will rise by 194.4%, from 
482 to 1418 cases per 100 000 population.32 The largest 
projected increases in metabolic risk factors among AMI 
patients include overweight/obesity (880.0% increase), 
followed by hypertension (248.7%), diabetes (215.7%), 
hyperlipidaemia (205.0%) and active/previous smoking 
(164.8%).32 The number of AMI-related deaths is 
expected to increase by 294.7% among individuals 
with overweight/obesity, while mortality is predicted to 
decline by 11.7% for hyperlipidaemia, 29.9% for hyper-
tension, 32.7% for diabetes and 49.6% for smoking from 
2025 to 2050.

Similar trends are expected across Asia, as the 
ethnic distribution in Singapore (comprising Chinese, 
Malay and Indian populations) broadly reflects that 
of many Asian regions.33 The baseline characteristics 
of the APOLLO cohort suggest notable differences in 
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cardiovascular risk factors compared with other study 
populations. For example, compared with the Danish 
cohort studied by Winther et al, APOLLO participants 
exhibit a higher prevalence of dyslipidaemia (51% vs 
30%) and diabetes mellitus (15% vs 7%).34 Likewise, 
while over half of the participants in the SCOT-HEART 
study were current or former smokers,6 only one in five 
participants in the APOLLO cohort reported smoking. 

Given the predominantly Chinese composition of APOL-
LO’s cohort, the prevalence of cardiovascular risk factors 
aligns most closely with that observed in Chinese popula-
tions studied by Zhou et al35 and Tay et al,36 although with a 
notably higher prevalence of dyslipidaemia in the overall 
cohort. This discrepancy may reflect dietary and lifestyle 
differences rather than ethnic variations, as previous 
studies in Singapore found no significant differences in 

Table 1  Baseline characteristics

All
(n=4196)

Retrospective
(n=1929)

Prospective
(n=2267)

Age, years 55±11 54±11 55±11

Gender, male/female 2487/1709 1177/752 1310/957

Height, cm 165±9 165±9 166±9

Weight, kg 71±15 71±15 71±15

Body mass index, kg/m2 26±5 26±5 26±5

Race

 � Chinese, n (%) 3143 (75) 1381 (72) 1762 (78)

 � Malay, n (%) 253 (6) 122 (6) 131 (6)

 � Indian, n (%) 407 (10) 197 (10) 210 (9)

 � Others, n (%) 393 (9) 229 (12) 164 (7)

Cardiac risk factors

 � Hypertension, n (%) 1731 (41) 864 (45) 867 (38)

 � Diabetes, n (%) 638 (15) 295 (15) 343 (15)

 � Dyslipidaemia, n (%) 2153 (51) 1013 (53) 1140 (50)

 � Family history, n (%) 1115 (27) 412 (21) 703 (31)

 � Smoking, n (%) 921 (22) 373 (19) 548 (24)

 � Peripheral artery disease, n (%) 7 (0.2) 5/ (0.3) 2 (0.1)

Medication

 � Aspirin, n (%) 511 (12) 307 (16) 204 (9)

 � Thienopyridine, n (%) 156 (4) 111 (6) 45 (2)

 � Ticagrelor, n (%) 8 (0.2) 5 (0.3) 3 (0.1)

 � Statin, n (%) 1531 (36) 746 (39) 785 (35)

 � Beta blocker, n (%) 610 (15) 376 (19) 234 (10)

 � Calcium channel blocker, n (%) 708 (17) 321 (17) 387 (17)

 � ACE-inhibitor, n (%) 224 (5) 130 (7) 94 (4)

 � Angiotensin II antagonist, n (%) 527 (13) 249 (13) 278 (12)

 � Mineralocorticoid antagonist, n (%) 28 (1) 19 (1) 9 (0.4)

 � Oral hypoglycaemics, n (%) 413 (10) 193 (10) 220 (10)

 � Insulin, n (%) 55 (1) 27 (1) 28 (1)

Blood test

 � Glomerular filtration rate, mL/min 96 (86, 104) 96 (86, 105) 95 (86, 103)

 � Total cholesterol, mmol/L 5.0 (4.3, 5.7) 5.0 (4.3, 5.7) 5.0 (4.3, 5.8)

 � High-density cholesterol, mmol/L 1.3 (1.1, 1.6) 1.3 (1.0, 1.5) 1.4 (1.1, 1.6)

 � Triglycerides, mmol/L 1.3 (1.0, 1.9) 1.3 (1.0, 1.9) 1.3 (1.0, 1.9)

 � Low-density cholesterol, mmol/L 3.0 (2.3, 3.7) 3.1 (2.4, 3.7) 2.9 (2.3, 3.6)

 � Haemoglobin, g/dL 14 (13, 15) 14 (13, 15) 14 (13, 15)

 � Haemoglobin A1c, % 5.8 (5.5, 6.5) 5.8 (5.4, 6.4) 5.8 (5.5, 6.6)
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dyslipidaemia prevalence across ethnic subgroups.37 38 
Additionally, compared with the MASALA study,39 which 
analysed coronary artery calcium progression among 
South Asians in the USA, the APOLLO cohort shows half 
the prevalence of diabetes mellitus. These variations in 
baseline characteristics underscore the need for a tailored 
approach to developing an AI platform for cardiovascular 
risk prediction in Asia.

APOLLO will be the largest CCTA-based risk predic-
tion study in Asia. The most comparable study to date, 
conducted by Zhou et al in China, involved 4207 partici-
pants and demonstrated that combining coronary artery 
calcium with clinical risk factors effectively identified 
the lowest-risk patients with stable chest pain.35 Other 
Chinese cohort studies40–47 have generally included fewer 
than 2000 participants and have focused on functionally 
significant coronary lesions rather than comprehensive 
CT-based risk markers, as APOLLO does. In Japan, the 
ADVANCE registry by Shiono et al studied 1829 subjects,48 
while Yang et al in Korea examined 1100 lesions across 
643 patients, focusing on CCTA markers for functionally 
obstructive CAD and poor vessel outcomes.49 50 APOLLO 
not only exceeds these studies in sample size but also 
offers a more comprehensive evaluation of CCTA-based 
information for risk stratification.

Data sharing presents challenges for all healthcare 
institutions, with concerns surrounding privacy, consent, 
ethics and scalability. Platform solutions, such as deiden-
tification, anonymisation, secure data instances, common 
data models and federated analysis, have been imple-
mented across multiple institutions in Singapore. Notable 
examples include the DISCOVERY AI26 and Odyssey51 
platforms, which federate data under a shared gover-
nance framework to allow secure data usage. These plat-
forms demonstrate that on-premise cloud infrastructure 
can support multiple clinical and research teams while 
providing safety, scalability and cost-effective supercom-
puting resources.

Building on these successes, Singapore’s Ministry 
of Health has developed a national platform called 
TRUST,52 which enables secure, cloud-based data sharing 
at a national level. TRUST facilitates cross-institution data 
sharing through a multistakeholder access committee, 
ensuring equitable access to datasets generated by public 
entities. The platform also offers remote access, a wider 
range of online tools and pay-per-use pricing, enhancing 
data-sharing efficiency.

This study has limitations. First, although APOLLO 
uses a national, multicentre platform, there may still be 
inherent limitations regarding the completeness and 
consistency of data across different centres—an issue 
commonly encountered in multicentre studies. Second, 
challenges may arise with the scalability of data sharing 
and the federated use of data across various healthcare 
entities. Third, the study focuses exclusively on a multi-
ethnic Asian population, which may limit the generalis-
ability of the findings to Western populations. Differences 
in genetic, environmental and lifestyle factors indicate 

that further validation studies are needed to ensure the 
broader applicability of the developed AI models.

A planned substudy could focus on comparing CAD 
characteristics across different Asian ethnic groups within 
the APOLLO study cohort. The aim would be to investi-
gate potential ethnic-specific variations in CAD presen-
tation, severity and plaque characteristics. This substudy 
would leverage CCTA combined with AI-driven analyses 
to (1) assess the distribution and extent of coronary artery 
plaques across various ethnic groups (eg, Chinese, Malay 
and Indian); (2) examine differences in plaque compo-
sition (eg, calcified, non-calcified or mixed plaques) 
and their association with cardiovascular risk factors (eg, 
hypertension and diabetes) and (3) explore how genetic, 
environmental and lifestyle factors contribute to CAD 
risk and progression among different ethnicities, poten-
tially revealing unique risk profiles or protective factors in 
specific groups.

In summary, APOLLO is a first-of-its-kind national AI 
platform for the diagnosis, collection, analysis and inter-
pretation of CAD using CCTA. The development of an 
integrated AI toolkit may revolutionise the use of CCTA 
for CAD detection by incorporating a diverse range of 
patient demographics and CT-based risk markers to 
produce accurate, individualised cardiovascular risk esti-
mates. This platform will undergo longitudinal validation 
in a multiethnic Asian population, with the potential for 
scalability and secure data-sharing capabilities. APOLLO 
is poised to deliver transformative impact across clin-
ical, research, public health and commercial domains in 
Singapore.
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