
JMIR Preprints Petch et al

Coronary Computed Tomographic Angiography to
Optimize the Diagnostic Yield of Invasive

Angiography for Low-risk Patients Screened with
Artificial Intelligence (CarDIA-AI): Protocol for a

Randomized Controlled Trial

 Jeremy Petch, Juan Pablo Tabja Bortesi, Tej Sheth, Madhu Natarajan, Natalia
Pinilla-Echeverri, Shuang Di, Shrikant I. Bangdiwala, Karen Mosleh, Omar

Ibrahim, Kevin R. Bainey, Julian Dobranowski, Maria P. Becerra, Katie Sonier,
Jon-David Schwalm

Submitted to: JMIR Research Protocols
on: January 24, 2025

Disclaimer: © The authors. All rights reserved. This is a privileged document currently under peer-review/community
review. Authors have provided JMIR Publications with an exclusive license to publish this preprint on it's website for
review purposes only. While the final peer-reviewed paper may be licensed under a CC BY license on publication, at this
stage authors and publisher expressively prohibit redistribution of this draft paper other than for review purposes.

https://preprints.jmir.org/preprint/71726 [unpublished, peer-reviewed preprint]



JMIR Preprints Petch et al

Table of Contents

Original Manuscript ....................................................................................................................................................................... 5
Supplementary Files ..................................................................................................................................................................... 25

Figures ......................................................................................................................................................................................... 26
Figure 1 ...................................................................................................................................................................................... 27
Figure 2 ...................................................................................................................................................................................... 28

Multimedia Appendixes ................................................................................................................................................................. 29
Multimedia Appendix 1 .................................................................................................................................................................. 30
Multimedia Appendix 2 .................................................................................................................................................................. 30
Multimedia Appendix 3 .................................................................................................................................................................. 30
Multimedia Appendix 4 .................................................................................................................................................................. 30
Multimedia Appendix 5 .................................................................................................................................................................. 30
Multimedia Appendix 6 .................................................................................................................................................................. 30

TOC/Feature image for homepages ................................................................................................................................................. 31
TOC/Feature image for homepage 0 .................................................................................................................................................. 32

https://preprints.jmir.org/preprint/71726 [unpublished, peer-reviewed preprint]



JMIR Preprints Petch et al

Coronary Computed Tomographic Angiography to Optimize the Diagnostic
Yield of Invasive Angiography for Low-risk Patients Screened with
Artificial Intelligence (CarDIA-AI): Protocol for a Randomized Controlled
Trial

Jeremy Petch1, 2, 3, 4 PhD; Juan Pablo Tabja Bortesi3, 5 HBsc; Tej Sheth1, 5 MD; Madhu Natarajan1, 2 MSc, MD; Natalia
Pinilla-Echeverri1, 2 MD, PhD; Shuang Di3, 6 MEd, MSc; Shrikant I. Bangdiwala1, 5 PhD; Karen Mosleh7 MSc; Omar
Ibrahim1, 2 MD; Kevin R. Bainey8 MSc, MD; Julian Dobranowski9, 10, 11 MD; Maria P. Becerra3 HBsc; Katie Sonier3

MSc; Jon-David Schwalm1, 2, 5 MSc, MD

1 Population Health Research Institute Hamilton CA
2Division of Cardiology Department of Medicine McMaster University Hamilton CA
3 Centre for Data Science and Digital Health Hamilton Health Sciences Hamilton CA
4 Institute for Health Policy, Management and Evaluation University of Toronto Toronto CA
5 Dalla Lana School of Public Health University of Toronto Toronto CA
6 Centre for Evidence-Based Implementation Hamilton Health Sciences Hamilton CA
7 Mazankowski Alberta Heart Institute University of Alberta Edmonton CA
8Department of Medical Imaging McMaster University Hamilton CA
9 Centre for Integrated and Advanced Medical Imaging McMaster University Hamilton CA
10 Niagara Health System Saint Catharines CA

Corresponding Author:
Jeremy Petch PhD

Centre for Data Science and Digital Health
Hamilton Health Sciences
175 Longwood Road South
Suite 207
Hamilton
CA

Abstract

Background: Invasive coronary angiography (ICA) is the gold standard in the diagnosis of coronary artery disease (CAD).
Being invasive, it carries rare but serious risks including myocardial infarction, stroke, major bleeding and death. A large
proportion of elective outpatients undergoing ICA have non-obstructive CAD, highlighting suboptimal use of this test. Coronary
computed tomographic angiography (CCTA) is a non-invasive option that provides similar information with less risk, and is
recommended as a first-line test for patients with low-to-intermediate risk of CAD. Leveraging artificial intelligence (AI) to
appropriately direct patients to ICA or CCTA based on predicted probability of disease may improve efficiency and safety of
diagnostic pathways.

Objective: The CarDIA-AI study aims to evaluate whether AI-based risk assessment for obstructive CAD implemented within a
centralized triage process can optimize the use of ICA in outpatients referred for non-urgent ICA.

Methods: CarDIA-AI is a pragmatic, open-label, superiority randomized controlled trial involving two Canadian cardiac centres.
A total of  252 adults referred for elective outpatient ICA will be randomized 1:1 to usual care (directly proceeding to ICA) or to
triage using an AI-based CAD screening intervention. Participants in the intervention arm will have their ICA referral forms and
medical charts reviewed and select details entered into a decision support tool that uses a LightGBM model to predict the
probability of obstructive CAD and recommends CCTA or ICA accordingly. The primary outcome is the proportion of normal or
non-obstructive CAD diagnosed via ICA. Secondary outcomes include the number of angiograms avoided and the diagnostic
yield of ICA.
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Results: Recruitment began on January 9, 2025 and is expected to conclude in mid-2025. We expect to submit the results for
publication in early 2026.

Conclusions: CarDIA-AI will be the first randomized controlled trial employing AI to optimize patient selection for CCTA
versus ICA, potentially improving diagnostic efficiency, avoiding unnecessary complications of ICA, and improving healthcare
resource utilization. Clinical Trial: ClinicalTrials.gov NCT06648239; https://clinicaltrials.gov/study/NCT06648239/
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Abstract
Background: Invasive coronary angiography (ICA) is the gold standard in the diagnosis of coronary
artery  disease  (CAD).  Being  invasive,  it  carries  rare  but  serious  risks  including  myocardial
infarction, stroke, major bleeding and death. A large proportion of elective outpatients undergoing
ICA have  non-obstructive  CAD,  highlighting  suboptimal  use  of  this  test.  Coronary  computed
tomographic angiography (CCTA) is a non-invasive option that provides similar information with
less risk, and is recommended as a first-line test for patients with low-to-intermediate risk of CAD.
Leveraging artificial  intelligence (AI) to  appropriately direct  patients to ICA or CCTA based on
predicted probability of disease may improve efficiency and safety of diagnostic pathways.

Objective: The CarDIA-AI study aims to evaluate whether AI-based risk assessment for obstructive
CAD implemented within a centralized triage process can optimize the use of ICA in outpatients
referred for non-urgent ICA.

Methods: CarDIA-AI is a pragmatic, open-label, superiority randomized controlled trial involving
two Canadian cardiac centres.  A total  of  252 adults  referred for  elective outpatient  ICA will  be
randomized 1:1 to usual care (directly proceeding to ICA) or to triage using an AI-based decision
support tool. The AI-based decision support tool was developed using referral information from over
37,000 patients and uses a LightGBM model to predict the probability of obstructive CAD based on
42 clinically relevant predictors, including patient referral information, demographic characteristics,
risk factors, and medical history. Participants in the intervention arm will have their ICA referral
forms and medical charts reviewed and select details entered into the decision support tool, which
recommends CCTA or ICA based on the patient’s predicted probability of obstructive CAD. All
patients  will  receive  the  selected  imaging  modality  within  6  weeks  of  referral  and  will  be
subsequently  followed  for  90  days.  The  primary  outcome  is  the  proportion  of  normal  or  non-
obstructive CAD diagnosed via ICA and will be assessed using a two-sided z-test to compare the of
patients referred for cardiac investigation with normal or non-obstructive CAD diagnosed through
ICA between  the  intervention  and control  groups.  Secondary  outcomes  include  the  number  of
angiograms avoided and the diagnostic yield of ICA. 

Results: Recruitment began on January 9, 2025 and is expected to conclude in mid- to late 2025. We
expect to submit the results for publication in 2026.

Conclusions:  CarDIA-AI will  be the first  randomized controlled trial  employing AI to optimize
patient  selection  for  CCTA versus  ICA,  potentially  improving  diagnostic  efficiency,  avoiding
unnecessary complications of ICA, and improving healthcare resource utilization.

Trial  Registration:  ClinicalTrials.gov  NCT06648239;
https://clinicaltrials.gov/study/NCT06648239/

Keywords:  artificial  intelligence;  coronary  artery  disease;  coronary  computed  tomographic
angiography; clinical decision support; invasive coronary angiography
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Introduction
Coronary artery disease (CAD) is a leading cause of death globally [1]. While invasive coronary
angiography (ICA) remains the gold standard for CAD diagnosis, many patients undergoing elective
ICA are found to have non-obstructive disease or normal coronary anatomy, with variability between
cardiac centres [2,3]. Despite lower population-based rates of ICA in Ontario, Canada, over 50% of
elective ICA procedures find non-significant CAD [4]. A low diagnostic yield of elective ICA is not
only resource intensive [5–7], but unnecessarily subjects patients not requiring invasive intervention
to  major  procedural  complications  including  vascular  injury,  major  bleeding,  stroke,  myocardial
infarction, and death [8]. A non-invasive test able to provide similar information with less risk and
cost is ideal in a lower-risk population.

Coronary computed tomographic angiography (CCTA) has emerged as one such non-invasive
alternative to anatomically evaluate the coronary arteries. CCTA is highly sensitive for the detection
of >50% coronary stenosis in patients with low to moderate pretest probability of obstructive CAD
[9,10],  is  less expensive and carries significantly less risk [11].  Appropriately,  guidelines for the
evaluation  of  chest  pain  from the  American  College  of  Cardiology/American  Heart  Association
(ACC/AHA) and the European Society of Cardiology (ESC) both recommend first-line CCTA in this
population  [12,13].  However,  limited  access  to  CCTA  in  Canada  due  to  limited  diagnostic
infrastructures has restricted its widespread use. Conversely, a CCTA-first approach can result in
double-testing, since patients with abnormal CCTA frequently proceed to confirmatory or therapeutic
ICA, which is wasteful and exposes patients to unnecessary radiation. Ultimately, appropriate test
selection requires accurate prediction of the pretest probability of obstructive CAD.

Artificial intelligence (AI) has been leveraged to improve the prediction of significant CAD.
Traditional risk assessment tools include a more limited number of variables and may not capture the
full complexity of patient risk profiles. Conversely, machine learning algorithms can incorporate a
greater number of predictors, including highly correlated predictors, and can account for complex,
non-linear relationships between predictors, including at the patient level [14]. We have developed an
AI model  to  predict  the  probability  of  obstructive  CAD using 12 years  of  referral  data  from 2
regional hospitals, comprising a cohort of over 29,000 patients, which significantly outperformed
existing risk scores  (AUROC 0.81 vs.  0.62) and achieved a  net  reclassification improvement  of
44.7% over usual care (95% confidence interval: [42.4%–47.0%]) [15]. The model has been updated
using more recent referral data and has undergone external validation using 2008–2023 province-
wide  data  to  confirm  generalizability  (Petch  et  al.,  unpublished  manuscript,  April  2025).  The
integration of this model into clinical practice may enable more accurate assessment of patient risk
and improve diagnostic efficiencies.

A decision  support  tool  that  incorporates  such  an  AI  model  within  a  centralized  triage
pathway may facilitate patient selection for first-line CCTA (Fig. 1).  We have established that a
centralized triage model in which low-risk patients referred for ICA are considered for CCTA first
can improve the diagnostic yield of elective ICA and that such a model is acceptable to both patients
and referring physicians [16]. As such, we have deployed the AI model in our local cardiac centre
and  conducted  a  pilot  study  using  a  silent  trial  design  [17]  to  establish  feasibility  within  the
centralized triage pathway and address implementation issues (publication forthcoming). With the
individual  components  of  the  intervention  validated  and piloted, the  next  appropriate  step  is  to
conduct a clinical trial of the intervention to measure its impact on clinical outcomes. 
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Figure  1.  AI  intervention  in  the  context  of  the  clinical  pathway.  The  AI  model  is  integrated  into  a
centralized triage model for ICA and CCTA, where community cardiologists can refer into a single unit for
angiogram for suspected obstructive CAD, and the AI model provides a recommendation for which test is
most appropriate for a given patient. Green boxes indicate the optimal test for a given patient, the orange
indicates sub-optimal testing (patient received a “double-test” of both CCTA and ICA) and red indicates the
least optimal (patient received an ICA but did not have obstructive disease).  

The  Coronary  computed  tomographic  angiography  to  optimize  the  Diagnostic  yield  of
Invasive Angiography for low-risk patients screened with  Artificial  Intelligence (CarDIA-AI) trial
will evaluate whether AI-based screening within a centralized triage pathway can optimize patient
selection  for  CCTA vs.  ICA.  The  primary  goal  of  this  study  is  to  reduce  the  proportion  of
unnecessary  ICA procedures  (showing  normal  or  non-obstructive  CAD)  performed  in  patients
referred for evaluation of CAD diagnosed in patients undergoing ICA. This trial will compare the AI
intervention  to  usual  care  (i.e.,  directly  proceeding to  ICA) to  assess  improvements  beyond the
current diagnostic pathway.

Methods

Objectives

The primary objective of the CarDIA-AI trial is to determine the effect of a centralized triage process
incorporating AI-based risk assessment, compared to usual care, on the proportion of normal or non-
obstructive CAD diagnosed via ICA, in adults referred for non-urgent (elective) outpatient ICA. 

Study Design

The CarDIA-AI trial is a pragmatic, open-label, multicentre, superiority trial with two parallel groups
and 1:1 allocation. The study was registered at ClinicalTrials.gov (NCT06648239). This protocol
was prepared in accordance with the Standard Protocol Items: Recommendations for Interventional
Trials–Artificial Intelligence (SPIRIT-AI) guidelines [18] (see Supplementary File 1 for checklist).

Participants

Setting
Two cardiac centres located in Ontario, Canada, will participate in the CarDIA-AI trial: Hamilton
Health Sciences’ General  Hospital  (Hamilton site)  and Niagara Health System’s Marotta  Family
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Hospital  (Niagara site). These regional referral centres serve a large geographic area in southern
Ontario with a population exceeding 1.8 million. ICA referral forms from the region are received at
the Heart Investigation Unit (HIU) located at the Hamilton site. Ordinarily, triage staff categorize the
referrals according to urgency and site (Hamilton or Niagara; based on patient’s home address). For
CarDIA-AI, outpatient ICA referrals will be reviewed daily to identify eligible participants. 

The AI risk-assessment tool is deployed on a virtual machine housed at  Hamilton Health
Sciences’ research data centre. The virtual machine is allocated 8 CPU cores and 16 GB of RAM.
The virtual machine is accessed by the research team at the study sites using Citrix.

Informed Consent

Eligible patients are identified by a research assistant and reviewed by a board-certified cardiologist.
The research assistant will then contact eligible patients by phone to discuss the study, review the
consent form and obtain verbal informed consent. At the time of the ICA or CCTA, research staff
will  also  obtain  a  written,  paper-based  consent  from  patients  willing  to  participate  (see
Supplementary File 2).

Sample Size

The assumed proportion of normal or nonobstructive CAD on angiogram in the control arm is based
on proportions at the two participating centres over the last decade, which have been stable at 44%.
Our pilot work suggests that the proportion of normal or non-obstructive CAD diagnosed via ICA in
the experimental arm is expected to be around 22%. We studied the power for various possible effect
sizes (reduction in event proportions). A 1:1 sample of 200 people can detect an absolute reduction of
22% or higher  in event proportion with 91.9% power,  and a  smaller  19% absolute  reduction or
higher with 81.3% power. To adjust for noncompliance of up to 5% in both arms, we increased the
sample size from 200 patients by a factor of 1.23 to 246 patients [19]. Adjusting for up to 2% losses
to follow-up, we require 252 patients (126 per arm).

An average of 115 eligible patients are seen at the participating centres each month. Given
that recruitment is carried out by a centralized administration team (individual clinicians are not
required  to  be  involved),  we  do  not  anticipate  significant  recruitment  barriers.  Thus,  we
conservatively  expect  to  recruit  100 patients  per  month.  The recruitment  will  take  place  over  3
months to achieve our target sample size

Eligibility Criteria

Patients  are  eligible  if  they  (1)  are  ≥18 years  of  age;  (2)  are  referred  for  non-urgent  (elective)
outpatient ICA; (3) have an indication for ICA that includes ‘Rule out CAD’, ‘Cardiomyopathy’,
‘Stable CAD’ or ‘Stable Angina’; and (4) are able to provide informed consent in English. Patients
will be excluded if they (1) have received a prior high-quality CCTA within the last five years; (2)
have atrial fibrillation or other arrhythmia precluding high-quality CCTA; (3) have known severe
renal dysfunction (GFR <35 mL/min/1.73 m2); (4) have planned (coronary or non-coronary) cardiac
surgery;  (5)  have  any  prior  obstructive  CAD,  acute  coronary  syndrome  (ACS),  percutaneous
coronary intervention (PCI),  or coronary artery bypass graft  (CABG); or (6) have known severe
coronary  artery  calcification  (calcium score  >250)  or  not  deemed  to  be  ‘mild’ on  report  if  not
quantified. Referral forms indicating ‘Stable CAD’ will be reviewed to ensure the patient does not
meet exclusion criteria (e.g., known prior obstructive CAD), as many referring physicians check this
indication without objective evidence of known CAD. 

No exclusions  will  be  made at  the  level  of  the  input  data  after  confirming  patient-level
eligibility. If data on the referral form are missing or of poor quality, research staff will review any
additional documentation in the patient’s chart to attempt to obtain the missing data. Otherwise, the
data will be imputed.
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Randomization

Participants  will  be  randomly assigned (1:1  allocation)  to  either  usual  care  or  centralized  triage
employing AI-based CAD risk assessment. Block randomization using randomly varying block sizes
(unknown to investigators and study personnel), stratified by site with a computer-generated random
sequence  will  be  used.  Research  personnel  will  randomize  participants  via  an  interactive  web
response system (IWRS), ensuring allocation concealment. The IWRS is a 24-hour computerized
randomization internet system maintained by the coordinating centre at Hamilton Health Sciences’
Population Health Research Institute.  

Interventions

Centralized Triage

Participants randomized to the intervention arm will have their referral triaged using an AI-based
decision support tool to determine the cardiac imaging test they will receive. The AI model uses
participants’  medical  history  (as  documented  on  their  referral  form)  to  predict  the  patient’s
probability of significant CAD. Participants deemed high risk for obstructive CAD will receive ICA
as recommended by the AI model, effectively receiving usual care. Those assessed to be low risk will
receive CCTA, proceeding to confirmatory or therapeutic ICA if appropriate (Fig. 2). For patients
undergoing CCTA, recommendations for medical management versus referral for ICA will be made
based on the CCTA results as per established clinical practice guidelines (Table S1 in Supplementary
File 3). Participants who withdraw consent or are admitted to hospital with concern for ACS after
randomization will receive usual care. As our pilot study suggests that the centralized triage process
is acceptable and has high fidelity [16], no specific strategies to improve intervention adherence will
be implemented. 

Only participants  in  the intervention arm will  receive CCTA. Furthermore,  interventional
cardiologists require access to CCTA results to provide best care and determine appropriateness of
subsequent ICA. As such, blinding of patients and providers is not possible. 

AI-Based Risk Assessment for Significant CAD

As part of the centralized triage process, participants’ allocation status will be entered into the risk
assessment tool prior to generating the recommendation. For patients randomized to the intervention,
the AI model outputs a predicted probability of significant CAD (not shared with clinical personnel)
as  well  as  an  imaging  modality  recommendation  (CCTA or  ICA)  informed  by  the  predicted
probability. Participants in the intervention arm will receive the imaging modality recommended by
the tool. 

The AI model uses a Light Gradient Boosting Machine (LightGBM) algorithm to predict the
probability  of  obstructive  CAD  based  on  42  clinical  predictors,  including  demographic
characteristics,  patient  referral  information,  anthropometric  measures,  clinical  symptoms,  risk
factors, medical history, and tobacco habits, as documented on the referral forms (Supplementary
File  5).  Based  on  clinical  input,  we  included  variables  related  to  the  patient’s  medical  history
available at the time of referral, the unique physician number for each referring physician to capture
patterns in referral practices, and socioeconomic variables. We selected the LightGBM algorithm
based on our  previous  study,  in  which  it  showed the  best  discrimination  performance among 8
machine  learning  models  developed  [15].  An  analysis  of  variable  importance  and  interactions
between variables can be found in our previous publication [15]. The model was trained, validated,
and  evaluated  on  data  from  CorHealth  Ontario  Cardiac  Registry,  a  multicentre,  prospectively
collected registry of referral information from patients receiving ICA in the province of Ontario,
Canada. The original model derivation cohort included 29,448 patients who received their ICA in the
Hamilton or Niagara regions between 2008 and 2019 [15]. We subsequently externally validated the
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model using an additional sample of 7,785 patients who underwent ICA between 2020-2023. This
trial will use the most recent version of the model, based on 2008–2023 data from the two trial sites.
The decision thresholds are 0.556 and 0.560 for the Hamilton and Niagara sites, respectively. The
thresholds were optimized to maximize the difference between the true positive rate and the false
positive  rate  (Youden’s  index).  An  exhaustive  description  of  the  development,  validation,  and
evaluation methods and results for this model will be available in a forthcoming manuscript (Petch et
al.,  unpublished  manuscript,  April  2025).  The  AI  model  is  not  currently  publicly  available.

To obtain  the  input  data  for  the  tool,  a  research  assistant  will  manually  review the  ICA
referral  forms  of  eligible  patients  and  associated  documentation  in  their  chart  (Fig.  S1,
Supplementary File 3). If there are ambiguities or inconsistencies in the referral form and/or chart,
this data will be managed based on predetermined standard operating procedures 
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Figure 2. Flow of participants through the study.
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(Supplementary  File  4).  Missing  data  will  be  imputed.  Any  ambiguities  or  inconsistencies
requiring clinical interpretation will be treated as missing and imputed. 

The user interface of the AI tool consists of various input fields that correspond to the
model predictors (Fig. S2, Supplementary File 3). Users either manually enter a value (e.g., for
Age) or select a value from the field drop-down menu (e.g., for Referral Month). The input fields
largely reflect nominal, structured data elements on the referral forms completed by referring
physicians. While clinical expertise is not required to use the tool, study personnel using the tool
have discussed the contents of the form at length with members of the HIU in preparation for the
trial.

Usual Care

Participants allocated to the control arm will receive usual care, meaning they proceed directly to
ICA as referred. For control group participants, the AI-based decision support tool will always
recommend ICA (i.e.,  usual  care)  and provide the predicted probability  of  significant  CAD,
though this probability will not be shared with the clinical team. 

Outcomes

Primary Outcome

The primary outcome is the proportion of normal or non-obstructive CAD diagnosed via ICA,
calculated  by  dividing  the  number  of  patients  diagnosed  with  normal/non-obstructive  CAD
through ICA by the total patients allocated to that arm. This was identified as the most policy-
relevant outcome for Ontario Health. 

Secondary Outcomes

Secondary  outcomes  include  1)  the  number  of  angiograms  avoided;  2)  deviation  from
management  recommendations  following  CCTA  (i.e.,  angiograms  performed  when  not
recommended);  3)  the  diagnostic  yield  of  ICA  (i.e.,  number  of  patients  diagnosed  with
obstructive CAD out of all patients undergoing ICA); 4) the number of low-quality CCTAs; 5)
the difference in the proportion of normal/non-obstructive CAD diagnosed through ICA between
males  and females;  and  6)  the  difference  in  the  proportion  of  normal/non-obstructive  CAD
diagnosed through ICA between sites. Furthermore, we will assess the budget impact of the AI
intervention. 

Data Collection

All  patients will  be followed for 90 days from the date  of the final diagnostic  procedure to
capture  any  relevant  outcomes  in  this  stable,  elective  outpatient  population.  For  patients
receiving only ICA or CCTA, this would be the date of the diagnostic procedure; for patients
receiving ICA after an initial CCTA, this would be the date of the ICA. All patients will have a
CCTA and/or ICA within 6 weeks of their index referral as per provincial guidelines. Outcomes
will be identified at the time one or both procedures (if indicated) are complete. We are allowing
an additional 90 days from the final diagnostic procedure to capture any unplanned crossover
from CCTA to  ICA (see  Safety).  Follow-up  will  be  done  through the  provincial  CorHealth
Ontario Cardiac Registry, housed at the Institute for Clinical Evaluative Sciences (IC/ES). All
ICA findings in Ontario are transmitted to the provincial registry via its secure portal. We will
extract ICA findings from the registry and derive our outcomes using the standard definition for
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normal/non-significant  CAD: <70% stenosis  on  a  major  coronary  vessel  (>2 mm) or  <50%
stenosis in the left main. For patients who receive CCTA, a cardiologist will manually extract
CCTA results  from  their  charts  as  part  of  follow-up,  as  these  results  are  not  collected  by
CorHealth.  CCTA findings  will  be  collected  in  a  format  and  structure  that  aligns  with  the
CorHealth data collection standards used for ICA findings.

For each CCTA, we will assess the quality of the resulting image. The quality will be
graded on a per-patient basis using a three-class system: low quality, denoting an image in which
the coronary anatomy cannot be clearly defined, requiring ICA within 90 days for clarification;
suboptimal quality, denoting an image in which the coronary anatomy was equivocal for one or
more  non-prognostic  vessels  but  not  requiring  ICA based  on  CCTA findings  and  clinical
presentation;  and high  quality,  denoting  an  image in  which  the  coronary  anatomy could  be
clearly defined. 

To track participant retention, we will keep a log of all included participants to document
any who are lost to follow-up, withdraw consent, or do not otherwise receive the recommended
imaging intervention. Additionally, we will document all reasons for withdrawal, as well as ask
whether the patient intends to proceed with usual care (if the patient is withdrawing prior to their
imaging procedure). As the necessary outcome data is generated at the time of CCTA or ICA and
direct  participant  involvement  is  not  required  for  follow-up,  participant  burden  will  be
minimized. 

Implementation Study

As  part  of  a  parallel  implementation  study,  we  will  identify  anticipated  challenges  to  the
implementation of the centralized triage process with AI-based risk assessment for CAD. Semi-
structured  interviews  and  electronic  surveys  (via  REDCap)  will  be  conducted  with  key
stakeholders—including  the  catheterization  lab  director,  catheterization  lab  manager,
catheterization lab triage staff,  and representation from the CCTA program—at three cardiac
centres not participating in CarDIA-AI. Survey and interview guides will explore a range of
stakeholder  perspectives  including  their  awareness  of  the  innovation,  attitudes  towards  the
change generally, as well as specific to the innovation, any skills and experiences they might
have that could be required in the implementation of the innovation, any concerns about the
proposed change, and their intentions to adopt or use the innovation. Development of the survey
and  interview  questions  will  be  informed  by  the  updated  Consolidated  Framework  for
Implementation Research (CFIR), a determinant framework to explain barriers and facilitators to
implementation effectiveness [20]. At the participating centres, interviews will be conducted with
triage staff to assess their perceptions of the AI model’s success and identify what would be
needed to integrate it completely into processes at their site. A list of potential interview and
survey questions is available in Supplementary File 6. Descriptive analysis of quantitative survey
results (e.g., Likert scale responses) will be conducted by the research team. Qualitative analysis
of open-ended survey questions and interview transcripts will be done using thematic analysis
approaches via NVivo software. Data will be coded and mapped to selected constructs of the
CFIR.  Findings  will  be  used  to  inform  the  development  of  strategies  and  interventions  to
mitigate identified barriers to implementation of the centralized triage process, if it is determined
to be effective. Key barriers will be mapped to the most appropriate implementation strategies
from  an  established  compilation  of  potential  strategies,  the  Expert  Recommendations  for
Implementing Change (ERIC) [21]. 
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Analyses

Statistical Analysis

The primary analysis will compare the proportion of patients referred for cardiac investigation
with  normal  or  non-obstructive  CAD  diagnosed  through  ICA between  the  intervention  and
control groups with a two-sided z-test comparing two proportions. All analyses will be carried
out according to the intention-to-treat principle; that is, all participants with complete data will
be analyzed according to the group to which they were randomized, including non-compliant
participants.  There  are  no  planned  interim  analyses.  A table  of  baseline  characteristics  will
summarize patients overall and by randomization arm. Continuous variables will be summarized
as  mean/standard  deviation  or  median/interquartile  range,  with  comparisons  between
randomization arms made by a two-sample t-test  (or Wilcoxon rank-sum test  if  data are not
normally distributed). Categorical variables will be summarized as count and percentage, with
comparison using Pearson’s Chi-square test. All statistical analyses will be performed using SAS
software,  version  9.4 (SAS Institute  Inc,  Cary,  NC,  USA).  We will  report  p-values  up  to  3
decimal places and report p-values less than 0.001 as <0.001. We will use a type I error level of
5%.

We expect a small amount of missing data due to noncompliance and loss to follow-up.
As  noted  above,  participants  who  withdraw  will  be  asked  for  a  reason  for  withdrawal  to
determine  whether  the  missing  information  is  random.  Participants  withdrawing prior  to  the
procedure will be asked whether they intend to proceed to ICA. Finally, we intend to conduct
sensitivity analyses based on best- and worst-case scenarios to assess the impact of missing data
on the results. 

As part of our secondary outcome analysis, we plan to examine whether the intervention
can  address  disparities  in  ICA findings  and  evaluate  its  effects  across  different  sites  and
eligibility  criteria.  We will  stratify  by  sex  to  evaluate  whether  the  intervention  reduces  the
discrepancy in the proportion of normal findings on ICA between males and females (females are
currently 40% more likely to have a normal finding on ICA, meaning females are less likely than
males to experience the therapeutic benefits associated with ICA). Similarly, we also plan to
stratify by site to evaluate whether there are differences in the intervention effects between the
Hamilton and Niagara sites. To simulate the impacts of using different criteria for CCTA-first
eligibility,  we will  also evaluate  the  sensitivity  of  all  outcomes  to  changes  to  the  exclusion
criteria, such as incorporating age- and sex-related exclusions. Formal statistical tests will not be
employed,  as  we  do  not  anticipate  these  hypothesis-generating  secondary  analyses  will  be
adequately powered.

Given our relatively small sample size, there may be imbalance at baseline for important
covariates. We will therefore undertake an adjusted analysis as a secondary sensitivity analysis,
adjusting for age and sex. These covariates were selected based on our external validation study
(Petch et al., unpublished manuscript, April 2025), which found an association between these
covariates and the outcome (event rate for males was 71% vs. 53% for females, and 68% for
those over 65 vs. 59% for those 65 and under). 

Economic Analysis

For the budget impact analysis, we will use the trial data and Ontario Health Insurance Program
(OHIP) professional and technical fees to compare the procedural costs of screening with usual
care (cost of ICA) and the AI model (weighted average of the cost of ICA and the cost of CCTA
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based on the AI model recommendation and CCTA output). A catheterization lab cost which is
not included in OHIP fees will be added to the cost of ICA. In a secondary economic analysis,
the  90-day  healthcare  expenditures  post  index  investigation  (e.g.,  revascularization,
hospitalization) will be derived using IC/ES databases and compared between the two diagnostic
strategies. Bootstrap techniques will be used to deal with sampling uncertainty and calculate 95%
confidence intervals around the costs [22]. The per-patient costs will be extrapolated to Ontario
and Canada to document the healthcare cost savings at the population level.

Safety

Both CCTA and ICA are considered standard of care in the patient population for CarDIA-AI.
50% of patients (control arm) will automatically receive usual care. Patients randomized to the
intervention  who receive  a  recommendation  to  proceed directly  to  ICA will  effectively  also
receive usual care. Patients who receive a recommendation to proceed to CCTA will not be at
increased risk of missed diagnosis, as CCTA has been found to be as effective as ICA in both
diagnosing and ruling out obstructive CAD in stable outpatients [23-26]. A potential harm in the
intervention group is double testing, which would occur when the CCTA is of poor quality and
the degree of obstructive CAD cannot be clearly quantified. Double testing may also occur when
the AI model predicts low probability of obstructive CAD and in turn recommends CCTA, but
the CCTA is positive and the patient requires confirmatory or therapeutic ICA. Both of these
potential harms are only expected to occur in a small number of patients and the risk in the
intervention group will be much lower as compared to usual care. We will also track ICA within
90 days of the last imaging procedure to ensure that there are no events in the intervention group
representing unplanned crossover.

In  terms  of  potential  model  performance  errors,  the  data  quality  committee  will
periodically monitor the performance of the model, with particular attention to when the model
appears to be performing outside its normal parameters. No formal auditing is planned.

Ethical Considerations

This study was approved by the Hamilton Integrated Research Ethics Board (HiREB #17103,
protocol version 1.8, 21 February 2025. The original study protocol was first approved on 5
November 2024).

At the time of recruitment, participants will be provided with the informed consent form
by email and will be given the opportunity to ask questions about the study. The email sent to
participants contains the contact information of two members of the research team, as well as
instructions for participants should they have further questions about the study or wish to opt out.
Documented consent will be obtained either before or at the time of the index procedure (CCTA
or ICA). Participants are made aware during the consent process that they will not be provided
monetary compensation for participating in the study.

The data obtained from the referral forms and medical histories that is entered into the
decision  support  tool,  along  with  the  predicted  probability  of  significant  CAD,  will  be
automatically stored in a secure, cloud-based database upon generation of the recommendation,
with the exception of postal codes and referring physicians’ College of Physicians and Surgeons
of Ontario (CPSO) registration numbers. 

Participant  data  will  be handled in  compliance with all  relevant  privacy and security
regulations. All personal information about potential and enrolled participants will be securely
stored  and  accessible  only  to  authorized  research  team members.  To  protect  confidentiality,
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participants will be assigned unique identification numbers, which will link their personal data to
study-related data. All study data will be de-identified before being stored in the study database,
which is maintained on a secure institutional server with restricted access. 

Results
CarDIA-AI received funding in 2023. Recruitment began on January 9, 2025 and is projected to
conclude in mid- to late 2025. As of April 14, 2025, we have enrolled 81 participants. Data
analysis will begin after all follow-up data is obtained. We expect to submit the first results for
publication in 2026.

Discussion
Appropriate  test  selection  for  evaluating  the  coronary  anatomy  of  elective  outpatients  with
suspected  CAD  is  important  for  reducing  unnecessary  invasive  procedures  and  optimizing
healthcare resource utilization.  A recent statement from various radiology and cardiovascular
imaging societies called attention to the need for research on the use of AI for personalized
cardiac imaging test selection [27]. The CarDIA-AI trial aims to meet this need as the first to
leverage AI to optimize patient selection for CCTA versus ICA. Building on strong pilot work
demonstrating the feasibility and potential of the AI model and triage pathway, this trial will
evaluate their effectiveness in clinical practice. Based on our previous work [15], we anticipate
that patients triaged using the AI-based decision support tool will have a lower proportion of
normal or non-obstructive CAD diagnosed via ICA compared to those proceeding directly to
ICA. If successful, this intervention could streamline the triage of ICA referrals and enhance the
use  of  CCTA,  which  could  save  healthcare  systems  millions  of  dollars  each  year  while
preventing procedural complications.

Comparison to Prior Work

In the  assessment  of  stable  CAD, various  prediction  models  have  been developed to
estimate the probability of disease prior to diagnostic evaluation [28,29]. While most validated
models rely on traditional statistical approaches, there is growing interest in the application of AI
methods. In other areas of cardiology, AI has recently been successfully implemented to support
the triage of chest pain in emergency care settings, reducing time to emergency cardiovascular
procedures [30,31]. Another recent trial evaluated an AI model that predicts the probability of
significant  CAD  from  stress  echocardiography  images  to  guide  referrals  for  ICA  [32],
highlighting  the  increasing  focus  on  AI  in  cardiology  decision-making.  However,  while  AI
models have been developed for numerous use cases in cardiology, their evaluation in clinical
trials has been relatively limited thus far. Most models that have been prospectively assessed
have demonstrated clinical  or operational  improvements  relative to  clinicians,  particularly in
applications related to imaging interpretation and CAD [33]. Despite these promising findings,
there  is  still  a  need  for  prospective  trials  to  determine  the  real-world  effectiveness  of  AI
interventions [34]. The CarDIA-AI trial will address this gap by evaluating an AI model in a
pragmatic manner and inform future implementation strategies for similar interventions.

Strengths and Limitations

There are  some limitations  to  our  approach.  Based on our  pilot  studies,  we expect  a
certain amount of data to be missing from some patients' referral forms, which we have found to
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have  a  small  effect  on  model  performance  compared  to  our  original  retrospective  study.
However,  while our model may achieve slighter lower predictive performance than it  would
using retrospective data, the pragmatic nature of our trial design should ultimately yield a more
realistic estimate of the effects this AI model would achieve in a real-world setting. Similarly, the
immediate  generalizability  of  the  AI model  remains  uncertain,  as  its  effectiveness  may vary
across different healthcare settings. However,  the parallel  implementation study will evaluate
how  effectively  the  intervention  can  be  integrated  into  practice,  identifying  barriers  and
facilitators  to  clarify  the  contexts  in  which  such  an  intervention  may  be  most  effective.
Additionally, while the AI model is specific to the Ontario data on which it was developed and
validated, similar datasets exist in other jurisdictions. While we are not assessing clinical efficacy
and safety outcomes in  this  trial,  these have been previously established in  trials  comparing
CCTA-first strategies to direct ICA [35-38].

Future Directions

Further research is needed to more comprehensively understand the potential of the AI
intervention and its  sustainability.  For  example,  prospective evaluations  in  other  centres  will
provide  insight  into  its  generalizability  and  scalability.  The  implementation  study  will
qualitatively explore barriers to using the intervention as perceived by triage staff. Future studies
where the tool is actively used by triage staff should be conducted to further identify potential
usability challenges and assess whether the intervention remains effective in routine practice.
Similarly, future work may also explore the long-term effectiveness of the AI intervention, for
example by implementing methods to continually monitoring of model performance.
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quarterly review, during the intervention period, of all eligible and screened participants. This
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participants  are  missed  and  that  indicated  testing/procedures  are  booked  and  performed  as
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AI intervention in the context of the clinical pathway. The AI model is integrated into a centralized triage model for ICA and
CCTA, where community cardiologists can refer into a single unit for angiogram for suspected obstructive CAD, and the AI
model provides a recommendation for which test is most appropriate for a given patient. Green boxes indicate the optimal test
for a given patient, the orange indicates sub-optimal testing (patient received a “double-test” of both CCTA and ICA) and red
indicates the least optimal (patient received an ICA but did not have obstructive disease).
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Flow of participants through the study.
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