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A B S T R A C T

Background: The use of machine learning (ML) based coronary computed tomography angiography (CCTA) 
derived fractional flow reserve (ML-FFRCT), shortens the time of diagnosis of ischemia considerably and elimi
nates unnecessary invasive procedures, when compared to invasive coronary angiography with invasive FFR 
(iFFR). This systematic review aims to summarize the current evidence on the diagnostic accuracy of (ML-FFRCT) 
compared with iFFR for diagnosis of patient- and vessel-level coronary ischemia.
Methods: To identify suitable studies, comprehensive literature search was performed in PubMed, the Cochrane 
Library, Embase, up to August 2023. The index test was ML derived FFR and studies with diagnostic test accuracy 
data of ML-FFRCT at a threshold of 0.8 were included for the review and meta-analysis. Quality of evidence was 
assessed using QUADAS-2 checklist.
Results: After full text review of 230 identified studies, 17 were included for analysis, which encompassed 3255 
participants (age 62.0 ± 3.7). 8 studies reported patient-level data; and 12, vessel-level data. With iFFR as the 
reference standard, the pooled patient-level sensitivity, specificity, and area-under-curve (AUC) of ML-FFRCT 
were 0.86 [95 % CI: 0.79, 0.91], 0.87 [95 % CI: 0.76, 0.94], and 0.92 [95 % CI: 0.89–0.94], respectively; and 
pooled vessel-level sensitivity, specificity, and AUC, 0.80 [95 % CI: 0.74–0.84], 0.84 [95 % CI: 0.77–0.89), and 
0.88 [95 % CI: 0.85–0.91], respectively.
Conclusions: This systemic review demonstrated the favourable diagnostic performance of ML-FFRCT against 
standard iFFR, although heterogeneity exists, providing support for the use of ML-FFRCT as a triage tool for non- 
invasive screening of coronary ischemia in the clinical setting.

Abbreviations: Acc, Accuracy; AI, artificial intelligence; AUC, area under the curve; BRNN, bi-directional recursive neural network; CAD, coronary artery disease; 
CCTA, coronary computed tomography angiography; CFD, computational fluid dynamics; CFD-FFRCT, computational fluid dynamics based fractional flow reserve 
derived from computed tomography angiography; CTCA, computed tomography coronary angiography; DS, diameter stenosis; FFR, fractional flow reserve; ICA, 
invasive coronary angiography; iFFR, invasive fractional flow reserve; ML, machine learning; ML-FFRCT, machine learning-based fractional flow reserve derived from 
computed tomography angiography; MLNN, multilevel neural network; FN, false negative; FP, false positive; NPV, negative predictive value; PPV, positive predictive 
value; QUADAS-2, quality assessment of diagnostic accuracy studies, version 2; RoB, risk of bias; Sn, sensitivity; Sp, specificity; TN, true negative; TP, true positive.
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1. Introduction

Coronary artery disease (CAD) is the most common cause of car
diovascular mortality [1]. It is caused by atherosclerotic build-up of 
plaque in the walls of coronary arteries, which results in stenosis of the 
coronary lumen and compromised blood flow to the heart muscle. The 
reference standard for determining the anatomical severity of the cor
onary lesion is binary diameter stenosis (DS) determined at invasive 
coronary angiograph (ICA); and its physiological significance, invasive 
fractional flow reserve (iFFR). iFFR is the ratio of pressures invasively 
measured proximal and distal to the coronary lesion during ICA, under 
conditions of parenterally administered vasodilator-induced maximal 
hyperemia [2]. FFR ≤ 0.8 indicates ischemia caused by the corre
sponding coronary lesion [3].

iFFR measurement during ICA is guideline-recommended for the 
evaluation of coronary stenosis before coronary revascularization [4,5], 
as it has been shown to safely reduce unnecessary revascularizations 
compared with DS-driven approaches. The disadvantages of iFFR are the 
risks and costs associated with additional pressure wire instrumentation 
and hemodynamically active vasodilator drug administration. iFFR- 
related complications include local vascular injury, myocardial infarc
tion, cerebrovascular complications, and even death [6].

Coronary computed tomography angiography (CCTA) allows non- 
invasive assessment of CAD plaque burden and plaque characteristics. 
It is widely used to diagnose CAD and select patients for ICA, with a view 
to coronary revascularization. The determination of the extent of 
calcified/non-calcified coronary plaques and identification of high-risk 
plaque characteristics rely largely on visual assessment by experts [7], 
which often overestimate the degree of anatomical stenosis [8,9]. 
Analogous to iFFR, it is possible to assess the physiological significance 
of coronary lesions on CCTA. Using computational fluid dynamics (CFD) 
to calculate local blood pressures at any and all luminal locations along 
the three-dimensional reconstructed coronary tree with simulated hy
peremia assumptions, FFR can be derived from patient-specific CCTA 
image data (FFRCT) [10] and inputs, including systolic and diastolic 
blood pressures, and CCTA-calculated left ventricular mass [11]. As CFD 
relies on formal grounds-up mathematical simulation, the processing 
and calculation time is onerous. Even with a more efficient reduced- 
order CFD simulation, it can take up to 2 h, depending on the 
complexity of the patient-specific coronary anatomy and computer 
processing speed [12]. An alternative faster approach would be to train 
machine learning (ML) models directly on datasets containing patient- 
specific clinical information and CCTA images with prior CFD-derived 
FFRCT annotations. This ML-based FFRCT obviates the need for post- 
acquisition de novo CFD, significantly shortening its turnaround time, 
which may help garner clinical adoption. This systematic review aims to 
summarize the current evidence on the diagnostic accuracy of (ML- 
FFRCT) compared with iFFR for diagnosis of patient- and vessel-level 
coronary ischemia.

2. Methods

2.1. Information sources and search strategy

This systematic review has been registered in the international pro
spective register of systematic reviews (PROSPERO) under the regis
tration number: CRD42023458316. The Preferred Reporting Items for 
Systematic Reviews and Meta-Analyses (PRISMA) guidelines were 
adopted to identify eligible studies and conduct the whole review. A 
systematic search was performed in PubMed, Embase and the Cochrane 
Library for suitable publications published in any language up to August 
2023. The following search terms were used: artificial intelligence, 
machine learning, factional flow reserve, FFR, angiography, stenosis and 
related synonyms. The search included both MeSH terms and free text. 
In addition, all reference lists in the included articles and relevant re
view articles were manually checked. The studies were all 

independently reviewed by 2 reviewers (DvN, LS) and any discrepancy 
was resolved by a third reviewer (ZL). All retrospective and prospective 
studies that reported diagnostic accuracy of machine learning FFR and 
also a standard invasive coronary angiography with invasive FFR re
ported, were considered eligible. Review articles, case reports, com
ments, poster presentations, and studies without complete data on 
diagnostic accuracy were excluded. From the final enrolled abstracts, 
full-text articles were retrieved and evaluated.

2.2. Selection process and data collection

Studies were selected based on population, index test, reference test, 
and target condition. The inclusion criteria were: (1) patients underwent 
CCTA and ICA scans for stenosis evaluation; (2) FFR was measured by 
ICA and iFFR ≤ 0.8 was diagnosed as ischemia or hemodynamically 
significant, which was taken as the reference standard for this review; 
(3) ML-FFRCT, the index test, was calculated by a machine learning al
gorithm and ML-FFRCT ≤ 0.8 was considered as indicator of ischemia; 
(4) data was reported at patient and/or vessel level; and (5) studies 
reported endpoint data of interest, namely sensitivity (Sn), specificity 
(Sp), accuracy (Acc), positive predictive value (PPV) and negative pre
dictive value (NPV) or true positives (TN), true negatives (TN), false 
positives (FP) and false negatives (FN).

Data was extracted by DvN and LG, independently, into a pre-defined 
data extraction form. Baseline characteristics consists of authors, year of 
publication, study design, patient demographics, vessel information, 
equipment information, type of ML algorithm used and outcomes. The 
accurate number of true-positive, true-negative, false-positive, and false- 
negative results was extracted to construct a 2x2 table from qualified 
studies for calculation on diagnostic accuracy parameters. Authors were 
contacted if relevant information was missing or wrongly reported.

2.3. Study risk of bias assessment

Risk of bias assessment (RoB) was independently conducted by DvN 
and LG using the Quality Assessment of Diagnostic Accuracy Studies, 
Version 2 (QUADAS-2), which comprised four key domains: patient 
selection, index test, reference standard, flow and timing. Each domain 
was assessed for RoB, and the first three were also evaluated for appli
cability. Signaling questions were included to inform judgments 
regarding the risk of bias: a domain would be rated as “high risk” if the 
response to at least one nested signaling question was “No”, rated as 
“unclear risk” if 1 or more unclear out of 2 signaling questions or 2 or 
more unclear out of 3 questions. Any disagreement in quality assessment 
was resolved via consensus. A study was classified as having a high RoB 
if at least one of the domains of QUADAS-2 was rates as “high risk”.

2.4. Statistical methods

Summary receiver operating characteristic (SROC) curves were 
generated to illustrate the overall diagnostic accuracy of the index test 
(Machine Learning FFRCT) compared with the reference test (invasive 
FFR). A bivariate random-effects model was used for meta-analysis to 
calculate summary estimations of Sn, Sp, likelihood ratios (LR), the 
diagnostic odds ratio (DOR), and areas under the SROC curve (AUC). 
Forest plots of Sn and Sp were presented for studies with the common 
threshold. Fagan’s nomograms were used to assess the relationship be
tween the pre-and post-test probability of the disease and the LR of the 
diagnostic test. Sensitivity analysis was implemented to identify po
tential sources of heterogeneity. Non-threshold heterogeneity was 
evaluated by the Q test and I2, with a threshold of p-value < 0.1 and I2 >

50 % suggesting an obvious heterogeneity respectively. RoB assessment 
was conducted in RevMan 5.3. Statistical analyses were conducted in 
RevMan 5.3 and STATA 17 with Midas and Metandi package.
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3. Results

3.1. Study selection and characteristics

A total of 230 articles were identified in our literature search, and 98 
eligible full-text articles were further reviewed after duplicates removal 
and title/abstracts screening. Following the inclusion criteria, 17 studies 
were recruited into the systematic review and meta-analysis 
(Supplementary Figure S1). The studies came from 8 different countries 
(China, Germany, Japan, the Netherlands, Poland, South Korea, Sweden 
and USA), of which 2 prospective cohorts, 14 retrospective cohorts, and 
1 mixed cohort (prospective and retrospective) (Table 1). Eight studies 
reported patient level data and 12 reported vessel level data.

3.2. Demographics

In total, 3255 patients with 3906 vessels from studies published from 
2017 to 2022 were included in the analysis. The patients were recruited 
to these various studies from 2008 to 2019 and were mostly retrospec
tive studies, with a mean age of 62.0 (± 3.7). The number of the patients 
of the various studies included in the analysis ranged from 63 to 484, 
while for vessels this was 71 to 618. The demographics for the different 
studies are presented in Table 1. From the 17 studies, 3 did not use any of 
the Siemen’s Somatom CT-scanners [96, 97, 98], but an Aquilion 
scanner from Canon or Revolution CT, GE. These 3 studies, together with 
another study [41], didn’t use the Siemens ML-algorithm either. Among 
a set of different ML algorithms that were used in included studies, only 
the best performers were retrieved for further analysis.

3.3. Quality assessment in included studies

The quality of all included studies was evaluated based on the 
QUADAS-2 protocol, assessing the RoB and applicability concerns 
(Supplementary Figure S2). In general, included studies performed well 
in the applicability concerns domain and had a low risk of bias on index 
test as all included studies reported ML-FFRCT. Regarding the patient 
selection domain, more than half studies had an unclear risk due to lack 
of information on whether patients enrolled consecutively or randomly; 
3 studies had high risk due to inappropriate exclusions. Regarding flow 
and timing, 1 study had high risk of bias due to multiply reference test 
methods used in the participants. Patients were included in the analysis 
or lack of information. Other unclear risks in the quality assessment 
were mainly due to inadequate information.

3.4. AI methods

The use of AI has become more prevalent in health research. How
ever, in the field of FFR prediction, there seems to be, at the moment, 
only one major player, and that is an algorithm designed by Siemens 
(cFFR) which was reported in about 76 % of the publications. In this 
review the included studies covered 3 different ML methods.

The ML-based algorithm by Siemens Healthineers used 12,000 syn
thetic generated coronary geometries [13]. For each geometry the FFRCT 
was calculated for the entire coronary tree using a reduced-order 
computational blood flow model. The ML-based algorithm was trained 
using a deep neural network with 4 hidden layers with 10,000 of these 
geometries. The algorithm was validated with the other 2,000 
geometries.

DEEPVESSEL-FFR from the company Keya Medical was an alterna
tive method used in 3 of studies included in this meta-analysis is. This 
algorithm uses deep learning architecture constructed with a multilevel 
neural network (MLNN) and a bi-directional recursive neural network 
(BRNN). During training, ground truths, generated by solving the 
Navier-Stokes equations with iFFR as a reference, were applied to the 
output layers.

Only 1 study [14] was fully automated, from segmentation to FFR. In 

all the other studies, segmentation was semi-automatic. This is also the 
only study using an ML-algorithm that was not from a company. It 
consisted of fully connected neural network comprising 256 nodes in 
one hidden layer and virtual adversarial training to predict the FFR 
value.

3.5. Data synthesis

Fig. 1 shows the forest plot of sensitivity and specificity from all 
studies. Data has been analysed at 2 levels; patient-level [14–20] and 
vessel-level [15–17,19–30]. The sensitivity and specificity of the ML- 
FFRCT at patient-level ranged from 0.79 to 0.97 and 0.63–1, respec
tively, and the accuracy ranged from 0.76 to 0.99. Following bivariate 
random-effects model, the pooled sensitivity and specificity was 0.86 
[0.79, 0.91] and 0.87 [0.76, 0.94], respectively, and the accuracy was 
0.85 [0.78, 0.92] (Supplementary Table ST1). Pooled AUC was 0.92 
[0.89–0.94].

The sensitivity and specificity of the ML-FFRCT at vessel-level ranged 
from 0.61 to 0.98 and 0.63–0.97, respectively, with the accuracy ranged 
from 0.63 to 0.96. The pooled sensitivity and specificity were 0.8 [0.74, 
0.84] and 0.84 [0.77, 0.89], respectively, and the accuracy was 0.81 
[0.76, 0.86]. Pooled AUC at vessel level was 0.88 [0.85–0.91].

Summary receiver operating characteristic illustrated that patient- 
level data tended to have better performance when compared with 
vessel-level data (Fig. 2), which also echoed the summary estimates that 
patient-level studies reported higher AUROC. However, it seems vessel- 
level data from included studies was slightly less heterogenous as both 
confidence and prediction region were smaller compared to patient- 
level data.

Still, both level data indicated relatively high between-study het
erogeneity based on I2 (>90 %). To explore the potential source of 
heterogeneity, sensitivity analysis was conducted on key covariates. 
Generally, results were quite similar under different covariates which 
indicated robust results on our summary estimates though the I2s were 
constantly high. It was only among patient-level studies with low or 
unclear risk of bias, the I2 reduced dramatically to 58 %, though still 
high and with wide confidence interval, the quality of study could 
potentially contribute to the heterogeneity of the results. Meta- 
regression also showed similar result that RoB level could be potential 
source of heterogeneity on both sensitivity and specificity(P = 0.03). 
Due to limited number of studies, subgroup analysis was not available in 
our case.

The positive likelihood ratio (LR + ) and negative likelihood ratio 
(LR-) for ML-FFRCT were 6.6 [3.4, 13.1] and 0.16 [0.10, 0.25] at patient- 
level, 5 [3.4, 7.4] and 0.24 [0.18, 0.32] at vessel-level, respectively, 
which indicated a moderate discrimination of the disease. Fagan’s plots 
(Fig. 3a) illustrated that, at patient-level, with given pre-test probabili
ties of all types of heart disease prevalence among adults at about 11 % 
[31],or an estimated prevalence of ischemic disease among patients who 
visit CVD clinics (based on clinical experience) at 50 %, a significant ML- 
FFRCT result (<=0.8) revealed incremental probabilities of iFFR stenosis 
to 45 % and 87 %. Conversely, an absence of significant ML-FFRCT 
(>0.8) revealed reduced probabilities of stenosis to 2 % and 14 %. 
Similarly at vessel-level (Fig. 3b), the probabilities of disease were 
increased or reduced by about 30 %.

4. Discussion

Our review has found that ML-FFRCT owes a moderate discrimination 
capability to diagnosis coronary ischemia. The pooled sensitivity and 
specificity of the ML-FFRCT at patient-level was 0.86 [95 % CI: 0.79, 
0.91] and 0.87 [95 % CI: 0.76, 0.94], respectively, with pooled AUC 
0.92 [95 % CI: 0.89–0.94]. At vessel-level, the pooled sensitivity and 
specificity was 0.80 [95 % CI: 0.74–0.84] and 0.84 [95 % CI: 0.77–0.89), 
respectively, with pooled AUC 0.88 [95 % CI: 0.85–0.91]. This shows 
that diagnosis at patient-level performs slightly better than that at 
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Table1 
Study and Patient characteristics of the included studies.

Author Year Country/City Study 
Design

Patient Characteristics 
(inclusion criteria)

Exclusion criteria Patient Age, 
Years, 
Mean (SD)

Sample 
Size

No. Of 
Patients in 
analysis

Male 
[%]

AI method

Y Xue [15] 2022 China retrospective suspected or known stable 
CAD

non diagnostic CCTA images, FFRCT 

calculation failure, previous 
revasularisation

61.9 (± 9.0) 522 484 71.5 cFFR v3.2 Siemens

H Yan [21] 2022 China retrospective at least one coronary artery 
with stenosis

poor image quality, previous 
revascularisation

56.6 (± 9.1) 1747 152 75.7 cFFR v3.0 Siemens

Y Li [16] 2022 China retrospective suspected CAD previous revasularisation 57.3 (± 8.8) 73 73 72.6 multilayer perceptron 
network (MLP) and 
biditectional multilayer 
recursive neural network 
(BRNN)

HJ Koo [22] 2021 South Korea retrospective suspected significant CAD previous revasularisation 62.8 (± 9.6) 471 471 77.7 cFFR v2.1 Siemens
F Zhou [23] 2019 China retrospective known or suspected CAD FFRCT calculation failure, previous 

revasularisation
61.2 (± 9.1) 284 104 72.1 cFFR v3.2 Siemens

Y Li [16] 2019 China prospective intermidiate-high pretest 
probability of obstructive 
CAD

previous revasularisation 67.0 (±
12.0)

139 72 73 cFFR v3.0 Siemens

J de Geer [24] 2019 South Korea, the 
Netherlands, 
Sweden, Poland, 
USA

retrospective underwent both clinical 
CCTA and ICA from 
MACHINE consortium 
database

non diagnostic CCTA images, FFRCT 

calculation failure, failure to compute 
cFFRML

63.0 (range 
56–69)

417 351 NA cFFR v2.1 Siemens

A Kurata [17] 2019 Japan retrospective calcium score < 1500 poor image quality, previous 
revascularisation, Agatson score > 1500

70.2 (±
10.3)

206 74 76 cFFR v3.0 Siemens

PL von Knebel 
Doeberitz 
[25]

2019 Germany retrospective suspected or known stable 
angina patients

non diagnostic CCTA images, previous 
revasularisation

61.0 (±
10.0)

156 84 65 cFFR v2.1 Siemens

X Hu [26] 2018 China retrospective undergone CCTA and iFFR non diagnostic CCTA images, >30 % 
stenosis in left main coronary artey, >80 % 
stenosi in FFR-measured coronoary ateries, 
previous revasularisation

62.0 (±
18.0)

156 105 69.5 cFFR v3.0 Siemens

C Tesche [18] 2018 Germany retrospective suspected CAD non diagnostic CCTA images, previous 
revasularisation, severely reduced left 
ventricular function

62.0 (±
11.0)

166 85 62 cFFR v1.4 Siemens

A Coenen [27] 2018 South Korea, the 
Netherlands, 
Sweden, Poland, 
USA

mixed non diagnostic CCTA images, FFRCT 

calculation failure, failure to compute 
cFFRML

62.3 (± 9.3) 417 351 74 cFFR v2.1 Siemens

C Tesche [19] 2017 Germany retrospective suspected CAD non diagnostic CCTA images, previous 
revasularisation

62.2 (±
10.6)

97 74 62 cFFR v2.1 Siemens

PP Xu [28] 2019 China retrospective suspected or known stable 
CAD

previous revasularisation, unreliable iFFR 
and software abilities

61.0 (± 5.5) 463 437 71.2 cFFR v3.2.0 Siemens

KK Kumamaru 
[14]

2022 Japan retrospective underwent CCTA previous revasularisation 68.4 (±
10.5)

1052 131 71 fully connected neural 
netwrok

LM Tang [30] 2022 China retrospective known CAD poor image quality, previous 
revascularisation

62 (±5.4) 144 144 66.7 DeepVessel, Keya Medical

ZQ Wang [20] 2019 China prospective undergone CCTA and iFFR non adequate ICA and FFR measurements, 
previous revasularisation

68.8 (± 8.6) 68 63 50.8 DeepVessel, Keya Medical

D. van N
oort et al.                                                                                                                                                                                                                              

IJC Heart &
 Vasculature 55 (2024) 101528 

4 



vessel-level. This could be explained by the fact that a patient can have 
more than one affected vessel and the worst vessel only is considered 
when determining the severity of the stenosis for that patient. Looking at 
patient-level data would yield a higher diagnostic accuracy.

It is clear, that non-invasive procedures have the preference over 
invasive ones. CCTA is a non-invasive method to for the detection of 
anatomically significant CAD. But while this method has a high sensi
tivity, it has a low specificity, which results in more unnecessary 

Fig. 1. Forest plot of ML-FFRCT. CI = confidence interval; FN = false negative; FP = false positive; TN = true negative; TP = true positive.

Fig. 2. SROC evaluating ML-FFRCT. SROC = summary receiver operating characteristic.
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revascularisation [32]. ML-FFRCT, however, has shown higher speci
ficity while maintaining the same level of sensitivity, which reduces 
false positive cases (false positive rate: 27/717 (3.8 %) and 105/1745 
(6.0 %), per patient and per vessel respectively). As misdiagnosing 

patients without coronary ischemia as false positive will lead to un
necessary invasive procedure that may cause unnecessary cost and 
harm. These parameters can differ, as all studies were not performed 
under the same circumstances, using different ML-algorithms and 

Fig. 3a. Fagan’s plot of ML-FFRCT (patient-level).

Fig. 3b. Fagan’s plot of ML-FFRCT (vessel-level). LR = likelihood ratio.
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different radiologist interpreting the CCTA results. But it does indicate a 
trend.

The area under the ROC (AUC) shows the ML-FFRCT has a very high 
discriminative power (0.92) and could reliably differentiate patients at 
patient level, and at vessel level also indicates good power (0.88). In 
addition, both positive and negative likelihood ratio have good perfor
mance and show moderate effect of ML-FFRCT on improving diagnostic 
certainty. All the evidence has showed that ML-FFRCT is a viable alter
native to iFFR, estimating the FFR value without the need of invasive 
measurements and the extra administration of medications or contrast 
agents. It also can cut cost in terms of the procedure and patient care. 
Also, in principle, ML-FFRCT could be executed in real-time, providing 
the clinician with immediate results [33]. This is not the case with other 
non-invasive FFR methods, such as CFD. CFD typically takes up to 2 h to 
produce results, excluding the time for manual annotation of the lumen 
from the CCTA images. However, crucially, the accuracy of ML-FFRCT 
does strongly depend on the choice of ML-algorithm, the image quality, 
and the size of the training-set. Furthermore, what in general is not 
considered with the ML-approach is the amount of time and data needed 
to train the network.

One disconcerting reading of the data presented in this analysis is the 
declining accuracy reported in the studies over time, especially when 
determining the diagnostic accuracy for the detection of hemodynamic 
relevance of stenosis by CCTA, while the sensitivity stays the same over 
the period 2016–2022 (Supplementary Figure S3). The accuracy of ML- 
FFRCT seems to increase slightly over the years for the patient and vessel- 
level diagnosis, apart from 2 studies which reported an accuracy of 63.0 
% and 63.1 % per vessel and using the Siemens ML-algorithm, version 
3.0 and 2.1, respectively [21,22]. However, it seems the accuracy of ML- 
FFRCT at patient-level hits a ceiling at around 90 %, with no progress 
over the years from 2019 (Supplementary Figure S4a). The same can be 
said when looking at the vessel-level diagnosis accuracy (Supplementary 
Figure S4b).

There is also a big swing in accuracy, which could be caused by the 
inclusion or exclusion criteria for the respective studies. The difference 
between the studies by Xue et al. [15] and Yan et al. [21] is the image 
quality, while studies by Xue et al. [15] and Koo et al. [22] have nearly 
the same number of patients included. In the study by Xue et al. [15] the 
patient is excluded when there is a non-diagnostic CCTA image, while 
for the study by Yan et al. [21] the patient is excluded when the quality 
of CT image was too poor to extract the coronary artery tree for FFRCT 
(Supplementary SA). There is a subtle difference between these two 
exclusion criteria as the more “poor images” removed from the dataset, 
the higher the accuracy will be. Also, several studies mentioned 
excluded patients of whom the ML-FFRCT could not be calculated 
[15,17,24,27]. This will also affect the accuracy of diagnosis, for the 
better.

Although this review showed an overall good performance of ML 
application on diagnosis of stenosis, there are, however, some limita
tions to consider when using ML. For one, image quality is considered 
when selecting the study population, which means AI will have a higher 
accuracy then when compared to iFFR, as the clinician has to determine 
the level of stenosis for every patient. A reduction in image quality by 
various factors, such as noise, motion, beam hardening, will affect the 
outcome of the ML-algorithm. On the other hand, the quality of training 
data will affect the quality of algorithm per se. Some of the studies only 
had a relatively small subset for training data (e.g. study by Kumamaru 
et al. [14] in our analysis). The Siemens ML-algorithm is already pre- 
trained, but with synthetic generated coronary geometries.

Also, physiological and protocol-dependent factors, such as heart 
rate control, blood pressure, contrast enhancement methods may affect 
the FFRCT value and therefore the diagnosis of the patient [34]. A 
threshold of 50 % of stenosis tends to lead to high sensitivity but low 
specificity for hemodynamically significant CAD [19]. Maybe it would 
be better to consider a higher threshold of DS. 70 % stenosis tends to 
have a far better specificity than a 50 % stenosis.

5. Limitations

Although the sensitivity analysis showed robust results on diagnostic 
parameters, the heterogeneity remains high. The high level of variation 
between studies may be due to difference in study design, patient pro
file, operation of measurement, etc. RoB level might be one of the factors 
in heterogeneity at patient level studies as by removing high RoB 
studies, the heterogeneity decreased and positive likelihood ratio 
increased. Significant heterogeneity was also observed in other sys
tematic reviews that may indicate the high variations among studies on 
stenosis diagnosis [35,36].

Patients in 2 studies by Li 2022 et al. [16] and de Geer et al. [24] were 
selected on whether they fall below or above the 50 % stenosis cut off. 
That means that groups of patients are excluded for visual inspection of 
the CCTA results. Although the purpose of an ML-algorithm would be to 
perform at all levels of stenosis.

There would have been a higher inclusion number of studies, if au
thors of these studies would have included information about sensitivity, 
specificity and predictive values when describing the diagnostics result 
[37]. With more evidence from the studies on use of AI in stenosis 
diagnosis will enable a more precise estimation of the true effect. On the 
other hand, among the total 146 authors contributed to the 17 selected 
studies, a few authors have dominated the field (Bayer RR 2nd, de Cecco 
CN, Schoepf UF, Tesche C, Varga-Szemes A and Yu MM). In particular, 2 
authors (Schoepf and Tesche) have contributed 6 of the 17 (35 %) 
publications.

6. Conclusion

Although heterogeneity exists, the presented data shows that non- 
invasive ML-FFRCT has a high diagnostic accuracy for patients with 
known or suspected CAD, comparable to iFFR. As such, it can serve as a 
triage tool that can complement clinical history, symptom score, to 
determine the presence and severity of underlying stenosis, to avoid 
unnecessary invasive procedures for the patients.

Still more needs to be considered to increase the score of true positive 
when using ML-algorithm. An improved true positive score will result in 
an even lower cases of revascularisation. One way to achieve this is by 
combining CCTA and ML results, as highlighted in Han et al [38].
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