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Aims To evaluate the incremental value of positron emission tomography (PET) myocardial perfusion imaging (MPI) over coron
ary computed tomography angiography (CCTA) in predicting short- and long-term outcome using machine learning (ML) 
approaches.

Methods 
and results

A total of 2411 patients with clinically suspected coronary artery disease (CAD) underwent CCTA, out of whom 891 pa
tients were admitted to downstream PET MPI for haemodynamic evaluation of obstructive coronary stenosis. Two sets of 
Extreme Gradient Boosting (XGBoost) ML models were trained, one with all the clinical and imaging variables (including 
PET) and the other with only clinical and CCTA-based variables. Difference in the performance of the two sets was analysed 
by means of area under the receiver operating characteristic curve (AUC). After the removal of incomplete data entries, 
2284 patients remained for further analysis. During the 8-year follow-up, 210 adverse events occurred including 59 myo
cardial infarctions, 35 unstable angina pectoris, and 116 deaths. The PET MPI data improved the outcome prediction over 
CCTA during the first 4 years of the observation time and the highest AUC was at the observation time of Year 1 (0.82, 95% 
confidence interval 0.804–0.827). After that, there was no significant incremental prognostic value by PET MPI.

Conclusion PET MPI variables improve the prediction of adverse events beyond CCTA imaging alone for the first 4 years of follow-up. 
This illustrates the complementary nature of anatomic and functional information in predicting the outcome of patients with 
suspected CAD.
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Graphical Abstract

Keywords positron emission tomography • myocardial perfusion imaging • coronary computed tomography angiography • 
machine learning • extreme gradient boosting

Introduction
Coronary artery disease (CAD) is a leading cause of death globally. 
Coronary computed tomography angiography (CCTA) is an accurate 
non-invasive imaging method to diagnose or exclude coronary athero
sclerosis and obstructive CAD.1 CCTA gives information on the extent 
of atherosclerotic findings, their distribution, and severity. On the other 
hand, myocardial perfusion imaging (MPI) enables the detection of func
tionally significant coronary artery stenoses and myocardial ischaemia. 
In hybrid imaging, CCTA and MPI are combined to accurately assess 
anatomical changes as well as ischaemia, both at the patient level and 
regionally from each coronary artery.2

Hybrid imaging may be useful for identification of patients who are at 
high risk of developing acute coronary syndrome (ACS). In patients with 
intermediate coronary lesions, evidence of ischaemia at an anatomically ap
propriate location by hybrid imaging is associated with an increased rate of 
subsequent death or cardiac adverse events.3–5 Although the complemen
tary nature of the anatomical and functional imaging is well established, 
there is only limited evidence of how each method can predict events in 
the short and the long term. We hypothesize that ischaemia as a sign of 
more severe CAD is stronger in predicting short-term outcome while ana
tomical findings, reflecting also earlier phases of the development of CAD, 
may be better in predicting adverse events in the long term.

Previous studies suggest that machine learning (ML) is feasible and can 
improve the risk stratification of patients with suspected or established 
CAD.6,7 Previous studies have shown that the risk of the cardiac event is 
determined by both clinical risk factors and imaging-derived findings.8

Combining both CCTA and clinical risk factors into ML models seems 
to predict all-cause mortality significantly better than either alone.9

Recently, an XGBoost ML model trained on clinical data, CT quantitative 
plaque measures, and 18F-NaF uptake was used for optimized risk strati
fication in patients with CAD.8 Substantial improvement over traditional 
methods for risk stratification was achieved when all available factors 
(clinical and imaging) were included in the ML model.

The goal of the presented work was to evaluate the incremental va
lue of positron emission tomography (PET) MPI over CCTA in predict
ing major adverse events. To achieve this, ML was used as a tool to 
assess the predictive power of CCTA and PET MPI both in the short 
and long term.

Methods
Cohort
We retrospectively collected data from symptomatic (chest pain and/or 
dyspnoea) patients who have undergone selective hybrid PET/CCTA in 
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Turku PET Centre due to clinically suspected CAD between February 2007 
and December 2016. Patients with prior known CAD were not included. 
Our cohort consists of a total of 2411 patients. Out of these, 864 patients 
have been previously reported in Maaniitty et al.,10 670 patients in 
Stenström et al.,11 530 patients in Harjulahti et al.,12 and 830 patients in 
Benjamins et al.13 The novelty of the present manuscript is the application 
of ML methods as well as the inclusion of more patients and longer follow- 
up time.

After removal of incomplete data entries, data from 2284 patients (42% 
male) were retained for further analysis. Following our clinical routine, pa
tients first undergo CCTA using a hybrid PET–CT scanner, and immediately 
after that, the attending physician performs an initial evaluation of the 
CCTA scan. If obstructive CAD is excluded by CCTA, no further imaging 
procedures are performed. In case of the presence of obstructive CAD 
(diameter stenosis ≥50%) or if obstructive CAD cannot be excluded by 
CCTA, PET MPI is performed.

Data collection and follow-up
Imaging results, symptoms, and cardiovascular risk factors were retrospect
ively collected from electronic medical records and saved to the database by 
investigators. CCTA and perfusion imaging results were obtained from the 
institutional imaging database. Primary endpoints of follow-up data included 
all-cause death, myocardial infarction (MI), and unstable angina pectoris 
(UAP). Comprehensive data on the occurrence of all-cause death, MI, 
and UAP until May 2020 were obtained from the registries of the Finnish 
Institute for Health and Welfare and the Centre for Clinical Informatics 
of the Turku University Hospital. Investigators used electronic medical re
cords to validate all adverse events. If an event occurred, the time difference 
in years between the CCTA scan and the event was recorded. The obser
vation time is the time interval starting from the CCTA scan until the date of 
the first occurrence of an event or the end date of follow-up (13 May 2020), 
whichever happened first. In the analyses with limited observation time, we 
considered only the events that took place within the limited time. Data on 
early revascularization (≤6 months), with either percutaneous coronary 
intervention (PCI) or coronary artery bypass graft surgery (CABG), were 
collected but were not used as endpoints.

Imaging methods and metrics
The CCTA and PET MPI imaging methods have been previously de
scribed.10,14 CCTA scans were performed using a 64-row hybrid PET– 
CT scanner (GE Discovery VCT or GE D690, General Electric Medical 
Systems, Waukesha, WI, USA). Collimation was set at 64 × 0.625 mm, gan
try rotation time was 350 ms, tube current 500–750 mA, and voltage 100– 
1x20 kV, depending on patient size. Before CCTA, beta-blocker (metopro
lol, 0–30 mg) was given intravenously to achieve a target heart rate of <60 
beats/min. Isosorbide dinitrate aerosol (1.25 mg) was administered to 
achieve coronary dilation. CCTA was performed using intravenously admi
nistered low-osmolal iodine contrast agent followed by saline flush. 
Prospectively triggered acquisition was applied whenever feasible. From 
CCTA, we determined the severity of stenosis for each segment of the 
main coronary arteries (LM, LAD, LCX, RCA) and side branches (D1, 
D2, LOM1, LOM2, LDP, LPL, RPD, RPL, IM). The presence, extent, and se
verity of coronary atherosclerosis were evaluated by defining the number of 
coronary artery segments with any atherosclerosis (also known as segment 
involvement score), the number of segments with non-obstructive (<50%) 
plaque, and the number of segments with obstructive (≥50%) plaque (de
tails in Supplementary data online).

Based on the CCTA findings, patients with suspected obstructive CAD 
(≥50% diameter stenosis in ≥1 coronary artery segment) underwent 
PET MPI with 15O–water during adenosine stress, as previously de
scribed.10,14 The tracer was injected as an intravenous bolus (mean injected 
activity 900–1100 MBq) over 15 s, and dynamic PET acquisition was per
formed (14 × 5, 3 × 10, 3 × 20, and 4 × 30 s). Absolute stress myocardial 
blood flow (asMBF) was quantified (in mL/g/min) individually for each of 

the 17 myocardial segments separately, excluding basal septal segments 
due to membranous part (standard Segments 2 and 3). Myocardial perfu
sion  ≥ 2.3 mL/g/min is considered as normal.15 Rest myocardial blood 
flow was not included in analysis as rest perfusion imaging is not routinely 
performed in our institution (stress-only protocol).16 We define the stress 
myocardial blood flow (sMBF) abnormality score as

sMBF = max(0,2.3 − asMBF), 

so that the zero score corresponds to normal flow. Zero imputation was 
applied for the sMBF scores for patients who did not undergo PET MPI 
(or for whom the PET MPI failed) for the whole study cohort.

Clinical data
Data on traditional risk factors [smoking, sex, body mass index (BMI), dia
betes mellitus, hypertension, dyslipidaemia, and family history of CAD] 
were collected from electronic medical records. Symptoms were classified 
as either typical angina pectoris, atypical (atypical angina pectoris or non- 
anginal chest pain), or no chest pain. Also, a history of dyspnoea was col
lected. A summary of the clinical data is presented in Table 1 in Results.

Machine learning, XGBoost
ML models were trained and used to predict major adverse events by in
corporating clinical cardiovascular risk factors and CCTA and PET imaging 
data. For the training of each model, data were split randomly and inde
pendently into training and test groups with a 3:1 ratio. Each variable was 
checked individually to ensure similar distributions in both groups as de
scribed in the Supplementary data online.

For this study, we considered several models, including linear regression, 
lasso,17 support vector machine,18 ridge,19 elastic net,20 logistic regres
sion,21 random forest,22 and Extreme Gradient Boosting,23 also known as 
XGBoost. Of these, XGBoost consistently performed the best in the pre
liminary analysis and was selected as the ML method to generate the results 
of this paper.

To simplify the XGBoost models presented in Results, we computed fea
ture importance vectors for 100 XGBoost models trained with all consid
ered input variables—in total 53 variables containing 20 PET-based 
variables—for each observation year 1–8 and selected nine input variables 
which were ranked consistently as the most important features. An inde
pendent random training and test data split, as described in the 
Supplementary data online, was performed for each of the 100 XGBoost 
models. Supplementary data online, Table S1 presents the feature ranking 
vector used for the selection of variables of the XGBoost models. These 
selected nine input variables in the descending order of importance are 
maximum stenosis degree (a CCTA-based variable), number of athero
sclerotic segments (CCTA), number of non-obstructive segments 
(CCTA), age, maximum PET abnormality score for RCA (a PET-based vari
able), BMI, sMBF for Segment 10 (PET), sMBF for Segment 15 (PET), and 
dyspnoea. We define the maximum PET abnormality score for RCA as:

smaxRCA = maximum sMBF across segments 4, 9, 10 and 15.

The preprocessing of variables is described in detail in the Supplementary 
data online, as are the hyperparameter selection for the considered 
XGBoost model, and the training and test set division. For the results pre
sented in this work, we trained two sets of XGBoost models for each ob
servation year: the first set uses clinical, CCTA-based, and PET-based input 
variables, while the other set uses only clinical and CCTA-based variables. 
Per each observation year, each set consists of k = 100 XGBoost models, 
each trained and tested using an independent and random training and 
test data split. Furthermore, we considered 2 sets of data for the analyses: 
the data set corresponding to all considered 2284 patients, and its subset of 
2069 patients who did not undergo early revascularization, as explained in 
more detail in Results. For the set of all considered 2284 patients, each 
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training set contains 1713 patients (75%) and each test set contains 571 
patients (25%). The same XGBoost models—and hence training and test 
sets—were used for analysing the results corresponding to all the 2284 pa
tients and corresponding to the subset of 2069 patients by restricting the 
result analysis to only those patients who did not undergo revascularization. 
A flow diagram of this work is illustrated in Figure 1.

Statistical analyses
Statistically significant differences between the areas under the receiver op
erator characteristic curves (AUCs) corresponding to all data variables and 
data without PET variables were assessed using the two-sided Wilcoxon 
signed-rank test with P = 0.05. The representation of variables is described 
in the Supplementary data online in the Preprocessing subsection.

Results
The study cohort consisted of 2284 patients who underwent CCTA 
due to suspected CAD, of whom 891 (39%) underwent downstream 
PET MPI for evaluation of haemodynamic significance of coronary sten
osis. As shown in Table 1, 31.4% of patients had normal coronary arter
ies, 27.8% had non-obstructive CAD, 17.6% had obstructive CAD on 
CCTA but normal myocardial perfusion on PET, and 17.5% had ob
structive CAD and abnormal myocardial perfusion. The remaining 
5.7% of the patients consist of those who did not undergo PET MPI des
pite suspected CAD, and of those whose PET perfusion imaging study 

was unsuccessful or whose PET MPI data were missing. The clinical 
characteristics of patients are presented in Table 1.

During the 8-year follow-up period, 210 patients had major adverse 
event (Year 1: 33 events, Year 2: 18 events, Year 3: 30 events, Year 4: 28 
events, Year 5: 31 events, Year 6: 32 events, Year 7: 21 events, Year 8: 
17 events). Of these endpoints, 28.1% correspond to MI, 16.7% to 
UAP, and 55.2% to death. In total, 215 patients had early revasculariza
tion within 6 months after CCTA, with percutaneous coronary inter
vention (PCI) (n = 180), coronary artery bypass graft (CABG) surgery 
(n = 40), or both (n = 5). Of note, early revascularization was not con
sidered as a major adverse event.

Figure 2 shows the results of the XGBoost ML models in predicting 
outcome (event or no event) for each observation time (1–8 years) 
using the random and independent test sets (N = 571). In Figure 1, 
AUCs and their 95% confidence intervals (CIs) are visualized for the 
two sets of Xboost models: (i) with all input variables and (ii) without 
PET variables.

The results show that the predictive power of the data is reducing 
over time from the best AUC of 0.82 (95% CI 0.804–0.827) at Year 1 
of the observation time to AUC of 0.75 (95% CI 0.745–0.757) at the 
maximum observation time of 8 years. The AUCs with the data in
cluding PET variables were significantly higher than when using only 
clinical and CCTA variables (P < 0.05). However, the significant differ
ence was detected only during the first 4 years of the observation 
time.

As revascularization is used to treat ischaemia and is strongly linked 
with the ischaemic imaging findings,11 we performed a separate analysis 
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Table 1 Demographics table

All patients (n = 2284) Patients with no early revascularization (n = 2069)

Age (years) (23.0–88.0), 62.2 ± 9.7 (23.0–88.0), 62.0 ± 9.8

Women 1317 (57.7%) 1249 (60.4%)

BMI (15.4–54.3), 28.3 ± 5.2 (15.4–54.3), 28.3 ± 5.2

Smoking 757 (33.1%) 657 (31.8%)

Diabetes 341 (14.9%) 289 (14.0%)

Hypertension 1292 (56.6%) 1155 (55.8%)

Dyslipidaemia 1456 (63.7%) 1287 (62.2%)

Dyspnoea 877 (38.4%) 791 (38.2%)

Atypical angina or non-anginal chest pain 1083 (47.4%) 1004 (48.5%)

Typical angina 528 (23.1%) 432 (20.9%)

CCTA and PET findings

Normal coronary arteries 718 (31.4%) 718 (34.7%)

Non-obstructive CAD 636 (27.8%) 636 (30.7%)

Obstructive CAD and normal sMBF 403 (17.6%) 392 (18.9%)

Obstructive CAD and abnormal sMBF 400 (17.5%) 233 (11.3%)

Endpoints 210 (9.2%) 172 (8.3%)

MI 59 (2.6%) (28.1% of all endpoints) 46 (2.2%) (26.7% of all endpoints)

UAP 35 (1.5%) (16.7% of all endpoints) 19 (0.9%) (11.0% of all endpoints)

Death 116 (5.1%) (55.2% of all endpoints) 107 (5.2%) (62.2% of all endpoints)

Early revascularization

PCI 180 (7.9%) 0 (0%)

CABG 40 (1.8%) 0 (0%)

Clinical characteristics, imaging findings, endpoints, and early invasive therapies of all patients and patients with no early revascularization separately. 
CAD, coronary artery disease; CABG, coronary artery bypass grafting; CCTA, coronary computed tomography angiography; MI, myocardial infarction; PCI, percutaneous coronary 
intervention; PET, positron emission tomography; sMBF, stress myocardial blood flow; UAP, unstable angina pectoris.
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restricted to patients without early revascularization, as illustrated in 
Figure 3. In this analysis, there was no statistically significant difference 
between the mean AUCs.

Figure 4 illustrates the mean AUC difference curves for XGBoost 
models trained with all the variables and without PET variables, separ
ately drawn for all patients and patients without early revascularization. 
The difference between the curves is larger during the first 4 years of 
observation time and becomes diminished with time.

Discussion
Predicting the outcome of patients with suspected CAD is one of the 
main goals of diagnostic testing. The imaging methods used for the diag
nosis of CAD are well known to also provide prognostic information. 
Furthermore, combining data from anatomical imaging and functional 
imaging may further improve the predictive power.10 We use ML in 
predicting outcome, as it enables the automated fusion of large number 

Figure 1 Flow diagram of the presented work. After removal of incomplete data entries, data from 2284 patients were retained for further analysis. 
In the feature selection process, 100 XGBoost models were trained using all the considered input variables, and based on the testing of these models, 9 
most important features were selected. These nine variables were considered in training and testing of two sets of 100 XGBoost models (using clinical, 
CCTA, and PET variables vs. using only clinical and CCTA variables). Finally, we considered the subsets of the test data, restricted to patients who did 
not undergo early revascularization.

Figure 2 Mean AUCs and 95% CIs for the XGBoost models trained with all variables, and without PET variables in the test sets randomly selected 
from the whole cohort. Per each observation year, 100 XGBoost models were trained and tested for each input variable set; an independent and ran
dom training and test data split was performed for each of these models. The AUCs are calculated using the test sets (N = 571). The difference between 
these curves is statistically significant for the first four observation years; this is highlighted by the black asterisks.
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of input variables—our analysis began with 53 different input variables. 
In particular, the chosen ML framework, XGBoost, has been applied 
previously with state-of-the-art results to various ML and data mining 
challenges.23 The highest AUC in the presented study for predicting 
event was 0.82 which is comparable to the highest score reported in 
an earlier study combining atherosclerotic plaque microcalcification 
and anatomical features of CAD (0.85, 95% CI 0.79–0.91).8

Our findings support the hypothesis that the presence of ischaemia 
as a sign of more severe CAD could be stronger in predicting short- 
term outcome while anatomical findings, reflecting also earlier phases 
of the development of CAD, might be better in predicting events in 
the long term. The predictive power increased by adding myocardial 
perfusion parameters on top of the clinical and CCTA variables, but 
this impact was only seen during the first 4 years.

In contrast to our study, in a recent study utilizing SPECT/CCTA, hy
brid imaging provided independent prognostic information for short- 
and long-term risk prediction.24,25 Unlike in our work, the prognostic 

benefit of hybrid imaging lasted for 10 years (median 6.8) follow-up.24

However, in that study, the patient population was rather small (n =  
357) and included only 46 patients with matched anatomical stenosis 
and perfusion deficit.24

The incremental prognostic value of perfusion imaging was not de
tected when the patients with early revascularization were excluded 
(note that early revascularization was not used as an endpoint). We 
have earlier shown, in partly overlapping patient population, that the 
adherence of early revascularization to myocardial ischaemia detected 
by PET perfusion imaging is very high.11 As the ischaemic finding trig
gers revascularization, a large proportion of the high-risk patients 
based on the perfusion findings did enter the revascularization proced
ure and were, therefore, excluded from the secondary analysis. These 
findings further suggest that the increased event risk is associated with 
abnormal perfusion, which commonly triggers revascularization pro
cedures to eliminate ischaemia. This is consistent with previous studies 
showing an interplay between the severity of ischaemia, myocardial 

Figure 3 Mean AUCs and 95% CIs for the restricted set of patients who did not undergo early revascularization. The XGBoost models trained with 
all variables, and without PET variables using the whole cohort data. The AUCs are calculated using the same test sets as in the whole cohort case, 
restricted to patients who did not undergo early revascularization.

Figure 4 Mean AUC differences (all variables vs. no PET variables) for XGBoost models trained and tested with data corresponding to all patients, 
and with data corresponding to patients without early revascularization.
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revascularization, and outcomes.26–29 However, our study emphasizes 
that the residual risk of an event is still significant despite revasculariza
tion. This risk is likely associated with generally more severe CAD in 
the patients with detected ischaemia in the diagnostic phase.

In the clinical routine protocol applied in our hospital, the downstream 
PET perfusion imaging is triggered by abnormal CCTA finding, as suggested 
by the current European guidelines.30 This approach is based on the high 
negative predictive value of CCTA in excluding obstructive CAD and ex
cellent outcome of patients without obstructive CAD, obviating the 
need for further diagnostic testing in over half of symptomatic patients 
with suspected CAD.10,31 Due to this, the patients who entered perfusion 
imaging were selected based on CCTA findings, and therefore, our results 
can be only transferred to similar situations than in the present study.

As limitations of the current work, we note that it is a single-centre 
study, and the numbers of events in test data sets are unavoidably quite 
small (in the whole data set, there are 17–33 events per year). 
Furthermore, the treatment of patients is not blinded and can affect the 
results. It should be noted that our ML model included all patients referred 
to CCTA regardless of the performance of downstream PET perfusion 
imaging. For patients with obstructive CAD excluded by CCTA alone, 
and therefore not undergoing further PET imaging, were classified as hav
ing non-obstructive CAD. We think that this method resembles the clin
ical setting in which a patient has obstructive CAD excluded by CCTA and 
no further testing is performed, although we acknowledge that, for ex
ample, coronary microvascular dysfunction can impair myocardial blood 
flow in the absence of obstructive epicardial CAD. Another potential limi
tation is that we did not measure detailed CCTA characteristics for prog
nostic information, such as quantitative plaque volumes, but, on the other 
hand, the CCTA variables in our study are those that are widely used in 
clinical practice.32 We used 64-row CT scanners that are fulfilling the cur
rent requirements for CCTA but believe that the results should be gen
eralizable also to CCTA scanners with a higher number of rows because 
the scans were analysed by experienced human readers and these fea
tures were subsequently provided as an input for the ML algorithm rather 
than directly feeding the CCTA images for the model. Furthermore, we 
could not include PET rest myocardial blood flow values into this study, 
as the considered study used stress-only protocol.16 However, according 
to a previous study from our institution,16 absolute stress MBF was super
ior to perfusion reserve (i.e. stress MBF divided by rest MBF) in the detec
tion of haemodynamically significant CAD.

Interestingly, ML determined some specific regional PET perfusion 
results as selected features, mostly located to the inferior wall of the 
left ventricle and area supplied by RCA. This selection by the 
XGBoost model is difficult to understand as classically anterior ischae
mia has been considered prognostically the most important.

Conclusion
Based on the ML approach, downstream MPI after CCTA improves the 
prediction of adverse events beyond CCTA alone for the 4 years of 
follow-up, but no longer-term benefit was seen. The results illustrate 
the differences and complementary nature of anatomic and functional 
information in predicting the outcome of patients with chest pain and 
suspected CAD.
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