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Background: Myocardial perfusion imaging (MPI) is an accurate noninvasive test for patients with sus-
pected obstructive coronary artery disease (CAD) and coronary artery calcium (CAC) score is known to
be a powerful predictor of cardiovascular events. Collection of CAC scores simultaneously with MPI is
unexplored.
Aim: We aimed to investigate whether automatically derived CAC scores during myocardial perfusion
imaging would further improve the diagnostic accuracy of MPI to detect obstructive CAD.
Methods: We analyzed 150 consecutive patients without a history of coronary revascularization with
suspected obstructive CAD who were referred for 82Rb PET/CT and available coronary angiographic data.
Myocardial perfusion was evaluated both semi quantitatively as well as quantitatively according to the
European guidelines. CAC scores were automatically derived from the low-dose attenuation correction
CT scans using previously developed software based on deep learning. Obstructive CAD was defined as
stenosis >70% (or >50% in the left main coronary artery) and/or fractional flow reserve (FFR) �0.80.
Results: In total 58% of patients had obstructive CAD of which seventy-four percent were male. Addition
of CAC scores to MPI and clinical predictors significantly improved the diagnostic accuracy of MPI to
detect obstructive CAD. The area under the curve (AUC) increased from 0.87 to 0.91 (p: 0.025).
Sensitivity and specificity analysis showed an incremental decrease in false negative tests with our
MPI + CAC approach (n = 14 to n = 4), as a consequence an increase in false positive tests was seen
(n = 11 to n = 28).
Conclusion: CAC scores collected simultaneously with MPI improve the detection of obstructive coronary
artery disease in patients without a history of coronary revascularization.
� 2019 Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://

creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

Angina pectoris (AP) is a clinical syndrome characterized by epi-
sodes of retrosternal complaints, usually induced by exercise or
other stress factors with quick relieve after discontinuation of
exercise or stress. AP is often caused by myocardial ischemia due
to the presence of obstructive coronary artery disease (CAD) and/
or microvascular dysfunction [1,2]. The diagnostic assessment of
patients with suspected obstructive CAD is challenging and one
of the most common aspects of cardiology nowadays. Since the
presence of obstructive CAD often requires coronary intervention,
accurate diagnostic tests are of great importance.

Myocardial perfusion imaging (MPI) with positron emission
tomography (PET)/computed tomography (CT) is an accurate non-
invasive test for patients with suspected obstructive CAD [3,4]. It
provides measurements on myocardial perfusion, myocardial
blood flow (MBF) and coronary flow reserve (CFR). The coronary
artery calcium (CAC) score on the other hand is a powerful predic-
tor for cardiovascular events [5–9]. Recent studies have demon-
strated additional diagnostic power of the CAC score on top of
perfusion imaging in patients with suspected obstructive CAD
[10–13]. For these studies an additional ECG triggered CT-scan
was acquired for manual assessment of CAC scores instead of using
the attenuation correction CT images gathered during MPI. Several
studies compared manual CAC scoring on an ECG triggered CT with
manual CAC scoring on attenuation correction CT images and
showed encouraging results [14–16]. Recently, two studies per-
formed in our center compared manual CAC scoring on ECG trig-
gered CT images with automated CAC scoring in low dose chest
CT and attenuation correction CT [17,18]. Both studies used a pre-
viously developed algorithm based on deep learning and showed
that this is a reliable and accurate method of calculating the CAC
score.

Therefore, the aim of our study is to assess whether automati-
cally derived CAC scores simultaneously collected with MPI on
attenuation correction CT images improve the diagnostic accuracy
of MPI in patients with suspected obstructive CAD.
2. Materials and methods

2.1. Study population

The MYOMARKER (MYOcardial ischaemia detection by circulat-
ing bioMARKERs) study is a prospective single-center observa-
tional cohort study of consecutively enrolled patients (>18 years
of age) with suspected CAD who presented at the outpatient clinic
of the Meander Medical Center (Amersfoort, the Netherlands)
between August 2014 and September 2016. All patients underwent
a Rubidium-82 PET/CT scan as part of their diagnostic work-up.

The complete cohort consists of 1265 patients. For the purpose
of this study only patients who underwent coronary angiography
(CAG) within 90 days prior to or after MPI were selected. After
exclusion of patients with previous coronary artery bypass grafting
(CABG) or previous percutaneous coronary intervention (PCI), and
exclusion of five patients with incomplete MPI results, the final
cohort consisted of 150 patients (Appendix A, Fig. A1). The study
was approved by the regional medical ethics committee and per-
formed in accordance with the Declaration of Helsinki. Written
informed consent was obtained from all participants.
2.2. PET-CT imaging

A detailed description of MPI imaging protocol is provided in
the supplemental materials (Appendix B). Briefly, patients were
asked to discontinue caffeine- or methylaxanthine-containing
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food/drinks and theophylline and dypiridamol 48 h prior to the
PET/CT scan. Rubidium-82 PET/CT scans were acquired using a
hybrid scanner (Biograph CT Flow 64-slice scanner, Siemens
Healthcare, Knoxville, Tennessee). Rest and stress cardiac PET/CT
images were acquired on the same day, pharmacological stress
was administered intravenously with regadenoson. The estimated
effective radiation dose for this protocol to the patients was
3.7 mSv. Heart rate, systolic blood pressure and 12 lead ECG were
recorded at baseline, 1 min after regadenoson administration and
after imaging. Rate-pressure product was calculated for manual
correction of rest flow values.

2.3. PET image analysis

Myocardial perfusion was evaluated according to the European
guideline in two ways: semi-quantitative and quantitative [19]. All
scans were evaluated by 2 experienced observers. Semi quantita-
tive analysis was performed with the use of the 17-segment model
of the American Heart Association [20], in short; the summed dif-
ference score (SDS) is the difference between the perfusion deficit
score in stress and rest, a SDS score � 4 was defined as stress
induced ischemia. Quantitative analysis of myocardial perfusion
was assessed by the myocardial blood flow (MBF, mL/g/min) and
coronary flow reserve (CFR). MBF was computed from the dynamic
rest and stress imaging series with commercially available soft-
ware (Siemens Syngo Dynamic PET). A global MBF was calculated
for the left ventricle as well as regional MBF for each of the three
coronary vessel territories. Resting MBF was manually adjusted
for the patient-specific rate-pressure product at rest. Global and
regional coronary flow reserve was defined as the ratio of hyper-
emic to (adjusted) baseline MBF.

MPI scans were considered as normal if a patient had a normal
MBF, CFR and a SDS score of 0. Normal MBF refers to normal MBF at
a threshold of 2.0 ml/g/min. Normal CFR was set 1.6. MPI Scans
were considered as suspect for obstructive CAD if either an SDS
score Stress � 4 was measured, or patients with an SDS between
one and three but with abnormal MBF and/or wall motion abnor-
malities (WMA).

2.4. Calcium scoring

CAC scores were determined from the low-dose attenuation
correction CT scan, which were derived during MPI using a previ-
ously developed algorithm [17]. This software was originally
developed for fully automated calcium scoring in low dose chest
CT scans. We therefore manually annotated coronary calcifications
in 200 consecutive CT scans from the present study and retrained
the software with a combination of low dose chest CT and low dose
attenuation correction CT scans. Briefly the software first detects
the lungs to identify a region of interest in the image and then
automatically detects CAC above the standard threshold of 130
Houndsfield Units using a deep learning approach. Detected calci-
fications are labeled according to the affected coronary vessel (left
anterior descending including left main coronary artery, left cir-
cumflex artery and right coronary artery. CAC scores were calcu-
lated for all three coronary vessels [21]. Since this new method is
not able to distinguish previously placed coronary stents from
coronary calcium we excluded patients with coronary stents from
the analysis. CAC scores were categorized according to previous lit-
erature as 0, 1–100, 101–300 and 301 or more [5,22].

2.5. Coronary angiography

All lesions were measured by quantitative coronary angiogra-
phy (QCA) by a blinded trained clinical physician (MD), using Car-
diovascular Angiography Analysis System software (CAAS 7.3, Pie
ity from ClinicalKey.com by Elsevier on April 08, 2020.
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Medical Imaging, Maastricht, The Netherlands). In case of uncer-
tainty a board certified interventional cardiologist (GL) was asked
to measure the lesion as a second observer. Uncertainty was
mostly based on doubts regarding the second frame in which the
lesions should be measured. Lesions were considered hemodynam-
ically important if: 1. FFR positive �0.80 or 2. A luminal stenosis
>70% (or >50% in case of left main) measured with QCA. In case
of discrepancy between FFR measurement and QCA measurement,
FFR result was considered more reliable and therefore used. In
total, 15 lesions were measured with FFR.

2.6. Statistical analysis

Continuous data are expressed as mean ± standard deviation
(SD), categorical data as frequencies and percentages. Differences
in continuous variables were compared by independent t-test.
Dichotomous variables were compared by Fisher’s exact test. Uni-
variable and multivariable logistic regression were used to analyze
predictors for the presence of obstructive CAD. Univariable logistic
regression was performed for all variables that were considered
possible clinical predictors based on previous literature or differ-
ences in baseline characteristics. All variables with a P value
<0.20 in the univariable analysis were used for the multivariable
logistic regression. We used the likelihood ratio test statistic with
a backward stepwise method to determine which combination of
Table 1
Clinical characteristics of all patients with and without obstructive CAD.

All N = 150 No obst

Demographics
Age in years 67.6 (11.5) 66 (10.3
Male sex 96 (64%) 29 (48%
BMI 28.1 (5.4) 28.7 (6.3

Medical history
History of CVD 111 (74%) 41 (68%
History of CAD 25 (17%) 3 (5%)
History of MI 18 (12%) 2 (3%)
History of PAD 10 (7%) 3 (5%)
Diabetes mellitus 35 (23%) 14 (23%
Hypertension 97 (65%) 36 (60%
Dyslipidemia 87 (58%) 37 (62%
Current smoker 39 (26%) 15 (25%
Family history of CAD 45 (30%) 19 (32%

Medication
Platelet aggregation inhibitorsy 85 (57%) 29 (48%
Anticoagulants 30 (20%) 11 (18%
Beta-blockers 81 (54%) 31 (52%
Statins 87 (58%) 37 (62%
ACE inhibitor or ARB 57 (38%) 19 (32%
Calcium channel blockers 34 (23%) 16 (27%
Loopdiuretics 22 (15%) 9 (15%)
Nitroglycerin 57 (38%) 22 (37%

82Rb PET-CT findings
Rest LVEF 58 (16) 61 (17)
Stress LVEF 61 (17) 61 (17)
SDS 4 (5) 1 (2)
RPP 11,024 (3068) 10,341 (
Rest MBF uncorrected 1.15 (0.38) 1.12 (0.3
Rest MBF corrected 0.86 (0.25) 0.89 (0.2
Stress MBF 2.41 (1.88) 2.61 (0.7
CFR 3.19 (0.99) 3 (1)

CAC results
0 8 (5%) 5 (8%)
1–100 27 (18%) 17 (27%
101–300 26 (17%) 14 (22%
>300 89 (59%) 27 (43%

Continuous variables are presented as mean (SD), categorical variables as n(%). * P val
diovascular disease, CAD = coronary artery disease, MI = myocardial infarction, PAD = p
ejection fraction. SDS = Summed Difference Score [15], RPP = rate pressure product, M
Calcium.
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clinical predictors performed best in prediction of obstructive
CAD. This resulted in the first of three models used for the final
analysis. The other two models were derived to compare the diag-
nostic accuracy of MPI alone versus MPI in combination with auto-
mated CAC scores on top of clinical predictors. Benjamini–
Hochberg test was used to correct for multiple comparison testing.

The natural logarithm of the CAC score (ln_CAC+1) was used
because of a wide range and right skewness of the CAC scores.
Receiver operator characteristic (ROC) areas under the curve
(AUC) were calculated for all three models to determine their abil-
ity to predict obstructive CAD. We calculated sensitivity, specificity
and predictive values for MPI only, CAC scores only and the combi-
nation of both. For this analysis ischemia was analyzed as a dichot-
omized variable. For the CAC score a cut off value of 300 was used
since this was considered clinically relevant [6]. All hypotheses
tests were two-sided with a critical significance level of <0.05. Sta-
tistical analysis were performed with SPSS version 25.0 (SPSS, Chi-
cago, IL) and R software (R software, version 3.4.1).

3. Results

3.1. Clinical patient characteristics

Clinical characteristics are shown in Table 1. The mean age was
68 ± 12 years, and the majority of patients was male (64%). Patients
ructive CAD N = 63 Obstructive CAD N = 87 P value*

9) 68 (12.23) 0.470
) 67 (74%) 0.001
) 26.9 (4.6) 0.291

) 70 (78%) 0.196
22 (24%) 0.002
16 (18%) 0.008
7 (8%) 0.504

) 21 (23%) 0.575
) 61 (68%) 0.329
) 50 (56%) 0.458
) 24 (27%) 0.820
) 26 (30%) 0.783

) 56 (62%) 0.093
) 19 (21%) 0.667
) 50 (56%) 0.640
) 50 (56%) 0.458
) 38 (42%) 0.192
) 18 (20%) 0.339

13 (14%) 0.925
) 35 (39%) 0.784

57 (16) 0.670
69 (16) 0.947
6 (4) <0.001

2258) 11,501 (3458) 0.227
3) 1.17 (0.42) 0.511
4) 0.83 (0.25) 0.170
7) 2.28 (2.35) 0.313

3 (1) 0.584

3 (3%) 0.038
) 10 (12%) 0.007
) 12 (14%) 0.043
) 62 (71%) <0.001

ue for comparison between groups with and without obstructive CAD. CVD = car-
eripheral artery disease. yAspirin, clopidogrel or ticagrelor, LVEF = Left ventricular
BF = myocardial bloodflow, CFR = Coronary flow reserve, CAC = Coronary Artery
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Table 2
Odds ratios calculated with logistic regression comparing diagnostic performance of MPI and CAC score.

Model 1 Clinical predictors Model 2 Model 1 + MPI Model 3 Model 2 + CAC score

OR (95% CI) P value OR (95% CI) P value OR (95% CI) P value

Predictor
Male sex 2.94 (1.44–6.12) 0.003 2.33 (0.91–6.0) 0.078 1.90 (0.70–5.11) 0.212
History of CAD 5.70 (1.60–20.46) 0.008 11.0 (2.35–51.53) 0.002 10.75 (2.05–56.53) 0.005
Ischemia – – 27.7 (10.60–72.26) <0.001 26.49 (9.45–74.24) <0.001
Ln_CAC – – – – 2.47 (1.40–4.34) 0.002

MPI = myocardial perfusion imaging, CAC score = coronary artery calcium score, Ischemia = dichotomized with a cut off SDS score of 4 and/or abnormal myocardial blood-
flow/coronary flowreserve, Ln_CAC = natural logarithm of coronary artery calcium score + 1.

Fig. 1. ROC Curves diagnostic models. ROC Curves with corresponding AUC values
for all three models in complete cohort. Model 1 contains the clinical predictors, in
model 2 the presence of ischemia is added, the third model consist of the clinical
predictors, presence of ischemia and the CAC score. P value for difference in AUC
between model 2 and 3 was 0.025.
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had a mean BMI of 28.1 kg/m2. Already 57% of the patients were
using platelet aggregation inhibition (aspirin, clopidogrel or tica-
grelor) in accordance with their previous medical history of
atherosclerotic disease. Patients with obstructive CAD were more
often male (74% vs. 48%, p value 0.001), and had more often a his-
tory of CAD (24% vs. 5%, p value 0.002) or previous myocardial
infarction (18% vs. 3%, p value 0.008). There were no differences
in age, BMI, or any of the other known risk factors for cardiovascu-
lar disease between patients with and without obstructive CAD.
The left ventricular ejection fraction was above normal limit during
stress and rest in all patients. As expected, the average SDS score in
patients with obstructive CAD was higher compared to those
Table 3
Estimated diagnostic performance to predict obstructive CAD in clinical practice.

Measure TP TN FP FN Sens

Ischemia* 76 49 11 14 0.84
CAC scorey 67 38 22 23 0.74
Ischemia_CAC score� 86 32 28 4 0.96

TP = True positive, TN = True negative, FP = False positive, FN = False negative, PPV = Posit
a cut off SDS score of 4 and/or abnormal myocardial bloodflow/coronary flowreserve, y
�Ischemia_CAC = dichotomized as either ischemia and/or CAC score >300.
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without (6 vs. 1, p value <0.001). No difference between (un)cor-
rected rest MBF, hyperemic MBF and CFR were observed. There
were in total 8 patients with a CAC score of 0. In patients with
obstructive CAD the majority of patients had CAC scores >300
(71%).

3.2. Predictors of obstructive CAD

In the univariable analysis (Appendix C, Table C1) male sex (OR
3.11, 95% CI 1.56–6.23), history of cardiovascular disease (CVD)
(OR 1.62, 95%CI 0.78–3.39), history of CAD (OR 6.15, 95% CI 1.75–
21.60), previous myocardial infarction (MI) (OR 6.27, 95% CI
1.39–28.37), use of an ACE-inhibitor and/or ARB (OR 1.58, 95% CI
0.80–3.13) and use of a platelet aggregation inhibitor (OR 1.76,
95% CI 0.91–3.41) were considered as significant clinical predictors
of obstructive CAD. These variables were used for multivariable
analysis, finally after model reduction with the likelihood ratio test
male sex and history of CAD remained significant predictors of
obstructive CAD.

3.3. Diagnostic performance of combined models

Table 2 shows the final three constructed models. The first
model contains the clinical predictors (male sex and history of
CAD) for the presence of obstructive CAD selected with multivari-
able logistic regression. In the second model the presence of ische-
mia on MPI (SDS � 4, or SDS 1–3 and abnormal MBF/WMA) was
added to the first the model. CFR was considered as possible
MPI-derived predictor for the presence of obstructive CAD, but it
showed no additive effect on the model performance (OR 1.10
95%CI 0.78–1.58 p value 0.501 appendix C1). In the third model,
CAC score was added on top of the second model. Both the pres-
ence of ischemia on MPI (OR 26.49, 95%CI 9.45–74.24) and the
CAC score (OR 2.47, 95%CI 1.40–4.34) were significant predictors
for the presence of obstructive CAD in addition to the clinical pre-
dictors. Corresponding ROC curves with AUC values are shown in
Fig. 1. The diagnostic accuracy of MPI to detect obstructive CAD
improved with 4% when adding the automatically derived CAC
scores (0.87 vs. 0.91). This difference in AUC between model 2
and 3 was statistically significant, p value 0.025.

Table 3 provides an overview of the estimated diagnostic
parameters in clinical practice for three single parameters
itivity Specificity PPV NPV AUC (95%CI)

0.82 0.87 0.78 0.83 (0.76–0.90)
0.63 0.75 0.62 0.69 (0.60–0.78)
0.53 0.75 0.89 0.74 (0.66–0.83)

ive Predictive value, NPV = Negative predictive value, *Ischemia = dichotomized with
CAC score = coronary artery calcium score as dichotomous variable, <300 or >300.

ity from ClinicalKey.com by Elsevier on April 08, 2020.
n. Copyright ©2020. Elsevier Inc. All rights reserved.
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comparing the use of the presence of ischemia alone, CAC scores
(dichotomized as either <300 or >300) alone and presence of ische-
mia and/or a CAC scores above 300. When comparing MPI result on
its own (AUC 0.83, 95%CI 0.76–0.90) with only CAC scores (AUC
0.69, 95% CI 0.60–0.78), both sensitivity (0.84 vs. 0.74) and speci-
ficity (0.82 vs. 0.63) were better in the model with only MPI,
according to existing literature. Addition of CAC scores to MPI data
substantially reduced the number of false negative tests (from
n = 14 to n = 4 patients), which leads to a remarkable increase of
the sensitivity and negative predictive value. As a consequence,
the number of false positive tests is increased (from n = 11 to
n = 28), which affects the specificity and positive predictive value
of the tests.
4. Discussion

This study was a proof-of-concept to see whether our algorithm
could automatically determine CAC scores on low-dose CT images
gathered during MPI. We showed that presence of ischemia and
CAC scores were both significant predictors of obstructive CAD in
addition to clinical parameters. We have shown that addition of
these CAC scores increased the diagnostic accuracy of MPI to detect
obstructive CAD (AUC increase 4%, p value for difference 0.025).
The increased diagnostic yield is mainly due to the reduction of
false negative test results (N = 14 to N = 4). Important counterpart
to this finding was the increased number of false positive tests
(N = 11 to N = 28), this needs further research.

4.1. Predictors of obstructive coronary artery disease

In line with previous studies, history of CAD, ischemia and the
CAC score were significant predictors for the presence of obstruc-
tive CAD [3,5,7,9]. In contrast, none of the generally accepted risk
factors (smoking, diabetes, hypertension and dyslipidemia) for
obstructive CAD were significant predictors in our population [2].
This might be the result of our high risk study population, namely
only patients referred for CAG were included. The same is seen in
previous comparable studies [12,13].

In our results CFR did not contribute to the prediction of the
presence of obstructive CAD (OR 1.10 95%CI 0.78–1.58). Several
studies established an association between low CFR and adverse
cardiac outcomes [23–26]. However, they did not use CFR as a pre-
dictor of obstructive CAD. Taqueti et al. showed that impaired CFR
is not only a marker of epicardial disease but especially a marker of
diffuse nonobstructive CAD and microvascular dysfunction [27].
They state that CFR might be especially useful in women and dia-
betic patients. The limited added diagnostic value of CFR in our
study was therefore not surprising.

4.2. Diagnostic performance of MPI and automated CAC score

Diagnostic performance of MPI and automated CAC score alone
were in agreement with previous literature [2]. Existing literature
on the added value of CAC scoring in addition to MPI is limited.
Bybee et al. analyzed patients with a negative MPI and found sub-
clinical atherosclerosis in 22–30% of the patients with the use of
CAC scores [28]. Thompson et al. showed 17% reclassification of
patients with normal MPI results into having obstructive CAD after
adding CAC scores [29]. Schepis et al. observed the added value of
CAC scores in patients with suspected obstructive CAD [11]. They
showed an increased sensitivity of MPI after adding CAC scores
from 76% to 83%. In our study an even larger beneficial effect
was observed (increase of 84% to 96%). Zampella et al. showed an
AUC of a combined model with CAC score and MPI (without clinical
parameters) of 0.79 [13]. Regardless of our much more heteroge-
Downloaded for Anonymous User (n/a) at Utrecht University 
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neous population we showed similar results (AUC combinedmodel
0.74, 95% CI 0.66–0.83). Danad et al. showed that the incremental
value of a combined assessment of PET with coronary CT also
depends on which nuclear tracer is used [30]. An important differ-
ence between existing literature and our study is the use of a fully
automated CAC scoring algorithm, which makes acquisition of
extra CT-images and manual scoring unnecessary. These results
are therefore more directly applicable in clinical practice because
only already available information from PET/CT is used. The clear
benefit of our method is the reduction in false negative test results,
since this would be of great importance for patientcare. However,
the overall performance of our combined model showed slight
reduction of diagnostic performance compared to a model with
only MPI (AUC 0.74 vs 0.83). This is due to the increased number
of false positive test results leading to poor specificity. Special cau-
tion for the interpretation of a newly positive tests results after
addition of CAC scores is therefore necessary. Future research
should focus on this.
4.3. Strengths and limitations

This study was a single center retrospective analysis on perfu-
sion imaging data. Patients with a previous CABG were excluded
because MPI often yields positive results just above the level of
the anastomosis and correlation with epicardial coronary artery
disease is notoriously complicated in post CABG patients. We did
not use core lab evaluations for the coronary angiography results,
however we did perform QCA analysis on all lesions. As in all
MPI studies with CAG as reference, there will be referral bias. We
observed an increase of false positive tests as a result of the
decrease in false negative test results, which has an impact on
the specificity. Most patients with negative tests results are not
referred for angiography, this might have induced biased assess-
ment of the true negative fraction. However future studies should
focus on reducing the amount of false positive test results to make
this method trustworthy in clinical practice.

There are several strengths of this study. This is real world data
from a center with high numbers of rubidium PET imaging. To our
knowledge this is the largest study on the simultaneous assess-
ment of ischemia and CAC scores on MPI images for the detection
of obstructive CAD. Another important strength is the algorithm
which is used to calculate the CAC scores which is fully automated
and easily applicable to data that is already acquired for another
purpose. Currently this software is not (yet) free available, how-
ever it is possible to purchase a license and use the algorithm.
5. Conclusion

We found that automatically derived coronary calcium scores
simultaneously collected with MPI improve the diagnostic accu-
racy of MPI for the detection of obstructive CAD in patients with
suspected myocardial ischemia without previous coronary
revascularization.
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