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A B S T R A C T

Objectives: To compare texture analysis (TA) with subjective visual diagnosis of myocardial infarction (MI) in
cardiac computed tomography (CT) and to evaluate the impact of iterative reconstruction (IR).
Methods: Ten patients (4 women, mean age 68 ± 11 years) with confirmed chronic MI and 20 controls (8
women, mean age 52 ± 11 years) with no cardiac abnormality underwent contrast-enhanced cardiac CT with
the same protocol. Images were reconstructed with filtered back projection (FBP) and with advanced modeled IR
at strength levels 3–5. Subjective diagnosis of MI was made by three independent, blinded readers with different
experience levels. Classification of MI was performed using machine learning–based decision tree models for the
entire data set and after splitting into training and test data to avoid overfitting.
Results: Subjective visual analysis for diagnosis of MI showed excellent intrareader (kappa: 0.93) but poor in-
terreader agreement (kappa: 0.3), with variable performance at different image reconstructions. TA showed high
performance for all image reconstructions (correct classifications: 94%–97%, areas under the curve: 0.94–0.99).
After splitting into training and test data, overall lower performances were observed, with best results for IR at
level 5 (correct classifications: 73%, area under the curve: 0.65).
Conclusions: As compared with subjective, nonreliable visual analysis of inexperienced readers, TA enables
objective and reproducible diagnosis of chronic MI in cardiac CT with higher accuracy. IR has a considerable
impact on both subjective and objective image analysis.

1. Introduction

Ischemic heart disease accounts for approximately 10% of annual
deaths worldwide, with myocardial infarction (MI) representing the
leading cause of mortality [1]. Coronary atherosclerosis with sub-
sequent plaque rupture and vessel occlusion is considered the main
pathophysiological mechanism for MI [2].

Coronary computed tomography angiography (CTA) enables the
noninvasive detection of coronary atherosclerosis and obstructive cor-
onary artery disease (CAD). Having an excellent negative predictive
value [3], coronary CTA has been recommended in patients with a low
to intermediate pretest probability of CAD [4,5]. In addition to the

coronary arteries, CT has also been tested for evaluation of myocardial
ischemia and infarction, being visible in contrast-enhanced CT as a
focal area of decreased attenuation. In contrast to magnetic resonance
(MR) imaging, which is the gold standard modality for assessment of
the myocardium, the accuracy of CT falls short [6,7]. This is particu-
larly true in CT coronary angiography images performed during the
arterial first pass of contrast media. The main reason for this short-
coming is the limited contrast resolution of CT, which researchers have
tried to overcome with higher volumes of administered contrast
medium, with higher radiation doses for improving the contrast-to-
noise ratio, or by employing dual-energy CT to improve the visualiza-
tion of MI [8].

https://doi.org/10.1016/j.ejrad.2019.02.037
Received 19 October 2018; Received in revised form 25 February 2019; Accepted 26 February 2019

Abbreviations: ADMIRE, advanced modeled iterative reconstruction; AUC, area under the curve; CT, computed tomography; CTA, computed tomography angio-
graphy; DICOM, digital imaging and communications in medicine; ECG, electrocardiography; FBP, filtered back projection; GLCM, gray-level co-occurrence matrix;
IR, iterative reconstruction; MI, myocardial infarction; RLM, run-length matrix; ROC, receiver-operating characteristic; TA, texture analysis

⁎ Corresponding author.
E-mail address: manoj.mannil@usz.ch (M. Mannil).

European Journal of Radiology 113 (2019) 245–250

0720-048X/ © 2019 Elsevier B.V. All rights reserved.

T

http://www.sciencedirect.com/science/journal/0720048X
https://www.elsevier.com/locate/ejrad
https://doi.org/10.1016/j.ejrad.2019.02.037
https://doi.org/10.1016/j.ejrad.2019.02.037
mailto:manoj.mannil@usz.ch
https://doi.org/10.1016/j.ejrad.2019.02.037
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ejrad.2019.02.037&domain=pdf


For restricting ionizing radiation from CT, several methods have
been recently developed and implemented, including tube current
modulation, lowering and optimizing tube voltage, and the use of
iterative reconstructions (IR). While IR can be used to lower the ra-
diation dose, it is also known that IR may change the appearance and
texture of CT images, potentially masking imaging findings, which oc-
curs particularly when reducing the radiation dose [9,10].

Texture analysis (TA) refers to an objective and quantitative set of
metrics calculated in image processing for quantifying the texture of
images. TA has the potential for objective quantification of tissue and
disease characteristics and can also be used for detecting abnormalities
in radiological images that cannot be depicted by the readers’ eyes
alone [11–14]. Thus, TA could have the potential to detect MI in car-
diac CT images, which is potentially overlooked in a pure visual ana-
lysis. This holds particularly true when infarcts are small, readers have
limited experience, or readers do not pay enough attention to the
myocardium.

The purpose of this study was twofold: first, to compare machine
learning–based TA with subjective visual diagnosis of MI in cardiac CT
and, second, to evaluate the impact of IR on the results of both sub-
jective and objective image analysis.

2. Materials and methods

2.1. Study patients

Between October 2016 and March 2017, we included 10 patients (4
women, 6 men; mean age 68 ± 11 years; range 53–87 years) with 11
MI into this study (Table 1). All patients underwent clinically indicated
electrocardiography (ECG)–gated, contrast-enhanced coronary CTA in
our emergency department. We included patients with chronic MI,
defined as being older than one year since initial presentation [15].
Diagnosis of chronic MI was based in all patients on ECG, laboratory
biomarkers, and catheter coronary angiography findings at previous,
initial presentation. The extent of MI was determined by the following
cross-sectional imaging modalities: MR imaging (n=6), single-photon
emission CT (n= 1), and positron emission tomography (n= 3). MI
was transmural in one (9%) and subendocardial in 10 cases (92%) and
was restricted to one myocardial segment in all patients (according to
the American Heart Association classification scheme [16]). We ex-
cluded patients with compromised image quality, deviating image ac-
quisition parameters and uncertain final diagnosis.

For the control population, additional 20 patients (8 women, 12
men; mean age 52 ± 11 years; range 24–71 years) who underwent the
same CT protocol on the same CT scanner during the same time period
showing no clinical or imaging evidence of CAD and no myocardial
abnormality were included. The indication for coronary CTA in this
group, hereafter called controls, was atypical chest pain at a low pretest
probability of CAD.

This retrospective study had institutional review board and local
ethics committee approval; written informed consent requirement was

waived.

2.2. CT data acquisition and postprocessing

All examinations were performed on a third-generation dual-source
CT scanner (SOMATOM Force, Siemens Healthineers, Forchheim,
Germany). Acquisition parameters were as follows: slice collimation
2×96×0.6mm, slice acquisition 2×192×0.6mm using the z-
flying focal spot, gantry rotation time 250ms, reference tube voltage
100 kVp using automated tube voltage selection (CAREkV, Siemens),
and quality reference tube current-time product 200 mAs per rotation
using automated exposure control (CAREDose, Siemens). Data acqui-
sition synchronized to the ECG. The contrast media protocol was as
follows: first, 50–75mL nonionic iodinated contrast material (iopro-
midum, Ultravist 370, 370mg/mL, Bayer, Leverkusen, Germany) with a
flow rate of 5–6mL/sec, depending on the body mass index of the pa-
tients, was injected into an antecubital vein followed by the same vo-
lume consisting of 20% contrast media and 80% saline solution.

Axial CT images were reconstructed with a slice thickness of 0.6mm
(increment 0.4 mm) using a soft-tissue convolution kernel (Bv36). Four
different reconstructions were performed for in each control and pa-
tient: filtered back projection (FBP) and advanced modeled IR
(ADMIRE) at strength levels 3, 4, and 5 (Fig. 1). From these images,
short-axis reformations of the left ventricle (LV) were reformatted at a
slice thickness of 5mm, as previously shown [17], using commercially
available postprocessing software (CT Cardiac Function, syngo.via,
Siemens).

In patients with MI, short-axis images showing the largest extent of
infarction were chosen, while in controls, short-axis images in mid-
ventricular myocardium were selected. Reformatted images were all
anonymized and stored in digital imaging and communications in
medicine (DICOM) file format.

As several TA features require identical spatial resolution and pixel
size to be comparable, all images were rescaled according to the pixel
spacing values obtained from the DICOM header. Rescaling was per-
formed using an in-house MATLAB routine to the coarsest in-plane
resolution of 0.3× 0.3 mm2.

2.3. Subjective visual image analysis

A total of 120 image data sets (30 patients× four reconstructions)
were analyzed for the presence or absence of MI by three blinded and
independent readers (R1, having one year of experience in cardiovas-
cular imaging, and R2, having two years of experience in cardiovascular

Table 1
Descriptive statistics of controls and patients with MI.

Controls Patients With MI

n (instances) 20 (20) 10 (11)
Age (years) 52 ± 11 68 ± 11
Sex 40% female

60% male
40% female
60% male

Agatston score 0 1123 ± 185*
Current/history of smoking 25% 44%*
Hypertension 5% 46%*
Hypercholesterolemia 25% 36%*
Diabetes 5% 36%*
Overweight (BMI > 30 kg/m2) 5% 18%*

MI=myocardial infarction; BMI= body mass index. *(p < 0.01).

Fig. 1. Short-axis reformations (slice thickness= 5mm) of a coronary CTA
examination in a 77-year-old female patient with subendocardial inferior
midventricular myocardial infarction (arrow) using (A) filtered back projection,
(B) advanced modeled iterative reconstruction (ADMIRE) strength level 3, (C)
ADMIRE strength level 4, and (D) ADMIRE strength level 5.
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imaging, and R3, having six years of experience in cardiovascular
imaging) to determine the interreader agreement. R1 and R2 readers
were radiology residents who read cardiac CT examinations during
after hour and night shifts during their emergency radiology rotation.
After an interval of 4 weeks, R2 repeated the readout to determine the
intrareader agreement. All readers were presented all axial source
images and short-axis reformations for readout. To re-create a real-life
scenario, CT images were initially presented at fixed window settings
(width 360; level 70), and readers were allowed to change the settings
according to their individual preferences. All readers were blinded to
patient information, results from the other readers, results of all the
other imaging tests including cross-sectional imaging, and the final
diagnosis.

2.4. Texture analysis

TA was performed using a freely available software package
(MaZda, version 4.6, Institute of Electronics, Technical University of
Lodz, Lodz, Poland) [18]. Gray-level normalization was performed
between the mean and three standard deviations (“±3σ” method),
which is done for correcting small technical variations [19].

Free-hand regions of interest (ROIs) were drawn on short-axis re-
formations including the LV myocardium (and carefully excluding the
blood pool) by two other readers (R3, having 4 years of experience in
cardiovascular imaging, and R4, having 2 years of experience in car-
diovascular imaging) to determine the interreader agreement and by R3
twice to determine the intrareader agreement of TA. Overall, 308 TA
features were computed per ROI.

2.5. TA feature selection

Feature selection was performed on the 308 TA features by re-
moving those showing a reduced intra- and interreader agreement. For
doing so, intraclass correlation coefficients (ICCs) were calculated for
each pair of variables. According to Landis and Koch, ICCs of 0.61–0.8
were interpreted as substantial and 0.81–1.00 as excellent agreement
[20]. We excluded TA features with an ICC < 0.6 from further ana-
lyses.

2.6. Statistical analysis

Continuous variables were expressed as means ± standard devia-
tion or medians with interquartile ranges, as appropriate. Categorical
variables were expressed as frequencies or percentages. The intra- and
interreader agreement for subjective visual image analysis regarding
the presence or absence of MI was calculated using Cohen’s kappa. The
subjective visual analysis findings were compared with the reference
standard, and sensitivity and specificity were calculated.

For quantitative image analysis, TA features were tested in four
separate models for each reconstruction type (FBP, ADMIRE strength
level 3–5) regarding the discriminatory power of TA features in the
identification of MI. For this purpose, we used in each data set the
machine learning–based decision tree classifier C4.5 (J48, Weka). The
decision tree classifier is an implementation of the C4.5 classifier which
uses pruning for further dimension reduction. The confidence factor
was set to 0.25. The number of folds was set 3 and minimum descrip-
tion length (MDL) correction was used.

Results of the four C4.5 decision tree models were compared re-
garding correctly/incorrectly classified instances, mean absolute error,
true-/false-positive rates, precision, and the area under the curve (AUC)
from the receiver-operating characteristic analysis. Because of the
limited cohort size (n= 30 patients, n= 120 datasets), we performed
classification analyses twice: First, the entire data set was used for
training and testing the machine learning–based decision trees. Then,
we used a percentage split at random in the recommended ratio of 2/3
(66.7%, n=20 / image reconstruction) training set and tested on the

remaining 1/3 (33.3%, n=10 / image reconstruction) to account for
overfitting [21]. Data mining and machine learning algorithms were
performed using open-source software (WEKA, University of Waikato,
Waikato, New Zealand). All remaining statistical analyses were con-
ducted using standard software (SPSS 23.0; IBM, Chicago, Ill). A two-
tailed P value less than 0.05 was considered to indicate statistical sig-
nificance.

3. Results

3.1. Subjective visual image analysis

Subjective visual analysis of the two readers, R1 and R2, for diag-
nosing MI on CT showed a poor interreader (kappa 0.3) and excellent
intrareader agreement (kappa 0.93). Sensitivity for diagnosing MI was
highest in ADMIRE strength level 5 image reconstructions for both
readers (80% for R1, 60% for R2), while the highest specificity was
found at different reconstructions: 95% specificity for R1 in ADMIRE
strength level 5 images, and 95% specificity for R2 in FBP images. For
comparison, a board-certified Radiologist (R3) had an overall higher
sensitivity and specificity than R1 or R2 ranging from 80 to 90% and
100% independent of the reconstruction algorithm. Detailed results are
depicted in Table 2.

3.2. Dimension reduction

After excluding 128 of the 308 (42%) TA features per ROI because
of ICCs< 0.6, 179 (58%) features remained for further analysis. These
remaining features showed an excellent intrareader (ICC 0.9 ± 0.06,
range 0.6–0.98) and excellent interreader agreement (ICC 0.8 ± 0.1,
0.72–0.99).

3.3. Decision trees

Different reconstruction algorithms (FBP, ADMIRE strength levels 3,
4, 5) at otherwise fixed settings resulted in four inherently different
pruned C4.5 decision trees for classification of patients with MI and
healthy controls (Supplementary Fig. 1).

Based on the entire data set, similar performance was observed
among all reconstruction algorithms (FBP, ADMIRE strength levels
3–5), with correctly classified instances ranging from 94%–97%
(Table 3) and AUCs ranging from 0.94–0.99 (Fig. 2). Slightly lower
performance was observed at ADMIRE 3 reconstructions, possibly be-
cause of the lower number of leaves (n=2) in its pruned decision tree.

After splitting the data set into training and test sets, markedly
lower performance measures were observed, with overall correctly
classified instances ranging from 46%–73% and AUCs ranging from

Table 2
Results from subjective visual image analysis.

Reader Parameter FBP ADMIRE 3 ADMIRE 4 ADMIRE 5

Reader 1 TPR/sensitivity (%) 30 30 50 80
FPR (%) 30 10 5 5
TNR/specificity (%) 70 90 95 95
FNR (%) 70 70 50 20

Reader 2 TPR/sensitivity (%) 30 30 60 60
FPR (%) 5 15 20 20
TNR/specificity (%) 95 85 80 80
FNR (%) 70 70 40 40

Reader 3 TPR/sensitivity (%) 80 90 90 90
FPR (%) 0 0 0 0
TNR/specificity (%) 100 100 100 100
FNR (%) 20 10 10 10

ADMIRE=Advanced modeled iterative reconstruction; FBP= filtered back
projection; FNR= false-negative rate; FPR= false-positive rate; TNR= true-
negative rate; TPR= true-positive rate.
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0.43–0.65. The lowest performance was observed for FBP images, with
successive increases of accuracy for ADMIRE images at higher strength
levels (see Table 3).

4. Discussion

This proof-of-principle study shows that TA allows for reproducible
analysis of myocardial tissue in contrast-enhanced CT images. While
subjective visual analysis of contrast-enhanced CT for the diagnosis of
MI has high intrareader agreement, the interreader agreement was
overall poor. Furthermore, we showed that iterative reconstruction
impacts TA and classification results thereof.

TA represents a data postprocessing tool aimed at disclosing quan-
titative information contained within medical images, which is an on-
going field of research with applications ranging from lesion detection
to clinical outcome prediction. Handling of the resulting data is chal-
lenging and often requires machine learning–based algorithms for di-
mension reduction, feature selection, and outcome classification.

TA in cardiac imaging applications is still relatively rare. Baessler
et al. showed the value of TA in cardiac MR imaging for myocardial scar
detection [22] and hypertrophic cardiomyopathy [23], and Larroza
et al. distinguished old from new MI using MR imaging [24]. Only a few
studies thus far have reported the potential of TA for cardiac CT. An-
tunes et al. showed that TA helps in the characterization of scars in
myocarditis using CT [25]. Hinzpeter et al. showed how TA can be used

for distinguishing healthy myocardium from acute MI in contrast-en-
hanced cardiac CT [17], and Mannil et al. indicated the potential of TA
for diagnosing acute MI on non–contrast-enhanced CT performed for
calcium scoring [11].

Our study adds to the literature the following: i) subjective visual
analysis of CT coronary angiography images for the diagnosis of MI
shows excellent intrareader but poor interreader agreement; ii) sensi-
tivity and specificity of subjective visual analysis vary considerably
among the different image reconstruction types; iii) in comparison to
subjective visual image analysis, quantitative TA features are inherently
objective and reproducible, and variability is exclusively related to free-
hand ROI delineation; iv) there exist considerable differences in ma-
chine learning–based decision tree models regarding the relevant TA
features when using different image reconstruction types, highlighting
the impact of reconstruction algorithm on TA; v) analysis including the
entire data set yielded a near-perfect discriminatory power of TA be-
tween patients with MI controls for all image reconstruction algorithms,
indicating overfitting; and vi) splitting the data set into training and test
data to avoid overfitting showed good classification results for the IR
technique at the highest strength level.

Gosalia et al. [26] was among the first to describe the potential of
contrast-enhanced chest CT for detecting MI. Later studies using ECG-
gated cardiac CT acquisitions in the first-pass arterial phase confirmed
the ability of CT to diagnose MI [27]. However, the low contrast re-
solution of CT for diagnosing myocardial abnormalities still is a major
drawback when compared with that of the gold standard modality MR
imaging. In contrast to the diagnosis of CAD with CT, which has been
shown to be heavily dependent on reader experience [28], no study
thus far has determined the intra- and interobserver agreement of
readers to diagnose MI on CT images. Our study including two readers
with experience levels 1 and 2 in cardiovascular imaging confirms this
variability also for the diagnosis of areas with hypodense myocardium
with CT. The low interreader agreement and the overall better perfor-
mance of a more experienced reader observed in our study confirms this
variability also for the diagnosis of MI in CT. This is important to re-
cognize since sometimes relatively inexperienced radiology residents
need to read cardiac CT studies in an after-hour emergency setting.

Image impression of IR images is different from that of FBP images
in cardiac applications [29,30], which has been previously objectified
by the quantitative parameters noise power spectrum and modulation
transfer function [31]. The relatively high intrareader agreement ob-
served in our study is most probably related to personal preferences,
being constant among the different image reconstructions for the in-
dividual reader. Our study indicates that sensitivity of MI diagnosis
improves with higher IR strength levels, but specificity differs among
inexperienced readers, being highest in FBP images in one reader and
highest at IR strength levels 4 and 5 in the other. It is known that im-
provements in the objective measures of noise and contrast-to-noise
ratio do not necessarily translate into improvements in visual accuracy
[32], and an individually preferred image appearance usually does not
correspond to the highest strength of IR because of its altered image

Table 3
Summary of the machine learning (C4.5 decision tree) results.

Reconstruction Kernel Data Set Correctly Classified Instances Incorrectly Classified Instances ROC AUC TN FP FN TP Sensitivity Specificity

FBP Full 97% 3.20% 0.99 19 1 0 11 1 0.95
Split 46% 54.50% 0.43 4 2 4 1 0.2 0.67

ADMIRE 3 Full 97% 3.20% 0.97 20 0 1 10 0.91 1
Split 64% 36.40% 0.62 5 1 3 2 0.4 0.83

ADMIRE 4 Full 94% 6.50% 0.95 19 1 1 10 0.8 0.95
Split 55% 45.50% 0.53 4 2 3 2 0.4 0.67

ADMIRE 5 Full 97% 3.20% 0.99 20 0 1 10 0.91 1
Split 73% 27.30% 0.65 6 0 3 2 0.4 1

ADMIRE= advanced modeled iterative reconstruction; AUC=area under the curve; FBP= filtered back projection; FN= false negative; FP= false positive;
ROC= receiver-operating characteristic; TN= true negative; TP= true positive. All P-values of ROC were P < 0.001.

Fig. 2. Receiver-operating characteristic analysis of machine learning–based
decision trees on the training set of coronary CTA images reconstructed with
filtered back projection (blue), advanced modeled iterative reconstruction
(ADMIRE) strength level 3 (gray), ADMIRE strength level 4 (yellow), and
ADMIRE strength level 5 (red). P-values for all four ROC curves were
P<0.001. Note the equally high accuracy for all image reconstruction types
when including all cases and controls into the analyses.
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appearance [33]. However, in TA, the advantages of IR with reduced
noise and increased contrast-to-noise ratio seem to improve the accu-
racy.

In contrast to subjective preferences, TA is based on objective image
information regarding pixel intensities and gray scales. The variability
in our study leading to the exclusion of 128 of the 308 TA features
because of reduced ICCs is based solely on differences in free-hand ROI
delineation of the LV. Machine learning identified different sets of TA
features for each individual reconstruction algorithm that were then
used in corresponding decision tree classifiers. These findings are in
accordance with a recent study of lung tumors by Kim et al. [34], who
found that most analyzed TA features, including gray-level co-occur-
rence matrix (GLCM), were significantly affected by the type of image
reconstruction algorithms. Slice thickness was set to 5mm, as pre-
viously shown [17]. Additional variability in TA features according to
different scanner types [35], pixel spacing, and matrix size [36] were
avoided in our study by using one single CT scanner, identical image
reconstruction settings, use of image normalization between the histo-
gram’s mean and three standard deviations [19], and rescaling of
images according to the pixel spacing values obtained from the DICOM
header.

Compared to inexperienced readers, TA showed markedly improved
accuracy for detecting MI in cardiac CT images, with best results at
highest IR levels. The accurate diagnosis of MI in ADMIRE strength
level 5 images was found when combining GLCM (S (5;5) Correlat),
run-length matrix (RLM; 135° RLNonUni), and Wavelet (LHs_4, HLs_5,
HHs_5) TA features. A detailed description of the meaning of the higher-
level TA features is beyond the scope of this manuscript. In brief, GLCM
captures the spatial dependence of gray-level values within an image.
[37]. RLM is based on computing the number of gray-level runs of
various lengths, where a gray level run represents a set of linearly ad-
jacent picture points at a set angle (e.g., 135°) with the same gray-level
value [38]. Finally, the discrete wavelet transform is a tool that sepa-
rates data into different frequency components and then studies each
component with resolution matched to its scale [39]. While the sub-
jective image analysis was based on identifying hypoattenuating re-
gions of the myocardium, the machine learning–based decision tree
classifier did not identify and did not require histogram-derived fea-
tures. Instead, it extracted higher-level features depicting micro-archi-
tectural changes of the myocardium that are most probably not visible
to the human eye. Similar results in different cardiac imaging appli-
cations have been reported before [11,17,25].

A common problem in machine learning–based analyses is over-
fitting. To avoid an unrealistic perfect classification, we split our data
into the recommended ratio of 2/3 training data set for decision tree
generation and validated the model on the remaining third as a separate
testing data set, as previously shown [21]. Classification performance
usually is lower when validating on an unseen data set, as seen in our
study, which showed an overall lower performance of TA features when
splitting the data. Still, our results indicate that TA features perform
best for the dichotomic task at hand when using images reconstructed
with IR that have the least noise levels and highest signal- and contrast-
to-noise ratios.

A potential clinical application of the approach proposed herein
would be a clinical decision support system. Machine learning–based
TA could be automatically run on the coronary CTA and chest pain CT
images with segmented hearts, in parallel to the routine visual analysis
by the attending radiologist, thereby potentially helping the reader in
pointing out areas in the myocardium that are suspicious for MI. To
account for the poor visual interreader reliability an iterative machine
learning approach per segment or image would be possible. Such a
system could be particularly helpful in emergency situations and for
less experienced readers, with the latter showing suboptimal reading
performances as indicated by the results of our study.

The following study limitations must be acknowledged. First, this
was a retrospective study with inherent limitations. Second, human

readers were given only short-axis images for review, while TA was
limited to a single image of interest. Third, we included a low number
of patients with MI and controls. Due to the low number of patients, we
were unable to perform meaningful ROC analyses of the test data
set alone. Larger data sets are likely to improve the performance of the
supervised decision tree classification and decrease overfitting of the
algorithms, as shown in the analysis when testing and using machine
learning in the same cases. Certainly, future studies need to include
larger sample sizes. While the diagnosis of MI was confirmed clinically
and by using catheter coronary angiography, the extent of MI was
confirmed using various cross-sectional imaging techniques which
might introduce a bias. Finally, our study was performed with only one
CT scanner type, similarly to the image reconstruction types. Thus,
generalizability of our results need to be proven by future studies, in-
cluding different CT machines and corresponding image reconstruction
algorithms.

In conclusion, our proof-of-principle study indicates the feasibility
of TA for the identification of MI in cardiac CTA examinations, showing
potential advantages over a visual image analysis of inexperienced
readers through its objective and quantitative nature. Furthermore, our
study indicates the impact of various image reconstruction algorithms
on the results of both subjective and objective image analysis.

Appendix A. Supplementary data

Supplementary material related to this article can be found, in the
online version, at doi:https://doi.org/10.1016/j.ejrad.2019.02.037.
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