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Purpose:

To test whether texture analysis (TA) allows for the diagnosis of subacute and chronic myocardial infarction (MI)
on noncontrast material–enhanced cine cardiac magnetic
resonance (MR) images.

Materials and
Methods:

In this retrospective, institutional review board–approved
study, 120 patients who underwent cardiac MR imaging
and showed large transmural (volume of enhancement on
late gadolinium enhancement [LGE] images .20%, n =
72) or small (enhanced volume 20%, n = 48) subacute
or chronic ischemic scars were included. Sixty patients
with normal cardiac MR imaging findings served as control
subjects. Regions of interest for TA encompassing the left
ventricle were drawn by two blinded, independent readers
on cine images in end systole by using a freely available
software package. Stepwise dimension reduction and texture feature selection based on reproducibility, machine
learning, and correlation analyses were performed for
selecting features, enabling the diagnosis of MI on nonenhanced cine MR images by using LGE imaging as the
standard of reference.

Results:

Five independent texture features allowed for differentiation between ischemic scar and normal myocardium on
cine MR images in both subgroups: Teta1, Perc.01, Variance, WavEnHH.s-3, and S(5,5)SumEntrp (in patients
with large MI: all P values , .001; in patients with small
MI: Teta1 and Perc.01, P , .001; Variance, P = .026;
WavEnHH.s-3, P = .007; S[5,5]SumEntrp, P = .045). Multiple logistic regression models revealed that combining
the features Teta1 and Perc.01 resulted in the highest
accuracy for diagnosing large and small MI on cine MR
images, with an area under the curve of 0.93 and 0.92,
respectively.

Conclusion:

This proof-of-concept study indicates that TA of nonenhanced cine MR images allows for the diagnosis of
subacute and chronic MI with high accuracy.
q
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yocardial infarction (MI) causes
about one-third of all deaths
in the group of patients older
than 35 years (1). Patients with myocardial scar after MI are at increased
risk for arrhythmia and death (2), highlighting the relevance of detecting and
characterizing myocardial scar to guide
intensive secondary prevention (3).
Late gadolinium enhancement (LGE)
cardiac magnetic resonance (MR) imaging is a clinically established and accurate
method for the assessment of ischemic myocardial scar (4,5). However,
patients with coronary artery disease
have a higher prevalence of coexisting
chronic kidney disease compared with
patients without coronary artery disease
(6), which makes methods for detecting myocardial scar without the need of
gadolinium administration desirable (7).
In addition, intravenous administration
of gadolinium-based contrast agents in
patients with chronic kidney disease
carries the risk for developing nephrogenic systemic sclerosis (8).
Texture analysis (TA) comprises
a wide range of techniques modeling
spatial distributions of pixel gray levels
for recognizing, classifying, and segmenting data based on the underlying

Advances in Knowledge
n Five independent texture analysis
(TA) features (Perc.01, Teta1,
Variance, WavEnHH.s-3, and
S[5,5]SumEntrp) on cine MR
images showed significant differences between patients with
subacute and chronic ischemic
myocardial scar and control
subjects.
n Combination of the TA features
Perc.01 and Teta1 allowed for the
diagnosis of small (enhanced
volume at late gadolinium enhancement imaging 20%) as
well as large (enhanced volume
.20%) myocardial scars on nonenhanced cine MR images with
excellent accuracy.
n The two best classifying TA features Perc.01 and Teta1 exhibited
high intra- and interobserver
reproducibility.
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texture (9,10). Because traditional visual inspection of images might not allow for recognizing subtle differences in
textural information, the application of
TA has the potential to further enhance
the diagnostic and prognostic value
of imaging. The increase of interest in
evaluating TA in radiology is reflected by
recent literature describing potential applications of the technique in oncologic
(11–13), neuroradiologic (14), musculoskeletal (15,16), and lung imaging (17).
To our knowledge, only one preliminary study, published as a conference abstract, has evaluated the potential of TA
for cardiac MR imaging so far (18). Thus,
our hypotheses for the present study are
that TA is feasible when applied on noncontrast material–enhanced cine images
and that TA parameters allow for the
diagnosis of ischemic myocardial scar
based on the texture of the myocardium
on nonenhanced cine MR images. The
purpose of our study was to test whether
TA allows for the diagnosis of subacute
and chronic MI on nonenhanced cine cardiac MR images.

Materials and Methods
This study had institutional review board
and local ethics committee approval. All
cardiac MR imaging studies were clinically indicated. Requirement for written
informed consent was waived because of
the retrospective nature of the study.

who had a subacute or chronic ischemic myocardial scar based on LGE imaging findings. As control subjects, we
included 60 additional consecutive patients (27 women; mean age, 48 years
6 17) who had been referred during
the same period and who demonstrated
normal cardiac MR imaging findings.
Causes for referral in the control group
were as follows: exclusion of structural
heart disease (n = 29); exclusion of
heart disease in subjects with known familial predisposition to inheritable cardiomyopathy, that is, known family history of hypertrophic cardiomyopathy or
arrhythmogenic right ventricular dyplasia (n = 10); and exclusion of myocardial perfusion deficits (n = 21). Inclusion
criteria for the control subjects were as
follows: absence of known cardiac or
systemic disease, no history of previous
cardiac surgery or intervention, normal
cardiac dimensions and function based
on cine cardiac MR imaging findings,
absence of edematous signal alterations
at T2-weighted imaging, and absence of
contrast enhancement at LGE imaging.
Demographics and left ventricular (LV)
volumetric data of patients and control
subjects are summarized in Table 1.

Cardiac MR Imaging Data Acquisition
Cardiac MR imaging examinations were
performed by using a 1.5-T clinical system
https://doi.org/10.1148/radiol.2017170213

Study Population
We included 120 patients (15 women;
mean age 6 standard deviation, 64
years 6 10) who underwent cardiac MR
imaging between January and October
2016 after clinical diagnosis of MI and
Implication for Patient Care
n TA based on nonenhanced cine
MR images allows for the diagnosis of subacute and chronic ischemic myocardial scar without
the need for gadolinium-enhanced
imaging, which could be relevant
in patients with concomitant
chronic kidney disease who are
at increased risk for gadoliniumassociated complications.

Content code:
Radiology 2017; 000:1–10
Abbreviations:
LGE = late gadolinium enhancement
LV = left ventricle
MI = myocardial infarction
TA = texture analysis
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Table 1
Patient Demographics

Parameter

Patients with MI
Control Subjects (Entire Cohort, Small MI Patient
Large MI Patient
(n = 60)
n = 120)
Subgroup (n = 42) Subgroup (n = 78)

Age (y)
48 6 17
Height (cm)
170 6 10
Weight (kg)
73 6 17
LV end diastolic volume (mL)
146 6 34
LV end systolic volume (mL)
59 6 18
LV ejection fraction (%)
60 6 5
LV stroke volume (mL)
87 6 19
LV end diastolic wall mass/body 48 6 10
surface area (g/m2)
LGE myocardial volume (%)
…

64 6 10*
172 6 8
81 6 15†
176 6 54*
96 6 47*
48 6 20*
80 6 20‡
64 6 16*

66 6 9*
174 6 9
81 6 14‡
165 6 58
83 6 44†§
52 6 10*#
82 6 22
63 6 14*

63 6 10*
172 6 8
80 6 15‡
183 6 51*
103 6 48*||
45 6 12***
79 6 20
64 6 17*

27.2 6 12.9

13.6 6 4.2††

34.7 6 9.5‡‡

Note.—Data are means 6 standard deviation.
* P < .001 when compared with control subjects.
†

P < .01 when compared with control subjects.

‡

P < 0.5 when compared with control subjects.

§

P < .05 when compared with large MI patient subgroup.

|| P < .05 when compared with small MI patient subgroup.
# P < .01 when compared with large MI patient subgroup.
** P <. 01 when compared with small MI patient subgroup.
††

P < .001 when compared with large MI patient subgroup.

‡‡

P < .001 when compared with small MI patient subgroup.

(Achieva; Philips Healthcare, Best, the
Netherlands) with a standard five-element cardiac phased-array coil. A balanced steady-state free precession cine
sequence with breath-hold technique
and retrospective electrocardiography
triggering was performed in short-axis
orientation for functional analysis of the
LV and subsequent TA. A detailed description of the protocol parameters is
provided in Table E1 (online). Edema imaging was performed with a standard T2weighted double-inversion black-blood
spin-echo sequence in three short-axis
sections. For the depiction of myocardial
scar, LGE images covering the entire LV
were acquired 15 minutes after administration of a bolus of 0.2 mmol of gadobutrol (Gadovist; Bayer Schering, Berlin,
Germany) per kilogram of body weight
by using an inversion recovery gradientecho MR imaging sequence.

Cardiac MR Imaging Data Analysis and
Patient Subgroups
LV volumetric analysis was performed
by using commercially available software
Radiology: Volume 000: Number 0—   2017
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(Extended MR Workspace, version
2.6.3.4; Philips Healthcare). Patients
with recent or acute MI identified by
the presence of edema were excluded to
avoid confounding effects of edema on
cine MR images on TA features. Therefore, T2-weighted images were assessed
visually for regions with elevated signal
intensity indicating myocardial edema,
and patients with edema were excluded
from further analyses. LGE images were
assessed visually for the presence of
contrast enhancement with a typical ischemic (subendocardial or transmural)
pattern.
The volume of MI was then quantified by one reader (M.M., with 5 years
of experience in cardiovascular imaging)
on LGE images with a semiautomatic approach by using commercially available
software (IntelliSpace Portal, version 7.0;
Philips Healthcare). Endocardial and epicardial contours were manually traced
and the areas of hyperenhancing myocardium were automatically segmented
by using 5 standard deviations above the
average signal in the normal myocardium

radiology.rsna.org

as previously shown (19). The threshold
could be manually overridden for a specific location to exclude obvious artifacts.
After segmentation, myocardial and fibrous tissue mass was calculated.
Patients were then further subdivided into two groups according to the size
of myocardial scar with a threshold of
the percentage of enhanced myocardial
volume on LGE images of less than or
equal to 20% indicating small myocardial scar (n = 42; five women; mean age,
66 years 6 9) and greater than 20% indicating large myocardial scar (n = 78;
10 women; mean age, 63 years 6 10),
based on previous work showing an association of scar size with adverse cardiac events (20).

Texture Analysis
TA represents a statistical image analysis
technique that quantifies the texture of
an image on the basis of pixel signal intensity distributions and relationships
of values between neighboring pixels
(16). Generally speaking, textures are
complex patterns composed of entities
or subpatterns that have characteristic
brightness, slope, size, et cetera. Texture
can be regarded as a similarity grouping
in an image. The local subpattern properties give rise to the perceived lightness,
uniformity, density, roughness, regularity, linearity, and many other properties
of the texture as a whole (21).
TA was performed in all 180 patients by a radiologist (B.B., with 5 years
of experience in cardiovascular imaging) using a freely available software
package (MaZda, version 4.6; Institute
of Electronics, Technical University of
Lodz, Lodz, Poland) (22) installed on a
standard personal computer. In control
subjects, a midventricular section was
used for analyses. In patients, a single
cine section demonstrating the largest
region of LGE was chosen. After selection of single cine sections, a single
image in a Digital Imaging and Communications in Medicine, or DICOM, format was exported for further analysis,
displaying only the end-systolic phase
of the heart cycle to allow for a subsequent blinded analysis. In addition,
images of all patients and control subjects were randomized with respect to
3
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Figure 1

Figure 1: (a, e) Cine images with corresponding (b, f ) LGE images, (c, g) regions of interest (red circle) for TA, and (d, h) parametric map of texture feature Teta1
in a 72-year-old man (patient subgroup with large myocardial scar; upper row) with transmural infarction and signal abnormalities on cine MR images and a 68-yearold man (patient subgroup with small myocardial scar; bottom row) with small subendocardial infarction without signal abnormalities on cine MR images.

the presence or absence of LGE. After
2 weeks, regions of interest encompassing the LV myocardium were drawn on
these end-systolic cine images (Fig 1).
The trabeculated layer and epicardial
border were carefully excluded to avoid
partial volume effects. Drawing of regions of interest and computation of the
TA features by the software took about
40 seconds per patient.
For testing the intra- and interobserver reproducibility of texture features, region of interest delineation
was repeated twice in a subset of 30
subjects (10 control subjects, 10 patients with large MI, and 10 patients
with small MI) by the same reader for
intraobserver analysis and by a second
radiologist (M.M.) for interobserver
analysis.
Gray-level normalization was performed with the TA software by rescaling the histogram data to fit within
m-gray-level mean 6 3s (s-gray-level
standard deviation) to minimize the
4

effect of brightness and contrast variations on TA (23). Five subset texture
feature sets were extracted separately
(Table 2), resulting in a total of 286 texture features.

Texture Feature Selection and Dimension
Reduction
Because of the high number of texture
features, feature selection and dimension reduction were necessary to reduce the feature set to those that contributed most to classification accuracy
(24). In a first step, texture features
with low reproducibility were excluded
from further analyses for selecting only
clinically useful parameters. Intra- and
interobserver reproducibility of all extracted texture features were assessed
by calculating intraclass correlation coefficients, and all features with an intraclass correlation coefficient of less than
0.75 (with those ranging from 0.75 to
1 considered “excellent” [25]) were
excluded.

The remaining features were analyzed by using machine learning algorithms to achieve further dimension
reduction. Analyses were performed
in R (version 3.1.2; R Foundation,
Vienna, Austria) (26) by using the
packages Boruta (27) and caret (28).
Two-dimension reduction algorithms
were used independently to internally
validate the variable selection process.
The Boruta algorithm uses a random
forest algorithm and performs a topdown search for relevant features by
comparing the importance of original
attributes with the importance of those
achievable at random and progressively eliminates irrelevant features to
stabilize the model (27). In recursive
feature elimination, a random forest
algorithm is used for each iteration to
evaluate the model. The algorithm is
configured to explore all possible subsets of the attributes and finally selects
the most important variables for an
optimal model fit.

radiology.rsna.org
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Table 2
Overview of All Computed Texture Categories with Corresponding Features
Texture Category

Texture Feature

Histogram
Co-occurrence matrix (computed for four
directions [(a,0), (0,a), (a,a), (0,-a)] at five
interpixel distances (a = 1–5)
Run-length matrix (computed for four angles
[vertical, horizontal, 0°, and 135°])
Absolute gradient
Autoregressive model
Wavelet transform (calculated for four
subsampling factors (n = 1–4)

Mean, variance, skewness, kurtosis, percentiles (1%, 10%,
50%, 90%, 99%)
Angular second moment, contrast, correlation, entropy,
sum entropy, sum of squares, sum average, sum
variance, inverse different moment, difference entropy,
difference variance
Run-length nonuniformity, gray-level nonuniformity, long
run emphasis, short run emphasis, fraction of image
in runs
Gradient mean, variance, skewness, kurtosis, and nonzeros
Teta1 to 4, sigma
Energy of wavelet coefficients in low-frequency subbands,
horizontal high-frequency subbands, vertical highfrequency subbands, and diagonal high-frequency
subbands

Statistical Analysis
R packages used for further statistical
analyses are described in Appendix
E1 (online). All continuous data are
given as means 6 standard deviation. A
two-tailed P value of , .05 was considered to indicate statistical significance.
Testing for group differences was performed by using independent t tests after assessing normal distribution of the
data. For multiple group comparisons,
analysis of variance testing with Tukeytype comparisons was performed.
For selecting variables that allow
classification of patients from control
subjects and for patient subgroup
analyses, multiple and multinomial
logistic regression models were fitted
and compared by using the Akaike
Information Criterion. The misclassification rate of these models was
assessed by using 10-fold cross validation. The diagnostic accuracy of optimal predictive parameters was evaluated from the area under the curve
from receiver operating characteristic
analyses, and diagnostic sensitivity
and specificity were calculated. For
excluding a confounding influence of
wall thickness and associated partial
volume effects on texture parameters,
Pearson correlation analyses were
performed between the LV wall mass
and the identified, relevant texture
Radiology: Volume 000: Number 0—   2017
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features. Intra- and interobserver
agreement was tested by using intraclass correlation coefficients and
Bland-Altman analyses.

Results
Texture Feature Selection
Texture feature selection was performed
on the entire dataset (120 patients and
60 control subjects). The first step based
on calculation of intraclass correlation
coefficients for intra- and interreader
reproducibility led to the exclusion of
80 texture features. The remaining 206
features were independently fed into
the two distinct dimension-reduction
and feature-elimination algorithms,
resulting in the selection of the same
26 features (Table E2 [online]). Figure
E1 (online) shows the graphical output
of the Boruta-based feature selection
process. Because both dimension-reduction algorithms do not account for
collinearity in the data, a correlation
matrix was calculated for the 26 most
important variables to detect highly collinear texture features (Fig 2). Of the
highly correlated parameters (defined
as Pearson r 0.6), only one from each
cluster with the highest Gini index in
a random forest model separately fitted on the 26 most important variables

radiology.rsna.org
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was selected for further analyses (texture parameters in Table E2 [online]).
At the end of the multistep dimension
reduction process, the five most important and independent texture features
were selected for further statistical
analyses, including two first-order texture features (Perc.01, Variance), one
second-order feature (S[5,5]SumEntrp), and two higher-order features
(Teta1, WavEnHH.s-3).

Texture Features Diagnosing Scar on Cine
MR Images
Comparing all patients with MI and
control subjects, all five texture features showed significant differences
between groups (Table 3). In multiple
logistic regression analyses, a model
containing the two parameters Teta1
and Perc.01 proved to be the best for
differentiating between patients with
MI and control subjects according to
the Akaike Information Criterion. In
10-fold cross validation, this model
yielded an internal estimate of accuracy of 0.84 and a cross-validation
estimate of accuracy of 0.84. The
logistic regression analysis showed a
sensitivity of 86% and a specificity
of 82% (Table 4). The combination
of Teta1 and Perc.01 resulted in the
highest area under the curve of 0.92
when compared with Teta1 (0.88) and
Perc.01 alone (0.80).
In correlation analyses, a weak correlation was observed between the texture features and LV wall mass (r = 0.32
for Teta1 vs indexed LV wall mass and r
= 20.22 for Perc.01 vs indexed LV wall
mass).
Texture Features Diagnosing Myocardial
Scar in the Subgroups
Similar to the entire patient cohort,
the same five texture features showed
significant differences between the subgroup with large myocardial scar (LGE
.20%) and control subjects (Fig 3,
Table 3). None of the five texture features allowed for a significant differentiation between large and small MI in the
two subgroups (Fig 3, Table 3).
In multinomial logistic regression
analyses, a model containing the two
parameters Teta1 and Perc.01 proved
5
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Figure 2

Figure 2: Correlogram illustrates auto- and cross-correlations of 26 most important texture features. Texture features
were reordered after hierarchical clustering for visualizing different feature clusters. Five clusters of texture features
became apparent (rectangular boxes). Blue circles indicate positive correlation and red circles indicate negative correlation. The larger the circle and the darker the color, the higher is the correlation between two variables.

to be the best for differentiating between control subjects and patients
with large myocardial scar and between control subjects and patients
with small myocardial scar according
to the Akaike Information Criterion.
A 10-fold cross validation resulted in
an internal estimate of accuracy of
0.89 and a cross-validation estimate
of accuracy of 0.81 for patients with
large myocardial scar versus control
subjects, and an internal estimate of
accuracy of 0.77 and a cross-validation estimate of accuracy of 0.75 for
patients with small myocardial scar
versus control subjects. Diagnostic
sensitivity and specificity for differentiating between control subjects
and patients with large and patients
6

with small myocardial scar, as well as
corresponding areas under the curve
from receiver operating characteristic
analyses, are shown in Table 4 and Figure 4.

Reproducibility of Important Texture
Features
Intra- and interobserver reproducibility
of the two best classifying features Teta1
and Perc.01 was excellent (intraobserver
intraclass correlation coefficient: 0.938
for Perc.01 and 0.952 for Teta1; interobserver intraclass correlation coefficient:
0.873 for Perc.01 and 0.980 for Teta1).
Bland-Altman analyses showed narrow
limits of agreement for both texture
features on the intra- and interobserver
level (Fig 5).

Discussion
TA models spatial distributions of pixel
gray levels and allows for the analysis
and classification of medical imaging
data according to different tissue textures (9,10), thus offering the potential
to overcome limitations of a pure visual
image interpretation. Previous studies
reporting on regional myocardial lipomatous metaplasia leading to chemical
shift artifacts (29), wall thinning, and/
or wall motion abnormalities in regions
of myocardial scar (30) suggested that
it might be feasible to depict ischemic
scars on cine MR images alone. However, accurate identification of ischemic myocardial scars is possible only
when also analyzing corresponding LGE

radiology.rsna.org
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Table 3
Differences of Selected Texture Features between Patients with MI and Control
Subjects
Parameter

Control Subjects
(n = 60)

Patients with MI
Small MI Patient
Large MI Patient
(Entire Cohort, n = 120) Subgroup (n = 42) Subgroup (n = 78)

Teta1
0.74 6 0.05*†‡
Perc.01
21.1 6 9.2*†‡
Variance
44 6 32*†‡
WavEnHH.s-3
0.039 6 0.033*†‡
S(5,5)SumEntrp 1.24 6 0.03*†‡

0.84 6 0.07§
10.5 6 9.1§
93 6 80§
0.080 6 0.061§
1.20 6 0.07§

0.82 6 0.05§
11 6 9§
80 6 51§
0.070 6 0.064§
1.22 6 0.06§

0.85 6 0.07§
10.4 6 9.2§
99 6 92§
0.084 6 0.064§
1.19 6 0.08§

Note.—Data are means 6 standard deviation.
* P < .001 when compared with all patients with MI.
†

P < .001 when compared with small MI patient subgroup.

‡

P < .001 when compared with large MI patient subgroup.

§

P < .001 when compared with control subjects.

Table 4
Sensitivity, Specificity, and AUC of the Best Logistic Regression Model (Teta1 and
Perc.01) for Differentiating between Patients, Patient Subgroups, and Control Subjects
Patient Group
All patients with MI (n = 120)
Subgroup with small myocardial scar (n = 42)
Subgroup with large myocardial scar (n = 78)

Sensitivity (%)

Specificity (%)

AUC

86
83
91

82
82
78

0.92
0.92
0.93

Note.—AUC = area under the curve.

images, which holds true particularly
for small ischemic scars.
Our proof-of-concept study indicated that TA is feasible and reproducible on cine MR images and delivers
texture parameters, which allow for an
accurate differentiation between control subjects and patients with both
large and small subacute and chronic
myocardial scars.
We computed texture features from
the entire LV myocardium instead of
matching regions of interest to areas of
contrast enhancement on LGE images
or wall motion abnormalities. Aiming
at a reproducible and standardized approach toward detection of myocardial
scars without gadolinium administration, this approach for region of interest
delineation is also potentially suitable
for clinical routine, in which myocardial
scars might not be visualized on cine
MR images. Nevertheless, a segmental
Radiology: Volume 000: Number 0—   2017
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approach to region of interest delineation would also be interesting to further
differentiate between segments demonstrating myocardial scar and those with
remote myocardium. Future studies
might then be able to compare a segment-based approach with an approach
including the entire myocardium in the
region of interest as proposed in the
present study.
One of the main challenges with TA
is the huge amount of available texture
features, which can be computed from
a single region of interest. By using a
freely available and widely used software package (22), our study included
a total of 286 features. After excluding
less reproducible features, we obtained
206 texture features. We assumed that
the intra- and interobserver variability
was related to how LV borders were
manually traced by the two readers.
The next step in feature reduction was

radiology.rsna.org

based on advanced statistical methods
including machine learning (31,32).
Two other approaches for feature reduction have been recently suggested:
averaging texture features among different directions (16) or using more
advanced machine learning algorithms
such as neuronal networks or deep
learning, leading the path to the field
of radiomics (33).
Because especially small transmural
and subendocardial scars often show no
signal abnormalities on cine MR images
and therefore represent a major challenge for a diagnosis based on nonenhanced imaging findings, we divided our
patients with MI into two subgroups. In
both subgroups with small and large
transmural ischemic scars, we found
that TA is able to differentiate between
normal myocardium and scar with excellent accuracy. Hence, TA offers the
potential to represent a potential alternative to LGE imaging, which could
be of interest in patients with chronic
kidney disease in whom gadolinium administration should be avoided.
The most important texture feature
for detecting ischemic scar on cine MR
images in our study was Teta1. Teta1
represents a higher-order feature derived from the autoregressive model,
which provides information about local interactions between neighboring
pixels with respect to their gray-level
values (9) and has been previously reported to allow for the discrimination
of patterns in MR images (34). The
combination of Teta1 with the first-order feature Perc.01 led to a further increase in accuracy, indicating the benefit of combining two texture features
in classification models for improving
the diagnosis. Because we observed
only a weak correlation of the two texture features with LV wall thickness,
we believe that it is the myocardial texture rather than partial volume effects
caused by wall thinning leading to the
excellent discrimination between the
different patient groups.
Despite the ability to differentiate
between control subjects and patients,
none of the five texture features was
able to differentiate between the two
patient subgroups. Further studies
7
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Figure 3

Figure 3: Box-and-whisker plots show differences
of five most important texture features between control
subjects, patient subgroup with large myocardial scar,
and patient subgroup with small myocardial scar.
Center line in each box represents median. Lower and
upper limits of each box represent the 25th and 75th
percentiles, respectively. Whiskers extend to most
extreme observations within 25th and 75th percentiles
6 1.5 × interquartile range. Observations outside these
whiskers are shown as dots.

Figure 4

Figure 4: Graphs show receiver operating characteristic analysis indicating accuracy of TA features for diagnosing ischemic myocardial scars in, A, patient subgroup with large myocardial scar and, B, in patient subgroup with small myocardial scar.
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inherent drawbacks of the retrospective study design. Second, the influence of different acquisition parameters, sequences, field strengths, and
MR imagers on TA features remains
to be investigated. Third, we used a
two-dimensional region of interest on
short-axis images of the LV myocardium, which potentially influences orientation-dependent texture features.
The inclusion of rotation invariant and
three-dimensional texture features in
future studies might provide a more
robust classification (35). Finally, the
software used is technically not able to
combine different texture features to
a parametric map. Thus, we were not
able to show the extent of myocardial
scar on parametric displays of the two
identified features Teta1 and Perc.01.
In conclusion, our proof-of-concept
study indicates that TA is feasible and
allows for the diagnosis of small and
large subacute and chronic ischemic
scars on nonenhanced cine MR images
with high accuracy.

Figure 5
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