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Texture Signatures of Native Myocardial T1
as Novel Imaging Markers for Identification
of Hypertrophic Cardiomyopathy Patients

Without Scar
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Background: In patients with suspected or known hypertrophic cardiomyopathy (HCM), late gadolinium enhancement
(LGE) provides diagnostic and prognostic value. However, contraindications and long-term retention of gadolinium have
raised concern about repeated gadolinium administration in this population. Alternatively, native T1-mapping enables
identification of focal fibrosis, the substrate of LGE. However HCM-specific heterogeneous fibrosis distribution leads to
subtle T1-maps changes that are difficult to identify.
Purpose: To apply radiomic texture analysis on native T1-maps to identify patients with a low likelihood of LGE(+), thereby
reducing the number of patients exposed to gadolinium administration.
Study Type: Retrospective interpretation of prospectively acquired data.
Subjects: In all, 188 (54.7 � 14.4 years, 71% men) with suspected or known HCM.
Field Strength/Sequence: A 1.5T scanner; slice-interleaved native T1-mapping (STONE) sequence and 3D LGE after
administration of 0.1 mmol/kg of gadobenate dimeglumine.
Assessment: Left ventricular LGE images were location-matched with native T1-maps using anatomical landmarks. Using a
split-sample validation approach, patients were randomly divided 3:1 (training/internal validation vs. test cohorts). To bal-
ance the data during training, 50% of LGE(−) slices were discarded.
Statistical Tests: Four sets of texture descriptors were applied to the training dataset for capture of spatially dependent
and independent pixel statistics. Five texture features were sequentially selected with the best discriminatory capacity
between LGE(+) and LGE(−) T1-maps and tested using a decision tree ensemble (DTE) classifier.
Results: The selected texture features discriminated between LGE(+) and LGE(−) T1-maps with a c-statistic of 0.75 (95%
confidence interval [CI]: 0.70–0.80) using 10-fold cross-validation during internal validation in the training dataset and 0.74
(95% CI: 0.65–0.83) in the independent test dataset. The DTE classifier provided adequate labeling of all (100%) LGE(+)
patients and 37% of LGE(−) patients during testing.
Data Conclusion: Radiomic analysis of native T1-images can identify ~1/3 of LGE(−) patients for whom gadolinium admin-
istration can be safely avoided.
Level of Evidence: 2
Technical Efficacy Stage: 2
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HYPERTROPHIC CARDIOMYOPATHY (HCM) is a
highly prevalent hereditary cardiomyopathy1 and a

major contributor to sudden cardiac death in young adults

and athletes.2 Quantification of late gadolinium enhancement
(LGE) with cardiac magnetic resonance imaging (MRI) is
established in outcome prediction3,4 and more prevalent in
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HCM patients in comparison to other diseases with left ven-
tricular (LV) hypertrophy.5–7 In patients with suspected or
known HCM, LGE provides diagnostic and prognostic value
and is a routine part of clinical cardiac MRI protocols in
HCM patients.8,9

LGE imaging requires administration of gadolinium-
based contrast agents.3,4 Recent studies demonstrating long-
term retention of gadolinium-based contrast agents10–13 indi-
cate a cautious approach to its administration. Recurrent
administrations are associated with gadolinium accumulation
in the central nervous system, in particular the globus pallidus
and dentate nucleus,10 that were especially reported with lin-
ear gadolinium-based contrast agents.10–13 This has led to a
class warning for all marketed gadolinium agents by the US
Food and Drug Administration.14 HCM patients are often
identified at young age and therefore undergo repeated car-
diac MRI exams throughout their lifetime. Nearly 50% of
HCM patients are free of LGE,3,4 but are exposed to repeated
gadolinium administration. Therefore, identification of such
patients with low likelihood of scar on LGE could reduce the
administration of gadolinium-based contrast agents leading to
a reduction of known or potential contrast agent side effects
as well as scan time, patient inconvenience, and healthcare
costs.

Native myocardial T1 time differentiates focal scar of
chronic myocardial infarctions from remote myocardium
poorly on 1.5T,15,16 but with better discriminatory capac-
ity by visual inspection or thresholding on 3.0T.17 How-
ever, Kali et al17 showed only modest sensitivity of visual
assessment, and threshold value definition for abnormal
native T1 and remote normal regions is difficult.18 The
latter is more apparent in HCM with the assumed absence
of normal myocardium, a less focal and homogeneous
LGE distribution, and a consequently weaker visual iden-
tification or signal thresholding on T1 mapping on
1.5T.19 Alternative approaches to T1 map analysis, such as
radiomic texture analysis (TA), could provide more accu-
rate screening tools, especially at 1.5T. The field of radio-
mics is motivated by the concept that biomedical imaging
contains information reflecting disease-specific processes
and accessible by quantitative image analyses.20 TA has
identified novel imaging markers for, ie, hypertension,
myocarditis, and HCM, either on cine images21–23 or on
native T1 and T2 maps.24–26 In these studies, TA features
targeting pixel intensity value inhomogeneity within a
region of interest (ROI) were frequently described to iden-
tify disease.22–26

We hypothesized that LGE(+) prevalence in patients
with suspected or known HCM can be predicted based on
scar-specific texture patterns on native T1 maps. Considering
native T1 mapping’s value for fibrosis imaging, we sought to
employ TA to identify HCM patients with low and high like-
lihood of LGE(+).

Materials and Methods
Study Population
We retrospectively identified 188 consecutive subjects, referred
for clinical cardiac MRI between July 2014 and March 2018 for
known or suspected HCM as well as 29 healthy controls. The
study flow including study inclusion and exclusion criteria for the
former are illustrated in Fig. 1. Patients with HCM demonstrated
maximum LV wall thickness ≥15 mm, or LV wall thickness above
the normal range (≥12 mm)27 in the context of high clinical sus-
picion (ie, apical variant phenotype, HCM family history + LV
wall thickness ≥13 mm), both not explained by loading condi-
tions.9 All control subjects had normal cardiac dimensions/vol-
umes, normal cardiac function, and absence of LGE in common
and lacked a history of cardiac disease. Participants provided writ-
ten informed consent to use cardiac MRI studies for research pur-
poses, and the imaging protocol was approved by the Institutional
Review Board.

Magnetic Resonance Imaging
Cardiac MRI was performed at 1.5T (Achieva, Phillips Healthcare,
Best, the Netherlands) and equipped with a 32-element cardiac coil.
Contrast-free native T1 mapping was performed using the slice-
interleaved T1 mapping (STONE) sequence that enables acquisition
of five slices in the short-axis plane during a 90-second free-
breathing scan.28 The LV native T1 time was calculated based on
five short-axis slices of native T1 mapping images and using custom
software (MedIACare, Boston, MA). Motion correction was per-
formed using an adaptive registration of varying contrast-weighted
images for improved tissue characterization.29 LV LGE images were
obtained using a 3D phase-sensitive inversion-recovery (PSIR)
sequence with spectral fat saturation prepulses during the end-
diastolic phase ~15 minutes after administration of 0.1 mmol/kg
body weight gadobenate dimeglumine (Multihance, Bracco Diagnos-
tics, Princeton, NJ). Details of native T1 mapping parameters and
cardiac MR interpretation are described in File S1 in the Supple-
mental Material.

LGE images and T1 maps were location-matched based on
anatomic landmarks. Each slice was labeled as LGE(+) or LGE(−)
by a reader with 12 years of cardiac imaging experience (U.N.).
More than 3 months later, two readers (U.N. and S.K., 8 years of
cardiac imaging experience) repeated the labeling of a random sam-
ple (n = 30) for assessment of intra- and interobserver agreement.
Patients with at least one LGE(+) T1-map were categorized as LGE
(+). To quantify the LGE volume, LGE images were automatically
processed using a deep convolutional neural network (CNN)-based
segmentation tool to extract the myocardium and scar boundaries.30

The segmented images were further refined (U.N.) by manually cor-
recting segmentation contours (eg, manual drawing of contours to
exclude and/or include areas that were incorrectly identified by the
CNN as scar, myocardium, or background). The average processing
time per LGE volume for automatic segmentation and manual
refinement was 2 seconds and 1 minute, respectively. As previously
reported,7 this approach provides excellent reproducibility. %LGE
was calculated by summing the area of LGE in all short-axis slices,
which was expressed as a volumetric proportion of the total LV
myocardium.
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The LV myocardium from T1 maps were segmented by man-
ually delineating the LV epicardial and endocardial borders. More
than 3 months later, two readers (U.N. and S.K.) repeated the seg-
mentation of a random sample (n = 30) for assessment of intra- and
interobserver agreement of radiomic TA features. Both readers were
blinded to patients’ clinical information.

Feature Quantification and Selection
Image TA represents a statistical assessment technique of pixel inten-
sity distributions and relationships between neighboring pixels. As
such, it enables quantification of image structures and pattern recog-
nition, both useful for the development of novel imaging bio-
markers. For this study, we quantified four subsets of texture

features from myocardial T1 maps (Fig. 2). TA features with an
intraclass correlation coefficient (ICC) of less than 0.75 for inter-
observer agreement were excluded from further analyses to guarantee
reader independence. To develop and validate a tissue feature pattern
specific for the differentiation between LGE(+) and LGE(−) cases,
we divided the cohort per patient randomly 3:1 (training/internal
validation vs. test) using a split-sample validation approach
(Fig. 3).31 To balance the data between LGE(+) and LGE(−) slices
during training, 50% of LGE(−) slices were randomly discarded,
resulting in the training dataset (T1 maps, n = 377).

To reduce the dimensionality of extracted features, a sequen-
tial forward feature selection strategy32 targeting features providing
the highest accuracy for identification of LGE(+) and LGE(−) slices

FIGURE 1: Flow chart of the patient selection process. Listed are in- and exclusion criteria applied to retrospectively identify patients
for radiomic analyses of T1 maps.
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was applied (Fig. 3). First, the feature with the highest classification
rate was selected in isolation and further features providing the
highest increment during each selection step were added until no
further improvement was possible. Throughout this process, a deci-
sion trees ensemble (DTE) classifier using the RUSboost
method33,34 was employed to calculate the classification rate with a
10-fold cross-validation procedure.35 DTE with RUSboost is consid-
ered a fast and robust technique that performs well with imbalanced
groups of data.34

T1 Mapping Classification for LGE Identification
First, a DTE classifier was trained using all T1 maps of the training
dataset (n = 377). To test the generalizability of the five selected fea-
tures, this DTE classifier was then used to identify LGE(+) T1 maps
in the testing dataset (T1 maps, n = 175). For internal validation in
the training dataset (Fig. 3), a second DTE classifier was trained with
a 10-fold cross-validation strategy to identify LGE(+) T1 maps; an
analysis step that provided an estimate of the selected features perfor-
mance in the training dataset. TA feature extraction and selection pro-
cesses were performed with MatLab (MathWorks, Natick, MA).

Statistics
Patient characteristics, cardiac MRI, and TA feature data were ana-
lyzed using SPSS (v. 17.0, IBM, Armonk, NY). Normality of data
distribution was determined using the Kolmogorov–Smirnov test
and visual inspection of Q-Q plots. The chi-square test, two-sample
t-test, or the Mann–Whitney U-test were conducted to compare
groups as appropriate. One-way analysis of variance was used to
compare selected TA features among groups with different LGE/LV
mass ratio categories (0%, 0–1%, 1–5%, 5–10%, >10%). For sim-
plicity, per-slice results were represented as c-statistics calculated
using probabilities derived from the DTE classifier, and test accura-
cies, sensitivities, and specificities were limited to per-patient results.
The intraclass correlation coefficient (ICC) for a two-way mixed-
effects model with absolute agreement was calculated to assess the
intra- and interobserver reproducibility of all features. Based on
ICCs, agreement was defined as fair (0.40–0.59), good (0.60–0.74),
or excellent (≥0.75).26 To estimate the influence of TA feature mea-
surement differences between observers on overall diagnostic capacity
of said features, we calculated the dynamic range of selected features

as 1− 1
n*

Pn

i = 1
jObserver Ak ið Þ−Observer Bk ið Þj

maxk−Mink with number of slices (n),
individual slice number (i), and features (k), adapted from Baeßler

FIGURE 2: Overview of all computed texture categories with corresponding features. Histogram features are intensity-based metrics
that describe the distribution of pixels with specific intensity values.40 Run-length matrix is a statistical technique, which in our case
assesses the myocardium across a given direction for runs of pixels with identical T1 values (ie, two dark green pixels in 135�

direction).40 The co-occurrence matrix is a statistical method extracting information of pixel pair distributions (ie, one pair of dark-
green neighboring pixels with one pixel distance from center pixel).41 Local binary patterns are texture descriptors characterized by
computational simplicity secondary to an extraction method that encodes local pixel patterns around each pixel (red dot) of the
image as a binary string (ie, purple dots x3 = darker vs. pink dots x5 = brighter as center pixel).38 Figure adapted from Neisius
et al.26
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et al.36 Cohen’s kappa coefficient (κ) was used to assess intra- and
interobserver agreement for LGE labeling. Statistical significance was
defined as a two-sided P-value < 0.05.

Results
Study Population
Clinical and cardiac MRI characteristics of subjects are pres-
ented in Table 1. Sixty percent (n = 112) of all referrals were

clinically diagnosed as HCM. The prevalence of HCM in
LGE(+) and the LGE(−) subgroups was 70% and 47%
(P = 0.001), respectively. HCM-specific imaging markers had
a large range in the study cohort: ie, maximum LV-wall
thickness (6–34 mm), and LV mass index (32–150). LGE
assessment by CNN-based segmentation identified
101 patients (54%) with focal scar (LGE volume [mL], 1.0
[0.5; 4.9]) with an LGE/LV mass ratio <1%, 1–5%, 5–10%,

FIGURE 3: Flow chart of the dataset splitting during training, validation, and testing procedures. The dataset of 188 subjects (773 T1
maps) was split with a 3:1 ratio into training/internal-validation (141 subjects, 598 T1 maps) and testing (47 subject; 175 T1 maps)
cohorts. To balance the number of LGE(+) and LGE(−) T1 maps in the training dataset, 50% of LGE(−) T1 maps (221 maps) were
randomly discarded. Only on the training dataset was a sequential forward selection process iteratively performed including a
10-fold cross-validation procedure to identify a set of features with the highest discriminatory capacity. This process identified five
features, which were (a) used to train a decision tree ensemble (DTE) classifier using all 377 T1 maps of the training dataset and (b)
used to train a second DTE classifier with 10-fold cross-validation on the training dataset to provide an estimate of the selected
features performance for internal validation. To assess the generalizability of the selected features, the first DTE classifier was tested
on 175 T1 maps of the testing dataset.
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TABLE 1. Characteristics, Global Morphological, and Cardiac MRI Measurements of Patients With Suspected or
Known HCM as Well as Healthy Controls

Patient characteristics Suspected or known HCM (n = 188) Healthy controls (n = 29)

Age, years 54.7 � 14.4 47.8 � 16.0

Male 134 (71) 14 (48)

Body mass index, kg/m2 28.3 � 4.7 26.8 � 5.8

Systolic blood pressure, mm Hg 131 � 16 126 � 17

Diastolic blood pressure, mm Hg 78 � 13 74 � 12

Heart rate, beats/minutes 66 � 11 69 � 13

New York Heart Association functional class

II 21 (11) 0 (0)

III 2 (1) 0 (0)

Caucasian 132 (70) 22 (76)

African American 34 (18) 1 (3)

Hypertension 104 (55) 9 (31)

Dyslipidemia 102 (54) 13 (45)

Diabetes mellitus 25 (13) 1 (3)

Prior myocardial infarction 4 (2) 0 (0)

Serum creatinine, mg/dL 1.0 � 0.2 0.8 � 0.2

Estimated glomerular filtration rate, % 80 � 20 100 � 25

Cardiac MRI

Volumetric Measurements

LV end-diastolic volume, mL 148.9 � 35.4 144.7 � 33.3

LV end-diastolic volume index, mL/m2 75.0 � 14.0 78.4 � 11.6

LV end-systolic volume, mL 53.7 � 19.6 55.6 � 14.8

LV ejection fraction, % 64.9 � 7.1 61.8 � 4.7

RV end-diastolic volume, mL 137.6 � 37.3 149.7 � 42.2

RV end-diastolic volume index, mL/m2 69.1 � 15.8 80.7 � 16.3

RV end-systolic volume, mL 51.0 � 22.9 63.6 � 22.4

RV ejection fraction, mL 64.1 � 7.9 58.7 � 6.2

Hypertrophy Measurements

LV mass index, mg/m2 64.1 [51.4; 76.5] 45.8 [39.8; 52.4]

LV hypertrophy 53 (28) 0 (0)

Antero-septal wall thickness, mm 12 [10; 16] 7 [6; 10]

Infero-lateral wall thickness, mm 8 [7; 10] 7 [6; 7]

Maximum wall thickness, mm 15 [12; 18] 8 [6; 10]

Maximum wall thickness ≥15 mm 101 (54) 0 (0)
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and >10% in 55%, 29%, 9%, and 7% of cases, respectively.
Secondary to incomplete apical/basal coverage, interslice
gaps, and artifact exclusion, only 84% of LGE(+) patients
had T1 map coverage of areas with focal fibrosis. Conse-
quently, 85 patients (45%) were labeled as LGE(+) for
slice-based assessment and examples are illustrated in
Fig. 4. Thirty-seven percent of available slices (n = 773)
were categorized as LGE(+). Random 3:1 per-patient split-
ting into training/internal validation and test cohorts led
to 598 and 175 T1-maps, respectively. Cohort characteris-
tics of the training/internal validation and testing cohorts
are summarized in Table S1 in File S1 in the Supplemen-
tal Material.

Texture Analysis of Native T1 Maps
Ninety-six features (63%) of 152 features (Fig. 1) had excel-
lent interobserver agreements and were used in the feature
selection process. After random exclusion of 50% LGE-free
T1 maps (Figs. 1 and 3), 220 LGE(−) (of originally 441) and
157 LGE(+) slices were entered in the feature selection

process and five out of 96 features were identified via sequen-
tial forward selection as the smallest subset of features that
maximizes the classification accuracy within the training
dataset. The resulting features were 1 run-length matrix fea-
ture (long run low gray level emphasis at 45� [LRLGE-45�];
a feature measuring the joint distribution of long run lengths
with lower gray-level values in a 45� direction of the stan-
dardized ROI), one co-occurrence matrix feature
(Homogeneity-4; a feature representing homogeneity calcu-
lated at an offset of four pixels), and three local binary pat-
terns (LBP-1, LBP-16, and LBP-22; features encoding
different local pixel patterns around each pixel of the image).
Figure 4 illustrates the distribution of LRLGE-45� and LBP-
22, the two features with the strongest contribution to the
classification accuracy, in LGE(+) and LGE(−) slices in
patients with different LGE quantity (LGE/LV mass ratio:
11.3%, 2.4%, and 0%). After adjustment for multiple test-
ing, the features LRLGE-45�, LBP-22, and Homogeneity-4
were significantly different between LGE(+) and LGE(−)
slices (P < 0.001, Table 2), as illustrated in Fig. 5. The

TABLE 1. Continued

Patient characteristics Suspected or known HCM (n = 188) Healthy controls (n = 29)

Fibrosis Measurements

LGE(+) 101 (54%) 0 (0)

LGE volume, mL 0.2 [0.0; 1.2] 0 [0; 0]

LGE/LV mass ratio, % 0.2 [0.0; 1.0] 0 [0; 0]

<1%, n (%) 56 (30) 0 (0)

1–5%, n (%) 29 (15) 0 (0)

5–10%, n (%) 9 (5) 0 (0)

>10%, n (%) 7 (4) 0 (0)

LGE location

Inferior RV insertion point 67 (36) 0 (0)

Septum 34 (18) 0 (0)

Anterior RV insertion point 48 (26) 0 (0)

Anterior wall 8 (4) 0 (0)

Inferolateral wall 10 (5) 0 (0)

Apex 28 (15) 0 (0)

T1 mapping

Global native T1, msec 1088 � 35 1078 � 31

Septal native T1, msec 1096 � 39 1075 � 31

Values are n (%), median [interquartile range] or mean � SD. LGE = late gadolinium enhancement; LGE(+) = presence of LGE;
LV = left ventricular; RV = right ventricular.
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features contributed to the DTE classifier in terms of LGE(+)
and LGE(−) slice discrimination in the following order
(highest to lowest): LRLGE-45�, LBP-22, LBP-16,
Homogeneity-4, and LBP-1. All selected features were at
most mildly correlated within their category (LBPs,
ρ = −0.08 to 0.44; P < 0.001) or among categories
(ρ = −0.44 to 0.23, when P < 0.05).

Association of Radiomic Features With LGE
The five TA features identified in the training dataset by for-
ward selection provided, when combined in a DTE classifier,
per slice a c-statistic of 0.75 (95% confidence interval [CI]:
0.70–0.80) with 10-fold cross-validation during internal vali-
dation in the training dataset and of 0.74 (95% CI:
0.65–0.83) in the test dataset. The latter was not involved in

FIGURE 4: Location-matched late gadolinium enhancement (LGE) images and native T1-maps. Depicted are three HCM patient: (a) LV
mass index 98.0 g/m2, LGE/LV mass ratio 11.3%, maximum LV wall thickness 22 mm; (b) LV mass index 131.1 g/m2, LGE/LV mass
ratio 2.4%, maximum LV wall thickness 22 mm; (c) LV mass index 79.3 g/m2, LGE/LV mass ratio 0%, maximum LV wall thickness
14 mm. Listed beneath each T1 map are corresponding values of long run low gray level emphasis at 45� (LRLGE-45�) and local
binary pattern 22 (LBP-22), the two strongest features selected for LGE identification. In the whole cohort, LRLGE-45� was in median
1.89 [1.63; 2.25] × 105 and LBP-22 was in median 0.41 [0.28; 0.54] × 10−2. Depicted LGE(+) and LGE(−) T1 maps provide
measurements that are predominately above or below the LRLGE-45� and LBP-22 medians, respectively.
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the feature selection process and provides therefore an inde-
pendent validation for the DTE classifier. Receiver operating
characteristic curves for both datasets (Fig. 6) were sufficiently
shaped to define cutoffs for a screening test (high sensitivity
with acceptable specificity). The combination of two features
most contributing to the DTE, LRLGE-45� and LBP-22,
provided a c-statistic of 0.74 (95% CI: 0.64–0.82) in the
training dataset. The c-statistic for single features ranged from
0.51–0.64 and 0.53–0.74 in the training and test dataset,
respectively (Table S2 in File S1 in the Supplemental Mate-
rial). The test dataset consisted of 51 LGE(+) and 124 LGE
(−) slices that represented 20 patients with and 27 patients
without LGE, respectively. During testing, the DTE classifier
application led to adequate labeling of all (100%) LGE(+)
patients and 37% of LGE(−) patients, as summarized in
Table 3.

The LGE/LV mass ratio by category (0%, 0–1%,
1–5%, 5–10%, and >10%, Table 1) was associated with
LRLGE-45� and LBP-22 (P < 0.001), but not with the
remaining features, where each feature was averaged per
patient over all slices available (Fig. 7). Intra- and inter-
observer reproducibility for all selected features are listed in
Table 4 and illustrated for LRLGE-45� and LBP-22 by
Bland–Altman plots in Fig. 8. The observed dynamic ranges
of selected features (0.89–0.96, Table 4) suggested a minor
influence of the measured interobserver differences in relation
to the actual range of feature values in our cohort. Here,
values close to 1 imply that a specific TA feature has a large
range in relation to interobserver differences. For example,
LRLGE-45� with a minimum value of 0.9 × 105 and a maxi-
mum value of 3.3 × 105 had an average difference between
two readers of 0.1 × 105 in the cohort used for interobserver

TABLE 2. Differences of Selected Texture Features Between All LGE(+) and LGE(−) T1 Maps of the Suspected and
Known HCM Cohort, as Well as T1 Maps of the Control Group

LGE(+) T1 maps LGE(−) T1 maps Control T1 maps
n = 208 n = 565 n = 145

LRLGE-45�, 105 2.13 [1.78; 2.56] 1.83 [1.60; 2.12]† 1.62 [1.47; 1.87]†,*

LBP-22, 10−2 0.51 [0.38; 0.63] 0.38 [0.24; 0.51]† 0.18 [0.09; 0.34]†,*

LBP-16, 10−2 2.68 � 0.52 2.75 � 0.58 2.75 � 0.69

Homogeneity-4, 10−1 1.22 [1.07; 1.39] 1.32 [1.16; 1.48]† 1.43 [1.27; 1.57]†,*

LBP-1, 10−2 1.16 [0.73; 1.79] 1.27 [0.84; 1.87] 1.82 [1.22; 2.46]†,*

Values are median [interquartile range] or mean � standard deviation. A Bonferroni-corrected P < 0.00052 (0.05/96) was considered
statistically significant to account for type I error rates.
LRLGE = long-run low gray-level emphasis; LBP = local binary pattern.
†P < 0.00052 when compared with LGE(+) T1 maps.
*P < 0.00052 when compared with LGE(−) T1 maps.

FIGURE 5: Heatmap demonstrating LGE prediction for the five
selected features. Each bar (y-axis) represents one T1 map. The
color range reflect high (yellow) to low (dark blue) feature
values. Long run low gray level emphasis (LRLGE), Homogeneity-
4, and local binary pattern (LBP) features have high (yellow) or
low values (dark blue) in the presence of late gadolinium
enhancement (LGE), respectively.
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agreement assessment (n = 30). The ratio between average
difference and range was therefore small (4%), leading to a
dynamic range of 0.96 (Table 4). The intra- and inter-
observer agreement of LGE labeling was excellent, with
κ = 0.92 and κ = 0.88 (P < 0.001 for both), respectively.

Discussion
In this study of 188 consecutive subjects with known or
suspected HCM, we demonstrated that TA of native T1 map-
ping represents a potential decision support tool prior to gad-
olinium administration. Using an independent testing cohort,
the DTE classifier was able to identify all LGE(+) patients
and 37% of LGE(−) patients. The excellent sensitivity under-
lines the value of our approach as a screening test of cardiac
MRI referrals. Consequently, gadolinium administration
could have been omitted in up to ~1/3 of our LGE(−)
patients, as the selected features were able to identify the large
majority of LGE(+) patients.

Our patients referred for suspected or known HCM
represent a relatively heterogeneous group, with large ranges
of LV wall thickness, of LV mass index, and of LGE/LV mass
ratio. When compared to others,3,4 the prevalence and extent
of LGE was lower in our cohort; a finding probably related to
reduced LGE occurrences in patients with the non-HCM LV
hypertrophy phenotype.7–9 While we observed a relatively
small number of patients with prognostic-relevant LGE,3,4

the significant upward trend for LRLGE-45�, and LBP-22
when compared to increasing LGE/LV mass ratio categories
suggests an improved identification of patients with larger in
comparison to smaller LGE quantities by radiomic
TA. Similarly, Park et al37 showed that quantitative radiomic
TA relates to liver fibrosis grading.

The two TA features that contributed the most to our
classification were LRLGE-45� and LBP-22. The former
quantifies the distribution of long run length, with a greater
value indicative of coarse structural textures. The gray level’s
focus represents a joint distribution of said runs and low

a b

FIGURE 6: Discriminatory capacity (LGE(+) vs. LGE(−) T1 maps) of the selected features using DTE classifiers. Depicted are receiver
operator characteristic curves related to the differentiation between LGE(+) and LGE(−) T1 maps in the training (a) and test
datasets (b).

TABLE 3. Discriminatory Capacity of the Selected Features for LGE(+) Detection per Patient

Sensitivity Specificity Accuracy

Cohort comparison n
(95% CI) (95% CI) (95% CI)

LGE(+) vs. LGE(−) 20/27 100 (83–100) 37 (19–58) 64 (49–77)

LGE(+) vs. Controls 20/29 100 (83–100) 41 (23–61) 65 (50–78)

Values are percentages unless stated otherwise.
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gray-level values (ie, T1 time [STONE[: 1000–1050 msec).
Consequently, LRLGE quantifies the frequency of larger areas
of normal myocardium embedded within high T1-level

myocardium, such as focal fibrosis visible on LGE images or
regions of increased diffuse fibrosis. The applied LBPs repre-
sent a rotation invariant image descriptor computed from

FIGURE 7: Association of selected features with LGE quantity. Boxplots of LRLGE-45�, LBP-22, LBP-16, and Homogeneity-4, for
different LGE/LV mass ratio (%) categories. P-values reflect one-way analyses of variance. Correspondingly, LBP-1 showed no
significant trend (P = 0.536).

TABLE 4. Reproducibility of Selected Texture Features

Intraobserver Interobserver

Feature Dynamic range Spearman’s ρ ICC (95% CI) Spearman’s ρ ICC (95% CI)

LRLGE-45� 0.96 0.963* 0.978 (0.963–0.986) 0.966* 0.974 (0.964–0.981)

LBP-22 0.93 0.897* 0.945 (0.905–0.966) 0.945* 0.936 (0.871–0.963)

LBP-16 0.89 0.621* 0.752 (0.658–0.821) 0.750* 0.777 (0.692–0.839)

Homogeneity-4 0.95 0.928* 0.872 (0.592–0.941) 0.957* 0.865 (0.751–0.919)

LBP-1 0.90 0.760* 0.785 (0.491–0.888) 0.896* 0.826 (0.699–0.891)

SRLGE = short run low gray-level emphasis; LBP = local binary pattern; CI = confidence interval; ICC = intraclass correlation
coefficient.
*P < 0.001.
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discrete Fourier transforms of LBP histograms.38 Their values
are defined by the frequency of specific border types between
areas of higher and lower T1 intensity, which enables quanti-
fication of tissue heterogeneity. In patients with suspected or
known HCM the combination of the five selected features
consequently identify tissue heterogeneity most closely associ-
ated with the presence of LGE.

While feature extraction can be directly performed on
the myocardium after ROI definition,21–25 we chose to stan-
dardize each T1-map as reshaped rectangles (32 × 192 pixels)
prior to feature extraction, as previously described.26 This
approach has several advantages, such as integration of shape,
extension of runs parallel to the endocardial border (“horizon-
tal”), and the capacity of stacking.26 Through our creation of
a standard-size ROI, LV wall thickness is integrated in TA
features depending on epi- to endocardial border (“vertical”)
orientation and the added information can potentially
improve the diagnostic capacity of these features. On the
other hand, LV wall thickness shrinkage disfavors co-
occurrence matrix features with larger displacements, as the
frequency of larger pixel differences in the “vertical” direction

is reduced. However, run-length matrix features in the “hori-
zontal” orientation theoretically improve, as each run covers
the whole myocardium. Related LRLGE with a 45� angle,
the TA feature selected in our study took advantage of three
components of standardization: maintenance of epi- to endo-
cardial border orientation throughout the ROI, partial incor-
poration of wall thickness, and coverage of longer “runs” in
comparison to ROI definition based on short-axis LV presen-
tation. Additionally, with the majority of features having an
ICC > 0.75 the standardization process did not impact fea-
ture reproducibility, and DTE classifier test performance was
almost identical in training and testing, underlining the diag-
nostic value of our “omics” approach independent of the
image processing prior to feature extraction.

The features selected for LGE detection are predomi-
nantly associated with heterogeneity of pixel intensity level
(LRLGE-45�) or its absence (Homogeneity-4). Usefulness of
radiomic TA features quantifying heterogeneity in diagnostic
cardiac MRI has been frequently observed. For example, the
TA feature gray level nonuniformity corresponding to the
absence of pixel value similarities on cine images is greater in

FIGURE 8: Illustration of texture feature reproducibility. Bland–Altman plots for intra- and interreader comparisons of long run low
gray level emphasis at 45� (LRLGE-45�) and local binary pattern 22 (LBP-22). Solid blue lines indicate the bias and dotted red lines
indicate the limits of agreement (1.96 × standard deviation).
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HCM and hypertensive patients.22,23 Another TA feature, run-
length nonuniformity, which reflects absent homogeneity of pixel
values, is augmented in patients with histology-confirmed myo-
carditis and HCM on native T1 and T2 maps.24–26 These fea-
tures, as LRLGE-45�, belong to the run-length matrixes category
and possess high test–retest robustness36 as well as interobserver
reproducibility.24–26 As shown in our study, disease- or
application-specific TA patterns exist, and can be captured by dif-
ferent aspects of tissue heterogeneity, and are quantifiable by
higher-order pixel statistics. Our finding that the selected features
differentiate as well between LGE(−) patients with suspected or
known HCM and controls suggested that T1 maps are more
homogeneous in the latter. Considering the observed trends (ie,
LRLGE-45�: LGE(+) > LGE(−) > controls), the difference in
test specificities of 37% and 41% for LGE(+) vs. LGE(−)
suspected or known HCM patient and LGE(+) vs. control
patient comparisons, however, was relatively small.

Clinical implementation of our radiomics TA approach
would require automated T1-map generation and ROI defini-
tion as described by Fahmy et al,39 followed by feature extrac-
tion and interpretation. For the latter, our DTE classifier
defined within the feature selection cohort could be used for
individual patients. Alternatively, cutoff values for a 1D index
based on logistic regression equations could be applied.26,37

Limitations
Our study had several limitations. First, the five T1 map slices
obtained per patient did not cover the whole heart from base to
apex, yet our slice-based comparison between LGE images and
T1 maps provides an estimation of whole-heart coverage by T1

maps. Second, our radiomic TA was designed as a screening tool
and not to substitute LGE quantification, meaning per-patient
results and not per-segment results are the most relevant. Third,
the influence of different feature selection methods,21–25 T1

sequences, field strength, and image preprocessing on TA features
needs to be investigated. Finally, we performed our radiomic TA
in a small single-center cohort using a single 1.5T cardiac MRI
scanner with split-sample validation only; larger multicenter,
multivendor, multifield studies might provide geographic valida-
tion and consequently better generalizability of results.31

Conclusion
Our study indicates that radiomic TA of native T1 images
can predict LGE(+) in patients referred for cardiac MRI with
suspected or known HCM. The method can identify ~1/3 of
LGE(−) patients for whom gadolinium administration can be
safely avoided.

Acknowledgment
Contract grant sponsor: National Institutes of Health; Con-
tract grant numbers: 1R01HL129185-01, 1R01HL129157,
and 1R01HL127015 (Bethesda, MD, USA) (to R.N.);

Contract grant sponsor: the American Heart Association
(AHA); Contract grant number: 15EIA22710040 (Waltham,
MA, USA).

References
1. Maron BJ, Gardin JM, Flack JM, Gidding SS, Kurosaki TT, Bild DE.

Prevalence of hypertrophic cardiomyopathy in a general population of
young adults. Circulation 1995;92:785-789.

2. Finocchiaro G, Papadakis M, Robertus J-L, et al. Etiology of sudden
death in sports. J Am Coll Cardiol 2016;67:2108-2115.

3. Chan RH, Maron BJ, Olivotto I, et al. Prognostic value of quantitative
contrast-enhanced cardiovascular magnetic resonance for the evalua-
tion of sudden death risk in patients with hypertrophic cardiomyopathy.
Circulation 2014;130:484-495.

4. Ismail TF, Jabbour A, Gulati A, et al. Role of late gadolinium enhance-
ment cardiovascular magnetic resonance in the risk stratification of
hypertrophic cardiomyopathy. Heart 2014;100:1851-1858.

5. Rudolph A, Abdel-Aty H, Bohl S, et al. Noninvasive detection of fibrosis
applying contrast-enhanced cardiac magnetic resonance in different
forms of left ventricular hypertrophy. Relation to remodeling. J Am Coll
Cardiol 2009;53:284-291.

6. Puntmann VO, Jahnke C, Gebker R, et al. Usefulness of magnetic reso-
nance imaging to distinguish hypertensive and hypertrophic cardiomy-
opathy. Am J Cardiol 2010;106:1016-1022.

7. Neisius U, Myerson L, Fahmy AS, et al. Cardiovascular magnetic reso-
nance feature tracking strain analysis for discrimination between hyper-
tensive heart disease and hypertrophic cardiomyopathy. PLoS One
2019;14:e0221061.

8. Sen-Chowdhry S, Jacoby D, Moon JC, McKenna WJ. Update on hyper-
trophic cardiomyopathy and a guide to the guidelines. Nat Rev Cardiol
2016;13:651-675.

9. Elliott PM, Uk C, Anastasakis A, et al. 2014 ESC Guidelines on diagno-
sis and management of hypertrophic cardiomyopathy. Eur Heart J
2014;35:2733-2779.

10. McDonald RJ, Levine D, Weinreb J, et al. Gadolinium retention: A
research roadmap from the 2018 NIH/ACR/RSNA workshop on gado-
linium chelates. Radiology 2018;289:517-534.

11. Jost G, Frenzel T, Boyken J, Lohrke J, Nischwitz V, Pietsch H. Long-
term excretion of gadolinium-based contrast agents: Linear versus mac-
rocyclic agents in an experimental rat model. Radiology 2019;290:
340-348.

12. Radbruch A, Richter H, Fingerhut S, et al. Gadolinium deposition in the
brain in a large animal model. Invest Radiol 2019;54:531-536.

13. Kanda T, Ishii K, Kawaguchi H, Kitajima K, Takenaka D. Hyperintensity
in dentate nucleus and globus pallidus on unenhanced MR images.
Radiology 2014;270:834-841.

14. FDA Drug Safety Communication. FDA Warns that Gadolinium-based
Contrast Agents (GBCAs) are Retained in the Body; Requires New Class
Warnings. Accessed on December 12, 2019. Available from: www.fda.
gov/Drugs/DrugSafety/ucm589213.htm

15. Messroghli DR, Walters K, Plein S, et al. Myocardial T1 mapping: Appli-
cation to patients with acute and chronic myocardial infarction. Magn
Reson Med 2007;58:34-40.

16. van Assen M, van Dijk R, Kuijpers D, Vliegenthart R, Oudkerk M. T1
reactivity as an imaging biomarker in myocardial tissue characterization
discriminating normal, ischemic and infarcted myocardium. Int J Cardi-
ovasc Imaging 2019;35:1319-1325.

17. Kali A, Choi EY, Sharif B, et al. Native T1 mapping by 3-T CMR imaging
for characterization of chronic myocardial infarctions. JACC Cardiovasc
Imaging 2015;8:1019-1030.

18. Nezafat R. Native T1 mapping for myocardial infarction: Time to throw
out the gadolinium? JACC Cardiovasc Imaging 2015;8:1031-1033.

13

Neisius et al.: Radiomic LGE Detection on T1 Maps

http://www.fda.gov/Drugs/DrugSafety/ucm589213.htm
http://www.fda.gov/Drugs/DrugSafety/ucm589213.htm


19. Kłopotowski M, Miłosz-Wieczorek B, Witkowski A, et al. Native
T1-mapping for non-contrast assessment of myocardial fibrosis in
patients with hypertrophic cardiomyopathy - comparison with late
enhancement quantification. Magn Reson Imaging 2015;33:718-724.

20. Gillies RJ, Kinahan PE, Hricak H. Radiomics: Images are more than pic-
tures, they are data. Radiology 2016;278:563-577.

21. Schofield R, Ganeshan B, Fontana M, et al. Texture analysis of cardio-
vascular magnetic resonance cine images differentiates aetiologies of
left ventricular hypertrophy. Clin Radiol 2019;74:140-149.

22. Baeßler B, Mannil M, Maintz D, Alkadhi H, Manka R. Texture analysis
and machine learning of non-contrast T1-weighted MR images in
patients with hypertrophic cardiomyopathy—Preliminary results. Eur J
Radiol 2018;102:61-67.

23. Cetin I, Petersen SE, Napel S, Lekadir K. A radiomics approach to ana-
lyze cardiac alterations in hypertension. In: 16th International Sympo-
sium Biomed Imaging. Venice, Italy; 2019, p 40–643.

24. Baessler B, Luecke C, Lurz J, et al. Cardiac MRI texture analysis of T1
and T2 maps in patients with infarctlike acute myocarditis. Radiology
2018;289:357-365.

25. Baessler B, Luecke C, Lurz J, et al. Cardiac MRI and texture analysis of
myocardial T1 and T2 maps in myocarditis with acute versus chronic
symptoms of heart failure. Radiology 2019;292:608-617.

26. Neisius U, El-Rewaidy H, Nakamori S, Rodriguez J, Manning W,
Nezafat R. Radiomic analysis of myocardial native T1 imaging discrimi-
nates between hypertensive heart disease and hypertrophic cardiomy-
opathy. JACC Cardiovasc Imaging 2019;12:1946-1954.

27. Salton CJ, Chuang ML, O’Donnell CJ, et al. Gender differences and
normal left ventricular anatomy in an adult population free of hyperten-
sion. A cardiovascular magnetic resonance study of the Framingham
Heart Study Offspring cohort. J Am Coll Cardiol 2002;39:1055-1060.

28. Weingärtner S, Roujol S, Akçakaya M, Basha TA, Nezafat R. Free-
breathing multislice native myocardial T1 mapping using the slice-
interleaved T1 (STONE) sequence. Magn Reson Med 2015;74:115-124.

29. Roujol S, Foppa M, Weingärtner S, Manning WJ, Nezafat R. Adaptive
registration of varying contrast-weighted images for improved tissue
characterization (ARCTIC): Application to T1 mapping. Magn Reson
Med 2015;73:1469-1482.

30. Fahmy AS, Rausch J, Neisius U, et al. Automated cardiac MR scar quan-
tification in hypertrophic cardiomyopathy using deep convolutional
neural networks. JACC Cardiovasc Imaging 2018;11:1917-1918.

31. Park SH, Han K. Methodologic guide for evaluating clinical perfor-
mance and effect of artificial intelligence technology for medical diag-
nosis and prediction. Radiology 2018;286:800-809.
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