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HIGHLIGHTS

e Texture based probability mapping can be used to evaluate myocardial scar size.
e The method can assess myocardial fibrosis independent of signal intensity.
e The TPM method shows strong correlations between scar size and left ventricular ejection fraction.

ARTICLE INFO ABSTRACT
Keywords: Purpose: To evaluate a novel texture-based probability mapping (TPM) method for scar size estimation in LGE-
Cardiac magnetic resonance. Late gadolinium CMRI.

enhancement. Myocardial infarction. Machine Methods: This retrospective proof-of-concept study included chronic myocardial scars from 52 patients. The TPM

was compared with three signal intensity-based methods: manual segmentation, full-width-half-maximum
(FWHM), and 5-standard deviation (5-SD). TPM is generated using machine learning techniques, expressing
the probability of scarring in pixels. The probability is derived by comparing the texture of the 3 x 3 pixel matrix
surrounding each pixel with reference dictionaries from patients with established myocardial scars. The
Sgrensen-Dice coefficient was used to find the optimal TPM range. A non-parametric test was used to test the
correlation between infarct size and remodeling parameters. Bland-Altman plots were performed to assess
agreement among the methods.

Results: The study included 52 patients (76.9% male; median age 64.5 years (54, 72.5)). A TPM range of
0.328-1.0 was found to be the optimal probability interval to predict scar size compared to manual segmenta-
tion, median dice (25th and 75th percentiles)): 0.69(0.42-0.81). There was no significant difference in the scar
size between TPM and 5-SD. However, both 5-SD and TPM yielded larger scar sizes compared with FWHM (p <
0.001 and p = 0.002). There were strong correlations between scar size measured by TPM, and left ventricular
ejection fraction (LVEF, r = —0.76, p < 0.001), left ventricular end-diastolic volume index (r = 0.73, p < 0.001),
and left ventricular end-systolic volume index (r = 0.75, p < 0.001).

Conclusion: The TPM method is comparable with current SI-based methods, both for the scar size assessment and
the relationship with left ventricular remodeling when applied on LGE-CMRIL

learning. Left ventricular remodeling

1. Introduction [1]. Late gadolinium-enhanced cardiovascular magnetic resonance im-
aging (LGE-CMRI) has become the gold standard for assessing scar size

Following myocardial infarction (MI), the scar size estimation adds following MI [2,3]. Current methods use pixel- and regional differences
valuable information about left ventricular remodeling and prognosis in signal intensity (SI) to assess scar size either by manual planimetry,

Abbreviations: CMR, Cardiac magnetic resonance; MI, Myocardial infarction; LGE, Late gadolinium enhancement; FWHM, Full-width-half-maximum; 5-SD, 5
standard deviation; LV, Left ventricle; TPM, Texture-based probability mapping; SI, Signal intensity.
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the n-standard deviation (SD) technique, or the full width half maximum
(FWHM) technique [4]. In manual planimetry, the demarcation between
scarred and non-scarred myocardium is done by visual assessment [4].
The n-SD method uses the standard deviation of SI-values in non-scarred
myocardium to define the scarred myocardium (most commonly 5-SD)
[4]. In the FWHM method, the scar is defined as pixels with a SI of
more than 50% of the maximal SI of any pixel within the scar.
Contemporary Sl-based methods have several limitations [5,6]. These
methods require that regions of interest (ROI) are defined on each slice.
Outlining and verification are both time-consuming and vulnerable to
imprecisions and inter-observer variability. Furthermore, in slices with
little contrast in SI between scarred and non-scarred myocardium, it
may be hard to define the true ROI, and the n-SD and the FWHM may
over-or underestimate the size of the LGE depending upon the range of
SI of the pixels [7]. It would therefore be beneficial to develop methods
that overcome the challenges with SI as mentioned above.

The analysis of image texture is one of the main pillars of radiomics
[8]. Image texture is not bound by a strict definition but can be described
as the arrangement of gray-level pixel patterns providing image prop-
erties such as coarseness, randomness, and smoothness [9]. Data char-
acterization algorithms of textural features can be used to study image
properties that cannot be visualized using standard SI-based methods [5,
10]. In this study, we evaluate the potential use of a semi-automatic
texture-based method for the assessment of myocardial scar size in
LGE-CMRI. The texture-based probability mapping (TPM) method is
generated by a machine learning technique using reference dictionaries
to calculate the scar size in new LGE images [11]. The TPM method
calculates each pixel’s probability of being scar tissue and is not
dependent upon regional differences in SI. The TPM provides each pixel
with a probability ranging between 0 and 1. However, the probability
range most closely resembling conventional scar segmentation has not
been found. Therefore, the present study first determined the TPM
probability range most closely related to manual scar segmentation.
Then the TPM based scar size was compared with the scar size found by
contemporary SI based methods (FWHM and 5-SD). Finally, the patho-
physiological link between scar size and left ventricular remodeling was
assessed for all four methods for scar size measurement.

Due to limitations with SI-based methods already mentioned and the
potential of using a texture-based approach, we conducted this study to
explore the TPM method's properties in myocardial scar assessment.

The hypothesis of our study was that TPM applied on LGE-CMRI will
be able to recognize chronic myocardial infarction when applying the
appropriate probability threshold.

Thus, the purpose of our proof-of-concept study was to assess the
diagnostic potential of the TPM as a texture-based method without the
use of SL.

2. Methods
2.1. Patient population

This single-center retrospective analysis was based upon CMR im-
ages from 54 patients with chronic ischemic scars (> 1 year old)
(Table 1). The analysis was approved by The Regional Ethics Committee
(REK Vest: 3.2005.1312). All included patients signed an informed
consent.

We used CMR images from our study database of chronic myocardial
scars obtained in the period of 2004 — 2006 [1,12]. The patients had no
other known cardial diseases, and there were no sign of microvascular
obstruction.

The TPM method was evaluated on LGE-CMRI. Cine CMR images
were used to assess left ventricular remodeling. All CMR examinations,
both those previously used to generate the dictionary and the images of
the patients used in the current study, were acquired using the same
hardware, image acquisition protocols, contrast agent, and software.
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Table 1
Baseline characteristics.

Variables (n = 52)

Age (years) 64.5 (54, 72.5)

Male/female 40/12
Number of coronary vessel(s) involved

1 vessel 38 (73%)
2 vessels 3 (6%)

3 vessels 11 (21%)
Heart failure treatment

B-Blockers 36 (69%)
ACEi/AT2 blockers 46 (89%)
Aldosterone-antagonists 13 (25%)
CMR findings

LVEF (%) 44 (32,55)
LVEDVi (ml/m?) 106 (87, 139)
LVESVi (ml/m?) 57 (39,93)

Data are expressed as absolute numbers, percent of total or median with 25th
and 75th percentiles. LVEF left ventricular ejection fraction, LVEDVi left ven-
tricular end-diastolic volume index, LVESVi left ventricular end-systolic volume
index, ACEi angiotensin-converting enzyme inhibitor, AT2 angiotensin type 2
receptor blocker, CMR cardiovascular magnetic resonance.

2.2. The texture-based probability mapping (TPM) method

The TPM method uses dictionaries and machine learning (ml) tech-
niques (quadratic discriminant analysis) to generate texture-based
probability maps [11]. Even though the dictionary is based on a
limited dataset, it’s generated using cross-validation and an ml algo-
rithm that is not sensitive to overtraining, and the results should
therefore not be compromised. The calculation of the probability of
scarring in each pixel is based upon the comparison of a 3 x 3 pixels
matrix (patch) surrounding each pixel, with a dictionary constructed
from 3 x 3 pixel matrices of LGE images in patients with established
myocardial scars (Fig. 1) [11]. The method is based on the application of
Bayes™ theorem. For each slice, the posterior probability of that pixel
being scar compared with healthy myocardium is estimated. The pos-
terior probabilities are calculated using features from the myocardium
and estimates of the two classes’ prior probabilities and class-specific

a5
- ]

Right ventricular

cavity Myocardium

Fig. 1. Varieties of signal intensity of the matrices. Fig. 1 shows a LGE-MRI
with a myocardial ischemic scar (bright pixels delineated by a blue line). P1:
Core. P2: Border zone. P3-P4: Normal myocardium, but still, there is a variety
in signal intensity. Fig. 2.
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density functions of the features and validated from a labeled training
set of features. The texture was defined as a repetitive pattern of prim-
itives. One dictionary for non-scar myocardium (Dm) and one for scar
tissue (Ds) were trained so that the patches can be reconstructed. Thus,
each patch is reconstructed from linear combinations of texture primi-
tives, both from Ds and Dm. The representation error is calculated for
each reconstruction (Rm and Rs), and a textural feature is expressed as
the ratio between these: Rp = Rm/(Rs+Rm). A high Rp means that the
patch resembles scar tissue. A classifier was trained to distinguish scar
tissue from normal tissue based on Rp. The classifier yields probability
values for two categories, of which the one expressing the probability of
scarred tissue defines the TPM. The TPM method requires that epicardial
and endocardial contours are determined, but it does not require a
separate ROI to identify scarred and non-scarred myocardium prior to
the analysis. Each pixel is provided a color code indicating the proba-
bility (0—1) that the pixel represents scarred tissue. The probability map
consists of all color-coded pixels from each slice (Fig. 2).

2.3. Image acquisition

Images were acquired on a 1.5-T Philips Intera R 8.3 (Philips Medical
Systems, Best, The Netherlands). To assess left ventricular ejection
fraction (LVEF), left ventricular end-diastolic volume index (LVEDVi),
and left ventricular end-systolic volume index (LVESVi), we used a
steady-state free precession sequence (balanced fast field echo) covering
the entire left ventricle with a slice thickness of 8 mm and an interslice
gaps of 2 mm. Images were acquired during breath-holding. Following
functional assessment, LGE sequences were obtained 10-15 min after
administering a 0.25 mmol/kg gadolinium-based contrast agent
(Omniscan®, GE HealthCare technologies Norway AS, Nycoveienl,
0484 Oslo, Norway). We used an inversion-recovery-prepared T1-
weighted gradient-echo (T1-GRE) sequence with TR 4.1 ms (range
4.0-4.2ms) and TE 1.3 ms. The pixel size was 0.82 x 0.82 mm?,
covering the whole ventricle with short-axis 10 mm thick slices without
an interslice gap. The inversion time was individually adjusted, aiming
to null the normal myocardial signal (typically 200-300 ms).

2.4. Processing of LGE images

The images were stored in Digital Imaging and Communications in
Medicine (DICOM) format, with 512 x 512 pixels and a bit depth of 12.
Because of anatomical and partial volume artefacts, we excluded the
most apical cross-sectional images and the basal parts at the level of the
left ventricle outflow tract. Median image slices per patient included in
the analyses were 7 (IQR 1). The LGE-CMR images were analyzed using
in-house-developed software programs written in MATLAB® (Natick,

a) LGE-CMRI

b) TPM color map
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Massachusetts, USA). ViewForumTM (Philips Medical Systems, Best,
The Netherlands) was used for the original assessment of LV volumes,
analyzing the full short-axis dataset in a random blinded fashion,
without the knowledge of infarct size. LV volumes were indexed for
body surface area to compensate for the large range in body size.

The ICC values were recognized to be low at the start of the study,
with interobserver ICC = 0.908 for myocard and 0.838 for scar. The
scar, endo- and epicardial borders were therefore drawn in consensus by
two cardiologists experienced in CMR (S, 20 years of experience, and
LW, 10 years of experience)). The same contours were used for all
methods. When assessing the presence for LGE, all projections were
studied in detail. Enhancement had to be visual in three different axis
views. The readers were blinded to earlier image examinations and
medical history except that they had a history of acute MI.

The segmentations created in MATLAB were used to create proba-
bility maps (done by G.J.B), where high- and low- probabilities indicate
scarred and normal tissue, respectively. A color figure was used to
visualize the probability maps (Fig. 2). Shades from green to yellow and
towards red show increasingly damaged myocardium, while blue in-
dicates normal tissue. By adjusting the lower probability threshold, we
could study different parts of the myocardium according to its scarring
resemblance and find the optimal interval to fit manual demarcation,
which is the most used method for assessing infarct size (done by G.J.B).
This process was done by using the Sgrensen-Dice coefficient[13,14],
which measures similarities between sets by dividing twice the number
of elements common to the two sets by the total number of elements.
Cardiac segments (CS) were examined for the ranges 0.290-1.0,
0.291-1.0. 0.349-1.0 (60 values). We split the cohort (n = 52) into five
groups: testl. test5, with 10 or 11 patients in each group. By leaving a
different test group out at the time, we get five different training groups.
The Dice coefficient was calculated for each slice. The performance was
calculated by first calculating the median (dice) across the slices for each
patient and then the median of these calculations. For each training set,
the median dice coefficient was calculated for all ranges. The scar size of
the TPM was compared with the two other semi-automatic methods: the
5-SD and the FWHM, using the probability range 0.328-1.

2.5. Statistical analysis

All statistical analyses were performed using SPSS for Windows, Rel.
26.0.0.1. Chicago: SPSS Inc., and MATLAB®. Continuous variables are
expressed as mean =+ standard deviation (SD) for normally distributed
variables and medians with 25th and 75th percentiles for non-normally
distributed variables. The Shapiro-Wilk test was used to assess
normality. Spearman's rho correlations coefficient was used to assess
the relationship between the infarction size estimated by the different

c) TPM 0.328-1

Fig. 2. Assessment by the TPM-method a) Original LGE-CMRI with Corresponding TPM color map (b). Shades of blue indicate normal myocardium, and green,
yellow and orange indicate scarred myocardium with higher probability as the color gets more intense. We can appreciate the smooth transition between normal and
scarred myocardium which is thought to make more sense physiologically compared with the crisp segmentation by the hand of the cardiologist. ¢) TPM with a cutoff
threshold of 0.328. All pixels above that threshold are red, and pixels below are green.
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methods and LV volumes and functions. Bland-Altman plots were used
to assess agreement among the methods. All tests were two-sided, and
p < 0.05 was considered statistically significant. The Sgrensen-Dice
coefficient was used to compare the manual segmentation to different
lower thresholds of TPM.

3. Results
3.1. Baseline characteristics

The reference CMR images were obtained from 54 patients (78%
male; median age 65 years (54, 74)) with chronic myocardial scars (>1
year). Images from two patients were excluded due to fold-over and
motion artifacts. The baseline characteristics of the remaining 52 pa-
tients are provided in Table 1. No image had evidence of microvascular
obstruction.

3.2. Pixel distribution and probability range

The pixel distribution of the probability intervals computed by the
TPM of all 52 patients is presented in Fig. 3. The maximum achieved
probability for any pixel was 0.75. When combining manual assessment
of the infarct size and cross-validation, the optimal TPM-range for
myocardial scarring was found with the probability range 0.328-1.0:
Sgrensen-Dice (median (25th and 75th percentiles)) 0.69(0.42-0.81),
sensitivity 0.87 (0.61-0.91) and specificity 0.92 (0.85-0.96). Hence, all
pixels with a higher probability than 0.328 were classified as scar and
designated with the color red. Values below this probability threshold
were designated green color (Figs. 2 and 4). The majority of pixels were

located in the lower probability interval range, indicating that most
pixels represent normal myocardium.
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3.3. Comparing infarct size measurements and LV remodeling

Fig. 4 illustrates the difference between the four methods calculating
infarct size. The FWHM generated the smallest infarct size estimates,
while the 5-SD estimated the largest (Table 2). There was no significant
difference in infarct size estimation between TPM and 5-SD. The TPM
estimated larger infarctions compared with the FWHM (p < 0.02). There
was also a significantly larger estimated infarct size using manual
planimetry compared with FWHM (p = 0.001). We compared the scar
size estimates by TPM with the manual, and the two semi-automatic
method using Bland-Altman plots (Fig. 5). Fig. 5b shows an increasing
difference between scar size estimated by TPM and FWHM with
increasing scar size. To compare the different methods with the rela-
tionship of adverse response, the infarct size assessments of all methods
were compared with parameters of left ventricular remodeling (LVESVi
and LVEDVi) and function (LVEF). The TPM method demonstrated
similar correlations with left ventricular remodeling compared with the
three other methods (manual, FWHM, and 5-SD, Table 3).

4. Discussion

The present study suggests that the TPM method can be used to es-
timate infarct size, and is comparable with contemporary SI-based
methods. Furthermore, the correlation between TPM based scar size
and left ventricular remodeling indicates that the TPM based scar size is
related to important pathophysiological mechanisms such as left ven-
tricular remodeling. However, compared with the FWHM, the TPM
generated a larger infarct size estimation and a less strong relation be-
tween infarct size and LV remodeling. This finding underscores that the
TPM relates to other properties than those measured by FWHM.

When comparing the TPM method to manual segmentation, which
still is the gold standard when done by an expert reader, Fig. 5a shows a
positive bias, implying an overestimation of fibrosis. However, the
present work is a proof-of-concept, and the potential complementary
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Fig. 3. Pixel distribution The figure displays how the probability distributes for all pixels of the 52 patients analyzed in the present study. Since the manual
delineation is based on visual interpretation of SI, and the TPM is based on replicating this from texture information, the recognition accuracy and the probabilities
will not reach higher than 0.75. The probability threshold between scarred and non-scarred pixels comparing the TPM method with the manual demarcation was
found to be 0.328. Pixels with a probability value below this limit were defined as non-scar (green), whereas pixels with a probability value above this limit are

considered to represent scarred tissue (red).
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a) LGE-CMRI

d) Manual e) FWHM

b) TPM color map
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c) TPM 0.328-1

f) 5-SD

Fig. 4. Cross-sectional images of infarcted myocardium visualized by different methods a) Original cross sectional LGE-CMRI with Corresponding TPM color map
without cutoff (b). Figure c-f illustrates the different scar delineation by using the four methods. Green and red colors indicate normal and scarred myocardium,
respectively. The Scar is defined as pixels with probability mapping-values > 0.328 (red), while pixels below this threshold are classified as normal myocar-

dium (green).

Table 2

Infarct size estimated by the four methods.
Method  Scarsize  Percentiles (25,75) p P P

% of LV vs TPM vs Manual ~ vs FWHM

TPM 23 (11, 32) NA 99 002
Manual 19 (14, 26) 99 NA 01
FWHM 12 (8,18) 002 001 NA
5-SD 26 (19, 33) 99 036 < 0.001

Scar size is presented as a percentage of the total number of pixels in the left
ventricle (% of LV). Values are median and 25th and 75th percentiles. The p-
values (adjusted by the Bonferroni correction for multiple tests) are calculated
by independent-samples median test comparing the median infarct size between
the four methods: Texture Probability Mapping, Manual delineation, Full Width
Half Maximum (FWHM) and 5-standard deviation of remote myocardium (5-
SD).

role for TPM in the assessment of myocardial fibrosis needs exploration
in future studies.

There have been a growing number of publications on the topic
radiomics and CMRI, especially with the focus on MI and myocarditis
[15-17]. To our knowledge, there hasn’t been any study presenting a
probability mapping technique as a tool for the assessment of fibrosis
comparable with our method. Fig. 6.

The TPM method is based upon dictionaries of textural information
from LGE images from subjects with established myocardial scars [11].
The dictionaries have an impact on the output of the method. Both the
core and the border zone of infarctions were included in the present scar
tissue dictionary. The purpose of incorporating all parts of the ischemic
scar in the present reference dictionary was to ensure that the method
would recognize any type of myocardial scarring. Myocardial scars are

heterogeneous, ranging from compact fibrous replacement tissue in the
center of the scar to the border zone of the scar, being the transition
between scarred and viable myocardium [18]. The diversity in tissue
composition within a scar is a challenge when creating algorithms
designed to identify scar tissue. Some scars are more compact, for
example, in the case of transmural ST-elevation myocardial infarctions.
Other scars are more diffuse, and infiltrative as seen in several cardio-
myopathies [19,20]. The scars’ border-zone and the development of
diffuse myocardial fibrosis have been suggested to be related to the
development of ventricular arrhythmias [21-23]. The identification and
characterization of this type of fibrosis may aid the identification of
subjects at risk of ventricular arrhythmias.

When comparing the TPM technique with the contemporary SI-based
techniques for scar quantification, there are several important differ-
ences. Since the TPM method is based upon textural features, the
method is not dependent on signal intensity as a reference value.
Therefore, it is not necessary to find a ROI of the myocardium to
calculate infarct size by the TPM method. This advantage reduces inter-
and intraobserver variability and the time spent on analyzing LGE
images.

The TPM method uses a dictionary including texture properties
derived from the whole spectrum of infarcted myocardial tissue. In
contrast, the FWHM primarily estimates the core of the infarction,
whereas the 5-SD estimates the total infarction. It was, therefore as ex-
pected that the TPM method would estimate an infarct size between the
5-SD and the FWHM methods.

The n (5)-SD technique uses manual outlining of endocardial and
epicardial borders and requires the delineation of a “normal” region
(remote to the scar) to estimate the standard deviation (SD) of the
reference SI. In the classic publication by Kim et al., a 2-SD of the SI of
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Table 3
Correlation coefficients (Spearman's rho) between infarct size estimated by four
different methods, and LVEF, LVEDVi and LVESVi.

Spearman's rho TPM Manual FWHM. 5-SD.

LVEF -0.763* -0.705* -0.809* -0.732*
LVEDVi 727% .715* .792% .736*
LVESVi .751% 717% .817% .743%

LVEF left ventricular ejection fraction, LVEDVi left ventricular end-diastolic
volume index, LVESVi left ventricular end-systolic volume index.
" p<0.001

the remote region was used to define the scar tissue [24]. Later studies
showed that using 2-SD overestimates scar size [25,26]. Currently, 5-SD
of remote SI is the recommended SD used to define scar size by this
method [4]. However, as demonstrated by the present study, 5-SD still
provides higher scar size estimates compared with the other methods
[27]. Furthermore, the drawing of remote myocardium is susceptible to
spatial variations in surface coil sensitivity [4]. To assess ischemic LGE,
5 standard deviations are recommended [4]. Even though the presence
of LGE is automatically determined, it requires manual corrections to
include areas with microvascular obstruction and to avoid areas with
artifacts and blood pool in the left ventricle to be interpreted as
infarction [4].

In line with other methods, the FWHM technique also requires
manual segmentation of endocardial and epicardial borders. The
method estimates infarct size by measuring all pixels above a threshold
of 50% of the maximum intensity in the infarction in each slice [24,28].
The image is assessed visually, and if there is LGE present, the scar re-
gion containing maximum SI is manually selected. The FWHM technique
is more reproducible than 5-SD [28]. As for the 5-SD technique, the

European Journal of Radiology Open 8 (2021) 100387

FWHM technique is also vulnerable to spatial variations in surface coil
sensitivity[29]. It could be more difficult to select the region with
maximum SI in images with patchy or gray LGE, or several separate
scars. In these patients, the method may be less accurate than the 5-SD
method [4,24]. As mentioned for the 5-SD technique, manual correction
is also necessary for no-reflow zones, artifacts and LV blood pool.

5. Limitations

The following study has several limitations: First, the study cohort is
limited and only from a single center. Second, we are not in possession of
animal models to verify our findings by histology. Our findings can
therefore not be validated as representing true alterations in tissue
characteristics. Third, the development of the TPM method started in
2010. The dictionaries in the program are based upon CMR images ac-
quired prior to this date. The evaluation of the TPM method in the
present study is therefore dependent upon the use of the same CMR
methods, including the same contrast agent, the same hardware, the
same settings, and the same software as used to generate the dictio-
naries. We, therefore, only included old images in the current study. The
need to create new dictionaries for CMR examinations using other
contrast agents and LGE protocols should be addressed by future studies.
Fourth, we did not include a control group without pathological LGE.
Fifth, we only included patients with infarct scar, and it is unclear
whether the method will recognize fibrosis from other diseases such as
midwall fibrosis in dilated cardiomyopathy, patchy fibrosis in hyper-
trophic cardiomyopathy or subepicardial fibrosis. This must be assessed
in further studies.

Sixth, there are also limitations common for our method and current
SI-methods. If parts of epicardial fat or intraventricular blood pool are

myocardial scars.
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Fig. 6. Gives a summary of the creation of the TPM color map and highlights the selected probability range used to assess scar.
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included, this may be misinterpreted by the TPM as scar tissue. Due to
partial volume artifacts, there are challenges in the analysis of the most
basal and apical cross-sectional image. If the inversion time does not null
out the normal myocardium, it may cause overestimation of the
infarction area. These problems are also relevant to current SI based
methods.

Seventh, our study only includes patients with chronic scars, and the
texture may be different in an acute MI. This is due to alternations in the
underlying tissue composition in the acute phase of myocardial infarc-
tion. The acute phase consists of chaos of edema, microvascular
obstruction (MO), inflammation and necrosis, which is later replaced
with fibrosis [18]. The present TPM method has been programmed to
recognize the characteristics of MO. However, our study only contains
LGE images from patients with old scars. Future studies need to evaluate
TPM in the early phase following acute myocardial infarction.

6. Conclusion

TPM is comparable to the conventional SI-based method for quan-
tification of scar burden following MI. Scar size assessed by TPM shows
strong correlations with left ventricular remodeling parameters.
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