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Test-retest repeatability of myocardial radiomic features from quantitative 

cardiac magnetic resonance T1 and T2 mapping 

 

ABSTRACT 

Radiomics of cardiac magnetic resonance (MR) imaging has proved to be potentially 

useful in the study of various myocardial diseases. Therefore, assessing the 

repeatability degree in radiomic features measurement is of fundamental importance. 

The aim of this study was to assess test-retest repeatability of myocardial radiomic 

features extracted from quantitative T1 and T2 maps. 

A representative group of 24 subjects (mean age 54  18 years) referred for 

clinical cardiac MR imaging were enrolled in the study. For each subject, T1 and T2 

mapping through MOLLI and T2-prepared TrueFISP acquisition sequences, 

respectively, were performed at 1.5 T. Then, 98 radiomic features of different classes 

(shape, first-order, second-order) were extracted from a region of interest 

encompassing the whole left ventricle myocardium in a short axis slice. The 

repeatability was assessed performing different and complementary analyses: 

intraclass correlation coefficient (ICC) and limits of agreement (LOA) (i.e., the interval 

within which 95% of the percentage differences between two repeated measures are 

expected to lie). 

Radiomic features were characterized by a relatively wide range of 

repeatability degree in terms of both ICC and LOA. Overall, 44.9% and 38.8% of 

radiomic features showed ICC values > 0.75 for T1 and T2 maps, respectively, while 

25.5% and 23.4% of radiomic features showed LOA between ±10%. A subset of 

radiomic features for T1 (Mean, Median, 10Percentile, 90Percentile, 

RootMeanSquared, Imc2, RunLengthNonUniformityNormalized, RunPercentage and 
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ShortRunEmphasis) and T2 (MaximumDiameter, 

RunLengthNonUniformityNormalized, RunPercentage, ShortRunEmphasis) maps 

presented both ICC > 0.75 and LOA between ±5%.  

Overall, radiomic features extracted from T1 maps showed better repeatability 

performance than those extracted from T2 maps, with shape features characterized 

by better repeatability than first-order and textural features. Moreover, only a limited 

subset of 9 and 4 radiomic features for T1 and T2 maps, respectively, showed high 

repeatability degree in terms of both ICC and LOA. These results confirm the 

importance of assessing test-retest repeatability degree in radiomic feature 

estimation and might be useful for a more effective/reliable use of myocardial T1 and 

T2 mapping radiomics in clinical or research studies. 
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Test-retest repeatability of myocardial radiomic features from quantitative 

cardiac magnetic resonance T1 and T2 mapping 

 

1. INTRODUCTION 

Radiomics is a valuable technique with the potential to provide additional quantitative 

information from medical images employing mathematical descriptors (i.e., radiomic 

features) (1–4). In particular, radiomic features express various properties of a region 

of interest (ROI) – inherent to shape, volume, distribution of voxel intensity values, 

and texture (i.e., the spatial arrangement of the voxel intensity values) – and 

represent various indices which may be related to tissues structural changes or 

exploited in the field of precision medicine (1). 

 Nonetheless, the application of radiomics deserves some caution. Several 

studies have shown that radiomic features are sensitive to differences in acquisition, 

reconstruction, preprocessing parameters, and ROI positioning (5–18). Moreover, the 

proper use of radiomic features as imaging biomarkers requires a certain degree of 

repeatability in their estimate (2). Indeed, repeatability – i.e., the “measurement of 

precision that occurs with identical or near-identical conditions” (19) – is a 

fundamental (albeit not sufficient) condition to effectively and reliably employ radiomic 

features in both cross-sectional and longitudinal studies, as well as in daily clinical 

practice (2). Indeed, poorly repeatable features with a high degree of variability in 

their measurement can reduce the statistical power of a study and hinder the 

interpretation of any change in their values. Previous studies have shown that 

repeatability degree varies across radiomic features and depends on both imaging 

modality and anatomical region (10, 20–23). Therefore, the repeatability of radiomic 

features should be possibly assessed for each specific application before planning 
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and performing clinical or research studies. 

 While in principle radiomics can be applied to any sequences performed in 

routine clinical cardiac magnetic resonance (MR) imaging, T1 and T2 mapping are 

particularly attractive given their inherent quantitative nature. Recently, some 

promising studies have applied radiomic analysis in cardiac MR imaging to assess 

whether this tool could reveal myocardial phenotypic alterations in different cardiac 

diseases (24–40), with only a subset of these studies actually employing T1 and T2 

mapping techniques (31–38). Nonetheless, to our knowledge, only two preliminary 

studies have assessed the repeatability of cardiac MR imaging radiomic features 

measurement (23, 41). In particular, the study by Raisi-Estabragh et al. (23) has 

evaluated test-retest repeatability of cardiac MR radiomic features from cine images 

using a multi-center and multi-vendor dataset. Overall, they have shown a wide 

variation in the repeatability degree within each considered class of radiomic 

features, with only slight differences between cardiac phases. Jang et al. (41) have 

investigated test-retest repeatability in phantoms, healthy participants, and patients 

referred for clinical cardiac MR imaging. In particular, for the in vivo investigation, 

they have observed varying patterns of radiomic features repeatability among 

acquisition sequences, with radiomic features from T1 and T2 mapping showing a 

similar repeatability degree to those derived from conventional acquisition 

sequences. However, they have reported only summary results across radiomic 

features, providing no information regarding the specific repeatability degree of each 

single radiomic feature. 

Therefore, the present study aimed to assess in detail and comprehensively 

test-retest repeatability of myocardial radiomic features derived from quantitative 

cardiac MR T1 and T2 mapping.  



 

2. MATERIAL AND METHODS 

The study was conducted according to the guidelines of the Declaration of Helsinki 

and approved by the local Ethics Committee. Informed consent was obtained from all 

subjects involved in the study. 

2.1. Subjects  

We prospectively enrolled 6 healthy participants (2 females, 4 males) with no 

cardiovascular disease and 18 patients (4 females, 14 males) referred for clinical 

cardiac MR imaging, as reported in Table 1. This yielded a representative group of 

24 subjects (54 ± 18 years), for whom a comprehensive MR imaging examination, 

including both T1 and T2 mapping sequences, was performed. 

 

2.2. Cardiac MR imaging 

All cardiac MR imaging examinations were performed using a 1.5 T MR scanner 

system (MAGNETOM Avanto, Siemens Healthcare, Erlangen, Germany) equipped 

with gradients of 45 mT/m strength and a 12-channel surface phased array coils. 

Cine images were performed in the 2- and 4-chamber view planes (3 slices 

each) and in short-axis view (8-14 slices encompassing the entire left ventricular 

myocardium), using a TrueFISP sequence (TR = 2.5 ms, TE = 1.2 ms, slice 

thickness = 8 mm). 

Both T1 and T2 maps were obtained in the short-axis view, acquiring a single 

basal slice located where myocardial thickness was maximum (with reduced partial 

volume effect) and where myocardial changes are assumed to be more severe in 

various pathologies. T1 mapping was performed utilizing a modified look-locker 

inversion recovery (MOLLI) pulse sequence with a 3-3-5 acquisition scheme (42). 



 

Pulse sequence parameters were as follows: TE/TR = 1.14/2.5 ms, flip angle = 35°, 

matrix size = 124 × 192, in-plane resolution ranged from 1.77 mm × 1.77 mm to 2.29 

mm × 2.29 mm, typical field of view = 380 mm × 273 mm, slice thickness = 8 mm. T2 

maps were obtained using a T2-prepared TrueFISP sequence (43) with the following 

parameters: T2 preparation time = 0/24/55 ms, TR = 4 × R–R, flip angle = 70°, matrix 

size = 126 × 192, in-plane resolution ranged from 1.77 mm × 1.77 mm to 2.29 mm × 

2.29 mm, typical field of view = 380 mm × 276 mm, slice thickness = 8 mm. 

For the purpose of the present investigation, each subject underwent two 

repeated cardiac MR imaging examinations on the same session, with a short break 

of a few minutes and repositioning.  

 

2.3. T1 and T2 maps preprocessing 

For each subject and each repeated acquisition, an ROI covering the entire 

myocardium was manually delineated by a single radiologist expert in cardiac MR 

imaging (15 years of experience) using 3D Slicer (Version 4.11.2) (44, 45). ROIs 

were delineated separately on T1 and T2 maps, avoiding voxels with potential partial 

volume effect (see Figure 1). 

 Given that the original in-plane spatial resolution ranged from 1.77 mm x 1.77 

mm to 2.29 mm x 2.29 mm across patients for both T1 and T2 maps due to the need 

to adapt the field of view to the patient’s body size, voxel sizes were resampled to an 

in-plane isotropic spatial resolution of 2.0 mm using the B-spline interpolation 

algorithm (with the origins of interpolation and original image grids aligned together 

(46)). 

 T1 and T2 maps discretization was carried out following a fixed bin width 

approach as recommended by the Image Biomarker Standardization Initiative (IBSI) 



 

guidelines when dealing with quantitative data (46). Bin width values were chosen so 

that the number of quantization levels of T1 and T2 maps was within the range of 30-

130 for each subject (9, 47, 48). In particular, given that the median (across subjects) 

ranges of T1/T2 values (i.e., the difference between the maximum and the minimum 

T1/T2 values of voxels within the ROI) were 295/29 ms and 261/28 ms for test and 

retest acquisition, respectively, bin widths of 5 ms and 0.55 ms were employed for T1 

and T2 maps, respectively. 

 All preprocessing steps and subsequent radiomic features estimation were 

carried out by using the open-source PyRadiomics library (49) (Version 3.0.1) with 

Python (Version 3.7.3). 

 

2.4. Radiomic features estimation 

Since MOLLI and T2-prepared sequences allowed obtaining T1 and T2 maps, 

respectively, on only one slice for single acquisition (42, 43), the 2D versions of 

radiomic features were considered. Specifically, a total of 98 features were extracted 

from each segmented ROI: 9 2D-shape features, 16 first-order features (14 intensity-

based statistical features and 2 intensity histogram features, namely Entropy and 

Uniformity), and 73 second-order features (i.e., textural features) from gray level co-

occurrence matrix (GLCM, 22 features), gray level run length matrix (GLRLM, 16 

features), gray level size zone matrix (GLSZM, 16 features), gray level dependence 

matrix (GLDM, 14 features, with coarseness parameter  = 0), and neighborhood 

gray tone difference matrix (NGTDM, 5 features) classes. Second-order features 

estimation was performed according to the Chebyshev norm with a distance of 1 

pixel. GLCM and GLRLM features were computed from each 2D directional matrix 

(i.e., at 0°, 45°, 90°, and 135°) and averaged over 2D directions. 



 

All radiomic features were computed following definitions provided by the IBSI, 

with shape features computed in 2D instead of the proposed 3D version. It is worth 

noting that the first-order feature of Kurtosis calculated by PyRadiomics followed the 

IBSI except for an offset value (i.e., 3). 

 

2.5. Data analysis 

The intraclass correlation coefficient (ICC) was used to assess the repeatability 

degree (19, 50, 51). In particular, the one-way random effects model for absolute 

agreement was selected. Accordingly, for each radiomic feature, the ICC for two 

repeated acquisitions was calculated as: 

𝐼𝐶𝐶 =
𝑀𝑆𝐵𝑆−𝑀𝑆𝑊𝑆

𝑀𝑆𝐵𝑆+𝑀𝑆𝑊𝑆
      (1) 

where MSBS = mean square between subjects and MSWS = mean square within 

subjects (52). The ICC expresses the agreement between repeated measurements 

with respect to the variance between subjects (i.e., a relative estimation of 

repeatability). Radiomic features were stratified based on the degree of agreement 

between repeated acquisitions (53): poor (ICC  0.5), moderate (0.5 < ICC  0.75), 

good (0.75 < ICC  0.9), and excellent (0.9 < ICC  1) agreement. 

 In addition, for each radiomic feature, the limits of agreement (LOA), as 

originally proposed by Bland and Altman (19, 54), were obtained. The LOA identify 

the interval within which 95% of the differences between two repeated measures are 

expected to lie (54). Thus, following a nonparametric approach, they were estimated 

using the 2.5th and 97.5th percentiles of the percentage differences between two 

repeated measurements (54).  

 Then, given that ICC and LOA are different and complementary indices for 

characterizing repeatability, radiomic features showing a good degree of repeatability 



 

both in terms of ICC (i.e., ICC > 0.75) and LOA (i.e., LOA between ±5%) were 

identified. 

 All statistical analyses were performed according to the Quantitative Imaging 

Biomarker Alliance (QIBA) recommendations (19, 55) and were carried out by using 

R (Version 3.6.2) software package in the RStudio (Version 1.2.5033) environment 

(56). 

 

3. RESULTS 

ICC results are reported in Figure 2 for both T1 and T2 maps. Overall, 44.9% (44/98) 

and 38.8% (38/98) of radiomic features showed ICC values > 0.75 for T1 and T2 

maps, respectively. As shown in Figure 2, all radiomic features with a good or 

excellent agreement for T2 mapping presented the same (or even better) behavior 

for T1 mapping. On the other hand, all features with ICC  0.75 for T1 mapping, 

showed the same (or even worse) behavior for T2 mapping. 

 Shape features exhibited the best repeatability performance, with most 

features (7/9 and 6/9 for T1 and T2 mapping, respectively) presenting ICC > 0.9, and 

only one feature (i.e., Elongation) showing moderate/poor agreement between 

repeated measures in T1/T2 mapping (Figure 2). On the other hand, first-order 

features showed large variations of ICC values. Most first-order features (10/16) had 

the same degree of repeatability, with ICC  0.75, for both T1 and T2 maps. Some of 

the remaining features (i.e., Mean, Median, 10Percentile, and RootMeanSquared) 

had higher ICC values (i.e., ICC > 0.9) for T1 than for T2 maps. 

 Overall, some appreciable differences between the repeatability performance 

of T1 and T2 mapping were found for textural features. In particular, 30/73 and 24/73 

textural features showed good or excellent ICC values for T1 and T2 maps, 



 

respectively. Moreover, looking at each texture class separately, it can be observed 

(Figure 2) that, for the GLCM class, no textural features derived from T2 maps had 

ICC > 0.9, while 4 features derived from T1 maps (i.e., DifferenceAverage, 

DifferenceEntropy, Id, and Idm) showed an excellent test-retest repeatability. As for 

GLRLM, GLSZM, and GLDM classes, the same behavior for features estimated from 

T1 maps and those estimated from T2 maps was found, with either an excellent/good 

or moderate/poor agreement between feature values from repeated acquisitions 

(SizeZoneNonUniformity and ZoneVariance from GLSZM class were the only 

exceptions, with ICC > 0.75 for T1 maps and ICC  0.75 for T2 maps). The NGTDM 

class was found to have the worst repeatability performance, with only one feature 

per map (i.e., Contrast and Strength for T1 and T2 maps, respectively) showing good 

test-retest agreement. 

 Tables 2 and 3 summarize the results of LOA analysis for radiomic features 

derived from T1 and T2 maps, respectively. Notably, LOA were found to vary 

appreciably within each feature class. In general, 25 T1 mapping and 23 T2 mapping 

features out of 98 radiomic features showed a repeatability degree with LOA between 

±10%. Bland-Altman plots for all the radiomic features with both LOA between ±5% 

and ICC > 0.75 are shown in Figures 3 and 4 for T1 and T2 maps, respectively. 

Radiomic features of the shape class showed relatively low variability in LOA 

results. None of the shape features had LOA between ±5%, except for 

MaximumDiameter computed on T2 maps (which also had ICC > 0.75, as can be 

seen in Figure 4). Four shape features (i.e., MajorAxisLength, MinorAxisLength, 

MaximumDiameter, and Perimeter) had LOA between ±10%, while LOA for the other 

shape features did not exceed ±30% (Tables 2 and 3). 



 

First-order features showed large variations in LOA results (from 

approximately ±2% to ±80% or more), with only 6/16 and 5/16 features having LOA 

between ±10%, for T1 and T2 maps, respectively. Moreover, except for Entropy, first-

order features with LOA of approximately ±10% (or even ±5% for T1 mapping, as can 

be seen in Figure 3) had ICC > 0.75. 

Overall, 16/73 and 14/73 T1 and T2 mapping derived textural features, 

respectively, were characterized by LOA between ±10%. None of these features 

(neither for T1 nor for T2 maps) belonged to the NGTDM class, which had poor 

repeatability (i.e., LOA approximately ranged between ±89% and ±100%, for T1 and 

T2 maps, respectively). Among GLCM features with ICC > 0.75, only JointEntropy, 

DifferenceEntropy, and Imc2 extracted from T1 maps also presented LOA between 

±10%, while no GLCM features from T2 maps satisfied these requirements (Tables 2 

and 3). Regarding GLRLM, GLSZM, and GLDM classes, the LOA analysis showed 

similar behavior for textural features derived from T1 and T2 maps, with the same 

radiomic features showing LOA between ±10% (Tables 2 and 3). Among these 

features, ShortRunEmphasis, RunLengthNonUniformityNormalized, and 

RunPercentage from GLRLM class were the only textural features that showed both 

LOA between ±5% and ICC > 0.75 (in addition to Imc2 from GLCM estimated from 

T1 maps). 

 

4. DISCUSSION 

While several previous studies have investigated radiomic features repeatability in 

MR imaging, particularly in gastrointestinal and genitourinary imaging, as well as in 

neuroradiology (10, 22, 57–61), their results are not directly applicable in clinical 

cardiac MR studies. So far, only two previous studies have assessed the repeatability 



 

of radiomic features measurement in cardiac MR imaging (23, 41). Specifically, Raisi-

Estabragh et al. (23) have evaluated the repeatability of radiomic features on the 

test-retest scanning, concerning cine balanced steady-state free precession 

sequences in short-axis view, using a multi-center and multi-vendor dataset. While 

this study has shown that the repeatability performances vary greatly within each 

feature class, the authors have not employed quantitative T1 and T2 mapping, as 

performed in the present study. On the other hand, Jang et al. (41) have carried out a 

repeatability study in which different acquisition sequences have been used (i.e., cine 

balanced state free precession, T1-weighted, T2-weighted, T1 mapping, and T2 

mapping). Overall, this study, evaluating test-retest repeatability through ICC analysis 

in a group of patients, as well as in phantom and a group of healthy subjects, has 

identified 26.4% and 34.8% of repeatable features, with ICC  0.8, extracted from T1 

and T2 maps, respectively. However, Jang et al. (41) did not report ICC values for 

each single radiomic feature, which is a relevant information when applying radiomics 

in clinical or research studies. Therefore, we feel a further and more comprehensive 

evaluation of the repeatability of radiomic features measurement in cardiac MR 

imaging applications can be useful. 

Accordingly, we addressed repeatability of radiomic features derived from 

myocardial T1 and T2 mapping. Notably, we used two different statistical methods 

based on ICC and LOA analysis, in line with QIBA recommendations (19), obtaining 

complementary information on the repeatability degree in radiomic features 

measurement. Specifically, ICC, which expresses the agreement between repeated 

measures with respect to the variance between subjects, is suitable for assessing the 

potential effect of repeatability in cross-sectional studies. Indeed, low repeatability in 

terms of ICC can yield a reduced statistical power of the study. On the other hand, for 



 

longitudinal studies, high ICC values should be interpreted with some caution (55), 

given that large variability of radiomic features between subjects can yield increased 

ICC values. In this regard, given that LOA do not depend on the variability between 

subjects, the LOA analysis can be particularly suitable to assess radiomic features 

capability of revealing changes in longitudinal studies. 

Overall, both ICC and LOA analyses indicated that radiomic features derived 

from T1 maps were characterized by better repeatability than those derived from T2 

maps, regardless of the feature class. Nonetheless, for both T1 and T2 maps, the 

repeatability degree within each class varied greatly across features, with very 

different LOA values and large differences in ICC values. Only shape and NGTDM 

features showed relatively low variations in LOA and ICC values, with the best and 

the worst repeatability performance, respectively.  

The combination of ICC and LOA results allowed the identification of a subset 

of radiomic features for T1 (i.e., Mean, Median, 10Percentile, 90Percentile, 

RootMeanSquared from first-order class, Imc2 from GLCM class, and 

RunLengthNonUniformityNormalized, RunPercentage, ShortRunEmphasis from 

GLRLM class) and T2 maps (i.e., MaximumDiameter from shape class and 

RunLengthNonUniformityNormalized, RunPercentage, ShortRunEmphasis from 

GLRLM class) that showed good repeatability performance both in terms of ICC (> 

0.75) and LOA (±5%). Notably, to avoid possible bias due to overfitting and obtain 

reliable results, a high degree of repeatability might represent one of the possible 

criteria for selecting features in studies employing radiomics and artificial intelligence 

methods. Nonetheless, this does not necessarily imply a high discriminative or 

predictive power in clinical or research studies, which might also depend on the 

specific effect size associated with selected features. 



 

 While the previous study by Raisi-Estabragh et al. (23) has assessed the 

repeatability performances of various radiomic features from different classes, no 

direct comparison with our results can be made, since they did not acquire 

quantitative T1 and T2 maps. The findings of our study might appear not completely 

in agreement with the preliminary study by Jang et al. (41), which seems to suggest 

better repeatability performance for T2 mapping- than for T1 mapping-derived 

features. Several factors could explain this aspect. Indeed, their analysis was based 

only on ICC. Also, they have utilized an ICC cut-off value of 0.8 to define whether a 

radiomic feature measurement was repeatable, without however indicating the 

specific features satisfying this requirement. Moreover, they have not included shape 

features in their evaluation (i.e., only first-order and textural features were 

considered). In addition, differences in magnetic field strength (i.e., 3 T in their study 

versus 1.5 T in our study) and acquisition sequence parameters, as well as in the 

choice of preprocessing parameters (such as resampling voxel sizes and bin width), 

might have further contributed.  

We recognize some potential limitations of our study. First, we considered a 

relatively small number of subjects. Second, our results on T1 and T2 mapping are 

not directly applicable to other cardiac MR imaging acquisition sequences. Third, 

given inherent difficulties due to organ motion, quantitative cardiac MR T1 and T2 

mapping is usually performed by using specific sequences such as MOLLI (42) and 

T2-prepared TrueFISP (43), respectively, which allow obtaining only one slice for 

single acquisition. While we carried out hence 2D radiomic analysis (as typically 

performed in clinical studies), whole-heart coverage and 3D radiomic analysis might 

provide a more comprehensive evaluation of disease burden and potentially increase 

the diagnostic performance of cardiac MR T1 and T2 mapping in collaborative 



 

patients. Fourth, in this exquisitely technical study of test-retest repeatability on a 

representative group of subjects, we did not assess feature discriminant ability for 

specific clinical applications, which requires planning and performing further tailored 

clinical studies. Finally, the selected cut-off values (i.e., ICC > 0.75 and LOA between 

±5%) to identify radiomic features with repeatable characteristics were arbitrarily 

chosen, albeit reasonably conservative.  

 

5. CONCLUSIONS 

Since we observed that myocardial T1- and T2-derived radiomic features of different 

classes were characterized by a relatively wide range of repeatability degrees 

assessed in terms of both ICC and LOA, our results confirm the importance of 

performing such an analysis toward a more reliable and effective use of radiomics in 

clinical applications of cardiac MR T1 and T2 mapping. Overall, radiomic features 

extracted from T1 maps showed better repeatability performance than those 

extracted from T2 maps, with shape features characterized by better repeatability 

than first-order and textural features. Moreover, we identified a subset of 9 and 4 

radiomic features, for T1 and T2 mapping, respectively, which showed good/excellent 

repeatability in terms of both ICC (> 0.75) and LOA (±5%). Such highly repeatable 

features represent hence potential candidates for feature selection in clinical or 

research studies, although a high degree of repeatability does not necessarily imply 

an effective discriminative or predictive power, which can vary also with the specific 

clinical application. 
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FIGURE CAPTIONS: 
 

Figure 1. ROI delineation in test-retest acquisitions for a representative subject. T1 

maps from test (a) and retest (c) acquisitions, with their corresponding segmentations 

((b) and (d), respectively) of the entire myocardium. 

 

Figure 2. Test-retest repeatability results, in terms of ICC, of each radiomic feature 

from different classes (i.e., shape, first-order, GLCM, GLRLM, GLSZM, GLDM, and 

NGTDM), for both T1 and T2 maps. The heatmaps show stratified ICC values. 

  

Figure 3. Bland-Altman plots for radiomic features derived from T1 maps, with both 

ICC > 0.75 and LOA between ± 5%. The percentage difference (%) between two 

repeated measurements on the same subject is plotted against their mean value. 

Dashed red lines indicate the 2.5th and 97.5th percentile values, while dashed black 

line represents the median value of the percentage differences between repeated 

measurements. 

 

Figure 4. Bland-Altman plots for radiomic features derived from T2 maps, with both 

ICC > 0.75 and LOA between ± 5%. The percentage difference (%) between two 

repeated measurements on the same subject is plotted against their mean value. 

Dashed red lines indicate the 2.5th and 97.5th percentile values, while dashed black 

line represents the median value of the percentage differences between repeated 

measurements. 

 
 

 



 

Table 1. Enrolled subjects: clinical indication for cardiac MR imaging 

Clinical indication Number of subjects  

Amyloidosis 1  

Acute myocarditis 2  

Suspicion of right ventricular 
cardiomyopathy 

2  

 
Suspicion of left ventricular 
cardiomyopathy 

 
4 

 

 
Prior myocardial infarction 

 
4 

 

Hypertrophic cardiomyopathy 5  

Healthy subjects 6  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

Table 2. Limits of agreement analysis for radiomic features derived from T1 maps 

 

 

 

 

 
2.5th 

percentile 
97.5th 

percentile  
2.5th 

percentile 
97.5th 

percentile 

Shape 
  

GLRLM 
  

Elongation -9.05 12.38 GrayLevelNonUniformity -41.31 36.63 
MajorAxisLength -6.38 6.72 GrayLevelNonUniformityNormalized -33.75 32.78 
MaximumDiameter -7.14 5.04 GrayLevelVariance -62.90 61.43 
MeshSurface -23.74 26.27 HighGrayLevelRunEmphasis -106.35 71.73 
MinorAxisLength -7.31 10.71 LongRunEmphasis -7.00 5.19 
Perimeter -3.87 8.44 LongRunHighGrayLevelEmphasis -104.70 69.92 
PerimeterSurfaceRatio -25.31 29.32 LongRunLowGrayLevelEmphasis -81.51 87.38 
PixelSurface -21.31 25.11 LowGrayLevelRunEmphasis -73.85 88.76 
Sphericity -17.28 11.72 RunEntropy -8.52 6.98 
   RunLengthNonUniformity -19.91 22.76 
First-order 

  
RunLengthNonUniformityNormalized -2.75 4.85 

Mean -2.22 1.71 RunPercentage -1.61 2.43 
Variance -61.06 60.25 RunVariance -36.02 47.16 
Skewness -1117.83 950.28 ShortRunEmphasis -1.10 1.93 
Kurtosis -89.12 73.61 ShortRunHighGrayLevelEmphasis -106.34 72.61 
Median -2.46 1.48 ShortRunLowGrayLevelEmphasis -74.11 89.58 
Minimum -9.03 13.60    
10Percentile -3.87 2.38 GLSZM 

  
90Percentile -2.62 4.37 GrayLevelNonUniformity -42.57 41.86 
Maximum -23.05 15.35 GrayLevelNonUniformityNormalized -30.99 36.63 
InterquartileRange -28.24 41.74 GrayLevelVariance -69.06 65.33 
MeanAbsoluteDeviation -25.09 30.81 HighGrayLevelZoneEmphasis -106.14 72.11 
RobustMeanAbsoluteDeviation -26.32 37.57 LargeAreaEmphasis -24.04 15.72 
Energy -24.74 25.41 LargeAreaHighGrayLevelEmphasis -97.20 70.24 
RootMeanSquared -2.24 1.73 LargeAreaLowGrayLevelEmphasis -91.58 90.39 
Entropy -7.76 8.00 LowGrayLevelZoneEmphasis -73.64 92.58 
Uniformity -34.19 31.12 SizeZoneNonUniformity -20.60 20.21 
   SizeZoneNonUniformityNormalized -9.72 11.88 
GLCM 

  
SmallAreaEmphasis -4.36 5.23 

MaximumProbability -37.26 56.30 SmallAreaHighGrayLevelEmphasis -105.89 76.25 
JointAverage -62.30 38.52 SmallAreaLowGrayLevelEmphasis -74.69 97.27 
SumSquares -56.41 61.65 ZoneEntropy -8.80 5.64 
JointEntropy -7.00 7.39 ZonePercentage -5.33 7.54 
DifferenceAverage -19.20 16.88 ZoneVariance -55.40 56.70 
DifferenceVariance -86.63 49.80    
DifferenceEntropy -4.73 5.79 GLDM 

  
SumEntropy -7.22 7.22 DependenceEntropy -9.37 5.50 
JointEnergy -35.61 39.05 DependenceNonUniformity -20.49 21.89 
Contrast -63.95 38.63 DependenceNonUniformityNormalized -15.27 17.66 
Id -12.38 12.34 DependenceVariance -51.27 52.68 
Idn -4.21 3.83 GrayLevelNonUniformity -39.56 34.18 
Idm -23.01 21.80 GrayLevelVariance -60.68 60.51 
Idmn -1.42 1.78 HighGrayLevelEmphasis -106.41 71.60 
InverseVariance -31.59 28.39 LargeDependenceEmphasis -27.78 22.53 
Correlation -31.49 78.65 LargeDependenceHighGrayLevelEmphasis -98.94 70.75 
Autocorrelation -107.11 75.49 LargeDependenceLowGrayLevelEmphasis -110.66 107.71 
ClusterTendency -50.77 73.00 LowGrayLevelEmphasis -74.05 87.43 
ClusterShade -4580.71 360.37 SmallDependenceEmphasis -7.68 9.88 
ClusterProminence -120.90 150.56 SmallDependenceHighGrayLevelEmphasis -106.91 78.84 
Imc1 -20.21 22.98 SmallDependenceLowGrayLevelEmphasis -76.11 93.63 
Imc2 -0.46 2.00 

   
      
NGTDM 

     
Busyness -89.07 81.13 

   
Coarseness -22.78 41.35 

   
Complexity -67.66 60.03 

   
Contrast -66.84 45.59 

   
Strength -60.73 84.15 

   



 

Table 3. Limits of agreement analysis for radiomic features derived from T2 maps 

 

 
2.5th 

percentile 
97.5th 

percentile  
2.5th 

percentile 
97.5th 

percentile 

Shape 
  

GLRLM 
  

Elongation -10.69 8.28 GrayLevelNonUniformity -41.99 39.84 
MajorAxisLength -8.26 7.84 GrayLevelNonUniformityNormalized -33.67 31.29 
MaximumDiameter -2.92 4.50 GrayLevelVariance -71.71 86.21 
MeshSurface -31.30 22.82 HighGrayLevelRunEmphasis -84.49 107.32 
MinorAxisLength -7.07 6.81 LongRunEmphasis -5.39 6.36 
Perimeter -4.87 5.71 LongRunHighGrayLevelEmphasis -84.66 106.85 
PerimeterSurfaceRatio -25.31 31.71 LongRunLowGrayLevelEmphasis -121.99 112.97 
PixelSurface -30.98 21.75 LowGrayLevelRunEmphasis -112.76 107.58 
Sphericity -17.55 14.03 RunEntropy -8.14 8.05 
   RunLengthNonUniformity -30.88 21.29 
First-order 

  
RunLengthNonUniformityNormalized -3.42 3.79 

Mean -5.00 6.61 RunPercentage -1.96 1.91 
Variance -70.80 87.22 RunVariance -51.96 45.50 
Skewness -187.92 135.76 ShortRunEmphasis -1.41 1.50 
Kurtosis -75.84 98.78 ShortRunHighGrayLevelEmphasis -85.72 107.37 
Median -5.84 5.44 ShortRunLowGrayLevelEmphasis -109.92 106.13 
Minimum -16.73 17.80    
10Percentile -6.93 4.64 GLSZM 

  
90Percentile -10.69 11.10 GrayLevelNonUniformity -42.77 36.24 
Maximum -18.17 42.25 GrayLevelNonUniformityNormalized -33.89 30.07 
InterquartileRange -48.87 52.17 GrayLevelVariance -69.95 84.50 
MeanAbsoluteDeviation -41.04 44.58 HighGrayLevelZoneEmphasis -84.18 105.06 
RobustMeanAbsoluteDeviation -48.64 45.67 LargeAreaEmphasis -21.67 25.49 
Energy -33.73 22.51 LargeAreaHighGrayLevelEmphasis -82.96 103.13 
RootMeanSquared -5.18 8.42 LargeAreaLowGrayLevelEmphasis -137.31 122.39 
Entropy -9.66 9.67 LowGrayLevelZoneEmphasis -102.68 102.53 
Uniformity -33.34 31.80 SizeZoneNonUniformity -42.29 25.74 
   SizeZoneNonUniformityNormalized -12.39 10.66 
GLCM 

  
SmallAreaEmphasis -5.89 4.75 

MaximumProbability -41.45 42.47 SmallAreaHighGrayLevelEmphasis -89.01 105.18 
JointAverage -53.16 64.22 SmallAreaLowGrayLevelEmphasis -84.01 122.11 
SumSquares -75.00 92.73 ZoneEntropy -6.41 6.06 
JointEntropy -8.86 5.50 ZonePercentage -7.76 7.03 
DifferenceAverage -37.85 54.17 ZoneVariance -65.76 59.55 
DifferenceVariance -90.45 113.92    
DifferenceEntropy -14.14 11.99 GLDM 

  
SumEntropy -9.44 7.48 DependenceEntropy -6.21 5.51 
JointEnergy -30.22 42.75 DependenceNonUniformity -39.46 26.78 
Contrast -80.97 104.16 DependenceNonUniformityNormalized -17.16 16.68 
Id -24.68 20.71 DependenceVariance -54.24 56.14 
Idn -2.32 2.56 GrayLevelNonUniformity -42.19 40.98 
Idm -30.84 31.01 GrayLevelVariance -71.86 87.03 
Idmn -1.10 1.20 HighGrayLevelEmphasis -84.50 108.27 
InverseVariance -29.47 30.15 LargeDependenceEmphasis -24.88 25.51 
Correlation -54.29 68.31 LargeDependenceHighGrayLevelEmphasis -91.42 105.70 
Autocorrelation -90.86 109.49 LargeDependenceLowGrayLevelEmphasis -150.11 122.52 
ClusterTendency -87.51 93.99 LowGrayLevelEmphasis -115.32 109.38 
ClusterShade -156.86 240.71 SmallDependenceEmphasis -10.44 9.20 
ClusterProminence -130.28 170.78 SmallDependenceHighGrayLevelEmphasis -93.54 108.74 
Imc1 -32.71 29.70 SmallDependenceLowGrayLevelEmphasis -87.31 116.29 
Imc2 -4.37 2.24 

   
      
NGTDM 

     
Busyness -100.10 86.96 

   
Coarseness -34.07 46.10 

   
Complexity -96.71 104.95 

   
Contrast -54.35 76.24 

   
Strength -81.19 88.89 

   




