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Abstract

Background and purpose: Radiomics features are used to iden-
tify disease types and predict therapy outcomes. However, how the 
radiomics features are different among different anatomical struc-
tures has never been investigated. Hence, we analyzed the radiomics 
features of 22 anatomical structures in the head and neck area in CT 
images. Furthermore, we studied whether CT radiomics can classify 
anatomical structures of the head and neck using unsupervised ma-
chine-learning techniques. 

Materials and methods: We obtained IMRT/VMAT treatment plan-
ning data from 36 patients treated for head and neck cancers in a sin-
gle institution. There were 1357 contours of more than 22 anatomical 
structures drawn on planning CTs. We calculated 174 radiomics fea-
tures using the SIBEX program. First, we tested whether the radiomics 
features of anatomical structures were unique enough to classify all 
contours into 22 groups. We then developed a two-stage clustering 
technique to classify 22 anatomic structures into sub-groups with simi-
lar physiological or biological characteristics. 

Results: The heatmap of 174 radiomics features of 22 anatomi-
cal structures showed a distinct difference among tumors and other 
healthy structures. Radiomics features have allowed us to identify the 
eyes, lens, submandibular, pituitary glands, and thyroids with over 90% 
accuracy. The two-stage clustering of 22 structures resulted in six sub-
groups, which shared common characteristics such as fatty and bony 
tissues. 

Conclusions: We have shown that anatomical structures in head 
and neck tumors have distinguishable radiomics features. We could 
observe similarities of features among subgroups of the structures. 
The results suggest that CT radiomics can help distinguish the biologi-
cal characteristics of head and neck lesions.
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Introduction

Radiomics is increasingly used for quantitative characteriza-
tion of diagnostic images, particularly as potential biomarkers 
for evaluating cancer therapy, including radiation therapy. Many 
applications of radiomics are focused on predicting the cancer 
therapy outcome and toxicity with the radiomics features as 
biomarkers or predictors [1-14]. Furthermore, there are many 
studies in which radiomics features were used to differenti-
ate tumor from healthy tissue [15,16], classify the tumor type 
[17,18], and determine the tumor grade [19-21]. Some inves-
tigated differences in radiomics features of tumors in different 
organs [22]. Applications of radiomics to discover the genomics 
from diagnostic images are another active area, and it is called 
radiogenomics [23]. In addition, there are emerging applica-
tions for detecting microenvironments such as hypoxia [24,25] 
and studying tumor immune biology [26].

Despite the immense activities in radiomics applications in 
radiology and radiation oncology, as evidenced by the number 
of publications on the topic, to the author’s knowledge, no one 
investigated the differences of radiomics features among differ-
ent organs and structures, including tumor lesions. Hence, we 
studied the variability of radiomics feature values by analyzing 
the radiomics features of anatomical structures in head and 
neck areas. In this study, we addressed three questions:

1. Are radiomics features of tumors different from those of 
healthy structures in the head and neck area? 

2. Do anatomical structures and tumors have structure-spe-
cific radiomics features? 

3. Can anatomical structures be classified into subcategories 
based on their functions and tissue types using radiomics?

To answer question #3, we needed to categorize M anatomi-
cal structures in the head and neck area into J categories or 
structure groups, which may share common physiological and 
biological characteristics using radiomics features of N samples 
obtained from treatment planning CT image data. In this study, 
we solved these problems by an unsupervised Machine Learn-
ing (ML) technique, i.e., clustering algorithms. A simple applica-
tion of the algorithm could not classify all contours into J cat-
egories. Hence, we developed a two-stage clustering method 
to accomplish the goal. In Stage-1, we obtained six clusters or 
subgroups from N samples or contours belonging to one of M 
anatomical structures. Using the known anatomical structure of 
those contours, we calculated the probabilities that a contour is 
assigned to one of six subgroups. Using the probabilities as pa-
rameters for the stage-2 clustering, we classified M anatomical 
structures into J categories.

The results will demonstrate the ability of radiomics in dif-
ferentiating the biological processes taking place in different 
parts of the head and neck having various types of tissue, cel-
lular structures, and physiological functions, which are hidden 
under the medical images or CT images in this study. Hence, 
this study will help us enhance our confidence in the radiomics 
features as potential biomarkers of treatment response and ra-
diation toxicity.

Materials and methods

Patient data 

We obtained the CT image data sets for 36 patients treated 
in a single institution, the All India Institute of Medical Scienc-
es (AIIMS) in Delhi, India, for head and neck cancers using the 
IMRT/VMAT technique. The demographic data and tumor loca-
tions of these patients are summarized in Table 1. All patients 
were scanned using Philips Brilliance Big Bore CTs with the fol-
lowing scanning parameters: helical, 120 kVp, 450 mAs, 512 x 
512 pixels, slice thickness: 1, 2, or 3 mm, FOV: between 240 mm  
x 240 mm and 600 mm x 600 mm, and 16 bits per pixel. For the 
current study, we chose 22 anatomical structures, including 92 
Gross Tumor Volumes (GTV), a total of 67 right and left parot-
ids, and 35 mandibles. See Table 2 for the complete list. There 
were 1357 contours, but for the current study, we chose 1175 
contours of 22 anatomical structures mentioned above. Experi-
enced radiation oncologists segmented all structures for treat-
ment planning. See Figure 1 for an example of CT images show-
ing the contours of GTV, right and left parotids, and mandibles.

Table 1: Patient characteristics (36 patients)

Age 50.9 ± 16.79 
[18-86]

Sex Female 13

Male 23

Primary region Nasopharynx 10

Nasal cavity/Maxillary sinus 8

Neck 6

Tongue/Base of tongue 5

Salivary glands (parotid/
submandibular) 3

Tonsil 2

Others (cheek/skull) 2

Figure 1: CT images of a typical patient with the contours of GTV, 
right and left parotids, and mandible.

Radiomics

We calculated 174 radiomics feature values by the SIBEX 
software [27], which complies with the recommendations of 
the International Biomarker Standardization Initiative (IBSI) 
[28]. There are 11 categories of radiomics features, as shown in 
Table 3, which lists the number of features in each category. The 
complete list of all features can be found in Appendix A. The de-
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Table 2: Characteristics of structures.

No. Structure Name Function Tissue/cell type Ni
Volume 
[voxels] CT number

1 GTV Tumor Cancer 92 52454 25.9

2 CTV Tumor Cancer, others 84 195608 27.9

3 PTV Tumor Cancer, others 76 389018 39.3

4 Parotids Salivary gland Serous, ductal 67 24476 5.8

5 Mandibles Support structure Bone 35 57672 36.5

6 Eyes Vision Water, connective 66 8292 4.5

7 Lens Vision Lens fibers, epithelial 65 205 2.1

8 Lacrimal glands Secretory Serous, ductal 63 695 4.8

9 Optic nerves Vision Nerve fibers 72 903 4.3

10 Cochleae Auditory Bone 66 188 27.8

11 Spinal cord CNS Nervous 57 32257 7.0

12 Chiasm Vision Nerve fibers 32 943 1.9

13 Brainstem CNS Neural 55 31727 2.4

14 Temporal lobe CNS Neural 64 102592 2.9

15 Submandibular Salivary gland Serous, mucous 53 7948 5.3

16 Lips Respiratory Squamous epithelium 30 22647 18.4

17 Esophagus Digestion Squamous epithelium 30 9185 26.5

18 Pituitary gland Endocrine Chromophils, 
neurosecretory 28 347 2.6

19 Thyroid gland Endocrine Follicular 27 9509 7.2

20 Larynx Respiratory Cartilage, columnar 
epithelium 25 28442 30.6

21 Oral cavity Digestion Squamous epithelium 32 73133 23.8

22 TMJ Structure Bone 56 2527 18.1

Table 3: Category and the number of features used for the ra-
diomics analysis. The total number of features was 174.

Category 
number

The number 
of features Category name

1 25 Gray Level Coocurrence Matrix

2 16 Gray Level Dist Zone Matrix

3 16 Gray Level Run Length Matrix

4 17 Gray Level Size Zone Matrix

5 17 Intensity Direct

6 23 Intesnity Histogram

7 7 Intensity Volume Histogram

8 2 Local Intensity Features

9 29 Morphological Features

10 17 Neighbor GL Dependence

11 5 Neighbor Intensity Difference

tails of feature calculation algorithms are discussed in the IBSI 
report [28]. The radiomics calculations were done using three 
processing parameters: Fixed Bin Number (FBN) with 32 bins 
(FBN32) and Fixed Bin Size (FBS) with 25 bin widths (FBS25) and 
ten bin widths (FBS10).

Clustering 

The feasibility of clustering 1175 contours of 22 anatomical 
structures into subgroups was studied in four steps, as summa-
rized in the process diagram of Figure 2. In the first step (the 
second from the top), the number of radiomics features used 
for clustering was reduced from 174 radiomics features to p 
composite features using the Principal Component Analysis 
(PCA) method [29]. In the second step (the stage-1 clustering), 

we used a clustering algorithm to assign 1175 contours to one 
of the K clusters or subgroups. Here the contours of an anatomi-
cal structure could be assigned to more than one subgroup. By 
counting the number of contours, ni,k of a known structure, i, 
which was assigned to a subgroup, k, by the clustering, we can 
generate a frequency distribution of the number of contours of 
a structure assigned to the subgroups. In step 3, we calculated 
the normalized frequency, or probability, of contours of ana-
tomical structure, i, assigned to a subgroup k, Pi,k, by 

Here, Ni is the number of contours known to belong to the 
structure i. So, for every anatomical structure i, the following 
equation holds: 

Considering Pi,k as a set of new features for the 22 anatomi-
cal structures, we did the stage-2 clustering in step 4. The re-
sults were 22 anatomical structures categorized into L structure 
groups, representing tissue type or other similarities among the 
structures in the same structure group.

For the clustering analysis, radiomics feature values were 
normalized using the Z-score or linear range methods [29]. For 
the latter, the values were scaled to the range of 0 and 1. We 
tested varying numbers of principal components p, i.e., p = 2 to 
174, for the stage-1 clustering analysis.

After step 1, we generated a heatmap, which presented the 
distributions of 174 radiomics features for all 1175 contours. 
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Figure 2: Process map of the analysis procedure.

Then, the stage-1 clustering was done using the k-means algo-
rithm [29]. Next, we evaluated the clustering performance by 
varying the number of subgroups K from 2 to 22. To assess the 
performance of the stage-1 clustering for K=22, we calculated 
the clustering accuracy of 22 anatomical structures. The stage-2 
clustering was made using two clustering methods: the k-means 
and the hierarchical clustering, which generated dendrograms 
[29]. Additionally, we tested the consensus clustering method 
[30,31] as an alternative to the two stage clustering method. 
We did several tests to select optimal hyper-parameters and al-
gorithms by changing analysis options and parameter values for 
the sensitivity of the final results on the variations. Note that 
there is the following relationship between the within-cluster 
sum of squares of cluster k (WCSSk), the Between-Cluster Sum 
Squares (BCSS), and the Total cluster Sum of Squares (TSS):

Note that the second term on the right side of Eq. (3) is the 
Total Between-Cluster Sum of Squares (TWCCS). We defined the 
ratio of the Between-Cluster Sum Squares (BCSS) and the Total 
Cluster Sum of Squares (TSS), denoted by Λ:

The Λ value in percentage varied from 0 to 100%. Note that 
a smaller WCSSk means tighter clustering of its members in clus-
ter k. Hence, a larger Λ implies a better clustering. The k-means 
routine of the R package prints WCSSk and Λ [32]. Therefore, 
the performance with different calculation parameters could be 
evaluated by TWCCS or Λ.

Results

Selection of parameters and methods 

Table 4 shows the parameter values and methods used to 
optimize the analysis method for the data presented in this 
study. The binning method used to calculate the radiomics fea-
tures affects the calculated absolute values. We tested the Fixed 
Bin Size (FBS) with 10 bins and 25 bins and the Fixed Bin Num-
ber (FBN) with 25 bins. Based on our test results and a recom-
mendation made in Bettineli et al. [27], we chose the FBS with 
25 bins (FBS25). 

Before the principal component analysis, we scaled the ra-
diomics feature values by the Z-score and Linear-range meth-
ods. We found that the former resulted in a slightly better clus-
tering accuracy Λ than the latter. Hence, we decided to use the 
Z-score scaling method for the current study.

 There should be a sufficient number of Principal Compo-

nents (PC) to closely represent the parameter space represent-
ed originally by 174 radiomics features. Since the smaller num-
ber of PC is desirable for the subsequent clustering analysis, we 
examined the results by varying the number of PCs, p, from 2 
to 174. We found 5 PCs could model 70% of data points and de-
cided to use this number for the rest of the study. The relevant 
data will be presented in the later section.

The cluster analysis such as the k-means method, requires 
the user to preselect the number of clusters, K. Ideally, there 
should be 22 clusters since there are 22 anatomical structures. 
However, as shown later in Figure 5, the clustering accuracy rep-
resented by the parameter TWCSS decreases as K increases and 
eventually becomes less sensitive to K. Hence, in the following 
analysis, we set K to 6.

We tested three methods among many clustering tech-
niques: k-mean and hierarchical for the stage-2 clustering. 
Our tests indicated that these methods gave the same results. 
Hence, we used the hierarchical clustering method for the rest 
of the study, which was more robust and informative than the 
k-means method. A significant disadvantage with the k-means 
algorithm is its need to preselect the K value.

Radiomics features of anatomical structures 

Table 2 lists the average volumes and average CT numbers of 
22 anatomical structures. These were two of the radiomics fea-
tures calculated by the SIBEX program (Morphological Features 
Volume and Intensity Direct-Mean). The table also includes the 
function and tissue type of each anatomical structure.

The heatmap in Figure 3 shows the quantitative distribution 
of 174 radiomics features among all 1357 contours, which were 
reordered according to anatomical structures. One can visually 
confirm that some structures have different radiomics feature 
values from others. For example, 252 contours from the bottom 
of the diagram are GTV, CTV, or PTV. The parotids are from 253-
319, and the mandibles are from 320-354. Parotid and mandi-
ble had radiomics values distributed very differently from GTV, 
CTV, and PTV. For example, the differences can be more clearly 
observed in Figures 4 (a), (b), and (c), which show the plots of 
radiomics feature values of the esophagus and oral cavity in 
comparison to GTV. A data point on the solid oblique line in Fig-
ure 4 means that two structures in the x and y-axes had the 
same feature values. The distributions of points, each of which 
was one contour, showed apparent differences, but to different 
magnitudes among the anatomical structures.

Table 4: Alternative analysis parameters and methods. The 
items in bold were selected for the remainder of the analyses.

Method or parameters Tested options/methods/
values

Bin type and numbers for radiomics 
feature calculations FBS10, FBS25, FBN 32

Scaling of radiomics feature values Z-score 
Linear-range

The number of principal compo-
nents, p 2 to 174, 5

The number of subgroups, K 2 to 22. 6 and 22

Clustering methods for Stage-2
k-means 

hierarchical 
consensus clustering

1
     (3)

K

k
k
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=
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PCA

A scatter plot of 1175 contours using the first two principal 
components, PC1, and PC2, is shown in Figure 6, where different 
colors indicate different anatomical structures. We can observe 
weak, but recognizable concentrations of some structures in a 
specific area in the figure. For example, GTV indicated by black 
dots are in the middle PC2 range, although those points widely 
spread out in the PC1 direction. PTV showed a distribution simi-
lar to GTV but in the lower PC2 area. Cochleae and mandible 
were clustered in specific regions of the plot.

The scree plot in Figure 7 shows the percent variations or 
the Proportion of Variance Explained (PVE) as a function of 
the number of the principal components. The graph indicates 
that the first few components may be sufficient for clustering 
contours. In particular, the five largest components accounted 
for 74% of the variation (or the cumulative proportion of 0.74). 
Hence, we chose five PCs for the stage-1 clustering analyses.

Figure 3: Heatmap. 1357 anatomical contours in the horizontal axis 
and 174 radiomics features in the vertical axis.

Figure 4: Correlation of radiomics feature values (a) GTV (X) vs. 
Esophagus (Y). (b) GTV (X) vs. Oral cavity (Y) (c) GTV (X) vs. Larynx 
(Y)

Figure 5: Total within clusters sum of squares (TWCCS) vs. the num-
ber of clusters

 The PCA program ranked the radiomics features based on 
the importance of the radiomics features for good clustering. 
Table 5 shows the ten most important features. It is noted that 
the 7th feature was IntensityDirect/Mean, which was the mean 
CT numbers.

Figure 6: 1175 contours plotted for the axes with the first two prin-
cipal components.

Figure 7: Scree plot: Percent Variation vs. the number of principal 
components

Clustering of anatomical structures

Stage 1 

First, the 1175 contours were clustered into 22 subgroups (or 
K=22) with the k-means clustering method with five PCs. Ide-
ally, all elements or contours of each anatomical group should 
be in the same subgroup. Figure 8 presents the clustering re-
sults, where the horizontal axis indicates the 22 anatomical 
structures, and the vertical axis indicates the 22 subgroups or 
cluster groups. The red color shows almost all contours are as-
signed to a specific group. For example, the box at the crossing 
of structure #4 (parotids) and subgroup 4 has a reddish color, 
implying a sound performance of the algorithm in assigning the 
parotid contours to this subgroup. In fact, 53 out of 67 parotid 
contours were assigned to subgroup 4 (79.1% accuracy). Struc-
ture #5 (mandible) had an even higher accuracy with 30 out 35 
correct assignments, or 85.7% accuracy. Contours with an accu-
racy higher than 90% were structures #6 (Eyes), #7 (Lens), #15 
(Submandibular), #18 (Pituitary gland), and #19 (Thyroid gland). 
See Table 6 for the complete list. It is noted that the contours 
of tumors such as GTV, CTV, and PTV, were assigned to multiple 
subgroups. Some subgroups had contours belonging to several 
anatomical structures. For example, subgroup 9 included the 
contours of structure #8 (Lacrimal glands), #9 (Optic nerves), 
and #12 (Chiasm). 

Next, we clustered 1175 contours into six structure groups 
(K=6) by the k-means method with 5 PCs. The Λ value of this 
clustering was 76.9%. Most of the 22 structures could not be 
classified into a single group, but the contours of one structure 
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Figure 8: Accuracy of clustering of 1175 contours of 22 anatomical 
structures to 22 subgroups.

belonged to several subgroups. This can be seen in Figure 9, 
where the Pi, of anatomical structure, i and the k-th subgroup 
defined by Eq. (1) are plotted using bar graphs for all 22 struc-
tures. It is noteworthy that structure #19 had all contours in 
subgroup 1 (red). The contours of structure #5 solely belonged 
to subgroup 2 (orange). Most of the contours of structures #6, 
#13, and #14 belonged to subgroup 3 (coral). The contours of 
structures #7 and 18 were in subgroup 4 (amber). Meanwhile, 
GTV was distributed over all six subgroups.

Table 5: Top 10 radiomics feature influencing PCs

Rank Feature ID no. Feature name

1 81 IntensityDirect/ 90th 
Percentile

2 117 IntensityVolumeHisto-
gram/ IntensityFolFrac_10

3 91 IntensityDirect/ Root-
MeanSquare

4 55 GrayLevelRunLength-
Matrix/ GrayLevelVariance

5 51
GrayLevelRunLength-
Matrix/ GLNonuniformi-
tyNorm

6 99 IntensityHistogram/ 
90thPercentile

7 74 IntensityDirect/ Mean

8 45 GrayLevelRunLength-
Matrix/ HighGLRunEmpha

9 47
GrayLevelRunLength-
Matrix/ ShortRunHigh-
GLEmpha

10 156 NeighborGLDependence/ 
HighGLCountEmpha

Stage 2

To classify 22 anatomical structures based on the data pre-
sented in Figure 9, we used the hierarchical clustering meth-
od (Stage 2 clustering). Here, 22 anatomical structures were 
assigned to one of six structure groups. The clustering result 
was expressed by a dendrogram shown in Figure 10. We can 
recognize six structure groups, considering the number of tree 
branches at the 3rd level indicated by a red horizontal line. Table 
7 summarizes the clustering result where 22 anatomical struc-
tures were assigned to one of the six structure groups. The re-
sults show structures #1 (GTV), #17 (Esophagus), #20 (Larynx), 
#21 (Oral cavity), and #22 (TMJ) made up one structure group. 
Structures #5 (Mandible) and #10 (Cochleae), which contained 
bony tissue, could represent another structure group. Struc-
tures #2 (CTV) and #3 (PTV) formed the structure group 2. Fur-

Table 6: Classification accuracy by k-means method with 22 
clusters and PC#=5.

No. Structure Name Maximum %ratio

1 GTV 21.7%

2 CTV 25.0%

3 PTV 26.3%

4 Parotids 79.1%

5 Mandibles 85.7%

6 Eyes 100.0%

7 Lens 96.9%

8 Lacrimal glands 69.8%

9 Optic nerves 63.5%

10 Cochleae 89.4%

11 Spinal cord 59.6%

12 Chiasm 63.3%

13 Brainstem 43.6%

14 Temporal lobe 82.0%

15 Submandibular 92.5%

16 Lips 26.7%

17 Esophagus 55.2%

18 Pituitary gland 100.0%

19 Thyroid gland 96.3%

20 Larynx 56.0%

21 Oral cavity 43.8%

22 TMJ 66.1%

Figure 9: Probability distributions over six subgroups of 22 ana-
tomical structures.

thermore, the dendrogram of Figure 10 tells that the parotids 
(#4) and submandibular (#15), which are salivary glands, were 
in the same structure group.

Discussion 

The radiomics features of structures containing tumors, i.e., 
GTV, CTV, and PTV, were noticeably different from other struc-
tures containing only healthy tissue. In particular, CTV and PTV 
had common features distinguishable from others, as indicated 
by the formation of one structure group after the two-stage 
clustering.

The clustering using radiomics features successfully differ-
entiated contours belonging to some anatomical structures. 
Among the 22 structures that we examined in this study, the 
contours of eight structures were grouped in the same subgroup 
with higher than 80% accuracy. Meanwhile, the algorithm failed 
with GTV, CTV, PTV, and Lips with accuracy lower than 30%.

This study developed a two-stage clustering method to as-
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Table 7: Classification of 22 structure groups into six structure 
groups, which were obtained from level 3 of the dendrogram in 
Figure 10 (5 PCs).

Structure group Group members Avg. CT# [HU]

1 7, 8, 9, 12, 18 3.1 ± 1.33

2 5, 10 32.1 ± 6.13

3 4, 6, 13, 14, 15 4.2 ± 1.47

4 1, 17, 20, 21, 22 25.0 ± 4.55

5 11, 16, 19 10.9 ± 6.55

6 2, 3 33.6 ± 8.09

Figure 10: Cluster dendrogram

sign 1175 contours into structure groups. In Stage 1, the 1175 
contours were clustered into K groups using five principal 
components derived from 174 radiomics features. The analy-
sis showed that K=22 lead to 22 sufficiently accurate cluster-
ing of contours into 22 structure groups. Furthermore, after 
clustering 1175 contours into six subgroups (K=6), we did the 
second clustering (Stage-2 clustering) to cluster 22 anatomical 
structures into six structure groups. The resulting cluster den-
drogram showed that GTV, esophagus, and oral cavity belonged 
to the same structure group. CTV and PTV formed one inde-
pendent structure group because these contours contain the 
GTV volume and surrounding tissue, including bony structures. 
Two bony anatomical structures of the mandible and cochle-
ae formed one structure group. Three other structure groups 
consisted of several anatomic structures with some common 
features. The results could be partially explained by examin-
ing the anatomical structures’ mass density. However, even the 
density is not only the characteristics common to the structures 
grouped in the same structure group. For example, as seen in 
Table 7, the average CT number of structure groups 2, 4, and 
6 are similar, but those are created with different anatomical 
structures.

In a recent review paper, Larue et al. [33] briefly discusses 
applications of radiomics to normal tissue. The primary utility 
of normal tissue radiomics is to assess the change in normal 
tissue to injuries related to cancer treatment and development 
using a series of imaging studies. The current study opens a po-
tentially new direction. One can use radiomics features strongly 
associated with the physiological and biological characteristics 
of normal tissue or organs to detect functional changes of the 
organs through images.

In this study, we used an unsupervised algorithm to classify 
anatomical contours. We can also use supervised ML algorithms 
such as support vector machines or even convolution neural 
networks to classify the contours into predefined categories 

and generate models for predicting the anatomical location 
from the CT images. Such a study could identify important ra-
diomics features specific to each structure category.

Conclusions 

We showed that the CT radiomics exhibited recognizable 
differences among twenty-two anatomical structures in head 
and neck areas. The novel two-stage clustering algorithm could 
categorize the anatomical structures into subgroups, sharing 
common biological functions and tissue types. In conclusion, 
our results implied that the radiomics of CT images could help 
discover the differences of biological processes, microenviron-
ment, and cellular structures among anatomical structures in 
the head and neck.

Appendix A: Complete list of radiomics features used for the 
current study [Available upon request to the authors].
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