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ARTICLE INFO ABSTRACT

Keywords: Purpose: Glioblastomas (GBM) and metastases are the most frequent malignant brain tumors in the adult po-
Glioblastoma pulation. Their presentation on conventional MRI is quite similar, but treatment strategy and prognosis are
Metastasis substantially different. Even with advanced MR techniques, in some cases diagnostic uncertainty remains. The
MRI

main objective of this study was to determine whether fractal, texture, or both MR image analyses could aid in
differentiating glioblastoma from solitary brain metastasis.

Method: In a retrospective study of 55 patients (30 glioblastomas and 25 solitary metastases) who underwent
T2W/SWI/CET1 MRI, quantitative parameters of fractal and texture analysis were estimated, using box-counting
and gray level co-occurrence matrix (GLCM) methods.

Results: All five GLCM parameters obtained from T2W images showed significant difference between glio-
blastomas and solitary metastases, as well as on CET1 images except correlation (Scor), contrary to SWI images
which showed different values of two parameters (angular second moment-Sssy, and contrast-Scon). Only three
fractal features (binary box dimension-Dy,,, normalized box dimension-Dyem, and lacunarity-A) measured on
T2W and D,orm measured on CET1 images significantly differed GBMs from solitary metastases. The highest
sensitivity and specificity were obtained from inverse difference moment (S;py) on T2W and S;pp on CET1
images, respectively. Combination of several GLCM parameters yielded better results. The processing of T2W
images provided the most significantly different parameters between the groups, followed by CET1 and SWI
images.

Conclusions: Computational-aided quantitative image analysis may potentially improve diagnostic accuracy.
According to our results texture features are more significant than fractal-based features in differentiation
glioblastoma from solitary metastasis.

Texture analysis
Fractal analysis

1. Introduction most frequent malignant brain tumors in the adult population, share
some overlapping features on diagnostic imaging, but require sub-

Differentiating a glioblastoma (GBM) from a cerebral metastasis is a stantially different treatment strategy. On conventional magnetic re-
common radiological challenge, especially in patients without proven sonance (MR) imaging, both glioblastomas and brain metastases feature
systemic malignancy and with solitary lesion. These two entities, as the a mass with ring-like contrast-enhancement, central necrosis and

Abbreviations: GBM, glioblastoma multiforme; GLCM, gray level co-occurrence matrix; FD, fractal dimension; EGFR, epidermal growth factor receptor; RO, region
of interest; MIPAV, medical image processing, analysis and visualization
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surrounding edema. Advanced MR techniques, such as magnetic re-
sonance spectroscopy (MRS), diffusion and perfusion MRI, and PET
scans as well, are useful to improve differential diagnosis, helping in
evaluating the physiologic and metabolic profile of both the tumor and
peritumoral area. Even with these techniques performed, in some cases
diagnostic uncertainty remains [1,2,3].

Considering the overlapping MR imaging features of GBM and so-
litary brain metastasis, in our study we aimed to quantify the MRI
features of GBM and metastases. In order to achieve such a task, we
have included fractal and texture analysis, along to standard morpho-
metric computational analysis.

Fractal geometry has been applied to neuroimaging for lesion de-
tection, features extractions, pattern recognition and morphologic
quantitative studies. It provides a mathematical assessment of mor-
phological characteristics (e.g. roughness and geometric complexity) of
the brain in its entire physiopathological spectrum, including brain
tumors [4,5]. Fractal parameters of medical image analysis were used
for tumor classifications [6,7,8,9], treatment follow-up [10] and even
more as reliable prognostic factors of patient survival [11].

Texture analysis is based on numerous mathematical methods that
allow pattern evaluation of the gray-level and pixel positions in medical
images. It has been shown as an effective way of assessing tumor het-
erogeneity, as described in studies related to breast [12], lung [13] and
colorectal cancers [14], as well as to brain tumors, including GBM and
metastases [15,16,17].

In this study our primary aim was to determine whether fractal,
texture, or both MR image analyses could aid in differentiating GBM
from solitary metastasis. In addition, standard morphometric
(Euclidean) parameters were evaluated as well.

E

Fig. 1. Contoured tumor, glioblastoma (A-C) and metastasis (D-F), on T1 postcontrast MR image (A, D), segmented tumor on T2W (B, E) and SWI image (C, F).
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2. Materials and methods
2.1. Patient group

Our study included two groups of patients who underwent MRI
during the 4-year period (2014 -2017) at the institution, approved by
it's Ethics Committee (Approval No: 630/4). The first group included 30
patients (15 men, age range 40-70, and 15 women, age range 50-75),
with histologically proven GBM. The second group included 25 patients
(17 men, age range 51-83, and 8 women, age range 51-75) with brain
metastases of different origin (11 pulmonary carcinomas, 7 mammary,
4 colon, 2 melanomas, 1 renal). In this patient group, the definitive
diagnosis of brain metastasis was confirmed by other diagnostic and
laboratory tests, or histologically, in patients who underwent surgical
resection.

Exclusion criteria were: multiple lesions (multicentric/multifocal
glioblastoma, multiple metastases), secondary GBM (i.e., GBM devel-
oped from a known pre-existing lower grade tumor), GBM with con-
tralateral spread, hemorrhagic lesions (e.g., homogenously "black" on
SWI) and post-radiation treatment metastases. In particular, this study
included only patients with solitary contrast-enhancing lesion with
central necrosis and intratumoral SWI signal, which is a classical dif-
ferential diagnostic dilemma from the initial MRI, later confirmed as
GBM or metastasis.

2.2. Image acquisition and preparing for analysis

All MRIs were performed on the 3T MR unit (Magnetom Skyra,
Siemens, Germany). Conventional imaging sequences, used for further
analysis were: contrast-enhanced (CE) 3D T1 MPRAGE images (matrix
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of 256 X 256, voxel-size of 0.9 X 0.9 X 0.9 mm; 192 slices, TR/TE of
2300/2.32ms, TI of 900 ms; Magnevist-gadopentetate dimeglumine
0.5 mmol/ml, Bayer, application dose 2 ml/10 kg of body weight), T2-
weighted Turbo Spin Eho images (matrix of 270 x 320, voxel-size of
0.7 x 0.7 x 5mm, 25 slices, TR/TE of 6000/99 ms, echo train length of
9), and 3D SWI images (image matrix of 252 x 288, voxel-size of
0.8 X 0.8 X 1.5mm, TR/TE of 28/20 ms, 96 slices).

Axial images (one same section on three different sequences), re-
presenting a tumor with all its characteristic imaging features (solid
contrast-enhancing component, necrosis, pathological vascularisation),
were selected and extracted in TIFF format using a MicroDicom viewer
(available on www.microdicom.com). Each tumor was outlined, by
consensus of two neuroradiologists, on the CET1 image, considering its
superior tumor margin compared to T2W and SWI images. All images
had the same dimensions (width and height) and the same resolution.
Subsequently, the resulting Region of Interest (ROI) was over imposed
to corresponding T2W and SWI images. Finally, the tumor representa-
tion in these three sequences was segmented (Fig. 1). The MIPAV
(Medical Image Processing, Analysis and Visualization, available on
http://mipav.cit.nih.gov/) software was used for all of the above steps.

As stated previously (Subsection 2.1), the study group consisted of
55 patients, recorded in three sequences encompassing a total of 165
images. Each image, was uploaded in the public domain software for
image analysis Image J (https://imagej.nih.gov/ij/) for further quanti-
tative analysis. Specifically, program recognized cropped image of the
tumor (from Fig. 1) as a RGB image (Fig. 2A), with combination of gray
and black (in and outside tumor area) pixels. Then, this image was
converted in 8 bit grayscale (Fig. 2B), where all black pixels were di-
gitally removed.

The next step in preparing images included obtaining binary image
of the selection and the border of whole area of the tumor. Each
grayscale image (Fig. 2B) was transformed in binary (Fig. 2C) with
specialized command (‘Make Binary’), with the level threshold which
was dependent on the signal intensity on grayscale image. Further, a

D
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grayscale image (Fig. 2B) was selected (with ‘Wand tool’), converted
into binary, and all regions of the tumor was filled with black pixels
(Fig. 2D). Finally, a specific command (‘Binary: Outline’) was used to
create an outline image of the tumor (Fig. 2E). This procedure was done
in the same way in all three sequences. All stages of image processing
were done by two physicist (specialist in image analysis). All further
measurements (computational and texture) were done by Image J, using
particular command, standard tools or specific plugins. As a result, the
tumor morphology was quantified with fourteen morphometric para-
meters divided in two categories: computational (9) and texture (5)
parameters.

2.3. Analysis of the binary image

The morphology of the binary image of the entire tumor, and its
interior, were quantified using 4 Euclidean and 5 fractal parameters.
Euclidean parameters were the surface area (A), shape or perimeter (P),
space-filling ratio (SFg) and asymmetry index or circularity of the tumor
projection (M). Using binary image of the whole projection (Fig. 2D),
the A and P was calculated and expressed in pixels. The SFz was ob-
tained dividing number of pixels on Fig. 2D with number of pixels when
whole frame on Fig. 2D was filled with black pixels. Finally, the M was
obtained with formula 44/P* [18].

Fractal parameters were obtained using box-counting method.
Among various fractal methods [19], the box-counting [20,21] appears
to be the method which suitably measures fractal dimensions of natural
objects [22,23]. Theoretically, for a subset F (F C R"), the box di-
mension of F approximately linearly depends on N§(F), i.e. the smallest
number of closed balls of radius § that cover F or the largest number of
disjoint balls of radius § with centers in F [24], with assumption that
lower and upper box dimensions are equal. This method, applied on
digitized images in the plane, covers the image with a grid of square
cells with cell size r [21]. Firstly, digitized image must be converted to
binary and the cell size must be expressed as the number of pixels [25].
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Fig. 2. Postprocessing of cropped SWI image: TIFF image with black background (A), grayscale image (B), grayscale image converted in binary (C), binary image of

whole tumor (D) and outline image (boundary) of whole tumor (E).
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What is more, the box sizes should be taken as geometric progression,
from 2° to 2* pixel, where k is the value for which N is equal to one
[23].

Five fractal parameters, that indirectly quantify the surface area,
shape, both translational and rotational invariance of the image [22],
were obtained in Image J, either with command of the software or with
FracLac plugin [26]. The binary box dimension (Dy,) was obtained
with command (‘Standard Box Count’) on Fig. 2C, while outline box
dimension (D,,;) was obtained on Fig. 2E. The normalized box di-
mension (Dorm) Was obtained when two box dimensions on Fig. 2D
were calculated and divided. First dimension was calculated on the
image of whole tumor and second dimension was calculated when
whole image was filled with black pixels. Last two parameters (differ-
ential box dimension-Dg; and lacunarity-A) were obtained with Fra-
cLac plugin on grayscale images Fig. 2B. Here, FracLac calculated these
parameters from the relationships between the change in average in-
tensity of pixels and the change in grid caliber [26].

2.4. Analysis of the grayscale image

A digital image in grayscale mode can be most effectively quantified
using some of the textural analysis techniques. In general, texture image
analysis contains information that quantifies the distribution of gray
color within a group of pixels. Precisely, image texture can express: i)
the homogeneity of the tones in the image, ii) the linear connection of
the tones, iii) the contrast of the image, iv) the boundary between the
gray tones and v) the complexity of the distribution of the tones [27].

One of the well-known texture techniques is GLCM. It is a two-di-
mensional gray tone histogram for a selected pair of pixels, separated
by a fixed spatial distance in the form of a matrix [28]. This technique
calculates, among others, five significant parameters i.e. second order
statistical moments [25]: the angular second moment (Sasy), the in-
verse difference moment (Sjpy), the contrast (Scon), the correlation
(Scor) and the entropy (Sgnt). Their mathematical definitions and de-
tailed explanations can be found in Djuric¢ié¢ et al [29].

The five GLCM parameters were obtained with Texture Analyzer
plugin of Image J on grayscale image, i.e. on Fig. 2B [30]. The plugin
was attuned as follows: the pixel distance was set to 1 and isotropic
spatial orientation obtained by averaging the feature values at 0 and 90°
angles, in order to normalize images. For each image, the plugin cal-
culated five parameters [27] which describe texture uniformity of the
image (Sasm), local homogeneity of the image (S;pys), spatial frequency
of the gray tones in the image (Scon), distribution of gray tones in the
image (Scor) and amount of information combined with complexity of
the image (Sgnt). Fig. 3 shows the values of five GLCM parameters for
one patient with GBM (Fig. 3, left) and the other with solitary metas-
tasis (Fig. 3 right) in three different sequences. The provided example
(Fig. 3) shows that the most notable differences between the two tumor
types were spatial frequencies of the gray tones and local homogeneity
of the images. The formulas and the description of GLCM texture
parameters are included in Supplement 1 of this article [31].

2.5. Statistical analyses

Distribution of data was tested using Shapiro-Wilk test (results are
presented in Supplement 2 along with the results of testing of parameters
with normal distribution, Supplement 3). The difference between two
groups of parameters (group with glioblastomas and group with solitary
metastases) was statistically analyzed by Mann-Whitney (U) test. A
value of p < 0.05 was considered statistically significant. Classification
was evaluated with the area under receiver operating characteristic
curve (AUROC) considering two strategies: multiclass and one-versus-
one. The SPSS software package v23 (IBM SPSS Statistics, Chicago, IL,
USA, demo version) was employed for statistical analysis.
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3. Results

The results are presented in Tables 1-3 according to the analyzed
sequences (SWI, CET; and T,W respectively). The medians and ranges
of 14 parameters for the two groups of the brain tumors (GBMs and
metastases) in SWI sequence and their statistical analysis is shown in
Table 1. In this sequence, all Euclidean parameters (A, P, SFr and M)
were significantly different between groups, while only two GLCM
parameters (Sasy and Scon) were different and none of the fractal
features has found to be significantly different. In CET; sequence
(Table 2), besides the significant difference in all Euclidean parameters,
one fractal parameter (Do) as well as four of GLCM parameters (Sasy,
Sioms Scon, Sent) Were significantly different. Finally, the analysis of
T,W sequence yielded the best results (Table 3), with significantly
different values of all Euclidean, all GLCM parameters (Sasy, Smwm,
Scons Scors Sent) and the three fractal parameters (Dyin, Dnorm and A).

Observing all three sequences, a significant difference between
groups was found in all Euclidean parameters. This result was due to
the fact that its value is strictly dependent on the dimension of the ROL.
The two GLCM parameters (Sasy and Scon) were found to be sig-
nificantly different in all sequences. These results indicate that images,
recorded in all three sequences, differed between the groups in texture
uniformity of the image and spatial frequency of the gray tones in the
images.

AUROC analyzes showed that the performance of the Euclidean,
fractal and GLCM parameters in differentiating glioblastoma from so-
litary brain metastasis ranged from 0.657 for M to 0.795 for Sypp on
CET1 image. The highest sensitivity (83.3%) and the highest specificity
(84%) were obtained from Sypy; on T2W image and S;pp, on CET1 image,
respectively (Table 4). Cut-off was determined for the combination of
highest summation of sensitivity and specificity values.

AUROC analyzes was applied on combinations of the most sig-
nificant parameters/images (parameters which was on individually
analysis best differentiate two kind of tumors). Combination of several
GLCM parameters yielded better results, i.e. AUROC value for five
GLCM parameters on three MR images (S;py/CET1,T2W, Sgn7/CET1,
Sasm/SWLCET1,T2W, Scon/T2W and Scor/T2W) was 0.908 with sen-
sitivity 86.7% and specificity 80.0% (Fig. 4A ). Similar results were
obtained by the combination of four GLCM parameters (Sppy, Sasm,
Scon> Scor) derived from T2W MR images: AUROC 0.895, sensitivity
93.3% and specificity 76.0% (Fig. 4B). Even more the combination of
three GLCM parameters (Spy, Sents Sasm) derived from CET1 MR
images, gave AUROC 0.815 with sensitivity 63.3% and specificity
88.0% (Fig. 4C). On the other hand, combination of fractal parameters
(i.e. Dyorm/CET1,T2W, Dy;,/T2W) or Euclidean parameters (A, P, SFg)
in this study provided less promising results: AUROC values 0.791 and
0.728, sensitivity 86.7% and 70.0%, specificity 72.0% and 72.0%, re-
spectively.

4. Discussion

The four morphometric (Euclidean) MR images parameters used in
our study showed promising results showing higher values of A, SFr and
P for GBMs than metastases, while median of M for GBM was lower.
This result was computational demonstration of the well-known fea-
tures of the “more circular shape” of metastasis and corrobates with the
previos results [32,33]. For instance, Mouthuy et al [32] analyzed cir-
cularity and surface measurements and reported that metastases are
often smaller, somewhat spherical with regular contours and extend
outwards evenly, contrary to glioblastomas. Furthermore, Blanchet et al
[33] suggested that the invasive growth of glial high-grade tumors in-
fluences the shape of the tumor enough to differentiate them.

Di Ieva et al [6] have applied fractal analysis on various tumor
types/grades in search for tumor’s specific morphometric parameters
for quantifying differences between them. FD and signal ratio were able
to discriminate low-grade from grade III and IV gliomas, metastases and
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Fig. 3. Example of selected GLCM parameters values in differentiating glioblastoma from solitary brain metastasis.

Table 1

Parameters derived from SWI images in patients with GBMs and solitary brain metastases.
Parameters GBMs Solitary metastases p
Euclidian

7919 (12595)
297.5 (305)

0.011 (0.018)
0.813 (0.313)
1.713 (0.322)

Surface area (A)

Perimeter (P)

Space-filling ratio (SFg)
Circularity ratio (M)

Binary box dimension (Dy;,)
Fractal

Outline box dimension (D)
Normalized box dimension (Dyorm)
Differential box dimension (Dg;¢r)
Lacunarity (A)

GLCM

Angular second moment (Sasy)
Inverse difference moment (Sypp,)

1.124 (0.124)
0.950 (0.122)
1.428 (0.202)
0.202 (0.240)

0.077 (0.180)
0.439 (0.289)

Contrast (Scon) 213 (311)
Correlation (Scor) 4.865 (6.828)
Entropy (Sent) 5.810 (2.73)

3891 (15648) < 0.001
206 (322) 0.002
0.005 (0.022) < 0.001
0.850 (0.219) 0.023
1.645 (0.434) 0.130
1.123 (0.152) 0.973
0.950 (0.186) 0.249
1.452 (0.260) 0.102
0.210 (0.441) 0.199
0.048 (0.072) < 0.001
0.435 (0.245) 0.515
246 (408) 0.039
5.497 (6.774) 0.088
5.660 (1.92) 0.642

Values are presented as median (range) with p value of Mann-Whitney U test.

The range is calculated as the difference between maximum and minimum values in the sample.
A value of p < 0.05 was considered statistically significant, the parameters which satisfy this requirement were bolded.

meningiomas, whereas FD was statistically different between lym-
phomas and high-grade gliomas. Smitha et al [9] analyzed fluid at-
tenuation inversion recovery (FLAIR) MR images in differentiation of
gliomas. They found that the lacunarity could differentiate grade II vs.
grade 1V, grade I vs. grade III, grade I vs. grade IV gliomas, while FD
differentiated only grade I vs. grade IV gliomas. Also, Di Ieva et al [7]
have successfully applied fractal analysis on SWI images to differentiate
gliomas by histological grade.

Our study demonstrated limited capability of fractal analysis in
differentiating GBMs vs. metastases. Only Dy, Dhorm and A measured
on T2W images and Dy, measured on CET1 images showed significant

difference between the two groups of tumors. More precisely, higher
median values of Dy, and Dy, has been derived from T2W images for
GBMs group, while for metastases group higher median values of Dy oy
and A has been derived from CET1 and T2W images respectively. Most
likely, the reason was relatively small group of patients or method of
image acquisition (Subsection 2.2.), as fractal analyzes are highly de-
pendent on the number of the analyzed images. This shortcoming will
possibly clear away in the future when higher amount of data will be
analyzed.

Our study has shown the significant difference between the texture
features of GBMs compared to metastases suggesting that it is suitable
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Table 2

Parameters derived from CET1 images in patients with GBMs and solitary brain metastases.
Parameters GBMs Solitary metastases P
Euclidian
Surface area (A) 7919 (12595) 3891 (15648) < 0.001
Perimeter (P) 297.5 (305) 206 (322) 0.002
Space-filling ratio (SFg) 0.011 (0.018) 0.005 (0.022) < 0.001
Circularity ratio (M) 0.813 (0.313) 0.850 (0.219) 0.023
Binary box dimension (Dp;,) 1.619 (0.257) 1.627 (0.298) 0.194
Fractal
Outline box dimension (Doy;) 1.124 (0.124) 1.123 (0.152) 0.973
Normalized box dimension (Dporm) 0.888 (0.174) 0.913 (0.177) 0.017
Differential box dimension (Dgjg) 1.346 (0.160) 1.368 (0.279) 0.488
Lacunarity (A) 0.248 (0.233) 0.237 (0.333) 0.122
GLCM
Angular second moment (Sasas) 0.077 (0.179) 0.049 (0.074) 0.001
Inverse difference moment (Sypp) 0.468 (0.285) 0.385 (0.232) < 0.001
Contrast (Scon) 199 (718) 301 (706) 0.019
Correlation (Scor) 3.167 (8.827) 2.974 (4.291) 0.168
Entropy (Sent) 5.910 (2.29) 6.280 (1.56) 0.013

Values are presented as median (range) with p value of Mann-Whitney U test.

The range is calculated as the difference between maximum and minimum values in the sample.

A value of p < 0.05 was considered statistically significant, the parameters which satisfy this requirement were bolded.

Table 3

Parameters derived from T2W images in patients with GBMs and solitary brain metastases.
Parameters GBMs Solitary metastases p
Euclidian
Surface area (A) 7919 (12595) 3891 (15648) < 0.001
Perimeter (P) 297.5 (305) 206 (322) 0.002
Space-filling ratio (SFg) 0.011 (0.018) 0.005 (0.022) < 0.001
Circularity ratio (M) 0.813 (0.313) 0.850 (0.219) 0.023
Binary box dimension (Dp;in) 1.616 (0.455) 1.532 (0.480) 0.004
Fractal
Outline box dimension (Dgy,) 1.124 (0.124) 1.123 (0.152) 0.973
Normalized box dimension (Dporm) 0.911 (0.198) 0.858 (0.227) 0.002
Differential box dimension (Dgjg) 1.332 (0.173) 1.360 (0.247) 0.080
Lacunarity (A) 0.268 (0.478) 0.352 (0.509) 0.003
GLCM
Angular second moment (Sasar) 0.077 (0.180) 0.049 (0.074) < 0.001
Inverse difference moment (S;pp) 0.483 (0.276) 0.417 (0.183) 0.001
Contrast (Scon) 298 (822) 387 (1295) 0.006
Correlation (Scor) 2.258 (5.613) 3.621 (8.478) 0.002
Entropy (Sent) 5.780 (2.44) 6.050 (1.47) 0.021

Values are presented as median (range) with p value of Mann-Whitney U test.

The range is calculated as the difference between maximum and minimum values in the sample.
A value of p < 0.05 was considered statistically significant, the parameters which satisfy this requirement were bolded.

for their differentiation. Sgnt, Scor and Scon had higher average values
for metastases compared to GBMs group, while the Ssy and the Sy
showed the opposite. Similar results were published by Mouthuy et al
[32] in the study that included the same tumor groups (GBMs and so-
litary metastases), but the texture was analyzed on the perfusion ima-
ging.

Other investigators explored the tumor heterogeneity by means of
both 2D and 3D texture analysis in search for structural differences
between brain metastases originating from different systemic cancers
[17,34] or regarding primary tumor's histological type [35]. Some
works have confirmed a relationship between GBM texture features and
survival time [15,16,36]. The diagnostic performance of MRI texture
features has been shown to be successful in grading cerebral gliomas
[37] and in the differentiation of radionecrosis from tumor recurrence
[38,39]. Recently, Kunimatsu et al [40] and Suh et al [41] differ-
entiated glioblastoma from primary CNS lymphoma. Furthermore, tu-
mour's texture features may serve as a potential imaging biomarker for
pretreatment prediction of methylation status in GBM [42] and pre-
diction of EGFR (epidermal growth factor receptor) in lower grade
gliomas [43].

Based on the expected increased heterogeneity in GBM compared to
the metastasis, ascribed to angiogenesis heterogeneity, texture features
from CET1 images theoretically, should be significant in differentiating
those tumors. However, we found that the texture features extracted
from T2W images are more informative in distinguishing GBM from
metastasis. This finding is in accordance with the study of Chen et al
[44] which was related to distinguishing the GBM’s true progression
from pseudoprogression. Similar results were obtained in the study of
Drabycz et al [45] where only texture features on T2W images, assessed
by the space-frequency analysis, could significantly differentiate me-
thylated from unmethylated GBM. The possible explanation might be
the fact that tumor property caused by heterogeneous angiogenesis,
such as ischemia, edema and necrosis, are considered more obvious on
T2W images, thus, the texture features extracted from T2W potentially
provided more information reflecting the vascular-related changes than
did on CET1. The much longer echo time on T2W image than T1W
image may underline this phenomenon [44].

The provided example (Fig. 3) shows that the most notable differ-
ences between the two tumor types were spatial frequencies of the gray
tones and local homogeneity of the images. This approach (called
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Table 4
Performance of Euclidean, fractal and GLCM parameters in differentiating glioblastoma from a solitary brain metastasis.
Parameters — MR images Se (%) Sp (%) AUROC (*std.error) P Cut-off
Contrast (Scon) - SWI 70.0 56.0 0.639 + 0.078 0.079 242.032
Circularity ratio (M) - SWI 66.7 60.0 0.657 = 0.073 0.046 0.835
Contrast (Scon) - CET1 56.7 76.0 0.664 + 0.074 0.038 215.180
Entropy (Sgnt) - T2W 76.7 64.0 0.683 + 0.073 0.020 5.972
Normalized box dimension (Dyorm) - CET1 66.7 72.0 0.689 + 0.073 0.016 0.906
Entropy (Sgnt) - CET1 73.3 68.0 0.695 + 0.072 0.013 6.169
Contrast (Scon) - T2W 73.3 60.0 0.700 =+ 0.071 0.011 358.637
Lacunarity (A) - T2W 53.3 88.0 0.717 = 0.070 0.006 0.278
Correlation (Scor) - T2W 66.7 80.0 0.725 + 0.071 0.004 2.841
Binary box dimension (Dyi,) - T2W 66.7 80.0 0.726 + 0.069 0.004 1.570
Angular second moment (Sasp) — CET1 60.0 80.0 0.727 + 0.068 0.004 0.066
Angular second moment (Sasp) - SWI 63.3 76.0 0.732 = 0.068 0.003 0.063
Normalized box dimension (D;om) - T2W 63.3 84.0 0.747 + 0.070 0.002 0.903
Perimeter (P) - SWI 66.7 80.0 0.749 =+ 0.066 0.002 282.500
Angular second moment (Sasp) - T2W 66.7 76.0 0.750 * 0.066 0.002 0.0625
Surface area (A) - SWI 63.3 80.0 0.756 + 0.066 0.001 7152.500
Space-filling ratio (SFg) - SWI 63.3 80.0 0.756 + 0.066 0.001 0.009
Inverse difference moment (Sippr) - T2ZW 83.3 68.0 0.772 + 0.063 0.001 0.433
Inverse difference moment (Sypy) - CET1 66.7 84.0 0.795 + 0.061 0.000 0.438
Se: Sensitivity; Sp: Specificity; AUROC: area under the receiver operating characteristic curve
. ROC Curve ; ROC Curve ’ ROC Curve
0.8 081 081
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2 2 2
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Fig. 4. ROC curves of combined selected GLCM parameters in differentiating glioblastoma from solitary brain metastasis: Fig. 4A Sipy/CET1,T2W/, Sgnr/CET1,
Sasm/SWI, CET1, T2W/, Scon/T2W, Scor/T2W Fig. 4B Sion/T2W, Sasm/T2W, Scon/T2W, Scor/T2W Fig. 4C Sipm/CET1, Spar/CET1, Sasm/CET1.

radiomics), converts the images to higher-dimensional data and can
potentially aid in the improvement of decision support.

The limitations of this study were relatively small number of pa-
tients (due to the retrospective study), only one type of texture analysis
and only one, but most representative slice of image analyzes per se-
quence (our idea was to evaluate the easiest and the fastest way of
image quantifying as adding tool in daily radiological practice), ab-
sence of genetic analysis of GBM (which were only recently included in
medical practice in our country for selected patients), as well as the
absence of analyzes of metastases for each primary cancer separately
(which was beyond the focus of interest of this paper and is certainly a
good idea for further investigation). Besides mentioned, selection of
regions of interest remains time-consuming and introduces an operator-
dependent segmentation bias. However, the following computer-aided
analysis performed on the region of interest is semiautomatic and re-
latively fast.

In conclusion, accurate early differentiation between GBM and so-
litary metastasis ensures adequate selection of further diagnostic and
management procedures and leads to appropriate prognostic informa-
tion. The findings of our study favor texture features as more powerful
than fractal features in differentiation of these tumors, although com-
putational multiparametric analysis might offer even more robust
quantitators useful for differential diagnosis in the clinical setting.
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