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HIGHLIGHTS

e LRD medical image fusion algorithm can be used for glioma grading.
e We can use the LRD fusion algorithm with MRI image for glioma grading.
e Fusing of DWI (b50) and T; enhancement (T;Gd) by LRD, have highest diagnostic value for glioma grading.

ARTICLE INFO ABSTRACT

Keywords: Background: Grade of brain tumor is thought to be the most significant and crucial component in treatment
Fusion algorithm management. Recent development in medical imaging techniques have led to the introduce non-invasive
Glioma

methods for brain tumor grading such as different magnetic resonance imaging (MRI) protocols. Combination
of different MRI protocols with fusion algorithms for tumor grading is used to increase diagnostic improvement.
This paper investigated the efficiency of the Laplacian Re-decomposition (LRD) fusion algorithms for glioma
grading.

Procedures: In this study, 69 patients were examined with MRI. The T1 post enhancement (T1Gd) and diffusion-
weighted images (DWI) were obtained. To evaluated LRD performance for glioma grading, we compared the
parameters of the receiver operating characteristic (ROC) curves.

Findings: We found that the average Relative Signal Contrast (RSC) for high-grade gliomas is greater than RSCs
for low-grade gliomas in T1Gd images and all fused images. No significant difference in RSCs of DWI images was
observed between low-grade and high-grade gliomas. However, a significant RSCs difference was detected be-
tween grade III and IV in the T1Gd, b50, and all fussed images.

Conclusions: This research suggests that T1Gd images are an appropriate imaging protocol for separating low-
grade and high-grade gliomas. According to the findings of this study, we may use the LRD fusion algorithm
to increase the diagnostic value of T1Gd and DWI picture for grades III and IV glioma distinction. In conclusion,
this article has emphasized the significance of the LRD fusion algorithm as a tool for differentiating grade III and
IV gliomas.
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1. Introduction

Gliomas are the most common type of primary neoplasms of the
brain in adults [1,2]. Based on the histopathological assessment of the
tumor, gliomas can be classified into low-grade (grade I and II) and
high-grade (grade III and IV) [2]. The main treatment options for brain
tumors are surgery, radiation therapy, chemotherapy, or a combination
of these treatments [3]. Tumor grade is believed to be the most essential
and critical factor for treatment management [2]. The current bench-
mark for brain tumor grading are common tumor morphologic obser-
vations and histopathologic detection, but these methods have
limitations of significant intra-observer difference, error in tissue sam-
pling during the biopsy, and invasive process [4,5].

Development in medical imaging techniques has led to the proposed
and investigated non-invasive methods for brain tumor grading.
Advanced MRI imaging and functional imaging techniques such as
diffusion-weighted imaging (DWI), dynamic susceptibility contrast
enhancement imaging (DSC), blood oxygen level dependent imaging
(BOLD), etc., prepare physiologic data that supplement the anatomic
data acquired from standard MRI imaging modality [6-9]. Much works
on the potential of parametric MRI imaging such as DWI, dynamic
contrast enhancement (DCE), magnetic resonance spectroscopy (MRS),
etc., have been carried out to determine the diagnostic value of MRI
imaging protocols for tumor grading. Advanced MRI imaging and
functional imaging techniques provided us the different physiologic
information of the interested tissue with different accuracy. DWI mea-
sures the tissue cellularity by assuming that the water molecule’s
diffusivity within the extracellular part is inversely related to the
intracellular space content and attenuation of water molecules in the
tissue [10]. Because of decreased water diffusivity, the apparent diffu-
sion coefficient (ADC) of DWI images decreases as tumor cellularity and
grade increase. [9-11]. DSC enables the non-invasive analysis of tumor
vascularity and angiogenesis. [6-9,12]. Because greater vascularity
correlates to a higher tumor grade, the maximum tumor Cerebral Blood
Volume (CBV) tends to increase with the astrocytoma grade [6,9,10].

Most previous works have only focused on tumor grading with single
MRI image protocols [13-19]. A crucial issue of brain tumor grading
with MRI images is the low accuracy of the traditional MRI methods.
Few researchers have addressed the issue of the combination of different
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MRI protocols for tumor grading [20-22]. Hilario and co-workers [21]
estimated the diagnostic accuracy of a combination of ADC and rCBV
data for glioma grading. In [20] the authors investigated the usefulness
of ADC and DCE-MRI parameters as predictive parameters for dis-
tinguishing between benign and malignant prostate lesions. Although
MRI protocols such as DCE, DSC, BOLD, etc., are interesting, they do not
become commercially available in all imaging departments and also
need a high-specialist physician for image reports [23-25]. With this in
mind, we tried to use conventional and widely available MRI imaging
protocols such as regular T1 post-contrast enhancement (T1Gd) images
and DWI images with multiple b-values in the current study.

One of the main different image data combination issues is the
medical image fusion task. Image fusion is a popular technique for
combining images from different imaging modalities or protocols, with
the fused results retaining both image information [26]. In general,
image fusion approaches are divided into two categories: spatial and
transform domain methods. [27,28]. Transform domain-based methods
are commonly used in medical image fusion [29,30].

In contrast to spatial domain techniques, transform domain methods
first transform source images into specific coefficients. The coefficients
are then fused, and by inversely transforming all of the fused co-
efficients, the fused image is reconstructed. Multi-scale transform (MST)
and Sparse representation approaches have recently emerged as the
most widely used image fusion techniques. The MST-based algorithm is
a frequency domain approach use for image processing in medical im-
aging. Using a transform, MST-based algorithm separates source images
into high and low-frequency sub-images and then produces separate
fusion rules for the high and low-frequency sub-images to reconstruct
the final fused image. One of the MST-based algorithm which used for
medical image fusion, was Laplacian Re-decomposition (LRD) fusion
algorithms.

We have designed an innovative solution for improving brain tumor
grading accuracy with regular MRI images. The aim of this study is to
evaluate the usefulness of LRD image fusion algorithm for brain tumor
grading with DWI and T1 enhanced images of MRI and improve the
grading accuracy for brain tumors with the fusion of conventional MRI
images.
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2. Material and methods
2.1. Patient

This study included 89 patients with histologically confirmed gli-
omas by surgical resection who underwent magnetic resonance exami-
nation between April 2020 and February 2021. One experienced
neuropathologist examined the tumor specimens according to the WHO
2016 classification [31].

Of these patients, 69 of them (36 men, 33 women; mean age 48 years;
range [19 85] years), 16 low-grade gliomas (included 16 WHO grade II),
and 53 high-grade gliomas (included 10 WHO grade III gliomas and 43
WHO grade IV glioblastomas (GBMs)) were included under the
following criteria in this study: (1) histopathology confirmation of the
gliomas; (2) lesion equal to or greater than 10 mm;(3) no radiotherapy
or chemotherapy performed before the magnetic resonance imaging
(MRI) examination; (4) adequate image quality (without patient motion
or susceptibility artifact). Exclusion criteria were (1) patient motion or

LEM Fusion rule

inadequate image quality; (2) lesion that was smaller than 10 mm; (3)
allergy to gadolinium-based contrast agent; (4) chemotherapy per-
formed before MRI examination. So, a total of 69 gliomas patients were
analyzed in this study. Fig. 1 shows a flow chart of the study population.
Before the MRI scan, all the patients provided informed consent, and the
local research ethics committee has approved the study.

2.2. MRI imaging

MRI scan was performed with a 1.5 T scanner (GE MRI signa explorer
1.5 T) with a 16 channel head coil. We performed the following se-
quences: a 3-plane localizer sequence, axial T; pre-contrast (TR = 400
ms, TE = 10 ms, FA = 90, Slice thickness = 5 mm, and spacing = 5 mm)
and post-contrast (TR = 6.1 ms, TE = 2.2 ms, TI = 20 ms, FA = 12, Slice
thickness = 5 mm, and spacing = 5 mm), DWI imaging, and T weighted
images.

Echo-planar DWI images in the axial plane were acquired before
administration of contrast media by using the following parameters: TR
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= 5268 ms, TE = 113.2 ms, FA = 90, Slice thickness = 5 mm, and
spacing = 5 mm with b-values = 50, 500, 1000.

When b0 is used, bloods appear abnormally bright in DWI images
and decrease the diagnostic value of the image. By raising the starting b-
value to 50, providing a clear visualization of the tumor image and
increasing the DWI image’s diagnostic value.

2.3. Image fusion

The patient images were transferred from the picture archiving and
communication system (PACS) to a personal computer (PC) (Fig. 2). In
order to decrease the fusion time, all images were resized to 256*256.
Fusion algorithm was performed using MATLAB 2019a Mathworks. The
fusion algorithm used in this study is practically the same as the one
proposed by Li et al. [26]. We chose this medical image fusion algorithm
to better quantitatively and qualitatively than the other popular medical
image fusion methods [26,32,33].

Briefly, the Laplacian Re-decomposition (LRD) algorithm for medical
image fusion includes several steps (Fig. 3). In the LRD, we first used
Gradient Domain Image Enhancement (GDIE) to produce Enhancement
images (Hp and Hp) of each source image. In the next stage, Low-
frequency (Ga and Gp) and High-frequency sub-band images (Lo and
Lg) were created by using Laplacian pyramid transform (LP) from
Enhancement images. Then with Decision Graph Re-decomposition
(DGR), Overlapping domain (O, and Og), and non-overlapping
domain (Nj and Np), images were created. Finally, with local energy
maximum (LEM) fusion rule, overlapping domain (OD) fusion rule, non-
overlapping domain (NOD) fusion rule, inverse re-decomposition
scheme (IRS) fusion rule, and inversed LP, the fused image was recon-
structed. More details of this medical fusion algorithm are in [26].

2.4. Data evaluation

For each patient, the images in which the tumor size was the largest
was selected as the image for data evaluation. In order to determine the
image contrast, the mean signal intensity of two circular regions of in-
terest (ROI) was calculated. ROIs were manually drawn by a radiologist
in the T1 images with gadolinium injection (T1Gd) with the ImageJ
software. These ROIs were located in: (1) in the white matter (WM) and
(2) ROI region, which are enhancing tumor region (ER) on T1Gd for
high-grade gliomas and high-signal intensity region on T2-weighted
images for low-grade gliomas because on low-grade tumors the
enhancement in T1Gd is scarce. ROIs drawn on T1Gd and T2 were
transferred to co-aligned DWI images (b50, b500, and b1000) and fused
images (T1Gd + b50, T1Gd + b500, and T1Gd + b1000). Three ROIs
were sampled and averaged for each region to improve the comparison’s
power.

Then, Relative Signal Contrast (RSC) was calculated by:

RSCros = Hror — Hwm
wm

Where, ypo; is the mean signal intensity of the ROI, and iy, is the mean
signal intensity of the white matter as the mean background values in
each picture. Seven RSC were calculated, RSCri64, RSCpso, RSCps00,
RSCh1000, RSCr164+b505 RSCr16d+65005 RSCr164+b1000, @nd €valuated for
brain tumor grading.

2.5. Statistical analysis

All statistical analysis was carried out using SPSS 26.0 software (IBM
Corp. Armonk, NY, USA). Through the use of the Kolmogorov-Smirnov
test, we were able to assess the normality distribution of parameters.
Mean signal value and RSCs in the ROIs were compared between high-
grade and low-grade groups with the two-tailed unpaired student’s t-
test. Also Exact Fisher test used for evaluation of the sex and age
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Table 1
characteristics of patient with low-grade and high-grade gliomas.
High-grade
Low-grade II P-value
111 v
Number of patients 16 (19.11 %) 10 (14.71 %) 43 (66.18 %) —
Mean age (years) 44.131 + 16.59 51.88 + 14.95 0.081
Man 7 29
Sex Woman 9 24 0.57

relationship with the tumor grade. The P-values of less than 0.05 were
indicated to be statistically significant. A receiver operating character-
istic (ROC) curve was chosen because it is one of the most practical ways
to determine the cutoff values for differentiating high and low-grade
gliomas with the best combination of sensitivity and specificity. The
area under the curve (AUC) was calculated with the cut-off value set the
maximum Youden index.

3. Results

The study consisted of 16 low-grade (19.11 %) and 53 high-grade
(80.87 %) gliomas. Among high-grade gliomas, 18.86 % were diag-
nosed as grade III and 81.14 % as grade IV. The histopathologic di-
agnoses are presented in Table 1. We did not find a significant difference
in sex and ages between low-grade and high-grade gliomas (Table 1 and
Fig. 4(a), 4(b)).

There was no significant difference in mean signal intensity values of
normal-appearing white matter between the low-grade and high-grade
gliomas (P-value >0.05). In Fig. 5, we show LRD fusion algorithm
result on a patient with grade IV gliomas. Fig. 6 presents the some fused
T1Gd and b50 images obtained from the LRD medical fusion algorithm
for different glioma grade.

The average RSCs for low-grade and high-grade gliomas were shown
in Table 2. In the fused images, the average RSCs in high-grade gliomas
are greater than low-grade gliomas. No significant difference in RSCs of
DWI images (b50, b500, b1000) was observed between low-grade and
high-grade gliomas.

According to the LRD fusion algorithm results, there was a significant
RSCs difference between grade Il and IV in the T1Gd, b50, and all fussed
(T1Gd + b50, T1Gd + b500, T1Gd + b1000) images (Fig. 7). However,
the analysis did not show any significant differences between RSCs of
b500 and b1000 images in grade III and IV gliomas groups (Fig. 7).

According to the ROC curve (Fig. 8) and (Table 3), the RSC cutoff
value of 0.6826 in T1Gd + b50 images showed the highest sensitivity,
specificity, and AUC in the differentiation of grade IV gliomas from
grade III gliomas. Table 3 represents the cutoff value, AUC, sensitivity,
specificity, and maximum Youden index for different RSCs in different
images for discrimination of grade III and IV gliomas. The AUC to grade
III and IV differentiation was 0.869 and 0.651 by using the T1Gd and
b1000 images, respectively. Image fusion of T1Gd and b1000 images
increased the AUC to 0.957 (47 % improvement toward b1000 images
and 10.12 % improvement toward T1Gd images) (Table 3) to grade III
and IV gliomas differentiation.

During ROC analysis of low-grade and high-grade differentiation
(Fig. 9), RSCs of T1Gd images had greater AUC, sensitivity, and speci-
ficity than other RSCs of different images and fused images. Image fusion
had increased the diagnostic performance of DWI (b50, b500, b1000)
images for low-grade and high-grade discrimination (Fig. 9).

4. Discussion

Accurate grading of gliomas is one of the most essential factors for
gliomas treatment decision [2]. Despite its invasiveness and short-
coming, biopsies and sampling have been widely and clinically used for
gliomas grading [34]. Current solutions to a non-invasive and accurate
method for glioma grading are using different imaging modalities such
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Fig. 4. years (a) and sex (b) of the patient in low-grade and high-grade groups.

Fig. 5. image of a 54 year-old woman with grade IV glioma. (a) axial post-contrast T1-weighted (T1Gd) (b) diffusion-weighted image (DWI) with b-value 50 (b-50)
(c) DWI with b-value 1000 (b-1000). (d) fused image of T1Gd + b50 with LRD fusion algorithm. (e)) fused image of T1Gd + b1000 with LRD fusion algorithm. In all
images ROI 1 is enhancement region (ER) and ROI 2 is white matter region (WM).

as MRI. By developing the different MRI imaging protocols and high improvement of MRI imaging accuracy for glioma grading. Image fusion
image contrast and resolution, MRI has become an important imaging is one solution for the improvement of diagnostic value for glioma
modality for brain imaging. Many attempts have been made [17-19,21, grading.

35-37] to differentiate the low-grade from high-grade gliomas with The most striking results from Fig. 7 and Table 2 are that RSCs were
different MRI imaging protocols. However, there is still a need for increased with glioma grade. It may be assumed that RSCs increase with
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Fig. 6. examples of T1Gd fused images with b50 images with different glioma grade. (A) high-grade glioma (B), (c), and (D) low-grade glioma.

Table 2
The average RSCs for low-grade and high-grade gliomas.
RSCriga RSCpso RSCpsoo RSCp1000 RSCriga-+bso RSCriga-+bsoo RSCriga+b1000
Low-grade —0.155 £ 0.14 1.216 £+ 0.238 0.851 + 0.271 0.361 + 0.26 0.339 + 0.028 0.249 + 0.051 0.219 + 0.183
High-grade 0.702 + 0.236 1.325 + 0.733 0.783 £ 0.4 0.466 + 0.38 0.924 + 0.336 0.791 + 0.217 0.739 + 0.202
P-value <0.001 0.744 0.714 0.55 <0.001 <0.001 0.002

glioma grade is related to the tumor cellularity and blood vessel pro-
liferation of gliomas. Previous findings in the literature [9,10] high-
lighted the decrees of tumor cellularity with the increase of gliomas
grade. Interestingly in the DWI images, tumors become brighter with
decrees of tumor cellularity. This is in complete agreement with [9,38].
In the DWI images, the b-value determines the degree of diffusion
weighting of DWI images. The higher b-value, the stronger the diffusion
effects and image dephasing [39]. The result of dephasing is low signal
intensity and image darkness. Therefore, an increase of b-value in DWI
images may have led to RSCs decrease in DWI images shown in Table 2
and Fig. 7. This matches well with [40] and also confirms earlier studies
[41,42]. As expected, our study shows that RSCrigq increased with
glioma grade because of increase blood vessel proliferation in
high-grade glioma. This is in good agreement with Pope et al. [43].
No significant difference was observed between low-grade and high-
grade gliomas in DWI (b50, b500, b1000) images (Table 2). This result
corroborates previous results [42,44,45]. Curiously, this lack of signif-
icant relationship in DWI image is related to similar appearance and
signal intensity of abscesses, edema, and tumor margin in the DWI image
of low-grade and high-grade gliomas [45]. However, the statistical tests

revealed that the RSCs between low-grade and high-grade gliomas in
T1Gd and all fusion images (T1Gd + b50, T1Gd + b500, T1Gd + b1000)
were significantly difference (Table 2), and we can use these images for
the separation of low-grade from high-grade gliomas. Further analysis in
RSCs curves showed that for low-grade and high-grade gliomas
distinction, T1Gd images with cutoff value 0.0892 have the highest
sensitivity, specificity, and AUC. Various studies have been suggested on
T1 images, low-grade are often low signal intensity on T1 weighted
images and T1 weighted with contrast enhancement, if present, is
minimal [46]. However, high-grade gliomas on T1 weighted with
contrast enhancement are high signal intensity. Therefore, this factor
could well be responsible for differences of RSCs in T1Gd images and
fusion images in low-grade and high-grade gliomas. We believed that
because of tumor enhancement in T1 images in high-grade gliomas and
rare enhancement in low-grade gliomas, T1Gd has the highest sensi-
tivity, specificity, and AUC for differentiation of low-grade and
high-grade gliomas. In addition, our results have several similarities
with Pouratian et al. [47] findings.

Previous works [17,21] have failed to separate grade III and IV gli-
omas. The most conspicuous observation to emerge from Fig. 7 was, the
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Fig. 8. ROC curve for differentiation of grade III and grade IV gliomas.

Table 3
ROC parameters for differentiation of grade III and grade IV gliomas.
RSC Cutoff ~ AUC Sensitivity =~ Specificity =~ Maximum
value Youden Index
T1Gd 0.6658 0.869 0.64 1 0.64
b50 0.6017 0.931 0.88 1 0.88
T1Gd + 0.6826 0.971 0.96 1 0.96
b50
T1Gd + 0.7133 0.951 0.86 1 0.86
b500
T1Gd + 0.6886 0.957 0.86 1 0.86
b1000

average RSCs of grade IV gliomas were significantly higher than grade
III in T1Gd, b50, and all fused images (T1Gd + b50, T1Gd + b500, T1Gd
+ b1000) (Fig. 5). Expectedly grater RSC, for grade IV gliomas in T1Gd
images than grade III is related to more angiogenesis, blood vessel
proliferation, and greater tumor blood vascular network in grade IV. The

Fig. 9. ROC curve for differentiation of low-grade and high-grade gliomas.

result of angiogenesis, tumor blood vascularization, and blood vessel
proliferation is more tumor enhancement in T1Gd images and RSC in-
crease. Our experiments are in line with previous results [19]. Inter-
estingly for grade IV gliomas, RSCs were found greater than grade III in
all fused images (Fig. 7). This correlation is related to the effect of the
fusion algorithm because the resulting image contains information from
both initial images.

The ROC curves analysis for differentiation of grade IV from grade III
showed that using the LRD fusion algorithm was increased diagnostic
values of fused images (Fig. 8, Table 3). For instance, in our study, the
sensitivity, specificity, and AUC of T1Gd images for grade IV and III
gliomas separation were calculated 0.64, 1, and 0.869, respectively. On
the other hand, these values for b1000 DWI images were observed 0.5,
0.857, and 0.651, respectively. In this case, it was found that the use of
LRD fusion algorithm can increase the sensitivity, specificity, and AUC
of T1Gd + b1000 images for grade IV and III gliomas differentiation to
0.86 (72 % improvement toward b1000 images and 34.4 % improve-
ment toward T1Gd images), 1 (16.6 % improvement toward b1000
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images), and 0.957 (47 % improvement toward b1000 images and 10.12
% improvement toward T1Gd images) respectively. This finding high-
lights the usefulness of the LRD fusion algorithm as an appropriate
method for grade IV and III gliomas differentiation.

We aware that our research may have limitations. A small sample
size was chosen because of our study is a preliminary study and the main
aim of this study is to examines the LRD medical image fusion algorithm
usefulness into the clinical use. The most remarkable results to emerge
from Fig. 7 and Table 3 for grade IV and III differentiation is that the
sensitivity of the T1Gd is 0.64 and for b50 images is 0.88, and using the
LRD fusion algorithm, the sensitivity has increased to 0.96 for T1Gd +
b50 images. The reason for this increase in accuracy can be attributed to
the combination of information in different images. T1Gd images pro-
vide information about the condition of blood vessels and blood vessel
proliferation and tissue blood flow. On the other hand, DWI images
provide information about the cellularity and motility of water mole-
cules in the tissue. Finally, using the LRD fusion algorithm in the study, a
single image can be created that includes information about vascular
and tissue blood flow and cellularity, and the molecular motion of water
in the tissue.

Notably, the LRD fusion algorithm increased the sensitivity, speci-
ficity, and AUC for differentiation of grade IV and grade III gliomas. In
addition, it was found that the highest sensitivity, specificity, and AUC
for grade IV and grade III differentiation belongs to T1Gd + b50. This
finding highlights the usefulness of LRD fusion algorithms to increase
the diagnostic value of the images.

5. Conclusion

The findings of this study indicate that for low-grade and high-grade
gliomas delimitation, T1Gd images is a proper imaging protocol because
of high sensitivity, high specificity, and availability in the most imaging
department. Furthermore, our study provides considerable insight into
using the LRD fusion algorithm for glioma grading by fusing the two
different images with different data. Thus, we have found an innovative
solution for grade III and IV gliomas differentiation. The evidence from
this study suggests that we can use the LRD fusion algorithm to improve
the diagnostic value of T1Gd and DWI images as the available MRI
imaging protocol for grade III and IV gliomas differentiation. In sum-
mary, this paper has highlighted the importance of the LRD fusion al-
gorithm as a method for grade III and IV gliomas differentiation.
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