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Differentiation between grades I and II Meningioma can be challenging in terms of radiologic features. 
Hence, this study uses radiomic features of 3D T1 enhanced MRI to analyze the difference between 
grades I and II Meningioma. A pre-operative contrast enhanced T1 images was analyzed retrospectively 
for 47 patients (16 grade II patients and 31 grades I). The grading of the meningioma was determined by 
a histo-pathologist who received samples from a neurosurgeon. Life X software which is designed to 
characterize tumor heterogeneity based on histogram, textural, and shape indices was used to extract 
the tumor features at a one and five voxel distance from neighbors. The texture indices were generated, 
and comparisons were made using the Weka software, which was used to calculate the sensitivity, 
specificity, F- score, AUROC and SPSS software was used to differentiate between WHO grades I and II 
of meningioma. For our dataset which consisted of 47 lesions of meningioma (31 lesions of grade I and 
16 cases of grade II), For five voxel distance between neighbors, out of 17 texture features only 11 was 
statistically significant, namely, conventional-skewness, discretized-mean, discretized-q1, discretized-q2, 
discretized-q3, discretized-Skewness, GLRLM-LRHGE, GLRLM-HGRE, GLRLM-SRHGE, GLZLM-
HGZE, and GLZLM-SZHGE (p-value  ≤ 0.05). A random forest classifier was built after choosing the top-
16 highly correlated features had a weighted sensitivity, specificity, F-score, and AUROC of 74.5%, 
65.7%, 74%, and 79% respectively. For one voxel distance between neighbors, out of 17 texture 
features only 7  were statistically significant , namely, discretized mean, discretized_q1, discretized_q2, 
discretized_q3, GLRLM_LRHGE, GLRLM_HGRE, GLRLM_SRHGE were significant (p-value  ≤ 0.05). 
The classifier had a weighted sensitivity, specificity, F-score, and AUROC of 78.7%, 70.4%, 78.7%, and 
80%, respectively. Our results suggest that the analysis of texture and shape is potentially useful 
preoperative tool for WHO grades I and II differentiation of meningioma. Out of the several hundred 
radiomic texture characteristics extracted from the image, few features can be used for the clear 
discrimination between WHO grades I and II preoperatively.  

Keywords: Magnetic Resonance Imaging, Brain, Radiomics, Meningioma, Texture Analysis. 

 
INTRODUCTION 

Meningioma, which accounts for one-third of 
adult primary intracranial neoplasms, exhibits a 
highly varied biological behavior and is 
subsequently described in three grades, 
according to its clinical prognosis. Non-benign 

meningioma, including WHO grades II and III are 
histologically elevated, more invasive, and 
proliferative(Buerki  et al. 2018). Non-benign 
meningiomas are susceptible to progression and 
recurrence, despite adjuvant radiation therapy 
after surgical resection(Rogers  et al. 2015). 
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Radical surgical management is preferred to 
achieve better results if non-benign meningiomas 
are diagnosed via brain MRIs(Goldbrunner  et al. 
2016). Thus, for planning management strategies, 
it is important to distinguish non-benign from 
benign meningioma, prospectively (Huang  et al. 
2019). 

For noninvasive diagnosis of meningiomas, 
an MRI is the preferred modality. The distinction 
between non-benign and benign meningiomas 
using radiological characteristics (RCs) from 
conventional MRI inspection by radiologists is still 
difficult (Nowosielski  et al. 2017). Related RCs 
may be predictive of non-benign meningiomas, 
including tumor volume, peritumoral edema, and 
necrosis; however, these RCs could be 
misinterpreted by radiologists, and the 
corresponding findings across studies were 
inconsistent (Hale  et al. 2018; Lin  et al. 2014). 
Quantitative parameters, such as diffusion tensor 
imaging (DTI), perfusion-weighted imaging (PWI), 
and diffusion-weighted imaging (DWI) were 
applied to the classification of meningiomas 
(Aslan K et al. 2018); (Surov A et al. 2015); (Toh 
CH et al. 2008). However, these techniques have 
not yet been able to identify reliable parameters 
for distinguishing non-benign from benign 
meningiomas. 

Radiomics has recently been used widely for 
the diagnosis and prediction of clinical outcomes 
in brain tumors (Bi and  Li, 2019); it basically 
involves the extraction of texture analysis (TA) 
from MR data. This method extracts quantitative 
characteristics that describe gray-level patterns, 
pixel interrelationships, and spectral features, 
most of which cannot be seen by the eye 
(Kassner  &  Thornhill, 2010). Then, these 
characteristics are used to construct models for 
machine learning to predict tumor grades and 
even molecular characteristics (Wang Y et al. 
2019); (Zhou  et al. 2018). The ability to 
distinguish between benign and non-benign 
meningiomas by using multi-parametric MRI 
texture models has been demonstrated in recent 
research studies (Lu  et al. 2019); (Park JH et al. 
2019); (Yan  et al. 2017). However, texture 
models have not been validated by an 
independent dataset in these studies, and this 
may decrease the clinical benefits of these 
models. 

Recently, some studies have presented a 
good impact of using texture analysis in medical 
imaging. Lucia’s study represented the significant 
result of using radiomics features from DWI and 
positron emission tomography (PET) in advance 

cervical cancer patients receiving chemo-
radiotherapy (Lucia  et al. 2019). Additionally, in 
another study of 40 confirmed glioma patients (20 
low-grade glioma and 20 high-grade meningioma) 
with multi-parametric, the MRIs showed very 
significant results achieving 95% sensitivity, 
95.5% accuracy, 96% specificity, and 95.5% 
AUROC curve (Vamvakas  et al. 2019). Using 
multiple-parametric MRIs with TA for capturing 
breast intra-lesion heterogeneity offers a useful 
diagnostic tool for breast tumors (Tsarouchi MI et 
al. 2020). Furthermore, in rectal cancer study, 
analyzing imaging features was valuable for 
predicting the response of the treatment to 
neoadjuvant chemo-radiotherapy and tumor 
recurrence (Park H et al. 2020). Besides, the 
study of Sun which showed that the incorporation 
of T2w texture features significantly improved 
model performance for the classification of 
aggressiveness of prostate tumors (Sun Y et al. 
2019), as well as the three types of single liver 
lesions (hepatic metastases (Nowosielski et al), 
hepatic hemangioma (Nowosielski  et al.) and 
hepatocellular carcinoma [HCC]) could be 
classified using the texture features of SPAIR 
T2W-MRI, which can serve as an adjunct tool for 
accurate diagnosis of these diseases as well (Li  
et al. 2017). The triple-classification model of 
radiomics is capable of differentiating sacral giant 
cell tumor (SGCT), sacral chordoma (SC), and 
sacral metastatic tumor (SMT), which can be used 
in clinical practice to improve the accuracy of 
preoperative diagnosis (Yin  et al. 2019). 
Moreover, the addition of traditional radiological 
analysis of selected radiomic attributes that 
quantify tumor heterogeneity and shape at 
baseline, in cases of myxoid/round cell 
liposarcomas (MRC-LPS), can improve the 
prediction of the prognosis of MRC-LPS patients 
(Crombe  et al. 2020). Furthermore, with 
quantitative assessment of location and radiomic 
features on T2-weighted imaging, epilepsy 
presentation in unruptured brain arteriovenous 
malformations (bAVMs) can be predicted (Zhang  
et al. 2019). Also, for soft tissue sarcomas, good 
accuracy and AUC can be achieved using 
radiomic features (Corino  et al. 2018).  

The main purpose of the study is to test the 
ability of artificial intelligence to distinguish 
between WHO grades I and II of meningiomas 
and implementing it in the medical field. In this 
study, we also compared the ability of textur 
analysis in distinguishing between WHO grades I 
and II meningiomas from extracted texture 
features at one and five voxel distance from 
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neighbors.Format references as per journal style 
  
MATERIALS AND METHODS 

This study was approved by Institutional 
Review Board (IRB) at King Saud University 
Medical City (IRB # 20/0720/IRB). 
Retrospectively, 47 patients confirmed 
histopathologically having meningioma were 
selected for this study (31 patients with grade I 
lesion and 16 cases with grade II lesion), table 1.  

A pre-operative MRI was conducted using 
fluid-attenuated inversion recovery (FLAIR), DWI, 
T2, and 3D T1, pre- and post-Gadolinum contrast 
(Dotarem, Guerbet, Roissy, France). The texture 
analysis were applied on enhanced 3D T1 
magnetization-prepared rapid gradient-echo 
(MPERAGE) sequence in Siemens 3T Skyra 
(MAGNETOM Skyra, Siemens Medical Solutions, 
Erlangen, Germany), (FOV = 250 mm, slice 
thickness = 1.04 mm, TR = 1610 ms, TE = 2.44 
ms, matrix = 256 x 223). The images were 
extracted from PACS in a DICOM format. The 
images were viewed in three planes and the 
texture features extracted by the LifeX software 
(Nioche  et al. 2018), which is made to analyze 
image heterogeneity based on the histogram, 
textural, and shape indices. The ROI was 
manually placed on tumor that was reviewed by 
an experienced radiologist (Figure 1). Spatial 
resampling spacing in x, y and z were 2 mm, 64 
gray-levels in terms of intensity discretization, and 
ROI values were automatically rescaled between 
the ROI content’s minimum and maximum values. 
To differentiate between grades I and II, we used 
17 important texture features indices generated 
from the LifeX software (Table 2). Features 
including gray-level run-length matrix (GLRLM) 
which is the matrix from which the texture features 
can be pull out for texture analysis. It is a way of 
searching through the image across a given 

direction, for group of pixels having similar gray 
intensity in that direction. It provides the size of 
homogeneous runs for each gray-level, while the 
grey-level zone length matrix (GLZLM) provides 
information on the size of homogeneous zones, 
and the gray-level co-occurrence matrix (GLCM) 
identified the image texture by calculating the 
number of two pixels with fixed values as well as 
spatial links available in an image that the GLCM 
can use to compute its statistical measurements 
(Mohanaiah  et al. 2013). GLCM models the 
relationship among pixels inside the region by 
building Gray Level Co-occurrence Matrix. As per 
the co-occurrence matrix from our dataset, which 
is enhanced 3D T1 images, LIFEx extracted 
features in 13 directions in two types of data, 
depending on the voxel distance with neighbors 
(Haralick  et al. 1973).  

With the Waikato environment for knowledge 
analysis (Weka) software, classification analysis 
was conducted, using SVM learning classifiers, 
different classification models were constructed, 
and ten-fold cross-validation was used to evaluate 
classification performance. For each model, 
accuracy, sensitivity, specificity, and AUC values 
were calculated (Hall  et al. 2009). Statistical 
analysis was performed using the SPSS software 
application with a level of significance of 0.05 
(IBM Corp., 2019). In order to determine whether 
each texture characteristic varied significantly 
between WHO grade I and II meningiomas, an 
independent sample t-test was conducted. 

In this study we analyzed one and five voxel 
distance between neighbors to find if there will be 
significant  different in distinguishing grades of 
meningioma between one and five voxel 
distances. A student’s t-test was used to compare 
statistically significant differences using one and 
five voxels distance from neighbors.  

 
Table 1: Patient Demographics 

 

Grade of 
Meningioma 

Number of  
Patients (%) 

Gender 
Number of Patients 

(%) 
Age 

Range 

WHO Grade I 31 (65.96%) 
Female 22 (70.97%) 

14 - 75 
Male 9 (29.03%) 

WHO Grade II 16 (34.04%) 
Female 10 (62.50%) 

Male 6 (37.50%) 
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Figure 1: Screenshot of Life X software platform showing Semi-automated Meningioma 

segmentation. 
 

Table 2: Texture Features extracted using LIFEx. 
 

Feature Family Feature Name 

Grey level co-occurrence matrix (GLCM) 
Homogeneity 
Correlation 

Grey-level run length matrix (GLRLM) 

Short Run Emphasis 
Long Run Emphasis 

High Grey-level Run Emphasis 
Short-Run High Grey-level Emphasis 
Long-Run High Grey-level Emphasis 

Run percentage 

Grey-level zone length matrix (GLZLM) 
High Grey-level Zone Emphasis 

Short-Zone High Grey-level Emphasis 
 

Conventional/ Discretized 

CONVENTIONAL skewness 
CONVENTIONAL min 

DISCRETIZED-Q1 
DISCRETIZED-Q2 
DISCRETIZED-Q3 

DISCRETIZED skewness 
DISCRETIZED mean 

 
RESULTS  

The main aim of the study was first, to test the 
reliability of using TA to distinguish between 
grades I and II of meningioma and second, to test 
the ability of TA in distinguishing between WHO 
grades I and II meningiomas from extracted 
texture features using one and five voxel distance 
from neighbors.  

One Voxel Distance between Neighbors  
CONVENTIONAL min, CONVENTIONAL 

Skewness, DISCRETIZED Skewness, GLCM 
Homogeneity, GLCM Correlation, GLZLM_HGZE, 
GLZLM_SZHGE, GLRLM RP, GLRLM SRE, and 
GLRLM LRE were not significant between grades 
I and II (p-values were 0.746, 0.064, 0.061, 0.544, 
23, 0.746, 0.163, 0.184, 0.628, 0.625, and 0.733, 
respectively), present in the independent t-test, 

while DISCRETIZED mean, DISCRETIZED-Q1, 
DISCRETIZED-Q2, DISCRETIZED-Q3, 
GLRLM_LRHGE, GLRLM_HGRE, 
GLRLM_SRHGE were significant (p-values were 
0.020, 0.023, 0.008, 0.020, 0.012, 0.020, and 
0.027, respectively). The classifier had a weighted 
sensitivity, specificity, F-score and AUROC of 
78.7%, 70.4%, 78.7%, and 80%, respectively, 
table 3. 

Five Voxel Distance from Neighbors 
The independent t-tests for CONVENTIONAL 

min, GLCM Homogeneity (inverse difference), 
GLCM Correlation, GLRLM_RP, GLRLM_SRE, 
and GLRLM_LRE were not significant between 
grades I and II (p-values were .20, .31, 79, .22, 
23, and .23, respectively), while 
CONVENTIONAL-Skewness, DISCRETIZED-
mean, DISCRETIZED-Q1, DISCRETIZED-Q2, 
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DISCRETIZED-Q3, DISCRETIZED Skewness, 
GLRLM-LRHGE, GLRLM-HGRE, GLRLM-
SRHGE, GLZLM-HGZE, and GLZLM-SZHGE 
features were significant (p-value  ≤ 0.05). Our 
dataset consisted of 47 lesions of meningioma (31 
grade I and 16 grade II). A random forest classifier 
was built after choosing the top 16 highly 
correlated features. Using 10 cross-fold validation, 
the classifier showed a weighted sensitivity, 
specificity, F-score and AUROC of 74.5%, 65.7%, 
74%, and 79%, respectively, table 4.  

In table 5, A student’s t-test was used to 
compare statistically significant differences using 
one and five voxels distance from neighbors to 
find if there is any significant different in 
distinguishing grades of meningioma between one 
and five voxel distances. It appears that 
CONVENTIONAL Skewness was significant at 5 
voxels distance between neighbor (p-value = 
0.028) but it was not significant at 1 voxel distance 
between neighbor (p-value= 0.064) .  

 
Table 3: Detailed Accuracy by Grade of Testing at 1 Voxel Distance from Neighbors 

 

Grade TP rate FP rate Precision Recall F-Measure MCC 
ROC 
 area 

PRC  
area 

I 0.848 0.357 0.848 0.848 0.848 0.491 0.80 0.897 

II 0.643 0.152 0.643 0.643 0.643 0.491 0.80 0.71 

Weighted avg. 0.787 0.296 0.787 0.787 0.787 0.491 0.80 0.840 

*TP: True Positive, FP: Fulse Positive, MCC: Merchant Category Code, ROC: Receiver Operating Characteristic, 
PRC: Precision/Recall.  

 
Table 4: Detailed Accuracy by Grade of Testing at 5 Voxel Distance from Neighbor 

 

Grade 
TP 

 rate 
FP 

 rate 
Precision Recall F-Measure MCC 

ROC 
 area 

PRC  
area 

I 0.563 0.161 0.643 0.563 0.60 0.416 0.790 0.757 

II 0.839 0.438 0.788 0.839 0.813 0.416 0.790 0.838 

Weightedavg. 0.745 0.343 0.739 0.745 0.740 0.416 0.790 0.811 

*TP: True Positive, FP: Fulse Positive, MCC: Merchant Category Code, ROC: Receiver Operating Characteristic, 
PRC: Precision/Recall. 

Table 5: Features with statistically significant differences as measured by a Student’s t-test for 1 
Voxel compared with 5 voxel distance from Neighbors. 

Texture Feature 
1 Voxel Distance between Neighbor 5 Voxel Distance between Neighbor 

Statistic df* p-value Statistic df* p-value 

CONVENTIONAL min 0.305 45.0 0.746 1.304 45.0 0.199 

CONVENTIONAL Skewness 1.897 45.0 0.064 2.271 45.0 0.028 

DISCRETIZED mean -2.411 45.0 0.020 -2.722 45.0 0.009 

DISCRETIZED_Q1 -2.353 45.0 0.023 -2.353 45.0 0.023 

DISCRETIZED_Q2 -2.783 45.0 0.008 -2.475 45.0 0.017 

DISCRETIZED_Q3 -2.413 45.0 0.020 -3.392 45.0 0.001 

DISCRETIZED Skewness 1.920 45.0 0.061 2.282 45.0 0.027 

GLCM Homogeneity [Inverse 
Difference] 

-0.611 45.0 0.544 -1.034 35.0 0.308 

GLCM Correlation -0.326 45.0 0.746 -0.266 35.0 0.792 

GLRLM_LRHGE -2.633 45.0 0.012 -3.422 45.0 0.001 

GLRLM_HGRE -2.411 45.0 0.020 -3.273 45.0 0.002 

GLRLM_SRHGE -2.279 45.0 0.027 -3.120 45.0 0.003 

GLRLM_RP 0.487 45.0 0.628 1.237 45.0 0.223 

GLRLM_SRE 0.493 45.0 0.625 1.214 45.0 0.231 

GLRLM_LRE -0.344 45.0 0.733 -1.227 45.0 0.226 

GLZLM_HGZE -1.417 45.0 0.163 -2.651 45.0 0.011 

GLZLM_SZHGE -1.349 45.0 0.184 -2.393 45.0 0.021 

*df: difference variance, p-value ≤0.05 is considered significant. 
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DISCRETIZED Skewness was also significant 
at 5 voxels distance between neighbor (p-value= 
0.027) but it was not significant  at 1 voxel 
distance between neighbor (p-value= 0.061). 
GLZLM_HGZE and GLZLM_SZHGE were also 
not significant at 1 voxel distance ( p-values= 
0.163 and 0.184 respectively) but significant at 5 
voxels distance (p-values of 0.011 and 0.021 
respectively). 

   
DISCUSSION 

TA is one of the main features of artificial 
intelligence, which when implemented in the 
medical field can help and accelerate patient 
diagnoses. In the radiology department, 
implementing artificial intelligence can help 
improve workflow, assure reliable diagnoses in 
some procedures, and can replace invasive ones. 
The primary goal of this study to implement 
artificial intelligence to improve the workflow and 
provide a reliable method of grading tumors 
instead of invasive procedures needing to admit 
the patient in the hospital. 

We explored the feasibility of differentiation in 
this study by using texture features from MRIs, 
between WHO grades I and II meningiomas, 
using the characteristics of preoperative 
meningioma textures, extracted from 3D T1 
enhanced images. The results of the study 
showed unique discrimination of features from 
main images between grades I and II 
meningiomas, with weighted sensitivity, 
specificity, F-score, and AUROC of 74.5%, 65.7%, 
74%, and 79%, respectively. (Ke C et al. 2020) 
study agrees with this result, which was based on 
the differentiation between benign meningiomas 
(WHO grade I) and non-benign meningiomas 
(WHO grades II and III) from extracted images 
features of 184 patients (139 WHO grade I and 45 
WHO grade II and grade III). The study showed 
the accuracy, sensitivity, specificity, and AUROC 
curve to be 80%, 84%, 78%, and 83%, 
respectively. These results were achieved by 
extracting image features from different 
conventional (T2w, T2-FLAIR, and T1 pre/post 
contrast) techniques which were not applied in our 
study. Moreover, Yan et al.’s research was based 
on texture as well as shape analysis MRI in 
meningiomas grading of 131 patients: 21 with 
high-grade meningiomas and 110 with low-grade 
meningiomas (Yan  et al. 2017). They employed 
the Mann-Whitney test which showed that there 
were significant differences between high-grade 
and low-grade meningiomas in all six features. 
Generally, AUC values were greater than 0.50 

(range, 0.73 to 0.88), while sensitivities and 
specificities varied from 47.62% to 90.48% and 
69.09% to 96.36%, respectively. Among the nine 
classification models acquired, the one developed 
by training the SVM classifier with all six attributes 
accomplished the most effective performance, 
with a sensitivity, specificity, diagnostic accuracy 
and AUC of 0.86, 0.87, 0.87, and 0.87, 
respectively. Besides, Laukamp et al.’s study of 
accuracy of radiomics-based feature analysis for 
noninvasive meningioma grading on 
multiparametric MRIs of 71 meningioma patients 
(46 grade I and 25 grade II) concluded the study 
with four radiomics features that were 
independently identified as showing the highest 
predictive values for higher tumor grades: FLAIR-
shape roundness (AUC = 0.80), FLAIR/T1CE-
gray-level cluster shades (AUC = 0.80), 
DWI/ADC-gray-level variability (AUC = 0.72), and 
FLAIR/T1CE-gray-level-energy variability (AUC = 
0.76) (Laukamp  et al. 2019). The combination of 
the attributes resulted in an AUC of 0.91 for grade 
I and grade II meningiomas differentiation in a 
multivariate logistic regression model, which 
reinforces our study that it was only based on 
reformatted 3D T1 enhanced images. 
Furthermore, (Lu  et al. 2019) used ADC values 
and texture features beside clinical and 
morphological features in 152 patients with 
meningioma, where 421 preoperative maps of 
ADC were included. They found that using the 
ADC value alone did not help distinguish the three 
grades of meningiomas. Equivalent diagnostic 
results could be achieved by machine learning 
classifiers based on clinical and morphological 
characteristics and ADC values (accuracy = 
62.96%) compared to two seniors neuro-
radiologists (accuracy = 61.11% and 62.04%). 
Moreover, Chu (2020) conducted a study 
predicting the WHO grade of meningiomas in 98 
patients (82 cases of WHO grade I, seven cases 
of WHO grade II, and nine cases of WHO grade 
III) via extracted images features of enhanced 
T1WI images. The prediction results of the 
meningioma grade agreed with our study, with 
accuracy rates in the training group being 94.3%, 
the test group being 92.9%, the sensitivity of the 
training group being 94.8%, the test group being 
91.7%, the specificity of training group being 
91.7%, the test group being 100%, and the AUC 
was 0.958 and 0.948, respectively. 

CONCLUSION 
Radiomic (digital image extracted texture) 

features provide an excellent quantitative 
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approach that, through appropriate spatial 
distribution of signal intensities and pixel 
interrelationships, allows excellent 
characterization of various regions within the 
same medical image. Out of the several hundred 
radiomic texture characteristics extracted from 
ROIs belonging to a group of patients. Only a few 
parameters selected by the operator were 
necessary for the clear discrimination of tumor 
from the surrounding tissues. 

The diagnostic value of preoperative MRI was 
investigated in this study using texture and shape 
analysis for the grading of meningioma. These 
texture characteristics have been shown 
(CONVENTIONAL-Skewness, DISCRETIZED-
mean, DISCRETIZED-Q1, DISCRETIZED-Q2, 
DISCRETIZED-Q3, DISCRETIZED-Skewness, 
GLRLM-LRHGE, GLRLM-HGRE, GLRLM-
SRHGE, GLZLM-HGZE, and GLZLM-SZHGE) to 
be of help in determining the grade of 
meningioma. Classifying models built with these 
characteristics generally yielded satisfactory 
results. The results of this study suggest that 
analysis of texture and shape are potentially 
useful tools for clinical practice preoperative 
differentiation of WHO grades I and II 
meningiomas. 
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