
Chin Med Sci J
March  2019

Vol. 34,  No. 1  P. 10-17
doi:10.24920/003548

ORIGINAL ARTICLE

Received for publication December 28, 2018.  Published online February 22, 2019.
*Corresponding author Zhiye Chen Tel: 86-898-37330852, E-mail: yyqf@hotmail.com; Mingxia Liu E-mail: lvmgxx@163.com

Differential Diagnostic Value of Texture Feature  
Analysis of Magnetic Resonance T2 Weighted  
Imaging between Glioblastoma and Primary  

Central Neural System Lymphoma

Botao Wang1, Mingxia Liu2*, Zhiye Chen1, 3*

1Department of Radiology, Hainan Hospital of Chinese PLA  
General Hospital, Sanya, Hainan 572013, China

2Department of Radiology, PLA 305 Hospital, Beijing 100017, China
3Department of Radiology, Chinese PLA General  

Hospital, Beijing 100853, China

Key words: glioblastoma; primary central neural system lymphoma; texture analysis;  
T2 weighted imaging; differential diagnosis

Objective  To investigate the difference in tumor conventional imaging findings and texture features on T2 
weighted images between glioblastoma and primary central neural system (CNS) lymphoma. 
Methods  The pre-operative MRI data of 81 patients with glioblastoma and 28 patients with primary CNS 
lymphoma admitted to the Chinese PLA General Hospital and Hainan Hospital of Chinese PLA General Hospital 
were retrospectively collected. All patients underwent plain MR imaging and enhanced T1 weighted imaging to 
visualize imaging features of lesions. Texture analysis of T2 weighted imaging (T2WI) was performed by use of 
GLCM texture plugin of ImageJ software, and the texture parameters including Angular Second Moment (ASM), 
Contrast, Correlation, Inverse Difference Moment (IDM), and Entropy were measured. Independent sample t-test 
and Mann-Whitney U test were performed for the between-group comparisons, regression model was established 
by Binary Logistic regression analysis, and receiver operating characteristic (ROC) curve was plotted to compare 
the diagnostic efficacy. 
Results  The conventional imaging features including cystic and necrosis changes (P = 0.000), ‘Rosette’ changes 
(P = 0.000) and ‘incision sign’ (P = 0.000), except ‘flame-like edema’ (P = 0.635), presented significantly statistical 
difference between glioblastoma and primary CNS lymphoma. The texture features, ASM, Contrast, Correlation, 
IDM and Entropy, showed significant differences between glioblastoma and primary CNS lympoma (P = 0.006, 
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G lioblastoma and primary central neu-
ral system (CNS) lymphoma are both 
intracerebral malignant tumors. Cerebral 
glioblastoma is a common primary brain 

tumor, which usually is treated by surgery. While the 
incidence of primary CNS lymphoma has been increas-
ing in recent decades, which is very sensitive to radio-
therapy. Therefore, the accurate diagnosis of these two 
brain tumors would be helpful to make a reasonable 
treatment plan in clinical practice.[1-2]

Previous studies have demonstrated that tu-
mor cells were arranged densely and rich reticular 
fibers were contained in primary CNS lymphoma, and 
the solid part of the tumor presented a slightly hy-
pointense, isointense or slightly hyperintense on T2 
weighted imaging (T2WI). In clinical practice, prima-
ry CNS lymphoma usually shows isointense to gray 
matter. Although glioblastoma also has a high density 
of tumor cells, the solid part of glioblastoma usually 
presents slightly hyperintense on T2WI because of 
its abundant blood vessels.[3-6] In the current study 
we used gray-level co-occurrence matrix (GLCM)[7] to 
quantitatively transform T2WI gray values and subtle 
changes of pixel arrangement of the tumors' solid part 
into texture feature parameters, aiming to improve the 
differential diagnostic accuracy for these two tumors 
by combining the imaging features.

PATIENTS AND METHODS

Patients
Between July 2012 and July 2018, 81 patients with 
glioblastoma and 28 patients with primary CNS lym-
phoma were diagnosed by magnetic resonance (MR) 
scan and pathology at the Chinese PLA General Hospi-
tal and Hainan Hospital of Chinese PLA General Hospi-
tal. The patients of glioblastoma included 42 males and 
39 females with a mean age of 52.8±11.7 (range 24-

75) years, one of whom was confirmed as gliosarcoma 
by pathology. The patients of primary CNS lymphoma 
including 18 males and 10 females with a mean age of 
53.0±12.5 (range 21-76) years, were all diagnosed as 
diffuse large B cell lymphoma and had no autoimmune 
deficiency diseases or immunosuppressive agents ad-
ministration. All patients did not receive any treatment 
before they underwent MR examination.

MR imaging
All the data were acquired on a 3.0T whole body MR 
imaging system (Signa Hdxt, GE Healthcare, Mil-
waukee, WI, USA) with a conventional eight channel 
phased-array head coil. Axial T2WI parameters were 
listed as follows: repetition time (TR) 5500 ms, time 
echo (TE) 103 ms, slice thickness 5 mm, and slice 
space 1 mm. Gadodiamide (0.1 mmol/kg, Omniscan, 
GE Healthcare) was given intravenously at a rate of 2 
ml/s using a power injector (Spectris; MedRad, War-
rendale, PA, USA) for the post-contrast T1 weighted 
imaging (T1WI) scan.

Imaging analysis
Axial T2 weighted images of intracerebral tumors were 
exported as DICOM format from Picture Archiving and 
Communication Systems (PACS), and then was im-
ported to ImagJ (1.41v, https://imagej.nih.gov/ij/) 
to perform texture analysis with its texture feature 
analysis plugin. The plugin was set as default values: 
the size of the step in pixels 1 mm and the direction of 
the step 0 degree. The regions of interest (ROIs) was 
extracted as follows: ROI was placed on the solid part 
of the tumor with maximal area (Figure 1), avoiding 
the part with hemorrhage, necrosis, cystic change and 
non-enhancement to ensure the texture of lesions to 
be uniform and consistent. The size of ROI was de-
pended on the size of the solid part and should include 
all the pixels in the solid part. To improve the accuracy 

0.000, 0.002, 0.000, and 0.015 respectively). The area under the ROC curve was 0.671, 0.752, 0.695, 0.720 
and 0.646 respectively, and the area under the ROC curve was 0.917 for the combined texture variables (Contrast, 
cystic and necrosis, ‘Rosette’ changes, and ‘incision sign’) in the model of Logistic regression. Binary Logistic 
regression analysis demonstrated that cystic and necrosis changes, ‘Rosette’ changes and ‘incision sign’ and texture 
Contrast could be considered as the specific texture variables for the differential diagnosis of glioblastoma and 
primary CNS lymphoma. 
Conclusion  The texture features of T2WI and conventional imaging findings may be used to distinguish 
glioblastoma from primary CNS lymphoma.
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of the measurement, ROI was placed for 3 times by 
the same neuroradiologist on the same image, and the 
mean value of texture parameter was regarded as the 
final value. The texture parameters included Angular 
Second Moment (ASM), Contrast, Correlation, Inverse 
Difference Moment (IDM) and Entropy.

Statistical analysis
The data of texture parameters with normal distribu-
tion were expressed as means ± SD and comparison 
of intergroup was performed with independent t test, 
while the non-normally distributing data were ex-
pressed as median (quantile range) and comparison 
was performed with Mann-Whitney U test. The catego-
rized data were compared by Chi-square test between 
the two groups.

The Binary Logistic regression analysis was per-
formed as follows: (1) Glioblastoma and primary CNS 
lymphoma were considered as the dependent vari-
ables; (2) Eight variables with significantly statisti-
cal difference including cystic and necrosis changes 
(yes=1, no=-1), ‘Rosette’ changes (yes=1, no=-1), 
‘incision sign’ (yes=1, no=-1) as well as ASM, Con-
trast, Correlation, IDM and Entropy were regarded as 
the independent variables; (3) The image signs, tex-
ture features, and image signs plus texture features 
with significantly statistical difference entered the Bi-
nary Logistic regression analysis, respectively; (4) The 
variables were selected using backwards method, and 
the variables that would be enrolled in the logistic re-
gression equation were determined by Wald χ2 value; 
(5) The diagnostic point was computed based on the 
false positive rate according to the actual clinical re-

quirements of this group of data.[8]

Receiver operating characteristic (ROC) curve was 
also built. The pathological diagnosis of cerebral tu-
mors is the gold standard. Assuming that glioblastoma 
is positive and primary CNS lymphoma is negative, the 
ROC curve was drawn with 1-specificity as horizontal 
ordinate and sensitivity as vertical coordinate, and the 
point with the maximal sum of texture parameters 
specificity plus sensitivity was regarded as the optimal 
diagnostic point, then the corresponding sensitivity 
and specificity were obtained. The differential diag-
nostic value and efficacy of single variable and three 
combined variables entering logistic regression model 
were evaluated according to the area under ROC curve 
(AUC).

Statistical analyses were performed using the 
SPSS Statistics Software Version 22.0 (SPSS Inc., Chi-
cago, IL, USA). Statistically significant difference was 
set at a P value less than 0.05.

RESULTS

MR imaging findings 
The imaging findings of 81 cases of cerebral glio-
blastoma were listed as follows: (1) onset location: 
13 located in frontal lobe, 8 in parietal lobe, 32 in 
temporal lobe, 3 in occipital lobe, 3 in insular lobe, 
6 in corpus callosum, 9 in basal ganglia, 4 in thala-
mus and 3 in hippocampus; (2) signal of solid part 
on T2WI: 66 (82%) showing slightly hyperintense, 9 
(11%) isointense and 6 (7%) slightly hypointense; 
(3) imaging signs: 66 (82%) cases with cystic and 
necrosis changes and 45 (56%) cases with ‘flame-

Figure 1. A. A 33 year-old male patient with lyphoma; B. A 50 years old man with glioblastoma. The region of interest 
was placed on the solid part of the lesion to measure the texture parameters on the T2 weighted image.
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like’ peritumoral edema. The imaging findings of 28 
cases of primary CNS lymphoma were listed as fol-
lows: (1) onset location: 3 in frontal lobe, 4 in parietal 
lobe, 2 in temporal lobe, 1 in septum pellucidum, 14 
in basal ganglia, 1 in the cerebellum and 3 cases in 
corpus callosum; (2) signal of solid part on T2WI: 13 
(46%) slightly hyperintense, 5 (18%) isointense, and 
10 (36%) slightly hypointense; (3) imaging signs: 7 
(25%) cases with cystic and necrosis changes, and 
17 (61%) cases with ‘flame-like’ peritumoral edema 
(Figure 2A). Chi-square test demonstrated that cystic 
and necrosis changes presented significantly statisti-
cal difference (P=0.000, χ2=30.009) between the two 
tumors, and ‘flame-like’ edema presented no statisti-
cal difference (P=0.635, χ2=0.226). Fifty-five (68%) 
cases of glioblastoma presented ‘Rosette’ changes 
(Figure 2B), while none of primary CNS lymphoma 
showed this feature on MRI post-contrast scan, which 
presented significantly statistical difference (P=0.000, 
χ2=38.377). Twelve (43%) cases of primary CNS lym-
phoma showed ‘incision sign’ (Figure 2C) and 4 (5%) 
cases of glioblastoma showed ‘incision sign’, which also 
presented significantly statistical difference (P=0.000, 
χ2=23.888).

Texture features
Table 1 indicated that there was significant difference 
in the texture ASM (P=0.006, U=820.000), Con-
trast (P=0.000, U=618.500), Correlation (P=0.002, 
U=760.000), IDM (P=0.000, t=4.089) and Entropy 
(P=0.000, t=2.758) between the glioblastoma and 
primary CNS lymphoma groups. ROC analysis demon-

strated that the AUC were 0.671, 0.752, 0.695, 0.720 
and 0.646, and the optimal diagnostic points were 
0.015, 5.267, 0.050, 0.409 and 4.683 for ASM, Con-
trast, Correlation, IDM and Entropy, respectively (Table 
2). The AUC were 0.757, 0.779 and 0.684 for cystic 
and necrosis changes, ‘Rosette’ changes and ‘incision 
sign’ respectively (Figure 3).

The Binary Logistic regression analysis of the 
image signs, texture features and image features 
plus texture features was performed with eight in-
dependent variables including cystic and necrosis 
changes, ‘Rosette’ changes, ‘incision sign’ as well 
as ASM, Contrast, Correlation, IDM and Entropy, 
which showed significantly statistical difference 
between the two groups. And then three regres-
sion models were obtained: (1) P imaging signs =1/1 + 
e-(-0.303-1.062×cystic and necrosis +1.226×incision sign), the diagnostic 
point was 0.380 according to the false positive rate 
(R = 10%) based on the current clinical data. If 
P>0.380, the case should be diagnosed as prima-
ry CNS lymphoma; if P<0.380, the case should be 
diagnosed as glioblastoma. (2) Ptexture features =1/1+ 
e-(-18.107+303.253×ASM-0.197×contrast+3.043×entropy), the diagnostic 
point was 0.360 according to the false positive rate  
(R =10%) based on the current clinical data. If 
P>0.360, the case should be diagnosed as primary 
CNS lymphoma; if P<0.360, the case should be diag-
nosed as glioblastoma. (3) Pimaging signs + texture features=1/1 + 
e-(-8.362-0.188×contrast-0.442×cystic and necrosis -10.111×rosette+1.206×incision), 
the diagnostic point was 0.435 according to the false 
positive rate (R=10%) based on the current clinical 
data. If P>0.435, the case should be diagnosed as 

Figure 2. A. The lymphoma of the left temporal lobe presented ‘flame-like edema’; B. The glioblastoma of the right tem-
poral lobe presented ‘Rosette’ enhancement; C. The lymphoma of the left temporal lobe and hippocampus presented ‘incision 
sign’ (arrow head), which pointed to the dura is aligned with the blood supply arteries and white matter fibers.
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primary CNS lymphoma; if P<0.435, the case should 
be diagnosed as glioblastoma. The three equations 
and diagnostic points were applied to the current 
109 cases of glioblastoma and primary CNS lympho-
ma, and the predictive accuracy for the differential 
diagnosis was 75.3%, 81.7%, 82.6% respectively. 
Further ROC analysis demonstrated that AUC were 
0.818, 0.769, 0.917 for the combined variables en-
rolled in these three regression equations, respec-
tively (Figure 3).

DISCUSSION

Glioblastoma and primary CNS lymphoma are in-
tra-axial malignant tumors, whose biological behavior 
determines their respective imaging characteristics. The 
differential diagnosis of these two tumors mainly de-
pends on the conventional imaging observation. How-
ever, some tumors present similar in MRI feature, and 
it is difficult to differentiate them according to the na-
ked observation of conventional MR images. This study 
included 28 cases of primary CNS lymphoma, most of 
which located in the deep brain tissue adjacent to the 
midline of supratentorial area (18/28, 64%). While 
most glioblastoma mainly located in temporal lobe, 
frontal lobe and parietal lobe (53/81, 65%). Therefore, 
there was difference in the predilection site between 
these two tumors. Glioblastoma was more prone to 
cystic change and necrosis than lymphoma, in addi-
tion most of glioblastoma showed ‘Rosette’ enhance-
ment on post-contrast scan. Small cystic change and 
fissure-like necrosis were observed in a few cases of 
primary CNS lymphoma in this study, and no cases of 
lymphoma showed ‘Rosette’ enhancement. Chi-square 
test demonstrated that ‘Rosette’ changes and ‘incision 
sign’ presented significant difference between glio-
blastoma and primary CNS lymphoma. The differences 
in the predisposing sites, cystic change, necrosis and 

Table 1. Comparisons of the five texture parameters of DWI between 81 patients with cerebral glioblastoma and 28 pa-
tients with primary central neural system lymphoma

Groups n
ASM  

[median (QR)]a

Contrast  

[median (QR)]a

Correlation  

[median (QR)]a

IDM  

(means ± SD)

Entropy  

(means ± SD)

Glioblastoma 81 0.011 (0.010) 8.302 (9.320) 0.030 (0.020) 0.382±0.074 4.933±0.434

Lymphoma 28 0.015 (0.010) 4.989 (4.580) 0.051 (0.050) 0.449±0.085 4.664±0.511

t value 820.000 618.500 760.000 4.089 2.758

P value 0.006 0.000 0.002 0.000 0.015

95%CI 0.011-0.013 7.146-10.205 0.032-0.044 0.388-0.423 4.733-4.913

DWI: diffusion weighted imaging; ASM: Angular Second Moment; QR: quantile range; IDM: Inverse Difference Moment; 
aMann-Whitney U text. 

Table 2. Receiver operating characteristic curve evaluation of the texture ASM, Contrast, Correlation, Entropy, and IDM of 
the model of Logistic regression between cerebral glioblastoma and primary central neural system lymphoma

Parameters Area under curve Critical value 95%CI Sensitivity Specificity Above critial value Below critical value

ASM 0.671 0.015 0.549-0.875 0.483 0.814 Lymphoma Glioblastoma

Contrast 0.752 5.267 0.649-0.855 0.802 0.552 Glioblastoma Lymphoma

Correlation 0.695 0.050 0.576-0.815 0.517 0.860 Lymphoma Glioblastoma

IDM 0.720 0.409 0.607-0.881 0.655 0.651 Lymphoma Glioblastoma

Entropy 0.646 4.683 0.521-0.770 0.686 0.552 Glioblastoma Lymphoma

Figure 3. ROC curve of each texture parameter and the 
combined texture parameters of the model of Logistic re-
gression for glioblastoma and primary central neural sys-
tem lymphoma.
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enhancement pattern between these two tumors were 
consistent with the results of the previous reports.[3-6]  
Previous study also demonstrated that ‘flame-like’ 
edema was helpful in the diagnosis of lymphoma,[9] 
however, the current study suggested that there was 
no significant difference between the two groups. We 
also found that not all cases had characteristic imaging 
manifestations, and atypical cases still accounted for a 
certain proportion, which made it difficult to differenti-
ate them on images.

The texture analysis essentially quantitatively de-
scribed the spatial distribution of pixels on the image, 
and converted the grayscale information into texture 
feature, which could be used to quantitatively evaluate 
the regional characteristics of lesion and objectively 
diagnose the disorders for the clinician.[10] GLCM was a 
common method for the extraction of the texture fea-
tures, which could inflect the relationship in distance, 
direction and altered magnitude of the selected two 
points, and further intuitively present the spatial attri-
bute of the image texture features.[11] This method has 
been applied in imaging diagnosis of multiple disor-
ders.[12-14] The previous study suggested that there was 
no need to perform multiple parameter setting for the 
texture feature analysis because the texture of lesions 
tended to be uniform.[15] Therefore, the current study 
extracted 5 common texture parameters based on the 
default settings (pixel step=1 and the direction of the 
step=0 degree).

In recent years, the texture analysis of the brain 
tumors using MR images reported at home and abroad 
mainly focused on the differential diagnosis of intra-ax-
ial tumors, the glioma grading and the therapy evalua-
tion of brain tumors. For example, the texture analysis 
was used to evaluate the tumor cell atypia of gliomas on 
the post-contrast T1WI images to improve the accuracy 
of the glioma grading.[16] GLCM was also used to distin-
guish the recurrence from radiation necrosis after sur-
gery of glioblastoma with an accuracy rate of 86.4%.[17]  
However, texture analysis was relatively rare to be 
applied in the differential diagnosis between glioblasto-
ma and primary CNS lymphoma. MR images applying 
to the texture analysis mainly involved post-contrast 
T1WI, and the methods mainly included histogram 
texture analysis, GLCM, gray level running length ma-
trix and so on.[18-22] Especially for differentiating prima-
ry CNS lymphoma from high grade glioma using the 
histogram texture analysis on the post-contrast T1WI 
images, it was demonstrated that the texture param-

eter Entropy and heterogeneity had high discriminant 
value.[23] The current study mainly used GLCM texture 
analysis on the raw T2WI images to differentiate these 
two tumors, and contrast agents was not required in 
this study.

This study demonstrated that texture Contrast 
and Entropy of glioblastoma were significantly higher 
than those of primary CNS lymphoma. According to 
the texture feature attributes, the texture Contrast 
reflects the wrinkled texture of an image and the tex-
ture Entropy represents the texture complexity of an 
image. Therefore, glioblastoma presented with deeper 
wrinkled texture and higher texture complexity com-
pared with primary CNS lymphoma. The texture ASM, 
Correlation and IDM of glioblastoma showed significant 
decrease compared with primary CNS lymphoma. The 
texture ASM and IDM reflect homogeneity, and the 
texture Correlation reflects similarity and grey-lev-
els correlation, which are used to measure the local 
changes of image texture. This result indicated that 
glioblastoma stroma has lower homogeneity than pri-
mary CNS lymphoma. Therefore, the texture analysis 
technology could detect heterogeneity change of brain 
tumor that could not be observed by naked eye, and 
thus may have a capacity to differentiate glioblastoma 
from primary CNS lymphoma.

In the current study, texture parameters screened 
by independent sample t-test have some value in dif-
ferentiating primary CNS lymphoma from glioblastoma. 
It is also necessary to take a comprehensive analysis 
of multi-parameters combined with imaging features to 
improve the accuracy of differential diagnosis and ob-
tain the correlation of each parameter in differentiat-
ing these two tumors. Three binary logistic regression 
models were obtained and were applied to validate 109 
cases of glioblastoma and primary CNS lymphoma in 
this study. The predictive accuracy was 75.3%, 81.7% 
and 82.6%, respectively. The regression models based 
on texture features and image signs + texture features 
have high predictive accuracy.

In this study, ROC analysis was used to evaluate 
the diagnostic value and efficacy for single texture 
parameter and three combined variables enrolled in 
the Logistic regression equation in differentiating glio-
blastoma from primary CNS lymphoma. The AUC of 
the combined variables enrolled in the three Logistic 
regression models was 0.818, 0.769, 0.917, respec-
tively. The AUC of signal variable was in the range of 
0.646 to 0.779. The AUC of regression model based 
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on image signs plus texture features was 0.917, and 
it’s diagnostic efficacy was obviously better than that 
of the other two regression equations and the signal 
texture parameter. For AUC values in the range of 0.5-
1.0, the larger the AUC value is, the higher the diag-
nostic accuracy is. Therefore, the logistic regression 
model composed of four variables including cystic and 
necrosis changes, ‘Rosette’ changes, ‘incision sign’ and 
texture has higher predictive accuracy and diagnostic 
efficiency in differentiating the two tumors.

The cut-off value of texture parameters with sta-
tistical differences, i.e. the maximum specific value 
of sensitivity plus specificity of ROC curve near the 
upper left corner, was obtained, which could be used 
to pre-differentiate glioblastoma and primary CNS 
lymphoma. However, the diagnostic efficiency of single 
texture parameter is lower than that of logistic regres-
sion equation, which can only be considered as one of 
the reference data for differential diagnosis.

There are some limitations in this study: (1) The 
sample size was relatively small for the primary CNS 
lymphoma, although the incidence of lymphoma has 
increased in recent years, it is still one of the rare 
malignant tumors in the brain; (2) This study was a 
preliminary study of texture analysis in differentiat-
ing intracerebral tumors, and only texture analysis of 
T2WI images were performed and the other MR imag-
es should be used in the future.

In summary, this study demonstrated that the 
heterogeneity of glioblastoma and primary CNS lym-
phoma can be reflected by combining the imaging 
features cystic and necrosis changes, ‘Rosette’ chang-
es, ‘incision sign’ and texture parameter Contrast on 
T2WI. The combined variables enrolled in the logistic 
regression equation had a considerable clinical value in 
differentiating the two tumors.
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