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Abstract

Background: Our purpose was to evaluate the application of volumetric histogram parameters obtained from
conventional MRI and apparent diffusion coefficient (ADC) images for grading the meningioma tumors.

Results: Tumor volumetric histograms of preoperative MRI images from 45 patients with the diagnosis of meningioma
at different grades were analyzed to find the histogram parameters. Kruskal-Wallis statistical test was used for
comparison between the parameters obtained from different grades. Multi-parametric regression analysis was used to
find the model and parameters with high predictive value for the classification of meningioma. Mode; standard
deviation on post-contrast T1WI, T2-FLAIR, and ADC images; kurtosis on post-contrast T1WI and T2-FLAIR images; mean
and several percentile values on ADC; and post-contrast T1WI images showed significant differences among different
tumor grades (P < 0.05). The multi-parametric linear regression showed that the ADC histogram parameters model had
a higher predictive value, with cutoff values of 0.212 (sensitivity = 79.6%, specificity = 84.3%) and 0.180 (sensitivity =
70.9%, specificity = 80.8%) for differentiating the grade I from II, and grade II from III, respectively.

Conclusions: The multi-parametric model of volumetric histogram parameters in some of the conventional MRI series
(i.e., post-contrast T1WI and T2-FLAIR images) along with the ADC images are appropriate for predicting the
meningioma tumors’ grade.
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Background
Meningioma is one of the frequent central nervous sys-
tem (CNS) tumors in adults with a prevalence of 13–
26% of all intracranial neoplasms [1]. There are three
subgroups of meningiomas based on the World Health

Organization (WHO) classifications; grade I has the
highest percentage (about 90%), grade II (moderately dif-
ferentiated), and grade III (high grade or malignant) tu-
mors have the prevalence of 5–7% and 1–3%,
respectively [1].
Magnetic resonance imaging (MRI) as high contrast

modality has the ability to show the soft tissues’ differen-
tiates clearly and plays an important role in diagnosis
and post-treatment evaluation of meningioma tumors
[2]. Various pulse sequences like “spine echo” and “spin
echo-echo planar” are usually applied during MRI proce-
dures to obtain T1-weighted, T2-weighted, and
diffusion-weighted images (DWI) for illustrating CNS
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tumors. It has been reported that DWI is a pulse se-
quence that can differentiate meningioma tumors at dif-
ferent grades [3]. Furthermore, quantified images
obtained from DWI, namely apparent diffusion coeffi-
cient (ADC), can differentiate low-grade from high-
grade meningiomas [3–7] with a sensitivity of 72.9% and
specificity of 73.1% [6]. In most of the previous studies,
ADC was acquired by the drawing of a region of interest
(ROI) through the largest cross-section of the tumor and
the mean ADC value within the ROI was estimated [4,
5, 7]. However, there is a study that reported the volu-
metric histogram analysis of ADC values for differentiat-
ing the low-grade tumors from moderate and high-grade
ones [3].
Volumetric histogram analysis of ADC can be used

for differentiating the low-grade from moderate and
high-grade tumors [3], a process described clearly by
Just et al. [8]. Using this method, a broad spectrum
of ADC parameters in three dimensions like mean,
maximum, minimum, median, mode, and different
ADC percentiles, as well as statistical parameters like
kurtosis, and skewness can be estimated for the
tumor volume [9]. A comparison of the sensitivity
and specificity values reported in different studies
about the grading of the CNS tumors showed that
volumetric histogram analysis parameters may be
more sensitive than the “conventional” ADC values
obtained from ROI in a two-dimensional image [8].
Furthermore, analyzing the volumetric histogram pa-
rameters of tumor region in other weighted MRI im-
ages like the conventional T1- and T2-weighted
images could be useful for detecting the tumor
grade. For instance, Meyer et al. [10] reported that
tumor histogram parameters of the conventional T1-
and T2-weighted MRIs can reflect different histo-
pathological features in primary CNS lymphoma.
From our literature search, no study has evaluated

the volumetric histogram parameters obtained from
both conventional MRI images and ADC for differen-
tiating meningioma tumor grades. Furthermore, most
of the previous studies only reported the differences
between low- (grade I) and intermediate-/high-grade
(grade II/III) meningiomas on ADC images. The dif-
ferences between grade II and III have rarely been in-
vestigated using MRI findings; therefore, more
information to find an appropriate model for distin-
guishing grades II and III on MRI images is needed.
Owing to this, the purpose of the present study was
to use the volumetric histogram parameters of the
ADC map and the conventional T1- and T2-weighted
images for differentiating high-, intermediate-, and
low-grade meningiomas, as well as analyzing the pos-
sibility of using several parameters for predicting
meningioma tumor grade.

Methods
This retrospective study was carried out following the
relevant guidelines and regulations, and the methods
used in this study were approved by the National Ethics
Committee. The MRI images of patients were used in
this study without any intervention in the diagnostic or
treatment procedures. In addition, informed consent was
waived because of the retrospective nature of the study.

Patients
Overall, preoperative MRI images of 45 patients with the
diagnosis of meningioma tumors at different grades (9
patients with grade III, 16 patients with grade II, and 20
patients with grade I tumors) were used in this study.
The participants consisted of 15 men and 30 women
with a mean age of 55.6 ± 9.1 years, ranging from 34 to
75.
The images of the patients were collected from the

database of the Imaging Department, Tajrish Hospital
(one of the biggest hospitals in Tehran, Iran). The im-
aging procedures of all the images used in the present
study were performed during 2019 and 2020. Tumor
grading according to the WHO classification [11] was
obtained from the patients’ health documents archived
in the imaging department.
The patients did not have any history of brain surgery

and the MRI images were taken before the biopsy pro-
cedure. In addition, participants with a history of
chemotherapy or radiotherapy were excluded from this
study. Notably, there were several inclusion criteria for
the patients’ MRI images; the assessed tumors had to be
primarily bigger than 10 mm in size (in the smallest di-
mension), and the data related to tumor grading had to
be available based on WHO classification [11]. Further-
more, MRI images had to contain transversal T1 (pre-
and post-contrast), T2, T2-FLAIR-weighted images
along with ADC maps data.

MRI protocols
Imaging procedures were performed using 1.5T scanners
(Siemens MAGNETOM Avanto, Siemens Healthcare,
Germany) using a head coil. In this study, the following
sequences were analyzed: axial T1-weighted (pre- and
post-contrast images), fast spin-echo sequence (TR 400
ms, TE 14 ms, flip angle 90°, 4-mm slice thickness, and
280-mm field of view), axial T2-weighted (TR 2820 ms,
TE 95 ms, flip angle 90°, 4-mm slice thickness, and 280
mm field of view), and axial T2- FLAIR (TR 8000 ms,
TE 125 ms, flip angle 90°, inversion time 2000, 4-mm
slice thickness, and 280-mm field of view). The ADC im-
ages were acquired by applying diffusion gradients in
three independent directions. All images were taken by
three gradient b-values of 0, 500, and 1000 mm2/s re-
spectively. DICOM (digital imaging and communication
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on medicine) software (DicomWorks v1.3.5 2000, 2002;
License: Freeware Free; Publishers: Phillippe Puech and
Loic Bousse) was used to obtain the ADC values (ADC
map) in different regions of diffusion-weighted MRI
images.

Analyzing the image
All the MR images and ADC maps were saved in
DICOM format for better prevention of image informa-
tion loss. The images were imported to Ray station treat-
ment planning software (Version 8.A, Raysearch
Laboratories, Sweden) and the tumor region (the whole
lesion based on the tumor boundaries), as well as normal
brain tissue, were then contoured in the post-contrast
T1-weighted images (slice by slice) and subsequently
mapped (copied in the same region) on the other image
sequences. The treatment planning software recon-
structed the volume by connecting the contoured ROIs
in all the MRI slices. The details of volume reconstruc-
tion using ROIs and contoured in series of two-
dimensional images with known slice thickness were ex-
plained in a previous report [12]. Two independent radi-
ation oncologists contoured the ROIs of tumor and
brain, and an experienced radiation oncologist (with
more than 20 years of experience) reviewed the contours
of tumors in all the patients to ensure that the correct
tumor region was selected.
The MR images alongside the related structures (in

DICOM format) were imported to the CERR (Computa-
tional Environment in Radiotherapy Research) [13], a
MATLAB-based application (MATLAB Ver.2019b,
MathWorks company, MA, USA). In summary, CERR
allowed us to use DICOM structures delineated in the
treatment planning system on MR images and obtain
the three-dimensional intensity histogram in each of the
image sequences. After obtaining the histogram of the
tumor and normal brain tissue for every image, the fol-
lowing parameters were calculated: mean; maximum
value; minimum value; median; mode; and 10th, 25th,
50th, 75th, and 90th percentiles as well as kurtosis and
skewness.

Statistical analysis
The parameters derived from three-dimensional histo-
grams from each of the image sets were compared be-
tween different tumor grade groups utilizing the non-
parametric statistical Kruskal-Wallis test. Furthermore,
the multi-parametric linear regression analyses were
used to find a model from selected histogram parame-
ters having higher predictive value (i.e., having lower P
values) for differentiating the meningioma grades in dif-
ferent MRI image series. In addition, Spearman’s correl-
ation was performed to find the correlation coefficients
between the histogram parameters with significant

differences (P value < 0.05) using all the patients’ data
(without considering the tumor grade) in different MRI
image series. The receiver operating characteristic
(ROC) curve was used to evaluate the diagnostic ability
of the histogram parameter values to differentiate be-
tween high-, intermediate-, and low-grade meningioma
tumors. The cutoff value was chosen to maximize the
Youden index. Furthermore, sensitivity and specificity
(at cutoff points), and also the AUC (area under the
curve) values, were calculated using the obtained ROC
curves. The level of statistical significance was set at P <
0.05, and all the statistical tests were performed using
SPSS software package, V18 (SPSS Inc., Chicago, USA).

Results
Some examples of ADC volumetric histograms and MR
images obtained from meningioma tumors at different
grades (one patient for each grade) are shown in Fig. 1.
The histogram changes with tumor grade are obvious in
this figure, in such a way that, histogram mode, median,
and mean values of ADC images differ significantly at
different tumor grades (P < 0.03). Furthermore, the 75th
and 90th percentiles showed significantly lower values in
higher tumor grades.
The tumor volumetric histogram example on T1-

post-contrast images are presented in Fig. 2 (one patient
for each grade) for different tumor grades. In T2-FLAIR
images, the histogram mode (maximum intensity)
showed significant differences between grade I and grade
II/III (P < 0.03). None of the tumor histogram parame-
ters in pre-contrast T1-weighted and T2-weighted im-
ages showed any significant differences between
different meningioma tumor grades (P > 0.2), except in
the range (maximum–minimum) in T2WI (P < 0.04).
The histogram ranges differed significantly between

three tumor grades on T1-WI post-contrast, T2-WI, T2-
FLAIR, and ADC images. The standard deviation and
variance were significantly different between the groups
at ADC, T2-FLAIR, and T1-WI post-contrast. A signifi-
cant difference was also observed between tumor grades
for the modal intensity, mean value, 25th, 50th, and 90th
percentiles in post-contrast T1-WI, meaning that all the
parameters had a direct relationship with tumor grades.
Tumor histogram kurtosis of post-contrast T1-WI and

T2-FLAIR images showed significant differences among
grade I compared to grades II and III meningiomas (P <
0.03); however, no differences were found between
grades II and III regarding the kurtosis in these images.
Furthermore, skewness was not a predictive histogram
parameter in our study, due to the fact there were that
no statistically significant differences relating to different
tumor grades in all the assessed MRI image series. The
obtained histogram parameters’ values with reported P
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values between different tumor grades are presented in
Table 1.
The correlation coefficient of histogram parameters

with high predictive value (i.e., low P values) is presented
as matrix heat maps in Fig. 3.
For multi-parametric linear regression analysis 2 out

of 4 parameters on T2-FLAIR, 4 out of 8 parameters on
post-contrast T1-WI, and 4 out of 7 on ADC images,
were selected, which had high predictive value to estab-
lish models (with P values lower than 0.02).
The optimal multi-parametric regression models of

T1-WI post-contrast, T2-FLAIR, and ADC images were
determined as follows:

f contrasted T1−WIð Þ ¼ 0:01

� 5:22þ 7:64e−3�modeþ 3:18e−3�mean−1:10e−4�median−8:31e−5� 90th½ �
ð1Þ

f T2−FLAIRð Þ ¼ 0:01� 5:41þ 2:22e−3�modeþ 2:03e−2� SD½ �
ð2Þ

f ADCð Þ ¼ 0:01

� 3:54þ 2:28e−2�modeþ 1:11e−4�meanþ 5:11e−5�medianþ 1:23e−4� 90th½ �

ð3Þ

In Fig. 4, the ROC curves including the model cutoff
values, sensitivity, specificity, and AUC values are shown
for differentiating the tumor grades (I from II; and II
from III).
The volumetric histogram parameters of ADC images

showed higher predictive power having cutoff values of
0.212 (sensitivity = 79.6%, specificity = 84.3%, and AUC
= 0.852) and 0.180 (sensitivity = 70.9%, specificity =
80.8%, and AUC = 0.833) for differentiating the grade I
from II, and grade II from III, respectively.

Discussion
The present study showed that analysis of volumetric
histogram parameters derived from ADC, post-contrast
T1WI, and T2-FLAIR images in meningioma can reflect
relevant tumor grading features. In a study by Li et al.
[14], volumetric histograms of conventional MRI (T1-
and T2-weighted images) were analyzed, and it was

Fig. 1 The examples of MRI images and ADC histograms from different grades of meningioma tumors in one slice of brain. A An ADC image with
grade I (contoured with red line). B An ADC image with grade II (contoured with purple line). C An ADC image with grade III (contoured with blue
line). D A volumetric intensity histogram of grade I. E A volumetric intensity histogram of grade II. F A volumetric intensity histogram of grade III
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reported that the kurtosis, standard deviation, the max-
imum intensity of T2WI, skewness, mean deviation, mini-
mum intensity, mean value, 5th percentile, 10th
percentile, 25th percentile, 50th percentile, 75th percent-
ile, and 90th percentile of contrasted T1WI were predict-
ive parameters in distinguishing high-grade meningioma
(grades II/III) from low-grade. There are some differences
in derived parameters between our findings compared to
this study. For instance, we did not find any parameter in
T2WI as a predictive tool for distinguishing different
grades of meningioma tumors. This may be related to
finding the parameters that are able to differentiate all the
three meningioma grades in our study, instead of differen-
tiating just high and low-grade meningioma.
In a study by Meyer et al. [10], skewness derived from

pre-contrast T1WI correlated with Ki-67 index. Further-
more, entropy derived from pre-contrast T1WI corre-
lated with the average of nucleic area. It was shown that

several parameters from post-contrast T1WI correlated
with nucleic count: maximum signal intensity, P75, and
90th percentile as well as standard deviation. For the
T2-FLAIR sequence, maximum signal intensity corre-
lates with the nucleic count. They concluded that volu-
metric histogram parameters of conventional MRI
sequences can reflect different histopathological features
in primary central nervous system lymphoma. Although
meningioma and lymphoma are different tumors, we
also found that maximum intensity and 90th percentile
in post-contrast T1-WI and maximum intensity in T2-
FLAIR images were the histogram parameters showing
differences between different meningioma grades. In
addition, Meyer et al. [15] in another investigation,
assessed the multiple associations between volumetric
histogram parameters derived from T1WI and T2WI
image series, and also clinically relevant histopatho-
logical features were found in head and neck squamous

Fig. 2 The examples of post-contrast MRI images and T1-WI histograms obtained from different grades of meningioma tumors in one slice of
brain. A T1-WI image with grade I (contoured with orange line). B T1-WI image with grade II (contoured with orange line). C T1-WI image with
grade III (contoured with blue line). D A volumetric intensity histogram of grade I. E A volumetric intensity histogram of grade II. F A volumetric
intensity histogram of grade III
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cell carcinoma (HNSCC). They have reported that volu-
metric histogram parameters can be used as surrogate
markers for tumor cellularity, proliferation, and
vascularization in HNSCC.

Although most of the previous studies have re-
ported the relationship between the histogram param-
eters and brain tumor behavior, several studies are
presenting the same results for tumors located outside

Table 1 Mean ± standard deviation of histogram parameters with resulted P values between different tumor grades obtained from
ADC, post-contrast T1WI, and T2-FLAIR images

Parameter Grade I Grade II Grade III P value

ADC (× 10−6 mm2/s)

Mean intensity 895.2 ± 9.3 678.6 ± 5.9 605.1 ± 8.5 < 0.01

Modal intensity 863.5 ± 10.6 659.4 ± 6.6 588.7 ± 5.8 < 0.01

Median intensity 910.3 ± 12.7 697.8 ± 7.4 613.0 ± 13.2 0.01

Maximum value 1233.2 ± 114.5 1205 ± 143.4 1162.7 ± 157.6 0.21

Minimum value 582 ± 88.5 535 ± 76.9 518 ± 98.6 0.15

10th percentile 645.6 ± 51.4 638.9 ± 44.6 622.2 ± 58.7 0.09

25th percentile 736.9 ± 55.4 725.5 ± 41.15 704.4 ± 54.3 0.11

75th percentile 1094.7 ± 33.6 1003.6 ± 37.5 927.6 ± 45.8 0.04

90th percentile 1148.8 ± 39.8 1044.5 ± 41.5 986.6 ± 46.0 0.02

Kurtosis 3.8 ± 0.6 3.5 ± 0.8 3.7 ± 1.2 0.08

Skewness 0.06 ± 0.11 0.07 ± 0.16 0.03 ± 0.18 0.24

SD 64.5 ± 13.3 56.6 ± 11.2 48.8 ± 13.7 0.02

T1WI-post-contrast

Mean intensity 1116.3 ± 84.5 1025.1 ± 79.6 818.6 ± 95.6 < 0.01

Modal intensity 1195.7 ± 88.9 1134.2 ± 85.1 925.7 ± 99.3 < 0.01

Median intensity 1044.8 ± 76.7 984.3 ± 78.1 776.3 ± 88.8 < 0.01

Maximum value 1343.8 ± 174.7 1296.3 ± 152.0 1158.7 ± 181.6 0.31

Minimum value 258.7 ± 94.6 225.6 ± 93.5 181.8 ± 76.6 0.24

10th percentile 512.9 ± 64.2 473.8 ± 58.7 426.3 ± 76.3 0.18

25th percentile 856.6 ± 58.2 731.3 ± 55.9 628.5 ± 61.8 0.04

75th percentile 1224.7 ± 90.4 1191.5 ± 87.2 989.6 ± 92.5 0.07

90th percentile 1296.8 ± 61.2 1238.5 ± 60.6 1078.9 ± 78.1 0.02

Kurtosis 3.9 ± 1.3 4.0 ± 1.2 5.3 ± 1.4 0.03

Skewness − 0.36 ± 0.21 − 0.31 ± 0.24 − 0.19 ± 0.38 0.49

SD 128.7 ± 22.1 106.0 ± 23.6 95.4 ± 25.5 0.03

T2WI-FLAIR

Mean intensity 567.9 ± 67.4 523.6 ± 78.3 505.4 ± 79.9 0.09

Modal intensity 753.2 ± 54.6 678.4 ± 55.1 615.4 ± 58.0 0.01

Median intensity 659.2 ± 60.5 615.3 ± 66.9 578.3 ± 75.4 0.18

Maximum value 875.5 ± 82.3 794.8 ± 81.7 742.2 ± 75.2 0.16

Minimum value 189.5 ± 67.4 157.0 ± 65.2 201.2 ± 73.5 0.47

10th percentile 331.2 ± 58.2 302.6 ± 48.6 291.4 ± 52.3 0.28

25th percentile 385.5 ± 74.8 347.6 ± 66.7 321.2 ± 72.5 0.32

75th percentile 724.3 ± 86.9 688.3 ± 85.4 645.0 ± 91.6 0.21

90th percentile 814.6 ± 81.5 734.7 ± 77.9 692.2 ± 71.8 0.15

Kurtosis 4.1 ± 1.5 4.3 ± 0.9 5.8 ± 1.2 0.03

Skewness − 0.43 ± 0.31 − 0.45 ± 0.28 − 0.31 ± 0.29 0.54

SD 58.2 ± 8.8 44.6 ± 6.4 36.3 ± 9.1 0.02
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the brain [9, 16–18]. For instance, it has been re-
ported that histogram analysis parameters of T1-WI
and T2-WI reflect HER2 status and EGFR expression
in cervical cancer [19].

Conclusion
The signal intensity in FLAIR sequences is largely influ-
enced by both T1 and T2 relaxation time; there
is a close relationship between the signal intensity of

brain tumors on T2-weighted images and the degree of
contrast enhancement on FLAIR sequences. When tu-
mors have higher signal intensity than normal cortex on
T2-weighted images, additional postcontrast FLAIR im-
aging may improve their depiction.
Several studies have reported that volumetric ADC

histogram analysis could differentiate high and low-
grade meningioma and they suggested that ADC histo-
gram analysis is an accurate tool to predict tumor behav-
ior in the brain and other sites [14, 20]. In a study by
Nagar et al. [5], grades II and III meningioma were sta-
tistically and significantly lower in several ADC values
(median, mean, mode, 10th percentile, and 90th percent-
ile) in comparison to grade I tumors, which is in line
with the current work. Moreover, in their study, two pa-
rameters, namely median and 10th percentile were more
sensitive in comparison to other ADC values and this
can distinguish grade I meningioma from grade II/III tu-
mors with higher sensitivity. In contrast, we found that
the mean, mode, 75th percentile and 90th percentile
values had higher sensitivity in showing different men-
ingioma grades because analyzing the ADC volumetric
histograms was more accurate for the detection of tumor
grade in comparison to widely used mean and/or min-
imal ADC values in selective ROIs in just one slice of
MRI images [21–23]. This is due to the fact that analyz-
ing the volumetric histogram yields information about
the whole tumor volume, whereas analyzing the histo-
gram in a two-dimensional ROI has just the information
of small parts of the tumor. For example, it was shown
that in cervical cancer, volumetric ADC histogram ana-
lysis can predict lymph node metastases [10]. Overall,
previous reports have suggested that ADC histogram
analysis is a sensitive instrument to predict tumor be-
havior in the brain and other sites. Other MRI images
(like conventional T1WI and T2WI) have rarely been in-
vestigated for finding a relationship between the tumor
behavior/grade with volumetric histogram parameters of
the tumor.
Findings from our study showed that ADC images are

more sensitive to distinguish different meningioma
grades compared to other conventional MRI images like
T1- and T2-weighted images. However, ROC analysis
showed that post-contrast T1WI is also an appropriate
grade-differentiating tool for meningioma tumors. No

Fig. 3 The correlation coefficient matrix heat map of ADC (A), post-
contrast T1WI (B), and T2WI-FLAIR (C) volumetric histogram
parameters of meningioma tumors obtained from the data of all
patients (without considering the tumor grade
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studies have compared the volumetric histogram param-
eters of different conventional MRI image sequences and
ADC performance for differentiation of meningioma
grades.
In the current study, higher heterogeneity was ob-

served in higher meningioma grades compared to low-
grade ones, especially in post-contrast T1-weighted im-
ages. This phenomenon may be related to the presence
of internal cystic degeneration, necrosis, and hemorrhage
in higher meningioma grades [8, 24–26]. It was reported
that skewness and kurtosis represent the distribution of
histogram curves and can indicate the tumor heterogen-
eity. Therefore, these parameters can predict the malig-
nancy degree of the tumor [27]. However, we found that
the skewness does not have any predictive value to show
the meningioma tumor grade. There is some contradict-
ory information about kurtosis and skewness of men-
ingioma tumors at different grades. For example, in a

study by Wang et al. [28], higher kurtosis and skewness
were reported in atypical or malignant meningiomas
compared to low-grade meningiomas. In contrast, higher
kurtosis and skewness values in low-grade meningiomas
were reported by Li et al. [14], which is in agreement
with our findings of the kurtosis. The discrepancy exist-
ing between the findings may have resulted from angio-
matous meningioma, which is a subtype of grade I
meningiomas but resembles high-grade aggressive men-
ingiomas [29, 30]. In post-contrast images, usually, men-
ingiomas are observed with high enhancement due to
significantly high blood supply especially in angiomatous
meningiomas. This type of meningioma has a large
number of blood vessels occupying more than 50% of
the tumor volume and the blood supply usually is higher
than the malignant tumors [31].
One of the limitations of our study was the small

number of patients in the grade III group. Furthermore,

Fig. 4 ROC curves including the model cutoff values, sensitivity, specificity, and AUC for differentiating the tumor grades (I from II; and II from III).
A ROC curve obtained from the model fitted to ADC histogram parameters for differentiating grade I and II meningioma tumors. B ROC curve
obtained from the model fitted to post-contrast T1WI histogram parameters for differentiating grades I and II meningioma tumors. C ROC curve
obtained from the model fitted to T2WI-FLAIR histogram parameters for differentiating grades I and II meningioma tumors. D ROC curve
obtained from the model fitted to ADC histogram parameters for differentiating grades II and III meningioma tumors. E ROC curve obtained from
the model fitted to post-contrast T1WI histogram parameters for differentiating grades II and III meningioma tumors. F ROC curve obtained from
the model fitted to T2WI-FLAIR histogram parameters for differentiating grades II and III meningioma tumors
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other MRI image sequences and measurements like T1-
FLAIR, proton density, and T2*-weighted images along
with the MR-spectroscopy measurements could be in-
vestigated to explore their ability for differentiating men-
ingioma grades in future research.

Conclusions
Analyzing the parameters obtained from tumor volumet-
ric histograms in some of the conventional MRI series
(i.e., post-contrast T1 and T2-FLAIR images) along with
the ADC images can be a good predictive model for the
assessment of meningioma grading. The multi-
parametric linear regression model obtained from ADC
(with sensitivity > 70% and specificity > 80%) and con-
trasted T1WI histogram parameters showed promising
assessments for meningioma grading. Mean, mode, me-
dian, and 90th percentile values in these two image
series are the most powerful predictors for meningioma
tumor grading.
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