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A B S T R A C T

Purpose: To evaluate the application of conventional MRI histogram analysis based on the whole tumor mea-
surement on assessing meningioma grading.
Materials and Methods: This retrospective study was approved by the institutional review board. A total amount
of 90 patients with meningioma were enrolled and the preoperative MRI of them were analyzed. To be specific,
the patient group were consisted of 45 patients with grade I, 38 with grade II, and 7 with grade III meningioma.
Grade I meningioma is classified as low grade meningioma (LGM), whereas Grade II and III meningioma were
combined and classified as high grade meningioma (HGM). ROIs were drawn along the edge of the tumor on
each section of T1WI, T2WI, and contrasted T1WI. 3D ROI signal intensity histogram and all its parameters were
obtained. Independent t-test and Kruskal-Wallis test were used for comparison between two groups. Univariate
logistic regression analysis and Spearman’s correlation analysis were used to screen for the parameters with high
predictive efficiency, while multivariate logistic regression analysis was used to determine the optimal model for
the classification of meningioma.
Results: There were significant differences observed between HGM and LGM groups regarding to histogram vo-
lume count, uniformity of three sequences, range of T1WI and T2WI, kurtosis, standard deviation, variance, max
intensity of T2WI, skewness, mean deviation, minimum intensity, mean value, the 5th percentile, the 10th per-
centile, the 25th percentile, the 50th percentile, the 75th percentile, and the 90th percentile of contrasted T1WI.
Volume count and uniformity were high predictive parameters in distinguishing HGM from LGM. Logistic re-
gression model included contrasted T1WI histogram parameters (i.e. minimum intensity, volume count, skewness,
uniformity, and the 75th percentile) showed the best diagnostic efficiency for meningioma grade, with a sensitivity
and specificity of 83.9% and 77.4% (AUC=0.834, cutoff value=0.413), respectively. The optimal model was
achieved with a sensitivity of 71.4% and a specificity of 78.6% in the test set (AUC=0.791, cutoff value=0.413).
Conclusions: Histogram analysis of conventional MRI based on 3D tumor measurement can be applied in the
assessment of meningioma grading in clinical.

1. Introduction

Meningiomas are common extra-axial neoplasms that are classified
into three grades, including typical (grade I), atypical (grade II), and
malignant (grade III) ones [1]. Approximately, 90% of meningiomas are
typical, whereas the remaining 10% consist of atypical and malignant
ones. Atypical or malignant meningiomas have high mortality and re-
currence rates due to their aggressive behaviors, thus, meningioma
grading is of extreme significance for prognosis and the determination of

treatment plan [2–4]. Tumor grading is characterized by the hetero-
geneity resulted from wide range of genotypes and phenotypes [5,6].

MRI demonstrates water composition within living organs and tissues
that contributes to predicting the pathological information of the corre-
sponding body parts. Conventional MRI signal intensity has been used to
detect the heterogeneity and histopathological subtypes of the tumor in
meningioma, whereas its reliability on tumor grading was not fully con-
firmed or even convincing [7]. One conclusion marked by Yao A et al in a
systematic review was that T2WI signal intensity provided a useful
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predictive measurement of tumor consistency, whereas T1WI was not
found to offer any diagnostic or predictive value [8]. The unsatisfied
predictive ability for tumor grading has been hypothesized by the lim-
itation of using naked eyes and local ROI selection during signal intensity
analysis. Using naked eyes to analyze signals restricted the objectivity and
accuracy for measurements and is subjective to potential bias. In addition,
the most applied tumor select method is to select 2–3 small ROIs in tumor
parenchyma or edema region, while avoiding hemorrhage, necrosis and
cystic changes. However, this approach is not comprehensive and cannot
fully or accurately reflect the heterogeneity of tumor, not to mention the
possibility of individual selection bias and sampling error [9,10]. Yusuhn
Kang et al found that a placement of ROIs covering the entire volume of
tumor would eliminate the potential sampling bias, providing more ob-
jective and quantitative information on tissue characteristics and hetero-
geneity of whole tumor [9,11–13]. On the basis of global analysis in brain
tumors, histogram can provide more abundant information on tumor
heterogeneity, comparing to mean value or standard deviation [14].
Tumor areas with different T1WI, T2WI or contrasted T1WI characteristics
can be reflected on the histogram, that is to say, all elements contributing
to the tumor grading will be compared side by side. Recently, histogram
analysis of conventional or advanced MRI technology has been success-
fully applied to brain tumor grading or differential diagnosis [9,15–25].
However, to the best of our knowledge, conventional MRI histogram
analysis, including T1WI, T2WI and contrasted T1WI,is rarely reported for
meningioma grading, while only two studies demonstrated the application
of contrasted T1WI in meningioma grading. T1WI and T2WI histogram
analysis have not been reported yet [26,27].

Therefore, the purpose of the current study is to explore the appli-
cation of histogram analysis of conventional MRI based on 3D tumor
measurement in meningioma grading.

2. Materials and methods

2.1. Patient selection

The current study was approved by the institutional review board.
The preoperative MRI were performed on 45 patients with grade I

meningiomas (11 males and 34 females; mean age: 53.7 ± 11.1 years),
38 with grade II meningiomas (19 males and 18 females; mean age:
61.4 ± 9.7 years), and 7 with grade III meningiomas (3 males and 4
females; mean age: 64.0 ± 11.3 years) at our institution from January
2010 to December 2016. Their MRI results were retrospectively ana-
lyzed. Grade II and III meningiomas were combined into one group as
high grade meningioma (HGM) whereas Grade I meningioma was
classified as low grade meningioma (LGM) for analysis. Histopathologic
classification of tumor was performed according to the World Health
Organization criteria, with the exclusion of images with artifacts.

2.2. Data acquisition

MRI acquisitions were performed on a 3.0 T whole-body unit (Signa
HDxt, General Electric Co., Milwaukee, WI, USA) with an eight-channel
phased-array head coil. MRI sequences included axial T1WI and con-
trasted T1WI spin-echo with the following parameters: TR/
TE=400ms/9.0ms; FOV: 220mm×220mm; matrix: 448× 256;
section thickness: 6 mm; intersection gap: 1mm, and axial T2WI fast
spin-echo (TR/TE=4000ms/110ms; FOV: 220mm×220mm; ma-
trix: 448×256; section thickness: 6 mm; intersection gap: 1mm).

2.3. Image processing

Axial T1WI, T2WI, and contrasted T1WI images were imported into
Omni-Kinetics software, where ROIs containing tumor parenchyma were
manually depicted along the edge of tumor on each layer of image, the ROIs
of all layers were merged into a 3D ROI (Fig. 1). For tumors with a clear
boundary clear, the ROI is easy to determine, meanwhile, there are re-
maining high-level meningiomas whose boundary is obscure. Contrasted
T1WI is particularly important in determining tumor ROI, which is capable
to provide. an easier-to-sketch boundary between meningioma and the
surrounding organization structure. We took reference of contrasted T1WI
ROI while determining the ROI on T1WI and T2WI, in order to achieve
consistent results with the contrasted T1WI ROI. Then, 3D ROI signal in-
tensity histograms of T1WI, T2WI, and contrasted T1WI were automatically
obtained, along with all the parameters listed as follows: min intensity, max

Fig. 1. Image A shows ROIs were drawn along the edge of tumor parenchyma. Image B is a composite of multiple A, that is to say, B represents a three-dimensional
structure of tumor.
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Fig. 2. Image A–F are T1WI, T2WI, contrasted T1WI, and their respective histograms of LGM. Tumor is isointensity on both T1WI(A) and T2WI(B), there is
significantly homogeneous enhancement on contrasted T1WI(C). Histogram fitting curves of LGM are high and sharp. Image G–L are T1WI, T2WI, contrasted T1WI
and their respective histograms of HGM. Tumor is iso- or hypointensity on T1WI(G), and iso- or hyperintensity on T2WI(H). Tumor shows homogeneous en-
hancement on contrasted T1WI(I). The histogram fitting curves of HGM are wide and flat compared to LGM, and the morphology of histogram is unstable (i.e. a
partial or a double peak). The MRI manifestations of HGM and LGM are similar, but the histogram are different. Therefore, histogram conduces to meningioma
classification.
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intensity, mean value, range, volume count, standard deviation, variance,
mean deviation, skewness, kurtosis, uniformity, the 5th, 10th, 25th, 50th,
75th, 90th, and 95th percentiles.

2.4. Statistical analysis

All statistical analyses were conducted using R language software.
Intraclass correlation coefficient (ICC) test was performed to test the con-
sistency of histogram parameters that were delineated by two independent
radiologists prior to data analysis. The comparison between two groups
would be performed if ICC test returned a consistent results (i.e.
ICC≥0.75). Independent-samples t-test and Kruskal-Wallis test were used
for comparison, with P value<0.05 considered as statistically significant.
Univariate logistic regression analysis (P < 0.05) and Spearman’s correla-
tion analysis (P≥0.05 or P < 0.05, r<0.9) were used to screen for the
parameters with high predictive power. Parameters with high predictive

power were fed into a multivariate logistic regression analysis to determine
an optimal logistic regression model for tumor classification. 31 cases in
each group was considered as training set, which was used to establish the
logistic regression model. On the other hand, the remaining 14 cases in each
group were test set, which was applied to detect model accuracy. All the
parameters with high predictive power were integrated into one variable,
and ROC curve was constructed to assess the grading ability of logistic re-
gression model.

3. Results

Representative images and histograms from meningioma patients are
demonstrated in Fig. 2. Both histogram volume count and uniformity
changed with the increase of tumor grade on T1WI, T2WI and contrasted
T1WI images. Particularly, volume variation increased with tumor grade,
whereas uniformity showed the tendency to decrease. It is noticeable that

Fig. 2. (continued)

X. Li et al. European Journal of Radiology 110 (2019) 45–53

48



the inconsistent volume count measured on T1WI, T2WI and contrasted
T1WI in Fig. 2 was due to an error while drawing the ROIs. Moreover, a
comparison was conducted to prove the difference among those three was
not statistically significant (P > 0.05). Range differed significantly between
two groups on T1WI and T2WI images. Standard deviation and variance
were significantly different between two groups on T2WI, while HGM were
distinctly greater than those of LGM. A significant difference was observed
between grades for min intensity, mean value, the 5th, 10th, 25th, 50th, 75th,
and 90th percentiles in contrasted T1WI, where all of these parameters were
higher in LGM than HGM. Max intensity, kurtosis of T2WI histogram and
skewness, mean deviation of contrasted T1WI histogram were proved to be
significant histogram parameters for distinguishing high- from low-grade
meningioma. Other histogram parameters did not show significant inter-
group differences. Histogram parameters with significant differences be-
tween grades are demonstrated in Table 1.

Univariate logistic regression analysis and Spearman’s correlation
analysis selected 2 out of 3 parameters on T1W1, 4 out of 7 on T2W1,
and 5 out of 12 on contrasted T1WI respectively, which had high

predictive power to establish models. Correlation coefficient matrix
heat maps of histogram parameters with high predictive power are
shown in Fig. 3, taking T2WI histogram parameters as an example. ROC
curve maps are shown in Fig. 4.

Thereafter, the optimal logistic regression models of T1WI, T2WI
and contrasted T1WI were determined for T1W1, T2W1, and contracted
T1W1 as follows:

f(T1WI)= 9.54+5.29e−5×VolumeCount-12.1×Uniformity

f(T2WI)= 6.41+3.59e−5×VolumeCount+2.68e−5×Range-
0.17×Kurtosis-7.84×Uniformity

f(contrasted T1WI)=6.08+7.64e−4×MinIntensity+4.24e-5×VolumeCount
+0.84×Skewness-6.23×Uniformity-1.10e-3×75th

ROC curve showed that the optimal model for meningioma grading
included contrasted T1WI histogram parameters with high predictive
power, which had a cutoff value of 0.413, a sensitivity of 83.9%, a

Fig. 2. (continued)
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specificity of 77.4%, and AUC of 0.834. These logistic regression models
were revealed by the test set under the circumstances that 79.1%
(T1WI), 78.1% (T2WI), and 82.1% (contrasted T1WI) of cases were
correctly classified using the respective model.

4. Discussion

The results of our study suggested that histogram volume count and
uniformity were equipped with highly differential efficiency between
HGM and LGM on three sequences, thus we believe that they are more
persuasive parameters for tumor grading. Logistic regression model
derived from contrasted T1WI histogram parameters showed better
diagnostic performance than the other two sequences, reflecting that
contrasted T1WI is more reliable for the identification of HGM and
LGM. Previous studies showed that histogram analysis of advanced MRI
parameters has been successfully applied to brain tumor grading
[9,15–17,24]. Yusuhn Kang’s study of histogram analysis of ADC maps
for grading gliomas using the same method of our study, that is 3D
tumor measurement [9]. A study by Wang Sumei et al showed that the
histogram analysis of DTI parameters could contribute to the determi-
nation of meningioma grades [15]. However, the purpose of our study
was to explore the diagnostic value of conventional MRI sequences (i.e.
T1WI, T2WI and contrasted T1WI) but not functional sequences. The
reason was that T1WI, T2WI and contrasted T1WI represent the most
common approach of meningioma pretherapeutic diagnostics, espe-
cially in primary care health facilities and hospitals, where advanced
MRI technologies have not been introduced yet. Although Thibaud P.
Coroller and Georg Alexander Gihr have both proved the contribution
of contrasted T1WI histogram analysis on meningioma histopathologic
grading, whereas the clinical value of T1WI and T2WI were not men-
tioned [26,27]. Therefore, the novelty of this paper lies in expounding

comprehensively diagnostic value of T1WI, T2WI and contrasted T1WI
histogram analysis. In addition, Qi XX et al found that DKI histogram
analysis would effectively differentiate low- from high-grade gliomas,
especially mean MK, which was the best independent predictor of
glioma grading [16]. It was proven that histogram parameters from
ktrans(DCE) and rCBF(DSC) could efficiently discriminate gliomas
grades [17,24]. All of the above previous studies certainly imply that
histogram analysis provides a more comprehensive and sensitive as-
sessment on detecting tumor heterogeneity. Thus, The prospect of his-
togram analysis to classify tumor is considerable as well.

HGM is characterized by the loss of normal tissue or cell structure
and focal necrosis, and these features result greater heterogeneity in
HGM comparing to that of LGM. Histogram range and uniformity are
important indexes to reflect the change of image intensity in tumors. In
the current study, HGM were observed with higher heterogeneity due
to larger range and lower uniformity compared to LGM. This is in
concordance with the results showing significantly higher variance and
standard deviation of T2WI histogram in HGM. The presence of internal
cystic degeneration, necrosis, and hemorrhage in HGM may be attri-
butable to heterogeneity enhancement [10–12,25]. Volume count gra-
dually increased with the increase of tumor grade, which may represent
rapid growth or aggressive behaviors of tumor cells [28–30]. Skewness
and kurtosis describe the distribution of histogram curves, which are
excellent indicators of tumor heterogeneity. Moreover, these two
parameters are often correlated with the malignancy degree of tumor,
thus, they can be used as independent factors to evaluate prognosis
[18]. A previous study has revealed higher kurtosis and skewness in
atypical or malignant meningiomas compared to that in typical me-
ningiomas. However, our results showed contradictory results with the
previous study [15] by observing higher kurtosis and skewness in LGM.
The discrepancy may be resulted from angiomatous meningioma,
which is a subtype of grade I meningiomas but resembles high-grade
aggressive meningiomas [31,32]. In the previous study, there were only
two angiomatous meningiomas included, whereas, nine cases were
present in our study. This might be the same reason of observing a
higher value of contrasted T1WI histogram parameters (i.e. min in-
tensity, mean value, 5th, 10th, 25th, 50th, 75th, and 90th percentile) in
grade I meningiomas. Meningiomas are observed with significantly
enhancement on contrasted T1WI due to abundant blood supply,
especially in angiomatous meningiomas, which are characterized by
blood vessels occupying more than 50% of the tumor volume. Since the
blood supply of angiomatous meningioma exceeds HGM [33], this
could explain overall elevated contrasted T1WI signal. Therefore, fur-
ther studies with more angiomatous meningioma cases are required to
address this issue.

According to logistic regressions model and ROC curve analysis,
contrasted T1WI shows the best diagnostic grading performance com-
pared to the remaining two sequences. Thus, contrasted T1WI histo-
gram parameters may be the most reliable method for accessing me-
ningioma grades.

Apart from the intrinsic limits of any retrospective study, another
limitation of our study is the restricted number of grade III me-
ningiomas and subtypes, accordingly, a differential diagnosis between
grade II and III meningiomas and a diagnosis among meningioma
subtypes were absent.

In conclusion, histogram analysis of conventional MRI based on 3D
tumor measurement can be a useful diagnostic tool for grading me-
ningiomas, especially using volume count and uniformity as pre-
dicators. The logistic regression model obtained from contrasted T1WI
histogram parameters is the most promising assessment for me-
ningioma grading.

Table 1
Histogram parameters of LGM and HGM.

Parameters LGM HGM P value

T1WI
Volume count 8613.00 ± 15,074.50 9157.54 ± 9924.05 < 0.01
Range 506.00 ± 442.00 25843.00 ± 36,549.00 0.04
Uniformity 0.90 ± 0.07 0.87 ± 0.04 0.02
T2WI
Volume count 8470.00 ± 14,171.5 25533.00 ± 51,505.00 < 0.01
Range 1361.00 ± 2795.5 2186.00 ± 3262.5 0.01
Uniformity 0.85 ± 0.06* 0.79 ± 0.06* < 0.01
Max-intensity 360.00 ± 387.00 231.00 ± 429.00 0.03
Standard

deviation
177.21 ± 219.25 279.23 ± 372.49 < 0.01

Variance 31402.80 ± 82,469.94 77968.70 ± 237,250.95 < 0.01
Kurtosis 5.34 ± 3.89 4.31 ± 2.87 < 0.01
Contrasted T1WI
Volume count 7383.00 ± 15,481.5 25545.00 ± 40,447.5 < 0.01
Uniformity 0.86 ± 0.06 0.82 ± 0.07 < 0.01
Min-intensity 399.00 ± 425.5 327.00 ± 323.00 0.04
Mean value 1749.29 ± 1042.5 1362.18 ± 840.84 0.01
Mean deviation −1494.77 ± 1042.54 −1107.72 ± 841.07 0.01
Skewness −0.86 ± 0.61* −0.33 ± 0.56* < 0.01
5th percentile 1240.34 ± 672.78 796.78 ± 648.33 < 0.01
10th percentile 1409.54 ± 745.32 939.88 ± 756.20 < 0.01
25th percentile 1539.97 ± 944.91 1165.87 ± 855.75 < 0.01
50th percentile 1739.14 ± 1057.83 1359.29 ± 853.21 0.01
75th percentile 1907.05 ± 1126.97 1521.02 ± 866.81 0.02
90th percentile 2006.93 ± 1176.11 1704.13 ± 975.93 0.04

Note: Unless particularly stated as means ± SD(*), data shown are median
± interquartile. Unless stated as Independent-samples t-test(*), differences
between LGM and HGM were evaluated using Kruskal-Wallis test.
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Fig. 3. Correlation coefficient matrix heat map of T1WI (A), T2WI (B), contrasted T1WI (C) histogram parameters with statistically significant difference. The darker
color indicates a stronger correlation between parameters, where blue represents positive correlation and red represents negative correlation. Take T2WI (B) for
example, lighter colors (i.e. weaker correlation) were observed for volume count, range, kurtosis, uniformity than other parameters, thus, these four parameters were
selected to establish the models of T2WI.
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Fig. 4. Image A, B, and C showed the ROC curves for evaluating the models established by T1WI, T2WI, and contrasted T1WI histogram parameters with high
predictive efficiency screened by univariate logistic regression analysis and Spearman’s correlation analysis. The model of contrasted T1WI is equipped with the best
diagnostic efficiency, with a sensitivity of 83.9%, specificity of 77.4%, and AUC of 0.834. It was revealed by the test set that 79.1% of cases were correctly classified
using the contrasted T1WI model.
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