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Glioma grading using apparent diffusion
coefﬁcient map: application of histogram
analysis based on automatic segmentation
Jeongwon Leea,b, Seung Hong Choic**, Ji-Hoon Kimc, Chul-Ho Sohnc,
Sooyeul Leeb and Jaeseung Jeonga*
The accurate diagnosis of glioma subtypes is critical for appropriate treatment, but conventional histopathologic diagnosis often exhibits signiﬁcant intra-observer variability and sampling error. The aim of this study was to investigate whether histogram analysis using an automatically segmented region of interest (ROI), excluding cystic or
necrotic portions, could improve the differentiation between low-grade and high-grade gliomas. Thirty-two patients
(nine low-grade and 23 high-grade gliomas) were included in this retrospective investigation. The outer boundaries
of the entire tumors were manually drawn in each section of the contrast-enhanced T1-weighted MR images. We excluded cystic or necrotic portions from the entire tumor volume. The histogram analyses were performed within the
ROI on normalized apparent diffusion coefﬁcient (ADC) maps. To evaluate the contribution of the proposed method
to glioma grading, we compared the area under the receiver operating characteristic (ROC) curves. We found that an
ROI excluding cystic or necrotic portions was more useful for glioma grading than was an entire tumor ROI. In the
case of the ﬁfth percentile values of the normalized ADC histogram, the area under the ROC curve for the tumor ROIs
excluding cystic or necrotic portions was signiﬁcantly higher than that for the entire tumor ROIs (p < 0.005). The automatic segmentation of a cystic or necrotic area probably improves the ability to differentiate between high- and
low-grade gliomas on an ADC map. Copyright © 2014 John Wiley & Sons, Ltd.
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Gliomas are the most common type of primary brain tumor in
adults and a critical cause of cancer mortality. According to the
World Health Organization (WHO), gliomas can be classiﬁed into
four grades, which are determined by the pathologic evaluation
of the tumor. Low-grade gliomas (grades I and II) are well differentiated and not benign, but still portend a better prognosis for
the patient. In contrast, high-grade gliomas (grades III and IV) are
undifferentiated and malignant, and carry a worse prognosis (1).
An accurate classiﬁcation between low-grade and high-grade
gliomas is particularly signiﬁcant for the planning of treatment
strategies and for predicting treatment response and prognosis.
The current gold standards for grading are standard tumor morphologic observations and histopathologic diagnosis, but these
methods have limitations of signiﬁcant intra-observer variability
and sampling error (2,3).
Recently, several imaging methods and automatic classiﬁcation methods have been proposed and investigated. These use
information from the entire tumor to determine the glioma
grade. Diffusion-weighted MRI is one of the most promising
methods for the characterization of brain tumors. Several studies
have reported that apparent diffusion coefﬁcient (ADC) maps,
which indicate the magnitude of the diffusion of water molecules within cerebral tissue obtained from several diffusionweighted images, may be useful for preoperative grading (3,4).
However, the role of ADC maps in differentiating between lowgrade and high-grade gliomas has been disputed (5,6). A number
of studies have shown that reduced ADC values can be clearly
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detected in high-grade gliomas (7–12). However, others have reported that it is not possible to differentiate between high-grade
and low-grade gliomas using ADC maps alone (13–15).
The sampling error of the regions of interest (ROIs), as a result
of tissue heterogeneity, has been suggested to be an important
reason for this discrepancy in the applicability of ADC maps to
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differentiate between tumor grades (9,16). A number of previous
studies (8,10,17) have used several small-sample ROIs. The ROIs
were manually placed within solid tumor components on each
section of the T1 images or ADC maps. They were carefully
placed to avoid cystic or necrotic areas because these areas contribute to an increase in the ADC values. The ROIs were usually
round or oval in shape, and their areas ranged from 10 pixels
(10,17) to more than 20 pixels (8). Therefore, analysis with
small-sample ROIs may not avoid sampling error; it may not reﬂect the characteristics of the entire tumor.
To avoid the problem of ROI sampling error, a histogram analysis using an entire tumor ROI has been employed on ADC maps.
A previous study (18) used the entire tumor volume, which was
manually drawn on the ADC maps, in order to allow the use of
all ADC values within the tumor. In addition, a recent study (4)
performed a histogram analysis using the entire tumor ROI on
ADC maps; its results demonstrated that the ﬁfth percentile of
the cumulative ADC histogram was the most promising parameter for differentiating between high-grade and low-grade gliomas. However, the use of the entire tumor ROI has a
disadvantage over the use of small-sample ROIs in that the entire
tumor ROI also includes cystic or necrotic areas, which thus lead
to increased ADC values.
Here, we propose to analyze the ADC values of the tumor ROI
excluding cystic or necrotic portions. Our hypothesis is that a tumor ROI excluding cystic or necrotic portions will show a higher
correlation with the tumor characteristics than will an entire tumor ROI. Necrotic areas, which appear more commonly in
high-grade gliomas than in low-grade gliomas, present high
ADC values, as do cystic areas. These high ADC values may negatively affect the ability to differentiate between low-grade and
high-grade gliomas, because our baseline assumption is that
high-grade gliomas present low ADC values.
Therefore, the aim of this study was to investigate whether
histogram analysis within a tumor ROI excluding cystic or necrotic portions improves the differentiation between low-grade
and high-grade gliomas. To test our hypothesis, we investigated
the MR images of 32 patients (nine low-grade gliomas and 23
high-grade gliomas) and performed analyses on ADC values
within the manually drawn entire tumor volume and within the
tumor ROIs excluding cystic or necrotic portions; we then compared the ROC curves of differentiation for the low-grade and
high-grade gliomas. We expected that a tumor ROI excluding necrotic or cystic areas would be more able to differentiate between low-grade and high-grade gliomas than would an entire
tumor ROI.

MATERIALS AND METHODS
Subjects
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Twenty-one cases were acquired using a 1.5-T MR scanner (Signa
Excite or Signa HDxt, GE Medical Systems, Milwaukee, WI, USA)
and 11 were obtained using a 3-T MR imager (Magnetom Verio,
Siemens Medical Systems, Erlangen, Germany) with an eightchannel head coil. In the 1.5-T images, T1-weighted axial images
were obtained with TR/TE of 500/8 or 666/20 ms, 30 sections, a
section thickness of 5 mm, a matrix of 512 × 512 pixels and a
voxel resolution of 0.43 × 0.43 × 5.0 mm3. T2-weighted fast-spinecho images were acquired with TR/TE of 3050/100 or 5000/
128 ms, 25 sections, a section thickness of 5 mm, an intersection
gap of 6 mm, a matrix of 512 × 512, an echo train length of 16
and a voxel resolution of 0.43 × 0.43 × 5.0 mm3. Echo-planar diffusion-weighted images were acquired in the axial plane before
the injection of contrast material with TR/TE of 6500/70 or 10
000/65 ms (at b = 0 and 1000 s/mm2), 25 sections, a bandwidth
of 1953 Hz/voxel, a section thickness of 3 or 5 mm, an intersection gap of 4 or 6 mm, a matrix of 256 × 256, two acquired signals
and a pixel resolution of 0.94 × 0.94. However, in the 3-T images,
T1-weighted axial images were obtained with TR/TE of 1500/1.9
or 742/9.8 ms, 160 sections, a section thickness of 1 mm, a matrix
of 256 × 256 pixels and a voxel resolution of 0.57 × 0.57 × 1 or
0.97 × 0.97 × 1 mm. T2-weighted fast-spin-echo images were acquired with TR/TE of 5160/91 ms, 25 sections, a section thickness
of 5 mm, an intersection gap of 6 mm, a matrix of 580 × 640, an
echo train length of 16 and a voxel resolution of
0.34 × 0.34 × 5.0 mm3. Echo-planar diffusion-weighted images
were acquired in the axial plane before the injection of contrast
material with TR/TE of 6900/55 ms (at b = 0 and 1000 s/mm2), 25
sections, a bandwidth of 1202 Hz/voxel, a section thickness of
3 mm, an intersection gap of 3.9 mm, a matrix of 320 × 320, two
acquired signals and a voxel resolution of 0.75 × 0.75 × 3.0 mm3.
In addition, diffusion-weighted images were acquired in three
orthogonal directions and combined into a trace image.
ADC maps were calculated on a voxel-by-voxel basis with
the built-in software of the MRI units. In all 32 patients, axial
T1-weighted images were obtained after the intravenous administration of a single dose of gadopentetate dimeglumine
(Magnevist; Bayer Pharma AG, Berlin, Germany) with a fat
suppression pulse.

Image analysis
The images of the patients were evaluated retrospectively. All
the images were transferred from the picture archiving and
communication system (PACS) workstation to a personal
computer and converted to NIfTI format, which is used in
SPM8, employing the free software dcm2nii in MRIcron. The
T2-weighted images, together with the ADC maps at
b = 1000 s/mm2, were co-registered with the T1-weighted
images using a normalized mutual information algorithm in
statistical parametric mapping (SPM8; University College
London, London, UK) (20). T2-weighted MR images and ADC
maps were re-sliced into a 256 × 256 matrix of T1-weighted MR
images. The within-subject registration was processed using a
three-dimensional rigid-body transformation (21) employing
trilinear interpolation.
The boundaries of the entire tumors were manually drawn in
each section of the contrast-enhanced T1-weighted MR images
by a radiologist (see Fig. 1a). When there was no enhancement
of the contrast-enhanced T1-weighted MR images, the areas with
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Initially, 54 patients underwent MRI at Seoul National University
Hospital between December 2006 and October 2011. Patients with
previous treatment or other concurrent brain diseases were excluded from this study. In addition, one patient was excluded as
an outlier using Tukey’s method (19). Thus, 32 patients (nine men
and 23 women; mean age, 48 years; range, 22–76 years) with primary cerebral gliomas (nine low-grade gliomas and 23 high-grade
gliomas) were ﬁnally included in this study: WHO grade I astrocytomas (n = 2), grade II astrocytomas (n = 7), grade III astrocytomas
(n = 5) and grade IV glioblastomas (n = 18). The WHO grades of all
the patients were proven by histopathologic assessment.

MRI
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Figure 1. High-grade glioma. (a) Axial post-contrast T1-weighted image. (b) Axial T2-weighted image. (c) Apparent diffusion coefﬁcient (ADC) map. The
boundary of the entire tumor was manually drawn on the T1-weighted image. The boundaries of the entire tumor volume (green line) were copied to
the T2-weighted image and ADC map. T2-weighted image and ADC map were co-registered with T1-weighted image. (d) The same slice as in (a). (e) The
same slice as in (b). (f) The same slice as in (c). The tumor lesion excluding cystic or necrotic areas (yellow line) was automatically segmented.
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high intensity were drawn on T2-weighted MR images or FLAIR
(ﬂuid attenuated inversion recovery) images. Manual segmentation was performed on the in-house software developed with
Microsoft Visual C++ (version 2008; Microsoft, Redmond, WA,
USA). The boundaries of entire tumors were loaded onto the
ADC maps at b = 1000 s/mm2 (Fig. 1b, c).
In order to obtain the tumor ROIs excluding cystic or necrotic
portions, we assumed that the cystic or necrotic portions met
two conditions: ﬁrst, no enhancement with contrast agent in
the T1-weighted images and, second, high intensity, like cerebrospinal ﬂuid (CSF), in the T2-weighted images. We implemented
the automatic segmentation algorithm using the Otsu threshold
method (22) in the T1-weighted images for the ﬁrst condition
(Fig. 1d). For the second condition, we placed an ROI within a
normal-appearing CSF region in the T2-weighted images; we
used the minimum value in the ROI as a threshold to segment
a cystic or necrotic portion (Fig. 1e). A tumor lesion excluding
cystic or necrotic portions was ﬁnally obtained using extraction
of the intersection of the candidates obtained using the two conditions (Fig. 1f). The histogram of the tumor ROIs excluding cystic
or necrotic portions had a lower relative frequency at high ADC
values (Fig. 2). This difference between the histograms of the
two ROIs implies that the automatically segmented area may
correspond to the cystic or necrotic area, because cystic or necrotic areas represent high intensity on ADC maps.
Before the analysis of the ADC values, to minimize the variability
in the absolute ADC values between the different diffusionweighted MRI sequences and the different hardware conﬁgurations,
normalized ADC (NADC) ratios were obtained from the respective
ADC values within the ROIs (23–25). NADC ratios were calculated
using the formula, NADC = ADC value of the ROIs/ADC value of normal white matter (26–28). The ADC value of normal white matter on
an ADC map was obtained from the average of three square ROIs of
different sections. The ROIs were manually placed within contralateral normal-appearing white matter (26–28) (Fig. 3).
To analyze the characteristics of the tumors, various parameters were obtained from the NADC ratios within the ROIs; the
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ﬁrst, ﬁfth and tenth percentile points (C1, C5 and C10, respectively) of the cumulative NADC histogram and the mean NADC.
The analysis was performed automatically with an in-house software program developed using MATLAB (MathWorks Inc., Natick,
MA, USA).
Statistical analysis
All statistical analyses were performed with a statistical package
(MedCalc, version 11.1.1.0; MedCalc Software, Mariakerke,
Belgium). The normality of the parameters was assessed with
the Kolmogorov and Smirnov tests. To compare the parameters
between high-grade and low-grade gliomas, a two-tailed unpaired
Student’s t-test was applied. To assess whether a tumor ROI excluding cystic or necrotic portions provided better performance in the
differentiation between low-grade and high-grade gliomas than
did an entire tumor ROI, receiver operating characteristic
(ROC) curves were calculated and the area under the curve
(AUC) results were compared using the method of Hanley and
McNeil (29). Results were validated using a leave-one-out
cross-validation (30). In each round of the leave-one-out validation,
one patient was selected as a testing sample; the remaining
participants were used as training samples. The results with p
values of less than 0.05 were considered to be statistically
signiﬁcant.

RESULTS
First, we validated the normalization of the ADC values using
contralateral normal-appearing white matter. There were no statistically signiﬁcant differences between the 1.5-T data and the
3-T data when considering the mean ADC value of the contralateral normal-appearing white matter (p > 0.05). Moreover, there
were no signiﬁcant differences between the low-grade and
high-grade gliomas with regard to the mean ADC value of the
contralateral normal-appearing white matter (p > 0.05).
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Figure 2. Apparent diffusion coefﬁcient (ADC) map and histogram. (a) ADC map of a high-grade glioma from Fig. 1. (b) ADC histogram of two regions
of interest (ROIs) in (a). (c) ADC map of a low-grade glioma. (d) ADC histogram of two ROIs in (c). In ADC maps, the green line represents the entire
tumor area and the red line represents the automatically segmented area. In ADC histograms, the full line represents the histogram within the entire
tumor area and the broken line represents the histogram within the automatically segmented area. Automatically segmented areas were obtained by
the extraction of cystic and necrotic areas from the entire tumor volume. The histogram of the automatically segmented area demonstrates reduced
relative frequency in the high-ADC portion, because cystic and necrotic areas have high intensity on ADC maps.

Figure 3. Apparent diffusion coefﬁcient (ADC) map: (a) low-grade glioma; (b) high-grade glioma. The boundaries of the entire tumor volume (green
line) were copied to the ADC map. A region of interest (ROI) for normalization of the ADC value (yellow rectangle) was placed within the contralateral
normal-appearing white matter.
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ROI excluding cystic or necrotic portions than in the entire tumor
ROIs, as expected.
A major ﬁnding was that the area under the ROC curve for the
5th percentile of the tumor ROIs excluding cystic or necrotic
portions was 0.754, which was signiﬁcantly better than the performance for the entire tumor ROIs of 0.720 (p < 0.005) (Figs. 4 and 5).
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We compared the mean values of each parameter within the
tumor ROIs excluding cystic or necrotic portions and the entire
tumor ROIs in both low-grade and high-grade gliomas (Table 1).
We found that the parameters of the NADC ratios of high-grade
gliomas were lower than those of low-grade gliomas, as expected. Furthermore, the NADC values were lower in the tumor
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Table 1. Histogram parameters for low- and high-grade gliomas
Parameter
C1
C5
C10
NADCmean

ROI
Entire tumor
Automatically segmented
Entire tumor
Automatically segmented
Entire tumor
Automatically segmented
Entire tumor
Automatically segmented

area
area
area
area

LGGs

HGGs

AUC

p

1.08 ± 0.20
1.07 ± 0.20
1.25 ± 0.28
1.24 ± 0.27
1.35 ± 0.33
1.34 ± 0.34
1.78 ± 0.46
1.74 ± 0.43

0.91 ± 0.23
0.89 ± 0.22
1.05 ± 0.25
1.03 ± 0.23
1.13 ± 0.26
1.10 ± 0.24
1.73 ± 0.47
1.55 ± 0.32

0.754
0.763
0.720
0.754
0.691
0.720
0.546
0.628

0.0033
0.0018
0.0192
0.0043
0.0501
0.0205
0.6816
0.2301

ADC, apparent diffusion coefﬁcient; AUC, area under the receiver operating characteristic (ROC) curve; C1, C5 and C10, ﬁrst, ﬁfth and
tenth percentile points of the cumulative normalized ADC histogram, respectively; HGGs, high-grade gliomas; LGGs, low-grade
gliomas; NADCmean, mean value of the normalized ADC ratios; ROI, region of interest.
Values are the mean of each parameter and are expressed as the mean ± standard deviation.

Figure 4. Area under the receiver operating characteristic (ROC) curves
(AUC) in terms of histogram parameters and regions of interest (ROIs). C1,
C5 and C10 are the ﬁrst, ﬁfth and tenth percentile points of the cumulative
normalized ADC (NADC) histogram, respectively. There were signiﬁcant
differences between the two ROIs for C5 and mean NADC (p < 0.05).

This result suggests that the proposed method of ROI selection
may improve the histogram analysis of ADC values for glioma
grading. For the mean NADC, there was also a signiﬁcant
difference between the two ROIs; however, the mean NADC
was not a signiﬁcant parameter that could be used to differentiate between low-grade and high-grade gliomas (p > 0.05)
(Table 1).

DISCUSSION
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This study was designed to assess whether the exclusion of cystic or necrotic portions from a tumor ROI improves the differentiation between low-grade and high-grade gliomas. The results
obtained from this study suggest that our proposed analysis of
ADC maps based on the segmentation of cystic or necrotic areas
is a potentially useful method for differentiating between lowgrade and high-grade gliomas.
Several previous studies (7–12) have demonstrated that histogram analysis of ADC values within tumor lesions is potentially
useful for the grading of gliomas, whereas other studies have reported that it is not possible to differentiate between high-grade
and low-grade gliomas using diffusion-weighted imaging and

wileyonlinelibrary.com/journal/nbm

Figure 5. Receiver operating characteristic (ROC) curves for different regions of interest (ROIs). The full line represents the ﬁfth percentile (C5) in
the entire tumor ROI (ROI_E); the broken line represents the ﬁfth percentile (C5) in the automatically segmented area (ROI_A).

ADC values alone (13–15). The sampling bias of ROIs as a result
of tissue heterogeneity has been cited as a possible reason for
the conﬂicting results on the usefulness of ADC values in tumor
grading (9,16). In most of the previous studies, several ROIs were
placed manually within solid tumor components in each section
of the T1 images or ADC maps to calculate the parameters related to ADC values. Yet, the small-sample ROI selection methods
in the previous studies were quite limited in their application to
the analysis of ADC for brain tumors. When entire tumor ROIs are
not investigated during image analysis, the average ADC value
might not correspond to the true mean ADC of the entire tumor
lesion (18). Furthermore, using small-sample ROIs, the localized
area within a tumor can be subjective and prone to sampling
bias. Kang et al. (4) have argued that this sampling bias accounts
for the discrepancies among the results of previous studies
(18,31,32) on the usefulness of diffusion-weighted MRI in
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However, Chawla et al. (38) reviewed previous reports and suggested that ADC is a ﬁeld strength-independent parameter; their
results allowed us to compare results across different sites and
different ﬁeld strengths. Kim et al. (39) reported that there was
no difference in the ADC values from the submandibular glands
of three healthy human subjects when measured using 1.5-T and
3-T scanners. In addition, Donati et al. (40) reported that ADC
values of the gallbladder, pancreas, spleen and kidney were
comparable among MR systems from different vendors and
among different ﬁeld strengths. Furthermore, we used NADC ratios to minimize the differences in ADC values caused by different levels of magnetic ﬁelds and to eliminate inter-image
variability (25). Therefore, we combined the images from the
1.5-T and 3-T scanners to supplement the limitation of the small
amount of data; however, the lack of patient data still remains a
limitation.
The second limitation of this study was the sample size discrepancy between low- and high-grade gliomas. However, this
discrepancy is a result of clinical incidence rather than data selection. Low-grade gliomas show lower incidence than high-grade
gliomas in consecutive adult patients.
The third limitation of this study was that the ADC values were
calculated by monoexponential ﬁtting. Currently, for most commercial MRI systems, the ADC value is calculated automatically
and, by default, using a monoexponential function and all available b value images (41). However, simple monoexponential
ﬁtting between an MR signal and a b value may not fully account
for tissue behavior. Therefore, biexponential ﬁtting (42–44) or
stretched exponential ﬁtting (45) have been investigated for
intravoxel incoherent motion analysis. However, we do not
argue that we have segmented the cystic or necrotic regions
exactly. Even if the ADC maps were calculated using a multiexponential function, we can expect that the automatically
segmented areas would improve the diagnostic accuracy.
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