
Comparison of manual and semi-manual
delineations for classifying glioblastoma

multiforme patients based on histogram and
texture MRI features
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Abstract. In this paper we study the task of classifying the follow-up
course of brain tumour patients that had surgery. Multiple magnetic res-
onance imaging brain scans were taken for each patient. We propose a
simple method of delineating the contrast enhancing tumour lesion based
on the total tumour region. We compare balanced accuracy values after
tuning SVM-lin and SVM-rbf on histogram and 3-D texture features ex-
tracted from semi-manual and manual delineations. Results show that our
proposed delineating method outperforms the classical method.

1 Introduction

Glioblastoma multiforme (GBM) is the most common and malignant intracranial
tumour, representing as much as 30% of primary brain tumours. The patients
have a median survival of 10 to 14 months after diagnosis with 3 to 5% of pa-
tients surviving more than two years. Recurrence is universal, and at the time of
relapse, the median survival is five to seven months despite therapy. The current
standard of care is surgical resection followed by radiotherapy and chemother-
apy. Magnetic resonance imaging (MRI) is the most widely used medical imaging
technique for identifying the location and size of brain tumours. However, con-
ventional MRI (cMRI) has a limited specificity in determining the underlying
type and grade of the brain tumour [4]. More advanced techniques like perfu-
sion weighted MRI (PWI) and diffusion kurtosis MRI (DKI) might improve the
physiological information of brain tumours [12].
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The goal of this study is to find a map between multi-parametric MRI data
acquired during the follow-up of GBM patients and the relapse of brain tumour
after surgery, as described by the clinically accepted Response Assessment in
Neuro-Oncology (RANO) criteria [13]. By doing so, we want to detect early
disease evolution that could help doctors modify the treatment accordingly. In
a previous study done on 18 patients [6], we could perfectly differentiate progres-
sive from responsive follow-up GBM patients one month before the real labelling.
In this study we extend our analysis in three directions: (1) we increase the
dataset to 29 patients, (2) we extract multiple histogram and texture features,
(3) we present a simple method to semi-manually delineate contrast enhancing
regions of interest (CE ROIs) and compare it to the manually delineated CE
ROIs.

2 Materials and methods

2.1 Patient population

Twenty-nine patients were included in this study, out of which sixteen patients
were treated according to the HGG-IMMUNO-2003 protocol, and thirteen pa-
tients were treated according to the HGG-IMMUNO-2010 protocol [11]. The
local ethics committee approved this study and informed consent was obtained
from every patient before the first imaging time point. Based on radiological
evaluation of the follow-up MRI scans using the RANO criteria [13], each pa-
tient was assigned to one of two clinical groups: progressive disease or complete
response. We consider that prior to this assignment, patients are not catego-
rized to any definite form, therefore their MRI acquisitions are unlabelled, and
after the assignment their MRI acquisitions are labelled either as ’progressive’
or ’responsive’.

2.2 MRI acquisition and processing

The MR images were acquired on a clinical 3 Tesla MR imaging system (Philips
Achieva, Best, The Netherlands), using a body coil for transmission and a 32-
channel head coil for signal reception. The imaging protocol consisted of cMRI,
PWI, and DKI, and their acquisition parameters can be found in [11]. Four types
of conventional MR images were acquired: T1, T2, T1 post contrast (T1pc),
and FLAIR. PWI were processed using the DSCoMAN plugin [1] for ImageJ
(http://rsb.info.nih.gov/ij/). For each PWI acquisition, seven parameter maps
were extracted: corrected cerebral blood volume (CBV), cerebral blood flow
(CBF), mean transit time (MTT), time to peak (TTP), R2 (Rsquare), a blood
volume correction parameter K1, and a leakage correction parameter K2. For
each DKI acquisition, seven parameters maps were derived as described in [11]:
fractional anisotropy (FA), mean diffusivity (MD), axial diffusivity (AD), radial
diffusivity (RD), mean kurtosis (MK), axial kurtosis (AK), and radial kurtosis
(RD).
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2.3 Manual and semi-manual delineations

Three ROIs were manually drawn by an experienced radiologist: first one around
the Total tumour lesion, avoiding areas of necrosis or cystic components such as
the surgical cavity; second one around the CE lesion inside the tumour; third
one around the contra-lateral normal appearing white matter (NAWM) to stan-
dardize measurements extracted from the tumour region. By substracting the
CE ROI from the Total ROI, the non-enhancing (NE) region of the tumour was
obtained.

To automatically split the Total region in these two ROIs (CE&NE), a thresh-
old was set at the 90th percentile of T1pc Total voxels. In this way, two semi-
manual ROIs were made for each patient based on the T1pc intensities selected
from Total: one containing very high T1pc intensity Total voxels, and another
one containing the rest of Total voxels. The 90th percentile threshold was se-
lected after visually inspecting T1pc maps of multiple patients. Figure 1 shows
a comparison between two modalities of delineating CE&NE for a randomly
selected patient.

Fig. 1: Left - T1pc. Center - Manual delineations on top of T1pc. Right -
Semi-manual delineations on top of T1pc. CE is white and NE is dark gray.

2.4 Feature extraction

Co-registration of all 17 MR parameter maps (3 cMRI, 7 PWI, 7 DKI) to T1pc
was done in two steps: first, skull-stripping was performed on the raw MR images
using FSL-BET with default parameters [9], and then an affine co-registration
of the skull-stripped images to T1pc was done using NiftyReg [7] with default
parameters.

After co-registering all maps to T1pc, the four ROIs (manual CE&NE and
semi-manual CE&NE) are used as separate 3-D masks on each map to extract
histogram and texture features. Voxel intensities inside each mask are normal-
ized to the average value computed from the corresponding NAWM ROI. Six
histogram measures are computed for each mask and map: mean, coefficient of
variation, 90th percentile, 10th percentile, skewness, and kurtosis. Texture fea-
tures are extracted from the 3-D Gray Level Co-occurring Matrix (GLCM). To
compute the GLCM, each map has been rescaled such that the voxel intensities
are integers varying from 1 to 32. The computation was done using the func-
tion graycomatrix (Matlab R2015a, MathWorks, Massachusetts, U.S.A.) with
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distance set to 1, the ′Symmetric′ flag set to true, and 4 values of ′Offset ′ set to
four directions: 0°, 45°, 90°, and 135°. Twenty 3-D texture features, as described
in [5, 10, 3], were extracted from GLCM: autocorrelation, contrast, correlation,
cluster prominence, cluster shade, dissimilarity, energy, entropy, homogeneity,
maximum probability, sum of squares: variance, sum average, sum variance,
sum entropy, difference variance, difference entropy, information measure of cor-
relation 1 and 2, inverse difference normalized, and inverse difference moment
normalized.

In the end 468 features are extracted from each ROI: 26 histogram and
texture features for each of the 18 maps.

2.5 Datasets comparison

In total there are 183 time points, 56 are labelled and 127 are unlabelled. We
perform our analysis on two datasets containing only labelled data points. The
first set contains 43 labelled data points (9 from responsive patients, 34 from
progressive patients) that have manual delineations and complete MRI acquisi-
tions. The second dataset contains 55 labelled data points, 21 from responsive
patients and 34 from progressive patients. The supplementary 12 points were
imputed using our method only from responsive patients, because there was no
contrast enhancement visible to the radiologist in the Total ROI. Therefore, we
train classifiers on the first dataset with features extracted from manual and
semi-manual delineations, while on the second dataset we train classifiers with
features extracted only from semi-manual delineations.

2.6 Classification approach

In order to have robust classification results and practical clinical interpretation,
a leave-one-patient-out cross-validation (LOPO-CV) setup is preferred. In this
way 29 separate folds are created in which the test patient is independent of the
training patients: data points from one patient are considered test points, while
data points from the remaining 28 patients are used for training a classifier.

Because of the large number of features, random forests [2] are used in each
fold to rank features based on their mean decrease in Gini. Classifiers will be
trained on the best ranked five features, and then predict the label of test data
points. The predicted labels are compared to the true labels by measuring the
balanced accuracy rate (BAR) on all points from a dataset.

We tuned Support Vector Machines (SVM) with linear (lin) and radial ba-
sis function (rbf) kernel, over a grid-search with 5-fold internal CV. We tune
the misclassification cost (C) parameter of SVM-lin and both C and γ param-
eters of SVM-rbf by searching through a logarithmic grid between 0.00001 and
100000. This process was done in Python 2.7.11 with scikit-learn 0.17.1 [8]. To
automatically adjust for class unbalance, we set the class weight parameter to
balanced.
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3 Results and Discussion

Table 1 shows BAR values after tuning SVM-lin and SVM-rbf on the two previ-
ously described datasets, one with 43 points and one with 55 points, with feature
extracted from manual and semi-manual delineations. Eight separate subsets of
MR features were used for training classifiers to analyze which combination of
acquisition modality (cMRI, PWI, DKI, all together) and feature extraction
method (histogram or texture) performs best. The highest BAR values (93-94)
are obtained after training SVM-lin on cMRI or CPD texture features extracted
from semi-manually delineated CE&NE.

BAR (%)
Histogram Texture

C P D CPD C P D CPD

MD (43p)
SVM-lin 62 36 42 55 42 72 44 62
SVM-rbf 55 49 47 51 35 56 62 54

SMD (43p)
SVM-lin 76 43 41 70 94 70 79 93
SVM-rbf 76 45 44 52 75 52 72 63

SMD (55p)
SVM-lin 78 81 80 86 69 76 74 65
SVM-rbf 78 85 59 83 64 84 61 59

Table 1: BAR values between 80 and 90 have a light gray background, while
BAR values higher than 90 have a medium gray background. Abbreviations:
MD - manual delineations; SMD - semi-manual delineations; C - conventional
MRI features; P - perfusion MRI features; D - diffusion MRI features; CPD -
conventional, perfusion, and diffusion MRI features.

BAR values obtained after training classifiers on the first dataset suggest two
ideas: (1) overall, features extracted from semi-manual delineations are better
than features extracted from manual delineations for discriminating progressive
from responsive GBM patients, and (2) texture features are better than his-
togram features at the same discrimination problem.

BAR values obtained after training classifiers on the second dataset with
histogram features are always higher than BAR values obtained after training
classifiers on the first dataset with histogram features. Although the same is
not true for texture features, after training SVM-rbf on PWI texture features
we obtain a BAR value of 84, which is comparable to 86, the highest BAR
value after training classifiers on CPD histogram features. This finding suggests
that our method of imputing MR features based on semi-manual delineations is
helpful when training classifiers on histogram features, but it may not be suitable
for texture features.

4 Conclusions

In this paper we studied the classification between responsive and progressive
GBM patients based on multi-parametric MRI. We proposed a simple method
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of delineating contrast enhancing ROIs starting from the total tumour ROI.
We showed that classifiers trained on features extracted from our delineations
perform better than classifiers trained on features extracted from manual de-
lineations. We compared histogram to texture features and we obtained the
maximum BAR using cMRI texture features. We extended the first dataset
by imputing data points using our semi-manually delineating method and we
show that histogram features yield consistently higher BAR values than texture
features do.
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