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Abstract. In glioblastoma (GBM), promoter methylation of the DNA
repair gene MGMT is associated with benefit from chemotherapy. Be-
cause MGMT promoter methylation status can not be determined in all
cases, a surrogate for the methylation status would be a useful clinical
tool. Correlation between methylation status and magnetic resonance
imaging features has been reported suggesting that non-invasive MGMT
promoter methylation status detection is possible. In this work, a ret-
rospective analysis of T2, FLAIR and T1-post contrast MR images in
patients with newly diagnosed GBM is performed using L1-regularized
neural networks. Tumor texture, assessed quantitatively was utilized for
predicting the MGMT promoter methylation status of a GBM in 59
patients. The texture features were extracted using a space-frequency
texture analysis based on the S-transform and utilized by a neural net-
work to predict the methylation status of a GBM. Blinded classification
of MGMT promoter methylation status reached an average accuracy of
87.7%, indicating that the proposed technique is accurate enough for
clinical use.

1 Introduction

Glioblastoma multiforme (GBM) is the most common primary brain tumor in
adults. Standard treatment now includes a DNA alkylating agent, Temozolo-
mide (TMZ), which is the only known chemotherapeutic that prolongs survival
[1]. Interestingly, the effectiveness of TMZ may be predictable; via a test for
methylation of the O6-methylguanine-DNA methyltransferase (MGMT) gene
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promoter. Methylation of the MGMT promoter inhibits the repair of therapeu-
tic DNA damage induced by TMZ thus rendering a drug-resistant cancer more
sensitive to chemotherapy [2]. For unknown reasons, MGMT is silenced in 50% of
newly diagnosed GBMs [3]. Therefore, a sensitive and specific test that reliably
predicts the methylation status of a given GBM would be a helpful diagnostic
alternative to the standard physical biopsy currently employed to diagnose the
MGMT status of glioblastomas.

Recently Eoli et al., in [4], found significant correlations between MGMT
promoter methylation status and magnetic resonance (MR) imaging features.
Motivated by these findings, this research presents an automated method for
predicting the methylation status of the GBM based on texture analysis of T2,
FLAIR and T1-postcontrast MRI scans. In order to analyze the MR images, the
proposed system utilizes the 2-dimensional discrete orthogonal S-transform[5] to
extract texture features that are subsequently used by an �1-Regularized neural
network to predict the methylation status of a given GBM. In a leave-one-out
cross validation study, the proposed system achieved an average accuracy of
87.7%, high enough for use in clinical diagnosis.

1.1 Related Research

Image texture refers to the local characteristic pattern of image intensity that
may be used to identify a tissue. Texture, by definition, also determines local
spectral or frequency content in an image; in so far as changes in local texture
will cause changes in the local spatial frequency. Aspects of texture in an MR
image can thus be quantified by assessing the local spatial frequency content
using a space-frequency transform: strong low frequencies appear as homogenous
smooth regions, while strong high frequencies are seen as heterogeneous detailed
regions.

Texture patterns have been shown to correlate with tissue histopathology
in models of multiple sclerosis. In particular, Zhang et al.[6] characterized im-
age texture in vivo using the polar S-Transform (pST) of histologically verified
multiple sclerosis lesions within T2-weighted MRI. Both high and low frequency
components, representing inflammation and demyelination, were significantly el-
evated in pathological regions compared to normal control tissue. Their work was
one of the first studies to suggest that local spatial-frequency measures of image
texture may provide a sensitive and precise indication of disease activity.

Likewise, in [7], researchers applied a variant of the S-transform similar to the
pST in order to extract texture features from T2, FLAIR, and T1-postcontrast
MR images of patients with oligodendrogliomas, a tumor related to GBM. Their
study produced a highly accurate classifier capable detecting the co-deletion
status of 1p and 19q chromosomes, a favorable genotype associated with slow-
growing oligodendrogliomas. Unfortunately, none of the aforementioned
S-Transform based techniques have produced classifiers with high enough
accuracy for clinical use in predicting the methylation status of GBM’s [8].
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T2 FLAIR T1-postcontrast tumor ROI

Fig. 1. Methylated (Top) versus Unmethylated (Bottom) tumor appearance. Left-
to-Right: T2 image, FLAIR image, T1-postcontrast image, tumor ROI. The most
prominent feature of a methylated tumor is the diffuse border visible in all three MRI
modalities. In addition, unmethylated tumors tend to exhibit more extensive necrosis
and are more likely to appear as ring enhancing within the T1-postcontrast image.

2 Texture Analysis and Classification

2.1 2D-DOST Feature Extraction

To quantify image texture within an ROI, the 2-dimensional variant discrete or-
thogonal S-transform (2D-DOST) was utilized. Recent results by Drabycz et. al.
[5], indicates that the rotationally invariant DOST outperforms leading wavelet-
based texture analysis methods. The spatial-frequency technique extracts texture
features by decomposing an MR image into a set of images at various spatial
frequencies. With 2D-DOST a local spatial frequency spectrum describing the
amplitude of each frequency component in cycles per cm (cm−1) from the low-
est (the average of the entire image) to the highest (the fluctuations between
neighboring pixels) is obtained for each pixel in the original image. The number
of points in the spectrum is proportional to the image or ROI size.

Formally, let (i, j) index a discrete set of sites on a spatially regular N × M
lattice:

S = {(i, j)|1 ≤ i ≤ N, 1 ≤ j ≤ M} (1)

The discrete 2-D Fourier transform (2D-FT) of a function g(i, j) and its inverse,
defined on lattice S are given by:

G(u, v) =
N−1∑

i=0

M−1∑

j=0

g(i, j)e−(
√−1)2π( ui

N + vj
M ) (2)
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The 2D-DOST of a N × N image g is calculated by partitioning the 2D-FT
of the image, G, multiplying by the square root of the number of points in
the partition, and performing an inverse 2D-FT. For given frequency orders
pi, pj > 1 we extract the part of the Fourier spectrum where m = 2pi−1 to 2pi−1
and n = 2pj−1 to 2pj − 1 and perform a circular shift by half of the bandwidth:
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(4)

The 2D-DOST is then calculated by taking the 2D-FT of each scaled, shifted
part of the Fourier spectrum:

Dpi,pj [i
′, j′] =
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(5)
Based on the 2D-DOST, a rotationally invariant spectrum, was created by av-
eraging specific frequency orders together [5]. The process is depicted in Figure
2. The average spectrum from all pixels within the tumor volume was then
calculated to obtain a single spectrum for each patient; pixels not within the
tumor masks were excluded from analysis. Furthermore, slices where the visible
tumor area was less than 50 mm2 were excluded from analysis as well. To re-
move edge effects and other artifacts that might interfere with the analysis, the
aforementioned texture extraction process was carried out on 16×16 pixel ROIs
extracted from the binary mask of each tumor slice. Finally, the spectra were
log-transformed and z-scaled (to zero mean and standard deviation of one) prior
to application of neural networks in order to stabilize the variance.

2.2 Artificial Neural Networks

The standard 2-layer neural network [9] is defined by:

hω(x) = W 2 tanh(W 1x + b1) + b2) (6)
where ω = {W 1, W 2, b1, b2} are the parameters to be learned based on a set
of training pairs 〈xk, yk〉nk=1 with input vector x ∈ R

d and y corresponding to
the target output. In our case, x is the set of MRI texture coefficients extracted
by the 2D-DOST and y ∈ {+1,−1} indicates the methylation status of a given
subject. The matrices W 1, W 2 connect the input layer to the hidden layer, and
the hidden layer to the output layer (respectively). To prevent overfitting �1-
regularization [10] is employed in conjunction with error minimization as follows:

E(y, hω(x), λ) = ‖y − hω(x)‖�2 − λ‖ω‖�1 (7)
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Fig. 2. Rotationally invariant features generated from 2D-DOST (N=8). Features
marked with the same letter are averaged together to get a rotation invariant spectrum.
The diagonal elements, where |pi| = |pj |, are excluded, since they tend to contain the
majority of the noise and thus degrade classification performance.

where the �p-norm for vector x is defined as:

‖x‖�p =

(
d∑

i=1

|x(i)|p
) 1

p

(8)

The stochastic weight updates are then defined by:

δj = W j − η
∂Emse(y, hω(x))

∂W j
(9)

W j = sign(δj)max(0, δj − ηλ) (10)

where j ∈ {1, 2}, ∂Emse

∂W j
is the error gradient, η is the learning rate, λ is the

regularization parameter, and the function sign(A) returns ±1 based on the
sign of each matrix element in A.

From a Bayesian point of view[10], �1-regularization induces a Laplacian
prior over the weights. In contrast to weight decay (i.e., �2-regularization), �1-
regularization, can drive the weights completely to zero, rather than simply make
their magnitudes small and thus enables feature selection. If the �1-norm of jth

column vector is zero (i.e., ‖W (·, j)‖�1 = 0), then the jth feature, x(j), is never
used and can therefore be removed. Analogously, the width of the hidden layer
can be controlled by letting �1-regularization prune unnecessary hidden nodes.
Once again, if a given column vector is zero within weight matrix W 2, the cor-
responding hidden unit is effectively ignored by the output layer.

3 Experimental Procedure

Patients with newly diagnosed GBM (astrocytoma grade IV, WHO classifica-
tion) were identified and included in the study based on: (i) age (18 years or
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older), (ii) existence of preoperative T2, FLAIR and T1-post contrast MR im-
ages, and (iii) existence of paraffin embedded GBM tissue from the first surgery
enabling the assessment of MGMT promoter status via MS-PCR [3].

3.1 MRI Signal Preprocessing

Because imaging parameters varied across the cohort, all images were re-sampled
to ensure a common field-of-view (FOV) and pixel resolution. Images were
cropped and/or zero-padded to achieve a 22cm FOV. The 2D Fourier transform
of each image was cropped and/or zero-padded to achieve a consistent image
resolution of 0.859 mm/pixel. The resulting processed images had a FOV=22cm
and matrix size of 256x256. A rigid registration for all MR sequences on each case
was performed by maximizing the normalized mutual information metric using
in-house software. Each volume was converted from 16-bit integer to floating
point values and normalized such that cerebrospinal fluid (CSF) in the anterior
horn of the left ventricle (or right ventricle if the left was obscured) had an av-
erage value of: 1.0 for FLAIR, 5.0 for T2, and 2.0 for T1 post-contrast with a
standard deviation of 0.1. Tumor boundaries, outlined on T1 post-contrast im-
ages using MIPAV [11], were utilized for creating the regions of interest (ROIs)
demarcating the tumor regions. Figure 1 presents examples of the collected
data.

Fifty-nine patients (39 men; 20 women) were included in the texture study,
with median age 59 years (range 29-82) at the time of diagnosis. Thirty-one
subjects had tumors that were methylated (53%). Median imaging parameters
were as follows for T2, FLAIR and T1-post contrast: TR=4160/9004/500 ms,
TE=102/105/14 ms, 19 slices; median inversion time for FLAIR = 2400 ms.

For each T2, FLAIR, and T1-postcontrast imaging modality, 10 rotationally
invariant texture feature coefficients were computed using the 2D-DOST1 The
30 features, after log-normalization and z-scaling, were presented to a neural
network in a leave-one-out cross validation strategy (LOOCV). For all experi-
ments the following parameters were kept constant: (i) Learning rate η = 0.0005,
number of stochastic weight updates = 10000, (iii) number of hidden units = 2
(Note that preliminary experiments varied the number of hidden nodes. How-
ever, �1-regularization consistently pruned the network down to two nodes). The
neural network’s ability to predict GBM methylation status was evaluated us-
ing the following performance indicators: accuracy, sensitivity, specificity, posi-
tive, and negative predictive values. Two experiments were performed in this
study. The first examined the effect of regularization on the network perfor-
mance. The second experiment used regularization parameters corresponding to
local maxima with respect to accuracy, in order to examine network stability. In
each of the 10 trials, the learning parameters (ω from Equation 6) were
randomly initialized prior to network training and subsequent texture feature
classification.
1 Since the Z-dimension of each voxel in our data was approximately 10 times the

in-plane dimensions, the relatively straightforward generalization of 2D-DOST to 3
dimensions was not utilized.
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Table 1. Neural network prediction as a function of the L1-regularization parameter,
λ in Equation 10

L1-Regularization Accuracy Sensitivity Specificity PPV NPV
0.0001 0.898 0.893 0.903 0.893 0.903
0.0005 0.932 0.929 0.936 0.929 0.936
0.001 0.915 0.897 0.933 0.929 0.903
0.005 0.898 0.867 0.931 0.929 0.871
0.01 0.898 0.867 0.931 0.929 0.871
0.1 0.915 0.897 0.933 0.929 0.903
0.2 0.848 0.828 0.867 0.857 0.839
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Fig. 3. Accuracy as a function of �1-Regularization parameter λ from Equation 10.
Data taken from Table 1.

Table 2. Performance based on 10 random initializations of the network parameters.
Top: Performance based on parameter λ = 0.1 in Equation 10. Bottom: Performance
based on λ = 0.0005.

L1 = 0.1 Accuracy Sensitivity Specificity PPV NPV
Best Run 0.915 0.897 0.933 0.929 0.903
Worst Run 0.814 0.815 0.813 0.786 0.839
Mean 0.877 0.854 0.900 0.893 0.862
Standard deviation 0.042 0.039 0.047 0.053 0.036

L1 = 0.0005 Accuracy Sensitivity Specificity PPV NPV
Best Run 0.932 0.962 0.909 0.893 0.968
Worst Run 0.661 0.633 0.690 0.679 0.645
Mean 0.812 0.814 0.812 0.789 0.833
Standard deviation 0.071 0.089 0.058 0.059 0.088

3.2 Results

Table 1 shows the effect of regularization on network performance. Two local
maxima exist at λ = {0.0005, 0.1} with respective accuracy of 93.2% and 91.5%
which can be clearly observed in Figure 3. In turn, Table 2 shows the average per-
formance from 10 random initialization trials performed with the regularization
parameters set to λ = {0.0005, 0.1} . Performance based on λ = 0.1 indicates
this regularization setting is a more stable solution that achieves higher average
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score across all metrics, while also attaining a lower standard deviation than the
λ = 0.0005 setting. With λ = 0.1, the average accuracy was 87.7%. The worst-
case accuracy remained above 80%, an important threshold for clinical utility.
The best-case accuracy was on par with that from physical biopsy (∼ 90%).

4 Discussion

In this study, we sought to identify a quantitative texture pattern in MR images
that is significantly associated with MGMT promoter methylation status. We hy-
pothesized that textural features would correlate with MGMT status, providing a
non-invasive imaging test for detection of MGMT promoter methylation in GBM.
Using the 2D-DOST in conjunction with neural networks we were able to create a
system for accurately predicting methylation status of a given GBM. Our system
achieved an average accuracy of 87.7%. The worst-case accuracy remained above
80%, an important threshold for clinical utility. The best-case accuracy was on
par with that from physical biopsy (∼ 90%). We therefore conclude that our pro-
posed virtual biopsy technique may complement traditional biopsies, particularly
for patients in whom direct testing is inconclusive, or infeasible.
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