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ABSTRACT

The importance of accurate early diagnostics of dyslexia that severely
affects the learning abilities of children cannot be overstated. Neu-
ropathological studies have revealed an abnormal anatomy of the cere-
bral white matter (CWM) in dyslexic brains. We explore a possibil-
ity of distinguishing between dyslexic and normal (control) brains by
a quantitative shape analysis of CWM gyrifications on 3D Magnetic
Resonance (MR) images. Our approach consists of (i) segmentation
of the CWM on a 3D brain image using a deformable 3D bound-
ary; (ii) extraction of gyrifications from the segmented CWM, and
(iii) shape analysis to quantify thickness of the extracted gyrifications
and classify dyslexic and normal subjects. The boundary evolution
is controlled by two probabilistic models of visual appearance of 3D
CWM: the learned prior and the current appearance model. Initial
experimental results suggest that the proposed 3D texture analysis
is a promising supplement to the current techniques for diagnosing
dyslexia.

Index Terms— Diagnosis, Dyslexia, MRI, Levy Distance, Cere-
bral White Matter (CWM) segmentation, CWM Gyrifications.

1. INTRODUCTION

Developmental brain disorders represent one of the most interesting
and challenging research areas in neuroscience. Dyslexia and autism
are two of the most complicated developmental brain disorders that
affect the behavior and learning abilities of children. Dyslexia is char-
acterized by the failure to develop age appropriate reading skills de-
spite normal intelligence level and adequate reading instructions [1],
whereas, autism is characterized by qualitative abnormalities in be-
havior and higher cognitive functions [2].

Neuropathological studies of dyslexia have shown that children
with dyslexia have ordinary-size-brains at birth, but experience a delay
of brain growth resulting, between two and four years of age, in de-
creased brain volume relative to the normal (control) group [3-6]. By
adolescence and adulthood, differences in the mean brain size between
the two groups diminish largely as a result of increased relative growth
in the control group; nonetheless, there exists an abnormal anatomy of
cerebral white matter (CWM) in dyslexic brains [4, 6]. In addition, the
increasing in the size of the corpus callosum and its sub-regions are
well established in patients with dyslexia relative to controls. To over-
come limitations of the conventional volumetric-based diagnostics, we
propose to quantitatively analyze shapes of CWM gyrifications con-
sidered as a texture on 3D MRI images and use the found CWM ab-
normalities for robust classification of dyslexic vs. normal subjects.
To the best of our knowledge, such an approach to automatically diag-
nose dyslexia by 3D texture analysis of CWM gyrifications is the first
of its kind.

Our objective is to quantify differences between the shape of
CWM gyrifications for dyslexic and normal subjects. The proposed
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diagnostics is based on the three-step texture analysis of 3D MRI brain
images that is detalized in Sections 2 and 3: (i) CWM segmentation
from a 3D MRI image using an evolving deformable boundary guided
by probabilistic models of current and learned prior visual appearance
of CWM; (ii) extraction of gyrifications from the segmented CWM,
and (iii) quantification of the thickness of the CWM gyrifications to
perform classification. Experimental results and conclusions are given
in Section 4.

2. CEREBRAL WHITE MATTER (CWM) SEGMENTATION

Accurate CWM segmentation from a 3D MRI image is a challenging
problem because intensities in the CWM and surrounding organs are
not clearly distinguishable. Thus, we segment the MRI image using
a conventional 3D parametric deformable boundary [7] but control its
evolution with two original probabilistic models of visual appearance,
namely, a learned CWM appearance prior accounting for translation-
and rotation-invariant pairwise voxel interaction and a mixed model
of voxel intensities in the current CWM and surrounding tissues.

The appearance prior is a Markov-Gibbs random field (MGRF)
with multiple pairwise interaction having analytical identification (pa-
rameter estimation) from training data. The voxel-wise model of the
current CWM appearance is extracted from the multi-modal mixed
intensity distribution by its precise approximation with a linear com-
bination of discrete Gaussians (LCDG) [8].

Let (z,y, z) be Cartesian coordinates of 3D points. A finite 3D
arithmetic lattice R = [(z,y,2) 12 =0,..., X —-1;y=0,...,Y —
1,z = 1,...,Z — 1] supports a 3D image g : R — Q and its
3D region map m : R — L where Q = {0,1,...,Q — 1} and
L = {cwm, bg} are finite sets of intensities and region labels, re-
spectively. Each label, m 4 ., indicates whether a voxel gz . in the
corresponding intensity data set g belongs to CWM, or background.

We use a conventional deformable boundary [7] that evolves in
the direction minimizing its energy E depending on internal, (int (b),
and external, Cexs (b), forces:

E = Eint + Eext = / (Cint (b) + Cext (b)) db (1)
b

where b = [P, : k € K = {1,..., K}] is a parametric surface
with K vertices P, = (x, Yk, 2r). But we introduce a new type of
the external energy involving the learned and on-going (current) visual
appearance of CWM. Each image is normalized by mapping the signal
range [gmin, ¢max| for each 3D data set to [0, 255] as in Fig. 1 in order
to account for global contrast and offset deviations of intensities due
to different sensors.

The normalized images are considered as samples of a prior
MGRF model of the CWM appearance. To exclude any image align-
ment before segmentation, we use a generic translation- and rotation-
invariant MGRF with only voxel-wise and central-symmetric pairwise
voxel interaction. The latter is specified by a set IN of characteristic






the current intensities in all its neighbors over the characteristic neigh-
borhoods n,; ¥ € N, remain fixed:

Ep(qlS) = Vioxewm(q) + X 2
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The evolution terminates after the total energy E. of the 3D region
r C R inside b does not change:
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Er = EP (gz,y,z|s) (8)

3. QUANTITATIVE ANALYSIS OF CWM GYRIFICATIONS

Our main hypothesis is that thickness of gyral CWM for dyslexic sub-
jects is greater than for normal subjects. To quantify this feature, we
need first to automatically extract CWM gyrifications from the seg-
mented CWM and then analyze their differences in order to classify
normal and dyslexic persons.
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Fig. 3. Axial section (a) in the 3D distance map for the segmented
CWM (the boundary found by segmentation is shown in green) and
the estimated class densities (b) obtained from the mixed empirical
distance density for the segmented CWM.

To extract gyrifications, we calculate the distance map inside the
segmented 3D CWM by a fast marching level set method in [9]. The
map gives the minimum Euclidean distance from each inner point
of the segmented object to the object boundary (Fig. 3). Using the
EM-based approach in [8], the mixed empirical marginal distribution
of these distances is partitioned into two probability models: of the
CWM gyrifications (class 1) and all other CWM tissues (class 2), re-
spectively, shown in Fig. 3. Then the CWM gyrifications are extracted
as follows:

1. Use Fast Marching level sets to propagate a wave to find the
voxels that are located at a distance less than or equal to T’
from the boundary of CWM as shown in Fig. 4(a).

2. Use Fast Marching level sets to propagate a wave to find the
voxels that are located at a distance less than or equal to T' from
the voxels that are located at distance 1" from the boundary of
CWM as shown in green in Fig. 4(b).

3. Remove the voxels that are visited by the second wave (shown
in green color) form the voxels that are visited by the first wave
(shown in pink color). The remaining part represents the ex-
tracted CWM gyrifications as shown Fig. 4(c,d).

We propose to use the cumulative distribution function (CDF) of
distances in a distance map inside the extracted CWM gyrifications
as a generalized shape feature of the CWM structure. Figure 5 shows
the CDFs for 14 subjects (7 dyslexic and 7 normal ones) selected ran-
domly from the matched data for training. It is evident that the two
classes, dyslexic and normal, are clearly separable using these CDFs.
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Fig. 4. The proposed steps to extract the CWM gyrifications: (a) vox-
els that are located at a distance less than or equal to 7' from CWM
boundary which are shown in pink, (b) voxels that are located at a
distance less than or equal to T" from the voxels that are located at dis-
tance 7" from the boundary of CWM which are shown in green, and
(c, d) extracted CWM gyrifications.
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Fig. 5. Cumulative distance distributions (a) inside the segmented
training distance maps for 14 (seven normal and seven dyslexic) sub-
jects; the average CDFs for dyslexic and normal subjects (b), and the
proposed classification (c,d) of unknown subjects (shown by green)
by using the Levy distance (p) to the average CDFs: (c) the normal
and (d) the dyslexic subject.

To classify the CDFs, the Levy distances between a CDF F' =
[Fy :u=0,1,...,dmnaz] in question for the distance map inside the
extracted CWM gyrifications and the average CDFs Fp,y in Fig. 5
serving as the templates of dyslexic or normal subjects are calcu-
lated [10]: p(Fu,Fp/N) = 151>iIO1{a :Fp/n(d—a)—a < F,(d) <

FD/N(d+ a) + a}.
4. EXPERIMENTAL RESULTS AND CONCLUSIONS

The proposed approach has been tested on in-vivo data collected from
sixteen right handed dyslexic men aged 18 to 40 years, and a group of
14 controls matched for gender, age, educational level, socioeconomic
background, handedness and general intelligence. All the subjects
are physically healthy and free of history of neurological diseases,
head injury. Briefly, all the subjects have exactly the same psychi-
atric conditions. All images were acquired with the same 1.5T MRI



scanner (GE, Milwaukee, Wisconsin) with voxel resolution 0.9375 X
0.9375 x 1.5 mm?® using a T1 weighted imaging sequence protocol.
The “ground truth” diagnosis to evaluate the classification accuracy
for each patient was given by the clinicians.
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Fig. 6. Results of 3D CWM segmentation projected onto 2D axial (A), coro-
nal (C), and saggital (S) planes for visualization: 2D profiles of the original
MRI images (a), pixel-wise Gibbs energies (b) for v < 8, our segmentation
(c), the segmentation with the algorithm in [11] (d), and (e) the radiologist’s
segmentation.

Table 1. Accuracy and time performance of our segmentation on 9 data sets
(1116 slices) in comparison to our previous technique in [8] and the level sets
based segmentation in [11].

Algorithm

Our [8] [11]
Minimum error, % 0.51 5.9 3.4
Maximum error, % 4.79 10.3 13.6
Mean error, % 1.53 7.8 4.95
Standard deviation,% | 1.25 2.27 3.7
Significance, P <107t | <107?
Average time, sec 365 75 489

Figure 6 demonstrates results of the CWM segmentation. The
Gibbs energies for each CWM voxel are higher than for any other
brain tissues. This is why the proposed approach is very accurate.
The boundary evolution terminates after 127 iterations due to close to
zero changes in the total energy. The error of our segmentation with
respect to the radiologist’s “ground truth” is 1.49%. To highlight the
advantages of our approach, we compare it to the most popular level-
sets-based segmentation by Vese and Chan [11] where the level set
evolution is controlled by region statistics, e.g. mean and variance.
The segmentation error for their approach, as applied in the experi-
ment shown in Fig. 6, is 9.6%.

Table 1 and Fig. 6 show more comparative segmentation results.
For the nine data sets in Table 1 with the known ground truth the dif-
ferences in the mean errors between the proposed segmentation, our
previous approach in [8], and the level-set based approach of Vese and
Chan [11] are statistically significant according to the unpaired ¢-test
(the two-tailed value P is less than 0.0001). The main problem in
Vese and Chan’s segmentation is that the errors usually occur just at
the CWM gyrifications, which are the main features to discriminate
between the dyslexic and normal subjects. The motivation behind our
segmentation was to exclude such errors as far as possible.

The training subset for classification (14 persons shown in Fig. 5)
was arbitrarily selected among all the 30 subjects. The accuracy of
classification of both the training and test subjects was evaluated us-
ing the y2-test at the three confidence levels — 85%, 90% and 95%
— in order to examine significant differences in the Levy distances.
As expected, the 85% confidence level yielded the best results — the

correctly classified 16 out of 16 dyslexic subjects (a 100% accuracy),
and 14 out of 14 control subjects (a 100% accuracy). At the 90%
confidence level, 16 out of 16 dyslexic subjects were still classified
correctly, however, only 13 out of 14 control subjects were correct,
bringing the accuracy rate for the control group down to 92.86%. The
95% confidence level obviously gives the smaller accuracy rates for
both the groups, namely, 14 out of 16 correct answers for dyslexic
subjects (87.5%) and still 13 out of 14 control subjects (92.86%). The
classification based on traditional volumetric approach is 7 out of 16
dyslexic subjects (a 43.75% accuracy), and 9 out of 14 control sub-
jects (a 64.29% accuracy) at a 85 confidence interval, these results
highlight the advantage of the proposed diagnostic approach.

In total, these preliminary results show that the 3D texture analy-
sis of the MRI brain images is able to accurately discriminate between
the dyslexic and normal subjects. Our proposal substantially differs
from the known diagnosing techniques that exploit only volumetric
descriptions of different brain structures and thus are in principle more
sensitive to the selection of ages and segmentation errors [4-6]. Con-
trastingly, the proposed approach derives efficient quantitative classi-
fication features from 3D shapes of different brain structures. Our ex-
periments demonstrate statistically significant differences in the pro-
posed generalized geometric characteristics of CWM gyrifications for
30 normal and dyslexic subjects under consideration.

In the future, we will investigate additional brain structures in
order to quantitatively characterize the development and changes of
an dyslexic brain over time. Our investigation will not be limited
to the CWM but will include the gray matter. Also, to validate and
possibly modify the proposed approach, we will test it on larger data
sets with known ground truth (doctors’ diagnosis).
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