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INTRODUCTION

Previous work has shown that task-related signal changes in response to perception of visual motion are weaker in dyslexics
compared to typical readers in area V5/MT [5,7]. This observation is consistent with psychophysical data indicative of a
magnocellular deficit in developmental dyslexia. Measures of perceptual processes have the advantage that they can be
assessed in pre-readers, whereas pure reading ability is not directly assessed prior to formal schooling. This raises the
potential of using the neural responses elicited during visual motion perception as an early marker for reading disability.

We explored the possibility of classifying subjects as dyslexic or non-dyslexic based only on the functional magnetic resonance
imaging (fMRI) profile elicited during the performance a visual motion task. We compared the discriminatory ability of linear
discriminant analysis (LDA) [10,13], decision tree classification (“dtree”) [3,4], and single regions of interest (ROIs). We also
compared two metrics: the average fMRI signal change versus the average Z value within a region of interest (ROI).

METHODS

Subjects: 12 adult dyslexic subjects (ages 18- Table 1.

44 years) and 14 matched nonimpaired readers Sontrors ovalus
(ages 20-55 years). Difference in mean reading Minimum 20.00
skill was significant; not so for age (Table 1). Age Average 4074 0.46
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visual field had a higher dot density; and (3) a fixation cross [7]. -
Data analysis: fMRI scans were motion corrected [14], high- oo
pass temporal filtered, and spatially smoothed with an 8mm T
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was computed, generating a Z map for each subject. The two Extract Mean I Signal l

groups were then contrasted using "Stouffer's Method" [11]. The resulting “" o

Z map was thresholded (False Discovery Rate = 0.05 [9]), defining 19 clusters of - Clssicaion
contiguous suprathreshold voxels [8]. Four of the clusters were in the orbits bilaterally
or in the left and right lateral ventricles posteriorly, and were therefore removed from
further analysis. The remaining 15 clusters were used as ROIs. An fMRI metric was
generated by computing either (a) the mean fMRI signal change or (b) the mean Z S o o ™ laalcaon of St
value, for each subject and ROI . LDA and dtree were used to classify subjects based — o

on the fMRI metrics. Single ROIs were also tried as classifiers. The leave-one-out method

was used for cross-validation, to estimate sensitivity, specificity, and % correctly classified.

RESULTS Table 2.
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Table 3 shows the same information, but this time for
the single ROI classifiers. Mean Z value 58% /79%/69% | 17% / 7% / 31%

Table 3.

Cluster # 1 3
Side Bilateral

S
s

2
2

Bilateral

x

Brain
Region

Frontal Gyrus
Superior / Middle
Frontal Gyrus
Precentral Gyrus /
Superior Temporal Gyrus
Cuneus /

Lingual Gyrus

Superior / Middle
2
Middle Frontal Gyrus  |& | ~

Precuneus
Middle Frontal Gyrus
Superior Frontal Gyrus |5 | o
Superior Frontal Gyrus.
Culmen of Cerebellum

Medial Frontal Gyrus

Lingual Gyr
Middle O

Brodmann Area 1817119

ZI R

Dyslexic - Contro Pos

Size (voxels) 1202
Mean MR [Sensitivity 7%
Signal  [Specifcity 7%
Change [y Correct 7%
Sensitivity 75%
Speciticity 1%
% Correct 7%

Mean Z
Value

SUMMARY

LDA had superior performance to dtree, perhaps due to the relatively low prediction accuracy of decision
trees in general [2].

The simple single ROI classifiers did surprisingly well compared to LDA and dtree.

Neither of the two metrics (mean fMRI signal change vs. mean Z value) seemed to have a decided
advantage, although mean fMRI signal change resulted in slightly better sensitivity overall (not statistically
significant).

The accuracy of these results is comparable to classification studies using neuroanatomical data in dyslexia
[12] and functional brain imaging data in neurological disorders [1,6].

Further refinement and extension to pediatric populations could lead to an fMRI-based tool for detecting
children at risk for dyslexia, and aid in the identification of candidates suitable for intervention at an early age.
Future directions: (1) use receiver operator characteristic curve methods to compare classification methods; (2)
use larger sample sizes; (3) test other methods of classification, e.g. support vector machines; (4) test other
metrics (e.g., maximum value within ROI, exceedance mass); (5) use ensemble methods [for review, see 2] to
improve the performance of dtree.
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