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Introduction
The best hope for delaying, slowing, or even

preventing the progression of $ O | K H L ElisedsgV

(AD) requires Instituting interventions prior to the
development of Mild Cognitive Impairment (MCI),
such Intervention In turn requires methods to
identify sensitive biomarkers that precede and
predict future symptomatic onset [1]. We
previously developed surface multivariate tensor-
based morphometry (ImTBM) and grey matter
morphology signatures as potential structural MRI
AD biomarkers to study hippocampal morphology,
lateral ventricular morphology and cortical
thickness. We developed patch-based sparse
coding system (PASS) [2] to successfully extract
most discriminating features from MR images and
achieved promising results to predict cognitive
decline In Initially cognitively unimpaired
individuals longitudinally followed in the ADNI
study and In the Arizona longitudinal study of
aging, but we did not account for APOE gene
dose In either of the prior studies.

Methods

From a prospective cohort study, 18 initially
cognitively unimpaired adults who subsequently
progressed to the clinical diagnosis of amnestic
MCI (aMCI) or dementia due to AD within 1.8+0.8
years (progressors) were matched for age, sex,
education, and APOE4 gene dose to 20 adults
who remained cognitively unimpaired for at least 4
years after baseline visits (nonprogressors). Each
baseline MRI scan was segmented with FSL
(http://fsl.fmrib.ox.ac.uk/fsl/fslwiki), the
hippocampal and ventricle surfaces
parameterized as described previously , and the
surface multivariate morphometry statistics (MMS)
consisting of mTBM and radial distance (RD)
generated [3]. A collection of overlapping patches
on the surface as the Initlal sparse coding
dictionary was constructed. Stochastic Coordinate
Coding was then applied to learn a dictionary and
Sparse codes.

-
o o,
it tex

2
T

2

-

/\

m'u"'-._L

1N

Y

i 7

@f/ ANEXWE

The max-pooling algorithm on the newly learned high-dimensional features was used to obtain a final set of low-dimensional
features. Finally, an AdaBoost classifier was applied to categorize aMCI and cognitively unimpaired individuals with 5-fold cross
validation adopted to evaluate classification accuracy, sensitivity, specificity, positive and negative predictive values. Figure 1
shows the overall system pipeline and Figure 2 illustrates how image patches are computed on a pair of hippocampal surfaces.

Figure 2. Visualization of computed image patches on a
pair of hippocampal surfaces. The zoom-in picture shows

some overlapping areas between Image patches. We
generated a series of 10 x 10 windows on each side of
hippocampus. In this figure, we show some randomly

Figure 1. Overall Processing Sequence. A chart showing the key selected image patches with different amounts of overlap

steps in PASS.

Conclusion:

While our findings should be considered
preliminary, sparse coding together with the
surface multivariate morphometry may be applied
to individual volumetric MRIs to predict imminent
progression from the preclinical to clinical stages
of AD with great accuracy.
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