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Summary

Alzheimer’s disease research has entered the era of “big data”. While single-laboratory research
remains a mainstay of mechanistic discovery research, large data sets are increasingly necessary
in clinical and translational settings. Such datasets currently exist in the fields of genetics,
epidemiology, clinical trial registries, and, to a lesser extent, imaging. Brain imaging now plays
a central role in aging and dementia research. It is easy to see how a standardized database of
MRI and PET images collected across the ADCs would become a major research resource. This
database — openly shared amongst dementia researchers — will impressively broaden the scope of
research. The methods described here were developed to address the common needs for
summary variables of regional brain volumes and quantification of the extent of white matter
hyperintensities.

Method

Brain volumes, cortical thickness, and surface area: UCD analyses performs standard
processing of all MR images using FreeSurfer versions compatible with ADNI. FreeSurfer is a
set of software tools for the study of cortical and subcortical anatomy. In the cortical surface
stream, the tools construct models of the boundary between white matter and cortical gray matter
as well as the pial surface. Once these surfaces are known, an array of anatomical measures
becomes possible, including cortical thickness, surface area, curvature, and surface normal at
each point on the cortex. The surfaces can be inflated and/or flattened for improved visualization.
In addition, a cortical surface-based atlas has been defined based on average folding patterns
mapped to a sphere. Surfaces from individuals can be aligned with this atlas with a high-
dimensional nonlinear registration algorithm. The registration is based on aligning the cortical
folding patterns and so directly aligns the anatomy instead of image intensities. The spherical
atlas naturally forms a coordinate system in which point-to-point correspondence between
subjects can be achieved. This coordinate system can then be used to create group maps (similar
to how MNI space is used for volumetric measurements). Most of the FreeSurfer pipeline is
automated, which makes it ideal for use on large data sets. Standard readouts provided by UCD
to the NACC database include the parcellations of regional brain volumes, cortical thickness and
surface area for 31 bilateral gray matter regions from the Desikan-Killiany atlas® 2,
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White Matter Hyperintensity: WMH quantitation is performed on a combination of FLAIR
and 3D T1 images using a modified Bayesian probability structure based on a previously
published method of histogram fitting®. The first step in this process is to segment the image into
gray, white and CSF tissues. Our segmentation algorithm is based on an Expectation-
Maximization (EM) algorithm that iteratively refines its segmentation estimates to produce
outputs that are most consistent with the input intensities from the native-space T1 images along
with a model of image smoothness* . At each iteration, the algorithm uses a Gaussian model of
T1-weighted image intensity for each tissue class, in order to produce a segmentation. In the first
iteration, these models are estimated from a standardized segmented image. The segmentation
yielded by these appearance models alone is then refined using a Markov Random Field (MRF)
model, a computational statistical method that efficiently produces a label map consistent with
both the input intensities and image smoothness statistics. Inference in the MRF is computed
using an adaptive priors model®. This refined segmentation from the MRF is then used to
compute new Gaussian intensity models for each tissue class, and the algorithm repeats,
iteratively switching between calculating Gaussian appearance models and MRF-based
segmentation, until convergence. The MRF-based segmentation at the final iteration is used as
the final output segmentation. Once gray, white and CSF tissues have been identified, FLAIR
analysis is added to the process. WMH segmentation also is based on a Bayesian approach. Prior
probability maps of WMH were created from more than 700 individuals with semi-automatic
detection of WMH followed by manual editing. Likelihood estimates of the native image are
calculated through histogram segmentation and thresholding. All segmentation is initially
performed in standard space resulting in probability likelihood values of WMH at each voxel in
the white matter. These probabilities are then thresholded at 3.5 SD above the mean to create a
binary WMH mask. Further segmentation is based on a modified Bayesian approach that
combines image likelihood estimates, spatial priors, and tissue class constraints. The segmented
WMH masks are then back- transformed on to native space for tissue volume calculation.
Standard readouts from this procedure provided to the NACC database include gray matter,
cerebrum total cranial and WMH volumes.

Hippocampal Segmentation: MRI-derived hippocampal volumetry has been a widely used
biomarker in AD and dementia research to improve early diagnosis®, enrich subject selection’
and monitor treatment efficacy® °, but harmonized anatomical borders are lacking. To address
this need, the EADC-ADNI Working Group established a Delphi panel to determine the
optimum protocol'?, selected orientation parameters'!, and developed the final, rigorously tested
protocol along with making publicly available labels from over 100 ADNI subjects?. Our
hippocampal segmentation method employs a standard atlas based diffeomorphic approach®®
with the minor modification of label refinement. We further modified this approach to include
the EADC-ADNI harmonized hippocampal masks to assure standardization across cohorts.
Therefore we have adopted the following approach: 1) Subject image pre-processing with
extraction of intracranial cavity, non-uniformity correction, tissue classification as discussed
above; 2) Atlas Registration of all EADC-ADNI hippocampal masks® 10 1214 15 tg each subject;
3) Atlas Fusion utilizing MALF®17; and 4) Intensity-based label refinement. Hippocampal
volumes from this approach will be an output to the NACC database.
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Version Information [Heading 1]

This is the 1% version of our methods. Specific changes to our methods will be summarized in
this section.

Dataset Information
This methods document applies to the following dataset(s) available from the SCAN repository:

Dataset Name Date Submitted
UCD SCAN Methods V1 07 March 2023
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