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Abstract

Magnetic Resonance Imaging (MRI) provides various imaging modes to study the brain. We
tested the benefits of a joint analysis of multimodality MRI data in combination with a large-scale
analysis that involved simultaneously all image voxels using joint independent components
analysis (jICA) and compared the outcome to results using conventional voxel-by-voxel
unimodality tests. Specifically, we designed a jICA to decompose multimodality MRI data into
independent components that explain joint variations between the image modalities as well as
variations across brain regions. We tested the jICA design on structural and perfusion-weighted
MRI data from 12 patients diagnosed with behavioral variant frontotemporal dementia (bvFTD)
and 12 cognitively normal elderly individuals. While unimodality analyses showed widespread
brain atrophy and hypoperfusion in the patients, jICA further revealed two significant joint
components of variations between atrophy and hypoperfusion across brain regions. The 1st joint
component revealed associated brain atrophy and hypoperfusion predominantly in the right brain
hemisphere in behavioral variant frontotemporal dementia, and the 2nd joint component revealed
greater atrophy relative to hypoperfusion affecting predominantly the left hemisphere in
behavioral variant frontotemporal dementia. The patterns are consistent with the clinical
symptoms of behavioral variant frontotemporal dementia that relate to asymmetric compromises
of the left and right brain hemispheres. The joint components also revealed that that structural
alterations can be associated with physiological alterations in spatially separated but potentially
connected brain regions. Finally, jICA outperformed voxel-by-voxel unimodal tests significantly
in terms of an effect size, separating the behavioral variant frontotemporal dementia patients from
the controls. Taken together, the results demonstrate the benefit of multimodality MRI in
conjunction with jICA for mapping neurodegeneration, which may lead ultimately to an improved
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diagnosis of behavioral variant frontotemporal dementia and other forms of neurodegenerative
diseases.
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Neurodegenerative diseases, such as Alzheimer's disease (AD), which impacts cognitive
functions, and frontotemporal dementia (FTD), which impairs judgment and behavior, are a
growing health problem globally as people live longer and the risk for these brain diseases
increases dramatically with advancing age. Since a definite diagnosis of most forms of
neurodegenerative diseases is currently only possible with autopsy, the development of
biomarkers, which can reliably indicate presence of neurodegeneration at the earliest
possible stage, is therefore an important public health goal. Structural magnetic resonance
imaging (MRI) has widely been the method of choice to study neurodegenerative diseases,
because macroscopically most neurodegenerative diseases are associated with progressive
regional brain tissue loss that can be mapped with structural MRI [for a review see (Schuff
and Zhu, 2007)]. In addition to brain tissue loss, neurodegenerative diseases typically exhibit
also diminished brain function and reduced regional cerebral blood flow (rCBF), which can
be detected non-invasively with perfusion-weighted MRI (Dai et al., 2009; Du et al., 2006;
Johnson and Albert, 2000; Johnson et al., 2005; Lee et al., 2009; Tosun et al., 2010) as well
as with radioactive tracer techniques, such as positron emission tomography (PET) or single
photon emission computed tomography (SPECT) (Frisoni et al., 1995; Horn et al., 2009;
Nagao et al., 2004; Varrone et al., 2002). Although various image modalities have provided
a wealth of information about brain alterations associated with neurodegenerative diseases at
the group level, the values of these measures for a clinical diagnosis at the individual level
remain limited. A major challenge in this field is how to use and analyze data from multiple
imaging modalities together in an integrated fashion that adds diagnostic value. Equally
important to improving diagnosis is to gain deeper insight into the processes underlying
neurodegeneration. For example, structural alterations in absence of functional deficits or
vice versa could be extremely useful for staging the level of neurodegeneration and whether
damage might be reversible, assuming appropriate medication will become available.
Conventional univariate methods for image analysis are inefficient for assessments of
structural and functional relationships, because each observation is evaluated separately.
Moreover, conventional voxelwise statistical approaches, such as statistical parametric
mapping (Worsley et al., 2004), lack the ability to detect hidden relationships across brain
regions, a fundamental limitation considering the connectivity of the brain. Our main goal in
this study was therefore to demonstrate the benefit of multivariate analysis of structural and
physiological brain MRI data taken together for improvement in diagnosis of
neurodegenerative diseases as well as gaining deeper insight into the biological substrates
underpinning the disease. Therefore, we focus on the design of an integrated framework to
exploit complementary information from structural and physiological brain MRI data toward
an improvement in diagnosing neurodegenerative diseases.

As new tools for effective fusion of various MRI modalities, such as structural and
perfusion-weighted MRI data, are emerging, more imaging studies aim at jointly analyzing
data from multiple imaging modalities. For instance, several MRI studies examined the
relationships between alteration in brain structure and physiology in aging and
neurodegenerative diseases in region-of-interest or at voxel-by-voxel basis (Asllani et al.,
2008; Chetelat et al., 2008; Eagger et al., 1992). Furthermore, to identify regions of
concordance and discordance between structural and physiological brain changes in
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neurodegenerative diseases without explicitly modeling the relationships, we developed
functions to combine the statistics from different MRI modalities (Hayasaka et al., 2006).
We recently applied this approach to study regional dissociations between brain atrophy and
reduced rCBF in FTD, showing regionally varying reduction in rCBF despite widespread
tissue atrophy (Shimizu et al., 2010). Moreover, to determine the added value of perfusion-
weighted MRI beyond the value of structural MRI for the correct classification of AD, we
performed cortical point-by-point tests based on logistic regressions to identify the regions
where largely atrophy contributed to the classification and regions where reduced rCBF
alone or in conjunction with atrophy made contributions (Tosun et al., 2010). However, the
fundamental limitation that these studies have in common is the lack of simultaneous
utilization of information from all brain regions (e.g., accounting for variations across
voxels) and all imaging modalities (e.g., accounting for inter-modality correlations) to
evaluate distributed relationships of structural and physiological alterations across the brain.

The purpose of the current study was to determine which brain regions with greater atrophy
are associated with brain regions of reduced rCBF in patients with neurodegenerative
diseases relative to controls. We also aimed to analyze all imaging voxels from both
modalities simultaneously to capture not only variations across image modalities but also
variations across brain regions. Specifically, we used multimodality joint independent
component analysis (jICA) to reveal the pattern of regionally distributed associations
between brain tissue loss (based on structural MRI) and rCBF (measured using arterial spin
labeling (ASL) perfusion-weighted MRI) in patients with behavioral variant frontotemporal
dementia (bvFTD), a sub-category of the frontotemporal lobar degeneration dementia
complex, relative to cognitively normal elderly individuals. With jICA, patterns in one
imaging modality can be evaluated while accounting simultaneously for variations in
patterns seen in another imaging modality across the whole brain (Calhoun and Adali, 2009;
Calhoun et al., 2006). Compared to voxelwise univariate and other multivariate analysis
methods, the primary advantage of jICA is the ability to identify associations between image
modalities across spatially separated brain regions without selecting regions a-priori. We
choose behavioral variant frontotemporal dementia for this test, because previous imaging
studies have implicated a signature pattern for each regional brain atrophy and rCBF deficits
in patients with behavioral variant frontotemporal dementia (Cardenas et al., 2007; Chao et
al., 2007; Du et al., 2006; Grimmer et al., 2004; Grossman et al., 2004; Ishii et al., 1998;
Jeong et al., 2005; Nagao et al., 2004; Rosen et al., 2002; Varrone et al., 2002; Whitwell et
al., 2005). These atrophy and rCBF patterns in behavioral variant frontotemporal dementia
overlap partially but are also distinctly discordant (Shimizu et al., 2010) and therefore
exhibit an attractive level of complexity to test if jICA can reveal large scale associations
between alterations in structure and physiology across the brain in behavioral variant
frontotemporal dementia. The specific objective of this study was twofold: (1) to determine
the extent to which brain regions in behavioral variant frontotemporal dementia with greater
atrophy than in controls are also associated with which brain regions with greater rCBF
reduction using multimodality jICA and (2) to test if the brain regions identified by
multimodality jICA provide a better discrimination between behavioral variant
frontotemporal dementia patients and controls (i.e., effect size) than the regions identified by
conventional unimodality analyses of structural and perfusion-weighted MRI data
separately.

In this work, we will first present an integrated multimodality MR image-processing
framework to preprocess the structural and perfusion-weighted MRI data for joint data
analysis. Then, we will report the results from analysis of multimodality MRI data using
multimodality jICA to identify significant relationships between regional alterations in brain
tissue loss and reduced rCBF related to behavioral variant frontotemporal dementia. For
comparison, we will also present unimodality analysis results evaluating the group
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differences in brain tissue loss and reduced rCBF between behavioral variant frontotemporal
dementia patients and controls followed by a quantitative comparison based on an effect size
measure generalized to multimodality measures.

Twelve behavioral variant frontotemporal dementia patients (mean age and standard
deviation: 60.3 + 7.6 years; 3 females / 9 males) and 12 controls (age: 60.9 £ 7.6yrs; 3
females / 9 males) were included in this cross-sectional multimodality MRI study. The
behavioral variant frontotemporal dementia and control groups were pair-wise age and
gender matched. A summary of the subject demographics and relevant clinical information
are listed in Table 1. The subjects were recruited from the Memory and Aging Center of the
University of California, San Francisco. All patients were diagnosed based upon information
obtained from an extensive clinical history and physical examination. The structural MR
images were used to rule out other major neuropathologies such as tumors, strokes, or
inflammation but not to diagnose dementia. The subjects were included in the study if they
were between 30-80 years old and without history of brain trauma, brain tumor, stroke,
epilepsy, other types of dementia (Alzheimer's disease, vascular dementia, dementia with
Lewy bodies), other neurodegenerative disorders (Huntington's disease, multiple system
atrophy), alcoholism, psychiatric illness or other systemic diseases that affect brain function.
The behavioral variant frontotemporal dementia patients were diagnosed according to the
consensus criteria established by Neary et al., (Neary et al., 1998). In addition, the following
selection criteria were included: (1) Clinical Dementia Rating (CDR) and Mini Mental State
Examination (MMSE) completed within 90 days, (2) absence of comorbid motor neuron
disease, (3) absence of logopenic progressive aphasia, and (4) absence of significant white
matter hyperintensities (i.e. >3mm periventricular hyperintensities, or >10mm deep white
matter lesions, or >10 lesions, as seen on FLAIR (fluid attenuated inversion recovery)
images. Upper thresholds for WMSH were chosen based on the Scheltens scale to match the
groups in terms of WMSH load.).

All subjects or their legal guardians gave written informed consent before participating in
the study, which was approved by the Committees of Human Research at the University of
California and the VA Medical Center at San Francisco.

Data Acquisition

All scans were performed on a 4 Tesla (Bruker /Siemens) MRI system with a birdcage
transmit and 8 channel receive coil. The scans included T1-weighted (T1w) and T2-
weighted (T2w) structural MRI data for measurements of brain atrophy and perfusion-
weighted MRI for measurements of rCBF. T1w images were obtained with a 3D volumetric
magnetization prepared rapid gradient echo (MPRAGE) sequence, TR/TE/TI = 2300/3/950
ms, timing; 7° flip angle; 1.0 x 1.0 x 1.0 mm3 resolution; 157 continuous sagittal slices;
acquisition time of 5 min. T2w images were acquired with a variable flip (VFL) angle turbo
spin-echo sequence with TR/TE = 4000/30 ms and with the same resolution matrix and field
of view of MPRAGE. In addition, FLAIR images with timing TR/TE/TI = 5000/355/1900
ms were acquired to facilitate the evaluation of white matter signal hyperintensities
(WMSH) and the brain-extraction step in postprocessing.

Perfusion-weighted MR images were acquired using a continuous arterial spin labeling
(cASL) sequence with single-shot echo-planar imaging (EPI), yielding sixteen 5 mm thick
slices with 1.2 mm gaps and with an in-plane resolution of 3.75 x 3.75 mm2. EPI timing was
TR/TE =5200/9 ms (Detre et al., 1992). For cASL, a 1.2 s long pulse with a magnetic field
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strength of B1= 3.5x107% T was applied in the presence of a constant magnetic field
gradient of 2 mT/m, followed by 1,590 ms post-labeling delay before the signal was mapped
using EPI. Post-labeling delay of 1,590 ms was heuristically chosen to compensate for the
prolonged arterial transit times in this age group (Detre and Alsop, 1999; Hunter et al.,
1989). Note, since the acquisition of ALS is slice selective, the post-labeling delay increases
linearly for each slice by about 45 ms. The labeling slice was fixed at 80 mm inferior to the
central imaging slice. Forty control and 40 labeled scans were averaged to boost the signal-
to-noise ratio resulting in a total scan time for cASL of about 7 minutes.

Structural MRI Processing

The following key processing steps were performed on each brain image volume for
estimation of local tissue loss using deformation-based morphometry (DBM). First, an
expectation maximization segmentation (EMS) algorithm including correction for intensity
inhomogeneity (Van Leemput et al., 1999a, b) was applied to T1w with supplementary T2w
image input, separating skull, scalp, extra-cranial tissue, cerebellum, and brain stem from the
rest of brain image volume. Resulting brain image volume was voxel-wise classified into
fractions of cerebral white matter (WM), cortical gray matter (GM), and sulcal cerebrospinal
fluid (CSF). For subjects with WMSH, FLAIR images were also included as supplementary
image input to aid the tissue classification. In presence of WMSH, tissue segmentation was
augmented using WMSH information from FLAIR images. Out of 12 healthy controls, three
required augmented tissue segmentation based on FLAIR due to presence of WMSH with
total volumes between 1.04 cc and 1.76 cc. Similarly, out of 12 behavioral variant
frontotemporal dementia patients, two required augmented tissue segmentation due to
presence of WMSH with total volume between 6.83 cc and 6.28 cc. WMSH voxels were
classified as WM tissue for the purpose of partial volume effect correction of rCBF images
and to reduce bias in the vicinity of WMSH as explained in the following section.

Each individual skull-stripped and bias field corrected brain image volume was affine
registered to a reference brain image to adjust for global differences in brain positioning and
scale across individuals. For this study, an unbiased average brain image was used as the
reference. The unbiased average brain was generated from 20 healthy elderly individual
brains (i.e., age of 50 to 70) using an unbiased atlas formation technique based on large
deformations mapping (Lorenzen et al., 2005). This set of 20 healthy elderly individuals did
not include any controls studied in this work. A nonlinear inverse-consistent fluid-flow
deformation (Lorenzen et al., 2005) spatially normalized affine registered individual brains
to the reference brain. The Jacobian determinant of the deformation field (i.e., Jac-map),
giving the fractional volume contraction or expansion at each voxel, was calculated to give a
map of brain atrophy. A block diagram outlining the processing steps involved in DBM and
a representative Jac-map for a healthy elderly control are provided in Figure 1. The Jac-
maps were filtered using a Gaussian smoothing kernel, where the contribution of each
neighboring Jac-map values to the center pixel was weighted by a Gaussian spatial kernel
with a filter width of 6 mm FWHM in the reference brain image space. The size of the
smoothing kernel matched the size of the effect we sought while accounting for residual
errors in the nonlinear spatial normalization.

Integrated Multimodality Image Processing for Perfusion-Weighted MRI

The key processing steps for quantification of rCBF from cASL-MRI as outlined in the
block diagram in Figure 2 and explained in detail elsewhere (Tosun et al., 2010) were as
follows: For each subject, the labeled and control images were first rigidly (i.e., 6 degrees-
of-freedom) realigned to the first image acquired in cASL sequence to correct for subject
head positioning differences during scanning and then the mean labeled and mean control
images were computed. The resulting mean control image was subtracted from the mean
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labeled image, yielding raw perfusion-weighted image. This was followed by the intensity
normalization of the raw perfusion-weighted image by the overall mean cASL image (i.e.,
average of mean labeled and mean control images) as approximation for arterial water
density (Wen-Chau et al., 2009), and for elimination of spurious signal contributions of very
high intensity from arterial vessels. The intensity normalization also reduced the intensity
inhomogeneity in EPI. The perfusion-weighted signal was then intensity scaled to obtain a
measure equivalent to rCBF, based on a single compartment model of cASL perfusion in
which water exchange between capillaries and brain is instantaneous and homogeneous. To
correct for variations in the cASL signal due to variable coverage of GM, WM and CSF at
each voxel, the rCBF image was corrected for the tissue partial volume effects, which
requires intra-subject inter-modality spatial alignment establishing a voxel-by-voxel
anatomical correspondence between rCBF image space and structural MR image space
where tissue densities (i.e., GM, WM, and CSF) were defined. To accomplish this, both
mean control cASL image and rCBF image volumes were first mapped onto the T2w
structural image space using a multi-resolution affine registration algorithm based on
normalized mutual information. Since EPI-based perfusion images generally suffer from
nonlinear geometric distortions due to variations in magnetic susceptibility whereas
structural MR images suffer less from susceptibility distortions, the spatial alignment
between the two modalities is a challenge. We used a fluid-flow warping based distortion
correction algorithm, minimizing an image dissimilarity metric between the co-registered
mean control cASL image and the T2w image (Lorenzen et al., 2005). The resulting
nonlinear deformation vector field was applied to the affine registered rCBF image. Finally,
the T2w image was rigidly aligned to the T1w image for domains with defined tissue
densities and maps of brain atrophy. The T2w to T1w rigid alignment transformation was
then applied to the nonlinear geometric distortion-corrected rCBF image. rCBF images in
T1w image space were corrected for partial volume variations at each voxel based
(rCBFpyE) on the following two assumptions: (1) rCBF is a weighted linear combination of
perfusion from GM and WM (i.e., rCBFg\ and rCBFy, respectively), with the weighting
coefficients expressing perfusion in terms of the corresponding tissue densities; and (2) the
relationship between GM and WM perfusion is spatially constant (i.e, CBFgp = k X
CBFwm Where k=2.5 was used from literature values (Kanetaka et al., 2004)).

Representative map of rCBFpyg for a healthy elderly control is shown in Figure 2. Note,
rCBFpyg is expressed in institutional rather than in absolute units of mI/100mg/min. Each
subject's resulting rCBFpye image was mapped onto the reference brain image space by
applying the subject's structural spatial normalization based on the fluid-flow deformation
[cf. Structural MRI Processing]. Each rCBFpye map was intensity calibrated by setting its
global median rCBFpyE to 1000, yielding rCBF*. The resultant rCBF* maps were filtered
using a Gaussian smoothing kernel of 8 mm FWHM in the reference brain image space. A
3-to-4 ratio between Jac-map and rCBF* smoothing kernels was estimated as described in
(Hagler Jr et al., 2006) to achieve comparable degrees of smoothing.

Unimodal Voxel-by-Voxel Group Analysis

The volumetric maps of Jac-map and rCBF* measures of each individual were analyzed
separately using conventional univariate statistical parametric mapping. In this approach,
differences in the maps between the behavioral variant frontotemporal dementia and control
groups were examined voxel-by-voxel using a general linear model. Specifically, each brain
map (i.e., Jac-map or rCBF*) was regressed separately at every brain tissue voxel against a
categorical variable coding group membership as a predictor. To control for false positive
findings given the large number of comparisons per brain map, we used the concept of a
false discovery rate (FDR) at the level g=0.05 (Benjamini and Hochberg, 1995).
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Unimodality statistical computations were carried out using the statistical package R
(http://www.r-project.org/).

Multimodality Statistical Analysis

The objective of the multimodality statistical analysis is twofold: (1) We aim to analyze the
imaging features from structural and perfusion-weighted MRI together to obtain
complementary information from the structural and physiological relations not obtainable
from separate unimodel group analysis of structural and physiological variations. Second,
we aim to identify regional relationships between structural and physiological variations
while simultaneously accounting for inter-voxel relationships across the brain, thus testing
effectively for distributed relationships that voxel-by-voxel multivariate tests cannot
provide. In this study, the imaging features are the Jac-map as an estimate of the brain
atrophy and the rCBF* map as an estimate of the reduced brain physiology. In
multimodality jICA, the Jac-map and rCBF* maps are treated as joint probability
distributions of random observations. Under the assumption that the joint distributions can
be decomposed into sets of spatially independent but joint sources of Jac-map and rCBF*
features, multimodality jICA aims to estimate the joint mixing coefficients aj. common to
the Jac-map and rCBF* features. Formally, in jICA the signal of an image voxel v from an
observation i using modality k (i.e., k=Jac-map or rCBF¥*) is considered a linear
combination of signals from C independent sources according to:

C
k _ . gk
K™= 2 alCch’
c=1

where s* is the ct independent source. Assuming mutual joint spatial independence of each
modality, the relationship between multimodality MRI data and the sources can be
expressed as a general model according to:

[X/uc—mapXrCBF*} A . [S]ac—mupleBF*]

or

[S Jur—mapSrCBF*] -W. [X/u(‘—mapXrCBF*]

where W = A=L. Here, XX is the k! modality's observation data matrix of size NxV (i.e.,
number of subjects N times number of image voxels V), SK is the ki modality's source
matrix of size CxV, and A is the unknown mixing matrix of size NxC with its inverse
matrix W. Since the sources C and thus the columns of A are linearly independent, it follows
that (AT - A) is invertible and W = (AT - A)"1 . AT is the transpose of A. We can further use
the independence of the sources to write the joint probability density function of observation
data as

])( Jac—map _rCBF=

- -CBF Jac— ~BF+ N -
x| X . xja(‘ map’ xr\.CBFle) =|det W|P (X lac mu])’ xt]‘(BI'x) —p (x;uc mup’ X:,CBF*) i

Lttt N |

where p(x]““~", x7°B) is the joint probability density for subject i. A single optimal
unmixing coefficient matrix W*, which fuses the information from multiple modalities, can

be estimated by maximizing the following joint log-likelihood function:
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Jac—map _rCBFs Jac— C
W*=argmax {log p (x]“( T T T X BF*]W)}.
W

In this study, Fusion ICA Toolbox (FIT), a freeware package
(http://icatb.sourceforge.net/fusion), was used to perform data fusion and multimodality
JICA to determine the shared variance between the Jac-map and rCBF* measures in relation
to group differences (Calhoun et al., 2006). Specifically, we designed the jICA to
decompose the joint distributions of Jac-map and rCBF* across all image voxels and
subjects into independent components that explain joint variations between the two MRI
modalities given variations across subjects as described above. jICA approach allows us to
identify joint variations in atrophy and rCBF* measures across spatially separated brain
regions.

Because of differences in image intensity ranges, Jac-map and rCBF* images were intensity
normalized to have the same average sum-of-squares computed over all subjects and all
brain image voxels for each modality separately. A single normalization factor is used per
modality; thus, following normalization, the relative scaling within a given modality is
preserved, but the units between modalities are the same in a least-squares sense. Intensity
normalized Jac-map and rCBF* images were stacked into a large subject—voxel matrix (i.e.,
[XJac-mapxrCBF*] matrix) as illustrated in Figure 3. A minimum description length criterion
was used to estimate the number of joint sources (i.e., C) from the subject-voxel matrix (Li
et al., 2007). The subject-voxel matrix was then decomposed linearly into a mixing matrix
(i.e., A) and a source matrix (i.e., [S2-MaPSTCBF*] matrix) using coefficient-constrained
ICA (CC-ICA), which minimizes the mutual information of the output sources to achieve
independence while simultaneously improving the estimation of group difference (Sui et al.,
2009). In this decomposition, the Jac-map and rCBF* within each joint source (i.e., each
row of the source matrix) had the same shared contribution to the subjects, captured by the
loading parameter within each column of the mixing matrix. In other words, each joint
source provides the brain regions where Jac-map and rCBF* were associated by the same
inter-subject covariation.

For each joint source, a two-sample t-test was performed on the loading parameters from the
corresponding column of the mixing matrix to test the significance of the joint source in
differentiating the behavioral variant frontotemporal dementia patients from the healthy
elderly controls. For spatial visualization of the joint sources, each row of the source matrix
was scaled to unit standard deviation, yielding z-score maps. Entries of each row were
mapped back to the voxel coordinates to reconstruct the spatial localization of the joint
sources of Jac-map and rCBF* in the reference brain image space.

A Multimodality Effect Size Measure

To evaluate the power of differences between the groups with information from both
imaging modalities, we computed an effect size metric generalized to multimodality data,
based on the multivariate analysis of variance (MANOVA) Wilks' lambda. For each
significant joint component identified by jICA, mean Jac-map and mean rCBF* values were
computed for each subject over joint source voxels with z-score values greater than or equal
to 2.5 (99.4% cumulative probability). Subjects' mean Jac-map and mean rCBF* values
formed the vectors of observations. In a one-way MANOVA with the vectors of
observations as the dependent variable and the diagnosis as the categorical variable, Wilks'
lambda, L, was estimated as the within groups generalized variance relative to the total
generalized variance. A generalized Fisher's correlation ratio, n2, = 1 — A, was calculated
giving the proportion of the total generalized variance, which is accounted for by the
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population group membership (Steyn and Ellis, 2009). While a n2, of value 0.02 was
considered as a small effect size and a n2, of value 0.13 was considered as a medium effect
size, n2, greater than 0.26 was considered as a large effect size between behavioral variant
frontotemporal dementia patients and controls (Steyn and Ellis, 2009).

Similarly for multimodality effect size of brain tissue loss and reduced rCBF* identified by
separate unimodality group analysis, we computed the subject mean Jac-map and mean
rCBF* values over the voxels where unimodality group analysis gave a corrected p value
less than or equal to 0.005. Using the resulting subject vectors of observations, the
generalized Fisher's correlation ratio was computed as explained above.

Unimodal voxel-by-voxel Group Differences

Figures 4a and 4b depict the regional distributions of atrophy and reduced rCBF* in
behavioral variant frontotemporal dementia patients compared to controls, respectively,
using conventional univariate parametric statistical mapping. Consistent with several earlier
MRI studies (Cardenas et al., 2007; Chao et al., 2007; Du et al., 2006; Grimmer et al., 2004;
Grossman et al., 2004; Ishii et al., 1998; Jeong et al., 2005; Nagao et al., 2004; Rosen et al.,
2002; Varrone et al., 2002; Whitwell et al., 2005), behavioral variant frontotemporal
dementia patients showed greater ventricular enlargement and widespread brain tissue loss
compared to controls predominantly in the frontal, temporal, and parietal brain regions as
listed in Table 2. Significantly reduced rCBF* in behavioral variant frontotemporal
dementia patients compared to controls occurred prominently in the bilateral frontal and
temporal cortices as listed in Table Il as well as in the thalamic nuclei, putamen, caudate,
and hippocampal subcortical regions, consistent with findings from previous studies
including PET and SPECT studies (Cardenas et al., 2007; Du et al., 2006; Gorno-Tempini et
al., 2004; Grimmer et al., 2004; Ishii et al., 1998; Kril and Halliday, 2004; Mummery et al.,
2000; Rabinovici et al., 2008; Rosen et al., 2002; Varma et al., 2002)

Multimodality Joint Independent Components Analysis

Among the estimated twenty-three joint independent components, the jICA analysis
identified two joint components, each depicting associations between brain atrophy (i.e.,
Jacmap) and reduced rCBF* that were significantly different between behavioral variant
frontotemporal dementia and controls.

The mixing coefficients of the 1% joint component were 0.644 + 0.047 for controls and
0.389 £ 0.067 for behavioral variant frontotemporal dementia patients with t,,=—3.834 and
p=0.0009. Fig. 5 displays the spatial extent of the 15! joint component's features at z=2.5
(99.4% cumulative probability) threshold, overlaid onto the reference brain image. The
marginal Jac-map and rCBF* histograms computed by ranking voxels surviving the z=2.5
threshold are shown in Fig. 5c. In the 1st joint component, brain regions with greater white
matter and gray matter atrophy in behavioral variant frontotemporal dementia patients
compared to controls included areas prominently in the right hemisphere with greater
caudate nucleus atrophy and ventricular enlargement bilaterally. Greater tissue loss in this
component was linked to associated reduction in rCBF* (e.g., variations in each measure
occur together) in behavioral variant frontotemporal dementia patients relative to controls
prominently in the bilateral middle frontal, anterior cingulate, caudate nucleus, and thalamic
nuclei, and right frontal cortical regions and insular regions as listed in Table 2.

The mixing coefficients of the 2"d joint component were 0.461 + 0.045 for controls and
0.290 £ 0.064 for behavioral variant frontotemporal dementia patients with t;,=—2.65 and
p=0.01. Fig. 6 displays the spatial extend of 2" joint component's features at z=2.5
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threshold overlaid onto reference brain image and the marginal Jac-map and rCBF*
histograms are shown in Fig. 6¢. The 2nd component reflects the relationship between
greater atrophy and reduced rCBF* prominently in the left hemisphere brain regions as
listed in Table 2.

Multimodality Effect Size

Multimodality effect sizes to separate behavioral variant frontotemporal dementia patients
from controls based on regional brain atrophy and reduced rCBF* measures identified by the
15t and 29 joint components are listed in Table 3. MANOVA Wilks' lambda and generalized
Fisher's correlation ratio as a measure of multimodality effect size are reported. Also shown
in Table 3 is the effect size based on conventional unimodal statistical parametric mapping
for comparison. The statistical distribution of each multimodality effect size measure was
numerically estimated by 100-fold bootstrapping. While brain atrophy and rCBF*
differences jointly observed by the 15t and 2"d multimodality jICA components yielded large
effect sizes, the corresponding effect sizes observed for unimodal tests were much smaller.
Two-sample t-test revealed that all pair-wise multimodality effect size differences were
statistically significant (separate unimodal tests versus 15t joint component: t=—15.06, df =
197.12, p<10~15; separate unimodal tests versus 2" joint component: t=—8.95, df = 195.38,
p<10715: 15t joint component versus 2" joint component: t=4.89, df=191.69, p<10~5).

4. Discussion

This study generated two major findings: First, using multimodality jICA we found two
behavioral variant frontotemporal dementia-related joint components of structural and
physiological alterations in the brain. The 15! joint component revealed an association
between brain tissue loss and reduced rCBF* predominantly in the right brain hemisphere in
behavioral variant frontotemporal dementia, and the 2" joint component revealed greater
atrophy relative to reduced rCBF* affecting predominantly the left hemisphere in behavioral
variant frontotemporal dementia. The difference in the mixing coefficients between
behavioral variant frontotemporal dementia and controls, reflecting an atrophy/rCBF
association, was largest for the 15t joint component. The result is consistent with the fact that
behavioral variant frontotemporal dementia tends to affect the right hemisphere more
severely than the left, leading to problems with socioemotional behavior early in the disease
course (Rosen et al., 2005). Moreover, the joint components revealed that structural
alterations can be associated with physiological alterations in spatially separated but
potentially connected regions. The second, and perhaps most important finding is that
identification of joint components across structural and perfusion-weighted MRI resulted in
a significant increase in effect size separating behavioral variant frontotemporal dementia
patients from controls compared to the effect size derived using a conventional univariate
analysis separately for each modality. Taken together, the results demonstrate the benefit of
using multimodality MRI in conjunction with jICA for mapping neurodegeneration. This
may lead ultimately to an improved diagnosis of behavioral variant frontotemporal dementia
and other forms of dementia.

Our first finding with multimodality jICA extends our earlier MRI findings of partially
dissociated structural and physiological alteration in behavioral variant frontotemporal
dementia based on simply combining the statistics from structural and perfusion MRI
(Shimizu et al., 2010). The observed dissociations involved substantial atrophy in absence of
rCBF* reduction in some brain regions in behavioral variant frontotemporal dementia while
other brain regions showed concordant levels of atrophy and rCBF* reductions. However,
the previous approach was limited to observations of local relationships between structural
and physiological alterations while relationships across brain regions were not accessible.
Multimodality jICA can eloquently overcome this restriction, yielding a wealth of new
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information of structural and physiological relationships not only at a local level but across
distal brain regions as well. Especially the evaluation of all brain regions simultaneous
provides a powerful tool for new discoveries, as the findings from the 15t and 2" jICA
components demonstrate.

The findings of associated structural and physiological brain alterations with multimodality
JICA are worth more discussion and clinical interpretation. The joint component with the
strongest behavioral variant frontotemporal dementia related alterations relative to the
control group (i.e., 15t joint component) identified significant brain atrophy in the right
frontal and limbic lobes, insular, and caudate regions as well as marked ventricular
enlargement in the patients. These brain structure changes were linked to a concurrent
reduction in rCBF* of the same anatomical regions in the right cortical hemisphere and
subcortical regions including the thalamus and caudate. The findings suggest that certain
effects of neurodegenerative disease serve as a substrate both for morphological and
physiological changes in behavioral variant frontotemporal dementia. The findings in the
ventromedial frontal, dorsolateral prefrontal, insula, and anterior cingulate brain regions can
be related to the apathy and stereotypic behaviors, which are the most common initial
symptoms among patients with behavioral variant frontotemporal dementia (Rosen et al.,
2005; Shinagawa et al., 2006).

JICA analysis also found a second joint component whose expression differed with
diagnosis, providing complementary information to the first component. Specifically, the
24 joint component showed behavioral variant frontotemporal dementia related alterations
relative to alterations in the control group that involved greater brain atrophy in the left
hemisphere. The affected regions included the frontal, temporal, limbic, and parietal lobes,
motor cortex, and hippocampus in addition to ventricular enlargement prominently in the
posterior horns in behavioral variant frontotemporal dementia compared to controls. These
regional brain tissue losses were linked to reduced rCBF* in similar anatomical regions
again prominently in the left hemisphere. The finding of two distinct joint components of
linked structural and physiological alterations implies that the pathology in behavioral
variant frontotemporal dementia underlying these changes spreads heterogeneously across
the right and left hemispheres. While the majority of frontal and limbic lobe regions are
affected early in behavioral variant frontotemporal dementia, the temporal and parietal lobe
regions are affected later in the disease process (Kril and Halliday, 2004). Accordingly, one
can hypothesize that while the 15t joint component identified the brain regions affected
during the early disease stage, the 2" joint component identified the atrophy and reduced
rCBF* occurring in the middle and later stages. The group of behavioral variant
frontotemporal dementia patients studied in this work is very heterogeneous in terms of the
duration of symptoms (i.e., standard deviation of 4.7 years). The outcome measures (i.e.,
local brain atrophy and perfusion) in behavioral variant frontotemporal dementia group may
be affected by the duration of symptoms; hence, treating this set of subjects as a single group
may not be adequate. Future longitudinal studies are warranted to elucidate a possible link
between multimodality jICA components and temporal ordering of the behavioral variant
frontotemporal dementia-related neuropathology. It is also possible that the components
could represent different anatomical variants of behavioral variant frontotemporal dementia.
The interpretation of these components would be greatly improved by a future investigation
on whether the two components correlate with clinical/behavioral deficits in these patients.

Involvement of parietal, pre- and postcentral, cerebellar, and occipital region suggests that
the patients in this study cohort were more demented than they appeared based on their
widely used CDR scores, which may underrate disease severity in behavioral variant
frontotemporal dementia. This phenomeon was also reported in other studies (Knopman et
al., 2008; Mioshi et al., 2010). The length of symptoms might be a better proxy for disease
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severity. Given the long disease history of the behavioral variant frontotemporal dementia
patients in this study, these patients most likely fell into the severe to very severe disease
categories. Based on clinicopathological staging of FTD severity (Kril and Halliday, 2004),
we therefore find the involvement of these regions not surprising, especially since they show
much weaker effects than the more prominently affected regions, including the frontal,
temporal, and limbic lobes. Behavioral variant frontotemporal dementia is heterogeneous in
terms of underlying pathology; peri-rolandic and parietal involvement might suggest
underlying corticobasal degeneration (CBD), a common cause of behavioral variant
frontotemporal dementia. Cerebellum might be seen in progressive supranuclear palsy
(PSP), which can present clinically as behavioral variant frontotemporal dementia. Occipital
findings were surprising to us too. Although our clinical accuracy is around 93% compare to
autopsy, it is possible that some cases have additional Alzheimer's disease pathology.
bvFTD shares many clinical and radiological features with CBD and PSP (Kitagaki et al.,
2000; Cordato et al., 2005). Without a histopathological exam, these common features could
make both clinical and radiological diagnosis difficult to distinguish these
neurodegenerative disorders (Kertesz et al., 2000; Mathuranath et al., 2000).

Another interesting observation is the right- and left-sided asymmetry in 15t and 2" joint
components, respectively. Patients with behavioral variant frontotemporal dementia often
present impaired behavioral symptoms that are consistent with an asymmetric left or right-
sided structural and physiological abnormalities. For example, it has been shown that
patients with primarily right versus left behavioral variant frontotemporal dementia have
unique neuropsychological characteristics (Boone et al., 1999). More studies are warranted
to further investigate the link between asymmetry in imaging findings and
neuropsychological characteristics.

Our findings of morphometric and physiological alterations in behavioral variant
frontotemporal dementia based on conventional voxel-by-voxel unimodal analysis yields
two interesting aspects. First, the unimodal analysis of Jac-map and rCBF* maps, showing
frontal and anterior temporal predominant but widespread structural atrophy and rCBF*
reduction in the behavioral variant frontotemporal dementia patients compared to the
controls, is consistent with findings from previous studies including PET and SPECT studies
(Cardenas et al., 2007; Du et al., 2006; Gorno-Tempini et al., 2004; Grimmer et al., 2004;
Ishii et al., 1998; Kril and Halliday, 2004; Mummery et al., 2000; Rabinovici et al., 2008;
Rosen et al., 2002; Varma et al., 2002), implying that our patient group is a representative
sample of behavioral variant frontotemporal dementia. Second, although the conventional
analysis approach yielded large clusters of brain alterations in behavioral variant
frontotemporal dementia, it largely missed the inherent hemispheric asymmetry of deficits in
behavioral variant frontotemporal dementia that jICA revealed. The shortfall in sensitivity
with the conventional method is not surprising given that each region is tested separately
and associations across regions cannot be inferred. Although our anatomical localizations of
regional atrophy and decreased perfusion findings in behavioral variant frontotemporal
dementia compared to healthy elderly controls using multimodality jICA are in conformity
with findings reported in the literature, the joint components were identified by
simultaneously evaluating the imaging measures from both imaging modalities as well as
across all brain regions thereby taking intrinsic relationships between these imaging
measures into consideration. Therefore our multimodality jICA findings provide deeper
insight into the biology of the disease than the methods, which evaluate the modalities as
well as each brain region separately.

The second and perhaps most important finding of the study is the gain in effect size using
JICA. The results imply that joint analysis of multimodality MRI data provides unique
morphological and physiological signatures with significantly larger effect sizes than a
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conventional approach. For diagnostic purposes, an important question is to what extent
imaging modalities other than structural MRI provide “added value”. Although the current
study does not explicitly address this question, comparisons based on effect sizes to separate
behavioral variant frontotemporal dementia patients from controls suggest that a joint
analysis of structural and perfusion-weighted MRI using multimodality jICA is more
powerful than other analytical methods, especially those that evaluate structural and
perfusion-weighted MRI separately. The improvement with multimodality jICA in
identifying behavioral variant frontotemporal dementia likely derives from the ability to
detect joint structural and physiological variations in behavioral variant frontotemporal
dementia across brain regions that are involved in the neuronal network impacted by the
disease (Schroeter et al., 2009). Whether this feature of multimodality jICA improves
differential diagnosis between behavioral variant frontotemporal dementia and other forms
of dementia causing neurodegenerative diseases, such as AD, which impacts other neuronal
networks, warrants further investigation. The fact that it is not necessary to predefine these
regions a-priori for multimodality jICA is another advantage of this approach. Identifying
the multimodality imaging biomarkers (e.g., patterns of anatomical and physiological
abnormalities) with predictive value for the development and progression of the disease
could enhance the differential diagnosis accuracy for neurodegenerative diseases.

To our knowledge, our study is the first using jICA for the joint analysis of structural and
perfusion-weighted MRI data. Furthermore, we incorporated jICA into a framework of
integrated multimodality MR image-processing. The present study demonstrates that more
information for the characterization and classification of behavioral variant frontotemporal
dementia can be gained with this new approach. The application of jICA of multimodality
imaging data is not limited to classification problems but can also be employed in principle
to regression issues, such as identifying the correlates between structural and physiological
changes and clinical and cognitive measures such as socioemotional or cognitive abilities.

The present study has several limitations. First, behavioral variant frontotemporal dementia
was identified by clinical diagnosis but was not autopsy-confirmed. Therefore, to the extent
that the diagnosis was inaccurate, the structural and physiological features from
multimodality jICA may reflect other pathologies than behavioral variant frontotemporal
dementia. We have autopsy confirmed pathology for three of the behavioral variant
frontotemporal dementia patients. An additional five of the patients, plus another one who
also had behavioral variant frontotemporal dementia confirmed by autopsy, went through
PiB-PET imaging and had amyloid-negative results, implying no Alzheimer's disease
pathology. In addition, two of these amyloid-negative behavioral variant frontotemporal
dementia patients had lumbar Tau/Ap ratio of 0.2 and 0.36, which do not fall into the
Alzheimer's disease range. Although we cannot warrant that no Alzheimer's pathology was
involved, 8 out of 12 behavioral variant frontotemporal dementia patients had no signs of
Alzheimer's disease pathology and therefore our observations cannot be explained by
presence of Alzheimer's disease alone. Second, the behavioral variant frontotemporal
dementia patient sample is relatively small owing to difficulties in recruiting these patients,
who often have behavioral and emotional disturbances, and compliance issues with
participating in MRI. Therefore, generalization of our findings is limited. Further studies,
including more subjects as well as behavioral variant frontotemporal dementia patients with
a greater range of cognitive deficits, are warranted to validate the findings. There are
additional study limitations related to the jICA technique. The current framework assumes
that both image voxels and measures from each modality (i.e., Jac-map and rCBF*) are
independent and identically distributed. A priori spatial correlation information and flexible
distribution for each imaging measure could be incorporated to multimodality jICA to
further improve the detection of multimodality imaging signatures. The inherent spatial
smoothness of the data due to the point spread function of MRI, as well as the Gaussian
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kernel-based smoothing used for image processing introduce spurious dependencies among
the samples, thereby violating to some extent the rules of component selection that are based
on the assumption of independent and identically distributed samples. Thus, both smoothing
factors may have caused an overestimation of the number of independent components and
therefore the results should be interpreted with caution. Another study limitation is that
rCBF* measurements with cASL-MRI are susceptible to age-related variations in
physiological conditions, such as arterial transit delays, altered T1 relaxation, and bolus
dispersion, which are complicated to account for. In particular, age associated changes in
relaxation times of blood water (Cho et al., 1997) and prolonged arterial transit time has
been observed in behavioral variant frontotemporal dementia patients (Hunter et al., 1989).
Therefore, we cannot rule out that some variations in rCBF* are simply measurement
artifacts that are unrelated to differences in brain function between behavioral variant
frontotemporal dementia patients and controls. In addition, nine out of 12 behavioral variant
frontotemporal dementia patients were receiving various drugs known to impact the
cardiovascular system. Due to the small sample size of this study and limited statistical
power, we couldn't control for effects of medication on arterial blood flow. Furthermore, in
integrated multimodality MR image processing, the accuracy of the intra-subject inter-
modality co-registration is limited since cASL-MRI is more prone to geometric distortion
and imaging artifacts compared to structural MRI. The partial volume correction and
anatomical localization in rCBF* measure is also limited by the differences in point spread
function of structural and perfusion-weighted MRIs. In addition, structural spatial
normalization accuracy and consequently accurate partial-volume correction might be
compromised in behavioral variant frontotemporal dementia patients as a result of averaging
across dissimilar structures. Thus, changes in brain morphology may have biased rCBF*
measurements. Taken together, errors in image registration and localization may result in
diminished power to detect intrinsic relationships between structural and physiological
alterations in behavioral variant frontotemporal dementia at a local level. Lastly, this study
was cross-sectional and cannot conclusively establish causality between structural and
physiological alterations. Longitudinal studies will be necessary to further understand the
synergistic effects of anatomical and physiological changes in behavioral variant
frontotemporal dementia patients.

Despite these limitations, our results specifically demonstrate the benefit of jICA of
multimodality MRI and to enhance the description of pathophysiological changes in
neurodegenerative disease, which may ultimately lead to improved diagnostic methods.
Beyond the study of neurodegenerative diseases, integrated multimodality image analysis
methods could be useful in the evaluation of other brain disorders as well as pathology in
other body systems.
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Block diagram outlining the processing steps involved in deformation-based morphometry.
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Figure 2.
A block diagram outlining the integrated multimodality image processing for perfusion-
weighted MRI to estimate partial volume corrected regional cerebral blood flow.
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Figure 3.
The setup for multimodality joint independent component analysis.
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Figure 4.
Significance maps of systematic brain abnormalities in patients with behavioral variant
frontotemporal dementia compared to controls using unimodality group difference analysis.
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(a) Greater brain tissue atrophy in bvFTD patients compared to healthy elderly individuals

Jac-map

Figure 5.

The spatial extend of 15t joint component's (a) Jac-map measure of brain tissue loss and (b)
rCBF* features at z=2.5 threshold overlaid onto the unbiased average structural brain image.
(c) Marginal histograms for the Jac-map and rCBF* measures.
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(a) Greater brain tissue atrophy in bvFTD patients compared to healthy elderly individuals

bvFTD

Jac-map

Figure 6.

The spatial extend of 2" joint component's (a) Jac-map measure of brain tissue loss and (b)
rCBF* features at z=2.5 threshold overlaid onto the unbiased average structural brain image.
(c) Marginal histograms for the Jac-map and rCBF* measures.
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Table 1

Demographic and clinical summary of the study groups

Control  Behavioral variant frontotemporal dementia
Number 12 12
Age 60976 60.3£ 7.6
Sex (F:M) 3:9 3:9
Education (yr) 171+26 155+33
Durations of Symptom (yr) — 6.1+4.7
MMSE 29.6+0.5 258+38"
CDR 0 1.04+03"

*
Significantly differ from control group (p<0.05 by ANOVA test).
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Table 2

List of brain areas where the structural and cerebral blood flow changes occur

Structural findings in behavioral variant frontotemporal dementia  Cerebral blood flow findings in behavioral variant
patients compared to controls frontotemporal dementia patients compared to controls

Unimodal voxel-by-voxel Group Differences
Greater ventricular enlargement Reduced regional cerebral blood flow in bilateral

Greater brain tissue loss in bilateral

1duasnue Joyiny vd-HIN
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superior frontal
middle frontal

inferior frontal

lateral fronto-orbital

middle fronto-orbital

cingulate
precuneus
fornix

superior temporal
middle temporal
inferior temporal
parahippocampal
lingual

fusiform
entorhinal
supramarginal
superior parietal
inferior parietal
insula

precentral
postcentral
middle occipital
inferior occipital
cuneus
cerebellum
thalamus nuclei
putamen
caudate nucleus
amygdala

hippocampus

superior frontal
middle frontal
inferior frontal
lateral fronto-orbital
middle fronto-orbital
pre-cuneus
cingulate

fornix

insula
parahippocampal
supramarginal
precentral
postcentral

superior temporal
middle temporal
thalamic nuclei
putamen

caudate

hippocampus

wduosnue Joyiny vd-HIN

15t Multimodality Joint Independent Components Analysis

Greater ventricular enlargement Reduced regional cerebral blood flow
Greater brain tissue loss in bilateral middle frontal

right superior frontal bilateral anterior cingulate

right middle frontal bilateral caudate nucleus
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Structural findings in behavioral variant frontotemporal dementia  Cerebral blood flow findings in behavioral variant
patients compared to controls frontotemporal dementia patients compared to controls
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right inferior frontal

right lateral fronto-orbital
right middle fronto-orbital
right gyrus rectus

right anterior cingulate gyrus
right fornix

right insular

right subcallosal area

bilateral caudate nucleus

bilateral thalamic nuclei
right superior frontal

right inferior frontal

right middle fronto-orbital
right lateral fronto-orbital
right insular

bilateral thalamus nuclei

2" Multimodality Joint Independent Components Analysis
Greater ventricular enlargement

Greater brain tissue loss in

left precentral

left postcentral

left superior parietal
left posterior cingulate
left fornix

left pre-cuneus

right fusiform

right lingual

bilateral superior frontal

bilateral hippocampus

Reduced regional cerebral blood flow
left supramarginal
left superior temporal
left middle temporal
bilateral superior parietal
bilateral superior frontal
bilateral gyrus rectus
bilateral thalamus nuclei marginally in
bilateral posterior cingulate
left inferior frontal
left lateral fronto-orbital
bilateral insular
bilateral middle fronto-orbital
bilateral postcentral
left fusiform
left parahippocampus
bilateral middle occipital
bilateral superior occipital
bilateral inferior parietal

bilateral hippocampus

Neuroimage. Author manuscript; available in PMC 2013 February 1.



1duasnuey Joyiny vd-HIN 1duasnue Joyiny vd-HIN

wduosnue Joyiny vd-HIN

Tosun et al. Page 28

Table 3

Effect sizes from 15t and 2"d components of a jICA compared to the effect size from conventional unimodal
tests. Group differences are based on a generalized Fisher's correlation ratio.

Wilks' lambda  Chi2 %,

1% joint component  0.531 +0.107 7.994£2.369 0.468 +0.107
2d joint component  0.613 +0.128 6.515+2.891 0.387 +0.128
Unimodal tests 0.767 +0.114 3.458 +1.948 0.233+0.114
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