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Abstract

Structural magnetic resonance imaging (MRI) studies have shown dramatic age-associated changes in grey and white matter volume, but
typically use univariate analyses that do not explicitly test the interrelationship among brain regions. The current study used a multivariate
approach to identify covariance patterns of grey and white matter tissue density to distinguish older from younger adults. A second aim was
to examine whether the expression of the age-associated covariance topographies is related to performance on cognitive tests affected by
normal aging. Eighty-four young (mean age=24.0) and 29 older (mean age =73.1) participants were scanned with a 1.5T MRI machine
and assessed with a cognitive battery. Images were spatially normalized and segmented to produce grey and white matter density maps.
A multivariate technique, based on the subprofile scaling model, was used to capture sources of between- and within-group variation to
produce a linear combination of principal components that represented a “pattern” or “network” that best discriminated between the two age
groups. Univariate analyses were also conducted with statistical parametric maps. Grey and white matter covariance patterns were identified
that reliably discriminated between the groups with greater than 0.90 sensitivity and specificity. The identified patterns were similar for the
univariate and multivariate techniques, and involved widespread regions of the cortex and subcortex. Age and the expression of both patterns
were significantly associated with performance on tests of attention, language, memory, and executive functioning. The results suggest that
identifiable networks of grey and white matter regions systematically decline with age and that pattern expression is linked to age-related
cognitive decline.
© 2006 Elsevier Inc. All rights reserved.
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1. Introduction for large-scale cross-sectional and longitudinal studies that

examine normal age-related neuromorphologic change. In a

Voxel based morphometric (VBM) approaches to the
analysis of structural magnetic resonance images allow for
between- and within-groups comparison of grey and white
matter volume or density [6]. Because of its high relia-
bility and semi-automated procedures, VBM is well suited
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typical neuromorphologic study of aging, structural magnetic
resonance images (MRI) are acquired, spatially normalized
to common stereotactic coordinates, and segmented into grey
matter, white matter, and cerebrospinal fluid (CSF). Compar-
isons between groups (i.e., in cross-sectional aging studies)
or within groups (i.e., in longitudinal analyses) are made on
the segmented images on a voxel-by-voxel basis. Statistical
parametric maps (SPM) are generated that reflect differences
between or within groups (or the relationship with a contin-
uous variable) in each individual voxel.

Although several studies have used manual and semi-
manual tracing techniques for the assessment of brain volume
change across the adult lifespan (e.g. [28]), relatively few
have employed VBM approaches. Those studies that have
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used VBM suggest dramatic normal age-associated changes
in both grey and white matter volume. In the largest study
to date, Good et al. [21] examined grey matter, white matter,
and CSF volumes and concentrations in a group of 465 neu-
rologically healthy adults ranging in age from 18 to 79 years.
In addition to regional effects, the authors examined global
effects by summing grey matter, white matter, and CSF voxel
values and tested linear and non-linear contrasts with age. The
authors found a linear decline in global grey matter volume
with age and several focal areas of relatively greater age-
associated loss. These regions included the superior parietal
gyri, pre- and post-central gyri, insula, cerebellum, anterior
cingulate, middle frontal gyrus, Heschl’s gyrus, and planum
temporale. Though global white matter volume was not sig-
nificantly associated with age, there were regional effects of
age, including bilateral frontal lobe and posterior limbs of the
internal capsule.

Other VBM investigations of age-related change have
been consistent in demonstrating a tendency for grey mat-
ter tissue loss, although they have varied in results regarding
white matter and the regional distribution of change. In a
longitudinal analysis, Resnick et al. [41] examined grey and
white matter change in healthy older adults ranging in age
from 59 to 85 and found wide-spread areas of decline for
both tissue types. Total grey and white matter volume loss
was approximately 5.4 and 2.4 cm?, respectively, with the
greatest regional effects in frontal and parietal lobes. Similar
to Good and colleagues’ findings [21], other cross-sectional
analyses of subjects across the adult lifespan revealed a global
decline in grey matter density and non-significant age associ-
ations for white matter [50,52]. Tisserand et al. [51] reported
a significant age-associated decline in grey matter volume
with VBM, but they did not evaluate white matter and only
analyzed anterior regions.

Although voxel-based approaches to the study of nor-
mal aging have generally been consistent with manual trac-
ing or region-of-interest approaches in demonstrating age-
associated grey matter decreases [9,29,36,37], evidence from
both human neuroimaging studies and animal studies using
other approaches suggests that normal age-related volumet-
ric loss may be primarily due to a decrease in whiter matter
[10,18,24,41]. Age-associated changes in white matter vol-
ume may be reflective of a disturbance in myelin, leading
to faulty communication across axons [2]. This change may
have particular relevance to cognitive changes associated
with normal aging, which may in part be due to decreased
communication among critical brain regions. Nonetheless,
whether white matter significantly decreases more than grey
matter with normal aging has not been demonstrated defini-
tively. Further, the relative impact of grey versus white matter
volume on cognitive function requires the comparison of each
to cognitive abilities.

Despite the statistical analysis of all of the voxels in the
brain, VBM approaches do not consider the interrelationship
among voxel densities or volumes. That is, the univariate
SPM generated for a VBM analysis provides results for indi-

vidual regions and does not address structural connectivity in
the brain. For example, although two regionally separate vox-
els may show aging effects, their relationship to each other is
not explicitly examined. In the current study, we employed
multivariate spatial covariance methodology to deal with this
issue.

An attractive feature of multivariate techniques is their
emphasis on structural networks. Because they evaluate the
inter-correlation or covariance of tissue density across vox-
els, the results yielded from the analyses can be interpreted as
representational of structural networks throughout the brain.
In the current study, we employed the subprofile scaling
model (SSM) analytic approach [34] to capture the patterns
of age-associated changes in tissue density. This method
tests whether, across subjects, tissue densities in individ-
ual voxels show a covarying relationship with age as well
as amongst each other. Subtle changes in tissue density in
the course of aging that also show interregional correla-
tion will be detected by our method, while they might go
undetected in a univariate analysis. Different rates of age-
related change at different voxel location are specified by
regional weights of both signs (for increasing and decreas-
ing density with age) in a covariance pattern. Identifica-
tion of such an age-related covariance pattern might be a
useful signature of the aging process in the healthy brain.
The extent to which each individual subject manifests the
age-related topographic pattern can be captured in a sin-
gle number, similar to a factor score in a factor analysis.
The SSM approach has been used in a number of functional
neuroimaging studies (e.g. [11,25,26,43,44,48,49]), but no
study to our knowledge has employed the technique to struc-
tural neuroimaging data. Thus, a primary purpose of the
current study was to examine whether SSM could identify
a covariance pattern of age-related grey and white matter
tissue change and to qualitatively compare this approach
with a standard univariate VBM analysis of the same
dataset.

A secondary aim of the current study was to examine
the relationship between the expression of the identified
SSM age-associated covariance pattern and performance on
a brief battery of neuropsychological tests. Normal age-
associated neurocognitive decline has been well documented
(e.g. [42,45]). Although no unified theory of normal cog-
nitive aging has emerged from the extant literature, there
is a growing consensus that the domains of executive func-
tioning and memory are disproportionately affected [15,56].
Despite the growing literature on normal age-associated mor-
phologic changes and the parallel line of research on normal
cognitive aging, relatively few studies have investigated the
interrelationship among age, neurocognition, and brain mor-
phology (e.g. [23,38,52,54]). These efforts have generally
demonstrated a relationship between age-associated decline
in regional brain volume and performance on tasks of execu-
tive functioning and memory, although age typically accounts
for more variance in task performance than morphology. In
the current study, we sought to identify a grey and white mat-
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ter covariance patterns that captured the effects of age on
neuropsychological functioning.

2. Methods
2.1. Subjects

Data for the current study came from ongoing neu-
roimaging studies of normal aging. Subject groups
included 113 participants, comprising younger (n = 84, mean
age +S.D.=24.02 £ 3.83, range = 19-35) and older (n =29,
mean age + S.D.=73.14 £ 6.72, range = 60—84) individuals.
Participants were recruited through local advertisement and
word-of-mouth. All subjects were screened with medical,
neurological, psychiatric, and neuropsychological evalua-
tions to ensure that they had no neurological or psychiatric
disease or cognitive impairment. The screening procedure
included a detailed interview that excluded individuals with
a self-reported history of major or unstable medical illness,
significant neurological history (e.g. epilepsy, brain tumor,
stroke), history of head trauma with a loss of conscious-
ness for greater than 5 min, history of diagnosis of an Axis
I psychiatric disorder [5]. Individuals taking psychotropic
medications were excluded. Older participants were evalu-
ated for dementia with the Mattis Dementia Rating Scale
[32] and those scoring below 135 were excluded. Written
informed consent, approved by the local ethics committee,
was obtained from all participants.

2.2. Neuropsychological evaluation

Participants received a brief evaluation of cognitive sta-
tus. The battery included the Selective Reminding Test (SRT;
[17]), the Trailmaking test [39], and the Controlled Oral
Word Assocation Test (COWAT; [12]). Overall intellectual
functioning was estimated with the New Adult Reading Test
(NART), North American version [35]. The SRT is a verbal
list learning and memory task in which subjects are given six
trials to learn 12 unrelated words. After each trial, the subject
attempts to recall the list and is then reminded only of the
words that were not recalled. After a 15-min delay, there is
a free recall trial followed by a recognition trial, on which
words that were not recalled are presented in a multiple-
choice array. Measures of total learning, learning on the last
trial, long-term retrieval, long-term storage, consistent long-
term retrieval, delay free recall, and total recognition are
calculated as dependent measures. The Trailmaking test was
used a gross measure of attention and executive functioning,
other cognitive abilities (i.e., scanning, visuomotor tracking,
and motor speed) are required to successfully perform the task
[30]. It has two parts. On Part A, the subject is required to
connect 25 encircled numbers spread quasi-randomly about a
white piece of paper as quickly as possible. On Part B, the sub-
ject is required to connect 25 alternating numbers and letters
as quickly as possible. The dependent variable for each part

is the total time to complete the task. The COWAT is a test of
verbal fluency. The subject is given three 60-s trials to name as
many words as possible, beginning with the letters C, F, and L.
The total number of correct words generated is the dependent
measure.

2.3. Image acquisition and analysis

2.3.1. Image acquisition

T1 weighted spoiled gradient (SPGR) images were acqui-
red witha 1.5 T Philips Intera MRI scanner (TE/TR =3 ms/34
ms; flip angle=45°; FOV =24 cmx 24 cmx 16 cm; resolu-
tion =256 x 256 x 124).

2.3.2. Image post-processing

A neuroradiologist reviewed each subject’s MRI scan
and confirmed that there were no clinically significant find-
ings for any of the subjects. For quantitative investigation,
image processing and analysis was conducted with SPM99
(Wellcome Department of Imaging Neuroscience, London)
running on Matlab 5.3. Images were first spatially normal-
ized to the same stereotactic space (7 x 8 x 7 nonlinear basis
functions), defined by the Montreal Neurological Institute
template. Standard T1 templates of segmented images pro-
vided by SPM were used to partition each subject’s image into
grey matter, white matter, CSF posterior probability images,
following standardized procedures [6]. To generate grey and
white matter posterior probability images, the images were
smoothed with an isotropic Gaussian kernel of 6 mm full-
width half-maximum. For statistical analyses, grey and white
matter masks were created from the segmented images pro-
vided by SPM; these masks set the absolute threshold prob-
ability to 0.5, so that voxels with a probability of being grey
or white matter that was less than this cutoff were excluded
from the analyses.

2.4. Subprofile scaling model

Multivariate analyses were conducted to identify grey and
white matter volume correlates of normal aging. The tech-
nique is based on SSM, which is a covariance method that
has been used in several functional imaging studies on nor-
mal aging and neurological disease (e.g. [25,26,44,48]) and
is described in greater detail in an earlier report [3,33]. SSM
captures the major sources of between- and within-group
variation for both the grey and white matter images and pro-
duces a series of principal components (PC). For the current
study, we sought to identify the optimal number of PCs that
should be included as predictors in a linear regression model,
using group membership (i.e., younger versus older) as the
outcome variable. The best fitting linear combination of these
PCs defined an age-related covariance pattern in brain den-
sity, capturing most of the variance, while simultaneously
yielding the best model fit (explained below). The specific
steps of the analysis are as follows:
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1. The re-aligned, spatially transformed and smoothed
images from both the elderly and younger participants
were simultaneously included in two principal compo-
nents analysis, one for grey matter images and the other
for white matter images. These analyses captured the
major sources of between- and within-groups variation
and produced a series of principal components. Voxels
participating in each PC could have either a positive
or negative loading. Positive loadings represent an age-
related increase in volume or density (older >younger),
whereas negative loadings represent a decrease in volume
or density (older < younger). The loadings were fixed and
the same for all subjects. It was predicted that the net load-
ings would be negative, reflecting greater age-associated
tissue loss.

2. The expression of each PC for each subject was quan-
tified by a subject scaling factor (SSF). A higher SSF
value indicates greater manifestation of the age-associated
PC.

3. To identify a covariance pattern that best discriminates
elderly subjects from younger subjects, each individual’s
expression (SSF) of the specified PCs derived from step 1
was entered into a linear regression model as the predic-
tor variable. Group membership (younger versus older)
was the dependent variable. This regression resulted in
a linear combination of the PCs that best discriminated
between the two groups. The linear combination of the
PCs can be thought of as signifying a “pattern” or “net-
work.” Akaike’s information criterion [16] was used to
determine how many PCs should be included in the regres-
sion equation in order to achieve optimal bias-variance
trade-off. The set of PCs that yielded the lowest value with
Akaike’s information criterion were selected as predictors
in the regression model.

2.5. Univariate analysis

Univariate analyses were conducted using standard pro-
cedures [6]. Briefly, multiple regression analyses, with age
group (i.e., younger versus older) as a covariate, were run
separately for grey and white matter images. Statistical para-
metric maps were created that identified individual voxels in
which older adults had significantly reduced grey or white
matter density than younger adults. The threshold was set at
an uncorrected « =0.001. As they fundamentally change the
nature of inference [1], neither a global signal covariate nor
proportional scaling were used. Further, correction based on
the Jacobian determinant was not applied [21]; thus, the spa-
tially transformed images preserved grey and white matter
density.

2.6. Neuropsychological correlates
Individual subject expressions of grey and white matter

covariance patterns, as measured by their SSF, were cor-
related with performance on each neuropsychological test.

To determine the relationship between the expression of the
patterns and cognitive functioning, a series of Pearson prod-
uct moment correlations was conducted. To examine the
relationship between expression of the covariance patterns
and cognitive functioning independent of age, partial cor-
relations, controlling for age, were conducted between the
expression of the grey and white matter patterns and per-
formance on the neuropsychological tests that evidenced the
greatest aging effect. Similarly, to determine the effect of age
on cognitive functioning independent of the expression of the
grey and white matter patterns, partial correlations, control-
ling for pattern expression, were conducted between age and
cognitive task performance.

3. Results
3.1. Covariance patterns

Grey and white matter patterns that discriminated between
younger and older subjects are displayed in Figs. 1 and 2,
respectively. The optimal number of principal components,
based on the Akaike criteria [16], was 7 for grey matter and
6 for white matter. Talairach coordinates and their corre-
sponding regional labels for grey matter areas involved in
the covariance pattern are displayed in Table 1. Negative fac-
tor loadings, indicating collateral age-associated decreases in
density, were observed throughout the entire brain, in cortical
and subcortical regions. Specific regions included thalamus,
cortical and mesial temporal lobe, cortical and subcortical
frontal lobe, and parietal lobe (see Fig. 1 and Table 1 for
detailed description). As expected, the mean expression of
the pattern was significantly greater in the older subjects
than in the younger subjects, #(1 1 1)=23.952, p <0.001. Fre-
quency distributions and a receiver operating curve (ROC),
displayed in Figs. 3 and 4, respectively, were derived to
determine the cut-point for optimal between-groups dis-
crimination; this analysis demonstrated optimal discrim-
ination between groups with 100% specificity and 97%
sensitivity.

For white matter, the derived covariance pattern involved
negative factor loadings in periventricular regions, including
cingulate, corpus callosum, deep frontal lobe white matter,
and insula (see Fig. 2 and Table 2 for detailed description).
The mean expression of this pattern was significantly greater
in older subjects than in younger subjects, #(1 1 1)=19.027,
p<0.001, as expected. The frequency distribution and ROC,
displayed in Figs. 5 and 6, respectively, indicated an opti-
mal discrimination between groups, with 99% specificity and
93% sensitivity.

When examined separately by age group, the relation-
ship between age and expression of the both covariance
patterns in the young group, was not statistically significant
(both ’s(84)=0.192, p=0.080). In the older subjects, how-
ever, age was significantly associated with both the expres-
sion of the grey matter network, 7(29)=0.511, p=0.005 and
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Table 1
Grey matter areas contributing to the covariance pattern that distinguished between younger and older participants
Tailarach coordinates Hemisphere Region Z-value
X Y z
0 —15 6 Left Thalamus 7.04
—38 -23 7 Left Superior temporal gyrus 6.50
2 =5 9 Right Thalamus 6.48
55 —6 37 Right Precentral gyrus 6.08
—14 -33 0 Left Parahippocampal gyrus 5.65
44 —8 4 Right Insula 5.43
-8 16 —1 Left Caudate 5.06
—55 —10 37 Left Precentral gyrus 5.03
—40 —18 —1 Left Insula 5.01
16 —63 25 Right Precuneus 4.96
-50 11 23 Left Inferior frontal gyrus 4.86
16 10 14 Right Caudate 4.79
46 -38 50 Right Inferior parietal lobe 4.60
2 6 -5 Right Anterior cingulate 4.47
-2 48 22 Left Medial frontal gyrus 4.37
—14 3 —12 Left Sucallosal gyrus 4.35
2 29 30 Right Cingulate gyrus 4.28
-8 —65 20 Left Precuneus 4.13
53 —66 2 Right Inferior temporal gyrus 3.97
-2 -29 44 Left Paracentral lobule 3.97
50 11 23 Right Inferior frontal gyrus 3.95
12 —72 -5 Right Lingual gyrus 3.81
51 23 25 Right Middle frontal gyrus 3.80
—10 =27 44 Left Cingulate gyrus 3.71
—-57 —23 42 Left Postcentral gyrus 3.71
—-50 -29 44 Left Inferior parietal lobe 3.71
—-38 —1 48 Left Middle frontal gyrus 3.67
—65 —24 —4 Left Middle temporal gyrus 3.62
65 —46 12 Right Superior temporal gyrus 3.51
—24 33 43 Left Superior frontal gyrus 3.47
8 —-19 43 Right Paracentral lobule 3.45
6 2 42 Right Cingulate gyrus 3.42
57 —-19 41 Right Postcentral gyrus 341
51 —-23 49 Right Postcentral gyrus 3.40
12 -79 11 Right Cuneus 3.37
—14 —86 —13 Left Lingual gyrus 3.29
16 3 —12 Right Subcallosal gyrus 3.27
28 -1 52 Right Frontal sub-gyral 3.22
14 -56 8 Right Posterior cingulate 3.18
28 26 48 Right Superior frontal gyrus 3.16
50 -50 -23 Right Fusiform gyrus 3.15
—16 —66 11 Left Posterior cingulate 3.10

Areas are listed reflect negative loadings (i.e., less density in the older group than in the younger group), by degree to which they reliably covary. Z-values

represent relative magnitude of pattern expression.

with expression of the white matter network, #(29) =0.454,
p=0.013.

3.2. Voxel-wise SPM analysis (univariate)

Results from the univariate SPM analyses revealed grey
and white matter differences between younger and older par-
ticipants. Grey matter reduction (see Fig. 7) was widespread
in both anterior and posterior cortical and subcortical regions.
White matter volume reduction was most pronounced along
the surface of the corpus callosum, as well as in mesan-
cephalic and mesial temporal lobe areas (see Fig. 8). In

general, the multivariate and univariate approaches yielded
similar regional patterns of age-related differences.

3.3. Neuropsychological test performance

As can be seen in Table 3, the younger group performed
significantly better than the older group on all measures of the
SRT, with the exception of the recognition memory index, and
the Trailmaking test Parts A and B. Estimated IQ did not sig-
nificantly differ between the two groups. Performance on the
neuropsychological tasks that differed between younger and
older participants was also significantly correlated with age,



A.M. Brickman et al. / Neurobiology of Aging 28 (2007) 284-295 289
Table 2
White matter areas contributing to the covariance pattern that distinguished between younger and older participants
Tailarach coordinates Hemisphere Region Z-value
X Y VA
—12 -2 28 Left Cingulate gyrus 6.94
34 —40 11 Right Subgyral (temporal lobe) 6.72
14 4 5 Right Lentiform nucleus 5.17
10 —6 —6 Right Extra-nuclear 4.04
—26 =31 2 Left Extra-nuclear 3.68
-30 —-19 14 Left Insula 3.67
32 -9 15 Right Insula 3.64
26 -29 0 Right Extra-nuclear 3.62
-8 -8 —6 Left Extra-nuclear 3.60
0 —34 20 Interhemispheric Corpus callosum 3.56
8 —-12 —4 Right Subthalamic nucleus 3.42

Areas are listed reflect negative loadings (i.e., less density in the older group than in the younger group), by degree to which they reliably covary. Z-values
represent relative magnitude of pattern expression.

Table 3

Neuropsychological test performance differences between age groups

Subtest Young mean (S.D.) Older mean (S.D.) F (d.f) P

SRT total 61.42 (13.49) 45.32 (12.55) 26.06 (1, 83) <0.001
SRT LTR 58.59 (14.47) 35.56 (14.62) 44.25 (1, 83) <0.001
SRT LTS total 60.19 (13.95) 38.56 (15.16) 40.07 (1, 83) <0.001
SRT CLTR total 53.14 (16.37) 27.38 (15.53) 43.47 (1, 82) <0.001
SRT last trial 11.27 (2.44) 8.84 (2.61) 16.72 (1, 83) <0.001
SRT delay free 10.07 (2.62) 7.57 (2.89) 14.18 (1, 80) <0.001
SRT recog. 11.29 (2.73) 11.35 (2.72) 0.007 (1, 80) 0.935
NART IQ 119.82 (5.63) 116.95 (8.74) 3.12 (1, 80) 0.081
COWAT 49.00 (12.98) 44,12 (11.46) 1.74 (1, 43) 0.195
Trails A 26.71 (11.64) 41.21 (17.56) 15.75 (1, 67) <0.001
Trails B 52.22 (22.14) 92.11 (31.05) 35.15(1, 67) <0.001

as expected (#’s range from 0.417 to 0.640, all p’s <0.001).
The expression of both grey and white matter covariance
patterns was significantly correlated with the learning and
free recall measures of the SRT and the Trailmaking test
Parts A and B, such that greater expression of the covari-
ance patterns was associated with poorer performance on the
neuropsychological tests. The significant correlation coeffi-
cients, displayed in Table 4, were of medium to large effect
size. Correlation coefficients were of similar magnitude for
grey and white matter (all p’s>0.05 with Fisher’s Z-test).
As significant associations between age, expression of
grey and white covariance patterns, and performance on neu-
ropsychological tests were of relatively large magnitude, a
more detailed examination of the interrelationship among
these variables was conducted. For these analyses, SRT CLTR
and Trailmaking test Part B were chosen, as they demon-
strated the greatest aging effects, greatest relation to expres-
sion of the covariance patterns, and represented two distinct
neuropsychological constructs. When the influence of age
was removed from scores on the two neuropsychological
tests by partialling them out, and correlated with grey covari-
ance pattern expression, the associations with scores on the
SRT CLTR remained significant, #(80) = —0.238, p=0.031,

though the relationship with Trailmaking test Part B did not
r(65)=0.068, p=0.585. Similarly, the association between
expression of the white matter covariance pattern and SRT
CLTR remained significant, 7(80) = —0.238, p=0.031, but its
relationship with performance on the Trailmaking test Part
B did not, #(65)=—0.179, p=0.148. When the influence of

Table 4
Correlation coefficients for the relationship between the expression of grey
and white matter covariance patterns and performance on neuropsycholog-

ical tests
Subtest White matter Grey matter
R 14 R P

SRT total —0.485 <0.001 —0.530 <0.001
SRT LTR —0.579 <0.001 —0.617 <0.001
SRT LTS total —0.559 <0.001 —0.603 <0.001
SRT CLTR total —0.571 <0.001 —0.618 <0.001
SRT last trial —0.403 <0.001 —0.464 <0.001
SRT delay free —0.390 <0.001 —0.410 <0.001
SRT recog. —0.087 0.439 —0.041 0.717
NART IQ —0.149 0.186 —0.119 0.291
COWAT —0.216 0.159 —0.245 0.109
Trails A 0.437 <0.001 0.418 <0.001
Trails B 0.619 <0.001 0.577 <0.001
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Fig. 1. Axial and sagittal view of grey matter regions implicated in the
multivariate covariance SSM analysis. Negative factor loadings, indicating
collateral age-associated decreases in density, are displayed in “hot” colors.

the expressions of the grey and white covariance patterns on
neuropsychological test performance was removed, associa-
tions between age and performance on the SRT CLTR and
Trailmaking test Part B remained statistically significant (all
r’s>0.450, all p’s<0.001).

4. Discussion

In the current study, grey and white matter density was
compared between younger and older neurologically healthy
participants with a standard univariate VBM approach [6] and
a multivariate SSM approach [33,34]. Consistent with previ-
ous studies of normal age-related changes in neuromorphol-
ogy, we found age-associated reductions of both tissue types
using both analytic techniques. Furthermore, the expression
of the identified covariance pattern in each participant was

Fig. 2. Axial and sagittal view of white matter regions implicated in the
multivariate covariance SSM analysis. Negative factor loadings, indicating
collateral age-associated decreases in density, are displayed in “hot” colors.
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expressed the age-associated grey matter topography.
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Fig. 6. Specificity and sensitivity plot of the individual expression of white
matter topography.

significantly related to age, as expected, and to performance
on neuropsychological tests of declarative memory, atten-
tion, and executive functioning. When controlling for the
influence of age, the relationships between the expressions
of the covariance patterns and performance on a measure of
declarative memory remained statistically significant, though
the relationships with performance on a test of executive
functioning was reduced to non-significance. When control-
ling for the expression of grey and white matter covariance
patterns, the relationships between age and performance on
the neuropsychological tests were reduced, though still sta-
tistically significant. These findings suggest that the SSM
analysis captured age-associated morphologic changes that
partially underlie age-related decline in neuropsychological
functioning. Furthermore, they suggest that, independent of
age, expression of the identified grey and white matter pat-
terns is related to declarative memory function.

The SSM technique employed in the current study identi-
fied interrelated brain regions that best distinguished between
young and older groups with greater than 90% specificity and
sensitivity. An advantage of SSM is that it provides a sin-
gle numeric representation of the expression of the patterns
for each individual subject. This parsimonious representation
may reflect systematic or uniform morphological changes
associated with normal aging. Further, the expression of the
grey and white matter patterns was significantly associated
with age in the older, but not the younger group, indicating
that the relationship between age and morphology is not lin-
ear.

The univariate and multivariate approaches identified sim-
ilar regions that differentiated between younger and older
individuals. In terms of the regional distribution, grey mat-
ter density differences between the two age groups were
widespread and included areas of both cortex and subcortex.
Other VBM studies that have examined age-related tissue
change have reported similar findings. For example, Resnick
et al. [41] found multiple regions of grey matter decline
in a longitudinal analysis of elderly neurologically healthy
adults. Our findings are also consistent with the largest cross-
sectional VBM aging study to date, which found an age-
related linear decline in global grey matter volume [21].

The distribution of white matter effects included most
of the corpus callosum, deep white matter regions in the
frontal and temporal lobe, and some regions in the mid-
brain. Reports of age-associated changes in white matter
have been less consistent. Some studies [8,10,24,40,41],
including our own [14], suggest that white matter, partic-
ularly in anterior regions, is particularly vulnerable to the
effects of normal aging, whereas others have reported rel-
atively little white matter change across the adult lifespan
[21,37]. Discrepancies among studies could be due, in part,
to methodological differences in spatial normalization pro-
tocols, sample size differences, tissue segmentation, and the
quantification of volume or density. The validity and consis-
tency of tissue segmentation protocols, particularly in older
subjects, has not been evaluated well and spatial normaliza-
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Fig. 7. Statistical parametric maps (SPM) of the standard univariate voxel-based morphometry (VBM) analysis comparing grey matter density between the
younger and older groups. The top figure is a “glass brain”, which indicates all regions in which older participants had significantly less grey matter density
than younger participants, using a grey scale (the voxel with the maximum effect is indicated with the red pointer). The bottom figure shows the same effect
superimposed on a standardized brain template. Areas evidencing less grey matter density in older participants compared to younger are indicated with “hot”
colors. The color bar represents z-values; higher values indicate greater effect sizes.

tion approaches have come under scrutiny for potentially
containing systematic biases [13] (cf. [7]). If, for exam-
ple, there is poorer differentiation between grey and white
matter in older subjects, some segmentation protocols may
overclassify grey matter and underclassify white matter; this
potential error could lead to results suggesting greater white
matter than grey matter volume loss with age. Similarly, auto-
mated or semi-automated approaches to image analysis may
yield complementary, but slightly dissimilar results [19,22] as
more traditional region-of-interest volumetry methods, par-
ticularly with smaller anatomical structures [51]. Finally,

there is recent evidence that age-related changes in white
matter volume may not be linear [4,55]. Unfortunately, the
two-group design of the current study prevented the ability
to test for polynomial effects. Thus, although results from
the current study suggest that there is both grey and white
matter loss with age, they do not speak to the linearity of the
effects across the entire adult lifespan. Future studies exam-
ining covariance patterns associated with aging should do so
in samples that continuously cover the adult lifespan.
Because it captures a pattern of morphological change
with a single measurement, the SSM approach used in the
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Fig. 8. SPM of the VBM analysis comparing white matter density between the younger and older groups. The top figure is a “glass brain”, which indicates all
regions in which older participants had significantly less white matter density than younger participants, using a grey scale (the voxel with the maximum effect
is indicated with the red pointer). The bottom figure shows the same effect superimposed on a standardized brain template. Areas evidencing less white matter
density in older participants compared to younger are indicated with “hot” colors. The color bar represents #-values; higher values indicate greater effect sizes.

current study is particularly amenable to the examination
of behavioral correlates of age-related structural change.
Correlating the degree to which each subject expressed
the age-associated topography with performance on tests
of neuropsychological functioning partially identified the
neuropsychological consequences of age-related structural
changes. The correlational analyses suggested that the iden-
tified age-related structural networks partially mediated
the neuropsychological performance differences between
younger and older participants. Other studies have demon-
strated significant relationships between the volume of brain
regions and performance on neuropsychological tests in older
adults [23,31,38]. For example, Raz et al. [38] found that

a decrease in prefrontal cortex mediated age-related cog-
nitive deficits on a test of executive function, while vol-
ume of visual processing areas was associated with per-
formance on tasks of working memory. Examination of
subcortical regions has demonstrated associations between
reduced thalamic volumes and age-related impairments on
tests of cognitive speed [53] and between reduced hippocam-
pal volume and impaired memory performance in the elderly
[20,27]. The current study sought to determine if the gen-
eral pattern of age-associated structural brain changes is
associated with cognitive changes typically seen in nor-
mal aging, as opposed to previous efforts that attempted to
identify the specific regions underlying cognitive changes
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with age (e.g. [53]). Thus, direct comparison of the results
from the current study to those of past studies that have
used a region-of-interest approach or examined a limited
number of cerebral regions is difficult. Nonetheless, in the
context of past studies that have examined the interrelation-
ship among aging, cognition, and morphology, the current
study lends support to the idea that age-related loss of both
grey and white matter volume is involved with age-related
cognitive change. It should be noted that only a limited bat-
tery of tests was used in the current study and thus results
might not generalize to other domains of neuropsychological
function.

A limitation of the current study was the inclusion of a
relatively high intellectually functioning cohort, which may
not have been representative of the population. Intellectual
functioning may modulate the relationship between struc-
tural brain changes and the cognitive manifestation of those
changes, as suggested by the theory of cognitive reserve
[46,47]. However, it was difficult to test this idea in the current
study, as the average IQ of the included subjects was quite
high and the distribution was constricted. Future research
will test the potential moderating role of cognitive reserve
explicitly by including a greater number of subjects across a
wider range of intellectual functioning. Further, while cog-
nitive reserve may moderate the relationship between brain
changes and behavior, other factors may impact the relation-
ship between age and structural variability. Future studies will
also seek to determine potential mediating factors of this rela-
tionship, which may include historical measures of chronic
perfusion secondary to physical activity.

Another potential limitation of the current study is the
semi-automatic methodology employed. Both approaches to
data analysis required automatic tissue segmentation and
spatial normalization of the images to common stereotactic
coordinates. Though these methodological features have been
applied in several neuroimaging studies, only recently have
these techniques been explicitly compared to more traditional
region-of-interest volumetry approaches [51]. Voxel-based
approaches appear to capture similar information as these
other approaches [19]. They may also be more sensitive to
group differences because data from individual voxels are
considered for analysis, though results may be less accurate
for regions with higher degrees of anatomical variability (for
discussion, see [51]).

The current study strongly suggests that multivariate
covariance techniques, such as SSM, have utility for the anal-
ysis of structural MRI data. In addition to yielding similar
results as standard univariate analyses, SSM conveniently
captures patterns of differences between groups and sum-
marizes the degree to which individual subjects express the
anatomical topography. This feature, in particular, allows for
the investigation of behavioral correlates of neuromorphol-
ogy with a high degree of statistical power. Indeed, in the
current study, SSM identified grey and white matter topogra-
phies that distinguished older and younger neurologically
healthy adults, and demonstrated the expression of these

topographies was strongly related to age-related changes in
neuropsychological functioning.
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