
A Forward Application of Age Associated Gray
and White Matter Networks

Adam M. Brickman,* Christian Habeck, Marco A. Ramos,
Nikolaos Scarmeas, and Yaakov Stern

Cognitive Neuroscience Division, Taub Institute for Research on Alzheimer’s Disease and the Aging
Brain, College of Physicians and Surgeons, Columbia University, New York, New York

Abstract: To capture patterns of normal age-associated atrophy, we previously used a multivariate statistical
approach applied to voxel basedmorphometry that identified age-associated gray andwhitematter covariance
networks (Brickman et al. [2007]: Neurobiol Aging 28:284–295). The current study sought to examine the stabil-
ity of these patterns by forward applying the identified networks to an independent sample of neurologically
healthy younger and older adults. Forty-two younger and 35 older adults were imaged with standard high-re-
solution structural magnetic resonance imaging. Individual images were spatially normalized and segmented
into gray and white matter. Covariance patterns that were previously identified with scaled subprofile model
analyseswere prospectively applied to the current sample to identify towhat degree the age-associated patterns
weremanifested. Older individualswere also assessedwith amodified version of theMiniMental State Exami-
nation (mMMSE). Graymatter covariance pattern expression discriminated between younger and older partici-
pants with high optimal sensitivity (100%) and specificity (90.5%). While the two groups differed in the degree
ofwhitematter pattern expression (t (75)5 5.26, P< 0.001), classification based onwhitematter expressionwas
relatively low (sensitivity5 80% and specificity5 61.9%). Among older adults, chronological age was signifi-
cantly associatedwith increased graymatter pattern expression (r (32)5 0.591, P< 0.001) but notwith perform-
ance on the mMMSE (r (31) 5 20.314, P 5 0.085). However, gray matter pattern expression was significantly
associated with performance on the mMMSE (r (31)520.405, P5 0.024). The findings suggest that the previ-
ously derived age-associated covariance pattern for gray matter is reliable andmay provide information that is
more functionallymeaningful than chronological age.HumBrainMapp 29:1139–1146, 2008. VVC 2007Wiley-Liss, Inc.
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INTRODUCTION

Magnetic resonance imaging (MRI) affords the remark-
able capability of visualizing and quantifying age-associ-
ated changes in brain morphology. Using a variety of ac-
quisition and analytic approaches, past research has dem-
onstrated dramatic age-associated changes in gray matter
volume [Allen et al., 2005; Bartzokis et al., 2001; Good
et al., 2001; Jernigan et al., 2001; Raz et al., 2005; Zimmer-
man et al., 2006], white matter volume [Bartzokis et al.,
2003; Brickman et al., 2006; Guttmann et al., 1998; Resnick
et al., 2000] and the integrity or orientation of white matter
fiber tracts [Sullivan and Pfefferbaum, 2006]. Consistently,
these efforts implicate anterior regions as the most vulner-
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able to the effects of normal aging, often showing rela-
tively greater age-associated changes in frontal lobes than
in more posterior regions.
Voxel based morphometry (VBM) and manual region-of-

interest (ROI) techniques are among the most common
approaches for the analysis of structural MRI data. In the
former, comparisons between or within groups are made
on a voxel-by-voxel basis to identify regions of volumetric,
or density, difference or clinical correlates of individual
differences in regional volumetry. In the latter, ROIs are
chosen based on a priori hypotheses of group differences
or clinical correlates and manually traced to derive vol-
umes for statistical analyses. Despite their ability to iden-
tify regions that decline with age, these approaches are, by
definition, univariate and do not explicitly test the interre-
lationship among brain regions. They therefore increase
the risk of not capturing age-associated differences that
may be subtle and spatially complex [Davatzikos, 2004].
Using a multivariate statistical approach applied to

VBM, we recently identified networks of gray and white
matter density that reliably distinguished between healthy
younger and older adults [Brickman et al., 2007]. The
approach, based on the Scaled Subprofile Model (SSM)
[Moeller et al., 1987], identified covariance patterns com-
prising regionally distributed gray or white matter voxels
that differed between younger and older adults. Negative
loadings, indicating collateral age-related diminution in
voxel density, existed in anterior brain areas, but also
throughout the brain in both cortical and subcortical
regions. The degree to which each covariance pattern was
expressed, quantified by a subject scaling factor (SSF), dis-
criminated between the two groups (i.e., younger and
older) with 100% specificity and 97% sensitivity for gray
matter and 99% specificity and 93% sensitivity for white
matter at an optimum cut-point. Furthermore, when exam-
ining the neurocognitive correlates of pattern expression,
SSFs were significantly associated with performance on
tasks of memory and executive function, even when chro-
nological age was statistically controlled.
A similar multivariate approach to understanding age-

associated differences in gray matter was recently reported
by Alexander et al. [2006]. Also using SSM, the authors iden-
tified a distributed pattern of age-related gray matter atrophy
that was regionally similar to the one identified in our study
and included frontal, temporal, thalamic, and cerebellar
regions. The consistency between the two provides prelimi-
nary evidence that the multivariate SSM approach for the
identification of age-associated atrophy is indeed reliable.
However, differences between the studies somewhat limit
direct comparison. First, Alexander et al. considered chrono-
logical age as a continuous variable, whereas we grouped
age dichotomously. Second, the association between expres-
sion of gray matter patterns and performance on neuropsy-
chological tests was only considered in our study. Finally,
Alexander et al. examined gray matter effects, but not white
matter effects. This last point is particularly salient, as there
are conflicting reports of the existence, distribution, and

degree of white matter macrostructure differences across the
adult lifespan, with some studies indicating age-associated
white matter atrophy [Bartzokis et al., 2003; Guttmann et al.,
1998] that are functionally relevant [Brickman et al., 2006]
and others suggesting minimal white matter change [Sullivan
et al., 2004].
The purpose of the current study was to examine the

stability and reliability of the previously defined age-
related gray and white matter covariance patterns
[Brickman et al., 2007] in an independent sample of
younger and older neurologically healthy adults. We fur-
ther sought to determine the predictive utility of the
expression of these patterns for cognitive functioning
among older adults.

MATERIALS AND METHODS

Subjects

Data for the current study came from ongoing neuroi-
maging studies in our laboratory. There were 42 younger
(mean 1 SD age 5 23.38 1 2.24, range 19–28) and 35 older
(mean 1 SD age 5 72.59 1 7.01, range 59–86) neurologi-
cally healthy adult participants. The two groups were simi-
lar in sex distribution (v2 (1) 5 0.175, P 5 0.676); there
were 22 women (52.4%) in the younger group and 20
women (57.1%) in the older group. Participants were
screened with medical, neurological, psychiatric, and neu-
ropsychological evaluations and excluded if there was evi-
dence of medical or cognitive dysfunction, as previously
described [Brickman et al., 2007]. All potential participants
in the older age group were evaluated for dementia with
the Mattis Dementia Rating Scale [Mattis, 1988] and
excluded if scored below 135. Written informed consent,
approved by the local ethics committee, was obtained
from all participants.
Among the older participants, global cognitive ability

was evaluated with a modified version of the Folstein
Mini Mental State Examination [Folstein et al., 1975]. The
modified Mini-Mental State Examination (mMMSE) [Stern
et al., 1987] is a 57 item scale that comprises tasks of atten-
tion/calculation, general knowledge, language, and con-
struction, grouped in five cognitive domains: orientation,
short-term memory, long-term memory, language, and
visuoconstruction (see [Mayeux et al., 1983; Sarazin et al.,
2005; Stavitsky et al., 2006] for greater detail). In the cur-
rent study, the primary dependent measure of the
mMMSE was the total score, although domain scores were
calculated for exploratory analyses following earlier
reports from our laboratory [Mayeux et al., 1983; Sarazin
et al., 2005].

Image Acquisition and Analysis

T1 weighted spoiled gradient (SPGR) images were
acquired with a 1.5 T MR scanner (TE/TR 5 5 ms/34 ms;

r Brickman et al. r

r 1140 r



flip angle 5 458; in-plane resolution of 0.859 mm 3 0.859
mm; 256 3 256 matrix; 22 cm2 field of view).
MR images were reviewed by a radiologist, who con-

firmed that there were no clinically significant findings for
any subject. The stages of initial image processing followed
the ‘‘optimized’’ voxel based morphometry (VBM) protocol
[Good et al., 2001]. Postprocessing and analysis was con-
ducted with SPM99 (Wellcome Department of Imaging
Neuroscience, London) and in-house developed software
running on Matlab 5.3. Images were normalized to stand-
ardized stereotactic space, defined by the Montreal Neuro-
logical Institute template, with 7 3 8 3 7 nonlinear basis
functions. Images were segmented into gray, white, and
CSF posterior probability images with standardized T1
templates of segmented images provided by SPM. The
spatially normalized and segmented gray and white matter
images were modulated by the Jacobian determinant to
correct for volumetric changes secondary to nonlinear spa-
tial normalization [Good et al., 2001]. The images were
smoothed with an isotropic Gaussian kernel of 6 mm full-
width at half-maximum.

Subprofile Scaling Model

Age group-associated covariance gray and white matter
patterns were defined in an independent sample of 84
younger and 29 older adults and described in detail in a
previous report [Brickman et al., 2007]. Briefly, the subpro-
file scaling model (SSM) was applied on a voxel basis to
spatially normalized gray and white matter images, pro-
ducing a series of principal components (PCs). Positive
loadings reflected voxels with concomitant relative
increases in density and negative loadings reflected voxels
with concomitant relative decreases in density. Next, the
degree to which each PC was expressed by each individ-
ual was quantified by a subject scaling factor (SSF); higher
SSF values indicated greater concomitant increases (i.e., for
voxels with positive loadings) or decreases (i.e., for voxels
with negative loadings) in voxel density. To identify covar-
iance patterns that best discriminated the two subject
groups, or captured patterns of age-associated atrophy,
individuals’ SSFs were entered into a linear regression
model as predictor variables, with age group (younger vs.
older) as the outcome variable. The regression analysis
tested linear combinations of the PCs that best discrimi-
nated between the two groups, using Akaike’s information
criterion [Burnham and Anderson, 2002] to determine how
many PCs should be included. The set of PCs that yielded
the model with the lowest value of Akaike’s information
criterion was selected.
The optimal sets of identified PCs for gray and white

matter were 1:7 and 1:6, respectively. The associated ‘‘pat-
terns’’ or ‘‘networks,’’ which refers to voxels with negative
loadings implicated in these linearly combined PCs,
included wide-spread areas of cortex and subcortex. For
gray matter, these regions included thalamus, cortical and

mesial temporal lobe, cortical and subcortical frontal lobe,
and parietal lobe. For white matter, areas included the cin-
gulate, corpus callosum, deep frontal lobe white matter,
and insula. We plotted the degree to which the patterns
were expressed by each individual subject using receiver
operating curves (ROC) to derive optimal cut points for
between-group discrimination. Optimal discrimination for
gray and white matter patterns yielded 100% specificity
and 97% sensitivity and 99% specificity and 93% sensitiv-
ity, respectively.
The gray and white matter patterns derived in our pre-

vious study were applied prospectively to the magnetic
resonance imaging (MRI) data from the current sample.
Importantly, no data from participants in the current study
were included in the derivation of the age-associated pat-
terns from our previous study. The forward application
operation is mathematically represented by a ‘‘dot’’ prod-
uct. That is, each gray and white matter voxel value in
each participant’s segmented image was multiplied by the
corresponding voxel weight in the covariance pattern
derived in the initial sample and then summed over the
entire brain. The resulting single number (i.e., SSF) reflects
the degree to which the covariance pattern was manifest
in each participant’s brain image.
In the current study, we examined how well the for-

ward applied gray and white matter patterns distin-
guished between the younger and older groups. We plot-
ted ROC curves and examined sensitivity and specificity
for classification of age group from the forward applied
covariance patterns. Sensitivity/specificity cut-points
were also determined for the forward applied patterns.
We further sought to determine the predictive utility of
the expression of these patterns for cognitive functioning
among older adults by examining the relationship
between gray and white matter SSFs and performance on
the mMMSE.

RESULTS

The mean expressions of the forward applied gray and
white matter patterns were significantly greater in older
adults than in younger adults (t (75) 5 13.95, P < 0.001
and t (75) 5 5.26, P < 0.001, respectively), indicating
greater manifestation of the age-associated pattern among
older adults in the current sample. Receiver operating
curves, displayed in Figures 1 and 2, showed good classifi-
cation for gray matter (area under curve 5 0.995, SE 5
0.005, P < 0.001, null true area 5 0.5). Group classification
based on the forward applied white matter was more
moderate (area under curve 5 0.803, SE 5 0.049, P <
0.001, null true area 5 0.5). The distribution of sensitivity
and 1-specificity at various cut-points is illustrated in Ta-
ble I. Examination of this distribution suggests that classifi-
cation based on the forward applied gray matter pattern
yielded an optimal sensitivity of 100% and specificity of
90.5% and an optimal sensitivity of 80%and specificity of
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61.9% for white matter. Distributions of forward applied
pattern expression are displayed in Figures 3 and 4.
Within the older adult group, the association between

chronological age and expression of the forward applied
patterns was significant for gray matter (r (32) 5 0.591, P
< 0.001), but not for white matter (r (32) 5 0.148, P 5
0.419). Although within the older adult group, chronologi-
cal age was not significantly associated with performance
on the mMMSE (r (31) 5 20.314, P 5 0.085), the expres-
sion of the forward applied gray matter pattern was signif-
icantly associated with performance on the mMMSE (r (31)
5 20.405, P 5 0.024), as displayed in Figure 5. The magni-
tude of the correlations between gray matter pattern
expression and mMMSE and between chronological age
and mMMSE did not significantly differ from each other
with Fisher’s Test (P 5 0.66). When associations among
chronological age, gray matter pattern expression, and
subsections of the mMMSE were explored, gray matter
pattern expression was selectively and robustly associated
with scores on the long term memory subsection (r (31) 5
20.503, P 5 0.005), whereas chronological age was not
(r (31) 5 20.256, P 5 0.172. Poorer performance on the
visuoconstruction items appeared to be selectively associ-
ated with increased chronological age (r (31) 5 20.513,
P 5 0.004) and not with gray matter pattern expression
(r (31) 5 20.254, P 5 0.176). Table II displays correlation
coefficients among chronological age, pattern expression,
and performance on subsections of the mMMSE. White
matter pattern expression was not significantly correlated
with total mMMSE task performance (r (31) 5 0.126, P 5
0.501).

DISCUSSION

The current study sought to determine the stability of
previously derived age-associated gray and white matter
voxel-based patterns [Brickman et al., 2007] in discriminat-
ing between a sample of younger and older neurologically
healthy adults. As predicted, the age-associated patterns of
gray and white matter atrophy were expressed to a signifi-
cantly higher degree among the older participants in the
current independent sample, indicating a greater manifes-
tation of the patterns among the older adults. When we
examined the degree to which the patterns could be used
to discriminate between the two age groups, gray matter
yielded an optimal cut point with high sensitivity and
specificity. Although the forward applied expression of
white matter patterns also significantly differed between
the age groups, greater variability among older adults led
to relatively low discriminability. Finally, among older
adults, chronological age was associated with increased
expression of the gray matter pattern, but was not associ-
ated with expression of the white matter pattern or with
cognitive test performance. Taken together, the results sug-
gest that the identified gray matter pattern is a reliable
estimate of regional age-associated gray matter loss that
may be more biologically relevant than chronological age
itself.
Multivariate approaches to the analysis of structural

MRI data may have several advantages over univariate
approaches. The multivariate approach employed in the
current study, SSM, captures a pattern of interrelated
regions in a single numeric expression. This representation

Figure 2.

Receiver operating curve demonstrating the classification of par-

ticipants according to the forward application of white matter

covariance patterns.

Figure 1.

Receiver operating curve demonstrating the classification of par-

ticipants according to the forward application of gray matter co-

variance patterns.

r Brickman et al. r

r 1142 r



may reflect uniform or widespread atrophic changes that
occur with normal aging. Unlike univariate approaches,
which treat each voxel or region as a spatially independent
unit, SSM explicitly examines the interrelationship among
these units and allows for better inference of the intercon-
nectivity among brain regions. This approach also allows
for relatively easy examination of clinical or demographic
correlates of the covariance network and for the forward
application of the identified pattern, such as in the current
project. Prospective application of regionally distributed
findings would not be possible with univariate
approaches, which would require the derivation of group

differences de novo. The identification and forward appli-
cation of identified covariance patterns with PCs
approaches has been successfully implemented in a num-
ber of functional neuroimaging studies (e.g., [Devanand
et al., 2006; Eidelberg et al., 1991, 1997; Moeller and Eidel-
berg, 1997]).
The current study demonstrates the stability of the origi-

nally defined gray matter pattern in distinguishing
between younger and older adults. A logical future direc-
tion would be to forward apply the identified age-associ-
ated gray matter pattern to a clinical population, such as
Alzheimer’s disease (AD), to understand the extent to

Figure 3.

Distribution of the degree to which younger and older partici-

pants expressed the forward applied age-associated gray matter

topography.

Figure 4.

Distribution of the degree to which younger and older partici-

pants expressed the forward applied age-associated white matter

topography.

TABLE I. Sensitivity and specificity for classification as young or older as a function of various cut-offs of gray and

white matter pattern expression

Gray matter
pattern expression

cut-off Sensitivity 1-Specificity

White matter
pattern expression

cut-off Sensitivity 1-Specificity

231.627 1.000 0.929 12.764 1.000 0.929
229.522 1.000 0.810 13.366 0.971 0.833
228.184 1.000 0.690 13.888 0.971 0.714
227.025 1.000 0.571 14.154 0.943 0.619
226.461 1.000 0.452 14.630 0.886 0.548
224.795 1.000 0.333 15.047 0.829 0.476
223.452 1.000 0.214 15.440 0.800 0.381
222.707 1.000 0.095 15.633 0.743 0.310
220.983 0.943 0.000 15.887 0.714 0.214
219.194 0.829 0.000 16.371 0.600 0.190
217.876 0.686 0.000 16.755 0.514 0.143
215.721 0.543 0.000 17.787 0.457 0.071
214.915 0.400 0.000 18.097 0.371 0.048
212.846 0.257 0.000 19.467 0.286 0.000
211.108 0.114 0.000 22.236 0.143 0.000
28.153 0.000 0.000 28.166 0.00 0.000
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which pathological changes overlap with normal age-asso-
ciated changes. This type of analysis could potentially
identify pathological changes in AD that are independent,
or uniquely different, from the changes seen with normal
aging by identifying disease-associated covariance patterns
and comparing them to the normal age-related networks.
A similar approach has been successfully applied to the
identification of metabolic topographies in clinical popula-
tions [Moeller and Eidelberg, 1997].
The finding that among the older group the degree of

gray matter expression was significantly associated with
cognitive function is consistent with our previous report
that demonstrated a significant association between the
same network pattern expression and performance on a
more detailed neuropsychological battery [Brickman et al.,
2007]. It also provides some face validation of the func-
tional significance of the covariance pattern. In fact, the
correlation between gray matter pattern expression and
performance on the mMMSE was stronger than the associ-
ation between chronological age and mMMSE perform-
ance, suggesting that the covariance approach is capturing

an aspect of aging that is more biologically meaningful
than chronological age. Although the magnitudes of the
two coefficients did not significantly differ, the findings
suggest that the association between gray matter pattern
expression and cognition is more reliable than the associa-
tion between chronological age and cognition. Post hoc
analyses with subsections of the mMMSE suggested that
gray matter pattern expression may be most tightly linked
with age-associated changes in long-term memory, a find-
ing that is also consistent with our earlier report [Brickman
et al., 2007]. That the degree to which the forward applied
gray matter pattern was expressed was also significantly
associated with chronological age provides further face
validation for the approach.
Although in our previous report we were able to iden-

tify a covariance pattern of white matter that discriminated
older from younger adults [Brickman et al., 2007], the for-
ward applied pattern of white matter did not reliably do
so in the current study. Age-associated decline in white
matter macrostructure has been reported by some investi-
gators [Bartzokis et al., 2003; Guttmann et al., 1998], but
not by others [Sullivan et al., 2004]. The findings from the
current study suggest that if gross white matter volumetric
changes do occur with normal aging, they are somewhat
variable. Indeed, the distribution of white matter pattern
expression appeared more variable in the older group than
the younger group (see Fig. 4). Age-associated white mat-
ter changes may be best appreciated with MR sequences
best suited to detect microstructural abnormalities, such as
fractional anisotropy, measured with diffusion tensor
imaging (e.g., [Sullivan and Pfefferbaum, 2006]), or white
matter hyperintensities, measured with T2- or FLAIR-
weighted sequences (e.g., [de Leeuw et al., 2001]). Our
identified gray matter pattern contained anatomical
regions that were distributed similarly as the one reported
by Alexander et al. [2006]; however, those authors did not
explicitly examine age-associated white matter patterns.
Thus, further studies are necessary to identify a more sta-
ble white matter covariance pattern. Age-associated white
matter changes and their clinical impact also may be best
appreciated with imaging sequences that measure micro-
structure.
The current study did not seek to compare explicitly the

SSM approach with other multivariate techniques that

TABLE II. Correlation coefficients and P-values for associations among chronological age, gray and white matter

pattern expression, and subtests of the mMMSE

Chronological age Gray matter White matter

Chronological age r 5 0.591, P < 0.001 r 5 0.148, P 5 0.419
Total mMMSE r 5 20.314, P 5 0.085 r 5 20.405, P 5 0.024 r 5 0.126, P 5 0.501
Short term memory r 5 20.188, P 5 0.329 r 5 20.085, P 5 0.663 r 5 0.103, P 5 0.595
Long term memory r 5 20.294, P 5 0.122 r 5 20.532, P 5 0.003 r 5 20.004, P 5 0.984
Language r 5 20.008, P 5 0.966 r 5 20.232, P 5 0.227 r 5 0.226, P 5 0.237
Visuoconstruction r 5 20.525, P 5 0.003 r 5 20.281, P 5 0.140 r 5 20.007, P 5 0.971

Note that these data are for older adults only (n 5 35).

Figure 5.

Association between the expression of the forward applied gray

matter pattern and performance on the mMMSE among the

older participants.

r Brickman et al. r

r 1144 r



have been proposed by other research groups. Multivariate
pattern classification techniques have indeed been applied
previously to structural and functional imaging data with
promising results and have included approaches that have
exploited machine learning methods [Lao et al., 2004], ca-
nonical variance analysis [Almeida and Ledberg, 2002],
partial least squares [McIntosh and Lobaugh, 2004], and
multivariate linear modeling [Worsley et al., 1997]. The
approach used in the current study, SSM, includes a rela-
tively simple series of computations that yield highly ro-
bust findings. Results from the current study, in addition
to previous reports with structural and functional data,
highlight its potential clinical utility and straightforward
application. Nonetheless, future studies should evaluate
and compare relative strengths and weaknesses of these
varying approaches.
The sensitivity and specificity analyses in the current

study were presented as an illustration of how well previ-
ously defined covariance patterns can be used to distin-
guish younger and older participants in a ‘‘forward
applied’’ sample for the purpose of examining the stability
of the covariance patterns and to evaluate their potential
utility as biological markers of normal aging. Typically,
sensitivity and specificity analyses are carried out for diag-
nostic purposes. However, it is unlikely that future work
would utilize structural MRI scans to diagnose ‘‘young’’
versus ‘‘old.’’ Thus, pattern expression cut-points are
somewhat less important than the fact that the expression
of the gray matter pattern reliably distinguishes younger
from older adults. Our study demonstrates that the gray
matter pattern expression is useful for future aging studies
and may be most illustrative when considered as a contin-
uous variable. It should be noted that the optimal cut-
points identified in the current study were slightly higher
than in our previous sample [Brickman et al., 2007]. We at-
tribute this difference to variability in scanner properties,
which may have shifted image intensities.
In conclusion, the current study showed that a multivar-

iate-defined pattern of age-associated gray matter atrophy
can be forward applied to an independent sample and reli-
ably distinguish between younger and older neurologically
healthy adults. Multivariate approaches to the analysis of
structural MRI captures distributed aging effects that may
be more biological meaningful than chronological age
itself.
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