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Purpose:

To determine whether automated temporoparietal brain
volumes can be used to accurately predict future memory
decline among a multicenter cohort of cognitively healthy
elderly individuals.

Materials and
Methods:

The study was approved by the institutional review board at
each site and was HIPAA compliant, with written consent
obtained from all participants. One hundred forty-nine
cognitively healthy study participants were recruited through
the Alzheimer’s Disease Neuroimaging Initiative and underwent a standardized baseline 1.5-T magnetic resonance
(MR) imaging examination, as well as neuropsychological
assessment at baseline and after 2 years of follow-up. A
composite memory score for the 2-year change in the results of two delayed-recall tests was calculated, and memory decline was defined as a composite score that was at
least 1 standard deviation below the group mean score.
The predictive accuracy of the brain volumes was estimated
by using areas under receiver operating characteristic
curves and was further assessed by using leave-one-out
cross validation.

Results:

Use of the most accurate region model, which included
the hippocampus; parahippocampal gyrus; amygdala; superior, middle, and inferior temporal gyri; superior parietal lobe; and posterior cingulate gyrus, resulted in a fitted
accuracy of 94% and a cross-validated accuracy of 81%.

Conclusion:

Study results indicate that automated temporal and parietal volumes can be used to identify with high accuracy
cognitively healthy individuals who are at risk for future
memory decline. Further validation of this predictive
model in a new cohort is required.
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T

wenty-four million people worldwide are currently afflicted with
dementia, and this number is projected to double every 20 years (1). Alzheimer disease (AD) is the cause of the
majority of these cases. A diagnosis of
AD is attained through detailed neuropsychological assessment and radiologic
exclusion of structural abnormalities.
Thus far, no known treatment that substantially alters the course of AD has
been identified, perhaps because irreversible neurodegeneration has already
occurred before the diagnosis. As a result, there is growing interest in identifying individuals who are at risk for AD
at an early stage, when memory preservation still may be possible.
Investigators in recent studies have
reported that the brain volumes derived
from magnetic resonance (MR) images,
particularly those obtained in the temporal and parietal lobes, enable accurate differentiation between individuals
with mild cognitive impairment (MCI)
and probable AD and those who are
cognitively healthy (2,3). In addition,
brain volumes and cortical thicknesses
have been shown to be predictive of
which individuals with MCI will eventually develop AD (4,5). However, individuals with clinical evidence of memory
impairment may already be at a relatively advanced stage of disease. The
preventative therapies currently being
evaluated in clinical trials may be more
efficacious in a population without any
evidence of memory impairment, in
which substantial neuronal loss has not
yet occurred (6). As a result, identifying

Advances in Knowledge
n Elderly individuals may exhibit
brain volume differences that are
suggestive of future memory
decline, even before there is clinical evidence of memory
impairment.

cognitively healthy individuals who are
at risk is an important next step.
An association between brain volumes and longitudinal cognitive decline
in a cohort consisting solely of cognitively
healthy individuals has been reported in
three studies (7–9). All of these studies,
however, involved analyses focused on the
medial temporal lobe and the use of semiautomated or manual delineation of volumes, which may lack interrater reproducibility and practicality for use in clinical
practice or a clinical trial. Furthermore,
the diagnostic accuracy of the approach
used to predict future cognitive decline,
which was not cross validated, was reported in only one of these studies (8).
The purpose of our exploratory
study was to determine whether automated temporoparietal brain volumes
can facilitate accurate prediction of
future memory decline among a multicenter cohort of cognitively healthy elderly individuals with no baseline clinical evidence of cognitive impairment.
We hypothesized that medial temporal
lobe volumes, which are known to be
affected earliest in the disease course
(10), would be the most predictive of
memory decline in cognitively healthy
individuals. We further predicted that
parietal lobe volumes, which are also
included in the memory network and
are affected in individuals with AD,
would also contribute to the model by
complementing the predictions based on
temporal lobe volumes alone.

Materials and Methods
Subjects
One hundred forty-nine participants
were recruited from 56 centers in the
United States and Canada (Table 1)
between 2005 and 2008 through the

n Regional brain volumes in the
memory network enable with
high accuracy the differentiation
between cognitively healthy individuals with and those without
risk of subsequent memory
decline.
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Implication for Patient Care
n MR imaging–derived brain volumes may enable the identification of cognitively healthy individuals who are at risk for future
memory decline, for clinical trials
and potential preventative
therapies.
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Alzheimer’s Disease Neuroimaging Initiative (ADNI) (11). The ADNI was funded
as a prospective longitudinal study to
identify biomarkers of early AD for trials and was supported by the National
Institute on Aging, the National Institute
of Biomedical Imaging and Bioengineering, the Food and Drug Administration,
pharmaceutical companies, and nonprofit organizations. Written consent was
obtained from all subjects, and the
study was approved by the institutional
review board of each participating center. This study was also compliant with
Health Insurance Portability and Accountability Act guidelines.
Participants were older than 55
years, lacked clinical or structural evidence of neurologic or psychiatric disease, had no memory complaints, had
preserved activities of daily living, and
scored within the normal range on the
Mini-Mental Status Examination (12),
clinical dementia rating scale (13), and
revised Wechsler memory scale (14).
Further details regarding the inclusion
and exclusion criteria can be found at
http://www.adni-info.org/.
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Table 1

were averaged to derive a composite
memory score for each subject. We
were interested in clinically important
memory decline, which was defined as
at least 1 standard deviation below the
mean memory score. This resulted in
25 decliners and 124 nondecliners being
in our cohort (Table 1). The composite
memory score was regressed against
age and education, and no association
was found. As such, these demographic
variables were not included in the models. There was a higher proportion of
women in the decliner group. However,
including this demographic variable in
the models did not improve the predictive accuracy.

Baseline Characteristics
Characteristic
Age (y)
M/F patients†
No. of years of education
AVLT-D subscore§
Delayed paragraph recall test
subscore

Nondecliners (n = 124)*

Decliners (n = 25)*

P Value

75.1 6 5.0
74/50
16.1 6 2.7
7.5 6 3.7
12.9 6 3.2

76.6 6 4.2
8/17
16.3 6 2.7
8.8 6 4.0
13.6 6 3.5

.14
.02‡
.80
.06
.35

* Unless otherwise noted, data are mean values 6 standard deviations.
†

Data are numbers of patients.

‡

Difference between nondecliners and decliners was significant.

§

AVLT-D = Rey Auditory Verbal Learning Test, delayed recall.

MR Image Acquisition and Volume
Estimation
The participants underwent the following standardized 1.5-T MR imaging protocol (http://www.loni.ucla.edu/ADNI
/Research/Cores/index.shtml): two T1weighted MR imaging examinations with
use of a sagittal volumetric magnetizationprepared rapid gradient-echo (MPRAGE) sequence, with 9/4 (repetition
time msec/echo time msec), a flip angle
of 8°, and an acquisition matrix size of
256 3 256 3 166 in the x, y, and z
dimensions, with a nominal voxel size
of 0.94 3 0.94 3 1.2 mm. Investigators at a designated center selected the
MP-RAGE images of higher quality for
regional volume estimation (15).
The raw Digital Imaging and Communications in Medicine MR imaging data were downloaded from the
Laboratory of Neuro Imaging Database
archives (http://www.loni.ucla.edu
/ADNI/Data/index.shtml). The MR images were automatically corrected for
spatial distortion due to gradient nonlinearity and B1 field inhomogeneity.
Cortical reconstruction and volumetric segmentation were performed by
using the Freesurfer image analysis
suite, version 4.3 (Athinoula A. Martinos
Center for Biomedical Imaging, Boston,
Mass, http://surfer.nmr.mgh.harvard.edu/)
(16,17). Briefly, this software performs
motion correction, skull stripping, and
signal intensity normalization. A probabilistic atlas derived from a training set
of 40 adult non-ADNI participants is
then used to assign a neuroanatomic
846

label to each voxel by using a Bayesian
classification rule (Fig 1). The resulting
segmentation maps were visually rated
for accuracy by two authors (D. TruranSacrey, S.R., 15 and 5 years of experience, respectively) on the basis of their
neuroanatomic knowledge. To avoid
manual editing of the data, which could
have introduced bias into the analyses,
subjects were excluded from the analysis if the segmentation failed in this
quality control step.

Definition of Memory Decline
The earliest clinical manifestation of AD
is a deficit in delayed verbal memory
(18). Because impaired delayed verbal
memory is also predictive of the time
to progression from normal cognitive
function to MCI (19), it was selected
as the outcome of interest. We used two
memory scores: the subscore of the Rey
Auditory Verbal Learning Test-Delayed
Recall (AVLT-D) (20) and the delayed
paragraph recall subscore of the Logical Memory II subscale (ie, revised
Wechsler memory scale) test (14). For
the AVLT-D, subjects are given a list of
15 unrelated words and asked to repeat
the list after 30 minutes. For the revised
Wechsler memory scale test, subjects
are told a story and asked to repeat the
story after 30 minutes. A z score for
each subject’s 2-year change in performance on each test was calculated by
subtracting the subject’s change score
from the cohort mean score and dividing this difference by the standard deviation. The two z scores for each test

Selection of Brain Regions
Based on a priori knowledge that AD
affects primarily the temporal and parietal lobes, with sparing of the sensorimotor and frontal lobes until late in the
disease (2–5,10,21,22), the following
15 regions were selected as candidates
for possible inclusion in the model: entorhinal cortex, hippocampus, parahippocampal gyrus, amygdala, superior
temporal gyrus, middle temporal gyrus,
inferior temporal gyrus, fusiform gyrus,
banks of the superior temporal sulcus,
temporal pole, posterior cingulate gyrus,
isthmus cingulate, superior parietal lobe,
inferior parietal lobe, and precuneus
(Fig 1). In these analyses, the bilateral regions were averaged to restrict the number of variables included in the model.
These regions were adjusted for
intracranial volume by using the covariance method (23) with the equation
Va = Vua 2 G · (Vsic 2 Vmic), where Va is
the adjusted volume, Vua is the unadjusted volume, G is the gradient, Vsic
is the subject intracranial volume, and
Vmic is the mean intracranial volume for
all control subjects. The variable gradient was derived by regressing the unadjusted volumes against the intracranial
volumes across all subjects. Intracranial
volumes were obtained from a previously
validated approach by using the atlas scaling factor in the Freesurfer program (24).
Statistical Analyses
An iterative program in R, version 2.9.2
(http://www.r-project.org/), software
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Figure 1

Figure 1: Automated segmentation of 15 temporal and parietal volumes of interest on (a) axial, (b) coronal, and (c) sagittal
MR images, performed by Freesurfer software.

for statistical computing, which was
coded by a statistician (P.S.I.), was
used to derive the models that would
enable the most accurate prediction
of memory decline. On the basis of a
best-subsets procedure, models that included all combinations of between two
and nine brain regions were considered
and compared in terms of predictive accuracy (25). In addition, pairwise interactions were included in the models to
determine whether having smaller volumes in two temporoparietal regions simultaneously would yield an even more
accurate prediction of memory decline
than would the additive effect of using the two regions alone. The model
Radiology: Volume 259: Number 3—June 2011
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search was restricted to the number
of brain regions and pairwise interactions that were supportable by the data,
which was not to exceed a total of 20
terms, to maintain a full rank correlation matrix, given the number of subjects. The R program reported the 25
most accurate models for each number
of brain regions included. The pairwise
interactions with the highest frequency
in these 25 models were included in
subsequent models that included more
brain regions. Accuracy was determined
according to the area under the receiver operating characteristic curve to
illustrate the continuum of possible sensitivities and specificities (26). Model

radiology.rsna.org

accuracy was further assessed by means
of leave-one-out cross validation (25).
With use of this method, all subjects
except one are used as the training set
for the model and the prediction error
is assessed for the excluded subject (ie,
the test set). This accuracy determination is performed with each subject in
the cohort to estimate the overall crossvalidated accuracy of the model. Ninetyfive percent confidence intervals for the
cross-validated accuracy estimates were
obtained with 1000 bootstrap samples
(25). With this method, model accuracy
was assessed in subject samples drawn
from the original cohort of subjects. This
procedure was performed 1000 times
847
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Table 2

to provide a confidence interval for the
accuracy of each model.

Baseline Volumes in 15 Candidate Temporoparietal Regions
Brain Region
Entorhinal cortex
Hippocampus
Parahippocampal gyrus
Amygdala
Superior temporal gyrus
Middle temporal gyrus
Inferior temporal gyrus
Fusiform gyrus
Banks of superior temporal sulcus
Temporal pole
Posterior cingulate gyrus
Isthmus cingulate
Superior parietal lobe
Inferior parietal lobe
Precuneus

Nondecliner Group*

Decliner Group*

P Value

3994 6 582
6811 6 742
4033 6 498
2242 6 290
19 820 6 1795
20 086 6 1916
20 171 6 0.87
17 585 6 1770
4530 6 586
3864 6 528
6101 6 576
4227 6 486
21 655 6 2392
23 180 6 2732
16 048 6 1570

3782 6 734
6329 6 748
4030 6 533
2126 6 344
18 856 6 2506
19 487 6 1988
20 358 6 2705
16 818 6 1980
4313 6 583
3885 6 583
6048 6 584
4064 6 457
21 416 6 3038
22 260 6 2136
15 310 6 1494

.18
.006†
.95
.23
.04†
.18
.87
.09
.08
.73
.95
.19
.49
.07
.03†

* Data are mean baseline volumes (in cubic millimeters) 6 standard deviations.
†

Difference between nondecliners and decliners was significant.

Table 3
Models Predicting Subsequent Memory Decline
No. of Brain
Regions in Model
2
3
4
5

6

7

8

9

Brain Regions Included
Hippocampus, parahippocampal gyrus
Hippocampus, superior temporal gyrus, posterior
cingulate gyrus
Parahippocampal gyrus, superior temporal gyrus,
middle temporal gyrus, posterior cingulate gyrus
Entorhinal cortex, parahippocampal gyrus, superior
temporal gyrus, middle temporal gyrus, superior
parietal lobe
Hippocampus, parahippocampal gyrus, superior
temporal gyrus, middle temporal gyrus, inferior
temporal gyrus, superior parietal lobe
Hippocampus, parahippocampal gyrus, superior
temporal gyrus, middle temporal gyrus, inferior
temporal gyrus, superior parietal lobe, posterior
cingulate gyrus
Hippocampus, parahippocampal gyrus, superior
temporal gyrus, middle temporal gyrus, inferior
temporal gyrus, superior parietal lobe, posterior
cingulate gyrus, amygdala
Hippocampus, parahippocampal gyrus, superior
temporal gyrus, middle temporal gyrus, inferior
temporal gyrus, superior parietal lobe, posterior
cingulate gyrus, isthmus cingulate gyrus,
amygdala

Fitted Predictive
Accuracy

Cross-validated
Accuracy

69
78

63 (52, 77)
71 (62, 84)

82

71 (65, 89)

87

75 (69, 89)

91

79 (72, 90)

92

77 (75, 90)

94

81 (77, 91)

93

79 (75, 92)

Note.—Fitted predictive and cross-validated accuracy values are percentages, with 95% confidence intervals in parentheses.
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Results
The baseline characteristics are summarized in Table 1. The decliner and
nondecliner groups did not differ significantly in terms of age or years of
education. The decliner group scored
marginally higher on the baseline AVLT-D
and had proportionately more women,
although including sex in the models
did not improve the predictive accuracy. Baseline volumetric differences in
the 15 candidate regions are shown in
Table 2.
As the number of brain regions
included in the model increased, the
predictive accuracy of the classification
model also increased (Table 3, Fig 2).
Furthermore, the progression of regions that were selected for inclusion in the model was similar to the
progression of the pathologic stage of
AD (2,21). For example, the first two
regions selected were the hippocampus and the parahippocampal gyrus.
Models including three to six regions
consisted predominantly of temporal
lobe regions, and the seven-, eight-,
and nine-region models included more
than one parietal lobe region. The fusiform gyrus, banks of the superior temporal sulcus, temporal pole, and precuneus were not selected in any of the
models.
The six-, seven-, eight-, and nineregion models demonstrated the highest
fitted accuracy, 91%–94%, with crossvalidated accuracies of 77%–81%. We
determined that the most accurate
model was the eight-region model,
which included the hippocampus; parahippocampal gyrus; amygdala; superior, middle, and inferior temporal gyri;
superior parietal lobe; and posterior
cingulate gyrus. Pairwise interaction
terms contributed significantly to the
model: The eight-region model without
interactions had a cross-validated accuracy of 58% (95% confidence interval: 49%, 81%) compared with a
cross-validated accuracy of 81% with
interactions (95% confidence interval:
77%, 91%).
radiology.rsna.org
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Figure 2
Discussion
Our results demonstrate that automated
MR-derived brain volumes facilitate
accurate prediction of future memory
decline in cognitively healthy elderly individuals. The regions that facilitated
the best differentiation of cognitively
healthy subjects included those known
to be affected by AD reported in the
literature.
Investigators in previous studies
have used MR imaging–derived brain
volumes to differentiate the clinical
stages of AD. Models that differentiate
between normal cognition and mild cognitive impairment (MCI) have reported
accuracies of 85%–95%, whereas models
that differentiate between normal cognition and AD have reported accuracies of
91%–100% (2–4). The more challenging
task of differentiating among individuals at the same cognitive stage yields
lower accuracies. Two previous studies
involving the differentiation between
individuals with MCI progressing to AD
and those remaining cognitively stable
yielded reported accuracies of 73%–75%
(4,5). Thus, the cross-validated accuracy of 81% for differentiating between
healthy individuals with and those without
memory decline reported in our study
appears to be consistent with data in
the literature. Another potential strength
of our model relative to those in previous studies involving cognitively healthy
individuals (7–9) is the incorporation
of regions beyond the temporal lobe.
This may result in increased specificity
because temporal lobe atrophy is also
seen with schizophrenia, alcoholism, and
other forms of dementia (27–29). Thus,
our model may have more accuracy when
it is used in a community with a broader
range of structural abnormalities.
The inclusion of the hippocampus,
parahippocampal gyrus, and amygdala
in our most accurate model was anticipated. Pathology studies have shown that
mesial-temporal lobe structures, which
make up the limbic network, are affected the earliest in the disease course
(10,30,31). To our knowledge, the contribution of other temporal and parietal
lobe volumes to the differentiation of
cognitively healthy individuals, although
Radiology: Volume 259: Number 3—June 2011
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Figure 2: Receiver operating characteristic curves for classification models
show greater accuracy with inclusion of more brain regions.

consistent with our understanding of
AD, has not been previously emphasized
in the literature. The posterior cingulate
gyrus has been shown in functional MR
imaging studies to be involved in memory
retrieval (32). The decreased glucose
metabolism in the posterior cingulate
gyrus observed in positron emission
tomography studies also suggests early
involvement of the posterior cingulate
gyrus in AD (33). Furthermore, in two
recent articles, investigators report that
posterior cingulate atrophy can be seen
early in the course of AD and correlates with the degree of temporal lobe
atrophy (34,35). In a third article, it is
reported that even cognitively healthy
individuals with high levels of cerebral
amyloid demonstrate smaller posterior
cingulate volumes (36). The superior
parietal lobe is an early site for amyloid
deposition and glucose hypometabolism
(37,38). Finally, numerous connections
between the temporal association cortex
and the hippocampus may render volumetric differences predictive (39–41).
An unexpected finding was that
pairwise interactions significantly improved predictive accuracy. Prior studies have been focused on the additive
effects of brain regions (2–5,7–9). The

radiology.rsna.org

pairwise interaction terms account for
simultaneous volume variations across
separate brain regions. The results imply that the effect of multiple regions
of brain atrophy on memory is greater
than the additive effect of each region
alone. Therefore, given the connectivity of the brain, the finding that these
interaction terms significantly improved
the predictions makes intuitive sense.
Further work to analyze these interactions is required.
The precuneus, fusiform gyrus, temporal pole, and banks of the superior
temporal sulcus were not selected for
any of the models in this study, despite
some reports that describe their vulnerability to AD (30,40,41). This could reflect methodologic differences, such as
our use of a region-of-interest approach
rather than voxel-based morphometry,
as well as the automated rather than
manual delineation of structures. We
find it interesting that although the precuneus had a significantly smaller volume among the decliners at baseline, it
was not included among the most predictive models. This suggests that precuneus volumes may be less useful when
more predictive temporal lobe regions
are already included in the model.
849
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Last, the finding that brain volume
differences are predictive of future
memory decline supports the concept
of preclinical AD. As described in the
Materials and Methods, with use of our
definition of memory decline, 17% (25
of 149) of the participants were designated as decliners. This proportion is
consistent with the 11%–49% of cognitively healthy individuals found postmortem to meet the neuropathologic criteria for AD in previous studies (42,43).
We hypothesize that the decliners in our
cohort may have had greater underlying AD-related abnormalities compared
with the nondecliners, resulting in volumetric differences and subsequent memory decline. Furthermore, the decliners
had marginally higher baseline memory
scores, suggesting that volumetric differences may be more predictive of and
precede clinical memory decline.
There were several limitations to
our study. First, the ADNI was intended
to mimic a clinical trial, so the follow-up
period of 2 years is relatively short. Additional follow-up is required to determine whether the cognitive statuses of
the decliners in our study actually progress to MCI. The participants also had
fewer comorbidities than are expected
for the general population (11). Second,
at the participating sites, extensive efforts were made to standardize images
across the different MR imaging units
used (15); however, this would be difficult to accomplish in clinical practice.
Last, this was an exploratory analysis
in which we used a priori knowledge to
restrict our analyses to 15 brain regions
and combinations of these regions. We
could not have searched exhaustively for
combinations of all possible cortical and
subcortical regions without overstretching the prediction model. Recently, investigators in some studies attempted
to circumvent these restrictions by exploring the use of model-free classification algorithms, such as those involving
support vector machines (44–46). More
studies are warranted to determine the
potential benefits of other statistical approaches for accurate classification.
In conclusion, our study results demonstrate that automated temporal and
parietal volume measurements from a
850
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single baseline MR examination facilitate accurate identification of cognitively
healthy individuals who are at risk for
future memory decline. The ability to
identify high-risk cognitively healthy
individuals may be useful in targeting
individuals for preventative therapy and
for enriching trials to maximize power,
and it represents another step toward
integrating imaging into the diagnosis
and management of AD. The validation
of our predictive model in a new population is required in further research.
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