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Imaging cerebral glucose metabolism with positron emission tomography (PET) in Alzheimer's disease (AD)
has allowed for improved characterisation of this pathology. Such patterns are typically analysed using either
univariate or multivariate statistical techniques. In this work we combined voxel-based group analysis and
independent component analysis to extract differential characteristic patterns from PET data of glucose
metabolism in a large cohort of normal elderly controls and patients with AD. The patterns were used in
conjunction with a support vector machine to discriminate between subjects with mild cognitive impairment
(MCI) at risk or not of converting to AD. The method was applied to baseline fluoro-deoxyglucose (FDG)-PET
images of subjects from the ADNI database. Our approach achieved improved early detection and differentiation
of typical versus pathological metabolic patterns in the MCI population, reaching 80% accuracy (85% sensitivity
and 75% specificity) when using selected regions. The method has the potential to assist in the advance diagno-
sis of Alzheimer's disease, and to identify early in the development of the disease those individuals at high risk
of rapid cognitive decline who could be candidates for new therapeutic approaches.
© 2012 Elsevier Inc. All rights reserved.
Introduction

Alzheimer's disease (AD) is classically diagnosed with clinical and
cognitive assessments (McKhann et al., 1984). This diagnosis occurs
late in the disease process (at the dementia stage), and it can only
be confirmed post-mortem (Knopman et al., 2001). Patients suffering
from AD at a prodromal stage are known to present a mild cognitive
impairment (MCI; Dubois et al., 2007; Petersen et al., 1999, 2009).
However, not all patients with amnestic MCI will develop AD, as
MCI is a common syndrome that could be related to many causes
other than AD (Petersen et al., 2009). Amnestic deficit in subjects
with MCI is associated with the highest conversion rate to AD
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(Anchisi et al., 2005; Ganguli et al., 2004), but they constitute a het-
erogeneous population in which memory impairment may have
causes other than AD. Identification of the AD process at earlier stages
is critical for the development of disease modifying treatments, which
would offer greater protection against further neuronal damage
(Dubois and Albert, 2004; Petersen et al., 1999). Hypothetical models
of AD progression assume a succession of underlying physiopatholog-
ical events that lend themselves to (more of less early) intervention
(Jack et al., 2010; Petersen et al., 2010). New diagnostic tools using
imaging and other biomarkers aimed at identifying the disease at
the pre-dementia (and ultimately asymptomatic) stage are being
developed to complement and enhance the specificity of the clinical
diagnosis. Imaging biomarkers can target disease identification
(static) or disease evolution (dynamic) through structural, metabolic,
or functional measurements (Aisen et al., 2010; Jack et al., 2010).
Among these, positron emission tomography (PET) plays a major
role in the characterisation and diagnosis of AD through its capacity
to detect both the presence of early events and the progression of
the disease. Molecular imaging with PET using amyloid-specific
ligands can provide insight into the underlying pathophysiology by
detecting the accumulation of Aβ42 and early neurodegeneration in
AD and MCI (Jagust, 2004; Raji et al., 2008). Neuronal injury and
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dysfunction can be captured by 18F-labelled fluoro-deoxyglucose
(FDG) PET imaging of changes in regional synaptic activity. These
studies have revealed reduced glucose metabolism in the parieto-
temporal and posterior cingulate cortices in AD (Eidelberg, 2009;
Jagust et al., 2007; Minoshima et al., 1994, 1997; Mosconi, 2005;
Pietrini et al., 1993; Rapoport et al., 1991). These regions are involved
in memory processing and are structurally and functionally related to
the default mode network, a set of brain regions that are activated
during resting condition and tasks with low cognitive demand, and
deactivated otherwise (Andrews-Hanna et al., 2007; Greicius et al.,
2004). Such data contain a large amount of unique information that
can be used for disease characterisation and classification. Both
region-of-interest (ROI) and voxel-based approaches have been
used in order to extract differential patterns from tracer metabolic
data in healthy and diseased populations. Though ROI methods
remain the most popular, the use of a limited number of
pre-defined regions may not entirely reflect the spatial distribution
patterns of physiological abnormalities (Fan et al., 2008). Univariate
techniques (e.g. one-way ANOVA or t-test) have classically been
used to analyse such data on a voxel-by-voxel basis (Friston et al.,
1990). Recently, multivariate techniques (such as discriminant analy-
sis or logistic regression) applied to metabolic data have received
increasing attention (Habeck and Stern, 2010; Habeck et al., 2008;
Kerrouche et al., 2006; Markiewicz et al., 2009, 2011a, 2011b;
Scarmeas et al., 2004). This growing interest followed the observation
that some relevant diagnostic patterns were better captured using
multivariate approaches than univariate methods for the analysis
(Scarmeas et al., 2004). Yet, association of these methods has not
been tried in the extraction of differential patterns from imaging
data for classification purposes.

In this work, we combined both techniques and performed a
voxel-based analysis using two-sample t-test and independent com-
ponent analysis (ICA), in conjunction with support vector machine
(SVM), in order to explore the spatial properties of resting state
glucose metabolism and evaluate the diagnostic value of FDG-PET
data in prodromal AD pathology. The aim of the study was to test
the hypothesis that glucose metabolic patterns observed in late stages
of AD are already present at the prodromal stage, and to develop a
multimodality classification tool for early diagnosis of AD based on
imaging biomarkers derived from FDG-PET data spatial patterns
(using t-test and ICA) combined with biological measurements
(Apolipoprotein E) as well as scores from neuropsychological tests
(MMSE, Adas, and Adas-cog).

The analysis was carried out in two steps. First, we performed
voxel-based group comparisons as well as spatial ICA, and identified
the most discriminating regions of metabolic deficits between
healthy control and Alzheimer's disease populations. We then
verified that these disease-specific patterns contain information that
Table 1
Group distribution for voxel-based analysis. Fourty subjects were selected from the databas
nosis at inclusion: NEC: cognitively normal elderly controls; MCIs: stable mild cognitive i
disease.

Diagnosis at inclusion NEC M

Number of subjects 80 40
Age (years) 76.4±4.6 76

(65.6–86.6) (7
Gender (male/female) 51/29 31
MMSE 29.0±1.1 27
Education (years) 16.0±3.1 14
Used for classification

Number of subjects 40 40
Age (years) 75.5±4.8 76

(65.6–86.0) (7
Gender (male/female) 25/15 31
MMSE 29.1±1.1 27
Education (years) 16.3±2.9 14
could be sufficient to characterise the pathology at its prodromal
stage. For this, the resulting metabolic patterns from the previous
step were applied to the MCI population (stable and converting to
AD), combined with clinical and neuropsychological information,
and used in a scheme for early diagnosis of AD involving classification
with support vector machines.

Materials and methods

Data used in this work are taken from the Alzheimer's Disease
Neuroimaging Initiative (ADNI) database (adni.loni.ucla.edu). The
ADNI was launched in 2003 by the National Institute on Aging (NIA),
the National Institute of Biomedical Imaging and Bioengineering
(NIBIB), the Food and Drug Administration (FDA), private pharmaceu-
tical companies and non-profit organisations. ADNI is a multicentre
longitudinal cohort study of older adults, including cognitively normal
elderly controls, amnestic MCI (including stable MCI and those con-
verting to AD), and mildly affected AD patients at inclusion (Mueller
et al., 2005) (for up-to-date information, see www.adni-info.org). The
primary intent of ADNI has been to investigate whether serial MRI,
PET, other biological markers, and clinical and neuropsychological as-
sessment can be combined to evaluate the progression of MCI and
early AD (Langbaum et al., 2009). Full details of subject recruitment,
PET scanning protocols, and data preprocessing were published
elsewhere (http://www.loni.ucla.edu/ADNI/; Jagust et al., 2010;
Langbaum et al., 2009; Mueller et al., 2005) and only a brief account
is given here.

Population description (demographics)

Subjects between the ages of 55 and 90 were enrolled in the ADNI
study. Eligibility criteria were as follows (see Petersen et al., 2010, for
a thorough description of participant recruitment and classification
protocol). Normal elderly controls had a MMSE score of 24 or higher
(Mini Mental State examination; Folstein et al., 1975), a clinical
dementia rating (CDR) of 0 (Morris, 1993), and no diagnosis of neuro-
logical disease or psychiatric disorder. Amnestic MCI patients had a
MMSE score of 24 or higher, a subjective memory complaint, objective
memory loss measured by education adjusted scores on the Wechsler
Memory Scale Logical Memory II, a CDR score of 0.5, absence of signif-
icant levels of impairment in other cognitive domains, preserved activ-
ities of daily living (ADLs), and an absence of dementia (Petersen et al.,
2001). Participants with mild AD were enrolled if they had a MMSE
score between 20 and 26 (inclusive), a CDR score of 0.5 or 1.0, and
met NINCDS-ADRDA criteria for probable AD (McKhann et al., 1984).

A subset of the subjects having baseline FDG-PET scans (totalling
399) was used for our analysis. Based on their diagnosis at 18 months
post-inclusion, groups of normal elderly controls (NEC; n=80),
e for each group. Parameters were recorded at screening. Values are mean±SD. Diag-
mpairment; MCIc: converting mild cognitive impairment; pAD: probable Alzheimer’s

CIs MCIc pAD

40 80
.4±4.2 76.4±4.1 76.0±6.3
0.2–86.5) (70.3–86.0) (65.0–86.8)
/9 25/15 45/35
.5±1.8 26.8±1.7 23.7±2.1
.9±3.2 16.4±2.5 14.7±3.2

40 40
.4±4.2 76.4±4.1 75.1±5.6
0.2–86.5) (70.3–86.0) (65.7–84.5)
/9 25/15 26/14
.5±1.8 26.8±1.7 23.7±2.0
.9±3.2 16.4±2.5 14.8±3.5
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patients with mild cognitive impairment that had remained stable
(MCIs; n=40) or had converted to AD (MCIc; n=40) during the
two-year follow-up, as well as patients diagnosed with probable AD
(pAD; n=80) were matched for age, sex, and MMSE score distribu-
tions (Table 1). The matched subsets were mainly used to avoid the
confounding factors of age, sex and MMSE distribution on the extrac-
tion of discriminating patterns, such that these patterns would not be
obtained because of the inherent differences of these variables, but
only because of the difference between controls and Alzheimer pa-
tients. Our methodology should therefore ensure that the extracted
regions (and thus ultimately prediction using these regions) would
not be founded on – and potentially be biased by – the means of
these variables.

FDG-PET data acquisition and processing

Baseline resting state positron emission tomographic scans of
glucose metabolism (FDG-PET) from the ADNI database were used
for this study. All baseline PET scans were acquired according to one
of three different standardised protocols: 1) dynamic 30-min, six
frame (5 min each) acquisitions starting 30 min post 18F-labelled
fluoro-deoxyglucose (18F-FDG) injection, 2) quantitative 60-min
dynamic protocol with continuous scanning from injection time to
calculate absolute glucose metabolic rate using an arterial input func-
tion measured in the carotid, and 3) a single-frame 30-min acquisition
starting 30 min post-injection for scanners without dynamic capability.
Subjects were asked to remain still and keep awake with eyes open
looking straight ahead for the entire acquisition.

The co-registered, averaged, normalised (standardised image and
voxel size) and smoothed to a uniform resolution (8 mm full-width
at half-maximum) PET images (also known as “post-processed #4”
data) were downloaded from the LONI repository (Joshi et al., 2009;
http://www.loni.ucla.edu/ADNI). Images were then spatially normal-
ised to a study specific template based on 80 FDG-PET scans of elderly
controls, which were transformed to the MNI PET and MRI templates
space, scaled, and averaged using SPM5 (method adapted from
Gispert et al., 2003). Spatial normalisation of all images involved a
12-parameter affine transformation, followed by nonlinear iterative
spatial transformation as provided in SPM5 software package
(http://www.fil.ion.ucl.ac.uk/spm/). Data were then scaled in intensi-
ty using the global mean value of the average value of the pons, a re-
gion known to be preserved in AD and shown to adequately reflect
inter-individual variability (Buchert et al., 2005). The pontine area
was approximated to a spherical region with 10 mm radius centered
at [0 -26 -33] mm by region growing (using MarsBAR). In each sub-
ject, the average PET count value in the pons was determined in the
spatially normalised PET image. This value was used to divide each
voxel intensity of the PET image of that subject, following what
voxel-wise t statistics for between group comparisons were comput-
ed using procedures in SPM5.

Analysis

Characteristic patterns of interest were obtained from 80 cognitive-
ly normal elderly controls and 80 patients with probable AD using the
methods described below. Masks were created using SPM MarsBAR
tool (http://marsbar.sourceforge.net/) on a subset of 40 controls and
40 AD patients (see Table 1) and applied to FDG-PET images of the
remaining subjects from the database not included in this part of the
analysis to extract individual voxel intensities within the selected
regions of interest, thus avoiding circularity in the prediction analysis.

Cluster-based analysis
Whole brain analyses were performed by computing voxel-based

statistics using SPM5, implemented in Matlab 7 (MathWorks Inc.,
Sherborn, MA). Two-sample t-tests controlling for age, sex, education,
scanner type, and scanning centre were used to identify significant
regional cerebral glucose metabolism in each patient group relative
to elderly controls. An absence of gender differences in metabolic ac-
tivity of AD patients was reported previously (Minoshima et al.,
1997). While groups were matched for their mean age, sex, and
education, we included these as covariates in the analysis to remove
the residual variance that could still be explained by these variables
at the individual level. Intensity scaling was performed as described
above (see Section 2), and grey matter probability threshold was set
to 0.8 (SPM default). Only voxels surviving false discovery rate
(FDR) correction for the entire volume at a p value below 0.001
(minimum extent 30 voxels) were accepted in the statistical analysis
between AD patients and healthy controls, in order to avoid false
positive results. The resulting t-maps were examined for determining
individual areas of significant metabolic changes as well as for
defining disease-specific patterns. The regional patterns were
assessed via a correlation analysis, where partial correlation coeffi-
cients (Pearson) between regions were calculated.

Component-based analysis
Voxel-based methods such as the one described above are massively

univariate: each voxel is tested in isolation of the rest of the brain. By
contrast, multivariate methods such as spatial independent analysis
(sICA) have the ability to capture the spatially distributed covariation
of FDG PET measurements across subjects. In addition, ICA does not
rely on a specific shape for the haemodynamic response. In functional
MRI, this technique has been found to identify patterns that match
well with the maps of brain regions involved in distinct families of
cognitive processes (Smith et al., 2009). The differences found in a
specific ICA network are thus easier to interpret in terms of associated
cognitive functions (and potential deficits) than the results of voxel-
based statistics. Also, ICA may be more sensitive than voxel-based
statistics in some situations because they capture spatially distributed
patterns (Rombouts et al., 2009).We therefore used spatial independent
component analysis (ICA) in order to extract additional regions of inter-
est that may have been missed by the two-sample t-test. Resting state
FDG-PET data from elderly controls and AD patients were included
simultaneously in the spatial ICA (see Appendix A for a short review)
for the purpose of obtaining regions of greatest coherent activation
that would be common to both groups. To do so, the FDG-PET volumes
from all subjects were concatenated. We performed spatial ICA using
sICA, an algorithm from a locally developed toolbox for analysing
brain networks (NetBrainWork, Perlbarg et al., 2007). This program
uses an InfoMax algorithm, following dimension reduction by principal
component analysis (PCA). The method for estimating the number of
components uses a Bayesian model selection (Minka, 2000). In brief,
ICA was first performed to identify signal- from noise-related compo-
nents using a priori masks of vessels and cerebrospinal fluid. Redundant
components were then eliminated by PCA. We chose to extract 40
components so as not to miss out on any network of regions of interest,
and to avoid the increase in noise-related components observedwith in-
creasing number of extracted components. The components of interest
were selected by comparing the extracted components to 18 spatial
templates of functional networks identified from resting-state fMRI
group analysis on healthy controls, and thresholding high correlation
coefficients (for uncorrected pb0.001 and voxel extent≥30; Perlbarg
et al., 2007).

The analysis produced a series of independent components (ICs)
with associated curve plots. The curve represents the average
metabolic changes across subjects within the combined spatial map,
and each point corresponds to the PET scan of a different subject.
Thus, for a given component, each point on the associated curve
describes how strongly the spatial map for that component is related
to a particular individual FDG-PET image.

As this analysis does not differentiate between groups, we looked
for correlations between a template of the default mode network
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(DMN), and the spatial patterns obtained previously. Since the DMN
was shown to have diagnostic power in AD (Greicius et al., 2004;
Koch et al., 2010; Sorg et al., 2007; Zhou et al., 2010), this added a
priori spatial information and allowed to better identify potentially
discriminant regions. This should help in the selection of discriminant
components. For this, we computed the correlation coefficients
between regions, while controlling for the DMN. Regions with corre-
lation above 0.50 were selected for the analysis of the PET data from
the NEC and pAD subjects not included in the discriminant pattern se-
lection process, as well as data from the MCI population (MCIs and
MCIc). The latter were not used for the original derivation of the
t-maps and ICA patterns. Voxel values were averaged over each
selected region of interest, and these numbers were entered into
the SVM.

Support vector machine
Average ROI values calculated with the above masks were used as

features for classification using support vector machines. Support
vector machines (SVM) are a class of discriminant function originally
developed in statistical machine learning theory as a linear binary
classifier (Vapnik, 1995). Given a set of training data, SVMs try to
maximise the separation margin defined by the distance between a
hyperplane and the closest data samples.

Detailed description of SVMs can be found elsewhere (Boser et al.,
1992; Cortes and Vapnik, 1995). In the present work we have used a
non-linear binary classifier SVM (C-SVM) with a Gaussian kernel
(using libSVM Matlab toolbox, http://www.csie.ntu.edu.tw/~cjlin/
libsvm; Chang and Lin, 2011). Two-sample t-test and spatial ICA
served as feature reduction steps. A grid search was performed for
model parameter optimisation. Ten-fold cross-validation was used
to evaluate the performance of each parameter combination in the
classifier training scheme. Added feature selection was based on the
average weight of support vectors, keeping all those vectors having
more than 50% of the maximum weight attributed during training
Fig. 1. t-statistic maps for the comparison of cognitively normal elderly controls with subj
(bottom). Results are presented at a cluster significance level of pb0.001 (uncorrected) with
jects are more frontal, with inferior parietal involvement. As the MCI convert to AD, hypom
For established AD patients compared to controls, hypometabolic patterns are more scatter
MCIc: converting mild cognitive impairment; pAD: probable Alzheimer’s disease.
of the classifier. Performance of the classification was tested using a
leave-one-out approach, where the classifier is trained with all but
one instance (subject) of the database. The process was repeated
such that each subject was used as validation data once, and the
success rate (accuracy) was computed from the number of correctly
classified subjects. In addition to determining accuracy, the classifier
performance was evaluated by calculating specificity (reflecting true
negative rate) and sensitivity (reflecting true positive rate).

Results

Identification of discriminant FDG patterns

The two-sample t-test maps from the analysis of NEC compared to
diseased groups are shown in Fig. 1. Though differences between AD
patients and normal elderly controls were significant up to a stringent
threshold pb0.001 corrected for family-wise error (FWE), results are
presented at a less conservative FDR-corrected p-valueb0.001 to
include more areas. The uncorrected p-valueb0.001 (cluster extent
30 voxels) in Fig. 1 is used for consistency with comparisons of NEC
versus stable and converting MCI subjects. For the comparison of
NEC with stable MCI subjects at baseline, regions of observed hypo-
metabolism in MCIs were medial frontal (MF), anterior cingulate
(AC), right superior temporal (STR), and bilateral superior parietal
areas. In addition to the above cited areas (AC excepted), MCI
converters also showed hypometabolism in left ST, bilateral inferior
temporal and inferior parietal, right middle frontal (MFR), precuneus–
posterior cingulate area (PPC), and left parahippocampal (pHL) areas.
Hypometabolic patterns for patients with probable AD involved more
frontal areas (medial and bilateral middle frontal). The patterns also in-
cluded bilateral middle parietal and middle temporal areas, bilateral
fusiform, left and right thalamic areas, PPC, and bilateral parahippocampal
areas. Significant hypometabolism was found in bilateral inferior tempo-
ral, bilateral superior parietal and posterior cingulate areas when MCI
ects presenting with stable MCI (top), MCI converters (middle), and patients with AD
minimum extent of 30 voxels. Regions of hypometabolism in non-converting MCI sub-
etabolic regions become more posterior, involving inferior temporal areas and the PCC.
ed. NEC: cognitively normal elderly controls; MCIs: stable mild cognitive impairment;
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Fig. 2. t-statistic maps for the comparison of subjects presenting with stable MCI, and MCI converters showing hypometabolism mainly in posterior areas. Results are presented for
uncorrected pb0.001 (red areas) and pb0.01 (blue areas).
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converters were compared to stable subjects (Fig. 2). Peak characteristics
for areas showing significant hypometabolism in pAD compared to NEC
that were used for creating a mask of discriminating regions of interest
are listed in Table 2.
Extraction of coherent metabolic patterns

Of the 40 components calculated from the spatial ICA on NEC and
pAD data combined, eight were selected as having patterns that were
significantly altered in the AD patients compared to normal elderly
controls when these were contrasted with a set of 18 templates
derived from resting-state functional MRI studies on healthy controls.
Components extracted by spatial ICA are superposed and presented
in Fig. 3. Areas with increased intensity represent regions of
co-occurring changes in FDG patterns between the groups included
in the analysis. The regions showing most coherent metabolic activity
included the frontal, temporal and posterior areas (parietal and PPC)
cited above for the two-sample t-test in addition to more posterior
cortical areas, including visual association areas. Frontal areas had
highly concomittant metabolic activity with each other (executive
control), and with temporal (ventral attentional) or posterior (PPC,
medial visual component) regions. Highly coherent metabolism was
observed between the more posterior regions (including medial
visual), parahippocampal areas and basal ganglia. Parietal areas were
concomittantly correlated with temporal and parahippocampal areas
(salient component), or with lateral visual area. Metabolic activity in
the PPC was most coherent with that in the superior temporal,
parietal and left basal ganglia areas (default mode, limbic component).
There were also coherent metabolic changes between the temporal
regions, right medial frontal, and right parahippocampal areas (dorsal
attentional, basal ganglia components). To assess the regional similari-
ty within spatial patterns of each independent component, selected ICs
were regressed on a standardised template of the default mode
network obtained from resting state fMRI studies. Component outliers
were excluded at this stage, and the component spatially closest to the
DMN served for the analysis. The t statistic map from the comparison of
NEC with pAD was also found to be close to the DMN when compared
to the template for verification.
Table 2
Between group analysis: Comparison of hypometabolism between AD patients (n=40) an
voxels.

Local maximum (mm) t-value

x y z Voxel-level

−4 −54 26 6.84
−40 −66 42 6.60
42 −54 42 6.68
−62 −32 −18 5.40
64 −40 −16 4.52
24 −2 −32 4.78
30 −40 −6 4.76
Exploratory correlation analysis of hypometabolic regions

We further explored the spatial properties of the FDG PET data by
performing a correlation analysis on the mean values of the discrim-
inating ROIs. For each group, correlations between regions constitut-
ing each pattern (extracted from two-sample t-test and ICA) were
calculated while controlling for areas of the DMN. These correlations
are therefore partial correlations with respect to the areas of the
DMN. Controls were compared to AD patients and MCI subjects, and
regions with correlations above +/−0.5 were considered to bring ad-
ditional information and were included into the SVM. Results of this
analysis are shown in Figs. 4 and 5.

All groups showed highly correlated changes within frontal areas
(medial frontal, superior and middle frontal areas) with highest cor-
related metabolic changes observed for the MCI converter group
(pb0.05). Changes were more correlated between all frontal regions
and temporal areas in MCI converters. On average, with respect to
the control group, parietal and temporal areas were more highly
correlated for converters than for stable MCI (Figs. 4 and 5, top
right). Parietal and frontal areas were more highly correlated
(pb0.05) for AD patients compared to subjects with MCI (Fig. 4).
However, strongest correlation was observed in subjects with MCI
between metabolic changes in left lateral parietal and left inferior
temporal areas, though the correlation in these areas was highly
significant in all groups (pb0.05). Subjects with stable MCI had signif-
icant strongly correlated changes of metabolic activity between left
and right superior temporal areas, and left parahippocampal area.
AD patients alone showed highly significant correlated metabolic
changes between superior temporal and parahippocampal areas
bilaterally.

There was progressive involvement of PPC with other areas, from
posterior to anterior regions, with evolving stages of the disease.
Comparing stable MCI to NEC, significant metabolic change in the
PPC was associated with hypometabolism in left and right lateral
parietal areas, and with changes in parahippocampal as well as inferi-
or and medial temporal areas (pb0.05; Figs. 4 and 5, top and middle
left). When comparing stable and converting MCI (Fig. 4, top right),
PPC showed very significant correlated metabolic changes with bilat-
eral superior temporal areas (pb0.05). Correlation between the PPC
d normal elderly controls (n=40) at p(FDR)b0.001, for minimum cluster extent of 50

Label Cluster volume

(Most probable from AAL toolbox) (# voxels)

Precuneus–posterior cingulate 1511
Left parietal 2170
Right parietal 1397
Left inferior/middle temporal 976
Right inferior/middle temporal 112
Right superior temporal 55
Right para-hippocampal area 51

image of Fig.�2


Fig. 3. Resulting eight component maps determined from combined groups of controls and AD patients. Spatial ICA was performed using NetBrainWork with 40 classes
(p(unc)b0.001). The extracted components are in concordance with those found in resting state fMRI studies. Red: dorsal attentional, basal ganglia; Blue: ventral attentional;
Green: salient; Violet: limbic, DM; Yellow: medial visual; Cyan: posterior cingulate; Pink: executive control; Gold: lateral visual.
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and bilateral temporal and parahippocampal areas slightly increased
(ns), but there was decreased correlation between hypometabolism
in the PPC and right lateral parietal area (pb0.05). For subjects with
converting MCI and AD patients (Figs. 4 and 5, bottom right), meta-
bolic changes in the parietal were more highly correlated with
changes in prefrontal areas in AD (mainly middle and superior fron-
tal, pb0.05). Correlated changes between the lateral and superior
temporal areas slightly increased, while they continued to decrease
with parahippocampal areas (mainly left), and no differences were
observed with inferior and middle temporal areas bilaterally.

Pattern discrimination using SVM

Classification results for different combinations of FDG-PET
imaging and clinical features are shown in Table 3. Only the best per-
forming set for selected feature combinations are presented for each
group. Discrimination of controls and AD patients was achieved with
more than 97% accuracy in most combinations of clinical features only
(MMSE, ADAS, and ADAS-cog). Using the same combinations of clinical
features, the best accuracy achieved for discriminating between MCIs
andMCIc was 62% (usingMMSE and ADAS). By comparison, regions se-
lected from the FDG-PET maps based on the correlation analysis (left
lateral parietal, bilateral inferior temporal, and right parahippocampal
areas) yielded 80% accuracy for classificationwithin theMCI population.
Using the same regions for discrimination of NEC from pAD subjects
resulted in 75% accuracy (with 65% sensitivity and 85% specificity).
However, when medial and superior frontal (left and right) were used
with bilateral inferior and superior temporal areas, classification was
achieved with 92.5% accuracy for NEC and pAD, whereas the same
areas yielded 55% accuracy (60% sensitivity, 50% specificity) when dis-
tinguishing MCIs vs MCIc. Combining clinical scores and imaging fea-
tures from the FDG-PET improved the classification for NEC versus
pAD. Discrimination for the MCI population became more specific
with the combination of clinical and imaging features, albeit with a
small loss in sensitivity, but this was corrected with the addition of
more regions (parietal and temporal).

Discussion

Our study explored voxel-based group comparison and indepen-
dent component analyses of baseline FDG-PET data for the extraction
of imaging features to be used in conjunction with a classification
scheme in order to evaluate the potential of connectivity within
regional patterns of FDG-PET as an early biomarker of AD. Results
showed that FDG hypometabolic patterns from two-sample t-test
evolve in a predetermined fashion with disease progression, and
that these patterns strongly influence the specificity of the discrimi-
nation between different stages of AD. These hypometabolic patterns
were shown to include areas constituting the default mode network
(DMN), a resting network that has been consistently found to be im-
paired during resting state in MCI and AD (Bai et al., 2008; Greicius et
al., 2004; Rombouts et al., 2005; Sorg et al., 2007) beyond the more
general age-related disruption of large-scale networks (Andrews-
Hanna et al., 2007). Evidence suggests that the default mode network
is important to memory function as it is functionally disrupted in MCI
and AD (Miller et al., 2008).

The areas identified with the two-sample t-test and spatial ICA are
in concordance with the literature describing the clinical presentation
of the disease, and include regions involved in memory processing
that are known to be affected early in AD. The selected components
are thought to be associated with the clinical presentation of the dis-
ease because they are composed of regions that present greatest net-
work changes (defined by ICA) between the two populations. The
prefrontal cortex has been shown to be involved in working memory
and is also thought to play a key role by contributing with attentional
input and information integration (Dudkin et al., 2006; Müller and
Knight, 2006). Medial temporal cortices contain fundamental circuits
for declarative memory (Ranganath, 2006; Squire, 1999), and occipital
and inferior temporal areas are related to object recognition (Müller
and Knight, 2006). Patterns also included areas implicated in language
and visual processing. Regional metabolic deficits in the left posterior
cingulate cortex and the left hippocampal/parahippocampal area
were specifically related to impairments in verbal episodic memory
in a resting FDG-PET study in AD (Desgranges et al., 1998). Lesions to
the left inferior frontal and insular areas are known to produce apraxia
of speech, and damage to anterior temporal regions leads to semantic
memory deficits (Gorno-Tempini et al., 2004). Medial and lateral visual
areas and fusiform gyrus are involved in face recognition and spatial
navigation, and impaired visuo-spatial information processing is
thought to develop early in AD (Duffy, 2009; Rizzo and Nawrot,
1998; Silverman et al., 1994; Tetewsky and Duffy, 1999).

Patterns from spatial ICA agreed with known networks that have
been observed in resting state functional MRI studies of control
subjects and AD patients (Damoiseaux et al., 2006). Of the 18 networks
comparedwith the extracted components, all were matched (bymulti-
dimensional scaling), though they appeared to be broken down in two
or more components in some cases. In addition, these coherent
patterns were very similar to those typically observed in dementia of
the Alzheimer type, with highly coherent hypometabolism in the
temporal, parietal, and frontal areas, indicating a higher contribution
from these regions to discrimination between AD patients and controls
(Rombouts et al., 2009).

Both two-sample t-test and spatial ICA patterns closely resembled
the default mode network, with the known distribution of memory-
related areas. The pattern of reduced activity in AD has been described
in posterior associative cortices, extending to different frontal areas,
with a relative preservation of metabolism in the primary cortices
and subcortical structures using PET or fMRI (Herholz et al., 2002;
Rombouts et al., 2009).

Hypometabolic patterns of Fig. 1 show that medial pre-frontal areas
are affected early in individuals with MCI, followed by progressive
involvement of more posterior regions (left and right lateral parietal,
parahippocampal, PPC, temporal) in subjects with MCI at risk of
converting to AD. As the disease progresses, temporal areas become

image of Fig.�3


Fig. 4. Comparison of correlation coefficients between groups for the t-map clusters. The mask created from the contrast map was applied to each subject and the average ROI values
between groups were compared. MF: medial frontal; SFL/SFR: superior frontal left/right; MFL/MFR: middle frontal left/right; PCC: precuneus-posterior cingulate; PL/PR: parietal
left/right; TL/TR: temporal (inferior and middle) left/right; STL/STR: superior temporal left/right; pHL/pHR: para-hippocampal left/right.
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more involved. Thus from a state of mild cognitive impairment at risk
(or not) of conversion to AD, the glucose hypometabolic pattern begins
as medial pre-frontal, then appears to follow a posterior parieto-
occipito-temporal circuit (including the PCC) to finally become pre-
dominantly temporo-parietal, with participation of frontal areas, in
long-established AD (Fig. 5). Whether or not hippocampi would be
more involved at an earlier (stable to converting MCI) or later stage
(MCI converter to AD) of the disease remains to be verified, although
from this study the former seems more plausible as there was highly
correlated co-activation of parahippocampal with parietal and tempo-
ral areas when subjects with stable MCI were compared to the
converters (Figs. 1 and 4).

When the masks derived from comparison of these patterns were
applied to the different populations included in the study, increased
correlated metabolic activity within frontal and temporal areas was
observed for stable MCI (Fig. 4). In MCI converters, correlation
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Fig. 5. Comparison of correlation coefficients between groups for a selected component of interest. SFo (R01): superior frontal orbital gyrus; Prc (R02, R05, R08): precuneus;
MC (R03): middle cingulum; Ang (R04): angular gyrus; MT (R06): middle temporal gyrus; Ins (R07): insula; PcL (R09): paracentral lobule.
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between frontal and temporal areas increased, while there was
decreased correlation within the temporal areas. This was reversed
in the AD population as fronto-temporal correlations decreased, and
correlations within the temporal area increased, which could signal
the breakdown of cognitive compensation mechanisms. Increased
correlations between temporal and hippocampal areas were also
observed in these subjects. There were previous reports of strong in-
terconnection of the posterior cingulate with hippocampal formation
in individuals at risk for developing AD, probably as a compensatory
response for memory encoding mechanisms (Andrews-Hanna et al.,
2007; Greicius et al., 2004; Sperling et al., 2009; Vincent et al.,
2006). It is also known that the posterior cingulate has reciprocal
anatomical connections with the prefrontal (superior and middle
frontal) and orbitofrontal cortices, the inferior parietal lobule, the
superior temporal sulcus, and the parahippocampal gyrus (Pandya
et al., 1981). In the present work, such interconnections are portrayed
by the increased correlation between PPC and parahippocampal areas
in the stable MCI population compared to NEC (Fig. 4, top left). This
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Table 3
Classification with SVM using a RBF kernel with leave-one-out cross-validation. Listed are results for combinations of imaging (resting FDG-PET) and clinical (MMSE, ADAS, ADAS-
cog, Apoε) features for differentiating MCIs and MCIc. Regions were selected based on correlations and co-activation (ICA) patterns, and support vectors with weight above 50%
were included in the model. COI: component of interest; MF: medial frontal; SFL/SFR: superior frontal left/right; MFL/MFR: middle frontal left/right; PCC: precuneus-posterior cin-
gulate; PL/PR: parietal left/right; TL/TR: temporal (inferior and middle) left/right; STL/STR: superior temporal left/right; pHL/pHR: para-hippocampal left/right. MMSE: Mini Mental
State Examination; ADAS: Alzheimer’s Disease Assessment Scale; ADAS-cog: cognitive sub-scale; Apoε: apolipoprotein E.

Accuracy Sensitivity Specificity Features

NEC vs pAD
t-map 0.92 0.90 0.95 MF,SFL/R,TL/R,STL/R
Cognitive scores 1.00 1.00 1.00 MMSE, ADAS; ≥0.97 other
Cognitive, Apoε 1.00 1.00 1.00 MMSE, Apoε; ≥0.92 other
t-map, clinical 1.00 1.00 1.00 With MMSE, ADAS, or Apoε
t-map, COIs 0.91 0.84 1.00 44 clusters

MCIs vs MCIc
t-map 0.80 0.85 0.75 PL, TL/R, pHL
Cognitive scores 0.62 0.55 0.70 MMSE, ADAS
Cognitive, Apoε 0.68 0.65 0.70 MMSE, ADAS, ADAS-cog, Apoε
t-map, clinical 0.80 0.75 0.85 PL, TL/R, pHL, MMSE, ADAS, Apoε
t-map, cognitive 0.82 0.85 0.80 (P,T,ST)L/R, pHL, MMSE, ADAS
t-map, COIs 0.60 0.38 0.73 47 clusters
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co-activation decreases in MCI converters, and disappears altogether
in AD patients compared to NEC as the compensation mechanism
presumably collapses. On the other hand, correlations of PPC with
prefrontal areas appear only when MCI converters are compared to
AD patients, associated with a decreased correlation with parahippo-
campal area, indicating that information from the frontal and parietal
association cortices may no longer be relayed to the hippocampus.

Based on these observations, the areas with most discriminative
potential would be: 1. frontal (medial and superior) and temporal re-
gions for distinguishing AD from healthy controls (fronto-temporal
connections), and 2. lateral parietal, temporal, and parahippocampal
areas for discriminating between stable and converting MCI subjects
(temporo-parietal connections).

These interpretations should be regarded with caution. The accu-
racy of multicentric (heterogeneous) data samples, such as are used
in the present work, can be affected by the type of PET scanner and
the image reconstruction method. These have been shown to impact
on multivariate analyses such as PCA, which is used as a dimension
reduction step in our ICA approach (Markiewicz et al., 2011b). Both
t-test and ICA methods perform equally well for identification of
discriminating voxel patterns, but when there are differences in
connectivity between brain regions ICA detects more active voxels
at rest than t-test (Sato et al., 2008). Though they are classically
used to analyse FDG-PET data, univariate techniques such as t-test
analysis may not be using all the information available in the datasets.
These techniques tend to ignore functional correlations among brain
Table 4
Classification with SVM using a RBF kernel with leave-one-out cross-validation (unmatched
(MMSE, ADAS, ADAS-cog, Apoε) features. Regions were selected based on correlations and c
in the model. MF: medial frontal; SFL/SFR: superior frontal left/right; MFL/MFR: middle fr
temporal (inferior and middle) left/right; STL/STR: superior temporal left/right; pHL/pHR: p
Disease Assessment Scale; ADAS-cog: cognitive sub-scale; Apoε: apolipoprotein E.

Accuracy Sensitivity

NEC vs pAD
t-map 0.87 0.88
COIs 0.89 0.84
Cognitive, Apoε 0.99 0.98
t-map, COIs 0.91 0.84
t-map, COIs, clinical 0.98 0.96

MCIs vs MCIc
t-map 0.53 0.31
COIs 0.56 0.25
Cognitive, Apoε 0.67 0.12
t-map, COIs 0.60 0.38
t-map, COIs, clinical 0.60 0.25
structures and they may be lacking in both sensitivity and specificity
(Kerrouche et al., 2006). On the other hand, multivariate techniques
may bring some improvement in sensitivity, but they still lack in
specificity. ICA searches the regions of greatest coherent changes in
activity in the data, which might as well stand for anatomical variabil-
ity within the studied population rather than changes that could be
attributed to AD. Thus, the power of ICA is not necessarily superior
to t-tests, but is a function of the relationship between changes in
mean activation and the nature of the underlying connectivity
structure(s).

Classification of imaging data in AD, including FDG-PET, has been
achieved using SVMs in conjunction with either univariate or multivar-
iate techniques for feature selection (Salas-Gonzalez et al., 2010; Zhang
et al., 2011). In the present work, we combined the use of both ap-
proaches to take advantage of their respective sensitivity and specific-
ity in order to increase the differentiating capabilities of the
classification (Table 3). The obtained results for differentiating AD pa-
tients from cognitively normal control subjects are in line with classifi-
er performances reported in the literature (Table 4). It is interesting to
note that cognitive testing alone might as well be used for classification
of a population of cognitively normal controls against well-established
AD. The interest of our method is in its application to earlier stages of
AD, and the resulting improved differentiation of cognitively stable
MCI subjects from those at risk of converting to AD using the
FDG-PET biomarkers in combination with cognitive scores, with good
sensitivity and specificity. We have concentrated on the regions
subjects). Listed are results for combinations of imaging (resting FDG-PET) and clinical
o-activation (ICA) patterns, and support vectors with weight above 50% were included
ontal left/right; PCC: precuneus-posterior cingulate; PL/PR: parietal left/right; TL/TR:
ara-hippocampal left/right. MMSE: Mini Mental State Examination; ADAS: Alzheimer’s

Specificity Features

0.86 14 clusters
0.95 33 clusters
1.00 MMSE, Apoε; ≥0.89 other
1.00 44 clusters
1.00 13 clusters

0.65 13 clusters
0.75 36 clusters
0.98 MMSE, ADAS, ADAS-cog, Apoε
0.73 47 clusters
0.80 19 clusters
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constituting the DMN because they are involved in memory processing
and are known to be affected early in AD. Other components extracted
with spatial ICA, such as visual or attentional components, could
also be included in the classification scheme as a means to improve
discrimination.

Our results are encouraging, and argue for the need of a multi-
modality assessment of subjects with cognitive complaints.
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Appendix A. Independent component analysis

The main assumption behind ICA is that each data sample is a lin-
ear mixture of a set of statistically independent signal sources
(glucose hypometabolism in the present case) and is then unmixed
by means of a linear mixing model according to their statistical inde-
pendence measured by mutual information (Hyvärinen et al., 2001).
Assuming that x is a pixel vector in an image (here FDG-PET) which
is linearly mixed by a set of p statistically independent signal sources
s1, …, sp by means of a mixing matrix A as: x=As, where A is an L×p
mixing matrix and s=(s1, …, sp)T is a p-dimensional signal source
vector of brain glucose metabolism that must be separated. The aim
of ICA is to unmix the observed mixed signal source x using the
above equation to find an unmixing matrix W such that the p un-
known signal sources representing brain tissue clusters in the signal
source vector s can be separated by the following unmixing equation:
s=Wx. Analysis by independent components has shown great prom-
ise in fMRI, a method that provides task-related information in time
series of MR brain images. Since the image data for fMRI are collected
along a temporal sequence where the number of data samples,
denoted by L, is generally greater than p, the number of signal sources
of the task-related information to be separated, the ICA aims at solv-
ing an overdetermined system with Lbp. In this case, there are more
data samples to be used for data analysis than signal sources to be
separated. A general approach uses dimensionality reduction to
bring the value of L down to p in order to obtain a square unmixing
matrix W.

On the other hand, in PET image classification, one scan corre-
sponds to a single data sample. As a result, the number L=1 used
for PET image analysis in our experiment is smaller than the signal
sources representing the different brain tissue clusters (such as grey
matter, white matter, cerebrospinal fluid, abnormal tissue, etc.). In
this case, we have to solve an over-determined problem, as opposed
to the under-determined problem that must be solved with fMRI
data, where there is at least one IC which must accommodate multi-
ple tissue clusters due to the lack of data dimensionality. To resolve
this dilemma where there are insufficient ICs to deal with the large
number of brain tissue (signal sources) while preserving the ability
of ICA to enhance contrast brain images, the support vector machine
has been proposed for incorporation in conjunction with the ICA to
improve its separation abilities (Chai et al., 2010).
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