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a b s t r a c t
Fluorodeoxyglucose positron emission tomography (FDG-PET) studies report characteristic patterns of
cerebral hypometabolism in probable Alzheimer’s disease (pAD) and amnestic mild cognitive impairment
(aMCI). This study aims to characterize the consistency of regional hypometabolism in pAD and aMCI
patients enrolled in the AD neuroimaging initiative (ADNI) using statistical parametric mapping (SPM)
and bootstrap resampling, and to compare bootstrap-based reliability index to the commonly used type-I
error approach with or without correction for multiple comparisons. Batched SPM5 was run for each of
1000 bootstrap iterations to compare FDG-PET images from 74 pAD and 142 aMCI patients, respectively,
to 82 normal controls. Maps of the hypometabolic voxels detected for at least a speciﬁc percentage of
times over the 1000 runs were examined and compared to an overlap of the hypometabolic maps obtained
from 3 randomly partitioned independent sub-datasets. The results from the bootstrap derived reliability
of regional hypometabolism in the overall data set were similar to that observed in each of the three nonoverlapping sub-sets using family-wise error. Strong but non-linear association was found between the
bootstrap-based reliability index and the type-I error. For threshold p = 0.0005, pAD was associated with
extensive hypometabolic voxels in the posterior cingulate/precuneus and parietotemporal regions with
reliability between 90% and 100%. Bootstrap analysis provides an alternative to the parametric familywise error approach used to examine consistency of hypometabolic brain voxels in pAD and aMCI patients.
These results provide a foundation for the use of bootstrap analysis characterize statistical ROIs or search
regions in both cross-sectional and longitudinal FDG-PET studies. This approach offers promise in the
early detection and tracking of AD, the evaluation of AD-modifying treatments, and other biologically or
clinical important measurements using brain images and voxel-based data analysis techniques.
© 2010 Elsevier B.V. All rights reserved.
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1. Introduction
[18 F]-2-Fluoro-deoxy-d-glucose (FDG) positron emission
tomography (PET) measured cerebral metabolic rates for glucose
(CMRgl) have been widely used in the Alzheimer’s disease (AD)
research. In comparison with normal controls, patients with
probable Alzheimer’s disease (pAD) and amnestic mild cognitive
impairment (aMCI) have characteristic and progressive CMRgl
reductions in posterior cingulate (PC), temporal (TE), parietal (PA),
precuneus (PCu), occipital (OC) (Alexander et al., 2002; Foster
et al., 1983; Hoffman et al., 2000; Ibanez et al., 1998; Langbaum
et al., 2009; McGeer et al., 1990; Silverman et al., 2001, etc.). In
comparisons with non-carriers of the apolipoprotein E 4 (APOE4)
allele, the major genetic risk factor for late-onset AD, carriers of
this allele have preferentially reduced CMRgl in the same brain
regions, some of which occur decades before the anticipated onset
of symptoms (Reiman et al., 1996, 2001, 2004, 2005, etc.).
The FDG-PET data acquired in the multi-center Alzheimer’s
disease neuroimaging initiative (ADNI) study provided an unprecedented opportunity to conﬁrm and extend the previously reported
ﬁndings from single-scanner-based studies, many of them were
performed with relatively small number of subjects compared to
the number of participants in the ADNI study (but see Silverman et
al. as an exception) (Silverman et al., 2001).
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 pharmaceutical companies and non-proﬁt organizations,
as a $60 million, 5-year public–private partnership. The primary
goal of ADNI has been to test whether serial magnetic resonance
imaging (MRI), positron emission tomography (PET), other biological markers, and clinical and neuropsychological assessment can be
combined to measure the progression of mild cognitive impairment
(MCI) and early Alzheimer’s disease (AD). Determination of sensitive and speciﬁc markers of very early AD progression is intended
to aid researchers and clinicians to develop new treatments and
monitor their effectiveness, as well as lessen the time and cost of
clinical trials.
The Principle Investigator of this initiative is Michael W. Weiner,
M.D., VA Medical Center and University of California – San Francisco. ADNI is the result of efforts of many co-investigators from a
broad range of academic institutions and private corporations, and
subjects have been recruited from over 50 sites across the U.S. and
Canada. The initial goal of ADNI was to recruit 800 adults, ages
55–90, to participate in the research – approximately 200 cognitively normal older individuals to be followed for 3 years, 400
people with MCI to be followed for 3 years, and 200 people with
early AD to be followed for 2 years.
Using FDG-PET data acquired from the ADNI project, this study
(a) introduces the use of the bootstrap resampling technique
to assess the reliability of the detected regional CMRgl differences between two study groups (and potential use in CMRgl
changes over times in future separate study), and (b) illustrates its
usage in cross-sectional studies to detect the reliability of regional
hypometabolism in AD and aMCI, compared to NC.
To validate the bootstrap resampling approach assessing the
reliability and consistency of the brain regions where glucose
hypometabolism in patients with pAD or aMCI was observed,

1
Data used in the preparation of this article were obtained from the Alzheimer’s
Disease Neuroimaging Initiative (ADNI) database (www.loni.ucla.edu/ADNI). As
such, the investigators within the ADNI contributed to the design and implementation of ADNI and/or provided data but did not participate in the analyses or
writing of this report. The complete listing of ADNI investigators is available at
www.loni.ucla.edu\ADNI\Collaboration\ADNI Authorship list.pdf.

analyses were conducted using multiple sub-datasets randomly
partitioned from the original dataset to examine consistency across
multiple runs and to compare with the reliability obtained via bootstrap resampling. The comparison between the bootstrap reliability
and the consistence across multiple runs is with or without the correction for multiple comparisons based on the random-ﬁeld theory
(also called family-wise error, FWE). Finally, we provide our rational for the use of the reliability index in place of the type-I error
related indices such as the t or Z scores and the corresponding
p-values in the context of multiple comparison correction.
2. Material and methods
2.1. Subjects
As described in Langbaum et al., ADNI subjects aged between 55
and 90 at the time of enrollment. Eligibility criteria for enrollment in
each of the three speciﬁc groups are as follows. NC participants had
a Mini Mental State Exam (MMSE) score of 24 or higher, a Clinical
Dementia Rating (CDR) score of 0, and no diagnosis of depression,
aMCI, or dementia. AMCI participants had an 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 of 0.5, absence of signiﬁcant levels of impairment in other cognitive domains, preserved activities
of daily living (ADLs), and an absence of dementia (Petersen et al.,
2001). Mild AD participants had an 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). As described in the
ADNI procedure, each participant provided an informed consent,
and was studied under the guidelines approved by Institutional
Review Boards at each site. For more information, please refer to the
ADNI website (http://www.adni-info.org/index.php). At the initiation of the study, baseline FDG-PET data from 298 ADNI participants
(74 pAD, 142 aMCI, and 82 NC) were available for downloading
from the ADNI LONI (University of California, Los Angeles) website
(http://www.loni.ucla.edu/ADNI/) and were included in this study.
2.2. Data acquisition
FDG-PET scans were acquired according to a standardized protocol. Data presented in this paper were collected using over
22 different PET scanners. The proportion of subjects in each
subject group did not differ signiﬁcantly in the scanners used
to acquire their FDG-PET images (2 (51) = 21.9; p = 0.99). Subjects were instructed to fast for at least 4 h prior to their
scans. A six 5-min dynamic emission scan was acquired 30 min
after the intravenous injection of 5.0 ± 0.5 mCi of 18F-FDG, as
the subjects lay quietly in a dimly lit room with their eyes
open and minimal sensory stimulation. Data were corrected
for scatter and radiation-attenuation using transmission scans
and image reconstruction algorithms speciﬁed for each scanner
(http://www.loni.ucla.edu/ADNI/Data/ADNI Data.shtml).
2.3. Centralized FDG-PET image pre-processing
As described in Langbaum et al. in details and brieﬂy re-stated
here, the six 5-min emission frames acquired from all subjects were
pre-processed at the University of Michigan to help correct for
scanner-related differences in FDG uptake: First, the six emission
frames for each subject were co-registered to his or her ﬁrst frame
to create an average image. Second, this 30-min emission image
was normalized for the variation in absolute voxel intensity and
reoriented into an image consisting of 160 × 160 × 96 1.5 mm voxels, such that their horizontal sections were parallel to a section
through the anterior and posterior commissures. At this step, none
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and NC. Using several different signiﬁcant thresholds (corrected
FWE p = 0.05 or uncorrected at p = 0.005, p = 0.001 or p = 0.0005),
the binary brain region masks of hypometabolism in the pAD or
aMCI patients, when compared to NC, were created for each of the
3 datasets. Summing the hypometabolism binary masks, over the
3 runs, for each of the contrasts (pAD vs. NC, aMCI vs. NC) and for
each threshold, voxel value of 3, 2 or 1 signiﬁes the fact that the
corresponding location (voxel) was detected as hypometabolic in
all 3, 2 or 1 of the 3 runs, indicative of the reliability of the detected
hypometabolism.
Secondly, the bootstrap resampling approach was used, analyzing the entire dataset, to investigate the reliability of regional
hypometabolism in pAD and aMCI. For each of the 1000 resampling
iterations with replacement, the same statistical analyses contrasting group differences between pAD and NC, between aMCI and NC
were carried out. We developed a SPM batching procedure that
automated multiple SPM analyses (primarily setting up the general
linear model [GLM], estimating the GLM parameters and conducting the signiﬁcance assessments). The binary brain region masks
of the hypometabolism were generated in the same manner as
described above for each of various thresholds at each bootstrap
SPM iteration. The sum of these masks over the 1000 iterations for
each of the patient groups provides the frequency (or percentage)
a given voxel were classiﬁed as hypometabolic for a given threshold. For threshold p = 0.005, for example, if a voxel was detected as
hypometabolic 800 times over the 1000 SPM runs, then the sum
of the 1000 masks would have the numerical value of 800 at this
voxel location, indicative of the detection reliability as 80% using
the corresponding threshold p = 0.005.

of the images was linearly or non-linearly deformed for individual
differences in size and shape. Finally, a scanner-speciﬁc smooth ﬁlter was used to ensure that all of the images had an isotropic spatial
resolution of 8 mm full-width-at-half-maximum (FWHM). The speciﬁc ﬁlter functions were determined from the Hoffman phantom
PET scans that were acquired during the certiﬁcation process.
2.4. SPM spatial pre-processing and statistical analysis
As stated above, the baseline FDG-PET data pre-processed at
the University of Michigan were downloaded from the ADNI LONI
website SPM5 (http://www.ﬁl.ion.ucl.ac.uk/spm/) was the primary
analytic platform for our analyses. The origins of the images were
ﬁrst re-centered so the images are spatially located within the
neighborhood of the SPM MNI template. The baseline PET from each
subject was spatially deformed, linearly and non-linearly with the
SPM5 default settings, to the coordinate space of the SPM brain
template with left/right orientation conﬁrmed and normalization
results visually inspected during the quality assurance and control
process. All images were further smoothed by a Gaussian kernel
with the FWHM of 12 mm.
Voxel-by-voxel statistical analyses of various types were then
performed. For all analyses, the global count computed by the SPM
sub-routine spm global was accounted for by proportional scaling.
Voxel-wise analysis of variance (ANOVA) was used to examine the
differences among pAD, aMCI and NC. In the framework of ANOVA
(with pooled variance and degree of freedom), Student t-test was
used to investigate the hypometabolic brain regions of pAD patients
or aMCI patients in comparison to NC. In order to understand the
results of bootstrap resampling procedure described below, various
values of FWE (random-ﬁeld theory-based multiple comparison
corrected type-I error) and uncorrected type-I error were used to
examine the SPM t-score maps and investigate their relationship
to the bootstrap-based reliability.

3. Results
The subject groups’ demographic characteristics, MMSE scores,
and APOE 4 carrier status are described in Table 1. The three groups
did not differ signiﬁcantly in their gender distribution. The pAD
group was slightly older than the aMCI (p = 0.01) and had slightly
fewer years of education compared to the NC group (p = 0.04). As
expected due to enrollment criteria, the pAD group had significantly lower MMSE scores than both the aMCI and NC groups
(p < 0.001), and the aMCI group had signiﬁcantly lower MMSE
scores than the NC group (p < 0.001). Also as expected, the pAD
and aMCI groups had a signiﬁcantly higher proportion of subjects
with one or two copies of the APOE 4 allele (p < 0.001) than the
NC group, and the three groups differed in the distribution of CDR
scores (p < 0.001).

2.5. Reliability of regional hypometabolism in pAD and aMCI
As mentioned earlier and primarily to cross-validate our bootstrap approach, we performed two complementary analyses,
bootstrap resampling over the full ADNI FDG-PET dataset and SPM
runs over several subsets of this entire dataset. First, the entire data
set was divided into three non-overlapping sub-datasets of equal
size (1/3 of the total cases for each sub-dataset). For each of the
3 datasets, the same analyses described above were used to contrast the group differences between pAD and NC and between aMCI
Table 1
Probable AD, amnestic MCI and NC group demographics.
pAD (n = 74)

aMCI (n = 142)

NC (n = 82)

p-value

Age
Sex (% male/female)
Education (in years)
MMSE score

71.1 ± 10.1
34/66
14.8 ± 3.3
23.2 ± 2.2

66.3 ± 11.9
20/80
15.3 ± 2.7
27.1 ± 1.7

68.4 ± 10.3
22/78
15.9 ± 2.8
29.0 ± 1.1

0.01a
0.08
0.04b
<0.001a , b , c

CDR severity score (%)
0
0.5
1.0

0
37.8
62.2

0.7
99.3
0

100
0
0

< 0.001a , b , c

APOE 4 gene dose (%)
No copies
One copy
Two copies

35.1
47.3
17.6

45.1
40.8
14.1

74.4
23.2
2.4

<0.001b , c

Age, education and MMSE are in mean ± SD, and all others in percentages. Demographic differences between NC, aMCI, and AD participants were analyzed using one-way
analysis of variance (ANOVA), Fisher’s exact and Chi-square (2 ) tests. Scheffé-multiple comparison test was used to compare the differences between each pair of means.
a
pAD signiﬁcantly different from aMCI.
b
pAD signiﬁcantly different from NC.
c
aMCI signiﬁcantly different from NC.
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Fig. 1. The hypometabolic pAD brain regions obtained via multi non-overlap sub-datasets and the bootstrap resampling, respectively.

We ﬁrst examined the consistency of regional hypometabolism
for patients with pAD or aMCI over the three separate SPM runs
using non-overlap sub-datasets.
3.1. Comparing reliability obtained using type-I error correction
in three non-overlapping datasets to bootstrap resampling in the
combined data set
Using uncorrected p = 0.005 to illustrate our general ﬁndings,
the top panel of Fig. 1 displays the brain regions where the
hypometabolism in patients with pAD was observed in all three
separate SPM runs (in white), in two of the three runs (in yellow)
and in any one of the three runs (in red). For uncorrected p = 0.005,
p = 0.001 and corrected p = 0.05, hypometabolic pAD brain regions
with the highest reliability (overlap over all three runs) included
left and right PCu, PC, middle cingulate (MC), left and right angular gyrus, left and right TE, right inferior PA, left fusiform (only at
uncorrected p = 0.005), left parahippocampal (only at uncorrected
p = 0.005), left and right OC, and left supramarginal gyrus. In addi-

tion to these regions, hippocampus (only at uncorrected p = 0.005)
was also detected for the middle-level reliability (2 out of 3 runs).
For the lowest reliability (1 out of 3 runs), additional brain regions
such as prefrontal and thalamus (only at uncorrected p = 0.005)
were also detected.
The bootstrap-based reliability maps (shown in the bottom
panel of Fig. 1 for pAD and 2 for aMCI, respectively) were compared to the maps estimated from the separate analyses conducted
on three independent sub-datasets (shown in the top panels of
Figs. 1 and 2). Although there are some differences between the
overlap index maps and the bootstrap-based reliability maps, the
overall patterns of the two groups of maps are quite similar. Moreover, the reduction in degrees of freedom for each of three separate
analyses may contribute to the reduction in overlap maps or reliability maps.
The top panel of Fig. 2 is analogous to the top panel of Fig. 1 but
for patients with aMCI. We observed reduced reliability as no voxel
survived all 3 runs, even at the uncorrected p = 0.005. For p = 0.001
and p = 0.005, the hypometabolic brain regions for aMCI patients
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Fig. 2. The hypometabolic aMCI brain regions obtained via multi non-overlap sub-datasets and bootstrap resampling, respectively.

at middle-level reliability (2 out of 3 runs) included PCu, PC, prefrontal (only at p = 0.005), anterior cingulate (AC) and MC (only at
p = 0.005). The low-level reliability (1 out of 3 runs) hypometabolic
brain regions included additional prefrontal, parietal temporal,
occipital (only at p = 0.005), fusiform (only at p = 0.005), parahippocampal (only at p = 0.005) and thalamus.
The degree of overlap out of the 3 separate sub-analyses was
strongly correlated with the t-scores in examining, based on a single
SPM analysis on the entire dataset, the hypometabolism in pAD
patients compared to NC as shown in Fig. 3 (linear trend R2 = 0.527,
p < 1.1e−16). This raises the possibility of using the overall t-score
or the corresponding p-value as an alternative reliability index (see
more discussion on this below).

3.2. Bootstrap results
The bootstrap procedure was run 1000 times to contrast the
group differences between patients with pAD and NC subjects,

Fig. 3. The correlation between the degree of hypometabolic overlap out of the 3
separate sub-analyses and t-score in overall analysis.
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Fig. 4. The maps of hypometabolic voxels with detection frequency of ≥10% and 100% of the 1000 runs, respectively reliable at p = 0.0005 in pAD patients compared to NC
using bootstrapping.

Fig. 5. The maps of hypometabolic voxels with detection frequency of ≥10% and 100% of the 1000 runs, respectively reliable at p = 0.0005 in aMCI patients compared to NC
using bootstrapping.

and between aMCI and NC subjects. Various thresholds for type-I
error, corrected and uncorrected, were used at each bootstrap iteration to examine if the CMRgl in patients with pAD or MCI was
lower than that in NC at each voxel location. Fig. 4 shows the maps
of voxels found to be hypometabolic 10% reliable or higher (left
panel) and 100% reliable at p = 0.0005 in pAD patients compared
to NC, illustrating the generally consistent ﬁndings for these different thresholds. At p = 0.0005, the number of times out of 1000
iterations a given voxel is detected as hypometabolic (i.e., CMRgl
is lower in pAD than in NC for p = 0.0005 uncorrected for multiple comparisons) was calculated and recorded as intensity value
of the voxel. The left and right panels of Fig. 4 display the maps of
hypometabolic voxels with detection frequency of ≥10% and 100%
of the 1000 runs, respectively. The collection of voxels detected as
hypometabolic over the map with a detection frequency, f1 , was a
subset of hypometabolic voxels over the map with a frequency f2
which is lower than f1 .
Fig. 5 shows the hypometabolic detection frequency results for
aMCI patients compared to NC. Note that for p = 0.0005, no voxel
was detected as hypometabolic 100% over the 1000 runs.
We note that both p-values (FWE corrected and uncorrected)
and their corresponding t-scores can be treated as an index of reliability. By deﬁnition, the more signiﬁcant a given type-I error or
the higher the t-score is, the less likely the detected group difference is a false positive; therefore such group difference is more
reliable. Thus the numerical values of the reliability index assessed
by the bootstrap procedure should be positively correlated with
the t-scores and negatively correlated with p-values as shown in
Fig. 6. However, this relationship is not linear, nor is it one-to-one
(numerically). From Fig. 6, the mid portion of the curve depicting

the relationship between the number of times a voxel is detected as
hypometabolic and its t-score is gradual and monotonic (between
the range of 50 and 950). At the lower and upper extremes of the
curve, the increase is accelerating with more vertical appearance
in plotting. In fact, for all t-scores ≥8, we have 100% reliability by
the bootstrap procedure. The corresponding t-scores for FWE cor-

Fig. 6. The numerical values of the reliability index assessed by the bootstrap procedure are positively correlated with the t-scores and negatively correlated with
p-values.
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Fig. 7. The hypometabolic brain regions detected using bootstrap for 100% of the runs (in purple) and those detected using FWE (in blue) for the uncorrected p = 0.01, 0.005,
0.001,0.0005 and 0.0001, respectively. (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of the article.)

rected p = 0.05, p = 0.005 and p = 0.0001 are indicated by the dotted
horizontal lines. Note that, for example, FWE of 0.005 does not correspond to 100% detection by the bootstrap resampling procedure
with uncorrected p = 0.005 at each iteration. In fact, the bootstrap
assessed reliability is 81.5% (815 out of 1000 runs) for FWE = 0.005.
For further examination of the threshold of 0.005 used in bootstrap,
the most liberal p-value for those voxels over which 100% overlap
was observed is 2.7934e−07, more restricted than 1.24e−5 corresponding to FWE of 0.005. The hypometabolic regions deﬁned using
the more restricted p-value threshold should overlap precisely with
the bootstrap deﬁned 100% reliable hypometabolic regions. Also
note that the 100% detection with the use of p = 0.005 threshold in
each bootstrap iteration is with FWE p = 0.001853.
Fig. 7 shows the pattern of regional hypometabolism detected
using bootstrap for 100% of the runs (in purple) and those detected
using FWE (in blue) for the uncorrected p = 0.01, 0.005, 0.001,
0.0005 and 0.0001, respectively. The ﬁgure clearly demonstrates
the more restricted nature of the p-value used in the bootstrap iteration compared to the FWE. As an example, the rightmost image
shows the hypometabolic regions that survive FWE p = 0.0001
which is larger than the hypometabolic regions detected 100% of
the times at p = 0.0001 threshold at each bootstrap iteration. Since
the re-sampled datasets are not independent of each other by the
virtue of the bootstrap resampling with replacement technique,
the non-linear relationship with the t-score (or uncorrected or corrected p-value) with the bootstrap derived reliability index might
partially due to the data dependency.
4. Discussion
In this study, we proposed the bootstrap resampling technique
to assess the reliability of the detected hypometabolic brain regions
in patients with pAD or aMCI in comparison to NC. We believe that
this approach offers the potential to reliably detect either a statistical ROI or search region in cross-sectional studies, helping in the
early detection of AD (e.g., the differential diagnosis of AD, the prediction of subsequent rates of cognitive decline, and the enrichment
of clinical trials for those individuals most likely to have AD or show
subsequent cognitive decline. It also has potential to detect either
a statistical ROI or search region in longitudinal studies, helping to
track AD and evaluate AD-modifying treatments with optimal statistical power and freedom from the type-I error associated with
multiple comparisons (Chen et al., 2010).
Researchers have proposed using brain imaging techniques,
such as FDG-PET and volumetric MRI, to evaluate AD-modifying
treatments with better statistical power than clinical endpoints.
Unlike the region of interest (ROI)-based method, the widely used
voxel-based approach fully utilizes the richness of image-wise
information. However, the latter approach has the issue of the
inﬂated type-I error when multiple tests are performed simultaneously (i.e., multiple comparisons). We have recently shown how
empirically derived statistical ROI’s of CMRgl decline can be used
to help optimize statistical power to evaluate AD-modifying treatments free of multiple comparisons (Chen et al., 2010). The method
(using family-wise error in the previous publication or bootstrap

with resampling [unpublished data] permits us to capitalize on the
entire data set, without relying on preconceived ROIs. The bootstrap resampling technique allows us to assess the reliability of
the observed hypometabolism and thus deﬁne a collection of reliable voxels as the functional ROI. Although we used cross-sectional
data in the current study to introduce this new approach and compared it with the FWE approach, all the proposed procedures can
be applied to longitudinal data to deﬁne functional ROI. Future
work will focus on using the deﬁned and validated functional ROI in
power estimation. Moreover, we plan to deﬁne the functional ROI
with 100% reliability via the bootstrap approach with one dataset
and then perform the power analysis using an independent dataset.
We believe our planned analyses fully utilize the richness of the
neuroimaging data, while at the same time being free of multiple
comparison concerns.
In applying this method to examine the longitudinal CMRgl
decline, one should be also aware of the effects of the use of global
counts as a reference by proportional scaling. Our own previous
study showed the global CMRgl decline in AD patients (Alexander
et al., 2002). The regional CMRgl decline relative to global over
time could be artiﬁcially reduced due to the decrease of the global
measurement for the follow up scans. In this study, we followed
the conventional use of global counts the same as in a number of
previous studies, aiming primarily to introduce and cross-validate
the Bootstrap resampling based reliability index of the AD related
hypometabolism for cross-sectional studies. In one recent separate
but related study by our group (Chen et al., 2010), we examined the
effects of using different reference regions for their sensitivity and
statistical powers to characterize the 12-month CMRgl decline. The
reference regions we examined in that study included the global
counts, sensory-motor, thalamus, pontine, cerebellum and the relatively spared brain regions over the 12-month period. Results from
that study showed that the use of the spared region gave the highest
sensitivity in detecting the longitudinal declines. We note that additional studies are needed to examine the combined effects of using
one of these reference regions, the degree of additional smoothing to the images, the threshold to deﬁne the decline and spared
regions and other settings in conjunction with the generalization of
the proposed reliability index deﬁned by the Bootstrap resampling
procedure to longitudinal data.
In the statistical inference stage of the neuroimaging data analysis, multiple comparison correction is conducted over a speciﬁed
brain volume (the search volume is the whole brain by default). A
volume chosen for multiple comparison correction is based on previous ﬁndings or expert knowledge about its involvement with the
biological process of interest (such as hypometabolism in patients
with AD or activation in response to a stimulus). Each location or
voxel in the volume is treated equally in this multiple comparison
correction protocol. We are interested in incorporating the differential involvement each location into the correction. For the AD
study, for example, the differential involvement can be in the form
of the assessed degree of reliability of the hypometabolic voxel.
Voxels with lower reliability should have been given less weight
than those with higher reliability in the correction. The present
study was conducted with the goal of establishing a technique
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to estimate the variation in reliability. In future studies we will
address the issue of how to integrate the estimated reliability into
the multiple comparison correction.
It is important not to confuse the chance that a voxel is repeatedly observed as hypometabolic with the FWE. For instance, when
using bootstrap resampling with a given uncorrected p-value such
as 0.005, the corresponding FWE is high. In our analysis (given the
brain mask and the smoothness applied), PFWE = 0.896 for uncorrected p = 0.005. One may argue that given such high false positive
rate (0.896), the chance to see the same group difference in three
independent runs is as high as 0.7193 (=0.8963 ). This reasoning,
however, is inadequate since the random-ﬁeld based FWE is the
probability of existence of at least one brain location/voxel at which
the magnitude is higher than the threshold corresponding to the
given probability, this probability does not address the repeated
observations at the same voxel locations over multiple analyses.
When a location is observed as signiﬁcant in the ﬁrst analysis, the
probability to observe signiﬁcance at the same location again in an
independent dataset, under the null hypothesis, is the uncorrected
p-value and there is no need to correct for the multiple comparisons
for this approach.
Please note that the reliability in the present study was estimated using repeated resampling with replacement from a single
dataset. With the exact theoretical statistical nature yet to be fully
understood, we caution its use and equating it with conventional
perception of reliability. However, our bootstrap results were quite
similar to that for each of the three non-overlapping data sub-sets.
Moreover, we related the reliability index to the well-understood
type-I error (FWE or uncorrected) with a positive and signiﬁcant
association between the two.
Apparently, the computational expense is high for the bootstrap
resampling procedure compared to the generation of the statistical
parametric maps. However, it is not impractical with the efﬁcient
batching procedure in place even for a modern personal computer.
Both approaches can be used to deﬁne statistical region of interests
for examining the cross-sectional group differences and for investigating the longitudinal declines in each subject group and the
decline differences among different groups. Though the results of
both approaches could be similar, results from Bootstrap approach
could be easier to interpret (see more details below) and potentially with higher power as our on-going internal investigations
suggested and as the possibility of the violation of the normal distribution assumption for the parametric approach. In that, we note
that p-value threshold used in the bootstrap procedure was not for
statistical inference purpose.
In place of the type-I error concept, we proposed the notion of
reliability for potential power estimation and for a more precise
multiple comparison correction taking the degree of conﬁdence
of prior knowledge into consideration. We believe this tactic is
straightforward, intuitive, and can potentially be used for power
estimation and for correction of multiple comparisons. One might
think the use of 1 −  as reliability index ( is FWE) as reasoned
in the current study relating FWE to the bootstrap deﬁned reliability. FWE is deﬁned under the null hypothesis of no group
difference. Thus, the direct interpretation for 1 −  is the probability that there is no voxel/location in the examined volume that
exceeds the threshold determined by . With this strict and technical deﬁnition, relating to observation reliability needs abstract
and difﬁcult reasoning, a motivation for our current undertaking
efforts.
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