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Purpose: To assess the extent to which multiple Alzheimer disease 
(AD) biomarkers improve the ability to predict future de-
cline in subjects with mild cognitive impairment (MCI) 
compared with predictions based on clinical parameters 
alone.

Materials and 
Methods:

All protocols were approved by the institutional review 
board at each site, and written informed consent was ob-
tained from all subjects. The study was HIPAA compliant. 
Alzheimer’s Disease Neuroimaging Initiative (ADNI) base-
line magnetic resonance (MR) imaging and fluorine 18 
fluorodeoxyglucose (FDG) positron emission tomography 
(PET) studies for 97 subjects with MCI were used. MR im-
aging–derived gray matter probability maps and FDG PET 
images were analyzed by using independent component 
analysis, an unbiased data-driven method to extract in-
dependent sources of information from whole-brain data. 
The loading parameters for all MR imaging and FDG com-
ponents, along with cerebrospinal fluid (CSF) proteins, 
were entered into logistic regression models (dependent 
variable: conversion to AD within 4 years). Eight models 
were considered, including all combinations of MR imag-
ing, PET, and CSF markers with the covariates (age, ed-
ucation, apolipoprotein E genotype, Alzheimer’s Disease 
Assessment Scale-Cognitive subscale score).

Results: Combining MR imaging, FDG PET, and CSF data with 
routine clinical tests significantly increased the accuracy 
of predicting conversion to AD compared with clinical 
testing alone. The misclassification rate decreased from 
41.3% to 28.4% (P , .00001). FDG PET contributed 
more information to routine tests (P , .00001) than CSF 
(P = .32) or MR imaging (P = .08).

Conclusion: Imaging and CSF biomarkers can improve prediction of 
conversion from MCI to AD compared with baseline clin-
ical testing. FDG PET appears to add the greatest prog-
nostic information.
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biomarker utility have been published 
from ADNI (11,18–24), but relatively 
few have examined the additive utility 
of such biomarkers above and beyond 
routine neuropsychological tests. This 
is critical because none of the bio-
markers are likely to be used clinically 
before cognition is assessed.

In the current study, we analyzed 
whole-brain structural MR imaging and 
FDG PET results in subjects with MCI 
from the ADNI by using a multivariate 
analysis technique called independent 
component analysis (ICA). ICA is used 
to isolate unique features from complex 
biomarkers, potentially revealing hidden 
patterns underlying three-dimensional 
imaging data sets (25). This technique 
eliminates the need for a priori knowl-
edge of the effects on underlying brain 
anatomy (26) and uses whole-brain 
data, in lieu of a region-of-interest ap-
proach (27). Furthermore, it allows one 
to incorporate, yet not overweight, the 
large amount of information in whole-
brain MR and FDG PET imaging data by 
distilling the data set into a few essential 
patterns, or components, which account 

entorhinal cortex, amygdala, hippo-
campus, and parahippocampal gyrus 
(2). FDG PET has revealed hypometab-
olism in the temporoparietal regions, 
posterior cingulate cortex, and frontal 
lobe even prior to atrophy (2,13–15). 
Despite these findings, these modal-
ities have not yet been proved accu-
rate enough for prognostic use in the 
routine clinical setting or clinical drug 
trials. It is possible, however, that MR 
imaging and FDG PET are complemen-
tary (13,16) and yield additional infor-
mation when interpreted jointly.

The Alzheimer’s Disease Neuroim-
aging Initiative (ADNI) was launched in 
2003 and is a national multisite study 
with the goal of collecting a wide range 
of longitudinal data in 200 healthy el-
derly control subjects, 400 subjects 
with MCI, and 200 subjects with AD. 
ADNI is the result of efforts of many co-
investigators from academic institutions 
and private corporations, and subjects 
were recruited from more than 50 sites 
across the United States and Canada. 
The data include a wide array of neuro-
psychological test results, genetic data, 
cerebrospinal fluid (CSF) biomarkers, 
structural MR imaging results, and PET 
scan results, and subjects are followed 
up every 6 months (17). The primary 
goal of ADNI was to test whether bi-
ologic markers, clinical features, and 
neuropsychological assessment can be 
combined to measure progression of 
disease. Numerous studies of combined 

A lzheimer disease (AD) is a neuro-
degenerative disorder that results 
in progressive cognitive, func-

tional, and behavioral changes (1,2). 
It affects more than 30 million people 
worldwide and that number is expect-
ed to triple by 2050 (3–6). Increasing 
evidence suggests that the pathologic 
timeline of AD may begin years to de-
cades before clinical diagnosis, with an 
initial asymptomatic phase (preclinical 
AD) followed by a phase with mild cog-
nitive impairment (MCI) (2,7,8). Ap-
proximately 10%–15% of subjects with 
MCI progress to meet criteria for AD 
yearly (9–11). Because new treatments 
are likely to be most effective at the 
earliest stages of AD, there is great ur-
gency to develop sensitive markers that 
facilitate detection and monitoring of 
early brain changes in at-risk individ-
uals. Such markers may also help speed 
development of novel therapies to pre-
vent or slow brain loss.

A number of biomarkers are un-
der investigation for prognostic utility 
in MCI, of which structural magnetic 
resonance (MR) imaging and fluorine 
18 fluorodeoxyglucose (FDG) positron 
emission tomography (PET) are the 
two best-studied imaging markers (12). 
Structural MR imaging has shown me-
dial temporal lobe atrophy in patients 
with MCI and AD, especially in the 

Implications for Patient Care

 n Combining routine clinical tests 
with MR imaging, FDG PET, and 
CSF biomarkers yields the high-
est accuracy for predicting con-
version to AD in subjects with 
MCI; however, the model with 
the highest efficiency includes 
only clinical tests and FDG PET, 
suggesting that the benefit of ad-
ditional diagnostic tests is 
unclear.

 n Further validation, standardiza-
tion, and cost-effectiveness 
studies are needed to translate 
the most useful biomarkers into 
routine clinical practice.

Advances in Knowledge

 n Adding data from three imaging 
and molecular biomarkers, MR 
imaging, fluorine 18 fluorodeoxy-
glucose (FDG) PET, and cerebro-
spinal fluid (CSF) proteins, to 
routine clinical tests in patients 
with mild cognitive impairment 
(MCI) reduces false classification 
rates in predicting conversion to 
Alzheimer disease (AD).

 n Among these three imaging and 
molecular biomarkers, FDG PET 
appears to be the primary con-
tributor, with misclassification 
rates for FDG PET, MR imaging, 
and CSF compared with clinical 
variables alone of 27.2% (P , 
.00001), 39.2% (P = .08), and 
39.6% (P = .32), respectively.
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Alzheimer’s Disease Assessment Scale-
Cognitive subscale (ADAS-Cog) (70- 
and 85-point scales, which excluded 
and included delayed word recall and 
number cancellation, respectively), 
Clinical Dementia Rating-Sum of Boxes, 
and Mini-Mental State Examination. 
All cognitive scores used were baseline 
scores. Conversion to AD was based on 
clinical evaluation, with subjects having 
Mini-Mental State Examination scores 
between 20–26 (inclusive) and a Clini-
cal Dementia Rating of 0.5 or 1.0; they 
also had to meet National Institute of 
Neurological Disorders and Stroke and 
Alzheimer’s Disease and Related Disor-
ders Association criteria for probable 
AD (28).

Implementation of ICA on MR Imaging 
and FDG PET Data
MR imaging gray matter probability 
maps and FDG PET images were an-
alyzed separately by using standard 
ICA in a toolbox (Fusion ICA Toolbox, 
or FIT, version 2.0b, 2009; MIALAB, 
The Mind Research Network, Univer-
sity of New Mexico, Albuquerque, NM) 
(27) to isolate unique sources that vary 
among subjects (25,26). Four MR im-
aging and nine FDG PET components 
were extracted, and the loading param-
eters were used for statistical analysis 
(Appendix E1 [online]). Notably, the 
components were not extracted on 
the basis of the known outcome of the 
study; rather, they were extracted to 
account for variance across the entire 
MCI study population without regard to 
future conversion status.

Statistical Analysis
The loading parameters for all com-
ponents were analyzed by group (con-
verters vs nonconverters) by using an 
independent t test to determine which 
MR imaging or FDG PET components 
were associated with conversion to AD. 
To determine which neuropsychological 
test was best associated with conversion, 
logistic regression models (dependent 
variable: conversion within 4 years) us-
ing one neuropsychological test in com-
bination with age, education, ApoE ge-
notype, and the three biomarkers (MR 
imaging, FDG PET, and CSF proteins) 

MR images were preprocessed, hav-
ing undergone correction for gradient 
nonlinearity, intensity nonuniformity, 
and residual intensity nonuniformity. 
The images were scaled on the basis 
of phantom acquisitions (29). Whole-
brain gray matter probabilities were 
then extracted from the MR imaging 
results by using a voxel-based mor-
phometry analysis (FSL-VBM) (30,31) 
that utilizes FMRIB Software Library 
tools (Oxford Centre for Functional 
Magnetic Resonance Imaging of the 
Brain, University of Oxford, Oxford, 
England; http://www.fmrib.ox.ac.uk/
fsl) (32) (Appendix E1 [online]).

FDG PET Image Acquisition and Analysis
FDG PET images were coregistered, av-
eraged, reoriented, intensity corrected, 
and smoothed (29). These FDG PET 
images were registered to the subject’s 
corresponding brain-extracted MR 
imaging studies and then to standard 
MNI152 (Montreal Neurological Insti-
tute, Montreal, Québec, Canada) space 
by using an image registration tool 
(FLIRT, or FMRIB linear image regis-
tration tool; University of Oxford) and 
a nonlinear registration tool (FNIRT, 
or FMRIB nonlinear image registration 
tool; University of Oxford) (32,33) (Ap-
pendix E1 [online]).

CSF Acquisition and Analysis
CSF samples were obtained by using 
lumbar puncture and examined for tau, 
p-tau181P, and b2amyloid1–42 (Ab1–42) as 
described previously (34). More de-
tailed protocols can be found on the 
ADNI Web site (35). All three proteins 
were included in this study; ratios were 
not included. The CSF proteins were 
used as continuous variables in the lo-
gistic regression, so there were no cut-
off values for CSF that labeled subjects 
as having normal or abnormal results.

Clinical and Cognitive Measures
Subjects with MCI from the ADNI were 
followed up for up to 4 years, with 
visits occurring every 6 months for 2 
years and every 6–12 months after that. 
The cognitive measures compiled in-
cluded the Wechsler Memory Scale-Log-
ical Memory (delayed and immediate), 

for the variability across subjects. With 
this in mind, the purpose of this study 
was to examine the additive value of 
biomarkers, such as CSF proteins, MR 
imaging, and FDG PET, above and be-
yond routine clinical tests to develop 
the best model that could differentiate 
subjects with MCI who converted to  
AD from those who did not.

Materials and Methods

Data used in the preparation of this 
article were de-identified and obtained 
from the ADNI database (www.loni 
.ucla.edu/ADNI). For up-to-date infor-
mation, see www.adni-info.org. Eligi-
bility criteria can be found in the ADNI 
Procedure Manual (28) at http://adni 
.loni.ucla.edu/research/protocols/. All 
protocols were approved by the insti-
tutional review boards at each site, and 
written informed consent was obtained 
from all subjects prior to enrollment. 
The study was Health Insurance Porta-
bility and Accountability Act compliant. 
The research reported in this study 
was not directly industry supported; 
the ADNI was supported, and these 
sponsors are listed in the Acknowledg-
ments and Disclosures sections. The 
authors of this article who do not have 
any connection to the industry com-
panies listed in the Acknowledgments 
and Disclosures had control over the 
inclusion of any data and information 
that may present a conflict of interest. 
This analysis was not supported by any 
specific external funds but was done by 
the authors on their own research time.

Sample
In this retrospective study, we identified 
97 patients with MCI from the ADNI 
who had baseline clinical examination 
results, 1.5-T magnetization-prepared 
rapid acquisition gradient-echo MR im-
aging results, FDG PET scan results, 
CSF markers, apolipoprotein E (ApoE) 
genotype, and results from at least one 
follow-up clinical examination as of Oc-
tober 19, 2010 (Appendix E1 [online]).

MR Image Acquisition and Analysis
T1-weighted (1.5-T) magnetization-
prepared rapid acquisition gradient-echo 
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Finding the Best Neuropsychological Test 
Associated with Conversion
Without any neuropsychological tests, 
the model including age, education, 
ApoE genotype, and the three bio-
markers resulted in a misclassification 
rate of 12.5%. Adding Mini-Mental 
State Examination did not change the 
misclassification rate. Clinical Dementia 
Rating-Sum of Boxes and ADAS-Cog 
(70-point scale) lowered the misclas-
sification rates to 11.5% and 9.4%, 
respectively. Wechsler Memory Scale-
Logical Memory (delayed recall) and 
ADAS-Cog (85-point scale) increased 
the misclassification rate to 15.6% and 
13.7%, respectively. Overall, ADAS-
Cog (70-point scale) had the lowest 
misclassification rate at 9.4% and was 
included as the representative neuro-
psychological test in all other models.

Best Model Separating Converters from 
Nonconverters
Misclassification rate of neuropsycho-
logical testing and other clinical data 
alone was relatively high (39.18%), 
which was confirmed with k-fold (k = 10) 
cross-validation (misclassification rate = 
41.3%). The addition of each of the bio-
markers reduced the misclassification 
rates (Table 2), but the model with the 

not differ from nonconverters in mean 
age, sex ratio, education, race, ethnic-
ity, family history of AD, or ApoE4 gene 
prevalence. They did, however, have 
lower baseline delayed recall memory 
scores (P , .05) and higher ADAS-Cog 
scores (P , .05) than nonconverters 
(Table 1).

MR Imaging and PET Components 
Extracted from ICA
Independent t tests of loading param-
eters revealed one significant MR im-
aging component that was significantly 
lower in converters than nonconverters 
(P = .009) and showed positive changes 
across all subjects in the bilateral me-
dial temporal lobes, inferior and lat-
eral temporal lobes, and anterior and 
inferior frontal lobes. Negative changes 
were seen in the periventricular white 
matter. Independent t tests also re-
vealed three significant PET compo-
nents that differentiated converters 
from nonconverters. The most signifi-
cant of these showed positive changes 
across all subjects in the temporopari-
etal lobes and the posterior cingulate 
region (P = .0006). The MR imaging 
and PET components that most signif-
icantly differentiated converters from 
nonconverters are shown in Figure 1.

were made. This was compared with 
a model without any neuropsychologi-
cal tests. By using these results, logistic 
regression models were constructed by 
using age, education, ApoE genotype, 
and ADAS-Cog as covariates. The bio-
markers were then added sequentially 
to get every combination of variables to 
develop the best model that differenti-
ated converters from nonconverters. To 
evaluate the different models, we used 
three different measures: the area un-
der the receiver operating characteristic 
curve, the corrected Akaike information 
criterion, and the misclassification rate. 
The area under the receiver operating 
characteristic curve and the Akaike in-
formation criterion are both measures 
of goodness of fit, but the Akaike infor-
mation criterion also takes efficiency 
into account by applying a penalty for 
each added variable (Appendix E1 [on-
line]). We also performed an analysis 
incorporating time of follow-up in our 
model. Hypothesis testing by using a x2 
test on the deviance statistic was per-
formed to determine if the models were 
significantly different from one another 
(36). Tenfold cross-validation was per-
formed on all the regression models; 
these cross-validated misclassification 
rates reflect a model trained on a subset 
of the data and tested on the remaining 
data. P values less than .05 were consid-
ered to indicate significant differences.

Results

Subject Characteristics
The mean age for all 97 subjects with 
MCI was 75.1 years 6 7.2 (standard de-
viation). Male-to-female ratio was 2.2, 
and 96.9% of subjects were white. A 
total of 35.1% of subjects had a family 
history of AD, and 54.6% had a positive 
finding for the ApoE4 genotype. The 
mean follow-up duration for all sub-
jects with MCI was 31.5 months 6 10. 
Of these, 43 progressed to AD during 
follow-up (converters) and 54 did not 
(nonconverters), with converters tend-
ing to have longer follow-up times by 
about 4 months. The average time from 
the initial screening visit to conversion 
was 20.7 months 6 9.8. Converters did 

Table 1

Baseline Characteristics of MCI Study Sample

Subjects with MCI (n = 97) Converters (n = 43) Nonconverters (n = 54) P Value*

Age (y) 75.44 6 7.222 74.74 6 7.185 .6349
Male-to-female ratio†‡   2.07 (29/14)   2.38 (38/16) .7566
Education (y) 16.33 6 2.579 15.54 6 3.184 .1811
Percentage with known family history of AD†‡   34.88 (15/43)   35.19 (19/54) .9753
Percentage with ApoE4†‡   60.47 (26/43)   50.00 (27/54) .3037
Clinical Dementia Rating-Sum of Boxes 1.67 6 0.899 1.38 6 0.707 .0822
Wechsler Memory Scale-Logical Memory (delayed) 3.30 6 2.605 4.50 6 2.590 .0266
Mini-Mental State Examination 26.63 6 1.705 27.54 6 1.575 .0084
ADAS-Cog (70 point) 12.73 6 4.028 10.48 6 4.249 .009
CSF tau (pg/mL) 103.58 6 46.465 97.80 6 50.087 .5579
CSF Ab1–42 (pg/mL) 150.90 6 46.508 170.65 6 54.990 .0585
CSF p-tau181P (pg/mL) 38.16 6 13.494 32.47 6 16.565 .0667
Average follow-up time (mo) 33.8 6 9.8 29.8 6 11 .0622

Note.—Unless otherwise indicated, data are means 6 standard deviations.

* Unless otherwise indicated, P values were obtained by performing t tests.
† Data in parentheses are numbers of patients.
‡ P values obtained by performing x2 tests.
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score) was the best predictive model; 
however, of the three biomarkers in-
dividually, FDG PET was the only bio-
marker that significantly improved the 
predictive value of the covariates.

Prior studies have also examined 
the usefulness of AD biomarkers alone 
and in combination. As expected, no 
single biomarker or combination of 
biomarkers has shown high discrimi-
nate values for subjects with MCI (37). 
This poor discrimination is because of 
the heterogeneous nature of MCI, many 
of which may not represent a prodro-
mal AD condition. In addition, group 
discrimination is further complicated 
by a higher dropout rate of noncon-
verters. This makes their clinical out-
comes more ambiguous, because it is 
possible that such subjects might have 
converted to AD after their last visit. 
One study by Heister et al (24), ana-
lyzing longitudinal data in subjects with 
MCI from the ADNI, showed that those 
who dropped out of the study early but 
retained the MCI diagnosis at their last 
visit had greater memory impairment 
than those who completed the study. 

shows the receiver operating charac-
teristic curves for all of the models. In-
corporating follow-up time (in months) 
in the model did not change the main 
findings (Table E1 [online]).

Hypothesis testing revealed that 
the addition of PET data to the covari-
ates significantly increased the predic-
tive value of the model (P , .00001), 
whereas MR imaging and CSF alone did 
not (P = .08 and .32, respectively). All 
three biomarkers combined with the 
covariates, however, was a significantly 
better predictor of conversion com-
pared with PET alone with the covari-
ates (P = .02).

Discussion

In the current study, routine clinical 
tests (age, education, ApoE4 status, 
and cognitive tests) had the highest 
misclassification rate for predicting 
which subjects with MCI would convert 
to AD. The combination of all three bio-
markers (MR imaging, FDG PET, and 
CSF proteins) with the covariates (age, 
education, ApoE status, and ADAS-Cog 

lowest misclassification rate included all 
three biomarkers and the clinical co-
variates (misclassification rate = 9.38%; 
area under the curve = 0.921). The 
model with the lowest Akaike informa-
tion criterion included only PET with 
the covariates (Akaike information cri-
terion = 116.6). k-Fold cross-validation 
(k = 10) showed that the misclassifica-
tion rate with all three biomarkers was 
11.7% in the training set and 28.4% 
in the validation set. Compared with 
clinical data alone, the addition of all 
three biomarkers reduced the misclas-
sification rate by 25.1% in the training 
set (consistent with findings seen in the 
overall sample) but by only 12.9% in the 
validation set. The cross-validated mis-
classification rate for PET with the clin-
ical covariates was 27.2%. MR imaging 
alone and CSF alone with the clinical 
covariates had cross-validation misclas-
sification rates of 39.2% and 39.6%, re-
spectively. Ultimately, cross-validation 
showed that MR imaging alone and CSF 
alone only reduced misclassification 
rates by about 2%, whereas PET alone 
reduced it by 14.1% (Table 2). Figure 2  

Figure 1

Figure 1: Example components from separate ICAs. Z threshold was 1.5. Both components significantly differentiated converters from 
nonconverters. Left: The MR imaging component (Comp) highlights in red the bilateral medial temporal lobes, inferior and lateral temporal 
lobes, and anterior and inferior frontal lobes, consistent with atrophy in these regions in converters. Negative signal, noted in blue, is seen in the 
periventricular white matter, consistent with higher levels of white matter disease in converters. Right: The FDG PET component highlights in 
red the temporoparietal lobes, right greater than left, and the posterior cingulate region, consistent with hypometabolism in these regions in 
converters. 
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This emphasizes the risk that true MCI 
converters may be misclassified as non-
converters because of premature drop-
out and shorter follow-up duration. In 
our study, there was a slightly shorter 
follow-up time among nonconverters, 
although this was not significant.

A number of previous studies have 
shown that imaging modalities are bet-
ter able to help predict clinical decline 
than baseline neuropsychological scores 
alone (7). This finding is consistent with 
the biomarker cascade model, which 
states that pathologic manifestations of 
AD begin years before symptoms arise 
when neuropsychological tests would 
detect them (7,8). Furthermore, while 
CSF markers have been shown to be 
predictive of conversion (8), some stud-
ies have suggested that imaging modal-
ities may be more predictive of clinical 
change than CSF markers (13,38). In 
comparing the imaging modalities, FDG 
PET has been a better predictor of con-
version than MR imaging (7,13,16).

When analyzing the modalities to-
gether, Walhovd et al (16) found that 
while there is some redundancy of data 
between MR imaging and PET in pre-
dicting memory change, inclusion of 
both explained more variance among 
subjects. Likewise, in other studies, 
MR imaging and CSF provided com-
plementary information about time to 
conversion in subjects with MCI, and 
the combination of the two provided 
a better prediction than either source 
alone (11,38).

The potential reasons why FDG 
PET may offer greater accuracy or sen-
sitivity than other biomarkers at the 
MCI stage are not fully known. There 
remains lack of consensus on the exact 
timeline of evolution of FDG PET defi-
cits in relation to CSF biomarker chang-
es, although there is growing consen-
sus that metabolic deficits are greater 
in magnitude than volumetric changes 
earlier in the disease. FDG PET stud-
ies have shown subjects with MCI to 
have progressive metabolic deficits in 
posterior cingulate, parietal, tempo-
ral, and precuneus regions, and indeed 
some genetically susceptible subjects 
may have such metabolic reductions 
decades before the anticipated onset of 
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assumptions about the specific regions 
of the brain implicated in disease. It 
also does not presume that disease 
progression follows discrete anatomic 
boundaries (43).

In addition, to our knowledge, this 
was the first study using ICA to assess 
the extent to which multiple biomarkers 
improve the ability to identify future 
decline in subjects with MCI compared 
with cognitive testing and ApoE4. ICA 
of neuroimaging data is a data-driven 
approach that can be used to extract 
nonredundant sources of information 
from whole-brain data. The compo-
nents highlight regions that have been 
implicated in the development of AD, 
including the medial temporal lobes at 
MR imaging and the temporoparietal 
lobes and posterior cingulate region at 
FDG PET (2,13,14). This technique has 
been used to identify disease-related 
regions in schizophrenia (44), but its 
use in early AD needs to be further 
investigated. Until these findings are 

combining biomarkers to predict con-
version to AD, and many suggest that 
combining modalities offers additional 
information. However, one study that 
also used the ADNI data set found 
that clinical (cognitive and functional) 
measures were a more robust predictor 
of conversion compared with MR imag-
ing or CSF markers (19). Our study is 
different from these in a few important 
ways, however. First, we included FDG 
PET in our analysis, which is not true 
for most studies to date including those 
published by Gomar et al (19), Cui et 
al (18), Ewers et al (20), Davatzikos et 
al (11), and McEvoy et al (23). Second, 
we used whole-brain data rather than 
regions-of-interest data. While Landau 
et al (21) and Chen et al (22) included 
FDG PET in their analyses, they only 
included hippocampal volume from MR 
imaging. Using select regions of inter-
est has the potential to lose valuable 
information, and using whole-brain 
data eliminates the need for a priori 

symptoms (39). It has been suggested 
that early life metabolic deficits may lay 
the groundwork for disruption of rest-
ing brain networks that may increase 
the risk for cognitive progression to AD 
(40,41). On the other hand, one study 
performed on the ADNI data set dem-
onstrated that hippocampal volumes 
showed larger effect sizes than FDG 
PET measures in subjects with MCI 
with isolated memory impairment (42). 
The reason for this discrepancy may 
lie in the methods used in these dif-
ferent studies and the higher precision 
associated with automated volumetric 
measurements made in subject-native 
space, which were used in the Karow 
et al (42) study; this is compared with 
voxel-based morphometry, used in this 
study, which warps all subjects’ images 
to a common template and assesses 
gray matter probability in this common 
template space.

There have been a number of recent 
reports published regarding the value of 

Figure 2

Figure 2: Receiver operating characteristic curves for all of the logistic regression models for predicting conversion from MCI to AD. Of 
the three biomarkers alone, FDG PET added the most prognostic information with an area under the curve (AUC) of 0.874, compared with 
MR imaging (area under the curve = 0.741) and CSF proteins (area under the curve = 0.695).
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are generally applicable. A slight dif-
ference in follow-up time between the 
converters and nonconverters, while 
not statistically significant, was another 
potential limitation that must be con-
sidered. In addition, we did not per-
form a recalculation of a new set of 
ICA components on the basis of each 
fold of the cross-validation. The ICA 
components were not extracted to dif-
ferentiate converters from nonconvert-
ers, but instead, to account for variance 
across the entire study population; nev-
ertheless, these components need to 
be replicated in other populations. In 
the process of extracting gray matter 
probability maps with voxel-based mor-
phometry (FSL-VBM), periventricular 
white matter disease was sometimes 
confused for gray matter. This would 
explain the appearance of the peri-
ventricular white matter on the MR 
imaging component (Fig 1) and makes 
sense in the context that white matter 
disease has been found in subjects with 
MCI and AD (46). As such, our findings 
should not be interpreted as confirming 
predictive utility but merely as initial 
findings that should be replicated and 
cross-validated in a prospective study.

In summary, a model combining 
clinical information with MR imaging, 
FDG PET, and CSF markers yielded the 
highest accuracy for predicting future 
MCI conversion. However, the most 
efficient model included only FDG PET 
with the clinical covariates. This is in 
part related to considerable shared vari-
ance between ApoE4 (part of the clinical 
covariate) and CSF Ab1–42, and between 
ApoE4 and hippocampal atrophy. Thus, 
in patients with MCI in whom ApoE4 
genotype and cognitive testing is already 
available, FDG PET would likely yield 
the greatest additional value. However, 
in patients in whom ApoE4 genotyping 
is not available, MR imaging and CSF 
proteins may add valuable information.
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replicated in other MCI samples, these 
results should be viewed as preliminary. 
In addition, the toolbox software (Fu-
sion ICA Toolbox) used for this analysis 
is an open-source software program 
that is publically available.

In cross-validation, we trained 
the model by using subjects with MCI 
rather than control subjects and pa-
tients with AD because of possible 
intermediate or transient findings in 
the MCI population that might not be 
apparent in the extremes of the cogni-
tive spectrum. We used “anytime con-
version” because it avoids the problem 
of specifying an arbitrary window for 
subjects to convert that could result in 
inaccurate classification. We also did 
not examine the region-of-interest–
based markers, such as hippocampal 
volumetry, the best-studied MR imaging 
predictor of future decline in subjects 
with MCI (45), because our goal was to 
use ICA to explore the relative contri-
butions of all brain regions and identify 
new regions that might add value. Thus, 
it is possible that our research sample, 
known colinearity between ApoE4 and 
CSF Ab1–42 and tau, use of ICA as a pre-
dictor variable, and the specific covari-
ates we selected may have minimized 
the contributions of CSF or MR imaging 
in our cross-validation.

There were several limitations to 
the current study. First, the sample 
size of our study, although larger than 
most longitudinal MCI multibiomarker 
studies, was still relatively small, and 
there is a chance that the regression 
models overfit the data, yielding falsely 
low misclassification rates. This may ex-
plain why the misclassification rates ob-
tained through validation were higher 
than on the entire sample. That being 
said, the purpose of ICA is to reduce 
the number of predictors to be much 
less than that of the voxel level, which 
can produce more than 100 000 pre-
dictors. Second, the MCI population 
of the ADNI was highly enriched with 
patients with prodromal AD because of 
the strict inclusion and exclusion crite-
ria. This population is likely not repre-
sentative of the patient population seen 
in clinical practice, so more studies are 
needed to investigate if these findings 
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