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The European Union AddNeuroMed program and the US-based Alzheimer Disease Neuroimaging Initiative
(ADNI) are two large multi-center initiatives designed to collect and validate biomarker data for Alzheimer's
disease (AD). Both initiatives use the same MRI data acquisition scheme. The current study aims to compare
and combine magnetic resonance imaging (MRI) data from the two study cohorts using an automated image
analysis pipeline and a multivariate data analysis approach. We hypothesized that the two cohorts would
show similar patterns of atrophy, despite demographic differences and could therefore be combined. MRI
scans were analyzed from a total of 1074 subjects (AD=295, MCI=444 and controls=335) using Freesurfer,
an automated segmentation scheme which generates regional volume and regional cortical thickness
measures which were subsequently used for multivariate analysis (orthogonal partial least squares to latent
structures (OPLS)). OPLS models were created for the individual cohorts and for the combined cohort to
discriminate between AD patients and controls. The ADNI cohort was used as a replication dataset to validate
the model created for the AddNeuroMed cohort and vice versa. The combined cohort model was used to
predict conversion to AD at baseline of MCI subjects at 1 year follow-up. The AddNeuroMed, the ADNI and the
combined cohort showed similar patterns of atrophy and the predictive power was similar (between 80 and
90%). The combined model also showed potential in predicting conversion fromMCI to AD, resulting in 71% of
the MCI converters (MCI-c) from both cohorts classified as AD-like and 60% of the stable MCI subjects (MCI-s)
classified as control-like. This demonstrates that the methods used are robust and that large data sets can be
combined if MRI imaging protocols are carefully aligned.
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Introduction

Alzheimer's disease is the most common form of neurodegener-
ative disorder and is characterized by gradual loss of cognitive
functions such as episodic memory. The disease is related to
pathological amyloid depositions and hyperphosphorylation of
structural proteins in the brain which lead to progressive loss of
function, metabolic alterations and structural changes in the brain.

Translational biomarkers in Alzheimer's disease based on non-
invasive in vivo methods are highly desirable to monitor disease
progression and treatment. Magnetic Resonance Imaging (MRI),
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Positron Emission Tomography (PET), and CSF measures all allow
different aspects of AD pathology to be studied. Magnetic resonance
imaging (volumetric and cortical thickness measures of atrophy) is a
non-invasive technique, applicable in vivo in both humans and
experimental animals.

In recent years two large multi-center studies have been carried
out for the evaluation and establishment of markers for early
diagnosis, monitoring disease progression and the detection of
pharmaceutical treatment effects — the European based AddNeur-
oMed program and the US-based Alzheimer's disease Neuroimaging
Initiative (ADNI). Both studies have collected magnetic resonance
data from multiple sites across Europe and North America respec-
tively. The AddNeuroMed MRI data acquisition was designed to be
compatible with ADNI (Jack et al., 2008) so that comparisons between
the two studies could be made.

An ideal MR marker would detect a fundamental feature of AD
neuropathology, be diagnostically sensitive and specific (validated
through neuropathology) and produce accurate and reproducible
results (Kantarci, 2005). Several groups including our own have
proposed the use of multivariate techniques for analyzing multiple
regional measures from MRI to aid diagnosis of Alzheimer's disease
and to predict future conversion from the prodromal stage of
Alzheimer's disease (mild cognitive impairment (MCI)) to Alzhei-
mer's disease itself (McEvoy et al., 2009; Westman et al., 2011).
Results from different studies are sometimes hard to compare due to
variations in the number of subjects studied, ethnic origin, age,
gender, years of education and country/continent of recruitment etc.
We believed that despite demographic differences such as these it
would be possible to combine two large data sets if the MR-protocols
were carefully aligned. We assumed that regardless of the demo-
graphic nature of the two cohorts (AddNeuroMed and ADNI), they
would show similar patterns of atrophy and could therefore be
combined.

The aims of our study were (1) To investigate if multivariate
classification techniques trained on one of the cohorts would give
similar results when applied to the other, (2) To assess whether
patterns of atrophy would be similar for the two cohorts, when
comparing AD and healthy controls (CTL), (3) To investigate if
comparable classification sensitivities and specificities would be
obtained for the two cohorts, and (4) To assess the accuracy of
prediction of conversion from MCI to AD after 1 year using the
combined AddNeuroMed/ADNI cohort.
Material and methods

Data

The datasets used here were obtained from two large multi center
cohorts, namely AddNeuroMed and the Alzheimer's disease Neuro-
imaging Initiative (ADNI). AddNeuroMed, a part of InnoMed,
(Innovative Medicines in Europe) is an Integrated Project funded by
the European Union Sixth Framework program (Lovestone et al.,
2007, 2009). AddNeuroMed aims to develop and validate novel
surrogatemarkers of disease and treatment, based upon in vitro and in
vivo models in animals and humans in Alzheimer's disease (AD). The
neuroimaging part of AddNeuroMed uses magnetic resonance
imaging (MRI) and magnetic resonance spectroscopy (MRS) to
establish imaging markers for early diagnosis and detection of disease
and efficacy of disease modifying therapy in man, as well as
translational imaging biomarkers in animal models of AD. Human
data was collected from six different sites across Europe; University of
Kuopio, Finland, University of Perugia, Italy, Aristotle University of
Thessaloniki, Greece, King's College London, United Kingdom, Uni-
versity of Lodz, Poland and University of Toulouse, France (Lovestone
et al., 2009; Simmons et al., 2009, 2011).
The ADNI dataset was downloaded from the Alzheimer's Disease
Neuroimaging Initiative (ADNI) database (www.loni.ucla.edu/ADNI,
PI Michael M. Weiner). 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) and other biological
markers are useful in clinical trials 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.
ADNI subjects aged 55 to 90 from over 50 sites across the U.S. and
Canada participated in the research and more detailed information is
available at www.adni-info.org.
Inclusion and diagnostic criteria

A total of 1074 subjects are included in the current study (AD=295,
MCI=444andCTL=335). Thedemographicsof the cohorts are given in
Table 2. Although both studieswere longitudinal in nature only baseline
MRI data from the two cohorts were used in this study. Future analyses
will focus on longitudinal analyses. For the AddNeuroMed cohort all AD
andMCI subjects were recruited from the local memory clinics of one of
the six participating siteswhile the control subjectswere recruited from
non-related members of the patient's families, caregiver's relatives and
social centers for the elderly or GP surgeries. Informed consent was
obtainedwhere the researchparticipant had capacity, and in those cases
where dementia compromised capacity then assent from the patient
and consent from a relative, according to local law and process, was
obtained. This study was approved by ethical review boards in each
participating country. The inclusion and exclusion criteria were as
follows.

Alzheimer's disease (Inclusion criteria): 1) ADRDA/NINCDS and
DSM-IV criteria for probable Alzheimer's disease. 2) Mini Mental State
Examination score ranged from 12 to 28. 4) Age 65 years or above.
Exclusion criteria: 1) Significant neurological or psychiatric illness
other than Alzheimer's disease. 2) Significant unstable systematic
illness or organ failure.

Mild Cognitive Impairment and Controls (Inclusion criteria): 1) Mini
Mental State Examination score range between 24 and 30. 2) Geriatric
Depression Scale score less than or equal to 5. 3) Age 65 years or above.
4)Medication stable. 5) Good general health. Exclusion criteria: 1) Meet
the DSM-IV criteria for Dementia. 2) Significant neurological or
psychiatric illness other than Alzheimer's disease. 3) Significant
unstable systematic illness or organ failure.

The distinction between MCI and controls was based on two
criteria: 1) subject scores 0 on Clinical Dementia Rating Scale=con-
trol. 2) Subject scores 0.5 on Clinical Dementia Rating scale=MCI. For
the MCI subjects it was preferable that the subject and informant
reported occurrence of memory problems. All AD subjects had a CDR
score of 0.5 or above.

CDR, Mini-Mental State, and CERAD Cognitive Battery were
assessed for each subject. The CERAD Cognitive Battery was replaced
with the Alzheimer's Disease Assessment Scale (ADAS–Cog) for the
AD subjects. This cognitive test battery is specially designed for AD
trials (Rosen et al., 1984). Both the ADAS-Cog and the CERAD battery
use the same 10-word recall task, the only difference is that the
scoring is inverted. The mean number of words not recalled in the
CERAD word list immediate recall task was calculated. The variable
obtained was named ADAS1, corresponding to the first subtest of
ADAS-Cog. This was performed to obtain comparable measures
between groups.

http://www.loni.ucla.edu/ADNI
http://www.adni-info.org


Table 1
Variable included in OPLS analysis.

Cortical thickness measures Volumetric measures

Banks of superior temporal sulcus Third ventricle
Caudal anterior cingulate Fourth ventricle
Caudal middle frontal gyrus Brainstem
Cuneus cortex Corpus callosum anterior
Entorhinal cortex Corpus callosum central
Fusiform gyrus Corpus callosum midanterior
Inferior parietal cortex Corpus callosum midposterior
Inferior temporal gyrus Corpus callosum posterior
Isthmus of cingulate cortex CSF
Lateral occipital cortex Accumbens
Lateral orbitofrontal cortex Amygdala
Lingual gyrus Caudate
Medial orbitofrontal cortex Cerebellum cortex
Middle temporal gyrus Cerebellum white matter
Parahippocampal gyrus Hippocampus
Paracentral sulcus Inferior lateral ventricle
Frontal operculum Putamen
Orbital operculum Cerebral cortex
Triangular part of inferior frontal gyrus Cerebral white matter
Pericalcarine cortex Lateral ventricle
Postcentral gyrus Pallidum
Posterior cingulate cortex Thalamus proper
Precentral gyrus Ventral DC
Precuneus cortex
Rostral anterior cingulate cortex
Rostral middle frontal gyrus
Superior frontal gyrus
Superior parietal gyrus
Superior temporal gyrus
Supramarginal gyrus
Frontal pole
Temporal pole
Transverse temporal cortex
Insular
Banks of superior temporal sulcus

57 variables in total included in OPLS analysis, 34 cortical thickness measures and 23
volumetric measures.
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For the ADNI cohort a detailed description of the inclusion criteria
can be found on the ADNI webpage (http://www.adni-info.org/
Scientists/AboutADNI.aspx#). Subjects were between 55 and
90 years of age. They had a study partner able to provide an
independent evaluation of functioning, and spoke either English or
Spanish. All subjects were willing and able to undergo all test
procedures including neuroimaging and agreed to longitudinal follow
up. Specific psychoactive medications were excluded.

Alzheimer's disease (General inclusion/exclusion criteria): 1) MMSE
scores between 20 and 26. 2) CDR of 0.5 or 1.0. 3) met NINCDS/ADRDA
criteria for probable AD.

Mild cognitive impairment (General inclusion/exclusion cri-
teria): 1) subjects had MMSE scores between 24 and 30 (inclusive).
2) memory complaint, had objective memory loss measured by
education adjusted scores on Wechsler Memory Scale Logical
Memory II. 3) CDR of 0.5. 4) absence of significant levels of
impairment in other cognitive domains, essentially preserved
activities of daily living, and an absence of dementia.

Controls (General inclusion/exclusion criteria): 1) MMSE scores
between 24 and 30 (inclusive), 2) CDR of zero, 3) They were non-
depressed, non MCI, and non-demented.

MRI

Data acquisition for the AddNeuroMed study was designed to be
compatible with the Alzheimer Disease Neuroimaging Initiative
(ADNI). (Jack et al., 2008) The imaging protocol for both studies
included a high resolution sagittal 3D T1-weighted MPRAGE volume
(voxel size 1.1×1.1×1.2 mm3) and axial proton density/T2-weighted
fast spin echo images. The MPRAGE volume was acquired using a
custom pulse sequence specifically designed for the ADNI study to
ensure compatibility across scanners (Jack et al., 2008). Full brain and
skull coveragewas required for both of the latter datasets and detailed
quality control carried out on all MR images from both studies
according to the AddNeuroMed quality control procedure (Simmons
et al., 2009, 2011).

Regional volume segmentation and cortical thickness parcellation

We utilized the Freesurfer pipeline (version 4.5.0), which pro-
duces regional cortical thickness and volumetric measures. Cortical
reconstruction and volumetric segmentation includes removal of non-
brain tissue using a hybrid watershed/surface deformation procedure
(Segonne et al., 2004), automated Talairach transformation, segmen-
tation of the subcortical white matter and deep gray matter
volumetric structures (including hippocampus, amygdala, caudate,
putamen, and ventricles) (Fischl et al., 2002, 2004a; Segonne et al.,
2004) intensity normalization (Sled et al., 1998), tessellation of the
gray matter white matter boundary, automated topology correction
(Fischl et al., 2001; Segonne et al., 2007), and surface deformation
following intensity gradients to optimally place the gray/white and
gray/cerebrospinal fluid borders at the location where the greatest
shift in intensity defines the transition to the other tissue class (Dale
et al., 1999; Dale and Sereno, 1993; Fischl and Dale, 2000). Once the
cortical models are complete, registration to a spherical atlas takes
place which utilizes individual cortical folding patterns to match
cortical geometry across subjects (Fischl et al., 1999). This is followed
by parcellation of the cerebral cortex into units based on gyral and
sulcal structure (Desikan et al., 2006; Fischl et al., 2004b). The pipeline
generated 68 cortical thickness measures (34 from each hemisphere)
and 50 regional volumes. Volumes of white matter hypointensities,
optic chiasm, right and left vessel, and left and right choroid plexus
were excluded from further analysis. Cortical thickness and volumet-
ric measures from the right and left side were averaged. In total 57
variables obtained from the pipeline were used as input variables for
the OPLS classification, 34 regional cortical thickness measures and 23
regional volumes (Table 1). All volumetric measures from each
subject were normalized by the subject's intracranial volume. This
segmentation approach has been used for multivariate classification
of Alzheimer's disease and healthy controls (Westman et al., 2010,
2011), neuropsychological-image analysis (Liu et al., 2009, 2010c),
imaging-genetic analysis (Liu et al., 2010a, 2010b) and biomarker
discovery (Thambisetty et al., 2010).
Multivariate data analysis

MRI measures were analyzed using orthogonal partial least
squares to latent structures (OPLS) (Bylesjo et al., 2007; Johan
Trygg, 2002; Rantalainen et al., 2006; Westman et al., 2010, 2011;
Wiklund et al., 2008), a supervised multivariate data analysis method
included in the software package SIMCA (Umetrics AB, Umea,
Sweden). A very similar method, partial least squares to latent
structures (PLS) has previously been used in several studies to analyze
MR-data (Levine et al., 2008; McIntosh and Lobaugh, 2004; Oberg
et al., 2007; Westman et al., 2007, 2009). OPLS and PLS give the same
predictive accuracy, but the advantage of OPLS is that the model
created to compare groups is rotated, which means that the
information related to class separation is found in the first component
of the model, the predictive component. The other orthogonal
components in the model, if any, relate to variation in the data not
connected to class separation. Focusing the information related to
class separation on the first component makes data interpretation
easier (Wiklund et al., 2008). OPLS also allows the generation of
loading plots which illustrate the importance of the input variables in
the classification (Fig. 2).

http://www.adni-info.org/Scientists/AboutADNI.aspx
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Fig. 1. OPLS cross validated score plots for (A) AddNeuroMed cohort (B) ADNI cohort (C) Combined cohort. The scatter plots visualize group separation and the predictability of the
three different AD vs. CTL models. Each black circle represents an AD subject and each gray square a control subject. Control subjects to the left of zero and AD subjects to the right of
zero are falsely predicted. Q2(Y)N0.05 (a statistically significant model) and Q2(Y)N0.5 (a good model).
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Pre-processing was performed using mean centring and unit
variance scaling. Mean centring improves the interpretability of the
data, by subtracting the variable average from the data. By doing so
the data set is repositioned around the origin. Large variance variables
are more likely to be expressed in modeling than low variance
variables. Consequently, unit variance scalingwas selected to scale the
data appropriately. This scaling method calculates the standard
deviation of each variable. The inverse standard deviation is used as
a scaling weight for each MR-measure.

The results from the OPLS analysis are visualized in a scatter plot
(Fig. 1) by plotting the predictive component, which contains the
information related to class separation. Components are vectors, which
are linear combinations of partial vectors and are dominated by the
input variables (x), in this case the regional volumes and regional
cortical thickness measures given by Table 1. The first and second
components are by definition orthogonal to each other and span the
projection plane of the points. Each point in the scatter plot represents
one individual subject. The predictive component receives aQ2(Y) value
that describes its statistical significance for separating groups. Q2(Y)
valuesN0.05 are regarded as statistically significant andmodelswith Q2

(Y)N0.5 are regarded as good (Eriksson et al., 2006), where

Q2 Yð Þ = 1−PRESS= SSY ð1Þ
wherePRESS (predictive residual sumof squares)=Σ(yactual−ypredicted)2

and SSY is the total variation of the Y matrix after scaling and mean
centring (Eriksson et al., 2006). Q2(Y) is the fraction of the total variation
of the Ys (expected class values) that can be predicted by a component
according to cross validation (CV). Cross validation is a statistical method
for validating a predictive model which involves building a number of
parallelmodels. Thesemodels differ from each other by leaving out a part
of the data set each time. The data omitted is then predicted by the
respectivemodel. In this studyweused seven fold cross-validation,which
means that 1/7th of the data is omitted for each cross-validation round.
Data is omitted once and only once. To determine the number of
components in amodel, it is important tohaveagoodbalancebetweenfit,
R2(Y) and predictive ability, Q2(Y) (R2=the explained variation and
Q2=the predicted variation). R2(Y) and Q2(Y) vary differently with
model complexity. R2(Y) will rapidly increase towards unity (1) with
model complexity, while Q2(Y) will not. Additional components are
generated as long as Q2(Y) increases. If components were generated
whenQ2(Y) started to decrease then only noisewould bemodeled. R2(X)
explains howmuch of the variation of the original variables aremodeled,
while R2

p(X) explains how much variation is modeled by the predictive
component.

Variables were plotted according to their importance for the
separation of groups (Fig. 2). The plot shows the MRI measures
and their corresponding jack-knifed confidence intervals. Jack-



-0
,2

5
-0

,2
0

-0
,1

5
-0

,1
0

-0
,0

5
-0

,0
0

0
,0

5
0

,1
0

0
,1

5
0

,2
0

0
,2

5

E ntorh inal cortex
H ippocampus

A mygdala
Temporal pole

S uperior temporal gyrus
Middle temporal gyrus

Fusiform gyrus
Inferior temporal gyrus

P arahippocampal gyrus
Insular

Isthmus of cingulate cortex
C erebral C ortex

B anks of superior temporal su lcus
S upramarginal gyrus

Latera l orb itofronral cortex
A ccumbens

P osterior cingulate cortex
Media l orb ita lfronta l cortex

Inferior parieta l cortex
R ostra l m iddle fronta l gyrus

P recuneus cortex
S uperior fronta l gyrus

Fronta l operculum
Fronta l pole

Orbita l operculum
Triangular part of in ferior front

C erebral W hite Matter
C audal m iddle fronta l gyrus
Transverse temporal cortex

P ostcentra l gyrus
Latera l occip ita l cortex

Lingual gyrus
P recentra l gyrus

S uperior parieta l gyrus
R ostra l anterior cingulate cortex

P aracentra l su lcus
C audal anterior cingulate

P utamen
V entra l D C

P ericalcarine cortex
C orpus callosum  m idanterior

C uneus cortex
P allidum

C orpus callosum  m idposterior
C orpus callosum  centra l

C orpus callosum  anterior
C orpus callosum  posterior

ThalamusP roper
B rainstem

Fourth ventricle
C erebellum W hite Matter

C audate
C erebellum C ortex

Third ventricle
Latera l V entricle

C S F
inferior la tera l ventricle

cov(tp,X )

-0
,2

0
-0

,1
5

-0
,1

0
-0

,0
5

-0
,0

0
0

,0
5

0
,1

0
0

,1
5

0
,2

0
0

,2
5

0
,3

0

E ntorh inal cortex
H ippocampus

A mygdala
Middle temporal gyrus
Inferior temporal gyrus

Fusiform gyrus
B anks of superior temporal su lcus

S uperior temporal gyrus
P arahippocampal gyrus

Temporal pole
Inferior parieta l cortex
S upramarginal gyrus

C erebral C ortex
P recuneus cortex

C audal m iddle fronta l gyrus
S uperior fronta l gyrus

R ostra l m iddle fronta l gyrus
Isthmus of cingulate cortex
Media l orb ita lfronta l cortex

C erebral W hite Matter
S uperior parieta l gyrus
Latera l occip ita l cortex

Latera l orb itofronral cortex
Insular

L ingual gyrus
Fronta l operculum

Triangular part of in ferior front
Orbita l operculum

P osterior cingulate cortex
C orpus callosum  m idposterior

Fronta l pole
P recentra l gyrus

P ostcentra l gyrus
A ccumbens
V entra l D C

C orpus callosum  centra l
C orpus callosum  m idanterior

Transverse temporal cortex
P aracentra l su lcus

P ericalcarine cortex
C uneus cortex

C orpus callosum  posterior
ThalamusP roper

P utamen
C orpus callosum  anterior

R ostra l anterior cingulate cortex
B rainstem

P allidum
C erebellum C ortex

C erebellum W hite Matter
C audal anterior cingulate

Fourth ventricle
C audate

Third ventricle
C S F

Lateral V entricle
inferior la tera l ventricle

cov(tp,X )

-0
,2

0
-0

,1
5

-0
,1

0
-0

,0
5

-0
,0

0
0

,0
5

0
,1

0
0

,1
5

0
,2

0
0

,2
5

E ntorh inal cortex
H ippocampus

A mygdala
Middle temporal gyrus
Inferior temporal gyrus

S uperior temporal gyrus
Temporal pole
Fusiform gyrus

B anks of superior temporal su lcus
P arahippocampal gyrus

Inferior parieta l cortex
S upramarginal gyrus

C erebral C ortex
Isthmus of cingulate cortex

P recuneus cortex
R ostra l m iddle fronta l gyrus

Insular
S uperior fronta l gyrus

C audal m iddle fronta l gyrus
C erebral W hite Matter

Media l orb ita lfronta l cortex
Latera l orb itofronral cortex

S uperior parieta l gyrus
Latera l occip ita l cortex

Fronta l operculum
P osterior cingulate cortex

Triangular part of in ferior front
L ingual gyrus

A ccumbens
Orbita l operculum

P recentra l gyrus
Fronta l pole

P ostcentra l gyrus
Transverse temporal cortex

C orpus callosum  m idposterior
V entra l D C

P aracentra l su lcus
C orpus callosum  m idanterior

C orpus callosum  centra l
P ericalcarine cortex

C uneus cortex
P utamen

R ostra l anterior cingulate cortex
C orpus callosum  posterior

C orpus callosum  anterior
ThalamusP roper

P allidum
B rainstem

C audal anterior cingulate
C erebellum W hite Matter

Fourth ventricle
C erebellum C ortex

C audate
Third ventricle

Latera l V entricle
C S F

inferior la tera l ventricle

cov(tp,X )

M
R

-m
e

a
s

u
re

s

ABC

Fig.2.M
RIm

easures
ofim

portance
for

the
separation

betw
een

A
D
and

CTL
(A

)
A
ddN

euroM
ed

cohort(B)
A
D
N
Icohort(C)

Com
bined

cohort.M
easures

above
zero

have
a
larger

value
in

controls
com

pared
to

A
D
and

m
easures

below
zero

have
a
low

er
value

in
controls

com
pared

to
A
D
.A

m
easure

w
ith

a
high

covariance
is
m
ore

likely
to

have
an

im
pact

on
group

separation
than

a
m
easure

w
ith

a
low

covariance.M
easures

w
ith

jack
knifed

con
fidence

intervals
that

include
zero

have
low

reliability.

822
E.W

estm
an

et
al./

N
euroIm

age
58

(2011)
818

–828



823E. Westman et al. / NeuroImage 58 (2011) 818–828
knifing is used to estimate the bias and standard error. Measures
with confidence intervals that include zero have low reliability
(Wiklund et al., 2008). Covariance is plotted on the y-axis,
where

Cov t;Xið Þ = tTXi = N−1ð Þ ð2Þ

where t is the transpose of the score vector t in the OPLSmodel, i is the
centered variable in the datamatrix X and N is the number of variables
(Wiklund et al., 2008). A measure with high covariance is more likely
to have an impact on group separation than a variable with low
covariance. MRI measures below zero in the scatter plot have lower
values in controls compared to AD subjects, while MRI measures
above zero are higher in controls compared to AD subjects in the
model.

Altogether 57 variables were used for OPLS analysis. No feature
selection was performed, meaning all measured variables were
included in the analysis. Three OPLS models were created. The first
model contained the AddNeuroMed cohort, the second model
contained the ADNI cohort and the third model combined both the
AddNeuroMed and the ADNI cohorts.

Models containing age were also created to test if there were
any significant differences between the diagnostic groups in relation
to the variable. We investigated whether age would increase the
predictive power of the models using it as x-variable. To further
validate the models created we used the AddNeuroMed cohort as a
training dataset and the ADNI cohort as a test set to see how well
the model could predict new and unseen data. We also used the
ADNI cohort as a training dataset and the AddNeuroMed cohort as a
test set.

Sensitivity and specificity were calculated from the cross-validated
prediction values of the OPLS models. Finally, the positive and
negative likelihood ratios (LR+=sensitivity/(100−specificity) and
LR−=(100−sensitivity) /specificity) were calculated. A positive
likelihood ratio between 5 and 10 or a negative likelihood ratio
between 0.1 and 0.2 increases the diagnostic value in a moderate way,
while a value above 10 or below 0.1 significantly increases the
diagnostic value of the test (Qizilbash et al., 2002).

Finally the combined AddNeuroMed/ADNI cohort was used as a
training set to investigate how well it could predict conversion from
MCI to AD after 1 year follow-up.

Results

Subject cohort

1074 subjects were included in this study: 295 AD patients, 444
MCI patients and 335 control subjects. Using age as an x-variable in the
OPLS models did not have any effect on the predictive power of the
models separating the groupswhen all image variables were included.
Table 2
AddNeuroMed and ADNI subject characteristics.

AddNeuroMed ADNI

CTL MCI AD CTL

Number 110 119 119 225
Female/Male 60/50 59/60 79/40 111/116
Age 72.9±6.5 74.3±5.7 75.6±6.0 76.0±5.0
Education 10.8±4.8 8.9±4.3 8.0±3.0 16.0±3.0
MMSE 29.1±1.2 27.1±1.7 20.9±4.7 29.1±1.0
CDR 0 0.5 1.2±0.5 0
ADAS1 3.5±1.5 5.3±1.2 6.6±1.5 2.8±1.1

Data are represented as mean±standard deviation. AD= Alzheimer's disease, MCI =Mild C
State Examination, ADAS1 = Word list non-learning (mean), CDR = Clinical Dementia Rat
Therefore, age was excluded from further analysis. All MRI volumetric
measures were normalized by dividing by each subject's intracranial
volume. As expected, performance on the MMSE, CDR and ADAS1 was
poorest amongADpatients andbest among controls (Table 2). TheMCI
group had scores between the AD and the control groups (Table 2).

OPLS modeling and quality

Three OPLS models were created using (1) the AddNeuroMed cohort
(2) theADNI cohort (3) the combinedAddNeuroMedandADNI cohort for
AD vs. CTL. The first model (AddNeuroMed cohort) resulted in one
predictive and two orthogonal (1+2) components with the total
explained variance R2(X)=60%, the variance related to class separation
R2

p(X)=24%, the cross validatedpredictabilityQ2(Y)=46%andR2(Y)=
0.55. The secondmodel (ADNI cohort) resulted in one predictive and two
orthogonal (1+2) components with R2(X)=58%, R2

p(X)=18%, cross
validated predictability Q2(Y)=57% and R2(Y)=0.63. Finally, the
combined AddNeuroMed/ADNI cohort yielded one predictive and
three orthogonal (1+3) components with R2(X)=60%, R2

p(X)=20%,
cross validated predictability Q2(Y)=55% and R2(Y)=0.59.

Cross validated scatter plots

Fig. 1 illustrates the separation between groups and the predictive
power of the models Q2(Y). Fig. 1A shows the separation between AD
and controls in the AddNeuroMed cohort. This model resulted in a
sensitivity of 79.0% and a specificity of 90.0%. Fig. 1B show the
separation between AD and controls in the ADNI cohort, which
resulted in a sensitivity of 86.9% and specificity of 86.7%. Finally,
Fig. 1C shows a scatter plot illustrating the separation between AD and
controls using the combined AddNeuroMed/ADNI cohort resulting in
a sensitivity of 83.4% and specificity of 87.8%. Table 3 shows the
sensitivity, the specificity, the accuracy and the likelihood ratios for
the different cohorts.

Variables of importance

Fig. 2 illustrates the MRI measures of importance when comparing
AD vs. controls in the different cohorts. As can be observed the pattern
of atrophy is very similar between the AddNeuroMed cohort (Fig. 2A)
and the ADNI cohort (Fig. 2B). As expected the most important
regions for the separation are medial temporal lobe structures with
entorhinal cortex, hippocampus and amygdala being the most
influential. Other temporal and limbic areas are also of importance
for the separation between AD and controls in the two cohorts. The
order of the variables is slightly different between the two cohorts but
the general pattern of the structures is very similar. Examples of these
structures are the parahippocampal gyrus, temporal pole, isthmus of
cingulate cortex, inferior, superior and middle temporal gyrus. The
amount of CSF is increased in the two Alzheimer cohorts relative to
ADNI/AddNeuroMed

MCI AD CTL MCI AD

325 176 335 444 295
124/201 86/90 171/166 183/261 165/130
74.5±7.1 75.3±7.5 75.0±5.7 74.5±6.8 75.4±6.9
15.6±3.0 14.6±3.2 14.3±4.3 14.0±4.6 12.0±4.8
27.0±1.8 23.3±2.0 29.1±1.1 27.1±1.7 22.3±3.6
0.5 0.7±0.3 0 0.5 0.9±0.4
4.5±1.4 6.1±1.4 3.1±1.3 4.7±1.4 6.3±1.5

ognitive Impairment, CTL = healthy control, Education in years, MMSE=Mini Mental
ing.



Table 3
Sensitivity/specificity and likelihood ratio for the different cohort models.

Sensitivity Specificity Accuracy LR+ LR−

AddNeuroMed (cv) 79.0 (70.8–85.4) 90.0 (83.0–94.3) 84.3 (79.0–88.4) 7.9 (4.5–13.9) 0.23 (0.16–0.33)
ADNI (cv) 86.9 (81.1–91.1) 86.7 (81.6–90.5) 86.8 (83.0–94.3) 6.5 (4.7–9.1) 0.15 (0.10–0.22)
Combined (cv) 83.4 (78.7–87.2) 87.8 (86.3–96.3) 85.7 (82.8–88.2) 6.8 (5.1–9.1) 0.19 (0.15–0.25)
AddNeuroMeda 75.0 (66.3–81.7) 92.7 (84.1–95.0) 83.4 (78.0–87.7) 10.3 (5.2–20.2) 0.27 (0.20–0.37)
ADNIb 83.0 (76.7–87.8) 88.4 (83.6–92.0) 86.0 (82.3–89.1) 7.2 (5.0–10.4) 0.19 (0.14–0.27)

a AddNeuroMed data set as test set and ADNI data set as training set.
b ADNI data set as test set and AddNeuroMed data set as training set, confidence intervals within parenthesis, cv = cross-validation, LR+ = positive likelihood ratio and LR− =

negative likelihood ratio.
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controls as a result of atrophy. Regions of very little or no importance
for the separation between groups are also similar between the two
cohorts. Examples include the brainstem, cerebellum, pallidum and
corpus callosum. Further, these regions are not expected to be affected
in AD which strengthens the results obtained from the two cohorts.
Fig. 1C shows the pattern of atrophy when the AddNeuroMed cohort
and the ADNI cohort were combined. Once again, a very similar
pattern of atrophy is observed.

Model validation

Cross-validation is a good way to show the robustness of a model.
All the models discussed so far have used 7-fold cross-validation.
However, the best way of validating a model is to use an external test
set. Therefore, we used the ADNI model as a training set and predicted
the AddNeuroMed cohort on to this model and vice versa. The results
are similar to those obtained by cross-validation (Table 3). Using the
AddNeuroMed cohort as a test set and the ADNI cohort as a training
set resulted in a sensitivity of 75.0% and a specificity of 92.7%. Using
the ADNI dataset as a test set and the AddNeuroMed dataset as a
training set resulted in a sensitivity of 83.0% and a specificity of 88.4%.
For further validation, we compared if subjects were classified
differently between the different models (for example classified as
AD in one model and control in another model). We compared the
single cohort cross-validated models with the combined cross-
validated cohort model and the single cohort models using the
train/test set approach. The results show that the classification
agreement for the different comparisons lies between 91 and 96%
(Table 4).

MCI conversion prediction

As a final step we investigated if the combined AddNeuroMed/
ADNI cohort could predict conversion from MCI to AD at baseline. All
MCI subjects from the two cohorts who had 1 year follow-up data
were classified as either belonging to the AD or the control group
Table 4
Comparison of subject classification between cohort models.

ANM and
ANM/ADNI

ADNI and
ANM/ADNI

ANM and
ANMonADNI

ADNI and
ADNIonANM

Total n 229 401 229 401
Same classification 217 385 209 372
% Same classification 95% 96% 91% 93%
Different classification 12 16 20 29
% Different classification 5% 4% 9% 7%

ANM = AddNeuroMed cohort model, ANM/ADNI = the combined AddNeuroMed and
ADNI cohort model, ANMonADNI = AddNeuroMed cohort test set and ADNI cohort
training set, ADNIonANM=ADNI cohort test set and AddNeuroMed cohort training set,
Total n = AD and CTL subjects, Same classification = number of subjects predicted in
the same way, % same classification = percentage of subjects predicted in the same
way, Different classification = number of subjects predicted differently, % different
classification = percentage of subjects predicted differently.
using the combined cohort model. The results are given by Table 5.
This resulted in 71% of the MCI converters (MCI-c) from both the
cohorts classified as AD-like and 60% of the MCI stable (MCI-s)
classified as control-like at baseline. For the AddNeuroMed cohort,
64% of the MCI-c subjects who converted to AD at 1 year follow-up
were classified as AD-like and 71% of the MCI-s predicted as control-
like at baseline. For the ADNI cohort 74% of the MCI-c subjects who
converted to AD at 1 year follow-upwere classified as AD-like and 56%
of the MCI-s predicted as control-like.

Discussion

This study was designed to investigate if multivariate classifica-
tion techniques trained on one of two large cohorts (AddNeuroMed
and ADNI) with identical MR acquisition protocols would be
applicable to the other and give similar results. We wished to assess
whether we would find similar patterns of atrophy in the two
cohorts, when comparing AD and healthy controls. Further, we
wanted to investigate if comparable sensitivities and specificities
between the cohorts could be obtained. Finally, we wanted to assess
the prediction of conversion from MCI to AD using the combined
AddNeuroMed/ADNI cohort.

The multivariate method we have used in this study is orthogonal
partial least square to latent structures (OPLS). This method has
previously been used to distinguish AD patients from healthy controls
and to predict conversion from MCI to AD using MRI data as input
(Westman et al., 2011). OPLS has also been applied to MRI and MRS
data, with the combination of the two measures showing improved
discrimination between Alzheimer's disease and controls (Westman
et al., 2010). Bylesjö et al. have shown that OPLS can be used to
combine different types of omics data. They showed that the
systematic variation from two analytical platforms could be combined
and separated from the systematic variation specific to each analytical
platform (Bylesjo et al., 2007). This illustrates the unique property of
OPLS compared to other linear regression methods which is that it
divides the systematic variation within the dataset into two parts, one
correlated with Y and one uncorrelated with Y (structured noise),
making data interpretation easier (Wiklund et al., 2008). At the same
Table 5
MCI prediction subject characteristics.

Number AD-like CTL-like

Combined cohort MCI converters 84 60 (71%) 24 (29%)
Combined cohort MCI stable 353 141(40%) 212 (60%)
AddNeuroMed MCI converters 22 14 (64%) 8 (36%)
AddNeuroMed MCI stable 97 28 (29%) 69 (71%)
ADNI MCI converters 62 46 (74%) 16 (26%)
ADNI MCI stable 256 113 (44%) 143 (56%)
ADNI MCI to CTL 7 1 (14%) 6 (86%)

AD = Alzheimer's disease, MCI = Mild Cognitive Impairment, CTL = healthy control.
MCI subjects were predicted on to the AddNeuroMed/ADNI model containing AD and
CTL subjects.
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time, OPLS maximizes the covariance between the dependent and the
independent variables. This can be of particular importance when
data from two studies are compared. Other advantages of OPLS are
that it does not require homogeneous classes and the number of
variables do not need to be smaller than the number of samples,
which is also the case for SVM. All types of matrices can be used as
input formultivariate analysis using OPLS, long and lean, short and fat,
almost square (Eriksson et al., 2006). Further, the OPLS loadings maps
illustrated by Fig. 2 show which input variables are important for the
classification, and allow the biological plausibility of the classification
to be investigated. Although SVM weights can show which variables
are important for separating groups for linear SVMs, this is not the
case for non-linear SVMs or LDA.

Several other studies have utilized other multivariate techniques
such as principal component analysis (PCA), partial least squares to
latent structures (PLS) and support vector machines (SVM) to analyze
MR-data (Boguszewicz et al., 2010; Fan et al., 2005, 2008; Kloppel et
al., 2008a, 2008b; Levine et al., 2008; McIntosh and Lobaugh, 2004;
Plant et al., 2009; Vemuri et al., 2008; Westman et al., 2007, 2009). As
input for OPLS analysis we only use automated regional MRI measures
(regional cortical thickness and regional volumes). These may have
particular advantages when it comes to widespread uptake in either
clinical or research practice. Manual measures of different brain
regions are time consuming and operator dependent and therefore
not always practical in a clinical settings. However automated tools
must be precise, accurate, fast and must be validated and tested on
large cohorts.

Model predictability

In this study three different models were created to investigate the
ability of OPLS to distinguish between AD and healthy elderly controls.
The models were created from the AddNeuroMed cohort, the ADNI
cohort and the combined AddNeuroMed/ADNI cohort. Further, the
model created from the AddNeuroMed cohort was validated using the
ADNI cohort as a test set and likewise the model created from the
ADNI cohort was validated by using the AddNeuroMed cohort as a test
set. The sensitivities and specificities as well as the likelihood ratios of
the different models can be observed in Table 3. Both the negative and
positive likelihood ratios are similar for each of the models, although
the sensitivity and specificity for the different models vary a little. We
believe that the models created from the different cohorts are robust
since we have used both full cross validation and external test sets for
model validation. An optimistic bias in classification accuracy can be
obtained if cross-validation is not used (Schulerud and Albregtsen,
2004; Simon Spycher, 2004). Naturally, the use of an external test set
is preferable, but this is not always possible if only small data sets are
available.

Previous studies have attempted to distinguish between subjects
with AD and healthy controls. Some have used hippocampal or
entorhinal cortex measures for classification with a high degree of
accuracy (80%–90%) (Fox et al., 1996; Jack et al., 1992, 1997;
Juottonen et al., 1999; Killiany et al., 1993; Laakso et al., 1996, 1998;
Lehericy et al., 1994; Seab et al., 1988). Accuracies of up to 100% have
been achieved when discriminating between AD and controls, but
these studies included more severely impaired AD subject (Callen
et al., 2001; Juottonen et al., 1999; Lerch et al., 2008), had very small
sample sizes (Lerch et al., 2008), or did not apply full cross-validation
(Callen et al., 2001; Fan et al., 2008; Juottonen et al., 1999; Killiany
et al., 2002).

We have previously obtained a sensitivity of 93% and specificity of
86% using the same method with the same input variables on a
separate cohort (Westman et al., 2010). However, the sample size in
this latter study (30 AD and 36 controls) was much smaller, which is
probably the reason for the slightly higher sensitivity and specificity.
The AddNeuroMed cohort has previously been analyzed with the
OPLS method, with different input variables (automatically measured
regional volumes in combination with manually measured hippo-
campus volumes) (Westman et al., 2011). Similar specificity was
achieved when full cross-validation was applied but the sensitivity
was higher in the previous study than the present study (90%
compared to 79%). A possible explanation for this is the effect of the
manual measures of hippocampus included in the previous study
which may demonstrate the need for future improvements to
automated segmentation techniques. The ADNI cohort has also
previously been studied using a similarmultivariate technique (Linear
discriminant analysis (LDA)) (McEvoy et al., 2009). Included in the
study of McEvoy et al. were quantitative structural neuroimaging
measures of regional MRI volumes and regional cortical thicknesses to
distinguish between Alzheimer's disease and healthy controls
(McEvoy et al., 2009). McEvoy and collaborators found a sensitivity
of 83% and a specificity of 93% with LDA, compared to the present
study where we found a sensitivity of 86.9% and specificity of 86.7%
(OPLS analysis with very similar input variables for the ADNI cohort).
Methods such as LDA require both strictly homogeneous classes and
that the number of variables is much smaller than the number of
samples (Eriksson et al., 2006). These criteria do not need to be
fulfilled when using PLS and OPLS. The current study included a larger
number of subjects than the study of McEvoy et al. which may be the
reason for the difference in sensitivity and specificity. We took the
view that we should include all subjects from both cohorts who
passed our image quality control measures (Simmons et al., 2009,
2011). Cuingnet et al. have also investigated the ADNI cohort using ten
different methods for automated classification of patients with AD
from structural MRI. They received sensitivities up to 81% and
specificities up to 95% with their best method. We believe that our
method is robust and accurate in distinguishing between and AD and
controls and is comparable to the results of other groups.

Combining the two separate cohorts we found a sensitivity of
83.4% and a specificity of 87.8%, further demonstrating the
robustness of the analysis approach used in this study. Very similar
patterns of atrophy were obtained for the two cohorts and when
they were combined a similar proportion of subjects were correctly
predicted as for the two separate cohorts. The agreement in
classification between the ADNI cohort and the combined cohort
(subjects predicted in the same way) was 96%. A similar agreement
was also found for the comparison of the AddNeuroMed and the
combined cohort (95%). These results again demonstrate the
robustness of the model.

The major difference in demographics between the two cohorts is
the number of years of education. The education level of the ADNI
cohort is around six years higher for all three diagnostic groups (AD,
MCI and healthy controls) than the AddNeuroMed cohort. This
difference seems to be due to a particularly high level of education
in the ADNI cohort and perhaps also because years of education were
lower in the post war years during the reconstruction of Europe when
the AddNeuroMed cohort was growing up. It is possible that the ADNI
cohortmight hence be rather selective in this regard and therefore not
as representative of the broader population as it could be. Although
we can only speculate as to the reason for the small variation between
the two cohorts, the differing education levels of the cohorts may be
one reason and additionally the ADNI cohort may be more
homogeneous than the AddNeuroMed cohort. Within the AddNeur-
oMed cohort, data was collected from six different countries. These
reasons and others may explain why the sensitivity and the specificity
are lower for the AddNeuroMed cohort compared to the ADNI cohort.
There are other factors which are different between the two cohorts,
such as the age of the controls. The average age of the controls are
lower for the AddNeuroMed cohort than the ADNI cohort, but when
the controls are averaged together in the combined cohort, it matches
the age of the other diagnostic groups better than they do in the
respective cohort separately.



826 E. Westman et al. / NeuroImage 58 (2011) 818–828
MRI measures of importance

Neurofibrillary tangles (NFTs) are one of the pathological
hallmarks of AD and are associated with neuronal loss and brain
volume reduction. According to Braak and Braak neurofibrillary
tangles spread in a defined and specific pattern composed of 6
different stages (Braak and Braak, 1991). During the first two Braak
stages pathology is confined to the entorhinal cortex/transentorhinal
cortex with minimal involvement of the hippocampus. In the third
and fourth stages the disease spreads to the hippocampus and the
medial temporal limbic areas and in the final two stages the
pathology extends to the isocortical association areas. The ADNI
and the AddNeuroMed cohorts show very similar pattern of atrophy
as illustrated by Fig. 2. The atrophy pattern in the two cohorts can be
compared to the staging of NFTs described by Braak and Braak. The
most important measure for the separation between the two subject
groups (AD and CTL) is the entorhinal cortex. The second and third
most important regions are the hippocampus and amygdala. Other
medial temporal limbic areas are also of importance, such as the
parahippocampal gyrus and posterior cingulate. As can be observed
from the loadings plot (Fig. 2) the atrophy also spreads to the lateral
temporal, parietal and frontal lobes according to the Braak scheme.
Karas et al. have shown a similar pattern of atrophy in a VBM study
where atrophy started in the medial temporal lobe and then spread
to lateral temporal, parietal and frontal lobe (Karas et al., 2003). The
staging of AD pathology proposed by Braak et al. is also supported by
many other VBM studies (Zakzanis et al., 2003). There are several
previous studieswhich have used FreeSurfer to analyze data from the
ADNI cohort (Lehmann et al., 2010; McEvoy et al., 2009; Murphy
et al., 2010). Using feature selectionMcEvoy et al. found that themost
important regions for discriminating between AD and controls were:
hippocampus, entorhinal cortex, middle temporal gyrus and banks of
superior temporal sulcus among others. Each of the regions that they
found to be important was also found to be key factors in our study.
However, we did not use any feature selection since we did not find it
to improve the performance of our models, though feature selection
does increase computational time (Cuingnet et al., 2011).

MCI prediction from the combined cohort

The final aim of this study was to predict conversion from MCI to
AD using the baseline scans and a 1 year clinical follow-up. The
combined AddNeuroMed/ADNI cohort (controls and AD subjects) was
used as a training set and all the MCI subjects from the two cohorts
which had 1 year clinical follow-up as the test set. MCI subjects were
either classified as AD like or as control like with the results
summarized in Table 5. 71% of the MCI converters (MCI-c) from
both the cohorts were classified as AD-like at baseline and 60% of the
MCI stable (MCI-s) subjects classified as control-like.

Considering the two cohorts separately, MCI-c subjects from the
ADNI cohort were more accurately predicted to be AD-like, while
MCI-s subjects were more accurately predicted to be control-like in
the AddNeuroMed cohort. The MCI subjects are a heterogeneous
group of subjects; some subjects remain stable over long periods of
time, some convert to AD or another neurological disorder and a
smaller number revert to a cognitively normal status. Due to the
heterogeneity of this group, clinical inclusion and exclusion criteria
are of great importance. The clinical criteria are slightly different
between the ADNI and the AddNeuroMed cohorts which is the most
likely reason for the differences observed in the accuracy of
prediction of conversion from MCI to AD. It is also likely that the
AddNeuroMed MCI population is more heterogeneous in general
than the ADNI cohort and the criteria for recruitment within ADNI is
a little more specific for recruiting subjects with amnestic MCI.
Further a 1 year follow-up period is a relatively short length of time,
which may explain why many of the MCI-s subjects are classified as
AD like. It is very likely that many of the subjects in this group will
convert to Alzheimer's disease at a later time, but morphological
changes in the brain are already present now. However, this does
not explain why the likelihood is higher for MCI-s in the ADNI
cohort to be more AD-like than for the AddNeuroMed cohort. This
may be because the AddNeuroMed cohort is more heterogeneous,
and does not contain as many amnestic MCI subjects as the ADNI
cohort, resulting in fewer subjects converting to AD. Another
explanation could be the higher educational level of the ADNI
subjects. In this group there are highly educated people who will
develop dementia. It has been shown that atrophic changes may be
advanced in more educated people while cognition is still preserved
(brain reserve/cognitive reserve) (Foubert-Samier et al., 2010;
Ngandu et al., 2007).

In a previous study Ewers et al. (2010) combined different
markers (MRI, CSF and neuropsychological tests) to predict
conversion to AD from MCI up to 3.3 years after baseline testing
(AD n=81, control n=101, MCI-c=58 and MCI-s=72). Ewers et
al. also trained their classification model on AD and control subjects
resulting in prediction accuracies between 60 and 70% for MCI-c and
MCI-s. We found a similar accuracy (65.5%) using imaging measures
alone for a much larger cohort. In another previous study,
Davatzikos et al. used a MRI classification technique which they
termed SPARE-AD (Spatial patterns of Abnormalities for recognition
of early AD) created from an AD (n=54) vs. control (n=63) model
(all subjects from the ADNI cohort). These patterns were used to
predict conversion in MCI subjects (MCI-c=69 and MCI-s=170)
between 6 and 36 months after baseline (Davatzikos et al., 2010).
Davatzikos et al. found a prediction accuracy of 55.8% (sensitivi-
ty=94.7%, specificity=37.8%) compared to our combination of
subjects from both AddNeuroMed and ADNI where we found a
prediction accuracy 65.5% (sensitivity=71%, specificity=60%). The
prediction accuracy is higher for our study than Davatzikos et al.,
while we also found less difference between sensitivity and
specificity than they did. The two studies used different analytical
techniques which could be the reason for the difference in
sensitivity and specificity. It is also possible that these differences
are due to the size of the training set (117 subjects compared to 630
subjects). Smaller datasets have previously been found to give high
prediction accuracies for MCI-c with lower specificities. Our model
is more balanced in terms of sensitivity and specificity results and
our larger dataset is more likely to accurately reflect the general
population.

We have previously analyzed the AddNeuroMed MCI-c group
with the same method (OPLS) but with different input variables
(automatically measured regional volumes in combination with
manually measured hippocampus volumes) (Westman et al., 2011).
The prediction result from this earlier study were good with 74% of
the MCI-c classified as more AD-like compared to the 64% found in
the present study. A possible explanation for this could again be the
nature of the training set. The training set in that study included only
the AddNeuroMed cohort which is likely to more closely match the
patterns of atrophy observed in the AddNeuroMed MCI-c group than
that of the combined AddNeuroMed and ADNI cohort in this study. It
has been proposed that the pattern of atrophy can progress in other
ways than that described by Braak and Braak, where the hippocam-
pus and entorhinal cortex are not as affected (Shiino et al., 2006).
Different types of atrophy patternswere observed but all the subjects
had the same clinical diagnosis. Larger cohorts are more likely to
contain subjects with different types of atrophy which could explain
the decrease in prediction accuracy received in the present study.
Moreover if a new completely unseen data set from neither the
AddNeuroMed nor the ADNI cohort was assessed, then it is likely that
the combined cohort would give better prediction accuracy than a
smaller cohort, since the combined cohort is more likely to resemble
the overall population.
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Conclusion

To conclude, we have used OPLS, a powerful multivariate
technique to compare and combine structural MRI data collected
from two large multi-center studies (AddNeuroMed and ADNI).

Multivariate data analysis in combination with quantitative
structural MRI can accurately classify elderly people from patients
with Alzheimer's disease. The atrophy pattern of the two cohorts is
very similar and corresponds well to the spread of NFTs described by
Braak and co-workers. Further, the prediction accuracy of the
different models created was also very similar, independent of the
different cohorts and method used for validation. This made it
possible to combine the two cohorts to create a large and robust
model which could be used to predict MCI conversion into AD. These
methods also show promise in predicting future progression to AD
from the transitional MCI state. There is scope to further investigate
the MCI group, for example by dividing MCI subjects into subgroups,
due to the heterogeneity within the group. Furthermore a 1 year-
follow up time is relatively short time span and it is most likely that
the group labeled MCI stable contains many subjects who will
convert to AD at a later stage. We will explore this as part of a future
study. The current study demonstrates that the methods used are
robust and that large data sets can be combined if MRI imaging
protocols are carefully aligned. Combining large data sets is
warranted since they are likely to more closely match the general
population and give a more complete picture of AD in the general
population. This will hopefully lead to a better understanding of the
etiology of the disease and aid diagnosis at an earlier stage of the
disease in the future.
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