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Abstract.
Background: The Disease State Index (DSI) prediction model measures the similarity of patient data to diagnosed stable and
progressive mild cognitive impairment (MCI) cases to identify patients who are progressing to Alzheimer’s disease.
Objectives: We evaluated how well the DSI generalizes across four different cohorts: DESCRIPA, ADNI, AddNeuroMed, and
the Kuopio MCI study.

∗Correspondence to: Anette Hall, University of Eastern Finland,
Institute of Clinical Medicine/Neurology, P.O. Box 1627, 70211
Kuopio, Finland. Tel.: +358 50 5392167; Fax: +358 17 162048;
E-mail: anette.hall@uef.fi.

1These authors contributed equally to this work.
2Data used in preparation of this article were obtained from

the Alzheimer’s Disease Neuroimaging Initiative (ADNI) database

(http://adni.loni.usc.edu). As such, the investigators within the
ADNI contributed to the design and implementation of ADNI
and/or provided data but did not participate in analysis or
writing of this report. A complete listing of ADNI investiga-
tors can be found at: http://adni.loni.usc.edu/wp-content/uploads/
how to apply/ADNI Acknowledgement List.pdf

ISSN 1387-2877/15/$27.50 © 2015 – IOS Press and the authors. All rights reserved

mailto:anette.hall@uef.fi
http://adni.loni.usc.edu
http://adni.loni.usc.edu/wp-content/uploads/how_to_apply/ADNI_Acknowledgement_List.pdf


80 A. Hall et al. / Generalizability of DSI for Progression of MCI

Methods: The accuracy of the DSI in predicting progression was examined for each cohort separately using 10 × 10-fold cross-
validation and for inter-cohort validation using each cohort as a test set for the model built from the other independent cohorts
using bootstrapping with 10 repetitions. Altogether 875 subjects were included in the analysis. The analyzed data included
a comprehensive set of age and gender corrected magnetic resonance imaging (MRI) features from hippocampal volumetry,
multi-template tensor-based morphometry, and voxel-based morphometry as well as Mini-Mental State Examination (MMSE),
APOE genotype, and additional cohort specific data from neuropsychological tests and cerebrospinal fluid measurements (CSF).
Results: The DSI model was used to classify the patients into stable and progressive MCI cases. AddNeuroMed had the
highest classification results of the cohorts, while ADNI and Kuopio MCI exhibited the lowest values. The MRI features alone
achieved a good classification performance for all cohorts. For ADNI and DESCRIPA, adding MMSE, APOE genotype, CSF,
and neuropsychological data improved the results.
Conclusions: The results reveal that the prediction performance of the combined cohort is close to the average of the individual
cohorts. It is feasible to use different cohorts as training sets for the DSI, if they are sufficiently similar.

Keywords: Alzheimer’s disease, computer-assisted diagnosis, dementia, magnetic resonance imaging (MRI), mild cognitive
impairment

INTRODUCTION

Mild cognitive impairment (MCI) is considered
to be a stage preceding dementia, in particular
Alzheimer’s disease (AD). Several studies have
attempted to determine the rate of progression from
MCI to AD. The meta-analysis conducted by Mitchell
et al. indicated that less than half of the MCI cases
actually progressed to AD, with an annual rate of con-
version of around 10%, and many cases did not convert
even after 10 years of follow-up [1]. As the prevalence
of MCI is growing, it is important to detect initial sub-
tle changes that could indicate a high risk for dementia
in order to identify those patients who could benefit
from treatment and preventive measures.

A variety of studies have been performed in order to
investigate different aspects of the AD pathology based
on proposed classifications and models [2, 3]. Nonethe-
less, there is no consensus about which biomarker or
combination of biomarkers is most accurate for pre-
dicting the progression from MCI to AD. In particular,
many studies have focused on imaging biomarkers
which display brain atrophy with structural magnetic
resonance imaging (MRI) techniques [4]. Automated
imaging methods, such as multi-atlas segmentation of
hippocampal volume (HCV) [5, 6] and morphometric
methods, including tensor-based morphometry (TBM)
[7–9] and voxel-based morphometry (VBM) [10, 11]
have also been studied for the identification of MCI,
AD, and frontotemporal dementia (FTD).

DSI is a statistical analysis method developed to
function as part of a computer assisted diagnosis tool
which integrates different data features from patients
and combines them in order to provide global and
individual scores for disease classification [12, 13].
The DSI method has previously been applied in pre-

dicting progression of MCI to AD [12, 13], as well
as differentiating between controls, MCI, FTD, and
AD [14]. However, these studies using the DSI have
only included patients from a single cohort, making
it important to validate the method further by apply-
ing it to data drawn from multiple cohorts. The main
objective of this study was to evaluate how well the
DSI prediction model would generalize to the situa-
tion where the model is built from different data as it is
applied to. This is a vital issue when the clinical utility
of prediction models is being evaluated.

In this study the DSI was applied for predicting
the conversion from MCI to AD using four different
cohorts: DESCRIPA [15], ADNI [16, 17], AddNeu-
roMed [18], and the Kuopio MCI cohort [19–22].
The analysis was done using HCV, multi-template
TBM, and VBM methods, as well as with a com-
monly used cognitive screening test Mini-Mental State
Examination (MMSE) and APOE genotype. In addi-
tion a set of neuropsychological tests and cerebrospinal
fluid biomarkers (CSF) were included in intra-cohort
analysis. The goal was to assess the cross-cohort per-
formance of DSI with these biomarkers, particularly
the imaging biomarkers, for predicting the conversion
from MCI to AD.

METHODS

Patient data

Patients with MCI were chosen from four different
previously described cohorts: the Alzheimer’s Disease
Neuroimaging Study (ADNI) [16], the AddNeuroMed
consortium [18], the DESCRIPA study [15], and Kuo-
pio longitudinal-MCI study [20–22]. A total of 875
subjects with MCI were included in this analysis.
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Table 1
Demographic and clinical data. Values are mean (standard deviation) or number (percentage)

ADNI AddNeuroMed DESCRIPA Kuopio MCI

MCI patients 370 123 237 145
Age (years)A* 75.3 (7.3) 73.8 (5.7) 70.2 (7.9) 71.5 (5.0)
Gender (female)B* 134 (36%) 61 (50%) 136 (57%) 97 (67%)
Education (years)C* 15.6 (3.1) 8.9 (4.3) 9.3 (4.0) 7.0 (2.5)
Follow-up time (years) 2.9 (0.6) 1 2.2 (1.1) 2.6 (1.8)
Converted to AD 163 (44%) 23 (19%) 57 (24%) 54 (37%)
MMSE scoreA∗ 27.0 (1.8) 27.1 (1.7) 27.1 (2.3) 23.1 (3.6)
CSF A�42 (pg/ml) 161 (52) − 529 (272) 572 (220)
CSF t-tau (pg/ml) 104 (61) − 507 (375) 456 (232)
CSF p-tau (pg/ml) − − 77 (51) 77 (25)
Hippocampal volumeA* 3753 (612) 3912 (624) 3891 (652) 3840 (567)
APOE �4 0/1/2B* 167/158/45 70/35/5 111/75/19 76/51/16

(45%/42%/12%) (64%/32%/5%) (54%/37%/9%) (53%/36%/11%)
AOne-way ANOVA, BPearson Chi-Square test, CKruskal-Wallis test ∗p < 0.05.

Informed consent was obtained from all subjects
and the protocols and procedures were approved by
the relevant Institutional Review Board at each data
acquisition site and data coordination site.

Cohorts
Table 1 shows the demographic and clinical charac-

teristics of the cohorts included in this study.

ADNI
Data used in the preparation of this article were

obtained from the Alzheimer’s Disease Neuroimaging
Initiative (ADNI) database (http://adni.loni.usc.edu).
The ADNI was launched in 2003 by the National
Institute on Aging (NIA), the National Institute of
Biomedical Imaging and Bioengineering (NIBIB), the
Food and Drug Administration (FDA), private phar-
maceutical 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
MRI, positron emission tomography (PET), other bio-
logical markers, and clinical and neuropsychological
assessment can be combined to measure the progres-
sion of MCI and early 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 Principal Investigator of this initiative is
Michael W. Weiner, MD, VA Medical Center and Uni-
versity of California – San Francisco. ADNI is the
result of efforts of many co-investigators from a broad
range of academic institutions and private corpora-
tions, and subjects have been recruited from over 50
sites across the U.S. and Canada. The initial goal of
ADNI was to recruit 800 subjects but ADNI has been

followed by ADNI-GO and ADNI-2. To date these
three protocols have recruited over 1,500 adults, ages
55 to 90, to participate in the research, consisting of
cognitively normal older individuals, people with early
or late MCI, and people with early AD. The follow up
duration of each group is specified in the protocols for
ADNI-1, ADNI-2, and ADNI-GO. Subjects originally
recruited for ADNI-1 and ADNI-GO had the option
to be followed in ADNI-2. For up-to-date information,
see http://www.adni-info.org.

Inclusion criteria for MCI patients were MMSE
score between 24 and 30, memory problems with
objective memory loss, Clinical Dementia Rating
Scale (CDR) score of 0.5, not impaired significantly
in other cognitive domains, preservation of activities
of daily living and absence of dementia. In this study
from this cohort we included 370 subjects, 36% female,
with an average follow-up time 2.9 years.

AddNeuroMed
AddNeuroMed is a multi-center European study

aimed at validating and identifying plasma-based and
neuroimaging biomarkers for AD [18]. The data was
collected from six centers and contained control, MCI,
and AD patients; from this database 123 MCI patients
(50% female) with MRI results were included in this
study. In addition to the MRI, the MMSE, Consor-
tium to Establish a Registry for Alzheimer’s Disease
(CERAD) battery, and APOE genotype were assessed.
The follow-up time for MCI to AD conversion was
one year and AD diagnosis was made according to
the National Institute of Neurologic and Communica-
tive Disorders and Stroke and Alzheimer’s Disease and
Related Disorders Association (NINCDS-ADRDA)
criteria for probable AD. At baseline, all MCI subjects
fulfilled the following components of the diagnostic

http://adni.loni.usc.edu
http://www.adni-info.org


82 A. Hall et al. / Generalizability of DSI for Progression of MCI

criteria for amnestic MCI: 1) memory complaint by
patient, family, or physician; 2) normal activities of
daily living; 3) MMSE score range between 24 and
30; 4) Geriatric Depression Scale score less than or
equal to 5; 5) subject aged 65 years or above; 6) CDR
memory score of 0.5 or 1; and 7) absence of dementia
according to the NINCDS-ADRDA criteria. Patients
with subjective memory complaints, but with a CDR
memory and total score of 0 were not included in the
MCI group.

DESCRIPA
The DESCRIPA study is a multicenter study

conducted by the European Alzheimer’s Disease Con-
sortium on the development of screening guidelines
and clinical criteria for the diagnosis of pre-dementia
AD [15]. Memory clinics across Europe recruited
patients aged 55 years and older with cognitive com-
plaints, but without a diagnosis of dementia or a
somatic, psychiatric or neurological disorder that could
have caused the cognitive impairment. We included
237 subjects (57% female), who displayed an observ-
able cognitive impairment, MCI, defined as a z-scored
result of -1.5 or lower in neuropsychological tests. The
average follow-up time was 2.2 years. The diagnosis
of AD was based on the NINCDS-ADRDA criteria.

Kuopio L-MCI
The Kuopio MCI cohort consisted of 145 subjects

diagnosed with MCI from the Kuopio longitudinal
MCI study. These patients were pooled from two pop-
ulation based studies gathered in the University of
Eastern Finland [19, 21–23]. One of the two studies
used the MMSE for screening, with patients scoring
under 24 or less invited to participate in the clinical
phase [22]. MCI was diagnosed using the follow-
ing criteria originally proposed by the Mayo Clinic
Alzheimer’s Disease Research Center: 1) memory
complaint by patient, family, or physician; 2) normal
activities of daily living; 3) normal global cognitive
function; 4) objective impairment in memory or in one
other area of cognitive function as evident by scores
>1.5 S.D. below the age appropriate mean; 5) CDR
score of 0.5; and 6) absence of dementia. In a few cases
where all these criteria could not be evaluated due to
missing data, MCI diagnosis was based on performing
below the age-adjusted norms in at least one cognitive
domain and having a score of 0.5 on the CDR scale. In
this study were included 145 subjects (67% female).
The mean follow-up time was 2.6 years. The diagnosis
of AD was based on the NINCDS-ADRDA criteria.

Neuropsychological tests
From the ADNI dataset we chose the Alzheimer’s

Disease Assessment Scale-Cognitive Subscale as the
neurological test set to be included in the DSI analysis
for ADNI.

In AddNeuroMed the patients were evaluated with
CERAD tests.

In DESCRIPA, the neuropsychological tests were
divided into domains of learning, memory, language,
executive function, and visuo-construction. As the sub-
jects were collected from several different countries,
the cognitive tests administered varied from center to
center. The results were compared to the average scores
of healthy controls according to age, gender, and edu-
cation and a z-score was calculated.

The neuropsychological data after feature selec-
tion by relevance for Kuopio MCI included the
Logical Memory Test from the Wechsler Memory
Scale–Revised, Block Design and Vocabulary from the
Wechsler Adults Intelligence Scale, Buschke Selective
Reminding Test, Copy a Cube-test, and Constructional
Praxis for CERAD. Full details on the battery of neu-
ropsychological tests used in Kuopio MCI can be found
elsewhere [21–23].

CSF analysis
In ADNI, levels of CSF concentrations of A�42, t-

tau, and p-tau were measured by flow cytometry using
the monoclonal antibodies in the INNOBIA Alz Bio3
immunoassay kit (Innogenetics, Ghent, Belgium) and
assayed with xMAP technology (Luminex, Austin,
TX) [17].

In DESCRIPA, all CSF samples were analyzed
in Sahlgrenska University Hospital, Mölndal, Swe-
den. The concentrations of A�42, t-tau, and p-tau
were measured with single parameter ELISA (Innotest
�-amyloid 1–42; Innotest hTAU-Ag; Innogenetics,
Ghent, Belgium).

In Kuopio MCI, the CSF sample was obtained by
lumbar puncture at the baseline visit and stored in
polypropylene tubes at –70◦C until the analyses. The
CSF A�42, t-tau and p-tau levels were measured by
commercial ELISA (Innogenetics, Ghent, Belgium)
[24].

No CSF samples were available for the AddNeu-
roMed cohort.

APOE genotype
In ADNI, the APOE genotyping was performed

using DNA extracted from EDTA blood. Poly-
merase chain reaction amplification was followed by
HhaI restriction enzyme digestion, resolution on 4%
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Metaphor Gel, and visualization by ethidium bromide
staining [25].

In AddNeuroMed, the APOE genotype was deter-
mined from blood leukocytes with a standardized
method [26].

In DESCRIPA, the APOE genotype was determined
on genomic DNA extracted from EDTA blood with the
polymerase chain reaction as described earlier [27].

In Kuopio MCI, the APOE genotype was deter-
mined from blood leukocytes. DNA was extracted by
a standard phenol-chloroform extraction, and APOE
genotypes were analyzed by the polymerase chain
reaction and HhaI digestion as described previously
[28].

MRI

MRI acquisition
The imaging protocol in ADNI and AddNeuroMed

included a high-resolution sagittal 3D T1–weighted
MPRAGE volume and axial proton density/T2-
weighted fast spin echo images. In AddNeuroMed,
the MRI data was acquired with 6 different 1.5T MRI
systems [29]. The data acquisition was designed to
be compatible with ADNI [30]. In DESCRIPA, the
MRI scans were conducted in 9 different centers, each
with their own scanners and protocols. The scanning
was performed at either 1.0 or 1.5 Tesla and included
3D T1 weighted gradient echo and a fast fluid attenu-
ated inversion recovery (FLAIR) sequence. In Kuopio
MCI, the MR images were acquired with two differ-
ent 1.5 T MRI scanners in the Department of Clinical
Radiology, Kuopio University Hospital [19]. Anatomi-
cal high-resolution T1-weighted images were acquired
using a 3D-MPRAGE sequence.

MRI feature extraction
Several feature extraction methods were used in

the analysis of the T1-weighted MRI-images: VBM,
multi-template TBM [7, 8], and multi-atlas segmenta-
tion of the HCV [31]. In the VBM analysis, the mean
gray brain matter concentrations over the regions of
interest (ROIs) were used as the features. In TBM,
the MRI-images were non-rigidly registered to a mean
anatomical reference MRI-image, and the mean values
of the logarithm of the Jacobian (i.e., the local vol-
ume change as compared to the reference MRI-image)
computed over the ROIs were used as the TBM fea-
tures. The ROIs used were the 83 structures of the
Hammer’s atlas [32–34] and the combination of all
of the ROIs. In multi-template TBM analysis, thirty
templates (10 controls, 10 MCI patients, and 10 AD

patients) from the ADNI [16, 17] were used, and the
mean of the Jacobians of the 30 templates was used
in the feature computation. Baseline HCV were mea-
sured using fast and robust multi-atlas segmentation
presented elsewhere [5, 31].

The MRI features were corrected for age and gen-
der as described previously [36]. The correction was
performed using linear regression models determined
between each MRI feature and age and gender using
the control subjects of the ADNI study. By using the
control subjects it was possible to remove any varia-
tions related to normal ageing and gender differences
but all the disease specific variations were preserved.

Disease State Index

The DSI is measure for the similarity of a patient’s
test data with regard to diagnosed populations [12].
In this work, DSI values close to zero correspond to
a similarity with the stable MCI cases, while values
close to one indicate a progression toward AD. The DSI
method can utilize any quantifiable data, and the resem-
blance of measurement values to the AD-converting
population is calculated through a fitness function.

The fitness for feature i, as a function of measure-
ment value x, is defined as

fi(x) = FNi(x)

FNi(x) + FPi(x)

where FNi(x) is the false negative errors and FPi(x) the
false positive errors in the training data, when using x
as the classification threshold.

For each measurement type, or feature, a relevance
value is calculated. The relevance value ranges from 0
to 1 and indicates the feature’s ability to differentiate
between stable and progressive populations. The rele-
vance is calculated from the sensitivity and specificity
of the feature i:

relevancei = sensitivityi + specificityi − 1,

with negative values set to a minimum value of zero. A
relevance of zero denotes a feature completely unable
to differentiate between the two populations, and rel-
evance of one represents a feature for which there
is no overlap between the two groups. Patient mea-
surements are combined into a composite DSI value
using a weighted average, where the fitness values are
weighted according to their relevance. This process of
evaluating DSI and relevance and combining features
by weighted average can then be repeated recursively,
until an overall DSI is obtained through:



84 A. Hall et al. / Generalizability of DSI for Progression of MCI

Total DSI =
∑

i relevancei × fitnessi
∑

i relevancei

where i runs over the set of features available. A com-
prehensive description of the DSI method, including
supplementary data detailing the calculations, has been
published previously [12].

Data analysis

Due to the large number of available features, a
simple feature selection was employed. Any features
with a relevance under 0.1—corresponding to aver-
age sensitivity and specificity less than 0.55—were
omitted from the analysis as they provide little infor-
mation while increasing statistical noise. The cohorts
were analyzed separately using 10 × 10-fold intra-
cohort cross-validation for three different groups: 1)
MRI results only; 2) MRI, MMSE scores, and APOE
�4 allele count; 3) the previous group together with
CSF and neuropsychological test results, depending on
availability. Each cohort was also tested by using the
three other cohorts as the training group using boot-
strapping with 10 repetitions. DSI values under 0.5
were classified as stable cases and over 0.5 as patients
who had progressed to AD. From the DSI values, we
calculated AUC (area under the receiver-operator curve
(ROC)), prediction accuracy, sensitivity, and speci-
ficity in order to evaluate the performance of the model.

In the cross-validation, fold-wise means, standard
deviations and 95% confidence intervals were cal-
culated. The confidence intervals were based on the
standard error, assuming a normal distribution. The
inter-cohort results were obtained with bootstrapping.
From each training group with N cases, N random
samples were chosen with replacement so that any par-
ticular case may appear several times in the training set.
The means and standard deviations were then calcu-
lated by repeating the process 10 times for each tested
patient.

RESULTS

Demographics

The demographic and clinical data for the study
groups are presented in Table 1. There were signifi-
cant differences between the cohorts in terms of age.
The average age of the ADNI, which contained the
oldest cases, was about 5 years higher than that for
DESCRIPA, the youngest cohort.

The cohorts differed in terms of gender and years
of education. There were only 36% of women in the
ADNI cohort whereas for Kuopio MCI it was 67%.
The ADNI cohort also differed significantly from the
others by having subjects with an average of 15.6 years
of education, while the Kuopio MCI cohort had the
lowest level of education with an average of 7.0 years.

The AddNeuroMed study had a fixed follow-up time
of 1 year, while the other three cohorts had aver-
age follow-up times of over 2 years. Subsequently,
the AddNeuroMed study also had the lowest overall
conversion percentage of 19%, while ADNI had the
highest with 44%.

The average MMSE scores for ADNI, AddNeu-
roMed, and DESCRIPA were equivalent, while the
average score for the Kuopio MCI cohort was signif-
icantly lower. This was also evident in the one-way
ANOVA and post-hoc analyses.

HCV differed significantly between the groups;
however, in the individual group comparisons, the sta-
tistically significant differences were found between
the ADNI and DESCRIPA cohorts.

Pearson Chi-Square test detected significant differ-
ences between the groups for the presence of the APOE
�4 allele. The APOE �4 alleles were most frequent in
ADNI, with 55% carrying at least one allele, and least
frequent in AddNeuroMed, where the frequency was
only 36%.

Classification results

The DSI model was used to classify the patients
into stable and AD-progressive MCI cases. Table 2
shows the AUC, accuracy, sensitivity, and specificity
of the DSI prediction results obtained with intra-cohort
cross-validation and inter cohort validation using inde-
pendent training and test sets.

The accuracy of DSI in predicting progression was
studied for each cohort separately using 10 × 10-fold
cross-validation and for inter-cohort validation using
one cohort as a test set for the model built from the
other independent cohorts. Based on the mean AUCs,
AddNeuroMed had the highest classification results of
the cohorts, while ADNI and Kuopio MCI exhibited
the lowest values.

The AUCs obtained for the DSI analyzed with MRI
data only were 0.72 for ADNI, 0.73 for Kuopio MCI,
0.77 for DESCRIPA, 0.79 for AddNeuroMed, and 0.74
for the combined cohort. With the addition of the
other biomarkers into the analysis, the AUC for the
ADNI cohort increased to 0.74 with APOE and MMSE
and to 0.76 also with CSF and neuropsychology. For
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Table 2
Classification results. AUC, Area under the receiver-operator curve. Results from cross-validated cohorts are in the form: mean (standard

deviation) [95% confidence interval]. Inter-cohort results are from ten bootstrapped DSI runs

AUC Accuracy Sensitivity Specificity

MRI with intra-cohort cross-validation
ADNI 0.72 (0.07) [0.70–0.73] 0.67 (0.06) [0.66–0.69] 0.69 (0.11) [0.66–0.71] 0.66 (0.10) [0.64–0.68]
AddNeuroMed 0.79 (0.22) [0.75–0.84] 0.81 (0.11) [0.78–0.83] 0.74 (0.34) [0.67–0.80] 0.82 (0.12) [0.80–0.84]
DESCRIPA 0.77 (0.12) [0.74–0.79] 0.72 (0.08) [0.70–0.74] 0.62 (0.22) [0.57–0.66] 0.75 (0.10) [0.73–0.77]
Kuopio MCI 0.73 (0.14) [0.71–0.76] 0.67 (0.12) [0.65–0.70] 0.69 (0.20) [0.65–0.72] 0.67 (0.15) [0.64–0.70]
Combined cohort 0.74 (0.06) [0.73–0.75] 0.69 (0.05) [0.68–0.70] 0.69 (0.08) [0.67–0.70] 0.69 (0.06) [0.68–0.70]

MRI, APOE and MMSE with intra-cohort cross-validation
ADNI 0.74 (0.07) [0.73–0.76] 0.69 (0.07) [0.67–0.70] 0.71 (0.11) [0.69–0.73] 0.67 (0.11) [0.65–0.69]
AddNeuroMed 0.82 (0.20) [0.78–0.86] 0.82 (0.11) [0.80–0.84] 0.80 (0.28) [0.75–0.86] 0.83 (0.11) [0.81–0.85]
DESCRIPA 0.78 (0.13) [0.75–0.80] 0.75 (0.09) [0.74–0.77] 0.68 (0.22) [0.63–0.72] 0.78 (0.10) [0.76–0.80]
Kuopio MCI 0.74 (0.11) [0.72–0.76] 0.68 (0.10) [0.66–0.70] 0.70 (0.18) [0.66–0.74] 0.67 (0.16) [0.64–0.70]
Combined cohort 0.76 (0.06) [0.75–0.78] 0.70 (0.05) [0.69–0.71] 0.70 (0.08) [0.69–0.72] 0.70 (0.05) [0.69–0.71]

MRI, APOE, MMSE, CSF and Neuropsychology with intra-cohort cross-validation
ADNI 0.76 (0.08) [0.75–0.78] 0.70 (0.07) [0.68–0.71] 0.74 (0.10) [0.72–0.76] 0.66 (0.10) [0.64–0.68]
AddNeuroMed 0.83 (0.20) [0.79–0.86] 0.82 (0.12) [0.79–0.84] 0.78 (0.30) [0.72–0.83] 0.83 (0.12) [0.80–0.85]
DESCRIPA 0.81 (0.10) [0.79–0.83] 0.75 (0.08) [0.74–0.77] 0.66 (0.20) [0.62–0.70] 0.78 (0.10) [0.76–0.80]
Kuopio MCI 0.76 (0.13) [0.73–0.78] 0.70 (0.11) [0.68–0.72] 0.71 (0.20) [0.67–0.75] 0.70 (0.15) [0.67–0.73]

MRI using other cohorts as a training group
ADNI 0.71 (0.003) 0.65 (0.01) 0.74 (0.02) 0.58 (0.03)
AddNeuroMed 0.75 (0.005) 0.75 (0.02) 0.71 (0.02) 0.76 (0.02)
DESCRIPA 0.72 (0.005) 0.69 (0.01) 0.60 (0.03) 0.72 (0.02)
Kuopio MCI 0.74 (0.003) 0.69 (0.02) 0.54 (0.04) 0.77 (0.005)

MRI, APOE and MMSE using other cohorts as a training group
ADNI 0.72 (0.01) 0.67 (0.01) 0.67 (0.03) 0.67 (0.03)
AddNeuroMed 0.76 (0.01) 0.79 (0.01) 0.70 (0.02) 0.81 (0.02)
DESCRIPA 0.73 (0.01) 0.66 (0.03) 0.65 (0.03) 0.67 (0.05)
Kuopio MCI 0.74 (0.01) 0.68 (0.01) 0.56 (0.05) 0.75 (0.04)

DESCRIPA, there was a similar increase to 0.81 with
the addition of all biomarker data. There was no dis-
cernible change for Kuopio MCI or AddNeuroMed
outside of the 95% confidence intervals.

The same data sets were also used to analyze each
cohort using the remaining three cohorts as the training
group. CSF and neuropsychological data was not avail-
able for all cohorts, so no inter-cohort analysis could
be made for those parameters.

A comparison of these inter-cohort results with those
obtained through intra-cohort analysis revealed that
with just the MRI data the only notable decrease in
AUC was found for the DESCRIPA cohort. When
also taking APOE and MMSE into account, there
were small decreases in AUC also for ADNI and
AddNeuroMed.

There were also some differences in accuracy,
sensitivity, and specificity between the cohorts. Accu-
racy was slightly lower in the AddNeuroMed and
DESCRIPA cohorts for both inter-cohort results, while
in ADNI only for the MRI data. The most notable
change in sensitivity and specificity were exhibited

by the Kuopio MCI cohort, with specificity increas-
ing and sensitivity dropping. Meanwhile, the ADNI
cohort exhibited an opposite effect with just the MRI
data.

Table 3 displays the AUCs of the feature groups
using intra-cohort cross-validation of the DSI. CSF
had the highest AUC of the features in both the Kuo-
pio MCI (0.78) and DESCRIPA (0.79) cohorts, but not
in ADNI (0.65). The neuropsychological test set was a
good classifier for all of the cohorts (0.67–0.71), except
in the AddNeuroMed (0.62). The MMSE score was not
relevant in either the AddNeuroMed or Kuopio MCI
cohorts, and so it was not included in the final analy-
sis. With respect to the imaging techniques it was found
that multi-template TBM was the best classifier in all
cohorts with the exception of AddNeuroMed, where
VBM achieved a higher AUC (0.82).

Figure 1 illustrates the results of the inter-cohort
analysis for MRI, MMSE, and APOE, by showing the
distribution of DSI values obtained for each cohort, in
comparison to the distributions of the training group
composed of the three other cohorts. The ADNI results
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Table 3
Classification AUC of the feature groups using intra-cohort cross-validation. NR, not relevant (below the relevance threshold of 0.1); NA, not

available. Results are in the form: mean (standard deviation) [95% confidence interval]

AUC ADNI AddNeuroMed DESCRIPA Kuopio MCI Combined

CSF 0.65 (0.13) NA 0.79 (0.21) 0.78 (0.28) NA
[0.62–0.68] [0.74–0.83] [0.72–0.84]

Neuropsychological 0.71 (0.08) 0.62 (0.24) 0.67 (0.13) 0.70 (0.21) NA
[0.69–0.72] [0.57–0.67] [0.64–0.69] [0.65–0.74]

MMSE 0.59 (0.08) NR 0.65 (0.15) NR 0.60 (0.06)
[0.58–0.61] [0.62–0.68] [0.58–0.61]

Genetic (APOE �4) 0.63 (0.08) 0.69 (0.19) 0.62 (0.13) 0.59 (0.15) 0.64 (0.06)
[0.61–0.64] [0.66–0.73] [0.59–0.64] [0.56–0.62] [0.63–0.65]

VBM 0.66 (0.09) 0.82 (0.17) 0.68 (0.13) 0.69 (0.15) 0.67 (0.06)
[0.65–0.68] [0.79–0.86] [0.65–0.70] [0.66–0.72] [0.66–0.68]

TBM 0.71 (0.08) 0.77 (0.25) 0.74 (0.10) 0.70 (0.14) 0.74 (0.06)
[0.69–0.72] [0.72–0.82] [0.72–0.76] [0.67–0.73] [0.72–0.75]

Hippocampal volume 0.66 (0.08) 0.67 (0.24) 0.69 (0.14) 0.66 (0.16) 0.68 (0.07)
[0.65–0.68] [0.62–0.72] [0.66–0.71] [0.63–0.70] [0.66–0.69]

seem to closely follow the training group distribu-
tions, with a slight shift towards lower DSI values.
AddNeuroMed seems to also follow the training group
distribution quite closely, even though the S-MCI
patients are again shifted to slightly smaller DSI values.
DESCRIPA has more S-MCI cases between 0.4 and
0.6 DSI than in the training group. Finally, the Kuopio
MCI results differ most from the training group distri-
bution, with S-MCI cases shifted to higher and P-MCI
to lower DSI values.

DISCUSSION

Memory problems are common among the older
population, and it has been a challenge to identify
MCI patients who will progress to dementia. There
is a huge amount of data about which biomarkers are
reliable predictors of progression to dementia in dif-
ferent longitudinal cohorts. Several studies have also
been performed previously for each of the four separate
cohorts examined in this study. While most previous
studies have focused on different MRI parameters in a
single cohort, this study applied a holistic approach,
DSI, to a combination of four cohorts containing a
total of 873 subjects with MCI. The major finding is
that the prediction performance of the combined cohort
(AUC = 0.76) is close to the average of the individual
cohorts (AUC = 0.74–0.82). This study confirmed that
it is feasible to use different cohorts as training sets for
the DSI, as long as the cohorts share parameters.

While this study concentrates on the prediction of
progression to AD, the DSI measure itself is contin-
uous, running from zero to one. This allows for the
estimation of disease severity or the confidence of the
prediction. Clearly stable or progressive patients will

receive very high or low DSI values, while borderline
cases or those with ambiguous test results are expected
to receive DSI values closer to 0.5. When integrated
into a clinical decision support system, DSI not only
provides a prediction of the progression, but also a
measure of the severity through the DSI value, as well
as information on how different biomarkers are con-
tributing towards that prediction through the relevance
and DSI value of each separate biomarker [12, 14].

Comparison to previous studies

The AUC obtained here by analyzing MRI data for
the DESCRIPA cohort (0.77) is very similar to that
obtained in previous studies. One study found that
the AUC was higher for automatic (0.71) and manual
hippocampal (0.71) measurements than for a medial
temporal atrophy score (0.65) or lateral ventricle mea-
surement (0.60) [37]. Another study, which included
temporal lobe atrophy, achieved an AUC value of 0.81
when comparing converters and non-converters [38].
This suggests that automatic MRI techniques work
well for predicting MCI to AD conversion.

A recent study report from the AddNeuroMed cohort
comparing different multivariate techniques for auto-
mated classification of MRI data described an accuracy
in the range 0.674 to 0.747 with AUC values between
0.748 and 0.827 for predicting conversion from MCI
to AD [39]. As our results with the DSI method (0.79)
are closely in line with these results, they further val-
idate the hypothesis that the DSI and MRI processing
methods used in this study are clearly comparable to
established methods.

Another study attempted to compare stable-MCI and
progressive-MCI from ADNI through a combination of
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Fig. 1. Inter-cohort probability density distributions of DSI values for stable and progressive MCI. The training groups are shown as colored
areas, and results for the tested cohorts as plotted lines. The four tested cohorts are A) ADNI, B) AddNeuroMed, C) DESCRIPA, and D) Kuopio
MCI, while the training groups include the three other cohorts.

HCV, manifold based learning, cortical thickness, and
TBM data, reaching an accuracy of 0.68 with linear
discriminant analysis and an accuracy of 0.60 when
using support vector machines [6].

Feature-specific analysis

We aimed to evaluate the overall performance of
HCV, multi-template TBM, and VBM as AD biomark-
ers by applying them to these four large cohorts. The
same methods were used as in our previous work com-
paring AD with MCI and FTD cases [14]. The most
accurate imaging method in the AddNeuroMed cohort
was VBM, while in the other cohorts it was TBM. HCV
was shown to be a robust biomarker, exhibiting very
similar accuracies in all cohorts. Our initial analysis
included also single template TBM measurements, but

these were removed from the final test set as they sim-
ply mirrored the results from multi-template TBM and
did not affect overall accuracy.

The number of APOE4 alleles, which was the only
genetic feature available, was also found to be a good
predictor in most of the cohorts.

The MMSE score was relevant only in the ADNI and
DESCRIPA cohorts. These results are affected by the
fact that both ADNI and AddNeuroMed had MMSE
as one of their inclusion criteria, limiting the possible
range of values found in the datasets.

MCI patients are a heterogeneous group which is
very unlikely to only include cases with impairments
in the memory domain [40]. Therefore, the inclusion of
tests evaluating all cognitive domains helps to orientate
the diagnosis better than a single test or a screening test
such as MMSE.
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No CSF data was available for the AddNeuroMed
cohort. CSF predicted progression only moderately
in ADNI, but was particularly effective in both the
DESCRIPA and Kuopio MCI cohorts. The method for
analyzing CSF varied according to the cohort (ELISA
in Kuopio MCI and DESCRIPA or xMAP Luminex
in ADNI) and this difference in techniques for analyz-
ing the CSF could have influenced the results [41] and
explain the striking differences. The low AUC for CSF
in the ADNI cohort was also detected in our previous
study [42].

CSF was recommended to be used for predicting
conversion from MCI to AD in a previous study from
DESCRIPA with a 2 year follow-up [43]. Other cohorts
also support using CSF data for predicting conversion
from MCI to AD [44, 45].

Limitations and future directions

Since this study combines four large cohorts with
different inclusion criteria and data collection tech-
niques, it contains a wide variety of different tests
and parameters. For this reason, the overall dataset is
not homogenous, e.g., the different cohorts use a wide
variety of neuropsychological test batteries, and the
AddNeuroMed cohort was lacking CSF data. This is
why neuropsychology and CSF could not be included
in the inter-cohort analysis. Z-scoring of similar neu-
ropsychological tests according to age and gender, as
done in DESCRIPA, could be a way to enable compar-
ison between different cohorts.

There was no standardized follow-up time in the
cohorts examined in this work, which influences the
results. When a neurodegenerative disease is at its
early phase, there is only a small difference in the
test results between cases having and not having the
disease—normal human variability and measurement
noise obscures the difference and makes the classifi-
cation difficult [46]. Cases which obtain AD diagnosis
after a three-year follow-up are more difficult to sep-
arate from stable cases than cases obtaining diagnosis
after a one-year follow-up. This reasoning seems to
agree with the results of Table 2; shorter follow-up
time is related to higher classification performance.
AddNeuroMed has the shortest follow-up time (1 year)
and highest classification performance, while Kuopio
and ADNI have the longest follow-up time (2.6 and 2.9
years) and lowest classification performance. On the
other hand, when the follow-up time is short, the group
of stable cases contains a larger share of progressing
cases than when the follow-up time is long. This makes
the training data of the classifier less optimal. In sum-

mary, if the follow-up time could be standardized in
future studies, better results could be obtained when
pooling the data.

The number of cases varied considerably across the
cohorts. The number of ADNI cases was three times
higher than the number of AddNeuroMed cases. The
number of progressive cases in AddNeuroMed was
also low—23 cases, only 19% of all AddNeuroMed
cases. These reasons make the estimates of the clas-
sification performance less reliable in AddNeuroMed
which is indicated by large confidence intervals in
Table 2.

The ADNI population differs strikingly in terms of
education from the other three cohorts in this study.
This is important since education could be able to pre-
serve cognition by increasing the cognitive reserve.
However, data from AddNeuroMed did not reveal
any association between education level and corti-
cal thickness for MCI [47]. Instead in controls, more
years of education were associated with higher cortical
thickness values, whereas in AD more education was
associated with a lower level of cortical thickness.

Age is an important factor in the progression of AD,
and we have taken this into account by normalizing
the MRI results for age and gender using the ADNI
control data [36]. As the correction was done using
only data from ADNI, it may cause slight bias toward
the cohort. The inter-cohort DSI distribution figures
show that ADNI matches the training group slightly
better than the other cohorts. However, no age or gen-
der correction was done for the MMSE, APOE, CSF,
or neuropsychological biomarkers, with the exception
of DESCRIPA neuropsychology, which was already
Z-scored. Further utilization of corrections for age,
gender, education, or genotype could improve classifi-
cation results. Using genotype for correction would be
particularly interesting, since APOE has been shown to
be connected to the age of onset for AD [48]. One pos-
sibility would be to select subgroups of patients with,
for example a certain age and genotype, and comparing
patients within their subgroup [36].

With respect to the different methods of CSF analy-
sis, as mentioned before, the lack of standardization
may explain the variability of the results between
centers [41]. The application of a quality control pro-
gram [49] and harmonization of sample collection and
handling could facilitate future comparison among dif-
ferent centers [50].

Although ADNI and AddNeuroMed both follow the
same MRI data acquisition scheme [51], we should pre-
sume that there is some scanner variability that could
affect the results obtained from the Kuopio MCI and
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DESCRIPA cohorts. However, a study using VBM
with different scanners did not find this scanner vari-
ability to be a confounding factor [52]. In future studies
we could widen the list of biomarkers, particularly
by including other imaging methods already recom-
mended in the research criteria [53] such as FDG-PET.

In addition, the amount of amyloid deposition in the
brain could be studied and compared with the rate of
neurodegeneration found in structural MRI methods
[54], or functional imaging methods such as resting
state functional MRI [55], which presumably could
detect changes in the connectivity earlier than can be
found with the structural changes based on atrophy.
Complementing the current results with more imaging
methods or other biomarkers could help in achieving
higher prediction accuracies. Furthermore it could also
be advisable to survey the presence and rate of APOE
�2, considered to be a protective factor for developing
dementia, as done previously for AddNeuroMed [56].

It is important to clearly define the criteria for
classifying the different MCI stages and separating
the amnestic variants from the non-amnestic subtypes
[57]. The use of standardized criteria would homoge-
nize the cohorts and make it possible to achieve less
biased results. While the other cohorts included only
amnestic MCI cases, the DESCRIPA cohort also had
non-amnestic MCI cases, which have a different con-
version rate and disease profile.

A longer follow-up in these cohorts could help trace
the conversion to AD from MCI [58], particularly
with methods for assessing neurodegeneration, which
appears later in the disease progression. This would
not only help in ascertaining which cases will progress
to AD, but also to other types of dementia [59] such as
FTD, vascular dementia, or Lewy body dementia, as
has been done in previous studies [60].

CONCLUSION

The main goal of this study was to evaluate how well
a classification model built for predicting progression
from MCI to AD would generalize across four differ-
ent cohorts with a wide variety of different biomarkers
and test results. DSI made it possible to discern not
only the differences between the cohorts, but also if
the performance of the DSI is altered after inclusion of
very large and diverse populations.

The four cohorts in the study are heterogeneous, dif-
fering with regard to inclusion criteria, follow-up time,
patients’ age, and years of education. The results show
that the intra-cohort prediction efficiency of the com-

bined cohort is close to the average of the individual
cohorts. However, prediction accuracy is slightly low-
ered in inter-cohort analysis. This highlights that while
it is feasible to use different cohorts as training sets for
each other, for accurate predictions the cohorts need to
be sufficiently similar.

Additionally, this work helps in verifying the per-
formance of the automated MRI image analysis
methods, as well as identifying how they perform in
these different cohorts. The set of MRI methods was
very comprehensive, that including additional features
known to be indicative of progressive MCI such as
neuropsychological test sets or CSF had only a small
effect on the overall predictive capabilities.
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[8] Brun CC, Leporè N, Pennec X, Lee AD, Barysheva M, Mad-
sen SK, Avedissian C, Chou YY, de Zubicaray GI, McMahon
KL, Wright MJ, Toga AW, Thompson PM (2009) Mapping the
regional influence of genetics on brain structure variability–
a tensor-based morphometry study. Neuroimage 48, 37-49.

[9] Hua X, Leow AD, Parikshak N, Lee S, Chiang MC, Toga
AW, Jack CR, Jr., Weiner MW, Thompson PM, Alzheimer’s
Disease Neuroimaging, Initiative (2008) Tensor-based mor-
phometry as a neuroimaging biomarker for Alzheimer’s
disease: An MRI study of 676 AD, MCI, and normal subjects.
Neuroimage 43, 458-469.

[10] Chételat G, Landeau B, Eustache F, Mèzenge F, Viader F, de
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