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Abstract

Background: The progression of mild cognitive impairment (MCl) to Alzheimer's disease (AD) dementia can be
predicted by cognitive, neuroimaging, and cerebrospinal fluid (CSF) markers. Since most biomarkers reveal
complementary information, a combination of biomarkers may increase the predictive power. We investigated
which combination of the Mini-Mental State Examination (MMSE), Clinical Dementia Rating (CDR)-sum-of-boxes, the
word list delayed free recall from the Consortium to Establish a Registry of Dementia (CERAD) test battery,
hippocampal volume (HCV), amyloid-beta;_4, (AR42), amyloid-beta;_4q (AB40) levels, the ratio of AB42/AB40,
phosphorylated tau, and total tau (t-Tau) levels in the CSF best predicted a short-term conversion from MCl to AD
dementia.

Methods: We used 115 complete datasets from MCI patients of the "‘Dementia Competence Network”, a German
multicenter cohort study with annual follow-up up to 3 years. MCl was broadly defined to include amnestic and
nonamnestic syndromes. Variables known to predict progression in MCl patients were selected a priori. Nine
individual predictors were compared by receiver operating characteristic (ROC) curve analysis. ROC curves of the
five best two-, three-, and four-parameter combinations were analyzed for significant superiority by a bootstrapping
wrapper around a support vector machine with linear kernel. The incremental value of combinations was tested for
statistical significance by comparing the specificities of the different classifiers at a given sensitivity of 85%.
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Results: Out of 115 subjects, 28 (24.3%) with MCl progressed to AD dementia within a mean follow-up period of
25.5 months. At baseline, MCI-AD patients were no different from stable MCl in age and gender distribution, but
had lower educational attainment. All single biomarkers were significantly different between the two groups at
baseline. ROC curves of the individual predictors gave areas under the curve (AUC) between 0.66 and 0.77, and all
single predictors were statistically superior to AB40. The AUC of the two-parameter combinations ranged from 0.77
to 0.81. The three-parameter combinations ranged from AUC 0.80-0.83, and the four-parameter combination from
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AUC 0.81-0.82. None of the predictor combinations was significantly superior to the two best single predictors
(HCV and t-Tau). When maximizing the AUC differences by fixing sensitivity at 85%, the two- to four-parameter

combinations were superior to HCV alone.

Conclusion: A combination of two biomarkers of neurodegeneration (e.g, HCV and t-Tau) is not superior over the
single parameters in identifying patients with MCl who are most likely to progress to AD dementia, although there
is a gradual increase in the statistical measures across increasing biomarker combinations. This may have
implications for clinical diagnosis and for selecting subjects for participation in clinical trials.

Keywords: Mild cognitive impairment, Biomarkers, Tau, Phospho-tau, Amyloid-beta 42, Hippocampal volume,

Prediction, Alzheimer's dementia

Background

Slowly progressive mild cognitive impairment (MCI) with
insidious onset often results in neurodegenerative demen-
tia, e.g, dementia due to Alzheimer’s disease (AD). A
current plausible model for the development of AD sug-
gests a temporal order of pathological brain changes; amyl-
oid deposition occurs early in the disease, but may not
directly cause clinical symptoms and is believed to trigger
neuronal injury and loss [1, 2]. Neuronal and synaptic
losses are key determinants of cognitive impairment, which
are accompanied by brain atrophy on magnetic resonance
imaging (MRI) [3, 4]. Thus, the pathological cascade in AD
is regarded as a two-stage, slowly progressive process in
which amyloidosis and neuronal injury (tauopathy and neu-
rodegeneration) are largely sequential rather than simultan-
eous processes [1, 2].

The predementia phase of AD is characterized clinically
by MCI [5], and this is accompanied by biochemical
changes in the brain reflected in the cerebrospinal fluid
(CSF) [6, 7] as well as in brain morphology on MRI 8, 9].
Specifically, impairments in delayed free-recall measures
from episodic memory tasks [10-12], reduced hippocam-
pal volumes [12-15], decreased CSF levels of amyloid-
beta; 4> (AP42; a marker of amyloid mismetabolism), and
elevations in tau and phosphorylated tau (p-Tau) pro-
tein (markers of axonal damage and neurofibrillary tan-
gles) [6, 14, 16-19] are the best established predictive
biomarkers of AD dementia in patients with MCI [20].

When analyzing the relation between these biomarkers
and progression to AD dementia or cognitive decline in
MCI patients, most previous studies have either determined
the strength of association between biomarkers at baseline
and cognitive/functional decline at follow-up (continuous
variables), or how well biomarker levels at baseline were
able to predict a diagnosis of AD dementia at follow-up

(dichotomous variable). The differential predictive power of
different biomarkers or combinations of biomarkers was
mainly evaluated descriptively, not by statistical testing.

A wealth of data exists to show that the brain changes
on MRI are related to CSF biomarkers, but also reveal
complementary information [11, 21, 22]. When combin-
ing two or more biomarkers simultaneously for predic-
tion of AD dementia from MCI, i.e., using MRI and CSF
[23, 24], MRI and cognitive testing [25, 26], fluorodeoxy-
glucose positron emission tomography (FDG-PET) and
CSF [27], FDG-PET and cognitive testing [28], and MRI,
CSE, and FDG-PET [29, 30], the utility of multiple bio-
marker combinations for prediction of AD dementia
from MCI was confirmed. In particular, a recent study
with an advanced multimodal classification method
revealed that 91.5% of MCI short-term progressors and
73.4% MCI nonprogressors were correctly classified
using baseline MRI, FDG-PET, and CSF data [30]. Com-
bining cognitive measures with CSF or volumetric MRI
may substantially improve risk prediction. However, in-
creasing the number of biomarker combinations did not
lead to an incremental increase in predictive power. A
combination of impaired learning ability with medial
temporal atrophy was associated with the greatest risk of
developing AD dementia from MCI [31].

A prediction of AD dementia in a foreseeable time
period, i.e., within 1 or 2 years, appears much more rele-
vant in a clinical perspective than a prediction of dementia
in the more distant future, e.g., in 10-20 years. Individuals
classified to be at “short-term risk” can receive more active
treatment and counselling. Furthermore, the proportion
of MCI patients progressing to AD dementia is not con-
stant over time, but is highest during the first years of
follow-up and decreases at longer follow-up intervals [32].
Finally, information about long-term risk of AD dementia
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may be of limited practical value for patients at the end of
their lifespan. In subjects with MCI, the effects of cerebral
amyloidosis and hippocampal atrophy on the progression
to AD dementia differ, e.g., the risk profile is linear with
hippocampal atrophy but reaches a ceiling with higher
values for cerebral amyloidosis [1]. In subsequent investi-
gations, biomarkers of neuronal injury appeared to best
predict AD dementia from MCI subjects at shorter time
intervals (1-2 years) in particular [14, 18].

In the present study, we investigated which combin-
ation of cognitive markers and biomarkers can best pre-
dict progression to AD dementia in order to generate a
clinical model to predict the short-term progression to
AD dementia applicable to a help-seeking sample of
MCI patients. Knowledge on the added value of combin-
ing different biomarker modalities for the most efficient
prediction of progression to AD dementia in MCI subjects
is still limited. In our analysis, we describe the incremental
predictive power of an increasing number of combined
biomarkers to determine progression to AD dementia
from MCI subjects and test the best two- to four-
predictor combinations for superiority over each other.

Methods

Dementia Competence Network study

The diagnostic and prognostic study of the Dementia
Competence Network (DCN) is a prospective multisite
longitudinal observational study on memory clinic pa-
tients with MCI or early dementia [33]. Thirteen expert
memory clinics of German academic hospitals were in-
volved in data collection. Personnel were trained and
experienced in clinical research. Further details are avail-
able at the DCN website [34]. The DCN study was ap-
proved by the Ethics Review Board of the Erlangen
medical faculty (coordinating center) and by the Ethics
Committees at each individual center, and was con-
ducted in accordance with the Declaration of Helsinki.
All patients gave written informed consent to partici-
pate. We adhered to the Standards for Reporting Diag-
nostic accuracy (STARD) statement [35] to optimize
generalizability of the prediction model.

Subjects

Subjects were recruited between May 2003 and November
2007. They were referred to the participating specialist
memory clinics for the workup of memory complaints
and/or other cognitive deficits. In most centers, a con-
secutive series of patients was included. Detailed inclusion
and exclusion criteria were published earlier [33]. For the
present analysis, all patients had MCI at baseline.

A diagnosis of MCI was made on the basis of clinical
and neuropsychological data, without reference to CSF or
MRI volumetry results (see below). The DCN study delib-
erately used a broad definition of MCI [5]—complaints of
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a cognitive deficit and objectified decline of cognitive abil-
ities (more than 1 SD below age- and education-adjusted
norms) in at least one of the following domains as evi-
denced by standardized neuropsychological tests (Consor-
tium to Establish a Registry of Dementia (CERAD)
neuropsychological test battery): verbal learning and
memory, nonverbal learning and memory, word fluency,
naming, visuoconstruction, cognitive speed, or executive
function [36]; no or only minor changes in complex
activities of daily living (ADL), as demonstrated by a
Bayer activities of daily living (B-ADL) score <4 [37];
no major depressive episode at baseline as demon-
strated by a Montgomery-Asberg Depression Rating
Scale score < 13 [38].

With this diagnostic procedure, 1071 MCI patients
were included at baseline from which we selected a sub-
sample of 115 (12%) patients according to the following
inclusion/exclusion criteria: availability of 1) complete
baseline neuropsychological data; (2) adequately proc-
essed and quality checked MR imaging; and (3) CSF data
at baseline; (4) all had been followed for at least
12 months (mean follow-up 25.46 months) and were
clinically evaluated every 12 months up to 36 months or
until progression to incident dementia; and 5) outco-
me—MCI stable or progression to AD only. The major
focus of our research was on early prediction of AD
from normal. Since our diagnoses are based on clinical
classification at follow-up and are not pathological diag-
noses, an inclusion of subjects with progression to other
dementia diagnoses may lead to misclassification. This
potential misclassification would decrease the predictive
power of the biomarkers to be analyzed. Stable MCI pa-
tients were defined as those with no dementia (Clinical
Dementia Rating (CDR) < 1), a Mini-Mental State Exam-
ination (MMSE) score of 24 or higher at last follow-up
visit, and a B-ADL score < 4 at each follow-up.

Dementia was defined as a clinical diagnosis with
cognitive impairment in two or more cognitive domains
severe enough to interfere with normal functioning in
the community. From a detailed medical history, clinical,
neurological, and psychiatric investigation, other reasons
for an impaired cognitive performance and performance
in ADL were excluded. At follow-up, progression to
dementia was defined as newly occurring impairments
in instrumental or basic activities of daily living (B-
ADL score > 4) in subjects previously defined as having
MCI. Patients who developed a non-AD dementia at
follow-up were excluded from the analyses.

Neuropsychological procedures

All subjects were investigated with standardized diagnos-
tic procedures. Neuropsychological analysis was per-
formed as described previously [33]. The following raw
memory scores were part of the test battery series at
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baseline: the CERAD neuropsychological test battery in-
cludes a word list learning subtest. A 10-word list is read
and immediately recalled three times. After a distraction
period of 15 min, while other neuropsychological tests were
done, subjects have to recall the items presented and then
to recognize them among distractors. We here focused on
the delayed free-recall (CERAD-DR) measure. As a com-
posite measure of overall dementia severity, the CDR sum-
of-boxes (CDR-sb) was applied [39]. For comparison to
other cohorts, the MMSE was applied [40].

Collecting, storage, and shipment of the samples

Before starting collection of human body fluid samples,
standard operating procedures (SOPs) were implemented
[41]. Briefly, CSF was collected by lumbar puncture from
the L3/L4 or L4/L5 intervertebral region. No serious
adverse events were reported. CSF was sampled in
polypropylene test tubes with intermediate storage at site
(—80 °C), and was then shipped on dry ice to the central
biobank (Erlangen University) without undergoing any
thawing/refreezing cycles.

Analyses of CSF biomarkers

The following CSF biomarkers were measured by
enzyme-linked immunosorbent assay (ELISA): amyloid-
beta; 49 (AP40; The Genetics Co., Ziirich, Switzerland),
AP42, total tau (t-Tau), and phosphorylated tau'®" (p-Tau;
Innogenetics, Ghent, Belgium). The analyses were per-
formed by experienced laboratory technicians in a certi-
fied laboratory and under a routine quality control regime
(intra-assay coefficients of variation: 2.3—-5.9%; interassay
coefficients of variation: 9.8—13.7%). The technicians were
blinded to the clinical diagnoses and other clinical infor-
mation. In addition to Ap42, several other Af isoforms
are excreted into the CSE, the most abundant being AB40
[42]. CSF Ap40 is relatively unchanged in AD, but the CSF
AB42/AB40 ratio (AP ratio) has been suggested to have
stronger diagnostic accuracy for AD compared to CSF
AP42 alone [43]. The ratio may normalize individuals ac-
cording to their AP production level, so that pathologically
low CSF AP42 can be identified in “high AP producers”
and vice versa [44]. Since it has been shown that the Ap
ratio is useful in a clinical setting [45], we also evaluated
the predictive value of this ratio.

Hippocampal volume

MRI scans were obtained on 1.5-Tesla scanners. Special
measures were taken for standardization of MRI acquisition
across centers. Acquisition parameters were provided to all
centers as a guideline. The phantom test of the American
College of Radiology MRI Accreditation Program was con-
ducted repeatedly at 11 sites of the DCN [46]. Furthermore,
a single volunteer was investigated at each of these centers.
Hippocampal volume (HCV) was calculated as the mean
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value of the left and right hemisphere, and was determined
from high-resolution structural magnetic resonance images
using the Oxford Centre for Functional MRI of the Brain
(FMRIB) Integrated Registration and Segmentation Tool
[47] from the FMRIB Software Library (FSL) package of
tools [48], since a biological relevance for using the hippo-
campal volumes of the left and right hemispheres separately
cannot be assumed.

Estimated total intracranial volume was calculated
through registration of each MRI scan to a standard
brain image template [49] using FSL FLIRT [50]. Exten-
sive quality control analysis was performed on segmen-
tations of all volumetric measures. Outliers were visually
evaluated by overlaying the automated segmentations on
the original MRI scan. Subjects were excluded from the
analysis if structures were poorly segmented.

Outcome measure and predictors

Clinical protocols were uniform across centers and strict
SOPs were implemented before recruitment of patients.
The “reference standard” was a clinical diagnosis of
probable AD dementia in a patient with previous MCI [5].
AD dementia was diagnosed according to the NINCDS-
ADRDA criteria [51]. All clinicians who collected follow-
up data or who made the diagnoses were blinded to the
results of CSF analysis and hippocampal volumetry.

The following measures were evaluated as predictors for
progression to AD dementia: MMSE, CDR-sb, CERAD-
DR, HCV, AB42, AP ratio, t-Tau, and p-Tau.

Following the recommendations in the STARD criteria
for studies of diagnostic accuracy [35], the cut-off values
for defining abnormal biomarker values (HCV and CSF
parameters) were developed in subjects that were not
part of this study. In the context of this study, percentage
abnormal values in relation to these cut-offs were used for
descriptive purposes only. AB42 (600 pg/ml), p-Tau (60 pg/
ml), and total tau (300 pg/ml) cut-offs were provided by the
assay producer (Innogenetics, Ghent, Belgium). For the
CERAD-DR score, a published cut-off value was used
which separated normal controls from MCI (<7) [52].

Statistical analysis

All statistical analyses were performed using the statistical
software R (version 2.3.1) [53]. A correction for multiple
testing was not performed due to the low number of tests.
Group comparisons at baseline were performed by the
Wilcoxon rank sum test for continuous and nominal vari-
ables. CSF biomarkers, hippocampal volumes, and neuro-
psychological data as well as demographic data obtained
in MCI patients at baseline were used to predict progres-
sion to AD dementia (MCI-AD) versus nonprogression
(MCI-stable). We did not control for possible center ef-
fects, MCI subtype, or length of follow-up. The predictive
power of each single parameter was evaluated by receiver
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operating characteristic (ROC) area under the curve
(AUC) analysis. Sensitivity, specificity, and Youden’s index
(sensitivity + specificity — 1) [54] of the various predictors/
prediction models were also calculated to provide a
complete description of the prediction parameters.

For comparison of the AUC values of single predictors
we used a bootstrapping algorithm as implemented in
the pROC R-package (Version 1.8) [55]. The predictive
accuracy of all possible combinations of two, three, and
four parameters was analyzed by a classification system
that consisted of a 0.632 bootstrapping wrapper (100
replications) around a support vector machine (SVM)
with linear kernel. Whether the addition of a variable
significantly increased predictive quality of models with
one, two, three, or four predictors was tested by compar-
ing the AUC distributions of 1000 bootstrapping replica-
tions for the different classifiers according to Hanley and
McNeEeil [56]. In each bootstrap trial, the different models
were ranked according to the AUC. For statistical testing,
we calculated a Z-score which approximately follows a
standard normal distribution.

mean(0,-6,)
sd(61 —62)

The p value was then calculated according to the
standard normal distribution. To demonstrate the nor-
mality of the Z values, a QQ Norm plot was calculated.

As a second way to compare the ROC curves, we evalu-
ated the ROC curves at a given sensitivity of 85%. This is
consistent with international recommendations for a
biomarker, since values above 80% are considered indica-
tive of satisfactory predictive performance [57]. Using 100
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bootstrapping replications, we obtained a distribution of
specificities around a given sensitivity of 85%. To compare
the ROC curves at the given sensitivity, we used the same
procedure as described above to compare the AUCs.

Results

We analyzed 115 patients with complete datasets at
baseline and clinical follow-up. The datasets analyzed in
the current study are available from the corresponding
author on reasonable request. They were a subset from
1071 MCI subjects in whom baseline demographics and
neuropsychological test results were available. Due to
various missing data, 956 subjects could not be analyzed
(see Fig. 1 for exact patient loss). Table 1 compares the
demographic characteristics, cognitive and psychometric
test scores, hippocampal volume measures, and cerebro-
spinal fluid biomarkers at baseline between the maximal
MCI sample, in those for which the respective measures
were available, and the final analysis set (115 patients,
12% of the MCI cohort) which was used for predictor
analysis. There was no significant difference between the
groups on any parameter (with the exception of CDR-sb
which was not clinically relevant). All p values were
based on pairwise comparisons, uncorrected for multiple
testing. Table 2 summarizes the demographic character-
istics, cognitive test scores, hippocampal volume mea-
sures and cerebrospinal fluid biomarkers at baseline and
follow-up for the groups used for the prediction analysis
(final analysis set, MCI-AD, MCI-stable) and the
statistical differences between the MCI-AD and MCI-
stable groups. Of the 115 MCI patients, 28 patients
(24.3%) progressed to AD dementia (MCI-AD) after a
mean follow-up of 26.2 months corresponding to an

1071

614

570

369

SRR

201/258

Q

MCI baseline sample
no follow-up
MCI w/ follow-up
conversion to other forms of dementia
MCI w/ follow-up and conversion to AD/stable MCl only

no CSF (left diamond) / no hippocampal volumes
(right diamond)

MCI w/ follow-up and conversion to AD/stable MCI
AND (CSF (left side) OR hippocampal volumes (right side))

no simultaneous CSF / hippocampal volume

115 final analysis sample

Fig. 1 Patient loss due to missing data. The absolute sample size is given in the rectangles; the loss of sample size due to missing data of the
respective measures is given in the diamonds. AD Alzheimer's disease, CSF cerebrospinal fluid, MCl mild cognitive impairment
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Table 1 Sociodemographic, clinical, and biomarker variables in the final analysis set (n=115) and in the respective comparison
group (max. n = 956; actual group size for each variable is the maximal N available for the comparison group)

Variable Final analysis sample Comparison group (n =956) P value
(n =115) MCl-stable + MCI-AD Group size (n) All other MCI with data available

Age 65.7+9.0 956 67.1+86 ns
Sex (male=1) 14+05 956 15+05 ns
education 95+19 956 95+19 ns
MMSE 270+2.1 956 272422 ns
MADRS 74+£56 908 78+6.2 ns
B-ADL 2515 903 23+14 ns
CDR-sb 18+ 1.1 956 15+10 0.01
CERAD-DR-WL 48+23 956 50+£23 ns
Hippocampal volume 4450+ 672 368 4511 +£653 ns
AR42 749 £+ 300 292 751+ 353 ns
AB40 9654 £ 2732 268 9684 + 3030 ns
AR ratio 0.08 +£0.03 266 0.08 £ 0.04 ns
Total tau 411 £251 284 446 + 304 ns
Phosphorylated tau 61+30 289 67+ 36 ns

Data are given as mean * standard deviation

There is no significant difference between the groups with the exception of CDR-sb which is not clinically relevant

P values were uncorrected for multiple comparisons

AB40 amyloid-beta;_4o, AB42 amyloid-beta;_4,, AD Alzheimer’s disease, B-ADL Bayer activities of daily living, CDR-sb Clinical Dementia Rating—sum-of-boxes,
CERAD-DR-WL Consortium to Establish a Registry of Dementia-delayed recall word list, MADRS Montgomery-Asberg Depression Rating Scale, MCI cognitive

impairment, MMSE Mini-Mental State Examination, ns not significant

annual conversion rate of 11.2%; 87 patients did not pro-
gress to AD (MClI-stable), and their mean follow-up was
25.2 months which was not significantly different from
the MCI-AD follow-up (Wilcoxon test, p>0.1). In
addition, 17 MCI patients progressed to non-AD demen-
tia. Because potential misclassification between clinical
diagnosis and actual pathology may decrease the predict-
ive power of the biomarkers to be analyzed, we decided to
exclude MCI subjects with clinical progression to non-AD
dementias from our analysis. At the first follow-up (year
1), 21 out of 28 MCI subjects had progressed to AD
dementia, 5 out of the remaining 7 MCI subjects had pro-
gressed to AD dementia at the second follow-up (year 2),
and the final 2 MCI subjects had progressed to AD
dementia at the third follow-up (year 3).

Baseline characteristics

Both MCI subgroups were well matched in terms of age
and gender, and showed a similar distribution of APO E
alleles (Table 2). MCI patients progressing to AD (MCI-
AD) had fewer years of schooling, lower MMSE and
CERAD-DR scores, higher CDR-sb scores, and presented
with significantly higher t-Tau and p-Tau values, signifi-
cantly lower mean AP42 levels in CSE, and significantly
smaller HCV. The standardized mean difference (SMD) at
baseline was largest for the t-Tau values, followed by
HCV. Among the biomarkers analyzed, AP42 levels
showed the smallest SMD at baseline.

Regarding the frequency of abnormal values, 86% of
MCI-AD patients had abnormal values for t-Tau, 61%
for p-Tau, and 61% for AP42. The MCI-stable sub-
group had considerably lower frequencies of abnormal
biomarker values: 47% for t-Tau, 27% for p-Tau, and
25% for AP42.

Prediction of incipient AD

ROC curve analysis resulted in AUC of 0.71 to 0.77 for
the biomarkers t-Tau and HCV and the cognitive markers
CDR-sb, CERAD-DR, and MMSE. AUC > 0.7 corresponds
to a fair accuracy for predicting progression to AD de-
mentia. p-Tau, AP42, and AP ratio had an AUC < 0.7 and,
thus, poorly predicted progression (Table 3). Interestingly,
the sensitivities and specificities of the individual predic-
tors were inversely related to AUC values, possibly
reflecting the effect of the short-term follow-up period.
Pairwise comparisons of the single biomarker predic-
tors showed all AUC curves were significantly different
from AP40 (p <0.05), but not from each other with the
one exception that t-Tau was significantly different
from p-Tau (p < 0.03) (see Table 4).

Statistical comparison of the predictive power of
biomarker combinations over individual biomarkers

To test if a combination of the best two- to four-
biomarker combinations outperforms the two best
individual biomarkers in separating progressive MCI
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Table 2 Demographic characteristics, cognitive test scores, APO E allele distribution, brain volumetric measures, and cerebrospinal
fluid biomarkers at baseline and follow-up for the final analysis set (115 MCI subjects) and the two groups MCl-stable and MCI-AD

All (n=115) MCl-stable MCI-AD Standard mean P value**
(n=287) (n=28) difference*

Age (years) 65.7+9.03 66.5 + 895 654+9.37 0.12 ns
(36-89) (51-80) (36-89)

Education (years schooling) 950+ 1.91 9.75+1.95 875+ 158 -0.52 <0.05
(7-13) (7-13) (7-13)

Gender (female =1, male =2) Male =67; Male = 52; Male = 15; 013 ns
female =48 female =35 female=13

Bayer-ADL scale (score: 1-10) 247+148 241+152 267+ 134 0.18 ns
(1-4) (1-4) (1-4)

MADRS (score: 0-60) 741 +575 767 +596 6.62 +5.08 -0.18 ns
(0-13) (0-13) (0-11)

MMSE 2704212 275+1.87 258+ 2.34 -0.81 <0.001
(20-30) (22-30) (20-29)

CDR-sb 1.80+ 1.06 1.594+1.00 245+0.98 0.81 <0.001
(0.5-4.5) (0.5-4.5) (0.5-4)

CERAD-DR-WL 482+233 525+223 346+ 215 -0.77 0.001
(0-10) (0-10) (0-8)

Amnestic deficit: CERAD-DR-WL below cut-off 88 (77%) 62 (71%) 26 (93%)

(<7 correct responses), n (% present)

ApoE4 alleles (homo- or heterozygotes), n/sample size (% present) 41/103 (40%)  32/78 (41%) 9/25 (36%) ns

Hippocampal volume (mm?) 4450+ 672 4585 + 649 4031+570 -0.82 <0.0001
(2509-5996) (3036-5996) (2509-5235)

Total tau in CSF (pg/ml) 411 +£252 351+ 205 596 + 294 097 <0.0001
(112-1169) (112-1158) (156-1169)

Total tau in CSF below cut-off (>300 pg/ml), n (% abnormal) 65 (57%) 41 (47%) 24 (86%)

Phosphorylated tau in CSF (pg/ml) 61.3+305 556+ 263 788 +36.1 0.76 <0.01
(19.7-157) (19.7-130) (27.3-157)

Phosphorylated tau in CSF below cut-off (>60 pg/ml), n (% abnormal) 44 (38%) 27 31%) 17 (61%)

AR42 in CSF (pg/ml) 749 + 300 794 + 309 611+223 -061 <0.001
(245-1792) (276-1792) (245-1134)

AR42 in CSF below cut-off (<600 pg/ml), n (% abnormal) 39 (34%) 22 (25%) 17 (61%)

AB40 in CSF (pg/ml) 9654+2731  9601+2561  9817+3251  0.08 ns
(2604-16320)  (4175-16320)  (2604-15210)

AR40 in CSF below cut-off, n (% abnormal) n/a n/a

Follow-up time (months) 255+98 26.1+£80 252+89 ns
(12-36) (12-36) (12-36)

Values are given as means + SD (range) unless otherwise stated

*Standardized (mean values in MCI-AD patients — mean values in MCl-stable patients)/standard deviation in the group of all patients

**P values refer to differences between MCl-stable and MCI-AD

AB40 amyloid-beta;_40, AB42 amyloid-beta;_4,, AD Alzheimer’s disease, B-ADL Bayer activities of daily living, CDR-sb Clinical Dementia Rating—sum-of-boxes,
CERAD-DR-WL Consortium to Establish a Registry of Dementia—delayed recall word list, CSF cerebrospinal fluid, MADRS Montgomery-Asberg Depression Rating
Scale, MCI cognitive impairment, MMSE Mini-Mental State Examination, n/a not available, ns not significant

(i.e., those MCI subjects who progressed to AD de-
mentia during the follow-up period (MCI-AD)) from
stable MCI, the analysis of two- to four-parameter combi-
nations of the eight predictor/biomarker indices (MMSE,
CDR-sb, CERAD-DR, HCV, AB42, AB42/Ap40, t-Tau, and
p-Tau) were numerically superior over the performance of
a single biomarker index. Classification results for predic-
tion of progression from MCI to AD dementia (MCI-AD)
of the best one- to four-parameter predictor combinations
are given in Table 3. t-Tau was the single marker with the

highest mean bootstrap-based cross-validated AUC of 0.77,
followed by HCV (AUC =0.74). Compatible with this,
the best two-predictor combination was t-Tau and
HCV (AUC = 0.81). The addition of a third and fourth
predictor only minimally increased the mean bootstrapping-
based cross-validated AUC (the best three-predictor com-
bination was t-Tau/HCV/CDR-sb, AUC =0.83; the best
four-parameter combination was t-Tau/HCV/CDR-sb/AB
ratio, AUC = 0.82). The pairwise comparisons of AUC values
for HCV or t-Tau with the best two-, three- or four-
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Table 3 The 10 single predictors and the five best two- to four-predictor classification results predicting progression from MCI to
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AD dementia

Predictors AUC Youden index Sensitivity Specificity PPV NPV

Single predictors
t-Tau 0.77 148 0.62 0.86 042 0.93
HCV 0.74 145 0.63 0.82 042 0.92
CDR-sb 073 138 045 093 035 0.95
CERAD-DR 0.72 1.39 0.64 0.75 040 0.89
MMSE 0.71 136 068 0.68 040 0.87
p-Tau 0.69 141 0.81 061 0.50 0.86
AR42 0.68 1.38 0.74 0.64 044 087
AB42/A340 0.66 1.34 0.59 0.75 037 0.88
AB40 055 1.15 0.76 039 0.34 0.80
APO E 0.50 1.05 041 0.64 0.26 047

Two-predictor combinations
t-Tau HCV 0.81 145 0.68 0.77 049 0.88
t-Tau CDR-sb 0.79 144 0.83 061 041 0.92
t-Tau MMSE 0.79 146 0.81 0.65 043 091
t-Tau CERAD-DR 0.78 143 062 081 052 0.87
p-Tau HCV 0.77 140 0.76 0.64 042 0.89

Three-predictor combinations
t-Tau HCV CDR-sb 0.83 1.54 0.84 0.70 048 093
t-Tau HCV MMSE 0.81 147 0.83 0.64 044 0.92
t-Tau MMSE CDR-sb 0.81 147 0.76 0.70 046 0.90
t-Tau CDR-sb CERAD-DR 0.80 148 0.79 0.70 047 091
HCV MMSE AR42/A340 0.80 148 0.78 0.70 045 091

Four-predictor combinations
t-Tau HCV CDR-sb AB42/AR40 082 1.55 0.89 067 047 0.95
t-Tau p-Tau CDR-sb AR42/AB40 0.82 149 0.78 071 047 091
t-Tau HCV p-Tau AB42/AR40 0.82 149 0.85 0.64 042 093
t-Tau HCV CDR-sb CERAD-DR 0.81 1.57 0.80 0.76 0.52 0.92
HCV MMSE CDR-sb AR42/AB40 0.81 151 0.86 0.65 046 093

The predictors are sorted according to the AUC

All values correspond to mean bootstrap-based cross-validated performance

AB40 amyloid-beta;_4o, AB42 amyloid-beta;_4,, AD Alzheimer’s disease, AUC area under the curve, CDR-sb Clinical Dementia Rating—sum-of-boxes, CERAD-DR
Consortium to Establish a Registry of Dementia-delayed recall, HCV hippocampal volume, MC/ cognitive impairment, MMSE Mini-Mental State Examination, NPV
negative predictive value, PPV positive predictive value, p-Tau phosphorylated tau, t-Tau total tau

predictor combinations were not significantly different. The
AUC-curves for the best one to four predictor(s) combina-
tions are illustrated in Fig. 2. When MCI subjects with pro-
gression to non-AD dementia were included in our analysis
(e.g., added to the MClI-stable group), the results remained
largely unchanged for the two- and three-parameter
combinations, but varied in the four-parameter combi-
nations (data not shown).

Finally, we compared the normalized distribution of
bootstrapped specificities at a fixed sensitivity of 85% for
the individual biomarkers HCV and t-Tau and the best
two- to four-parameter combinations. Here, the statistical

comparison of specificities at the fixed sensitivity of 85%
revealed that all two- to four-parameter combinations
were significantly superior to HCV, but only the three/
four-parameter combinations were superior to t-Tau alone
(p <0.03, uncorrected for multiple comparisons). When
comparing the best two- to four-parameter combinations
among each other, there were no significant differ-
ences (HCV/t-Tau, HCV/t-Tau/CDR-sb, HCV/t-Tau/
CDR-sb/Ap ratio) (p>0.10, uncorrected for multiple
comparisons). QQ plots of standardized specificities
at the given sensitivity of 86% confirmed their standard
normal distribution (see Table 5 and Fig. 3).
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Table 4 P values showing pairwise statistical comparisons of single predictor receiver operating characteristic curves based on area

under the curve

HCV AB42 AB40 p-Tau t-Tau MMSE CDR-sb CERAD-DR AB42/A340
HCV ns 0.03 ns ns ns ns ns ns
AR42 ns ns ns ns ns ns ns
AR40 0.02 0.00 0.04 0.02 0.05 0.06
p-Tau 0.03 ns ns ns ns
t-Tau ns ns ns 0.02
MMSE ns ns ns
CDR-sb ns ns
CERAD-DR ns

Significant values are shown in bold typeface
Data were not corrected for multiple testing

For comparing areas under the curve we used a bootstrapping algorithm as implemented in pROC packages (Version 1.8)
AB40 amyloid-beta;_40, AB42 amyloid-beta;_4,, CDR-sb Clinical Dementia Rating-sum-of-boxes, CERAD-DR Consortium to Establish a Registry of Dementia-delayed
recall, HCV hippocampal volume, MMSE Mini-Mental State Examination, ns not significant, p-Tau phosphorylated tau, t-Tau total tau

Discussion

The power of hippocampal volume, CSF Alzheimer bio-
markers, and neuropsychological measures for predict-
ing progression from MCI to AD dementia was analyzed
in a relatively large multicentre memory clinic cohort
from the German Dementia Competence Network
(DCN). A combination of two biomarkers of neurode-
generation (e.g., HCV and t-Tau) did not predict AD de-
mentia in MCI significantly better than any parameter
alone, and none of the possible three- to four-parameter
combinations improved the predictive power. Our study
is unique in applying advanced statistical methods for
testing different biomarker combinations for superiority
over each other.

A systematic incremental combination of the nine in-
dependent predictor variables in models with maximally
four predictors allowed for the direct comparison of sin-
gle predictor models with more complex models, based
upon a bootstrapping algorithm for the AUC. There was

Table 5 P values showing statistical comparisons of the
specificities of the receiver operating characteristic curves for
the best one-, two-, three-, and four-predictor combinations at a
given sensitivity of 85%

t-Tau t-Tau, HCV t-Tauy, HCV, t-Tau, HCV, CDR-sb,
CDR-sb AB42/AR40
HCV ns 0.03 0.001 0.000
t-Tau ns 0.01 0.003
t-Tau, HCV ns ns
t-Tau, HCV, CDR-sb ns

Data were not corrected for multiple testing

For comparing the values we used a bootstrapping algorithm as implemented
in pROC packages (Version 1.8)

All predictor combinations were statistically superior to single predictors, but
none of the best three- and four-parameter combination was statistically
superior to the two-predictor combination

AB40 amyloid-beta;_4o, AB42 amyloid-beta;_4,, CDR-sb Clinical Dementia
Rating-sum-of-boxes, HCV hippocampal volume, ns not significant, t-Tau

total tau

a numerical gain by up to 6% in AUC from the best
single-predictor model to the best four-predictor model,
but none of the differences between one-predictor models
and the best two-predictor model were statistically signifi-
cant. Only when specificities were compared for a given
sensitivity of 85% was there an inferiority of hippocampal
volume to the best two- to four-parameter combinations.
Although it is possible that a test of these models in a
larger sample or a combination of even more predictors
may lead to a generally superior multipredictor model, the
current results support the assumption that an easy to use
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Fig. 3 Boxplot of specificities at a given sensitivity of 85% for the
different predictor combinations. AUC were calculated by 100
replications of a .632 bootstrapping algorithm. p-values for
comparing specificities at the given sensitivity demonstrated the
single value predictors HCV and total tau were significantly inferior
compared to the two-four predictor combinations. None of the
predictor combinations were significantly different from each
other. CDR.SB Clinical Dementia Rating—sum-of-boxes, HIPPO
hippocampal volume, ttau total tau, ratio42_40 amyloid-beta;_4»/
amyloid-beta;_4, ratio

and economic one-predictor model of neurodegeneration
markers may be as good as more complex models for the
prediction of progression from MCI to AD dementia
within a relatively short time interval of 2 years. Indeed,
due to typically high collinearity of predictor variables,
more complex models are not likely to increase prediction
accuracy [58].

Our cohort of MCI patients is generated from a large
multicenter study of German university memory clinics
in patients with various degrees of cognitive impairment
ranging from subjective cognitive decline to various
forms of dementia which differs, for example, from the
Alzheimer’s Disease Neuroimaging Initiative (ADNI)
cohort in terms of setting and recruitment [33]. A selec-
tion bias of the final analysis set of moderate sample size
from the much larger total MCI cohort could not be
demonstrated in our data. MCI participants in ADNI
were carefully selected to include individuals with docu-
mented memory impairment and to exclude those
whose impairment could arise from other potential
causes. Thus, the ADNI MCI population is not represen-
tative of a general clinical population, but more of a
research population. In our sample, the inclusion and
exclusion criteria were more liberal [33] as the patients
were recruited from a help-seeking clinical sample. Also,
the neuropsychological criteria to diagnose MCI used a
more liberal threshold to define cognitive impairment,
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following the criteria proposed by Winblad et al. [5].
The mean age of our sample (66 years) was considerably
younger than in ADNI (74 years) [59], and in the
DESCRIPA study (71 years) [60]. This may impact on
the proportion of subjects progressing to AD dementia
at the given follow-up rate. Clinically, 24.3% of the MCI
patients of the DCN cohort progressed to AD dementia
after a mean follow-up period of 25.5 months, corre-
sponding to an annualized conversion rate of 12%. This
rate is lower than an approximate 30% progression rate
in other multicenter cohorts with comparable follow-up
(32% DESCRIPA [60, 61], 30—44% ADNI [24, 31, 59],
and 30% AIBL [62]). After a mean follow-up period of
3.3 years, 44.6% of MCI subjects from ADNI had pro-
gressed to AD dementia [59], in line with the notion that
the likelihood of progression to AD dementia increases
with follow-up time. In summary, the lower progression
rate may be attributed to the lower mean age, a broader
definition of MCI, and differences in recruitment strat-
egy of patients in our sample compared to other cohorts
with similar follow-up time [62—64].

As in other studies, the groups of MCI-stable and
MCI-AD were not different with respect to age, educa-
tion, gender, APO E genotype, and AB40, and all base-
line Alzheimer biomarker levels were pathologically
changed in MCI-AD compared to MCI-stable. With
respect to their predictive power, a shorter follow-up
time generally favors biomarkers of neurodegeneration,
e.g, tau and HCV, since neurodegeneration occurs
shortly before (or even triggers) progression from MCI
to dementia stage. In univariate analyses, the biomarkers
t-Tau and HCV and the cognitive markers CDR-sb,
CERAD-DR, and MMSE fairly well predicted progres-
sion to AD dementia, while p-TAU, AP42, and AB40
only poorly predicted progression. APO E genotype did
not have any predictive value. None of the single predic-
tors reached the criterion of an AUC > 0.8 for a diagnos-
tic biomarker, suggested by a Consensus report [57].
Almost all of the two- to four-predictor combinations
increased the predictive power over the threshold AUC >
0.8, but none of the three- and four-predictor combina-
tions were significantly superior to the two-predictor com-
bination of the injury markers HCV and t-Tau. Similar to
our data, data from ADNI showed that a combination of a
measure of volumetric change and t-Tau in CSF was asso-
ciated with higher risk of progression to AD dementia
from MCI compared with each marker alone [24]. In the
European multicentre DESCRIPA study, these injury
markers predicted time to dementia in subjects with MCI
and proven amyloid pathology [65].

Diagnostic biomarkers for the cross-sectional diagnosis
of AD dementia compared to controls should have a
sensitivity and specificity above 80% [57]. Our best two-
and three-predictor combinations were both above this
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criterion for sensitivity but not for specificity and had a
Youden’s index >1.45. This relative lack of specificity
may mainly be due to two reasons: 1) despite extensive
inclusion and exclusion criteria, there will be some
heterogeneity of underlying disease in MCI patients; 2)
at a mean follow-up interval of approximately 2 years
(maximum 3 years), some patients classified as MCI-
stable will not yet have progressed to AD dementia. This
hypothesis is consistent with findings of a meta-analysis
showing a trend towards increasingly higher effect sizes
of CSF biomarkers including t-Tau, p-Tau and AP42
during longer clinical follow-up [66]. In conclusion, the
distinction of clinical entities (healthy versus diseased)
differs between a short-term prediction of progression to
AD dementia as compared to a cross-sectional diagnosis
of AD dementia.

Three aspects of the data on individual predictors
deserve comment. Firstly our data are based on a vari-
able length of follow-up (1-3 years) which optimizes the
available study information. A homogeneous follow-up
of, for example, 1 year resulted in lower predictive values
due to a reduced number of subjects progressing to AD
dementia (21 instead of 28 patients). Hippocampal
volume and total tau remained the best single predictors
and two-parameter combinations. Furthermore, the order
of the best three-predictor combination also remained
unchanged (data not shown). Thus, any restriction to a
homogenous short follow-up time will underestimate the
predictive power of all parameters. Scientifically, a follow-
up time until death of study participants would be desir-
able, but this would be accompanied by considerable
drop-out due to various age- and disease-associated rea-
sons. From a clinical standpoint, a follow-up time of 2—3
years may be an acceptable compromise to inform pa-
tients with MCI about their foreseeable future, rather than
a follow-up time of, for example, 10 years or more,
because their life expectancy may be limited. Also, the in-
clusion of 17 non-AD converters into the MCI-stable
group did not impact our analysis. This suggests that our
model could apply to unselected MCI subjects, although
the large drop-out rate due to loss to follow-up and miss-
ing biomarker information limits the generalizability.
Secondly, with respect to CSF analyses, it has been argued
that a lumbar puncture (LP) for CSF protein analysis may
be too invasive for routine use in patients with dementia
or MCI. Although there are some contraindications to LP,
several studies have shown negligible frequency of compli-
cations, especially in the elderly. This supports a routine
analysis of CSF biomarkers as part of the clinical diagnos-
tic workup of patients with cognitive impairment possibly
due to AD [67]. Thirdly, Ap42 in CSF was abnormal in
just 34% of the total MCI sample. In the MCI-AD sub-
group, which consisted largely of patients with amnestic
MCI (26/28 patients), roughly two-thirds of the patients
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had abnormal AP42 values. The remaining third of pa-
tients would have to be classified as suspected non-AD
pathophysiology (SNAP), at a frequency roughly consist-
ent with a previous review [68]. Again, our sample of pa-
tients is more representative of a general help-seeking
memory clinic population, and a greater heterogeneity of
underlying disease in MCI patients is to be expected as
compared to a research population. Also, Ap42 in CSF
was the individual parameter least predictive for progres-
sion to AD dementia. In a previous publication on MCI
patients from the DCN [69], episodic memory mea-
sures were highly significantly related to a CSF AD+
signature (Hulstead score, which includes measures of
AP42 and t-Tau [70]). This suggests that our sample
does contain an enriched sample of patients with
incipient Alzheimer pathology.

However, at the short follow-up interval of approxi-
mately 2 years (maximum 3 years), some patients classi-
fied as MClI-stable will not yet have progressed to AD
dementia and biomarkers of neurodegeneration will be
favored over biomarkers of amyloid pathology in predict-
ing progression to AD dementia. This assumption is
supported by the poorer specificity of AB42 compared to
t-Tau (0.64 versus 0.86), which reflects a lower ratio of
negative cases (i.e., such MCI subjects that will remain
stable over a much longer observation period), whereas
the sensitivity (a ratio of such MCI cases that characterize
with pathological biomarkers and have already progressed
to dementia) of AP42 is superior to t-Tau (0.74 versus
0.62) and slightly superior to hippocampal volume (0.71).
Comparable data were obtained by Davatzikos et al. [71]
in a subset of patients for whom both CSF and spatial pat-
terns of brain atrophy AD score (SPARE-AD) values were
available. However, some further analyses of ADNI data
with longer follow-up [59] and DESCRIPA data [61] are in
disagreement with the relative superiority of CSF t-Tau
over CSF AP42 in predictor combinations. It had been
suggested that the ratio of AB42/AB40 may improve the
validity of the CSF amyloid AD biomarker for diagnosis
[43, 44]. In our dataset, however, the Ap42/AB40 ratio was
not consistently superior to AP42 alone for predicting AD
dementia in MCI patients.

In several analyses using diverse subgroups of MCI pa-
tients from the ADNI cohort, several combinations of
different biomarkers were tested to predict future cogni-
tive decline or progression to AD dementia; different
measures of cortical atrophy including hippocampal
volume and, less significantly, the tau/Ap-42 ratio, pre-
dicted cognitive decline in MCI [29]. Landau et al. [11]
found that several biomarkers predicted cognitive de-
cline in univariate models, but only reduced glucose
metabolism and episodic memory predicted progression
to AD. Ewers et al. [59] in their comparison of the
effectiveness of single variables and multiple variables in
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predicting the conversion of MCI to AD found that the
best single predictors were comparable in accuracy with
the best multiple predictor models, which included right
hippocampal volume, CSF p-Tau/Ap42, TMT-B, and age.
Davatzikos et al. [71] reported that the best combination
of biomarkers for predicting AD dementia from MCI
was a combination of SPARE-AD score, summarizing
brain atrophy patterns, with CSF total tau. Gomar et al.
[12] found that their most predictive model included
two measures of episodic memory and one MR volume
measure. An approach using the weighted fusion of data
from both high- and low-dimensional modalities [72]
found that MCI to AD conversion was optimally pre-
dicted by a combination of FDG-PET, MRI shape infor-
mation, and CSF biomarkers, although CSF biomarkers
added only minor improvement. By integrating multi-
modal data in a probabilistic manner, Young et al. [73]
predicted conversion of MCI to AD over 3 years with an
accuracy of 72.2%. Heister et al. [31] stratified the ADNI
MCI cohort by degree of MR atrophy, CSF biomarker
levels, or the degree of learning impairment, and
assessed the contribution of each factor to the MCI to
AD conversion. Learning impairment plus MR atrophy
were associated with the highest risk (HR=29.0) for
conversion. A lack of sensitivity of AB42 for prediction
was noted. Trzepacz et al. [74] analyzed 29 numeric neu-
roimaging variables for their performance for predicting
conversion from MCI to AD dementia at 2 years. MRI
measures had the highest predictive accuracy (67%)
which increased (76%) when combined with PIB-PET,
producing the highest accuracy among any biomarker
combination. For the DESCRIPA cohort, a multicenter
European cohort with a 5-year follow-up period, it has
been shown that in subjects with MCI and evidence of
amyloid pathology, the injury markers CSF t-Tau, p-Tau,
and hippocampal atrophy can best predict cognitive de-
cline [60]. Similarly, earlier studies with smaller sample
sizes have shown that a combination of hippocampal
volume on MRI and CSF-based biomarkers may increase
prediction accuracy [23, 75].

Limitations

The present study has some limitations. Firstly, only pa-
tients who were subjected to a CSF analysis at baseline and
were able to undergo MRI and who returned for clinical
follow-up were analyzed. However, a sampling bias in our
final analysis set could not be demonstrated. Secondly, the
variability of CSF biomarker levels between laboratories
[76—80] makes it difficult to introduce generally applicable
cut-off values. To minimize variability we had installed
SOPs for pre-analytical sample handling prior to the initi-
ation of the study [41] and analyzed the CSF samples in
one centre only. Thirdly, and as in most other predictive
studies, patient classification relied on a clinical diagnosis
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which is not always accurate, especially at early stages of
the disease. None of the cases investigated here was neuro-
pathologically verified. This was one of the reasons for
excluding patients from our analyses who progressed to
other forms of dementia. Fourthly, our study was per-
formed in a memory clinic setting with a tertiary referral
structure and therefore should be replicated in other more
general settings. This might lead to datasets with a number
of incomplete cases. However, the advanced diagnostic
procedures (MRI and LP) will be restricted to specialist
centers and motivated patients (typical for tertiary referral
samples or a memory clinic population) if ever imple-
mented into clinical practice. This may facilitate the
generation of complete datasets as used in our study.
Furthermore, our statistical methods require complete
datasets to allow group comparisons by bootstrapping
algorithms. Finally, we applied a relatively short follow-
up period with a mean of 2 years, meaning that a cer-
tain proportion of patients who were classified as stable
are likely to progress to dementia later on. This may
explain the low positive predictive value, a value which
had not been explicitly referred to before. However, the
successful short-term prediction is also a particular
strength of the study (see above).

There are several other strengths of the study presented
here. It is a large prospective multicentre study investigat-
ing the predictive properties of core dementia biomarkers
with uniform protocols across centers and with prior in-
stallation of SOPs, including the use of appropriate CSF
sample tubes and overall standardized pre-analytical CSF
handling. The patients were phenotyped and followed-up
in expert university memory clinics, which increases the
quality of the diagnostic workup. We adhered to the
STARD recommendations. All these measures should
optimize the generalizability of the results.

Conclusion

Our results show that a combination of two biomarkers
of neurodegeneration (e.g., HCV and t-Tau) is not super-
ior over the single parameters alone in identifying pa-
tients with MCI who are most likely to progress to AD
dementia within a relatively short time period. However,
there is a gradual increase in the statistical measures
across increasing biomarker combinations (always in-
volving t-Tau and HCV as the best parameters). From
our data it is not possible to deduct recommendations
on how to optimize the predictive diagnosis in individual
patients with MCI in clinical practice. For enrichment
strategies of MCI patients progressing to AD dementia
for clinical trials, a combination of two neurodegenera-
tion parameters (HCV and t-Tau) in addition to clinical
measures such as CDR-sb may maximize progression
rates in order to minimize false negative results of
intervention studies.



Frolich et al. Alzheimer's Research & Therapy (2017) 9:84

Abbreviations

AD: Alzheimer's disease; ADL: Activites of daily living; ADNI: Alzheimer’s
Disease Neuroimaging Initiative; AIBL: Australian Imaging, Biomarkers and
Lifestyle; AUC: Area under the curve; AB40: Amyloid-beta;_40; AB42: Amyloid-
beta;_4,; B-ADL: Bayer activities of daily living; CDR: Clinical Dementia Rating;
CDR-sb: Clinical Dementia Rating sum-of-boxes; CERAD: Consortium to
Establish a Registry of Dementia; CERAD-DR: Consortium to Establish a
Registry of Dementia delayed recall; CSF: Cerebrospinal fluid; DCN: Dementia
Competence Network; DESCRIPA: Development of screening guidelines and
clinical criteria for predementia, Alzheimer's disease; ELISA: Enzyme-linked
immunosorbent assay; FDG-PET: Fluorodeoxyglucose positron emission
tomography; FLIRT: FMRIB Linear Image Registration Tool; FMRIB: Oxford
Centre for Functional MRI of the Brain; FSL: FMRIB Software Library;

HCV: Hippocampal volume; LP: Lumbar puncture; MCl: Mild cognitive
impairment; MCI-AD: Mild cognitive impairment progressing to Alzheimer's
disease; MMSE: Mini-Mental State Examination; MRI: Magnetic resonance
imaging; NINCDS-ADRDA: National Institute of Neurological and
Communicative Disorders and Stroke, Alzheimer's Disease and Related
Disorders Association; p-Tau: Phosphorylated tau; ROC: Receiver operating
characteristic; SNAP: Suspected non-Alzheimer disease pathophysiology;
SOP: Standard operating procedure; SPARE-AD score: Spatial patterns of
brain atrophy Alzheimer’s disease score; STARD: Standards for Reporting
Diagnostic accuracy; SVM: Support vector machine; t-Tau: total tau

Acknowledgements
We wish to thank all patients and their caregivers, as well as all coworkers in
the cooperating centers, who participated in the trial.

Availability of data and materials
The datasets during and/or analyzed during the current study are available
from the corresponding author on reasonable request.

Funding

This study has been supported by a grant from the German Federal Ministry
of Education and Research (BMBF): Kompetenznetz Demenzen (01GI0420).
The sponsor had no role in the study design, data collection, data analysis,
data interpretation, or the writing of the report.

Authors’ contributions

LF and JK conceptualized this study and drafted the manuscript. OP, ER, MW
and WM made substantial contributions to conception and design and
interpretation of data. LF, OP, JW, HJG, FJ, AK, HJ, MH, CL, JP, FMR, JS, SJT,
SW, IH, JK, WM, FH, and ER contributed to patient phenotyping and sample
collection, ascertainment, diagnosis and preparation of samples. PL, JW, OG
and SJT performed the biomarker analysis, OR developed the database for
the DCN project. JSchu and CB performed the statistical analyses, under
supervision by LF, JK, OP, and WM. All authors revised the manuscript
critically for important intellectual content and gave final approval of the
version to be published.

Authors’ information
Not applicable.

Ethical approval and consent to participate

The DCN study was approved by the Ethics Review Board of the
Medical Faculty of the University of Erlangen (coordinating center) and
by the Ethics Committees at each individual recruiting site. These were
the Ethics Committees of the Medical Faculties of the Universities of
Heidelberg (Faculty Mannheim and Faculty Heidelberg), Charité Berlin,
Gottingen, Munich (LMU) and Munich (TU), Leipzig, Hamburg, Bonn,
Dusseldorf, Freiburg, and Frankfurt/Main. The study was conducted in
accordance with the Declaration of Helsinki. All patients gave written
informed consent to participate at the point of recruitment to the
study.

Consent for publication
All authors have approved the manuscript for submission and gave consent
for publication.

Page 13 of 15

Competing interests

LF has received payment for consultancy, expert testimony, honorarium, or
traveling support from AstraZeneca, Eisai, Eli Lilly, GE Healthcare, Janssen-
Cilag, Lundbeck, Merz Pharma, Novartis, Pfizer, and Schering-Plough, and
Apotex Inc, and has received a research grant from Novartis, Pfizer paid to
his institution. OP is on scientific advisory boards for Roche, Kyowa Kirin,
Novartis, Lilly, and Piramal. He has received funding for travel or speaker hon-
oraria from GSK, Nutricia, and Merck Serono. He has acted as a consultant for
Affiris and Roche. He has received research support from Affiris, Piramal, BMS,
Eli Lilly, Pfizer, Servier, TRX Pharmaceuticals, Lundbeck, and Genentech. FJ has
received consultation board honoraria and speakers fees from AC Immune,
Lilly, GE Healthcare, Janssen, USB, Schwabe, Esai, Pfizer, Novartis, and Roche.
He has received a research grant paid to his institution from Schwabe. JP has
received honoraria from Merz, Janssen-Cilag, and Novartis. MH has received a
research grant from Schwabe GmbH, has received speakers honoraria from
Pfizer Inc., Merz Pharmaceuticals, and GlaxoSmithKline, and served on an
advisory board for Hoffmann-La Roche. ER is a Merz GmbH collaborator, is
on the speakers bureau of/has received a travel grant from BMS, Lundbeck,
Servier, and Otsouka, and has received a research grant from Lilly, BMS,
AstraZeneca, and Lundbeck. FH has been a consultant to AstraZeneca in the
area of depression between June 2011 and November 2012. WM has re-
ceived payment for educational lectures from Merz. JW is on the advisory
board for Eli Lilly and has received consulting fee or honorarium and support
for traveling to board meetings. He received payment for lectures from
Novartis. JK has received financial support for conducting clinical trials from
various pharmaceutical companies manufacturing anti-dementia drugs. He is
mentioned as coinventor on the following patents: Substituted piperidines
or pyrrolidine compounds for treating sigma-receptor modulated disorders
(WO001996031208A3); Method of differentially diagnosing dementias
(W0002008058764A1); Soluble amyloid precursor proteins in CSF as bio-
markers of Alzheimer's disease (EP000002068151A1); Immunoglobulinbound
AR and immunoglobulins-binding AR peptides in diagnosis and therapy of
Alzheimer’s disease (WO002007082750A1); and Method of diagnosing acute
cerebral ischemia (WO002008058764A1). The remaining authors declare that
they have no competing interests.

Publisher’s note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Author details

'Department of Geriatric Psychiatry, Central Institute of Mental Health,
Medical Faculty Mannheim, University of Heidelberg, Zentralinstitut fur
Seelische Gesundheit, Quadrat J5, D-68159 Mannheim, Germany.
’Department of Psychiatry and Psychotherapy, Campus Benjamin Franklin,
Charité, Berlin, Germany. *Department of Psychiatry and Psychotherapy,
Friedrich-Alexander-University of Erlangen-Nuremberg, Nuremberg, Germany.
“Department of Neurodegeneration Diagnostics, Medical University of
Bialystok, Bialystok, Poland. *Department of Psychiatry and Psychotherapy,
University Medical Center Gottingen, and German Center for
Neurodegenerative Diseases (DZNE), Research Site Gottingen, Géttingen,
Germany. 5German Center for Neurodegenerative Diseases (DZNE), Rostock,
Germany. 'Department of Psychosomatic Medicine, University Medicine
Rostock, Rostock, Germany. ®Department of Psychiatry and Psychotherapy,
Ludwig-Maximilian-University of Munich, Munich, Germany. “Department of
Psychiatry, University of Leipzig, Leipzig, Germany. '°Department of
Psychiatry and Psychotherapy, University Medical Center Hamburg, Hamburg,
Germany. ''Department of Psychiatry and Psychotherapy, University of Bonn,
Bonn, Germany. “German Center for Neurodegenerative Diseases (DZNE),
Cologne/Bonn, Germany. "*Department of Psychiatry and Psychotherapy,
Medical Faculty University of Cologne, Cologne, Germany. '“Department of
Psychiatry and Psychotherapy, Technical University of Munich, Munich,
Germany. '*Department of Psychiatry and Psychotherapy, University of
Dusseldorf, Dusseldorf, Germany. 1°Center for Psychiatry, Clinic for Geriatric
Psychiatry and Psychotherapy Emmendingen and Department of Psychiatry
and Psychotherapy, University of Freiburg, Freiburg, Germany. Institute of
General Medicine University of Frankfurt, Frankfurt am Main, Germany.
"8Section for Geriatric Psychiatry Research, Department for Psychiatry,
University of Heidelberg, Heidelberg, Germany. '°Department of Medical
Informatics, University of Gottingen, Gottingen, Germany. °MicroDiscovery
GmbH, Berlin, Germany.



Frolich et al. Alzheimer's Research & Therapy (2017) 9:84

Received: 7 September 2016 Accepted: 30 August 2017
Published online: 10 October 2017

References

1.

20.

Jack Jr CR, Knopman DS, Jagust WJ, Shaw LM, Aisen PS, Weiner MW, et al.
Hypothetical model of dynamic biomarkers of the Alzheimer's pathological
cascade. Lancet Neurol. 2010;9:119-28.

Jack Jr CR, Knopman DS, Jagust WJ, Petersen RC, Weiner MW, Aisen PS, et
al. Tracking pathophysiological processes in Alzheimer's disease: an updated
hypothetical model of dynamic biomarkers. Lancet Neurol. 2013;12:207-16.
Bobinski M, De Leon MJ, Wegiel J, DeSanti S, Convit A, Saint Louis LA, et al.
The histological validation of post mortem magnetic resonance imaging-
determined hippocampal volume in Alzheimer's disease. Neuroscience.
2000;95:721-5.

Zarow C, Vinters HV, Ellis WG, Weiner MW, Mungas D, White L, et al.
Correlates of hippocampal neuron number in Alzheimer's disease and
ischemic vascular dementia. Ann Neurol. 2005;57:896-903.

Winblad B, Palmer K, Kivipelto M, Jelic V, Fratiglioni L, Wahlund LO, et al.
Mild cognitive impairment—beyond controversies, towards a consensus:
report of the International Working Group on Mild Cognitive Impairment. J
Intern Med. 2004;256:240-6.

Mattsson N, Zetterberg H, Hansson O, Andreasen N, Parnetti L, Jonsson M,
et al. CSF biomarkers and incipient Alzheimer disease in patients with mild
cognitive impairment. JAMA. 2009;302:385-93.

Blennow K, Zetterberg H. The application of cerebrospinal fluid biomarkers
in early diagnosis of Alzheimer disease. Med Clin North Am. 2013,97:369-76.
Frisoni GB, Fox NC, Jack Jr CR, Scheltens P, Thompson PM. The clinical use
of structural MRI in Alzheimer disease. Nat Rev Neurol. 2010,6:67-77.

Teipel SJ, Grothe M, Lista S, Toschi N, Garaci FG, Hampel H. Relevance of
magnetic resonance imaging for early detection and diagnosis of Alzheimer
disease. Med Clin North Am. 2013;97:399-424.

Misra C, Fan Y, Davatzikos C. Baseline and longitudinal patterns of brain
atrophy in MCl patients, and their use in prediction of short-term
conversion to AD: results from ADNI. Neuroimage. 2009;44:1415-22.
Landau SM, Harvey D, Madison CM, Reiman EM, Foster NL, Aisen PS, et al.
Comparing predictors of conversion and decline in mild cognitive
impairment. Neurology. 2010;75:230-8.

Gomar JJ, Bobes-Bascaran MT, Conejero-Goldberg C, Davies P, Goldberg TE.
Utility of combinations of biomarkers, cognitive markers, and risk factors to
predict conversion from mild cognitive impairment to Alzheimer disease in
patients in the Alzheimer's Disease Neuroimaging Initiative. Arch Gen
Psychiatry. 2011,68:961-9.

Devanand DP, Pradhaban G, Liu X, Khandji A, De SS, Segal S, et al.
Hippocampal and entorhinal atrophy in mild cognitive impairment:
prediction of Alzheimer disease. Neurology. 2007;68:328-36.

Vos S, van Rossum |, Burns L, Knol D, Scheltens P, Soininen H, et al. Test
sequence of CSF and MRI biomarkers for prediction of AD in subjects with
MCI. Neurobiol Aging. 2012;33:2272-81.

Prestia A, Caroli A, van der Flier WM, Ossenkoppele R, Van BB, Barkhof F, et
al. Prediction of dementia in MCI patients based on core diagnostic markers
for Alzheimer disease. Neurology. 2013;80:1048-56.

Hansson O, Zetterberg H, Buchhave P, Londos E, Blennow K, Minthon L.
Association between CSF biomarkers and incipient Alzheimer's disease in
patients with mild cognitive impairment: a follow-up study. Lancet Neurol.
2006;5:228-34.

Buchhave P, Minthon L, Zetterberg H, Wallin AK, Blennow K, Hansson O.
Cerebrospinal fluid levels of beta-amyloid 1-42, but not of tau, are fully
changed already 5 to 10 years before the onset of Alzheimer dementia.
Arch Gen Psychiatry. 2012;69:98-106.

Dickerson BC, Wolk DA. Biomarker-based prediction of progression in MCl:
comparison of AD signature and hippocampal volume with spinal fluid
amyloid-beta and tau. Front Aging Neurosci. 2013;5:55.

Da X, Toledo JB, Zee J, Wolk DA, Xie SX, Ou Y, et al. Integration and relative
value of biomarkers for prediction of MCl to AD progression: spatial
patterns of brain atrophy, cognitive scores, APOE genotype and CSF
biomarkers. Neuroimage Clin. 2014;4:164-73.

Diniz BS, Pinto Junior JA, Forlenza OV. Do CSF total tau, phosphorylated tau,
and beta-amyloid 42 help to predict progression of mild cognitive
impairment to Alzheimer's disease? A systematic review and meta-analysis
of the literature. World J Biol Psychiatry. 2008,9:172-82.

22.

23.

24.

25.

26.

27.

28.

29.

30.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

Page 14 of 15

Hampel H, Birger K, Pruessner JC, Zinkowski R, DeBernardis J, Kerkman D, et
al. Correlation of cerebrospinal fluid levels of tau protein phosphorylated at
threonine 231 with rates of hippocampal atrophy in Alzheimer disease. Arch
Neurol. 2005;62:770-3.

Fiell AM, Walhovd KB, Fennema-Notestine C, McEvoy LK, Hagler DJ, Holland D,
et al. CSF biomarkers in prediction of cerebral and clinical change in mild
cognitive impairment and Alzheimer's disease. J Neurosci. 2010;30:2088-101.
Bouwman FH, Schoonenboom SNM, van der Flier WM, van Elk EJ, Kok A,
Barkhof F, et al. CSF biomarkers and medial temporal lobe atrophy predict
dementia in mild cognitive impairment. Neurobiol Aging. 2007;28:1070-4.
Vemuri P, Wiste HJ, Weigand SD, Shaw LM, Trojanowski JQ, Weiner MW, et
al. MRI'and CSF biomarkers in normal, MCl, and AD subjects: predicting
future clinical change. Neurology. 2009;73:294-301.

Geroldi C, Rossi R, Calvagna C, Testa C, Bresciani L, Binetti G, et al. Medial
temporal atrophy but not memory deficit predicts progression to dementia
in patients with mild cognitive impairment. J Neurol Neurosurg Psychiatry.
2006;77:1219-22.

Visser PJ, Verhey FRJ, Hofman PA, Scheltens P, Jolles J. Medial temporal lobe
atrophy predicts Alzheimer's disease in patients with minor cognitive
impairment. J Neurol Neurosurg Psychiatry. 2002;72:491-7.

Fellgiebel A, Scheurich A, Bartenstein P, Muller MJ. FDG-PET and CSF
phospho-tau for prediction of cognitive decline in mild cognitive
impairment. Psychiatry Res. 2007;155:167-71.

Chetelat G, Eustache F, Viader F, De la Sayette V, Pelerin A, Mezenge F, et al.
FDG-PET measurement is more accurate than neuropsychological
assessments to predict global cognitive deterioration in patients with mild
cognitive impairment. Neurocase. 2005;11:14-25.

Walhovd KB, Fjell AM, Brewer J, McEvoy LK, Fennema-Notestine C, Hagler Jr
DJ, et al. Combining MR imaging, positron-emission tomography, and CSF
biomarkers in the diagnosis and prognosis of Alzheimer disease. AINR Am J
Neuroradiol. 2010;31:347-54.

Zhang D, Wang Y, Zhou L, Yuan H, Shen D. Multimodal classification of
Alzheimer's disease and mild cognitive impairment. Neuroimage. 2011;55:
856-67.

Heister D, Brewer JB, Magda S, Blennow K, McEvoy LK. Predicting MCl
outcome with clinically available MRI and CSF biomarkers. Neurology. 2011;
77:1619-28.

Mitchell AJ, Shiri-Feshki M. Temporal trends in the long term risk of
progression of mild cognitive impairment: a pooled analysis. J Neurol
Neurosurg Psychiatry. 2008;79:1386-91.

Kornhuber J, Schmidtke K, Frolich L, Perneczky R, Wolf S, Hampel H, et al.
Early and differential diagnosis of dementia and mild cognitive impairment:
design and cohort baseline characteristics of the German Dementia
Competence Network. Dement Geriatr Cogn Disord. 2009,27:404-17.
Dementia Competence Network, 2016. http://www.kompetenznetz-
demenzen.de. Accessed 16 Dec 2015.

Bossuyt PM, Reitsma JB, Bruns DE, Gatsonis CA, Glasziou PP, Irwig LM, et al.
The STARD statement for reporting studies of diagnostic accuracy:
explanation and elaboration. Clin Chem. 2003;49:7-18.

Morris JC, Mohs RC, Rogers H, Fillenbaum G, Heyman A. Consortium to
Establish a Registry for Alzheimer's Disease (CERAD) clinical and
neuropsychological assessment of Alzheimer's disease. Psychopharmacol
Bull. 1988,24:641-52.

Hindmarch |, Lehfeld H, de Jongh P, Erzigkeit H. The Bayer activities of daily
living scale (B-ADL). Dement Geriatr Cogn Disord. 19989 Suppl 2:20-6.
Montgomery SA, Asberg M. A new depression scale designed to be
sensitive to change. Br J Psychiatry. 1979;134:382-9.

Morris JC. The Clinical Dementia Rating (CDR): current version and scoring
rules. Neurology. 1993;43:2412-4.

Folstein MF, Folstein SE, McHugh PR. Mini-Mental State: a practical method
for grading the cognitive state of patients for the clinician. J Psychiatr Res.
1975;12:189-98.

Lewczuk P, Kornhuber J, Wiltfang J. The German Competence Net
Dementias: standard operating procedures for the neurochemical dementia
diagnostics. J Neural Transm. 2006;113:1075-80.

Portelius E, Westman-Brinkmalm A, Zetterberg H, Blennow K. Determination
of beta-amyloid peptide signatures in cerebrospinal fluid using
immunoprecipitation-mass spectrometry. J Proteome Res. 2006;5:1010-6.
Wiltfang J, Esselmann H, Bibl M, Hill M, Hampel H, Kessler H, et al. Amyloid
b peptide ratio 42/40 but not Ab42 correlates with phospho-Tau in patients
with low- and high-CSF Ab40 load. J Neurochem. 2007;101:1053-9.


http://www.kompetenznetz-demenzen.de/
http://www.kompetenznetz-demenzen.de/

Frolich et al. Alzheimer's Research & Therapy (2017) 9:84

44,

45.

46.

47.

48.

49.

50.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

Lewczuk P, Lelental N, Spitzer P, Maler JM, Kornhuber J. Amyloid-b 42/40
cerebrospinal fluid concentration ratio in the diagnostics of Alzheimer's
disease: validation of two novel assays. J Alzheimers Dis. 2015;43:183-91.
Dumurgier J, Schraen S, Gabelle A, Vercruysse O, Bombois S, Laplanche JL,
et al. Cerebrospinal fluid amyloid-beta 42/40 ratio in clinical setting of
memory centers: a multicentric study. Alzheimers Res Ther. 2015;7:30.
Ewers M, Teipel SJ, Dietrich O, Schonberg SO, Jessen F, Heun R, et al.
Multicenter assessment of reliability of cranial MRI. Neurobiol Aging. 2006;
27:1051-9.

Patenaude B, Smith SM, Kennedy DN, Jenkinson M. A Bayesian model of
shape and appearance for subcortical brain segmentation. Neuroimage.
2011;56:907-22.

Smith SM, Jenkinson M, Woolrich MW, Beckmann CF, Behrens TE, Johansen-
Berg H, et al. Advances in functional and structural MR image analysis and
implementation as FSL. Neuroimage. 2004;23 Suppl 1:5208-19.

Buckner RL, Head D, Parker J, Fotenos AF, Marcus D, Morris JC, et al. A
unified approach for morphometric and functional data analysis in young,
old, and demented adults using automated atlas-based head size
normalization: reliability and validation against manual measurement of
total intracranial volume. Neuroimage. 2004;23:724-38.

Jenkinson M, Bannister P, Brady M, Smith S. Improved optimization for the
robust and accurate linear registration and motion correction of brain
images. Neuroimage. 2002;17:825-41.

McKhann G, Drachman D, Folstein M, Katzman R, Price D, Stadlan E. Clinical
diagnosis of Alzheimer's disease: report of the NINCDS-ADRDA work group
under the auspices of Department of Health and Human Services Task
Force on Alzheimer's disease. Neurology. 1984;34:939-44.

Chandler MJ, Lacritz LH, Hynan LS, Barnard HD, Allen G, Deschner M, et
al. A total score for the CERAD neuropsychological battery. Neurology.
2005;65:102-6.

R Development Core Team, 2013. http//www.r-project.org. Accessed 18
Nov 2016.

Youden WJ. Index for rating diagnostic tests. Cancer. 1950,3:32-5.

Robin X, Turck N, Hainard A, Tiberti N, Lisacek F, Sanchez JC, et al. pROC: an
open-source package for R and S+ to analyze and compare ROC curves.
BMC Bioinformatics. 2011;12:77.

Hanley JA, McNeil BJ. A method of comparing the areas under receiver
operating characteristic curves derived from the same cases. Radiology.
1983;148:839-43.

Consensus report of the Working Group on: "Molecular and Biochemical
Markers of Alzheimer's Disease". The Ronald and Nancy Reagan Research
Institute of the Alzheimer's Association and the National Institute on Aging
Working Group. Neurobiol Aging. 1998;19: 109-116.

Teipel SJ, Kurth J, Krause B, Grothe MJ. The relative importance of imaging
markers for the prediction of Alzheimer's disease dementia in mild
cognitive impairment—beyond classical regression. Neuroimage Clin. 2015;
8:583-93.

Ewers M, Walsh C, Trojanowski JQ, Shaw LM, Petersen RC, Jack Jr CR, et al.
Prediction of conversion from mild cognitive impairment to Alzheimer's
disease dementia based upon biomarkers and neuropsychological test
performance. Neurobiol Aging. 2012,33:1203-14.

van Rossum IA, Vos S, Handels R, Visser PJ. Biomarkers as predictors for
conversion from mild cognitive impairment to Alzheimer-type dementia:
implications for trial design. J Alzheimers Dis. 2010;20:881-91.

Vos SJB, van Rossum IA, Verhey F, Knol DL, Soininen H, Wahlund LO, et al.
Prediction of Alzheimer disease in subjects with amnestic and nonamnestic
MCI. Neurology. 2013;80:1124-32.

Ellis KA, Szoeke C, Bush Al, Darby D, Graham PL, Lautenschlager NT, et al.
Rates of diagnostic transition and cognitive change at 18-month follow-up
among 1,112 participants in the Australian Imaging, Biomarkers and
Lifestyle Flagship Study of Ageing (AIBL). Int Psychogeriatr. 2014;26:543-54.
Weiner MW, Veitch DP, Aisen PS, Beckett LA, Cairns NJ, Cedarbaum J, et al.
Update of the Alzheimer's Disease Neuroimaging Initiative: a review of papers
published since its inception. Alzheimers Dement. 2014;2015(11).e1-e120.
Visser PJ, Verhey F, Boada M, Bullock R, De Deyn PP, Frisoni GB, et al.
Development of screening guidelines and clinical criteria for
predementia Alzheimer's disease. The DESCRIPA study.
Neuroepidemiology. 2008;30:254-65.

van Rossum IA, Visser PJ, Knol DL, van der Flier WM, Teunissen CE, Barkhof
F, et al. Injury markers but not amyloid markers are associated with rapid

66.

67.

68.

69.

70.

72.

73.

74.

75.

76.

77.

78.

79.

80.

Page 15 of 15

progression from mild cognitive impairment to dementia in Alzheimer's
disease. J Alzheimers Dis. 2012;29:319-27.

Schmand B, Huizenga HM, van Gool WA. Meta-analysis of CSF and MRI
biomarkers for detecting preclinical Alzheimer's disease. Psychol Med.
2010;40:135-45.

Duits FH, Martinez-Lage P, Paquet C, Engelborghs S, Lleo A, Hausner L, et al.
Performance and complications of lumbar puncture in memory clinics:
results of the multicenter lumbar puncture feasibility study. Alzheimers
Dement. 2016;12:154-63.

Jack Jr CR, Knopman DS, Chételat G, Dickson D, Fagan AM, Frisoni GB, et al.
Suspected non-Alzheimer disease pathophysiology—concept and
controversy. Nat Rev Neurol. 2016;12:117-24.

Wagner M, Wolf S, Reischies FM, Daerr M, Wolfsgruber S, Jessen F, et al.
Biomarker validation of a cued recall memory deficit in prodromal
Alzheimer disease. Neurology. 2012;78:379-86.

Hulstaert F, Blennow K, Ivanoiu A, Schoonderwaldt HC, Riemenschneider
M, De Deyn PP, et al. Improved discrimination of AD patients using the
combined measure b-amyloid(;.42 and tau in CSF. Neurology. 1999;52:
1555-62.

Davatzikos C, Bhatt P, Shaw LM, Batmanghelich KN, Trojanowski JQ.
Prediction of MCI to AD conversion, via MRI, CSF biomarkers, and pattern
classification. Neurobiol Aging. 2011,32:2322. 19-2327.e27.

Singh N1, Wang AY, Sankaranarayanan P, Fletcher PT, Joshi S; Alzheimer's
Disease Neuroimaging Initiative. Genetic, structural and functional imaging
biomarkers for early detection of conversion from MCI to AD. Med Image
Comput Comput Assist Interv. 2012;15(Pt 1):132-40.

Young J, Modat M, Cardoso MJ, Mendelson A, Cash D, Ourselin S. Accurate
multimodal probabilistic prediction of conversion to Alzheimer's disease in
patients with mild cognitive impairment. Neuroimage Clin. 2013;2:735-45.
Trzepacz PT, Yu P, Sun J, Schuh K, Case M, Witte MM, et al.
Comparison of neuroimaging modalities for the prediction of
conversion from mild cognitive impairment to Alzheimer's dementia.
Neurobiol Aging. 2014;35:143-51.

Brys M, Glodzik L, Mosconi L, Switalski R, De SS, Pirraglia E, et al. Magnetic
resonance imaging improves cerebrospinal fluid biomarkers in the early
detection of Alzheimer's disease. J Alzheimers Dis. 2009;16:351-62.

Shaw LM, Vanderstichele H, Knapik-Czajka M, Clark CM, Aisen PS, Petersen
RC, et al. Cerebrospinal fluid biomarker signature in Alzheimer's disease
neuroimaging initiative subjects. Ann Neurol. 2009,65:403-13.

Mulder C, Verwey NA, van der Flier WM, Bouwman FH, Kok A, van Elk EJ, et al.
Amyloid-b(1-42), total tau, and phosphorylated tau as cerebrospinal fluid
biomarkers for the diagnosis of Alzheimer Disease. Clin Chem. 2010;56:248-53.
Sjogren M, Vanderstichele H, Agren H, Zachrisson O, Edsbagge M, Wikkelso
C, et al. Tau and Abeta4?2 in cerebrospinal fluid from healthy adults 21-93
years of age: establishment of reference values. Clin Chem. 2001;47:1776-81.
Lewczuk P, Beck G, Ganslandt O, Esselmann H, Deisenhammer F, Regeniter
A, et al. International quality control survey of neurochemical dementia
diagnostics. Neurosci Lett. 2006;409:1-4.

Mattsson N, Andreasson U, Persson S, Arai H, Batish SD, Bernardini S, et al.
The Alzheimer's Association external quality control program for
cerebrospinal fluid biomarkers. Alzheimers Dement. 2011;7:386-95.

Submit your next manuscript to BioMed Central
and we will help you at every step:

* We accept pre-submission inquiries

e Our selector tool helps you to find the most relevant journal

* We provide round the clock customer support

e Convenient online submission

* Thorough peer review

e Inclusion in PubMed and all major indexing services

e Maximum visibility for your research

Submit your manuscript at

www.biomedcentral.com/submit () BiolVled Central



http://www.r-project.org/

	Abstract
	Background
	Methods
	Results
	Conclusion

	Background
	Methods
	Dementia Competence Network study
	Subjects
	Neuropsychological procedures
	Collecting, storage, and shipment of the samples
	Analyses of CSF biomarkers
	Hippocampal volume
	Outcome measure and predictors
	Statistical analysis

	Results
	Baseline characteristics
	Prediction of incipient AD
	Statistical comparison of the predictive power of biomarker combinations over individual biomarkers

	Discussion
	Limitations

	Conclusion
	Abbreviations
	Availability of data and materials
	Funding
	Authors’ contributions
	Authors’ information
	Ethical approval and consent to participate
	Consent for publication
	Competing interests
	Publisher’s note
	Author details
	References

