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Abstract

Introduction: Biomarker progressions explain higher variability in cognitive decline than baseline
values alone. This study examines progressions of established biomarkers along with a novel marker
in a longitudinal cognitive decline.
Methods: A total of 215 subjects were used with a diagnosis of normal, mild cognitive impairment
(MCI) or Alzheimer’s disease (AD) at baseline. We calculated standardized biomarker progression
rates and used them as predictors of outcome within 5 years.
Results: Early cognitive declines were more strongly explained by fluorodeoxyglucose-positron
emission tomography, precuneus and medial temporal cortical thickness, and the complex instrumental activities of daily living (iADL) marker progressions. Using Cox proportional hazards model,
we found that these progressions were a significant risk factor for conversion from both MCI to AD
(adjusted hazard ratio 1.45; 95% confidence interval 1.20–1.93; P 5 1.23 ! 1025) and cognitively
normal to MCI (adjusted hazard ratio 1.76; 95% confidence interval 1.32–2.34; P 5 1.55 ! 1025).
Discussion: Compared with standard biological biomarkers, complex functional iADL markers
could also provide predictive information for cognitive decline during the presymptomatic stage.
This has important implications for clinical trials focusing on prevention in asymptomatic individuals.
Ó 2015 The Authors. Published by Elsevier Inc. on behalf of the Alzheimer’s Association. This is an
open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/
4.0/).
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1. Introduction
Accurate and early Alzheimer’s disease (AD) staging
and differential diagnosis possess a pressing modern challenge, partly fueled by recent AD disease-modifying treat-
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ment paradigms that only work if applied during the
presymptomatic phase [1]. Accurate and earlier diagnosis
of patient states is difficult, partly because, despite the
popularity of the AD cascade model [2], amyloid and
tau-based, pathologic progressions, such as neuritic plaques and neurofibrillary pathology, are interacting in a
much more complex way than previously thought [3].
The complexity of the AD pathologic events is now
accepted to occur years before symptomatic onset and it
challenges current knowledge of the underlying
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pathologic pathways [4]. Determining new diagnostic
criteria that incorporate biomarkers to construct models
of disease progression enabled the mechanism to stage
and stratify patients during the presymptomatic phase
[5]. For example, the revised National Institute on Aging
-Alzheimer’s Association (NIA-AA) criteria [6] helped
reduce heterogeneity in trial groups, monitor treatment
outcomes, and match persons to presumptive treatments.
However, despite the deeper understanding and availability of AD in vivo biomarkers, the evidence base for this is
relatively limited [7]. A major challenge is to construct
models of disease progression that estimate biomarker
ordering and dynamics directly from real-world data sets
enabling quantitative evaluation of the disease since its
earliest stages [8]. At the presymptomatic stage, this
would mean to allow the capturing of healthy individuals
at risk of developing AD.
Hypothetical models of AD progression have been
proposed that describe presymptomatic sequences in
which different biomarkers become abnormal [9]. The
most well validated of these models generally propose
that cerebrospinal fluid (CSF) amyloid pathology and
amyloid positron emission tomography (PET) abnormalities precede CSF phosphorylated and total tau (t-tau),
fluorodeoxyglucose-positron
emission
tomography
(FDG-PET) hypometabolism, and measures of brain
metabolism precede regional neurodegeneration, e.g., volume and atrophy rate markers derived from structural
magnetic resonance (MRI), which all occur before a significant clinical change in cognitive performance test
scores [10]. When attempting to validate the ordering of
these biomarkers, e.g., Brickman et al. [11], CSF brain
amyloidosis, neuronal degeneration, namely elevated
CSF tau protein, decreased cortical FDG-PET, and medial
temporal atrophy on MRI, the results are always dependent on defining abnormal biomarker levels and choosing
cut points, which are not easy to establish. Others are also
attempting to determine biomarker ordering using a priori
staging based on clinical diagnosis and not informed
directly by measured data sets [12]. Such attempts can
only provide ordering of a small number of biomarkers
and limit the temporal resolution of such models to crude
stages (e.g., normal, early mild cognitive impairment
[MCI], late MCI, or AD). For instance, empirically
derived MCI stages or subtypes demonstrate heterogeneity that is not captured by conventional criteria in MCI
cognitive profiles. Conventional profiles are susceptible
to false-positive errors, which implicates the result of
prior MCI studies and may be diluting important
biomarker relationships [13]. Moreover, because the
way a biomarker is measured can make a difference in
diagnostic accuracy, harmonized protocols are still
needed [14–16].
In the context mentioned previously, a recently introduced, probabilistic, event-based model (EBM) provided a
generative model of AD progression, as a sequence of

events, at which individual biomarkers become abnormal.
Recent work [17] demonstrated the EBM’s consistent ability
to learn normal and abnormal distributions of presymptomatic AD biomarker values from data, without requiring any a
priori staging or cut points. Researchers might be using such
an approach to stage subjects retrospectively and follow a
large elderly cohort over a long period of time. For example,
Rembach et al. [18] showed such an analysis in plasma amyloid beta and Lim et al. [19] estimated the rate of change of
prodromal AD biomarkers and obtained an average cognitive trajectory over time. Similarly, Tarnanas et al. [20]
showed a 2-year rate of change but with the introduction
of a novel computer-based marker along with MRI and
event-related potential biomarkers in subjects with MCI.
However, although a promising approach, one issue not systematically examined previously is whether biomarker
changes from baseline value to end point or biomarker
changes over all the intermediate time points (referred in
this study as biomarker progressions) were more strongly
associated with cognitive declines. A recent study [21]
examined the relative ability of baseline values versus
biomarker progressions at each stage of AD in predicting
cognitive declines and proved that progressions explained
higher variability in cognitive declines than values at the
baseline. This finding provides an improved model of the
longitudinal, nonlinear association between biomarker and
regional atrophy progressions and shows that future clinical
trials would benefit by identifying such biomarker progressions most strongly associated with cognitive and functional
declines at later stages [22].
Given the amount of recent accumulated knowledge on
normal and abnormal function of biomarker progressions,
it is not surprising that computer-processable disease models
are taking the lead in drug and biomarker discovery efforts
[23]. As an illustration [24], proposed two computerprocessable cause-and-effect models are based on the Biological Expression Language (http://www.openbel.org/),
which support the automatic reasoning of interlinked molecules, and normal and abnormal biological processes. They
argued that computer-processable disease models should be
based on cause-and-effect regulatory effects that link upstream causal entities to downstream bioclinical effects. In
agreement with that group, we believe that computerprocessable disease model approaches would be enhanced
with the addition of quantitative, real-life, complex activities
of daily living, a computerized cognitive performance data
set, such as our complex instrumental activities of daily
living (iADL) marker with day-out task (DOT) and dualtask walk (NAV) profiles.
The aim of this study was to examine the relative ability
of individual biomarker progressions in relation to our complex iADL marker of longitudinal cognitive and functional
declines. We used 5-year longitudinal data at each stage of
AD to assess which progressions are associated with such
declines. To conduct a fair comparison, analogous to a recent
study [21], we standardized all biomarkers and presented
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clinical values corresponding to each standard deviation. We
hypothesized that the fine-grained staging potential of our
complex iADL marker could improve clinical trial designs
by predicting (1) conversion from cognitively normal (CNstable) to MCI (CN-converters) and (2) conversion from
MCI (MCI-stable) to AD (MCI-converters), allowing the
recruitment of high-risk populations with higher accuracy.
2. Methods
2.1. Data source
Data used in the preparation of this article were obtained
from two independent data sets: the Greek Association for
Alzheimer’s Disease and Related Disorders outpatient memory clinic, belonging to the Third Neurological Clinic of the
Aristotle University of Thessaloniki and Virtual Reality
Medical Center, San Diego. The study was approved by
the Institutional Ethics Review Board at each participating
institution, and written consent was obtained from all participants, in accordance with the Declaration of Helsinki.
We downloaded data from the initiative’s database on
March 5, 2015, and included the following for the current
analysis: CSF, FDG-PET, and amyloid PET biomarker and
MRI scans at baseline and follow-up that met global quality
control criteria. Finally, we performed a binary classification
of cognitively normal subjects into those who have a stable
diagnosis of cognitively normal (CN-stable) and those who
convert to MCI (CN-converters). The same procedure was
used for MCI subjects into those who have a stable diagnosis
of MCI (MCI-stable) and those who convert to AD (MCIconverters). Stable subjects were defined as those with a
cognitively normal or MCI diagnosis who remained the
same at the end of the 12-, 24-, 36-, 48-, or 60-month
follow-up.
2.2. Participants
A total of 350 people were enrolled from which 65 were
excluded due to incident vascular events, and 75 were not
able to complete the full duration of the study and were
considered dropouts. In the end, 215 subjects with valid
data for our variables of interest, from which 71 with normal
cognition, 61 with MCI, and 83 with AD using baseline diagnosis, were used in this study. Subjects with normal cognition did not meet criteria for dementia or MCI [25,26], had
a mini-mental state examination (MMSE) score between
24 and 30, and a global clinical dementia rating (CDR)
[27] score of 0. MCI subjects had a CDR of 0.5, MMSE
score between 24 and 30, evidence of objective memory
loss or a memory complaint (as measured by education
adjusted scores on the Wechsler Memory Scale Logical
Memory II), absence of significant other cognitive domains
impairment, essentially preserved activities of daily living,
and absence of dementia. Mildly demented AD participants
had MMSE scores between 20 and 26, global CDR scores of
0.5 or 1.0, and met the National Institute of Neurological and
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Communicative Disorders and Stroke and the Alzheimer’s
Disease and Related Disorders Association criteria for probable AD [28]. To minimize the influence of vascular pathology, we used the Hachinski ischemic index and excluded
participants with significant vascular disease burden at study
baseline. Baseline and slopes of progression of the following
biomarkers were examined: MRI total brain volumes, hippocampal volumes, ventricular volumes, white matter hyperintensity volumes, CSF t-tau protein and amyloid beta (Ab)42
levels, cortical thickness of selected regions (precuneus and
medial temporal cortical thickness—the latter being the
summary variable obtained by adding averaged means for
left and right entorhinal, perirhinal, and posterior parahippocampal cortical region thicknesses [29]), and FDG-PET. The
CSF t-tau and phosphorylated tau data were log transformed
to improve normality. Group biomarker characteristics are
summarized in Table 1.
2.3. Neuropsychological examination
All the subjects were assessed with a standardized neuropsychological test battery. MMSE was used to assess global
cognitive functioning. Trajectories of memory declines
were examined with Alzheimer’s Disease Neuroimaging
Initiative-memory (ADNI-Mem), which was computed by
the use of different word lists in the Rey auditory verbal
learning test, the Alzheimer’s Disease Assessment Scalecognitive subscale (ADAS-Cog), and by Logical Memory
I data, similar to Crane et al. 2012 [30]. Alzheimer’s Disease
Neuroimaging Initiative-executive functioning (ADNI-Exe)
was used to measure executive decline trajectories and
included category fluency (animals), category fluency (vegetables), trails A and B, digit span backward, Wechsler Adult
Intelligence Scale-Revised digit symbol substitution, and
five clock drawing items (circle, symbol, numbers, hands,
and time), similar to Crane et al. 2008 [31]. Considerations
for compiling ADNI-Mem and ADNI-Exe included the
following: (1) coverage of the domains of interest (memory,
executive functions, attention, and visuospatial abilities); (2)
ability to measure change over a 2–5 year period; (3)
compatibility with previous ADNI biomarker progression
studies; (4) being efficient and practical, with low demands
for use in our multi-site setting; and (5) avoid ceiling or floor
effects. The ADNI-Mem and ADNI-Exe scores are psychometrically optimized, robust, previously validated composite scores of memory and executive function, respectively,
with high external validity [32].
2.4. DOT and NAV marker tasks
The complex iADL marker of this study was a complex
activity of daily living, which previous research showed as
a valid and reliable early indicator of cognitive decline in
elderly persons [20,33]. In summary, complex iADL is a
set of naturalistic tasks that required coordination of
information by eliciting medium-to-high cognitive control,
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Table 1
Clinical characteristics at baseline of the subjects (means with SDs)

Characteristics
n
Age
Years of education
Female (%)
APOE ε4 (ε4 allele present) (%)
CSF t-tau (pg/mL)
CSF Ab42 (pg/mL)
FDG-PET
Brain volume (cm3)
WMH
Hippocampal
Ventricular
Total brain
WMH/ICV
Hippocampal/ICV
Ventricular/ICV
Total brain/ICV
Thickness (mm)
Precuneus thickness
Medial temporal thickness*

Normal at baseline

MCI at baseline

Number of
assessments
available,
mean (range)

Baseline
values,
mean (SD)

Number of
assessments
available,
mean (range)

Baseline
values,
mean (SD)

Number of
assessments
available,
mean (range)

Baseline
values,
mean (SD)

71
N/A
N/A
N/A
N/A
4.2 (1–6)
4.2 (1–6)
4.2 (1–6)

72.0 (9.3)
14.1 (4.9)
53.0
27.5
68.2 (32.2)
211.1 (52.5)
1.3 (0.1)

61
N/A
N/A
N/A
N/A
4.3 (1–6)
4.3 (1–6)
4.2 (1–6)

72.2 (8.4)
13.6 (5.4)
55.0
56.2
103.1 (50.5)
164 (56.9)
1.2 (0.1)

83
N/A
N/A
N/A
N/A
4.2 (1–6)
4.2 (1–6)
4.3 (1–6)

74.7 (9.8)
14.4 (4.6)
56.0
71.3
123.2 (50.1)
141.8 (40.3)
1.1 (0.1)

3.4 (1–6)
4.2 (1–6)
4.2 (1–6)
4.2 (1–6)
3.8 (1–6)
4.2 (1–6)
4.2 (1–6)
4.2 (1–6)

8.1E24 (3E23)
3.5 (0.5)
17.6 (9.2)
1072.4 (110.6)
6E25% (1.6E24%)
0.2% (0.03%)
1.2% (0.5%)
69.2% (4.1%)

3.6 (1–6)
4.3 (1–6)
4.3 (1–6)
4.3 (1–6)
3.6 (1–6)
4.3 (1–6)
4.3 (1–6)
4.3 (1–6)

8.3E24 (3E23)
2.8 (0.5)
19.1 (9.8)
1053.3 (117.8)
6E25% (1.7E24%)
0.2% (0.03%)
1.4% (0.6%)
66.9% (4.3%)

4.3 (1–6)
4.3 (1–6)
4.3 (1–6)
4.3 (1–6)
4.3 (1–6)
4.3 (1–6)
4.3 (1–6)
4.3 (1–6)

3.3E23 (3E23)
2.6 (0.5)
23.1 (10.9)
998.3 (120.0)
7E25% (1.6E24%)
0.2% (0.03%)
1.6% (0.8%)
66.6% (4.2%)

4.2 (1–6)
4.2 (1–6)

2.1 (0.2)
5.9 (0.5)

4.3 (1–6)
4.3 (1–6)

AD at baseline

2.0 (0.2)
5.5 (0.7)

4.3 (1–6)
4.3 (1–6)

2.0 (0.3)
4.9 (0.7)

Abbreviations: SD, standard deviations; MCI, mild cognitive impairment; AD, Alzheimer’s disease; N/A, not applicable; APOE, apolipoprotein E; CSF, cerebrospinal fluid; t-tau, total tau; Ab, amyloid beta; FDG-PET, fluorodeoxyglucose-positron emission tomography; WMH, white matter hyperintensity; ICV,
intracranial volume.
*Summary variable by adding averaged means for left and right entorhinal, perirhinal, and posterior parahippocampal cortical region thickness.

such as inhibition of external stimuli or processing speed
(e.g., reaction time at interactive events), which is believed
to be affected by aging [20] (Appendix).
2.5. FDG-PET metrics and analysis
18F-FDG PET imaging was performed by the Virtual Reality Medical Center, at two different sites in San Diego, CA,
USA. At both sites, the FDG-PET images were acquired using a 24 rings General Electric 3D PET/CT device (Discovery ST PET with Light Speed CT), isotropic resolution of
5.99 mm; 15.7-cm axial field of view (FOV); 70-cm transaxial FOV. Following a previously published procedure [12],
each FDG-PET image underwent a stringent quality control
procedure to assess image quality. We used the FOREIterative algorithm to reconstruct images using 48 subsets
with five iterations and xy-z filter (cutoff of 4 mm), yielding
a 128 ! 128 matrix with a pixel size of 1.95 mm
(Appendix).

using a standardized back-to-back 3D magnetization prepared rapid gradient echo (MP-RAGE) protocol: sagittal
plane, TR/TE/TI, 2400/3/1000 ms, flip angle 8 , 24-cm
FOV, 192 ! 192 in-plane matrix, 1.2-mm slice thickness.
All regional volumes were normalized by dividing by total
intracranial volume for each subject and calculated at baseline using FreeSurfer version 4.3 (http://surfer.nmr.mgh.
harvard.edu/).
2.7. CSF biomarkers
Ab42 and t-tau protein concentrations were our CSF biomarkers. CSF was collected in polypropylene tubes and obtained by lumbar puncture performed with a 20- or 24-gauge
spinal needle between L4 and L5 or L3 and L4. The samples
were maintained at 14 C and afterward, centrifuged at 2000
! g for 5 minutes, then aliquoted and stored at 280 C.
Finally, a commercially available enzyme-linked immunosorbent assay (Innogenetics, Ghent, Belgium) was used to
determine Ab42 and t-tau protein concentrations.

2.6. MRI imaging and analysis
Details of the MRI methodology have previously been
described [20]. Cross-sectional regional measures of brain
volume for the hippocampus, entorhinal cortex, middle temporal gyrus, fusiform, ventricles, and whole brain, as well as
total intracranial volume, were collected on a 1.5-T scanner

2.8. Statistical analysis
Longitudinal trajectories of biomarkers and association between biomarker progressions and outcome were
calculated using SPSS 23.0 for Windows (IBM Corporation, New York, USA). Analysis followed a recently
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published methodology [21] that estimates the
individual-specific slopes of each biomarker’s longitudinal trajectory using mixed-effects models. Similar to
that work, we considered changes in diagnosis when subjects remained in a new diagnostic category for at least
two follow-up assessments. Therefore, we used estimates
and observed baseline progressions as predictors of
cognitive decline at either ADNI-Mem or ADNI-Exe.
When applying our mixed-effects models, we controlled
for age, sex, apolipoprotein E (APOE) ε4 allele status
(ε4 present or absent), years of education, and practice
effects (Appendix).

3. Results
When generally examining each biomarker progression
across all diagnosis groups, we found that explanatory
abilities of both biomarker and our complex iADL marker
values increased with progression from normal through
MCI to AD. In addition, for both ADNI-Mem and
ADNI-Exe, differences in explanatory capacities between
biomarker progressions were larger in the MCI and AD
groups than those observed among cognitive normal subjects. When examining each biomarker explanatory ability
with regard to ADNI-Mem changes, the highest portion of
variability across diagnosis groups was explained by progressions of the complex iADL marker, followed by the
FDG-PET scores and ventricular volume loss, respectively. However, with regard to ADNI-Exe changes, the
order was complex iADL marker, ventricular volume
loss, and FDG-PET scores that had the highest explanatory ability. The ability of t-tau to predict memory or executive declines was either null or added further
variability to the model. Finally, progression of the CSF
Ab42 level was associated more strongly with memory
decline during the MCI stage and executive decline during
the AD stage.
In the following sections, we summarize our results per
cognitive domain (ADNI-Mem and ADNI-Exe) with tables
that show the proportion of variability in ADNI-Mem and
ADNI-Exe declines over time, explained by each
biomarker progression (Tables 2 and 3). Tables should be
read as follows: Among MCI subjects, for example, one
standard deviation larger expansion in novel computerized
marker scores is associated with a 1.40 further decline in
memory scores each year (slope effect: 20.18), and marker
progression explained 76% of variability in cognitive
decline; whereas for executive scores, the novel computerized marker scores explained 86.3% of variability in executive decline. When biomarker progression values, such as
the ones mentioned previously, are a positive percentage,
then the corresponding predictor explains the variation in
outcome progression, whereas when the inclusion of the
predictor adds more estimation error instead of improving
model fitting, we noted N/A.
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3.1. Associations between biomarker, computerized
screening marker progressions and memory decline
When examining the memory domain for normal subjects, the complex iADL marker progressions explained
variability at almost 50%, whereas FDG-PET progression,
total brain, precuneus, and medial temporal lobe thickness
progression explained variability in memory declines, but
only to a limited extent: 2%, 6%, 2.9%, and 4.67%, respectively. Among MCI subjects, besides the complex iADL
marker scores, other biomarkers that explained the most
variability were progression of ventricular volumes
(43.8%), followed by shrinkage of medial temporal cortical
thickness (32.7%), whole-brain thickness (26%), and hippocampal atrophy (23.4%). Among AD subjects, much
higher proportions of variability were explained by
biomarker progressions, especially novel complex iADL
marker, FDG-PET progression, and total and ventricular
brain volume atrophy.
3.2. Associations between biomarker, computerized
screening marker progressions and executive function
decline
When considering the executive domain for normal
subjects, the complex iADL marker progressions again explained more variability at 64%, whereas ventricular volume
(23.1%) and total brain thickness (13.1%) showed the highest association with executive function declines among
normal subjects. CSF Ab42 progression, FDG-PET progression, medial temporal lobe, and precuneus thickness progression explained the variability in executive functions to
some extent (3.40%–11.70%). Among MCI subjects, as
with memory declines, the complex iADL marker had the
stronger associations with executive declines at 86.3%. Ventricular volume progression and FDG-PET progression followed in explaining the variability of executive declines
(47.5% and 37.5%, respectively). CSF Ab42 explained
slightly more variability in executive declines than in memory declines with 17.6% compared with 12.6% in memory
declines. Among AD subjects, the novel marker and ventricular volume progression explained the highest variability of
executive function declines (95.7% and 83.3% respectively),
followed by FDG-PET scores progression (44.1%). As expected, neither hippocampal volume, medial temporal
lobe, and precuneus thickness progression explained the
variability of ADNI-Exe decline as much among AD subjects, although they did for ADNI-Mem.
3.3. Prediction of clinical outcomes
According to our findings, the complex iADL marker explained by far the most variability among both memory and
executive declines. Because the data collected with our
“complex iADL marker” were raw discriminative values
and not binary scores, we calculated both the balanced accuracy (BAC) and the area under the curve (AUC). BAC was
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Table 2
Proportion of decline in memory function (ADNI-Mem) explained by each biomarker progression
Normal group

Among MCI*

Among AD

Biomarker

% Variability
explained by
biomarkers

Standardized
effect size

% Variability
explained by
biomarkers

Standardized
effect size

% Variability
explained by
biomarkers

Standardized
effect size

Novel computerized marker (1 SD 5 1.4)
t-tau progression (1 SD 5 0.21)
Ab42 progression (1 SD 5 0.15)
FDG-PET progression (1 SD 5 0.19)
Log_WMH/ICV progression (1 SD 5 0.04)
HPCV/ICV progression (1 SD 5 0.08)
Ventricles/ICV progression (1 SD 5 0.13)
wbrain/ICV progression (1 SD 5 0.11)
pthickness progression (1 SD 5 0.10)
mtthickness progression (1 SD 5 0.13)

49.00
N/A
1.00
2.00
N/A
N/A
N/A
6.00
2.94
4.67

20.18
—
0.08
0.10
—
—
—
0.07
0.05
0.12

76.00
N/A
12.60
17.80
N/A
23.40
43.80
26.00
6.58
32.70

20.21
—
20.41
0.13
—
0.15
20.18
0.10
0.09
0.16

82.00
N/A
10.00
84.10
6.10
35.00
73.80
30.40
8.31
42.80

20.29
—
20.10
0.22
0.10
0.19
20.21
0.19
0.11
0.21

Abbreviations: ADNI-Mem, Alzheimer’s Disease Neuroimaging Initiative-memory; MCI, mild cognitive impairment; AD, Alzheimer’s disease; SD, standard deviation; t-tau, total tau; Ab, amyloid beta; FDG-PET, fluorodeoxyglucose-positron emission tomography; WMH, white matter hyperintensity; ICV, intracranial volume; HPCV, hippocampal volume; wbrain, total brain volume; pthickness, precuneus thickness; mtthickness, medial temporal cortical thickness;
APOE, apolipoprotein E.
NOTE. Brain volumes were divided by ICV. Controlling for age at baseline, sex, education, APOE ε4 allele (at least one vs. none), and practice effects.
NOTE. N/A: Variability increased instead of decreased or had no changes, after inclusion of the predictors in the model. For instance, including these variables, goodness of fit of the model compared with the null model did not improve because they did not explain the variability of cognitive outcomes or caused
more estimation errors instead of explaining the variability.
*To capture changes in diagnosis from MCI to AD during the follow-up, an indicator variable (before AD coded as 0, after AD coded as 1) was included as a
control variable to factor in the shift in slopes in cognitive decline among MCI.

defined as the average of the sensitivity and the specificity,
obtained by thresholding the prediction values at zero,
whereas AUC was calculated using the trapezoid method.
Table 4 in the following lists the BAC, sensitivity, and specificity, and AUC over different follow-up durations. The

AUC was comparable with previous studies using the “complex iADL marker” for shorter follow-up durations [20].
Table 5 lists the hazard ratio and statistical significance of
each variable in the Cox proportional hazards model. Complex iADL marker scores procession was a significant

Table 3
Proportion of decline in executive function (ADNI-Exe) explained by each biomarker progression
Normal group

Among MCI*

Biomarker

% Variability
explained by
biomarkers

Standardized
effect size

% Variability
explained by
biomarkers

Among AD
Standardized
effect size

% Variability
explained by
biomarkers

Standardized
effect size

Novel computerized marker (1 SD 5 1.4)
t-tau progression (1 SD 5 0.21)
Ab42 progression (1 SD 5 0.15)
FDG-PET progression (1 SD 5 0.19)
Log_WMH/ICV progression (1 SD 5 0.04)
HPCV/ICV progression (1 SD 5 0.08)
Ventricles/ICV progression (1 SD 5 0.13)
wbrain/ICV progression (1 SD 5 0.11)
pthickness progression (1 SD 5 0.10)
mtthickness progression (1 SD 5 0.13)

64.00
N/A
3.40
6.00
N/A
N/A
23.10
13.10
5.40
11.70

20.23
—
20.10
0.10
—
—
20.19
0.04
0.05
0.10

86.30
N/A
17.60
37.50
N/A
14.20
47.50
36.20
6.55
22.00

20.35
—
20.31
0.14
—
0.05
20.24
0.11
0.12
0.16

95.70
N/A
22.40
44.10
N/A
N/A
83.30
20.80
4.13
23.90

20.42
—
20.30
0.22
—
—
20.32
0.29
0.16
0.22

Abbreviations: ADNI-Exe, Alzheimer’s Disease Neuroimaging Initiative-executive functioning; MCI, mild cognitive impairment; AD, Alzheimer’s disease;
SD, standard deviation; t-tau, total tau; Ab, amyloid beta; FDG-PET, fluorodeoxyglucose-positron emission tomography; WMH, white matter hyperintensity;
ICV, intracranial volume; HPCV, hippocampal volume; wbrain, total brain volume; pthickness, precuneus thickness; mtthickness, medial temporal cortical
thickness; APOE, apolipoprotein E.
NOTE. Brain volumes were divided by ICV. Controlling for age at baseline, sex, education, APOE ε4 allele (at least one vs. none), and practice effects.
NOTE. N/A: Variability increased instead of decreased or had no changes, after inclusion of the predictors in the model. For instance, including these variables, goodness of fit of the model compared with the null model did not improve because they did not explain the variability of cognitive outcomes or caused
more estimation errors instead of explaining the variability.
*To capture changes in diagnosis from MCI to AD during the follow-up, an indicator variable (before AD coded as 0, after AD coded as 1) was included as a
control variable to factor in the shift in slopes in cognitive decline among MCI.
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Table 4
Classification results for discriminating MCI-stable versus MCI-converters
and CN-stable versus CN-converters using novel computerized marker
progression at different assessments
Results

Balanced
accuracy (%)

Sensitivity
(%)

MCI-converters versus MCI-stable
12 mo
87
84
24 mo
88
92
36 mo
91
93
48 mo
94
94
60 mo
93
94
CN-converters versus CN-stable
12 mo
89
83
24 mo
91
87
36 mo
92
85
48 mo
93
88
60 mo
96
100

Specificity
(%)

AUC

n-c/n-s

87
88
89
95
93

0.87
0.91
0.91
0.94
0.94

14/47
19/42
22/39
27/34
37/24

91
93
95
94
94

0.85
0.88
0.89
0.88
0.95

1/70
6/65
9/62
10/61
12/59

Abbreviations: MCI, mild cognitive impairment; CN, cognitively normal;
AUC, area under receiver operating characteristic curve; n-c, number of
converters; n-s, number of stable subjects.

hazard for conversion from both MCI to AD, and cognitively
normal to MCI.
4. Discussion
This study was designed to investigate whether the
definition of the preclinical AD phenotype can be
improved with the addition of a “complex everyday executive function disruptions” measure through a novel complex iADL marker. When examined longitudinally
together with preclinical AD biomarker progressions,
our novel marker progressions explained more variability
of declines in memory and executive functions in normal,
MCI, and AD subjects.
When interpreting these results, it is important to stress
that our analysis was based on biomarker progressions of
subjects at risk, who subsequently phenoconvert to clinical
AD, and not predefined cutoff values. Comparatively
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exploring the two major cognitive domains investigated,
namely memory and executive functions, we produced comparable results to a previous study regarding the individual
biomarker progressions’ capabilities to explain cognitive declines [21]. We found robust associations of both ADNIMem and ADNI-Exe domain declines, for all individual
biomarker progressions of the MCI and AD groups. Our
complex iADL marker correlated with FDG-PET score
changes, ventricular volume increases, whole-brain volume
declines, and medial temporal cortical thinning progressions, explaining cognitive progressions in concert with
previous research [20,37].
When examining individual biomarker progressions for
the normal subjects in our study, we found that the complex iADL marker, CSF Ab42, and t-tau biomarker progression values, as well as precuneus thickness and
medial temporal cortical thinning progressions, explained
more variability in ADNI-Exe than ADNI-Mem trajectory
declines. Given the small number of data points in this
study, e.g., progression from CN-stable to MCI and MCI
to AD and the fact that we controlled for vascular brain
disease, this finding shows that certain functional or structural biomarkers change relatively late in a long disease
process. This trend was more apparent in memory declines than executive functional declines. The interpretation of this finding includes the possibility that
executive dysfunction in complex activities is more common among people with AD risk alleles during the presymptomatic stage, and recruitment into trials should
take such phenotypes into account. Other studies have
also observed differences in memory and executive functioning during the presymptomatic stage among people
with AD risk alleles [30,38]. Such difference might be
linked to different genetic architecture and different
susceptibility to medications designed to modify the
underlying biology [39]. As our knowledge and understanding of these phenomena grow, we could limit enrollment of subjects at risk using biomarkers in combination

Table 5
Hazard ratios with 95% confidence intervals for conversion from MCI to AD, and cognitively normal to MCI, obtained by fitting uncorrected and corrected Cox
proportional hazards model
End Points

Hazard ratio (CI)

MCI to Alzheimer’s disease progression
Computerized marker
1.45 (1.20–1.93)
Age
1.01 (0.98–1.05)
Education
0.99 (0.93–1.07)
APOE ε4 carrier
1.55 (1.03–2.39)
Male
0.73 (0.34–1.15)
Cognitively normal to MCI progression
Computerized marker
1.76 (1.32–2.34)
Age
1.01 (0.94–1.15)
Education
1.02 (0.92–1.19)
APOE ε4 carrier
3.05 (1.19–7.89)
Male
1.90 (0.85–4.99)

P value

Corrected hazard ratio (CI)

Corrected P value

1.23 ! 1025*
.82
.61
.053
.23

1.37 (1.14–1.45)
0.99 (0.98–1.04)
0.99 (0.91–1.06)
1.39 (0.88–2.19)
0.81 (0.43–1.23)

.002*
.53
.55
.15
.49

1.55 ! 1025*
.85
.71
.018*
.23

1.69 (1.26–2.35)
1.00 (0.94–1.19)
1.01 (0.87–1.15)
2.10 (1.03–6.20)
1.44 (0.56–4.22)

.012*
.83
.82
.12
.52

Abbreviations: MCI, mild cognitive impairment; AD, Alzheimer’s disease; CI, confidence interval; APOE, apolipoprotein E.
NOTE. *P , .05.
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Table 6
Alzheimer’s disease biomarker costs, adopted from [8].
Biomarker method

Patient discomfort

Risk

Cerebrospinal fluid

Significant

Moderate
to high

Neuroimaging
sMRI
fMRI
PET
SPECT
MRS
Blood based

Mild to moderate

Low

Minimal

Computerized novel
screening marker

Minimal

Est. cost per 1000
subjects, $*

Additional considerations

350,000–1,000,000

Risks include significant headache (in 40%), back or leg pain
(in 11%), and rare meningitis, epidural abscess, or
subdural hematoma. Requisite: skill of staff performing
procedure.
Claustrophobia, need for lying still for long periods of time,
expensive facility and imaging equipment, specialized staff,
significant time for post hoc analysis, and variability
between facilities.

Low

400,000–800,000
600,000–900,000
1,000,000–2,000,000
1,000,000–2,000,000
700,000–1,000,000
40,000–100,000

Low

20,000–80,000y

Possible bruising at the site of venipuncture and vasovagal
reaction.
To date, there is no single, universally accepted
computerized screening system that satisfies all needs in
the detection of cognitive impairment.

Abbreviations: Est., estimated; sMRI, structural magnetic resonance imaging; fMRI, functional magnetic resonance imaging; PET, positron emission tomography; SPECT, single-photon emission computed tomography; MRS, magnetic resonance spectroscopy.
*Cost calculations based on available online information regarding estimated individual testing charges. These are procedural charges only and do not include
the costs of assays performed using cerebrospinal fluid or blood-based analyses or the personnel charges for time spent in association with imaging or fluid-based
bioinformatic analyses.
y
Cost estimations per Annual Wellness Visit based on Alzheimer’s Association recommendations for operationalizing the detection of cognitive impairment
in a primary care setting [41].

with the computerized screening marker progression,
which gives early indication of this specific subgroup
[40]. Most importantly, with the increasing pressure to
develop accurate biomarkers of preclinical AD, costs
and benefits associated with the various biosignatures
need to be considered (Table 6). Our findings provide
further evidence that a novel computerized screening
marker can be used in combination with or independent
of CSF Ab42 and hippocampal measurements to best
identify patients at risk, optimizing the costs/benefits ratio
in clinical trials [8,42,43].
This study has several strengths. To the best of our knowledge, this is the first study that provided individual
biomarker and a complex iADL marker progressions predicting conversion from CN-stable to MCI and MCI to
AD. Previous attempts have focused either on overt disease
stages or a subset of biomarkers [4,38,44,45]. The follow-up
period in our study was longer than in most previous studies,
and potential differences in findings need to be interpreted
taking this into account. Finally, we used a systematic
approach to model building, and all biomarker/clinical
data were collected and processed with uniform standard
criteria to address the challenges posed by the multiplicity
of potential biomarkers of interest.
Some limitations should be taken into account. First,
although we tried to minimize the influence of vascular
pathology, we cannot rule out the possible role of subclinical vascular pathology. Second, our sample size
was too small for a genome-wide search that could better
explain the differences observed. Previous studies estimated required sample sizes per arm for longitudinal tri-

als among subjects with normal cognition when
examining biomarker baseline values [46,47]. Based on
those studies, enriching with FDG-PET baseline values
gives the smallest sample size of 1039 when the outcome
is a CDR-sum of boxes. Sample size for our study was
computed a priori based on similar studies in the literature [26] and in accordance to Kelley and Rausch recommendations [48] to obtain sufficiently narrow confidence
intervals for the model parameters of interest.
Ultimately, as research is linking amyloid and tau pathology as consequences of the AD, instead of the driving mechanism, the focus moves toward trials in presymptomatic
populations. Complex iADL impairments can be another
observable consequence, and it is particularly important
to define useful markers predictive of further cognitive declines. In that context, our results provide support for two
major conclusions. First, progressions from a complex
iADL marker scores can be used to define at-risk presymptomatic populations as an inexpensive low-risk solution.
Second, once a clear definition of the preclinical phenotype
is provided, the complex iADL marker progressions can
further refine the enrollment of people with MCI progressing
to AD, ensuring that those people will benefit early from
future interventions.
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RESEARCH IN CONTEXT

 Systematic review: We reviewed available English
language literature in PubMed up to June 2015 using
the term “predictive biomarker” to find studies that
examined predictors of cognitive declines at each
stage of Alzheimer’s disease (AD).
 Interpretation: The performance of our computerized
screening marker progressions is comparable with
that of more established and widely accepted biomarkers, such as fluorodeoxyglucose-positron emission tomography score, precuneus, and medial
temporal cortical thickness progression and precuneus values. Persons at risk for AD could benefit
through the use of multiple, diverse assessment tools,
such as the computerized screening marker capable of
reliably identifying cognitive changes at the earliest
stages.
 Future directions: Initial strategic steps for integrating
computerized screening markers into future development of diagnostic and therapy trial technologies are
(1) establish a transsectoral multidisciplinary global
network of collaborating investigators as an international shared resource and (2) build the technological
platform for managing such a resource.
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Appendix
DOT and NAV marker tasks
The complex iADL marker used in this study consisted
of two modules simulating complex activities of daily
living (CADL): the three-dimensional (3D) immersive
reality day-out task (DOT) and the 3D immersive reality
spatial navigation only task (NAV). The DOT was a complex task breakdown followed by a rehearsal exercise of a
virtual apartment building fire evacuation drill. The drill
included six different scenarios of increasing difficulty,
where participants navigated the virtual environment using a first-person perspective and simple hand pointing
gestures for forward, backward, and left, and right lateral
movement, respectively. They could also use natural
finger pointing and grabbing gestures to select, pick,
drop, and move objects inside the virtual environment
and had to complete each within 8 minutes. All participant movement within the virtual building was recorded
at 10 Hz and represented as a series of x, y, z coordinates,
with actions annotated and time stamped.
The DOT naturalistic actions script was based on an ordered list of right and wrong actions that was prepared by
an occupational psychologist and was used to examine executive function and prospective memory as well as planning and reasoning in a complex emergency routine. The
fire evacuation drill setting had six different simulated fire
situations (from easy to more difficult) taking place at a
virtual apartment block with three levels and five apartments per level. The task put a medium-to-high load on
the cognitive control processes with which older adults
prioritize, organize, initiate, and complete a number of
subroutines (e.g., pick-up the phone and call the fire
department, sound the fire-alarm) to evacuate safely and
in the fastest possible way from an apartment level (e.g.,
second floor) to the ground area (e.g., determine and
gather information on the size of the fire, avoid smoke,
avoid wrong actions such as using the elevator). In this
sense, DOT is a CADL, which previous research showed
is a valid and reliable indicator of cognitive decline in
elderly persons [20].
The NAV task took place at the same virtual apartment
block but with the player challenged in different aspects
of executive function, such as volition, self-awareness,
planning, inhibition of dominant response, external
distraction during response control, and dual-task coordination [33]. The goal at difficulty level 1 was to navigate
from point A to point B, after the route was demonstrated
by a first-person perspective camera walk through without
iteration. The NAV task took place with six levels of difficulty, with the addition of one more point of destination
per difficulty level—for example, level 3 has three points
to reach, level 4 has four, and so forth. Each level had a
starting position (start) and an end position (goal) and
multiple ways to arrive from start to goal. Participants
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were asked to make their way from start to goal in the
shortest time possible.
Both tasks took place at the same virtual reality enriched
environment and placed a medium-to-high demand on
higher-order cognitive control processes. One of the cognitive control processes with the highest demand was to follow
a mental strategy to reach a goal in parallel with behavioral
performance monitoring while inhibiting environmental
stressors—for example, virtual distractors requiring the
player to count stimuli while walking, a process that typically involves high cognitive control. Scoring was computed
for both DOT and NAVand has been described before [34]. It
basically consists of a quantitative ratio of efficacy that is
computed by an algorithm that follows four activity parameters in real-time: (1) omission of one of the activities, (2)
repetition of the same activity, (3) incorrect order in performing the activities, and (4) number of attempts before
completing a given activity. In addition to the quantitative
score mentioned previously, we also get a graphical representation, which illustrates the length of time participants
spent at each specific set of x, y, z coordinates in the 3D
space. Fig. 1 shows a graphical example of mean group
completion performance at DOT.
The order of participating in either the DOT or NAV
tasks was random, and both started after each participant
had 5 minutes to read written instructions detailing the
task, virtual building layout, and task rules. Then, participants practiced the virtual environment using gestures to
move around the building and completed three practice
runs involving object collection, button pressing, unlocking the stairwell door with a key code, and folder sorting.
This also allowed participants to familiarize themselves
with the building. None of the practice runs were used
in the main task. The practice session took in total approximately 20 minutes.
Participants in this study played all difficulty levels of
DOT and NAV in a baseline session (visit 1) and then at
the end of the 12-, 24-, 36-, 48-, or 60-month follow-up.
To standardize performance during different difficulty
levels of the DOT and NAV tasks, we used an algorithm
that detects subtle changes in intra-individual variability,
which we validated previously [33]. This algorithm reflects
a transient, within-person change in behavioral performance, and more particularly, latency (variability across
response time performance scores) and accuracy based
(variability across accuracy scores—correct vs. wrong responses) and has been reportedly associated with early
functional and cognitive decline [20,33,34].
Fluorodeoxyglucose-positron emission tomography
metrics and analysis
Alzheimer’s disease (AD)–related hypometabolism was
computed with the pre-defined regions of interest (MetaROIs)
average [35] using the SPM8 15O-H2O PET template [36]. For
each fluorodeoxyglucose-positron emission tomography
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Fig. 1. The graphical representation which illustrates the mean group completion performance profiles of the complex iADL (DOT) from a tablet PC while the
users were navigating in 3D space. (A) This is the mean completion time values for the MCI and AD groups while the user was interacting with the different tasks
during the complex iADL. (B) This is the mean completion time values for the normal and MCI groups while the user was interacting with the different tasks
during the complex iADL, and (C) this is an actual screenshot of DOT, where the user is required to perform fire safety skills and emergency evacuation in the
presence of a room fire. A time countdown at the upper left corner is providing gamification and extra pressure for the completion of the task. Abbreviations:
iADL, instrumental activities of daily living; DOT, day-out task; 3D, three dimensional; MCI, mild cognitive impairment; AD, Alzheimer’s disease.

(FDG-PET) image, we computed metaROI average as the
average of the mean counts in five metaROI volumes on
spatially and intensity-normalized PET images. All volume
metrics were based on voxel-by-voxel analysis based on a
meta-analysis of studies [26] carrying out direct whole-brain
contrasts of FDG-PET data (summary variable by averaged
mean for left and right temporal, right, and left angular and posterior cingulate cortices) and reporting Z-scores or T-values in
voxels, showing significantly different mean FDG uptake between patients (AD or mild cognitive impairment [MCI]) and
controls at each time point.
Statistical analysis
To examine the amount, magnitude, and timing of practice effects, we used a piecewise approach to observe
changes in cognitive slopes. For example, because the
normative magnitude and precise timing of when practice
effects subside are not established, we allowed slope
changes between baseline and 6-month assessment, between 6-month assessment and 12-month follow-up assessment, and so on. This analysis indicated that the
Alzheimer’s Disease Neuroimaging Initiative-memory
function model fitness is best if we assume that the practice
effect peaked at the 6-month assessment, and for executive
function (ADNI-Exe) at the 12-month assessment, similar
to the recent work [21]. We included this change point in

the model to control for practice effects. In addition, the
variability in cognitive decline (i.e., individual differences
in slopes explained by the subject-specific baseline
biomarker progressions) was compared with variability in
our novel computerized screening market progressions.
All biomarker variables were standardized so that estimated effects on cognitive decline could be meaningfully
compared across different biomarkers and our novel
computerized screening marker. Standardization was
done using baseline means and standard deviations, and
each model included time in months (0, 6, 12, 18, 24, and
36 months from baseline). Each brain volume was divided
by intracranial volume (ICV), and white matter hyperintensity/ICV was first normalized due to common skewed distribution with a log transformation.
Finally, we applied the same mixed-effects models to
each stage separately for normal cognition, MCI, and
AD. We examined the predictive effect of progressions
on cognitive declines within each group, with intercept
and time treated as random effects in all models. Changes
in diagnoses in the MCI group from MCI to AD were
indicated using a variable. All models used restricted
maximum likelihood for estimation and assumed an unstructured within-subject error covariance structure. To
examine the overall fit of the models, we used (1) formal
fit criteria and (2) residual plots inspected visually. All
results were considered significant at P , .05.

