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Abstract

Background Event-based modeling (EBM) traces sequential progression of events in complex processes like
neurodegenerative diseases, adept at handling uncertainties. This study validated an EBM for Alzheimer’s disease (AD)
staging designed by EuroPOND, an EU-funded Horizon 2020 project, using research and real-world datasets, a crucial
step towards application in multi-center trials.

Methods The training dataset comprised 1737 subjects from ADNI-1/GO/2, using the EuroPOND EBM toolbox.
Testing datasets included a research cohort from University of Antwerp (controls, CN (n=46), subjective cognitive
decline, SCD (n=10), mild cognitive impairment, MCl (n=47), AD dementia, ADD (n=16)) and a real-world cohort
from 9 Belgian Dementia Council memory clinics (CN (n=91), SCD (n=66), (non-amnestic) naMCl (n=54), aMCl
(n=255),and ADD (n=220). Biomarkers included: 2 clinical scores (Mini Mental State Examination (MMSE), Rey
Auditory Verbal Learning Test (RAVLT)); 3 CSF-biomarkers (AB;_,,, P-tau,g;, total-Tau); and 4 magnetic resonance
imaging (MRI) biomarkers (volumes of the hippocampi, temporal, parietal, and frontal cortices) computed with
icobrain dm. The naMCl and aMCl groups were compared by EBM stage proportions, and the model’s effectiveness at
patient level was evaluated.

Results The research cohort’s maximum likelihood event sequence comprised CSF AB,_4,, P-tau,g;, T-tau, RAVLT,
MMSE, and cortical volumes. The clinical cohort’s order was frontal cortex volume, MMSE, and remaining cortical
regions. aMCl subjects showed higher staging than naMCl, with 54% in the two most advanced stages compared to
38% in naMCl. In the research cohort, 10 outliers were identified with potential mismatches between assigned stages
and clinical or biomarker profiles, with CN (n=4) and SCD (n=2) subjects assigned in stage 4, one control in stage 9
with abnormal imaging, and three aMCl cases in stage 0 despite clinical or volumetric signs of impairment.
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Conclusions This study highlights the generalizability of EuroPOND’s AD EBM model across research and real-world
clinical datasets, supporting its use in multi-center trials. aMCl subjects generally reside in more advanced stages than
naMCl, who may not necessarily have AD, demonstrating utility for precision recruitment/screening.

Highlights

- EBM for AD staging is generalizable and reliable across research and real-world clinical datasets.
« Amnestic MCl subjects exhibited higher EBM scores than non-amnestic subjects, indicating utility for precision

recruitment and screening in clinical trials.

- Tailored EBM models for distinct AD subtypes and diverse neurodegenerative diseases are imperative for
accurate staging and understanding varied disease trajectories.

Keywords Alzheimer's disease, Biomarkers, Magnetic resonance imaging, Automated volumetry, Event-based

modelling

Introduction

Alzheimer’s disease (AD) is a slowly progressive irre-
versible neurodegenerative brain disorder, which is con-
sidered a major global health problem in today’s society
[1]. AD pathology is characterized by a long-lasting
asymptomatic phase, where biomarker abnormalities
can occur years, if not decades, prior to symptom onset
[2]. The characterization of this preclinical stage is chal-
lenging, partly due to non-specific preclinical findings
and debates about their relevance in terms of progres-
sion and prognosis [3]. The preclinical stage is followed
by a prodromal stage exhibiting variable risk and rate
of progression, ranging from subtle changes in memory
and thinking ability to obvious symptoms of brain dys-
function. The heterogeneity of this pre-dementia stage
is a well-known phenomenon that has also been exten-
sively studied, with differences in conversion rates to the
AD dementia (ADD) stage between the distinctive sub-
types (read. single or multi-domain and amnestic or non-
amnestic mild cognitive impairment (MCI)), being of
particular interest [4].

To increase understanding on AD onset and progres-
sion, there has been a rapid evolution in the development
and validation of several biomarkers reflecting underlying
AD pathophysiology, including biochemical [5], genetic
[6], metabolic [7], neuroanatomical [8] and neuropsycho-
logical biomarkers, now pertaining important roles in the
detection, diagnosis, prognosis and monitoring of AD.
After the hypothetical AD cascade model of Jack et al.
[9, 10], a categorical classification scheme based on bio-
marker positivity was introduced and recently updated
[11-13]. It considers early changing biomarkers such as
amyloid-PET, AB,_,, the AB,_;,/ AP;_4 ratio and phos-
phorylated (p)-Tau,g,; in cerebrospinal fluid (CSE), as well
as accurate plasma biomarkers such as p-Tau,;, [14-16].
It also includes later-changing biomarkers such as tau-
PET, and biofluid biomarkers, which can offer prognostic
insights. This classification provides a biomarker-based
standardization for defining and differentiating true
AD from non-AD pathology, while simultaneously

considering common co-pathologies, cognitive reserve
and resistance [11].

Other neurodegenerative brain disorders, such as
frontotemporal dementia and Lewy body disease, often
share AD symptomatic features and pathology [17], but
the severity of change, together with the chronologi-
cal order in which events occur, can be disease-specific,
and thus enable discrimination [18—20]. The overlap with
other types of neurodegenerative diseases, heterogene-
ity of clinical presentation and pathophysiology of AD,
together with the lack of consensus between AD special-
ists regarding clinical terminology across the AD con-
tinuum, has put forward a growing need for an unbiased
system for characterizing AD stages. Construction of a
model that objectively evaluates the current disease state
of a patient, using information that is directly extracted
from real-world and subsequently determining the cor-
rect sequence of biomarker changes, could facilitate ear-
lier and more accurate diagnosis and give more insight
in the dynamics and variability of disease progression, a
vital model component considering the heterogeneity of
AD [21].

Several probabilistic data-driven models have already
been proposed to visualize AD staging patterns [21-23].
The scope of data driven modelling is to create a holistic
image of the entire disease timeline, staging asymptom-
atic as well as symptomatic patients and enabling iden-
tification of potential therapeutic targets. Event-based
modeling (EBM) is a promising data-driven approach
for establishing the most likely sequence of events in
progressive processes such as neurodegenerative brain
diseases, including uncertainty in the sequence, with
each biomarker event comprising a significant change
in patient state [22, 24]. EBM modeling is based on the
principle that more individuals from a cohort containing
a disease stage spectrum display data-driven abnormal-
ity in biomarkers that change early in disease progression
[24, 25]. It is designed as such that a-priori characteriza-
tion in different clinical groups is not required. A-priori
clinical staging often results in a three-stage division,
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separating pre-symptomatic, mild cognitive impairment
and a dementia stage. It has however been recognized
that the concept of cognitive decline in AD is character-
ized as a long and continuous process, which also applies
to the continuous nature of biomarkers measures that
already start before clinical manifestations. Regarding
the complex, idiopathic and multifactorial nature of AD,
meaning there is always a chance that predefined cog-
nitively healthy controls might be preclinical patients,
a-priori clinical staging would limit the temporal resolu-
tion of the model and would result in a less fine-grained
ordering of events [26, 27].

The EuroPOND project (EU Horizon 2020, grant No.
666992) developed several models to track disease pro-
gression in neurological diseases. These tools build dis-
ease progression signatures, analyze variability within
and between populations, and stage individual patients
using diverse medical data (e.g., clinical scores, bio-
fluid biomarkers, and imaging). Without requiring (but
acknowledging its importance) an estimate of time to
onset, disease duration nor disease stage, a discrete EBM
model can construct a clear-cut quantitative disease
signature that can significantly improve disease under-
standing, aid in patient selection in clinical trials and
be useful with respect to prognostic methods in routine
clinical practice. Despite the existence of continuous dis-
ease progression models as a possible alternative [28—30],
discrete EBM models remain popular in practice due to
their simplicity, ability to handle uncertainty and miss-
ing data, fewer required parameters, effectiveness with
smaller datasets, and alignment with established clinical
staging systems [31].

EBMs built on the Alzheimer’s Disease Neuroimag-
ing Initiative (ADNI) dataset obtained characteristic
biomarker orderings and demonstrated a good ability to
classify cognitively normal and AD subjects [25]. This
study aims to assess the validity of the EuroPOND EBM
for AD staging, trained on a cross-sectional ADNI data-
set. The EBM tool’s effectiveness will be assessed in both
a research cohort and an independent clinical dataset,
with specific objectives to: (1) identify and analyze differ-
ences in EBM profiles between amnestic and non-amnes-
tic MCI patients and (2) identify outliers and determine
how these findings can be used at patient level, as a step
towards using these models in multi-center trials.

Materials and methods

Datasets

Training dataset — ADNI

An EBM of AD progression was trained on a dataset
of 1737 baseline records from ADNI-1/GO/2 subjects
(mean age in years+SD; 73.7+7.2, mean Mini Men-
tal State Examination (MMSE) score+SD; 27.2+2.6),
using the EuroPOND EBM toolbox. The ADNI database
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was launched in the year 2003 by the National Institute
on Aging (NIA), Food and Drug Administration (FDA),
National Institute of Biomedical imaging and Bioengi-
neering (NIBIB), and other private pharmaceutical com-
panies and non-profit organizations. The main goal of
ADNI is to improve and standardize protocols through
longitudinal multi-site data collection, intending to
define biomarkers for usage in clinical trials and track
disease progression through clinical measures, neuroim-
aging, and chemical biomarkers.

The following diagnostic groups were included: cogni-
tively normal (CN, n=417), subjective cognitive decline
(SCD, n=106), early mild cognitive impairment (eMClI,
n=310), late MCI (IMCI, n=562) and 342 ADD patients.
Categorization in early or late MCI was determined by
different levels of impairment according to the Wechsler
Memory Scale Logical Memory II test. For early MCI
with >16 years of education (YOE), the assigned score
needed to be between 9 and 11 for eMCI’s and <-8 for
IMCI. Individuals with 8-15 YOE were assigned to a
score of 5-9 for eMCI, and <- 4 for IMCI. Finally, for 0-7
YOE, a score of 3—6 was classified as ‘early MCI’ while a
score equal to or below 2 corresponded to IMCI. Clinical
scores and MRIs were available in 99.4% of the cases; CSF
biomarkers were available in 23% of the cases, but were
missing at random across diagnostic groups, therefore
the EBM software was able to deal with the missing data.

The following 9 biomarkers were considered based on
availability and previously published literature: 2 clinical
scores (MMSE and Rey Auditory Verbal Learning Test
(RAVLT)); 3 CSF-biomarkers (AB;_4, P-tau;g; and total-
Tau); and 4 regional magnetic resonance imaging (MRI)
biomarkers (volumes of the hippocampi, temporal, pari-
etal and frontal cortices) computed with icobrain dm
and normalized for head size. For more information on
the ADNI initiative and diagnosis protocols we refer to:
http://www.adni-info.org.

Testing dataset — research cohort

A multi-modal AD dataset was acquired from 119 sub-
jects of a memory clinic-based research cohort who
participated in a study at the University of Antwerp, Bel-
gium (mean age in years+SD; 66.9+9.8, mean MMSE
score £ SD; 26.6+3.7). According to clinical evaluation,
the study population consisted of CN (n=46), SCD
(n=10), MCI due to AD (n=47) and ADD (n=16), sub-
jects. The MCI patients consisted of 8 non-amnestic
(naMCI) and 39 amnestic (aMCI) subjects. Patient classi-
fication was effectuated in compliance with the National
Institute on Aging-Alzheimer’s Association (NIA-AA)
criteria for ‘MCI due to AD’ and ‘Dementia due to AD.
Controls were not cognitively impaired. The battery of
tests included the RAVLT, MMSE, and a combination of
additional assessments guided by clinical evaluation of
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each participant, alongside CSF biomarkers, FDG and
amyloid PET, MR imaging, and clinical follow-up, as was
previously described elsewhere [32], Only baseline data
was used, and the 9 biomarkers previously mentioned for
the ADNI trainings dataset were extracted.

To correct for batch-to-batch variability in absolute
CSF values, a global pre-processing step of rescaling the 3
CSF biomarkers using the min-max range in each cohort
was applied.

Testing dataset - real-world clinical dataset

The real-world clinical dataset consisted of 686 subjects,
a subset of the ‘retrospective Belgian multi-center MRI
biomarker study in dementia’ (REMEMBER, n=_887),
recruited from 9 different memory clinics that are mem-
bers of the Belgian Dementia Council (BeDeCo) (mean
age in years+SD; 74.2+9.0, mean MMSE score + SD;
24 +4). The study population consisted of CN (n=91),
SCD (n=66), MCI (MCI; n=309, aMCIL n=255 naMCI;
n=54) and ADD (n=220) subjects. Patient classification
was effectuated as described in Sect. 2.1.2. Controls were
not cognitively impaired based on the neuropsychologi-
cal examination, had no cognitive complaints and were
recruited amongst spouses of patients. From this dataset,
one clinical score (MMSE score) and the 4 neuroimaging
biomarkers (volumes of the hippocampi, temporal, pari-
etal and frontal cortices) used to train the ADNI dataset
were available and thus extracted. Specific details regard-
ing recruitment and clinical diagnostic criteria have been
previously published [33-35].

Subjects from the research cohort and real-world clini-
cal dataset were staged within the EBM trained on ADNI.
The results were used to compare between different
diagnostic groups. Additionally, the non-amnestic and
amnestic MCI groups were compared in terms of pro-
portions assigned to each EBM stage.

Ethical committee
The REMEMBER study was approved by the ethics com-
mittee of University of Antwerp / Universitair Zieken-
huis Antwerpen, Antwerp (N°16/2/18) and by the ethics
committees of Algemeen Ziekenhuis Sint-Jan Brugge-
Oostende, Brugge (N°1992); Centre Hospitalier Universi-
taire Brugmann (CHU Brugmann), Brussels (N°2016/84);
Centre Hospitalier Universitaire Liege (CHU Liege),
Liege (N°2012/274); Cliniques Universitaires de Brux-
elles (ULB), Hopital Erasme, Brussels (N°P2016/187);
Cliniques Universitaires Saint-Luc (UCL), Brussels
(N°2016/07jui/261); Cliniques St-Pierre Ottignies, Ottig-
nies (N°OMO045); Universitair Ziekenhuis Brussel, Brus-
sels (N°2016/183); and Ziekenhuis Netwerk Antwerp
(ZNA), Antwerp (N°4730).

Informed written consent was obtained from all par-
ticipants from the University of Antwerp prospective

Page 4 of 15

research cohort, that was approved by the ethics com-
mittee of University of Antwerp / Universitair Ziekenhuis
Antwerpen, Antwerp (N°15/38/394).

MRI acquisition and processing

Image acquisition

Research cohort MR imaging was performed on each
subject on a 3T whole body scanner with a 32-channel
head coil (Siemens Trio/PrismaFit, Erlangen, Germany).
To obtain 176 axial slices (without slice gap) and 1.0 mm
nominal isotropic resolution (FOV =192 x 256 mm), the
3D MP-RAGE (TR/TE=2200/2.45 ms) was used. A 3D
T1lw MR sequence (slice thickness; mean (SD) 1.69 (%)
1.76) was obtained from all participants.

REMEMBER dataset T1l-weighted (Tlw) MRI
sequences from respective radiology departments of the
participating memory clinics were available for each sub-
ject (MRI systems: GE medical systems (1.5T and 3.0T),
Philips (1.5T and 3.0T), and Siemens (1.5T and 3.0T)).

Image analysis

An automated brain imaging morphometry analysis was
performed by icobrain dm (v.5.0.0). For this study, vol-
umes of the hippocampi (HIP), “lateral” temporal (TL),
parietal (PL), and frontal (FL) cortices were extracted.
Please note that for the temporal cortex, cortical gray
matter segmentation occurred based on an atlas with-
out inclusion of substructures (e.g. amygdala, hippocam-
pus). Brain volumes scaled for head size were adjusted to
account for age and sex by using icobrain’s healthy refer-
ence population, which are obtained from MR images
of 1903 healthy subjects (female (n=1069) and male
(n=834) subjects) available from several public collec-
tions on which the icobrain software is applied. For each
brain structure, the age- and sex-matched median vol-
ume computed using icobrain’s healthy reference popu-
lation is subtracted from the patient volume to obtain
age- and sex-adjusted volumes. Specific details regarding
icobrain dm’s cortical lobe and hippocampal segmenta-
tion processing steps have been previously published
[33-36].

The event-based model

To estimate the maximum likelihood of events, includ-
ing uncertainty in the sequence, an enhanced version
of the EBM model designed by Fonteijn et al., 2012 was
applied'®, enabling sequence determination without rely-
ing on a-priori clinical knowledge nor biomarker cut-offs.
Each EBM stage corresponds to the accumulation of a
new biomarker event, therefore, for the selected 9 bio-
markers, there are 10 EBM stages (from O to 9 respec-
tively). The EBM stage 0 corresponds to no biomarker
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event having occurred, while stage 9 corresponds to the
occurrence of all events. Each biomarker event indicates
the change from a ‘normal’ (read. non-pathological) to an
‘abnormal’ (read. pathological) event as seen in AD. In
addition, since the ADNI training dataset contains CSF
biomarkers, while the real-world clinical testing dataset
does not, controls who are amyloid positive were iden-
tified and relabeled to nonzero (and also not 1). This
indicates the model was trained using amyloid-negative
controls, to avoid the controls being contaminated by
amyloid-positive individuals that might already have AD
pathology but do not show any symptoms yet. In this
way, the model can be applied to the real-world clinical
testing dataset as well.

Once the maximum likelihood sequence has been
determined using the EBM, the stage for a particular
subject is assigned using the highest probability by the
model, i.e. the stage, that maximizes the probability of
the data given the maximum likelihood event sequence.
For mathematical details regarding the EBM procedure,
we refer to Fonteijn 2012 and Young et al., 2014 [26].

Statistical analysis

R environment (R-Studio, v.1.0.136) for statistical com-
puting and graphics was used for all data processing.
Demographic information was reported as mean, stan-
dard deviation (SD), median and interquartile range
(IQR) where applicable [R package: “arsenal” (tableby and
write2word)], with a significance level of 0.05.

Outliers

Clinical diagnosis A subject that was at least two event
stages away from the average stage per diagnostic group,
was classified as an outlier. The average stage was calcu-
lated through taking the median and interquartile range
(IQR). To identify the cause of a subject being an outlier,
each subject was analyzed as a case study and individual
measurements were reported, which were verified by a
clinician (S.E.) (Table 3).

CSF biomarkers Preset clinical cut-offs used in the clinic
at the time of analysis, but not applied in the EBM, were
employed to give an indication of biomarker measure
abnormality and will be further referred to as ‘abnormal.
The following cut-offs for a healthy individual were used:
AR, >639 pg/mL, T-taw: <297 pg/mL and P-tau,g;: <57
pg/mL).

Brain volumes Abnormal brain volumes were determined
as brain segmentation volumes corresponding to the low-
est percentile (<1%) of healthy volumes of icobrain dm’s
age-matched healthy reference population.
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Additional variables Additional baseline information (if
available) consisted of the AB;_4,,;_4 ratio (cut-off: nor-
mal value: > 0.120), follow up neuropsychological exami-
nation, FDG and amyloid-PET.

Results

Testing datasets

Testing dataset 1 - research cohort

The study population demographics for the research
dataset are presented in Table 1. To determine the uncer-
tainty in the maximum likelihood event sequence, boot-
strapping resampling of the data (100x) was performed
on the ADNI data. Subsequently, an EBM was fitted on
the bootstrapped data and a positional variance diagram
was plotted for each combination of biomarkers from the
testing datasets, showing the maximum likelihood order
of events (Fig. 1, x-axis), where each subsequent stage
corresponded to the accumulation of an additional bio-
marker event (Fig. 1, y-axis). In addition, the percentages,
and numbers of subjects from each group per EBM stage
were reported (Fig. 2; Table 2).

In the research cohort, the positional variance dia-
gram showed a larger uncertainty in biomarker addition/
accumulation/sequence associated to EBM stages 2 and
3, indicated by a spread away from the diagonal. Most of
the AB,_,, entries resided in stage 2, whereas the majority
of the P-tau,q; resided in stage 3. However, a proportion
of entries for AP, _,, resided in a later stage than most
AP, _4, entries; stage 3. In contrast to Ap;_,,, a proportion
of the entries for P-tau,q, resided in an earlier stage than
the majority of P-tau, 4, entries; stage 2.

Maximum likelihood event sequence

The EBM trained on cross-sectional ADNI data con-
firmed previous findings [25, 26]. The maximum likeli-
hood event sequence for the 9 considered biomarkers
was: CSF AP,_,, CSF P-tauyg, CSF T-tau, RAVLT,
MMSE, hippocampal volume, volumes of temporal cor-
tex, parietal cortex and frontal cortex. In Young et al,
2014, cognitive scores were preceded by hippocampal
atrophy rates computed in individuals using longitudinal
MRI, but cross-sectional hippocampal and other brain
volumes were staged after the cognitive scores, consistent
with our results.

Applied to the research cohort, the model provided
a plausible distribution of subjects across EBM stages
(Fig. 1): 72% of the CN subjects had no abnormal bio-
markers (EBM stage 0) and 26% were assigned to stages
between 1 and 4 (CSF and MMSE abnormality). When
looking at the SCD subjects, all were assigned to stages
between 0 and 4. The MCI subjects were scattered across
all EBM stages in an increasing fashion, with 6% in EBM
stage 0 (no abnormal biomarker), 10% in stages 1-3
(CSF), 18% in stages 4—5 (+ cognition), 19% in stages 6—8
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Table 1 Study population — Research cohort clinical and demographic characteristics
CN SCD aMcI naMCI ADD Total p value
(N=46) (N=10) (N=39) (N=8) (N=16) (N=119)
Gender (%F) 0.013
F 32 (69.6%) 4 (40.0%) 21 (53.8%) 5(62.5%) 4 (25,0%) 66 (55.5%)
Age at BL* (years) <0.001
Mean (SD) 60.0 (6.8) 62.6(10.2) 72.1 (84) 74.8 (6.9) 72,7 (7.9) 66.9 (9.8)
MMSE from 0 to 30 <0.001
N 46 10 38 8 15 117
Mean (SD) 29 (1) 28 (2) 25(3) 27 (2) 21 (4) 26 (4)
ABi_4n <0.001
N 44 10 39 8 16 117
Mean (SD) 1109.1 (198.7) 1023.1 (366.0) 719.5 (300.8) 868.6 (419.8) 631.1 (145,0) 890.1 (326.8)
T-tau <0.001
N 44 10 39 8 16 117
Mean (SD) 211.6 (84.8) 236.7 (85.7) 483.1 (229.7) 338.1(194.0) 614.0 (305.5) 367.9 (241.8)
P-tauyg, <0.001
N 44 10 39 8 16 17
Mean (SD) 45.7 (15.0) 47.8(15.9) 77.1 (304) 58.8(24.5) 88.7 (35.6) 63.1 (30.0)
RAVLT 0.129
N 1 4 17 4 4 30
Mean (SD) 30.0(0.0) 37.8(114) 24.8(9.2) 243 (84) 23.0(3.6) 264 (9.5)
Hippocampus (mL) <0.001
Mean (SD) 9.3(0.8) 8.5(0.7) 8.1(1.2) 8.3(0.8) 74(0.8) 85(1.2)
Temporal cortex (mL) <0.001
Mean (SD) 153.3(9.8) 146.2 (9.4) 136.0 (13.2) 139.8 (13.1) 128.7 (14.9) 142.8 (15.0)
Frontal cortex (mL) <0.001
Mean (SD) 220.0(17.0) 2159 (22.1) 187.7 (20.2) 1824 (24.5) 1894 (17.8) 142.8 (15.0)
Parietal cortex (mL) <0.001
Mean (SD) 143.8 (11.1) 1314(12.3) 1239(12.6) 118.0 (20.0) 111.2(13.2) 1407.2 (79.4)

Description of the data as mean and standard deviation (SD). Analysis: Chi-square test (categorical variables; gender), ANOVA analysis (continuous variables; Age at
BL (in years), MMSE (from 0 to 30), AB values (AB,_g,), total tau (T-tau), phosphorylated Tau (P-tau,g,), Rey’s auditory verbal learning test (RAVLT) and segmented
brain volumes normalized for head size (hippocampus, temporal, frontal and parietal cortices). *BL=baseline

AB1—42

P-tau,g,

T-Tau

RAVLT

MMSE
Hippocampus
Temporal cortex
Parietal cortex

Frontal cortex

4 5 6 7
Sequence

AB1—42
P-tau,g,
T-Tau
RAVLT
MMSE

Hippocampus

Temporal cortex

Parietal cortex

Frontal cortex

4

5 6
Sequence

Fig. 1 Positional variance diagram - Research cohort. Positional variance plots of the research dataset were visualized, showing the distribution of the
maximum likelihood event sequence. Each entry represents the proportion of bootstrapped biomarker samples, color-coded through cell-shading. White
indicates 0, which becomes increasingly more shaded with increased proportion of biomarker samples, until, if 1, becoming red (left) or green (right).
MMSE = Mini-Mental State Examination. RAVLT =Rey Auditory Verbal Learning Test
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Fig. 2 Distribution for each group per EBM stage — Research cohort. Proportion of subjects from each group per EBM stage, with MCl split as non-am-
nestic (naMCl) and amnestic (aMCl). Each EBM stage on the x-axis corresponds to the occurrence of a new biomarker transition event. Stage 0 being no
events having occurred and stage 9 is when all events have occurred. Events are ordered by the maximum likelihood event sequence for the ADNI popu-
lation. CN=controls, SCD = subjective cognitive decline, MCl=mild cognitive impairment, aMCl=amnestic mild cognitive impairment, naMCl=non-

amnestic mild cognitive impairment, ADD = Alzheimer’s disease dementia

(+ hippocampi/temporal/parietal cortex volumes), and
47% in stage 9 (+frontal). Comparing the staging results
of non-amnestic and amnestic MCI subjects, a clear
trend towards higher staging was observed in amnestic
subjects, with 54% being assigned stages 8—9 as opposed
to 38% of the non-amnestic subjects. All ADD subjects
had at least stage 6 (CSF + cognition + hippocampi), with
62% being assigned to stage 9.

Real-world clinical dataset

Testing dataset 2 - real-world clinical dataset

The study population demographics for the real-world
clinical dataset are presented in Table 3. The positional
variance plots of the independent real-world clinical
dataset (Fig. 3) were visualized as described in Sect. 3.1.1.
The independent clinical dataset showed an uncertainty
for the biomarkers MMSE (stage 2) and the hippocampus
(stage 3), where a small proportion of the entries were
situated in a later stage (stage 3) for MMSE, and an ear-
lier stage (stage 2) for hippocampal volume, with respect
to the location in the maximum likelihood sequence
of most of their entries. The percentages and numbers
of subjects from each group per EBM stage were also
reported (Fig. 4; Table 4).

Maximum likelihood event sequence

An EBM was fitted to data from ADNI with the follow-
ing 5 measurements: MMSE, hippocampus, frontal, pari-
etal, temporal cortex. The most likely sequence of events
was found to be: MMSE, hippocampus, temporal cor-
tex, parietal cortex, and frontal cortex volumes. When
applied to the independent REMEMBER cohort, staging

results showed an association of EBM stage with clini-
cal diagnosis, with CN and SCD predominantly in stage
0 (no abnormal event), ADD largely in stages 2-5, and
MCI quite evenly distributed over the EBM stages. Com-
paring the staging results of non-amnestic and amnestic
MCI subjects, again a trend towards higher staging was
observed in amnestic subjects, with 24% being assigned
stage 5 as opposed to 8% of the non-amnestic subjects. In
addition, a higher proportion of cases was observed for
non-amnestic subjects in stages 0—1 (22%), as opposed to
amnestic subjects (17%).

Event based modeling analysis at patient level - research
cohort

A total of 10 outliers were identified from the research
cohort, according to the procedure mentioned in
Sect. 2.6. To identify the cause of a subject being an out-
lier, each subject was analyzed as a case study, and indi-
vidual measurements were reported and verified by a
clinician (S.E.). Outliers consisted of four cognitively
healthy controls (CN1, CN2, CN3 and CN4) and two
SCD (SCD1 and SCD2) subjects assigned to stage 4, one
cognitively healthy control (CNO) assigned to stage 9, and
three aMCI (aMCI1, aMCI2 and aMCI3) patients that
were assigned to stage 0 (Table 2, highlighted in red). The
probability of the outliers being put in a certain stage can
be found in Supp 1.

Cognitively healthy controls

As shown in Table 5, CN1, assigned to stage 4, showed
a clinically abnormal T-tau value (341 pg/mL). Follow-
up neuropsychological examination reported normal
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cognitive and neurological functioning. CN2, assigned
to stage 4, showed clinically abnormal P-tau,g; (65.4 pg/
mL) and T-tau (390 pg/mL) values and reported normal
cognitive and neurological functioning during follow-
up. CN3, assigned to stage 4, showed a clinically abnor-
mal P-tau,g; value (60.1 pg/mL). CN4, assigned to stage
4, without clinically abnormal biomarker changes. CNO,
assigned to stage 9, showed hippocampal (6.561 mL),
frontal cortex (162.713 mL) and parietal cortex volumes
(103.930 mL) abnormal for age and head size when com-
pared to icobrain dm’s healthy reference population.
There were no CSF biomarkers for CNO, but there was a
positive amyloid-PET available. Follow up neuropsycho-
logical examination was not available for subjects CN3,
CN4 and CNO.

STAGE 9
%

2

0

47

38

49

62

Alzheimer’s disease dementia.

STAGE 8

%
0
0
4
0
5
0

STAGE 7

Subjective cognitive decline

SCD1, assigned to stage 4, showed clinically abnormal
CSF P-tau,q, value (58.3 pg/mL) and parietal cortex vol-
ume for age and head size (120.284 mL) when compared
to icobrain dm’s healthy reference population. SCD2,
assigned to stage 4 displayed a pathological CSF bio-
marker profile compatible with AD according to the pre-
set clinical cut-offs used in this study.

STAGE 6
% %
0 0
0 0
1 2
1
0
6
non-amnestic mild cognitive impairment, ADD

STAGE 5
%

0

0

9

12

Mild cognitive impairment

aMClI]1, assigned to stage 0, displayed an absence of clini-
cally abnormal biomarkers, except for a hippocampal vol-
ume (7.747 mL) abnormal for the subject’s age and head
size when compared to icobrain dm’s healthy reference
population. aMCI2 and aMCI3, both assigned to stage 0,
displayed an absence of clinically abnormal biomarkers.
Neuropsychological testing at baseline for aMCI3 stated
the presence of a verbal amnestic imprinting syndrome e
causa ignota (unknown cause), resulting in the indication
of a single domain amnestic MCI, however noting that
according to scientific criteria the patient was too young
for this diagnosis.

STAGE 4

%
9
20

#
4
2
4
0
10 4
0
amnestic mild cognitive impairment, naMClI

Each stage (0-9) corresponds to the occurrence of a new biomarker transition event. Stage 0 corresponds to no events having occurred and stage 9 is when all events have occurred. Pink cells are considered outliers

STAGE 3
%
4
0
6
0
8
0

STAGE 2

%
1
40
2
1
0
0
mild cognitive impairment, aMCl

Discussion

This study examined the utility of an EBM staging
model for AD, trained on a cross-sectional ADNI data-
set, and tested/deployed on two independent datasets,
while simultaneously investigating potential differences
between EBM profiles of amnestic and non-amnestic
MCI patients.

STAGE 1

%
2
20
12

33

Research cohort

The maximum likelihood of the sequence of events
generated by the EBM model was in line with the well-
known hypothetical model suggested by Jack et al. 2010°.
In addition, in Young et al. 2014 [26], cognitive scores
were preceded by hippocampal atrophy rates computed
in individuals using longitudinal MRI, but cross-sectional

STAGE 0

20
subjective cognitive decline, MCI

controls, SCD

Table 2 Percentage and numbers of subjects from each group per EBM stage—-Research cohort

EBM STAGE
GROUP

CN

SCD

MCl

naMcl

aMcCl

ADD

CN
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Table 3 Study population - real-world clinical dataset clinical and demographic characteristics
CN SCD naMCI aMcClI ADD Total p value
(N=91) (N=66) (N=54) (N=255) (N=220) (N=685)
Gender (%F)
F 538 485 63.0 46.7 63.2 544 0.004
Age at BL* (years)
Mean (SD) 67.3(8.6) 68.1(10.2) 74.1 (8.9) 749 (7.5) 782 (7.9) 74.2 (9.0) <0.001
MMSE from 0 to 30
N 71 59 49 243 210 632
Mean (SD) 21 (4) 28 (2) 27 (3) 25(3) 21 (4) 24 (4) <0.001
Stage
mean (SD) 0(1) 1(1) 2(2) 3(2) 4(1) 3(2) <0.001
Hippocampus (mL)
Mean (SD) 9.177 (0.753) 8.746 (0.901) 8.953 (3.246) 7.956 (1.122) 7.506 (2.074) 8.128(1.783) <0.001
Temporal cortex (mL)
Mean (SD) 137.899 (12.554)  131.806 (15.850) 128733 (20.608) 122404 (18440) 131.037(19.892) 135.836(19.782) <0.001
Frontal cortex (mL)
Mean (SD) 214.761 (16.569)  213.333 (22.839) 199.700 (25.914)  197.250(23.014) 196.670(32.781)  201.127 (26.994)  <0.001
Parietal cortex (mL)
Mean (SD) 137.899 (12.554)  131.8096 (15.850) 128.733 (20.608) 122404 (18440) 120.849 (25.675) 125363 (21.209) <0.001

Description of the data as mean and standard deviation (SD). Analysis: Chi-square test (categorical variables; gender), ANOVA analysis (continuous variables; Age at
BL (in years), MMSE (from 0 to 30), and segmented brain volumes normalized for head size (hippocampus, temporal, frontal and parietal cortices). *BL=baseline

Hippocampus
MMSE
Temporal cortex
Parietal cortex
Frontal cortex

1 2 3 4 5

Sequence

MMSE

Hippocampus

Temporal cortex

Parietal cortex

Frontal cortex
1 2 3 4 5

Sequence

Fig. 3 Positional variance diagram - Real-world clinical dataset. Positional variance plots of the independent clinical dataset were visualized, showing the
distribution of the maximum likelihood event sequence. Each entry represents the proportion of bootstrapped biomarker samples, color-coded through
cell-shading. White indicates 0, which becomes increasingly more shaded with increased proportion of biomarker samples, until, if 1, becoming red (left)
or green (right). MMSE = Mini-Mental State Examination. RAVLT =Rey Auditory Verbal Learning Test

hippocampal and other brain volumes were staged after
the cognitive scores, consistent with our results. In the
hypothetical model, Ap accumulation was introduced
first, followed by synaptic dysfunction, tau mediated
neuronal injury, brain structure abnormalities, changes
in cognition and finally changes in clinical function. The
EBM model showed T-tau as one of the earliest abnor-
malities, following AP accumulation and P-tau changes.
It is recognized that amyloid beta and tau changes have
already changed before onset of clinical symptoms*>%,
The cognition test scores, however, were staged prior
to brain structure changes. MMSE, even though being
a proprietary instrument for dementia screening, only

shows an intermediate predictive accuracy in risk mod-
els. In addition, MMSE cut-offs are often debated and
dependent on age and education [37-39]. Episodic mem-
ory, assessed by RAVLT, has however been suggested to
be more sensitive than MMSE in predicting disease pro-
gression in case of AD**. The results observed for CN and
AD were as expected. Many subjects of the CN group
(72%) were categorized in the stage corresponding to no
abnormal biomarkers (stage 0), while for the AD sub-
jects, 93% were categorized in stage 6 to 9, displaying at
least one abnormal MRI biomarker (read. hippocampal
atrophy) together with abnormal CSF biomarkers and
cognitive scores. For the MCI patients, it was observed
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0.8 - Bam CN
474 SCl
naMCl
0.6 1 aMCl
0.5 s AD

Proportion of cases
o o
w N

o
N
1

S
=
1

o
o

o-J_r._.zL3|_4 I

5

Stage according to EBM

Fig. 4 Distribution for each group per EBM stage — Real world clinical dataset. Proportion of subjects from each group per EBM stage, with MCl split as
non-amnestic (naMCl) and amnestic (aMCl). Each EBM stage on the x-axis corresponds to the occurrence of a new biomarker transition event. Stage 0 cor-
responds to no events having occurred and stage 5 is when all events have occurred. Events are ordered by the maximum likelihood event sequence for
the ADNI population. CN = controls, SCD = subjective cognitive decline, MCl=mild cognitive impairment, aMCl=amnestic mild cognitive impairment,
naMCl=non-amnestic mild cognitive impairment, ADD = Alzheimer’s disease dementia

that most of the MCI patients that were diagnosed with
amnestic MCI are in the most advanced stages, while a
big proportion of the non-amnestic MCI patients were
categorized in earlier stages. However, it needs to be
taken into consideration that the biomarker RAVLT is
essentially a memory related biomarker, which is more
impaired in aMCI.

Real-world clinical dataset

The study demonstrated that the EBM, initially trained
on a large cross-sectional dataset could effectively
stage disease progression in a real-world clinical setting
encompassing patients from multiple memory clinics.
This suggests that the underlying principles and bio-
marker associations learned from the training dataset
generalize well to new and diverse patient populations,
indicating robustness and reliability in different clini-
cal contexts. However, the independent clinical dataset
revealed uncertainties in the staging of certain biomark-
ers, notably the MMSE and hippocampus. This uncer-
tainty was reflected in the positional variance plots,
where a small proportion of entries deviated from the
expected staging sequence. For instance, some MMSE
entries were situated in a later stage (stage 3) compared
to the majority, while hippocampus entries were posi-
tioned in an earlier stage (stage 2). This discrepancy
suggests variability in the progression patterns of these

biomarkers within this cohort, highlighting the complex-
ity of disease dynamics in real-world clinical settings.
Despite the uncertainties in biomarker staging, the EBM
demonstrated an association between stage progression
and clinical diagnosis within the REMEMBER cohort.
Specifically, individuals diagnosed with CN and SCD
were predominantly categorized in stage 0, indicating no
abnormal biomarker events. In contrast, ADD patients
were largely distributed across stages 2-5, reflecting the
presence of abnormal biomarker changes consistent with
disease pathology. MCI subjects showed a more even dis-
tribution across EBM stages, with a trend towards higher
staging in amnestic MCI cases compared to non-amnes-
tic MCI cases. This association underscores the utility of
the EBM in stratifying patients based on disease severity
and clinical phenotype, facilitating more targeted inter-
ventions and management strategies.

Research cohort case studies

The individual cases showed how the EBM model puts
attention to subjects that were not classified in accor-
dance with their clinical diagnosis. Several reasons might
exist for this observation, including the possibility of
subjects being preclinical AD patients, the phenomenon
of MCI normalization, the presence of depression or
another major psychiatric disorder as a possible cause of
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Table 4 Percentage and numbers of subjects from each group per EBM stage — Real-world clinical dataset

EBM STAGE
GROUP
CN

STAGE 5
%

STAGE 4
%

STAGE 3
%

STAGE 2
%

STAGE 1
%

STAGE 0
%

74
37
43

12
20

10
19
10

56

SCD
MCI

22 69

26
43

89
12
77

63
non-amnestic mild cognitive impairment, ADD

29
13
30
29

62

46

10
52
31
amnestic mild cognitive impairment, naMCl

naMcCl
aMCl

61

24

37
Alzheimer’s disease dementia

23

20
14

33

81

33

15

ADD
CN

(2025) 17:134

subjective cognitive decline, MCl=mild cognitive impairment, aMCl=

controls, SCD
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cognitive dysfunction and possible progression into other
neurodegenerative diseases.

Subject CNO was assigned to stage 9 due to abnormal
hippocampal, frontal cortex, and parietal cortex vol-
umes. CSF biomarkers were not available for this sub-
ject. However, a positive amyloid-PET at baseline, which
was not part of the selected biomarkers that were used
to create the EBM model, strengthened the hypothesis
that the model, even in the case of missing data, classi-
fies accordingly. According to the NIAAA-criteria, in
case of absence of CSF biomarkers, the combination of a
positive amyloid-PET accompanied by an MRI showing
hippocampal atrophy or FDG-PET corresponding with a
pathological AD biomarker profile one could suggest that
subject CNO might be a preclinical AD.

SCD1, who was also classified in stage 4 due to an
abnormal P-tau,g; value and parietal cortex volume,
showed a conversion to non-amnestic multi domain MCI
during a follow up neuropsychological examination after
one year. Furthermore, even though SCD1 did not reveal
any abnormal CSF biomarker values, additional calcula-
tion of the AP, 45/;_4 ratio (0.08 pg/mL) was below the
0.120 pg/mL cut-off, indicating the possibility of a pre-
clinical AD stage. SCD2, who was classified in stage 4
as well due to a pathological CSF biomarker profile, also
progressed to a single domain amnestic MCI during fol-
low-up. These results were in line with the reported bio-
marker measurements used in the EBM model.

Considering that the biomarker model was built on
AD biomarkers, there might be non-AD subjects present
amongst the non-amnestic MCI subjects that can prog-
ress into other neurodegenerative diseases. In addition,
even with the presence of AD-characteristic memory
complaints, the possibility to develop into other neuro-
degenerative diseases is also very much present for the
amnestic MCI subjects. For example, aMCI1 revealed an
abnormal hippocampal volume, however, was assigned to
stage 0. Since follow-up neuropsychological testing indi-
cated a normal cognitive and psychological functioning,
it is possible that the underlying pathology might not be
AD-related, but due to another disease displaying com-
mon pathology (such as early/preclinical hippocampal
sclerosis that could not be detected at a neuropsycho-
logical evaluation yet). In addition, even though subject
aMCI1 had a MMSE score of 30, the neuropsychological
examination showed deficits in one cognitive domain:
logical memory (>1.5 SD), which could be an indication
that the MMSE score might not be sensitive enough.

The presence of anxiety, apathy and depression is not
uncommon in MCI patients but could also be the cause
of their cognitive deficit. For aMCI2, categorized as stage
0, additional FDG-PET testing showed a compatibility
with atrophy supported by enlargement of the lateral
ventricles, but no indication of an association to AD. In
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Table 5 Individual measurements of EBM model outliers
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OUTLIERS CN1 CN2 CN3 CN4 CNO SCD1 SCD2 aMclI1 aMCI2 aMCI3
STAGE4 STAGE4 STAGE4 STAGE4 STAGE9 STAGE 4 STAGE4 STAGEO STAGEO STAGEO
Gender (M/F) F F F F F F M F M F
Age at BL* (years) 60 69 47 52 83 63 68 77 73 51
MMSE from 0 to 30 27 27 25 26 27 25 27 30 30 30
Education (years) 18 21 21 24 19 19 18 21 30 18
AB4y 904 880 1285 931 NA 1452 443 1403 1230 1117
T-tau 341 390 267 163 NA 279 340 257 159 155
P-tauyg; 49.1 65.4 60.1 326 NA 583 62.1 455 305 36.5
RAVLT NA NA NA NA 30 38 42 43 28 NA
Hippocampus (mL) 11.604 10.177 9.982 10416 6.561 8331 8.001 7.747 7936 8.692
Temporal cortex (mL) ~ 161.088 151.692 149.880 161.329 134.071 143.580 134.248 130.529 124676 159.881
Frontal cortex (mL) 216920 218029 234974 235613 162.713 201.641 227.367 196.090 167.873 232.269
Parietal cortex (mL) 144.466 145919 147.575 146.247 103.930 120.284 131.248 123433 116.014 139.365
FU NPO diagnosis CN CN NA NA NA md naMCl  sd aMCl CN sdaMCl  CN
AR,y Fatio NA NA NA NA NA 0.086 0.041 NA 0.119 0.110
Amyloid-PET NA NA NA NA AD-positive*  NA NA NA NA NA

*According to the NIAAA-criteria in case of absence of CSF biomarkers (positive amyloid-PET accompanied by an MRI showing hippocampal atrophy or FDG-PET
corresponding with a pathological AD biomarker profile). CN=controls, SCD =subjective cognitive decline, MCl=mild cognitive impairment, aMCl=amnestic mild

cognitive impairment, naMCl=non-amnestic mild cognitive impairment

addition, neuropsychological testing at baseline indicated
the presence of a severe depression (GDS 30/30), which
could explain the subject’s symptoms.

Even though MCI is often seen as a station on a one-
way journey towards dementia, represented as cognitive
dysfunction due to mental illness, reversion to normal
after an MCI diagnosis occurs regularly®. In fact, sev-
eral longitudinal studies revealed that up to half of the
patients diagnosed with MCI during an initial visit to the
clinic, returned to normal at follow-up examinations 2°.
This might be due to a lack of employing biomarkers at
time of the diagnosis, combined with the biological het-
erogeneity of the MCI syndrome, as might have been the
case with aMCI3, assigned to stage 0 due to an absence
of biomarker changes. The follow up neuropsychological
examination concluded a borderline normal functioning
according to age and education, whereas the neuropsy-
chological evaluation the year after concluded a normal
cognitive and psychological functioning.

Another important consideration is the presence of
alternative or co-occurring conditions that may tran-
siently affect cognitive performance. For instance,
depressive symptoms can lead to cognitive impairments
that closely resemble MCI. When effectively treated, cog-
nitive function may improve, leading to reversion. Fur-
thermore, in some cases, fluctuating cognition may be
an early symptom of Dementia with Lewy Bodies (DLB),
which is characterized by attentional and executive vari-
ability [40-42]. In these individuals, cognitive perfor-
mance may differ significantly across visits, giving the
appearance of reversion when, in fact, the underlying dis-
ease course is progressive but inconsistent in early stages.

Strengths and limitations

One of the strengths of this study was that an EBM stag-
ing model for AD was tested on both a research cohort
and a real-world clinical dataset containing specific
subclasses, enabling the evaluation of EBM profiles of
amnestic and non-amnestic MCI patients. However, in
the research cohort, the non-amnestic MCI group only
contained 9 subjects. In addition, one of the limitations
of this EBM staging is that it applies a ‘one size fits all’
approach, which complicates the interpretation of bor-
derline cases. Nevertheless, EBM-staging models can
aid in including high-risk patients in clinical trials, and
increase our understanding of the several factors that
drive the different trajectories of AD.

Another important consideration is the increasingly
recognized heterogeneity of the ADNI cohort, partly due
to (undetected) limbic-predominant age-related TDP-43
(LATE) or concomitant a-synuclein pathology [43, 44].
This variability can pose significant challenges for disease
progression modeling. EBM models trained on such het-
erogeneous samples may inadvertently capture patterns
specific to certain subtypes, which can lead to overfitting,
where the model performs well within the training cohort
but lacks robustness and fails to generalize to other pop-
ulations or patients with different disease trajectories.

Furthermore, the presence of multiple underlying
pathologies can introduce bias in how the model asso-
ciates biomarkers, clinical features, or neuroimaging
data with disease stages. For instance, LATE can clini-
cally mimic AD but is driven by distinct neuropathol-
ogy (TDP-43 vs. AB/tau) and tends to follow a slower,
predominantly amnestic progression [43, 45]. With-
out accounting for such variation, EBM models risk
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misclassification or misinterpretation of disease dynam-
ics, limiting their clinical utility.

In addition, the EBM faces challenges in accurately
staging disease progression in all cases, as evidenced by
the uncertainties observed in the REMEMBER cohort.

Here, the EBM models were used as proof-of-concept
applications for the validation of the EBM technique.
However, it needs to be noted that the EBM’s reliance on
specific biomarkers may limit its applicability in settings
where certain biomarkers are not routinely assessed.
Thus, the inclusion of specific biomarkers in EBM mod-
els also depends on their availability. CSF biomarkers can
provide valuable diagnostic information, and the RAVLT
may offer greater sensitivity than the MMSE for detecting
cognitive decline (e.g., verbal memory impairment) [46].
Nevertheless, CSF biomarkers are not always accessible
due to practical constraints associated with lumbar punc-
ture, such as medical contraindications or patient refusal.
In this context, it is also important to note that recent
revisions to the ATN framework challenge the assump-
tion of equivalence between biomarkers within the same
category. Whereas the original 2018 NIA-AA framework
grouped CSF and imaging biomarkers as interchangeable
within each AT(N) category, newer evidence indicates
that this equivalence does not always hold. Therefore,
the revised criteria acknowledge potential discrepancies
between imaging and biofluid biomarkers, further under-
lining the need to tailor model choice to biomarker avail-
ability and clinical applicability [11]. It also needs to be
noted that it does not inherently make use of longitudinal
data, especially when, even though this was not the case
in this study, individuals have varying numbers of time-
points, therefore not considering within-individual cor-
relations which can lead to a considerable bias.

The EBM’s intuitive design and simplicity lie in its abil-
ity to present a straightforward sequence of biomarker
events. However, this simplicity comes at the cost of los-
ing the temporal dimension, a critical drawback when it
comes to identifying patients likely to progress within the
timeframe of a clinical trial.

Finally, variability in biomarker trajectories and patient
heterogeneity necessitates careful interpretation and
validation in different clinical contexts. However, well-
managed heterogeneity—such as through stratification,
subtype modeling, and multimodal inputs—can actually
enhance generalizability by teaching the model about
real-world variation. These approaches can refine the
identification of distinct pathological subgroups, lead-
ing to more personalized predictions. When combined
with methods to correct sample imbalance (e.g., stratified
sampling, oversampling, undersampling, and synthetic
data generation), EBM can provide a promising frame-
work for building models that are both technically robust
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and sensitive to the biological complexity of real-world
clinical populations.

Conclusion

This study showed that the event-based model for AD
staging is generalizable, meaning that it can be trained
on large cross-sectional historical datasets such as ADNI,
and still have reliable staging results in new indepen-
dent data, provided that the same biomarkers are used.
This provides confidence towards using these models in
multi-center trials, for instance, as a screening tool. Fur-
thermore, we show that amnestic MCI subjects score in
general higher than non-amnestic subjects, demonstrat-
ing utility for precision recruitment/screening.
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