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Abstract
Background: Identifying markers that have predictive value for disease progression and clinical manifestations, such as

mild cognitive impairment (MCI), is important to detect Alzheimer’s disease (AD) early.

Objective: In this study, we combined biomarkers from amyloid and tau pathologies (AT profiles) with the prediction of

diagnosis and the temporal evolution of clinical symptoms.

Methods: Multiple disease progression models were developed through supervised and unsupervised techniques via a

two-stage data-driven approach. Models whose natural histories most closely resembled the diagnostic predictions

were selected. Finally, various hypotheses regarding the progression of cognitive decline were tested using longitudinal

patient data and AT profiles.

Results: At baseline, 22.5% of the cognitively unimpaired (CU) individuals and 46.2% of the CU converters (who pro-

gressed to MCI during the first four years) in the studied population had amyloid pathology (A+). Only a small subset of

neuropsychological measures was used to predict cognitive decline and its timeline. The study revealed that amyloid path-

ology occurred approximately 5 years after cognitive decline in the population under investigation. Additionally, patients who

were A+ at baseline experienced a more accelerated progression toward cognitive decline than those who were not (A−).
Conclusions: Based on the proposed natural histories and cross-sectional and longitudinal analysis of AD markers, the

results indicate that only a single cerebrospinal fluid sample is necessary during the early phase of AD. The progression

from CU to MCI and its timeline can be predicted exclusively through neuropsychological measures.
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Introduction
Alzheimer’s disease (AD) is the most common neurodegen-
erative disorder in elderly individuals. It is characterized by
a progressive loss of cognitive ability and specific neuro-
pathological alterations, including the accumulation of
amyloid-β plaques (Aβ deposition), neurofibrillary tangles
(pathological tau), and neurodegeneration. These changes
lead to impairments in memory and other cognitive
domains, ultimately resulting in dementia syndrome.1

The revised criteria to diagnose and stage AD, proposed
by the National Institute on Aging and the Alzheimer’s
Association (NIA-AA), distinguish between syndrome
(clinically identified impairment) and biology (etiology).2

AD is characterized by its underlying biology, with the
disease initially becoming apparent through the emergence
of Aβ plaques and subsequently manifesting with

neocortical tau tangles, even when individuals remain
asymptomatic. In living individuals, the disease is diag-
nosed via specific core biomarkers. Unimpaired individuals
with abnormal biomarkers are at risk for symptoms due to
AD. Symptoms are a result of the disease process and are
not necessary to diagnose AD. Clinical syndromes com-
monly associated with AD can also be caused by disorders
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other than AD; thus, relying solely on clinical presentation
is insufficient for an AD diagnosis.

Core AD biomarkers are categorized into A (Aβ) and T
(tau) groups. T biomarkers are further divided into T1,
which detects soluble tau fragments, and T2, which mea-
sures paired helical filament tau aggregates. Collectively,
they form the AT profile, which indicates the presence of
the two key pathological hallmarks of AD. Core 1 and
Core 2 AD biomarkers are introduced to distinguish
patients based on the timing of abnormality onset and
their intended use.2 Core 1 biomarkers show abnormalities
at approximately the same time as amyloid positron emis-
sion tomography (PET) scans and primarily fall under the
A category. In contrast, Core 2 biomarkers exhibit abnor-
malities later in AD progression and are more closely asso-
ciated with the onset of symptoms than Core 1 biomarkers.
Combining Core 2 biomarkers with Core 1 biomarkers pro-
vides insights into the likelihood that symptoms are related
to AD, disease staging, the risk of progression in asymp-
tomatic individuals, and the likely rate of progression in
symptomatic individuals.2 Core 1 biomarkers are sufficient
for diagnosing AD and include amyloid PET, cerebrospinal
fluid (CSF) Aβ42/40, CSF pTau/Aβ42, and CSF tTau/Aβ42.
Although Core 2 biomarkers have many uses, they are typ-
ically not used as standalone diagnostic tests for AD.

Several risk factors have been identified for progression
from cognitively unimpaired (CU) to mild cognitive impair-
ment (MCI). These include nonmodifiable factors, such as
age, sex, and genetics, as well as modifiable factors, such
as years of education or patient and family medical
history.3–5 Recent studies have shown that AD biomarkers
may be particularly useful in predicting the risk of progres-
sion in CU individuals. Abnormal amyloid, abnormal tau,
and signs of neurodegeneration are associated with an
increased risk of cognitive decline.6–10 However, the link
between AD biomarkers and cognitive ability is less clear.

Although several studies have been conducted to
examine the risk of progression from CU to MCI at the
group level,11–13 others have used the same measures to
predict progression at the individual level.9,14–22 Many pro-
posed models require multiple measures that are not easily
available, limiting their use in clinical practice. The fewer
markers required from patients, the easier it is to implement
predictive models. One objective of this study is to build
predictive models that select an optimal combination of dif-
ferent markers that are easily extractable.

A new machine learning framework represents AD pro-
gression as a continuous process and derives long-term
pathological trajectories from short-term clinical data.23–27

Disease progression models (DPMs) order markers from
normal to pathological stages along the disease time axis,
providing a data-driven description of the natural evolution
of AD and enabling automatic diagnosis. One class of
DPMs, such as growth models by alternating conditional
expectation (GRACE), models longitudinal trajectories

via self-modeling regression and iteratively estimates long-
term progression curves.23

It is important to consider the use of clinical diagnosis in
the construction of predictive models. First, the use of clin-
ical categories can lead to the overestimation of prediction
performance due to circularity. Many of the measures
used in predictive models were originally either explicitly
or implicitly used for clinical diagnosis. Second, identifying
patient conversion times from CU to MCI and their use in
predictive models are sources of error. An alternative
approach to overcome these limitations is the use of
unsupervised learning methods.22 GRACE is an algorithm
that does not rely on clinical group information or the con-
version time of patients. However, each set of the selected
markers builds a DPM in GRACE, which determines a time-
line in the natural history of disease progression. In this
study, we propose a combination of supervised and unsuper-
vised techniques to improve the prediction of progression
from CU to MCI. Longitudinal survival analysis provides
feature selections for use by GRACE. Subsequently, we
evaluated GRACE models by using implicit classification
of patients and estimation of conversion time for subjects
progressing to MCI.

Therefore, following the methodology proposed above28

and applying the new framework for the diagnosis of AD,2

it has been suggested to monitor clinical symptoms. These
DPMs could be implemented exclusively with neuro-
psychological measures (NMs), leaving AD CSF biomar-
kers for the definition of AT profiles. In this study, we
combined AT profiles with the prediction of diagnosis
and the temporal evolution of clinical symptoms. The
markers that best predict progression from CU to MCI
were identified, and a natural history of cognitive decline
was proposed. The evolution of CU individuals who pro-
gressed on the AD continuum was analyzed and compared
to those of individuals without amyloid pathology.
Relationships among NMs, AD CSF biomarkers, and
T1-MRI markers of cognitive decline were also explored.

Methods

Alzheimer’s Disease Neuroimaging Initiative
The Alzheimer’s Disease Neuroimaging Initiative (ADNI)
database was used to carry out this study.29 Initially, parti-
cipants with a normal cognitive state at baseline, a range of
neuropsychological measures, and at least one T1-MRI
scan from any of their visits were selected. This group con-
sisted of 323 individuals with a total of 2423 visits.
Additionally, to construct the DPMs and characterize cogni-
tive decline, participants from the ADNI cohort with MCI at
baseline, who maintained this diagnosis throughout their
follow-up, were also included. This group comprised 403
individuals with a total of 2590 visits. On the other hand,
in order to analyze the AT profiles of these clinical
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groups, it is necessary for patients to have certain CSF data
during their visits. A total of 227 CU subjects with 565
visits and 333 MCI patients with 581 visits had AD CSF
biomarkers. Additional information on the inclusion and
exclusion criteria, schedule of assessments, and other
details can be found at http://adni.loni.usc.edu/.

Data were extracted from the ADNIMERGE R
package,30 which focuses on various neuropsychological
measures, such as the Assessment-Cognitive 13-item scale
(ADAS13), Clinical Dementia Rating-Sum of Boxes
(CDRSB), Preclinical Alzheimer’s Cognitive Composite
(PACC), and Functional Assessment Questionnaire
(FAQ). MRI brain imaging data were also included and
computed with FreeSurfer via cross-sectional processing
(https://surfer.nmr.mgh.harvard.edu/).

AT profiles
In our study, we conducted a second analysis of individuals
with measures of AD neuropathology, specifically AD CSF
biomarkers. CSF samples were measured via specific
assays,31 and the data were collected only from a subset
of ADNI volunteers. The core 1 AD CSF biomarkers are
Aβ42, pTau/Aβ42, and pTau. Within the framework previ-
ously defined by the NIA-AA for AD,32 amyloid pathology
(A+) was correlated with low Aβ42 values. Furthermore, tau
pathology (T+) was defined as high levels of pTau, and
even neurodegeneration (N+) was assessed based on high
values of total tau. Hansson et al.33 established thresholds
for ADCSF biomarkers to define amyloid and tau pathologies
in the ADNI and BIOCARD cohorts. In the population
studied here, values of pTau/Aβ42 > 0.028 indicated A+,
similar to Aβ42 < 880 pg/mL. For T+, pTau>27 pg/mL was
defined. These CSF biomarkers are adapted to the new revi-
sion of the Core 1 AD biomarkers in both A and T1.2

Clinical groups
To predict conversion from CU to MCI, individuals classi-
fied as CU at baseline were monitored for progression to
MCI. ADNIMERGE provides a clinical diagnosis for
each subject visit, considered in this study as unquestion-
able, indicating whether the patient presents a stage of
CU, MCI or dementia during each visit.30 CU individuals
who progress to MCI status during the follow-up period
were classified as CU progressing to MCI (pCU). On the
other hand, those who maintained their CU diagnosis
throughout the study were referred to as stable CU (sCU).
Patients were assigned to a clinical group (sCU or pCU)
based on their diagnosis at the first and last visit, without
accounting for changes in cognitive status that may have
occurred at intermediate visits. As a result, any partial
improvements or deteriorations observed in cognitive

assessments during these intermediate visits were disre-
garded. The conversion time for a pCU subject, that is,
the time taken to reach cognitive decline, was measured
from the beginning of the study to the first diagnosis of
MCI, if this diagnosis was confirmed at the final visit. In
the case of sCU subjects, the interval between their first
and last visit was designated as the censoring time. The
CU individuals were classified into 238 sCU and 85 pCU
individuals based on clinical follow-up data from the
323 CU participants. For the AT profiles analysis, which
included population with AD CSF biomarkers, 227 CU
individuals were also divided into 172 sCU and 55 pCU
individuals. Approximately 30% of pCU individuals (n=
27/85 or n= 16/55) progressed not only to MCI during
their follow-up but also to dementia. Approximately 12%
of the CU population (n= 38/323 or n= 26/227) were indi-
viduals who converted in the first four years. These indivi-
duals constituted approximately 45% of all pCU subjects
(see Supplemental Materials, S1, S2, S3). We classified
these individuals as fast-converting pCU individuals.
Conversely, pCU patients who converted later were cate-
gorized as slow converters. Similarly, sCU individuals
who were followed for less than 4 years were classified as
fast stable, whereas those whose sCU was censored for
more than 48 months were classified as slow stable (see
Supplemental Materials, S1, S2, S3).

Statistical analysis
Two types of data were collected from the participants: (1)
AT profiles and (2) the severity of cognitive impairment.
The AT profiles indicated whether the patient had normal
or abnormal core AD biomarker values. By using cutoff
scores for the AT markers, subject profiles were obtained
both at baseline and longitudinally. For the second type of
data, temporal progression from CU to MCI was assessed
based on clinical symptoms. To predict categorical diagno-
sis and DPM, both supervised and unsupervised learning
techniques were combined using a two-stage data-driven
approach.28 Because the natural history of AD estimated by
GRACE depends on the choice of marker vector, a survival
analysis was applied to identify good markers from longitu-
dinal data that showed good performance in detecting a
high risk of progression to cognitive impairment. These pro-
posed markers were then used to build DPMs using the
GRACE approach. Finally, the DPM with the best timeline
toward MCI was selected by using three proposed measures
of the plausibility of the suggested natural history.

Predictive models
First, we analyzed the link between longitudinal data and
cognitive decline progression using survival models that
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consider conversion times and finite follow-up.34–36 Briefly,
within the population of CU individuals, longitudinal mea-
surements were obtained from the studied cohort. These
outcomes were modeled using linear mixed effects
(LME) models, which incorporate both fixed effects and
subject-specific random effects to capture the longitudinal
trajectories.37 Consequently, this modeling approach
allowed the estimation of marker values for each subject
over time. Furthermore, information regarding the pro-
gression of symptoms from CU to MCI during the
follow-up period was available, i.e. conversion and cen-
sorship times. An extended Cox model was constructed
for each significant discrete time.36 To build each of
these predictive models, hazard ratios were calculated
and transformed into probabilistic terms of conversion
from CU to MCI using a logistic regression model. By util-
izing a set of markers derived from NMs and T1-MRI data,
feature selection and model building were carried out
using a nested cross-validation (CV) procedure, which
prevented overfitting and biased performance esti-
mates.38,39 The procedure consisted of two nested CV
loops: an inner loop, designed to select the optimal
feature subsets for the proposed predictive models, and
an outer loop, designed to obtain an unbiased estimate of
model performance. Within each inner CV loop, diverse
combinations of markers with varying dimensions were
proposed and subsequently evaluated in the outer CV
loop. A feature ordering stage that uses the minimal-
redundancy-maximal-relevance (mRMR) algorithm40 to
propose good subsets of markers to predict the progression
from CU to MCI was used. A resampling method was
employed to identify the top subsets of features based on
mutual information differences in mRMR. Then, predict-
ive models were constructed using training data with the
identified feature subsets, selecting the highest-performing
combinations based on classification quality metrics such
as sensitivity (SEN), specificity (SPE), accuracy (ACC),
and area under the curve (AUC), evaluated on the test
data.41 For a more detailed description, including the the-
oretical framework for building predictive models, see.28

A MATLAB implementation is available at https://www.
nitrc.org/projects/twogrsurvana/.

DPM with GRACE
Several markers were subsequently selected based on their
ability to yield the highest classification scores during the
development of the predictive models. These markers
were then used to train and evaluate the GRACE approach.
The proposal by Donohue et al.23 aims to estimate time shift
parameters and short-term and long-term curves in a self-
modeling regression model with linear subject level
effects and nonparametric monotone smoothing. For p
markers measured from n individuals at different follow-up

times, we denote the measured outcome k for individual i at
time j as yijk, where i = 1, . . . , n, i = 1, . . . , p and
j = 1, . . . , qik. The sample is expressed as follows:

yijk = gk(t
c
ijk + δi)+ α0ik + α1ik · tcijk + eijk ,

where gk represents a continuously differentiable and
monotonic function, whereas δi is the unknown subject-
specific time shift, which follows a normal distribution
with mean zero and variance σ2δ . The short-term observa-
tion time is denoted by tcijk, which represents the centered
years relative to the temporal evolution of the visits.
Specifically, tcijk = tij − (ti1 + tiend ) / 2, where tij is the visit
time, and i1 and iend indicate the first and last visit
indices of the i-th subject, respectively. The long-term pro-
gression time is computed from tcijk + δi. The parameters
α0ik and α1ik represent the subject- and outcome-specific
random intercept and slope, respectively. The vector
(α0ik , α1ik) follows a bivariate Gaussian distribution with
mean zero and covariance matrix Σk, which reflects how
the subset of regression parameters for the i-th subject devi-
ates from those of the population. The measurement error
term, eijk, follows a zero-mean Gaussian distribution with
variance σk.

The GRACE method does not utilize follow-up clinical
diagnostic information in its development. Before fitting
GRACE to the data, the outcomes were transformed into
percentiles using a weighted empirical cumulative distribu-
tion function to ensure a common scale. The resulting scale
was percentile-normalized to range from 0 (least severe
observed value) to 1 (most severe observed value).
Finally, bootstrapping was used to obtain confidence inter-
vals for the DPM evaluation parameters and to analyze the
long-term trajectories of markers in patient groups with and
without amyloid pathology. Figure 1 shows a flowchart of
the applied methodology.

As mentioned, GRACE estimates the temporal displace-
ment of each i-th patient in the progression of the disease,
δi. For an initial year of cognitive impairment or zero
time, denoted as tonset, the short-term trajectories from
sCU individuals should be to the left of tonset, indicating
that the markers evolve before tonset. In contrast, for pCU
individuals, the marker trajectories should cross tonset and
increase thereafter. Therefore, when estimating temporal
ordering using GRACE with a proposed subset of
markers, certain scores can be suggested. The first score
we defined is the percentage of sCU individuals whose
last visit, tciend + δi, was less than tonset, relative to the total
number of sCU subjects:

SCORE1 =
#{i|(i ∈ sCU) ∩ ((tciend + δi) < tonset)}

#sCU

For pCU individuals, two measures were established. The
first measure was the proportion of pCU individuals who,
at baseline, had a time less than tonset , (tci1 + δi) < tonset .
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This number was compared to the total number of pCU
individuals:

SCORE2 =
#{i|(i ∈ pCU) ∩ ((tci1 + δi) < tonset)}

#pCU

The second measure was the ratio of pCU individuals
whose last visit had a value greater than tonset compared
with the total number of pCU individuals:

SCORE3 =
#{i|(i ∈ pCU) ∩ ((tciend + δi) > tonset)}

#pCU

Thus, we maximized the top three ranking scores to esti-
mate a zero time. As tonset increases, SCORE1 and
SCORE2 increase, whereas SCORE3 decreases. An
optimal time is one that achieves the maximum score for
all SCOREi values and ensures their similarity. To obtain
the optimum, we propose minimizing the absolute differ-
ences in SCOREi values among individuals classified as
CU at baseline:

t̂onset = argmin
tonset

∑2

r=1

∑3

s=r+1

|SCOREr(tonset)− SCOREs(tonset)|

Criteria for validation of the proposed DPM
A timeline of the disease is proposed for each vector used to
train GRACE. To select the most likely natural history,
three criteria were used to measure the reliability of the sug-
gested DPM: a) We considered the three scores from the
previous subsection, denoted as SCOREi. b) We performed
a linear regression analysis between the conversion times of
pCU individuals and their times estimated by the proposed
DPM, denoted as tonset − (tci1 + δi), for all i ∈ pCU. c) We
compared the values of the long-term trajectories of the
markers at tonset with their cutoff values used in clinical

practice to diagnose patients with cognitive impairment.
Therefore, based on the predictive models, a set of
markers that most effectively detect the risk of progression
to cognitive impairment was selected. DPMs were subse-
quently constructed using combinations of these selected
measures, and the quality of the estimates of the proposed
natural histories was subsequently evaluated based on the
three previously defined criteria. Finally, among the
DPMs that best estimate the natural history, the one with
the smallest number of measures was selected to facilitate
its implementation in clinical practice.

Results

AT profiles
Table 1 displays the distribution of the AT profiles in the
two cognitive groups studied at baseline and by using lon-
gitudinal data: sCU and pCU (refer to the Supplemental
Material for more details, S4). Two proposed criteria for
amyloid pathology (A+) were compared using CSF bio-
markers: a) pTau/Aβ42> 0.028 and b) Aβ42< 880 pg/
mL.33 Individuals with pTau > 27 pg/mL33 were classified
as T+.

At baseline, 75% and 65% of the sCU individuals had A
−T− profiles according to the first and second criteria,
respectively. For pCU individuals, these percentages were
40% and 36%, respectively. Additionally, the individuals
in the AD continuum, i.e. they had an A+ profile (A+T−
and A+T+), were 42% and 40% of the pCU individuals
compared to 16% and 22% of the sCU individuals, depend-
ing on the criterion used. Furthermore, the A−T+ group
was smaller in the two clinical groups (sCU and pCU),
with the first criterion for A+. Therefore, the first A+ criter-
ion was more discriminative between sCU and pCU indivi-
duals with respect to AT profiles. Moreover, the first

Figure 1. This flowchart provides an overview of the interaction between the three key components of the data processing pipeline

for CU and MCI patients: (a) categorical predictive models, (b) disease progression modeling, and (c) AT profiles.
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criterion showed greater agreement with amyloid PET mea-
surements (AV45) than the second criterion.33

In this longitudinal study, the maximum value of pTau/
Aβ42 or the minimum value of Aβ42 from each subject’s
visit was selected. For the visit with the selected value of
the amyloid biomarker, the value of pTau was used. For
either of the two A+ criteria, a slight increase in amyloid
pathology and a slight decrease in A−T− profiles were
observed compared with the percentages at baseline for
the two clinical groups. In contrast, individuals with A−T
+ profiles remained constant over time. Thus, the longitu-
dinal study mostly occurred within normality (A−T−) or
in the AD continuum (A+T− or A+T+), whereas the indi-
viduals with the A−T+ profile were mostly detected at
baseline and remained constant over time (see
Supplemental Material, S4).

Risk factors
At baseline, the variables that best discriminated between
the sCU and pCU groups were age and NMs, highlighting
the ADAS13, LDELTOTAL and PACC tests (see
Supplemental Materials, S2, S5). The CSF biomarkers of
amyloid pathology, both Aβ42 and the pTau/Aβ42 ratio,
also showed the ability to discriminate between the selected
clinical groups. Table 2 shows the analysis of the risk
factors for the conversion from CU to MCI. For the
studied population, the risk factors that showed significant
differences were age and amyloid pathology and, to a
lesser extent, APOE4 carrier status. No significant differ-
ences were found between the stable subjects and conver-
ters in terms of sex or level of education.

Predictive models
Table 3 presents the predictive model scores for detecting
pCU-fast subjects based on our proposal at baseline,
month 12, and month 24.

Over time, these predictive scores improved. The cogni-
tive and functional scores of the ADAS13, CDRSB,
DIGITSCORE, FAQ, LDELTOTAL, and PACC were sug-
gested as measures to be used in the different proposed pre-
dictive models. However, when T1 MRI markers were
added to the feature set to propose new predictive models,
their classification scores did not improve (see
Supplemental Material, S5).

Using the proposed methodology and once the set of
markers selected by the predictive models was obtained,
the DPMs were implemented with a combination of these
proposed markers. The DPMs that best estimated pCU
patients’ conversion times and diagnoses at each visit
were then selected (see subsection Criteria for Validation
of the Proposed DPM). Various combinations were evalu-
ated, each with a different number of markers (see subsec-
tion Consistency of the Proposed Natural History). The
resulting DPMs demonstrated similar performance and
indicated comparable trajectories of cognitive decline pro-
gression. Among these options, the model with the fewest
markers was chosen to facilitate clinical implementation:

{ADAS13, CDRSB, AGE}
Constructing the predictive model with this proposed

vector yielded good sensitivity and specificity in detecting
pCU-fast subjects at baseline, with SEN= 66.2% (63.3%–
69.1%), SPE= 66.5% (64.7%–68.3%), ACC= 66.5%
(65.0%–67.9%), and AUC= 0.770 (0.751–0.788). While
these scores were slightly lower than those achieved by
other proposed vectors (see Table 3), training this vector
with GRACE and considering the quality criteria estab-
lished in the suggested timelines (see subsection Criteria
for Validation of the Proposed DPM) produced a DPM
that proposed one of the best natural histories of progression
toward cognitive impairment, using the fewest features.

Table 4 shows a comparison of the predictive model
results for estimating progression to cognitive decline at
baseline (converted or not in the next four years) for each
clinical group. This comparison was made in relation to
the positivity of the two most important risk factors: age
and amyloid positivity (see Supplemental Material for

Table 1. Percentages of AT profiles in sCU and pCU individuals based on the criteria for A+ status: a) pTau/Aβ42 > 0.028 or b) Aβ42 <
880 pg/mL and pTau > 27 pg/mL for T+.

Group Criterion for A+ Time A−T− A−T+
A+
(A+T−, A+T+) A+T− A+T+

sCU, n= 172 pTau/Aβ42 > 0.028 Baseline

Long

75.0%

68.0%

8.7%

10.5%

16.3%

21.5%

7.6%

9.3%

8.7%

12.2%

Aβ42 < 880 pg/mL Baseline

Long

65.1%

58.1%

12.8%

12.8%

22.1%

29.1%

17.4%

22.1%

4.7%

7.0%

pCU, n= 55 pTau/Aβ42 > 0.028 Baseline

Long

40.0%

34.6%

18.2%

18.2%

41.8%

47.3%

16.3%

14.6%

25.5%

32.7%

Aβ42 < 880 pg/mL Baseline

Long

36.4%

30.9%

23.7%

21.8%

40.0%

47.2%

20.0%

23.6%

20.0%

23.6%

These profiles are assessed at baseline or through longitudinal analysis. n represents the number of subjects.
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more details, S2, S5). The prediction of conversion to MCI
by using a PACC< 0.0 is also included, as this composite
score has been shown to detect the first signs of cognitive
deterioration.42

The pCU-fast population corresponded to the oldest
groups, and approximately 50% had amyloid pathology at
baseline. On the other hand, the sCU-slow population had
the lowest percentage of elderly individuals and amyloid
pathology. The proposed predictive model had the highest

success rates in estimating conversion to MCI in the next
four years for these two groups (pCU-fast and sCU-slow),
with close to 70% accuracy for converters and a classifica-
tion error below 30% for stable individuals at baseline. We
observed that the proposed marker vector discriminated
between stable and progressive individuals in a manner
similar to that of PACC. Although age or amyloid path-
ology did not significantly differ between the sCU-slow
and sCU-fast groups, the classification of the risk of conver-
sion to MCI did differ when both the PACC and the pro-
posed predictive model were used. This finding indicates
a greater probability of MCI conversion to sCU-fast than
to sCU-slow (see Supplemental Material, S3).

DPM with GRACE
The proposed vector was used to train the GRACE algo-
rithm on the studied population. Figure 2 displays the
number of subjects as a function of the time shift, δi, cate-
gorized by their clinical group (shown in the first three
columns). It also illustrates the relationship between the

Table 4. Comparison of the proposed predictive model’s results
for baseline cognitive decline conversion (using binary

classification: convert or not) against the three highest risk factors

(Age, A+, PACC) at baseline.

Clinical

time≤
month48? n

Age >
75 A+

PACC<
0.0 model

sCU Slow 161 38.5% 14.4% 36.6% 29.8%

Fast 77 42.9% 19.7% 50.6% 39.0%

pCU Slow 47 44.7% 37.9% 48.9% 51.1%

Fast 38 63.3% 46.2% 78.9% 68.4%

n represents the number of subjects.

Table 3. Predictive scores for fast CU-to-MCI conversion (within the first four years of follow-up).

Data SEN (%) SPE (%) ACC (%) AUC Frequency Optimal feature subsets

Bl 75.3

(73.9 76.4)

70.5

(70.0 71.1)

70.8

(70.3 71.3)

0.797

(0.788 0.804)

1391–1078 A, D, F, L
D, F, P
C, P

m12 84.2

(83.0 85.5)

71.0

(70.3 71.6)

72.2

(71.6 72.8)

0.847

(0.840 0.854)

1246–1052 A, D, F, L
D, F, P
C, P

m24 83.0

(81.6 84.4)

77.4

(76.7 78.1)

77.6

(76.9 78.2)

0.877

(0.869 0.884)

1326–1009 A, F, L
D, F, P
C, P

A predictive model was built using the extended Cox approach for each visit (Baseline, bl; Month 12, m12; Month 24, m24). Numbers in parentheses

represent the 95% confidence interval, except in the frequency column. A: ADAS13; C: CDRSB; D: DIGITSCORE; F: FAQ; L: LDELTOTAL; P: PACC;

AUC: Area Under the Curve; ACC: Accuracy; SEN: Sensitivity; SPE: Specificity; Frequency: Minimum and maximum number of times the combination of

proposed features was evaluated during the cross-validation procedure.

Table 2. Comparison of risk factors between sCU and pCU individuals in the study population.

Factor pCU pCU(fast/slow) sCU sCU(fast/slow) p-value

Age (y) 76.3 (4.9) 77.5 (5.3)

75.1 (4.3)

73.6 (5.9) 73.5 (6.0)

73.6 (5.9)

0.004

Female 43.5% 36.8% 48.9% 52.5% 55.8%

50.9%

0.155

Years of education 16.1 (2.7) 16.0 (2.9)

16.2 (2.6)

16.6 (2.6) 16.6 (2.6)

16.6 (2.6)

0.147

APOE4 35.3% 26.3% 42.6% 23.9% 23.4%

24.2%

0.043

A+ 41.8% 46.2%

37.9%

16.3% 19.7%

14.4%

<0.001

For quantitative variables, the mean is presented with the standard deviation in parentheses. For binary categorical variables, the percentage of positivity is

shown. A+ indicates amyloid positivity.
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conversion times of the pCU subjects (tconvert) and their esti-
mates by GRACE (t̂convert) in the last column.

It can be observed that that the time shift distribution
between the sCU-slow and pCU-fast groups exhibits less
overlap compared to the distribution between the sCU and
pCU patients. This suggests that individuals in the
pCU-fast group are the closest to progressing to the MCI
state. Additionally, the δi values for the sCU-fast and
pCU-slow groups are more comparable, with sCU-fast indi-
viduals displaying higher δi values than those in the
sCU-slow group. These findings are consistent with the
varying risks of MCI conversion among CU individuals at
baseline, as predicted by the model presented in Table 4.
For the conversion times of the pCU subjects, the regression
line had a unit slope and an intercept near zero. In other
words, the estimated times and the cognitive decline time-
lines were very similar (t̂convert = 1.08 · tconvert − 0.23) and
had a Pearson correlation coefficient of R= 0.654 (0.642−
0.666). By optimizing the classification scores of the sub-
jects based on tci + δi and the clinical groups, the onset
time of cognitive decline was estimated to be approximately
t̂onset ≈ 2.6 years.

Figure 3 displays the individual observed trajectories for
each marker in the original scale, ordered in the progression
timeline using the DPM approach. The first two columns
show the short-term trajectories colored according to the
clinical group or amyloid pathology, whereas the third

column shows the long-term trajectories of the markers
that were subjected to bootstrap analysis to obtain confidence
intervals. This visualization shows that the ordering proposed
by estimating δi was consistent both in the clinical classifica-
tion and in A−/A+. We note that the GRACE approach was
blind to the information of the clinical group or AT profiles of
the subjects. The short-term trajectories of the markers belong-
ing to the sCU subjects occurred in times less than tonset,
whereas those of the MCI subjects occurred in times greater
than tonset. Additionally, patients with amyloid pathology
had trajectories with higher δi times than those who were A
−. For the estimated onset time t̂onset ≈ 2.6 years, SCORE1
= 86.0%(85.4%− 86.5%) of the sCU subjects met the condi-
tion tciend + δi < tonset, whereas SCORE2=89.2%(88.5%−
90.0%) of the pCU patients at baseline tci1 + δi < tonset and
SCORE3= 74.2%(73.1%− 75.2%) at the end of the visits
tciend + δi > tonset of the converters were correctly classified.

After the progression timeline from CU to cognitive
decline was defined based on the δi values, the long-term
trajectories of any marker acquired from the studied popu-
lation could be inferred. Figure 4 displays the short-term
and long-term trajectories of the AD CSF biomarkers
(Aβ42, pTau/Aβ42, and pTau) and normalized hippocampal
volume (NHV), along with the ADAS13 measurement. The
short-term trajectories of the AD CSF biomarkers and NHV
were found to be much more dispersed than their long-term
trends, unlike neuropsychological measures, such as the

Figure 2. Subject classification is determined by the time shift δi . The first three columns present histograms showing the number of

subjects according to the temporal ordering proposed by GRACE, (tci1 + δi)− tonset , across different clinical groups: (a) CU versus MCI,

(b) sCU versus pCU, and (c) sCU-slow versus pCU-fast. The fourth column illustrates the conversion time, in years, for pCU

individuals, relative to GRACE’s estimates, tonset − (tci1 + δi).
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ADAS13. By coloring the AD CSF marker trajectories
with the suggested temporal ordering, better grouping
between A+ and A− subjects was observed than when
clinical diagnosis labels (sCU, pCU, and sMCI) were
used. We once again confirmed that A+ subjects at base-
line had greater cognitive decline than A− subjects
because patients with amyloid pathology had greater tem-
poral displacement.

The long-term trajectories of Aβ42, pTau/Aβ42, and pTau
were combined with the cutoff values used to define the
amyloid pathology and T+ of the AT profiles to yield the
following event times in the progression of cognitive
impairment: a) tAβ42=880pg/ml − tonset = 4.6 years, b)
t pTau
Aβ42

=0.028 − tonset = 4.8years and c) the event tpTau=27 pg
ml
−

tonset was not reached at this stage of AD.

Table 5 presents a comparison of the mean values of
NMs at baseline for sCU, pCU and sMCI participants
with values estimated based on the long-term trajectories
at the onset of MCI. The calculated NM values at t̂onset ≈
2.6 years were found to be similar to the cutoff points
used in clinical practice to determine the progression from
CU to MCI. Additionally, these NM scores at tonset fall
between the mean values of the pCU and sMCI populations
at baseline. Conversely, AD CSF biomarker values from
DPM at tonset were found to be between the values of the
sCU population and pCU/sMCI subjects.

Figure 5 illustrates the application of bootstrap techni-
ques to the long-term trajectories of markers between popu-
lations with A+ and A−. We observed that cognitive
decline accelerated among A+ individuals compared with
A− individuals. These A+ individuals are on the AD con-
tinuum. Using cutoff points from CU to MCI in the
scores of the NMs (the ADAS13 threshold was 1243 and
with a CDRSB of 0.544), we observed that A+ individuals
converted to MCI between −7 and −3 years, whereas A−
subjects progressed to MCI within 2 to 4 years. In other
words, the time of conversion differed by more than five
years between subjects who had amyloid pathology and
those who did not present with amyloid pathology at base-
line. With respect to the AD CSF biomarkers, we observed
that the AT profiles of the two populations remained con-
stant over time, which is consistent with the conclusion pre-
viously obtained in the analysis of the AT profiles. For
pTau/Aβ42 and pTau, the long-term trajectories exhibit
flat behavior over time in the A− population. In contrast,
for Aβ42, the difference between the values of the A+ and
A− subpopulations was maintained over time.

Consistency of the proposed natural history
Other DPMs can be constructed using our methodology.
We selected several models that were built using better

Figure 3. For each selected marker, the long-term trajectories (black lines) are overlaid on the subject-level observations in their

original scale, with colors indicating diagnosis (sCU in green, pCU in blue, and sMCI in red) or AT profiles (A− in green and A+ in red).

The third column displays the long-term trajectories of the selected markers derived from the bootstrapping technique, shown in blue.
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Figure 4. Long-term trajectories (black curves) for each selected marker are overlaid on subject-level observations in their original scale.

In the first row, colors indicate diagnosis (sCU in green, pCU in blue, and sMCI in red); in the second row, colors distinguish between

sCU-slow (green) and pCU-fast (blue); and in the third row, colors represent AT profiles at baseline (A− in green and A+ in red).
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marker combinations. These models have shown the
highest degree of correlation between the conversion
times of pCU individuals and their estimations when
GRACE is used. Table 6 displays the linear regression
equations, Pearson coefficients, and proposed scores
based on the onset time of cognitive decline. All of the
proposals had similar scores for diagnosis classification
and tonset.

Table 7 displays the values of the markers that define the
onset of cognitive decline from their long-term trajectories.
These values show that the various DPM proposals were
consistent in identifying the time when cognitive decline
begins.

After the proposed timeline was obtained by each DPM,
some relevant temporal intervals were inferred. For this
purpose, the cutoff of some markers used in clinical practice
to define an event was used. Next, these threshold values

were placed on the long-term trajectories of the DPMs,
and the elapsed time between two events was estimated.
Although the onset times of the DPMs were similar (see
Table 7), the ADAS13 with 12 points was used to set the
reference time. Table 8 shows estimates of the times, in
years, between tADAS13 = 12 and the onset time of cognitive
decline and amyloid pathology.

Discussion
A combination of cross-sectional analysis of AD CSF bio-
markers with the estimated progression of cognitive
decline, obtained by constructing a DPM in the context of
the early phase of Alzheimer’s disease, was proposed.
This approach aims to a) analyze the risk factors associated
with amyloid pathology, b) verify various hypotheses about
the evolution of the symptoms of cognitive decline and AT

Figure 5. Long-term trajectories of markers during the early AD stage, comparing A+ and A− individuals, with amyloid pathology

defined at baseline. Confidence intervals for these trajectories were inferred using the bootstrap technique.

Table 5. For each selected marker, we present a comparison of the mean values across clinical groups (sCU, pCU, sMCI) at baseline in

our cohort.

Demographic and clinical characteristics
DPM

Subjects sCU pCU sMCI clinical cutoff tonset≈ 2.6 years

Cognitive outcomes

ADAS13 8.33 11.04 12.92 1243 12.6

CDRSB 0.03 0.04 1.24 0.544 0.37

AD CSF biomarkers

Aβ42 1275.64 1064.99 1117.42 88033 992

pTau 20.75 25.48 23.08 2733 22.9

pTau/Aβ42 0.019 0.032 0.026 0.02833 0.023

This comparison includes the clinical practice cut-off values used to determine progression to cognitive decline, as well as the values estimated by

long-term trajectories at the onset time.
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profiles, c) facilitate the automated diagnosis and prognosis
of patients, and d) obtain relevant conclusions to improve
clinical practice.

AT profiles
At baseline, 22.5% of the CU population had A+ with the
pTau/Aβ42 > 0.028 criterion and 26.4% had Aβ42≤
880 pg/mL. The second result was closer to those in other
publications that indicated that one-third of CU patients
were A+ in the studied age range.32,45,46 This finding is rea-
sonable because the second criterion was used in these
references. However, with the first criterion, AT profiles
for CU individuals were more discriminative between
sCU and pCU individuals and showed more agreement
with amyloid PET.33

When the first criterion was applied, 66.5% of the CU
population was A−T−, 22.5% was on the AD continuum,
and 11% was A−T+. These percentages of AT profiles
were in concordance with those reported by other
authors.6,7,47

Risk factors
In this study, we identified age and amyloid pathology as
two significant risk factors for cognitive decline. AD is
the leading cause of dementia, and the risk of developing
it increases with age.48 According to Evans et al.,49 age
was associated with the most significant risk factor for pro-
gression from the CU state to MCI. However, the effect of
age on the transition from MCI to dementia is unclear.

According to numerous studies, individuals with abnor-
mal amyloid biomarkers in the CU state experience a more
rapid progression of atrophy, hypometabolism, and cogni-
tive decline than individuals without biomarker evidence
of Aβ deposition.32,50 After four years of follow-up, 24%
of the CU-A+ individuals progressed to MCI, which was
double the percentage observed in the general population
(12%). This finding is consistent with those of other
authors.10,46,50 The population with the highest percentage
of amyloid positivity was the pCU-fast group (46.2%),
which was close to the rate observed in MCI individuals
with A+.7,51 Previous studies have shown that 40–60% of
MCI patients are A+ on PET.51 In contrast, the sCU-slow
individuals had a lower percentage of A+ at 14.4%.

Strong evidence supports that amyloid pathology
increases with age.52,53 According to a meta-analysis, the
frequency of amyloid pathology gradually increases from
10% at 50 years of age to 44% at 90 years of age in CU par-
ticipants based on PET and CSF data.53

The results regarding APOE4 are more contradictory.
While the percentages of APOE4 carriers differed
between the pCU and sCU subjects, the pCU slow popula-
tion surprisingly showed a greater increase in APOE4 car-
riers than the pCU fast population. This finding may
simply be due to the limited sample size. Several authors
have indicated that APOE4 is not a significant predictor
of MCI among CU individuals.12,21

Table 7. Stage of cognitive decline according to the selected DPMs, based on the values of relevant markers at onset time from their

long-term trajectories.

Features tonset A13(tonset) CDRSB(tonset) Aβ42(tonset) pTau/Aβ42(tonset) pTau(tonset)

A, C, Ag 2.6 12.87 0.375 992 0.023 23.0

A, C, L, Ag 2.8 12.81 0.349 975 0.023 23.2

C, L, P, Ag 2.5 12.81 0.341 998 0.022 22.8

C, F, I, L, M, Ag 2.8 12.98 0.362 1020 0.022 22.7

A: ADAS13; Ag: Age; C: CDRSB; F: FAQ; I: RAVLT Immediate; L: RAVLT Learning; M: MMSE; P: PACC.

Table 8. Estimation of relevant events in years using the

proposed DPMs, starting from tADAS13 = 12.

Features

tAβ=880−
tA13 = 12

tpTau/Aβ=0.027−
tA13 = 12

tonset−
tA13 = 12

A, C, Ag 5.8 6.0 1.2

A, C, L, Ag 5.1 5.4 1.6

C, L, P, Ag 5.8 9.7 1.1

C, F, I, L, M, Ag 7.0 7.2 1.5

A: ADAS13; Ag: Age; C: CDRSB; F: FAQ; I: RAVLT Immediate; L: RAVLT

Learning; M: MMSE; P: PACC.

Table 6. Set of features used to construct the proposed DPMs and their performance in relation to correlations and scores.

Features tonset regression equations R SCORE1 SCORE2 SCORE3

A,C,Ag 2.6 1.08t-2.83 0.65 86.0% 89.2% 74.2%

A,C,L,Ag 2.8 1.09t-2.95 0.65 81.5% 89.4% 75.3%

C,L,P,Ag 2.5 1.24t-3.52 0.65 85.5% 78.8% 70.6%

C,F,I,L,M,Ag 2.8 1.26t-3.67 0.64 87.8% 80.0% 69.4%

The features include: A: ADAS13; Ag: Age; C: CDRSB; F: FAQ; I: RAVLT Immediate; L: RAVLT Learning; M: MMSE; P: PACC.
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Predictive models
Several biomarkers, such as pTau or tTau, and measures
such as NHV or FDG, have been proposed for predicting
cognitive decline in AD patients.9,14,15 However, at base-
line, these measures neither classified well nor had correla-
tions with the NMs, such as the PACC (see Supplemental
Material, S5). Although Aβ is a specific pathology of AD,
its burden is not linearly correlated with the severity of
symptoms.51 At baseline, the ADAS13 was found to be
the most effective measure for predicting cognitive
decline. However, multivariate approaches, such as the
combined PACC measure or the proposed multivariate
models, significantly improved the predictive results.

Episodic memory, orientation, and executive function
are the prominent domains of AD-related cognitive dys-
function.46 Among the different cognitive domains consid-
ered, memory measures are the most sensitive to early AD
stages.12,20 The proposed multivariate predictive models
consist of different NMs formed by combinations of
ADAS13, logical memory delayed recall (LDELTOTAL),
and the digit symbol substitution test (DIGITSCORE).
These NMs cover global cognitive domains, memory, lan-
guage, visuospatial processing speed, and attention.
Functional tests for FAQ and CDRSB were also included.
Han et al.54 reported that neuropsychological tests can iden-
tify changes in the course of the disease in the presympto-
matic phase. Battista et al.55 reported that some tests were
more frequently the best predictors for automatic classifica-
tion, namely, Logical Memory, ADASCog, RAVLT, and
FAQ. Additionally, their classification performance was
similar to the scores reported here.

Ansart et al.56 reported that including cognitive scores,
and CSF or FDG variables significantly improved predictive
performance compared with not including them. However,
including other modalities, particularly T1 MRI, did not
have a significant effect. In this study, we combined AD
CSF biomarkers with NMs, which were used to describe
AT profiles and clinical symptoms, respectively. Some
authors15,20 have indicated that the addition of MRI mea-
sures and AD CSF biomarkers provides relatively little pre-
dictive power compared with the above NMs. These
conclusions are in line with our results. When we added
T1-MRI markers to the pool of features to propose new pre-
dictive models, we did not observe any improvement in the
classification scores (see Supplemental Material, S5).

DPM with GRACE
Most researchers developing DPMs typically trained these
models using all available features,23,26 assuming that
each marker contributes positively to the model.
However, some researchers have applied ablation techni-
ques to determine whether certain groups of markers

influence the performance of the DPM.57,58 Alternatively,
we propose the following: 1) AT profiles should be sepa-
rated from clinical symptoms in the early diagnosis of
AD; 2) Markers suitable to exclusively analyze the progres-
sion from CU toMCI differ between the preclinical and pro-
dromal phases; 3) Compared with other types of markers,
the DPMs developed in this study demonstrated that neuro-
psychological measures better capture the progression of
cognitive decline; 4) To implement a DPM in clinical prac-
tice, a minimum number of measures should be used, and
noninvasive markers are preferred to improve feasibility.

With this in mind, a two-stage data-driven approach was
proposed. First, the markers that best detect the risk of con-
version to MCI were selected. The DPM that best estimates
the natural history was subsequently selected. The selected
vector consisted of only two NMs, ADAS13 and CDRSB,
plus the patient’s age. Although this vector was not optimal
for predicting the diagnosis over time, it inferred a natural
history that is easy to implement in clinical practice and
has high reliability in both estimating the conversion
times of the pCU individuals and classifying the individuals
using the proposed temporal ordering. On this basis, a lon-
gitudinal follow-up of these NMs combined with a single
AD CSF sample has been proposed.

Other authors have proposed combining ADAS13 and
CDRSB to obtain a reliable MCI classification with high
specificity and sensitivity.16,59,60 Moreover, predictive
models require the addition of the age variable to maintain
high levels of diagnostic reliability in the transition from
CU to MCI.49 van Maurik et al.14 also reported that the
effects of MRI markers lost significance when age was
included in the model. The DPM performed well with the
suggested combination because the selected markers coin-
cided with those used to determine each patient’s clinical
group.44 However, GRACE does not rely on clinical diag-
nostic information to construct the proposed cognitive
decline timeline. These results indicate that the proposed
natural history of early AD based on unsupervised
machine learning (and excluding follow-up diagnostic
information) significantly captures the underlying disease
burden. The DPM may be portable to other cohorts and
may be applicable over wide age ranges.

The proposed natural history of the progression from CU
to MCI was analyzed based on three different aspects: a)
The conversion times of pCU individuals and their values
estimated by GRACE strongly and linearly correlated (R
= 0.654 (0.642− 0.666)). Furthermore, the regression line
shows that the times estimated by GRACE are practically
coincident with the times of natural history. b) The clinical
classification (sCU versus pCU) of the individuals with the
proposed temporal ordering had good scores: SCORE1=
95.3% (95.1%− 95.6%), SCORE2= 80.6% (79.7%−
81.6%) and SCORE3= 74.5% (73.8%− 75.2%). c) The
cutoff points of the ADAS13 and CDRSB, which are
used in clinical practice to determine cognitive impairment,
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are similar to their long-term trajectories at the tonset (see
Table 5).

The proposed temporal ordering of the studied CU/MCI
population allowed inference of the long-term trajectories
of AT markers. The results suggest that amyloid pathology
(A+) is present approximately 5 years after the onset of cog-
nitive impairment (tAβ42= 880− tonset or tpTau/Aβ42= 0.028−
tonset), whereas T+ is not reached at this stage of AD.
These findings are consistent with previous research indi-
cating that 40–60% of MCI individuals had A+,51

whereas only 22.5% of CU individuals had amyloid path-
ology. Additionally, previous studies have shown that
CSF Aβ42 levels are unequivocally abnormal 5–10 years
or more prior to dementia diagnosis,61 while both CSF
tTau and pTau levels become increasingly abnormal as
the time to diagnosis of dementia increases.62

To describe how CU individuals transition into cognitive
decline, we analyzed the long-term trajectories of the NMs
and AT markers on a common scale (see Supplemental
Material, S6). Our results revealed that the progress of
AD CSF biomarkers was much slower than that of cognitive
measures and that the first measures to become abnormal in
progression into AD were those of Aβ.32 These findings
support the dual use of AT profiles and predictive models
of clinical symptom progression. The AT profile at baseline
allowed discrimination among normal AD biomarkers, the
AD continuum, and other forms of dementia. Moreover,
the presented predictive models estimated the time to
reach cognitive impairment. Furthermore, our findings
suggest that estimating the progression to cognitive
decline only requires the exclusive use of NMs.

The conclusion that amyloid pathology at baseline accel-
erates cognitive decline was already obtained from the
cross-sectional analysis of the population (see Table 2)
and now also from the longitudinal analysis based on the
long-term trajectories between the A+ population with
respect to the A− population (see Figure 5). In this
context, Han et al.54 reported that an A+ profile was asso-
ciated with poorer performance in the domains of global
cognitive function, memory, language, visuospatial
ability, processing speed, and attention/working memory/
executive functions when compared to an A− profile.
However, no correlations were observed between AD
CSF biomarkers and neuropsychological measures (see
Supplemental Material, S5). Although Aβ is an
AD-specific pathology, the Aβ burden is not linearly corre-
lated with symptom severity.51

The bootstrap analysis also indicated that the AT profiles
of patients remained relatively stable in the early stages of
AD. Additionally, A+ individuals at baseline converted to
MCI approximately eight years before A− individuals
based on the cutoff points of the ADAS13 and CDRSB
for conversion from CU to MCI. These findings were con-
sistent with those of other authors.4,63

Several DPMs were built by using different marker com-
binations. The results of the various temporal orderings pro-
posed by each DPM were similar. The various inferred
natural histories indicated the following: a) The onset
times of cognitive decline (tonset) were approximately one
and a half years after tADAS13 = 12. b) The time interval
between tADAS13 = 12 and the onset of amyloid pathology
was approximately 6 years (tAβ42 = 880− tADAS13 = 12 and
tpTau/Aβ42= 0.027− tADAS13 = 12).

Limitations, future and new ideas
The present study has several limitations that need to be
acknowledged. Participants were recruited from a single
database. Moreover, the ADNI patients were mostly well
educated and Caucasian. Further validation studies with
larger and more generalizable populations are needed.
Furthermore, the performance of predictive models and
DPMs may vary in other cohorts due to the variability of
CU and MCI diagnoses. Although dementia is a relatively
definitive endpoint, MCI patients may remain stable or
convert to CU, and the variability in this diagnosis among
centers may be greater than that in the case of dementia.14

Although we highlighted the importance of amyloid
pathology and age as risk factors in this study, other
factors that might explain differences in cognitive scores,
such as cardiovascular risk and socioeconomic status,54 or
sex and its interaction with the APOE4 genotype,64 still
need to be analyzed.

Further investigations are needed to examine the rela-
tionships between the core AD biomarkers and the risk of
cognitive decline in CU patients with subjective com-
plaints.6 A comparison between this group and CU subjects
is still pending.

AD CSF biomarkers are binarized when AT profiles are
used, meaning that a single cutoff value is applied, resulting
in a loss of information. However, a two-cutoff approach
may be more effective. A moderate cutoff may be appropri-
ate for detecting early symptoms, whereas conservative
cutoffs may provide high diagnostic certainty.10,32

Because AD CSF biomarkers are derived from an inva-
sive technique, alternative methods need to be identified. A
possible turning point has emerged with the recent develop-
ment of blood-based biomarkers.15 Future research should
analyze the results of this study by using new markers of
the core AD biomarkers.

Although GRACE has demonstrated superiority in esti-
mating disease progression compared with alternative
approaches,28 new DPM training algorithms have
emerged in recent years,65,66 including proposals based on
recurrent neural networks.57,67 Thus, a comparison
between GRACE and these new approaches remains
pending.
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Conclusions
The purpose of this study was to integrate information from
core AD CSF biomarkers with the description of a proposed
natural history obtained through the construction of a DPM.
This approach showed the following: a) In the CU popula-
tion, cognitive decline was more pronounced in individuals
who presented with amyloid pathology (A+) at baseline
than those who did not (A−). b) Hypotheses about the pro-
gression of cognitive decline were verified. Amyloid path-
ology manifested approximately 5 years after cognitive
decline, and T+ was not present in this early stage of AD.
c) By projecting the long-term trajectories of the biomarkers
onto a common scale, our results indicated that the temporal
progression of the AD CSF biomarkers was significantly
slower than that of the cognitive measures. This finding
supports the combined use of cross-sectional analysis of
AT profiles and longitudinal analysis for clinical
symptom progression. d) Moreover, DPMs alone, in add-
ition to being a tool for automatic diagnosis and prognosis,
allowed us to analyze whether a marker captures the pro-
gression of the disease, in this case, the evolution of cogni-
tive decline.

Supported by the proposed natural histories and cross-
sectional and longitudinal analyses of AD markers, we
suggest that 1) only a single CSF sample is necessary
during the early phase of AD and that 2) the prediction of
cognitive decline syndrome and its timeline can be achieved
exclusively through NMs. By using AD CSF biomarkers,
the baseline AT profile enables discrimination among
various stages of the AD continuum and other dementias.
Patients’ AT profiles remained approximately constant in
the first few years of follow-up, as was also observed
from the long-term trajectories of AD CSF biomarkers. In
terms of predicting cognitive decline, the inclusion of
T1-MRI markers did not significantly improve the results.
Finally, short-term trajectories from some NMs, compared
with their long-term trajectories, capture the evolution of
cognitive decline with fidelity.
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