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Abstract 

Background: Mild cognitive impairment (MCI) usually precedes the symptomatic phase of 

dementia and constitutes a window of opportunities for preventive therapies. 

Objectives: Predict the time a MCI patient has left to reach dementia and obtain a most likely 

natural history in the progression of MCI towards dementia. 

Methods: This is a study with 633 MCI patients and 145 subjects with dementia through 4726 

visits over 15 years from Alzheimer Disease Neuroimaging Initiative (ADNI) cohort. A 

combination of data from AT(N) profiles at baseline and longitudinal predictive modeling was 

applied. A data-driven approach was proposed for categorical diagnosis prediction and timeline 

estimation of cognitive decline progression, which combined supervised and unsupervised 

learning techniques. 

Results: A reduced vector of only neuropsychological measures was selected for training the 

models. At baseline, this approach had high performance in detecting subjects at high risk of 

converting from MCI to dementia in the coming years. Furthermore, a disease progression model 

(DPM) was built and also verified using three metrics. As a result of the DPM focus on the studied 

population, it was inferred that amyloid pathology (A+) appears about 7 years before dementia, 

tau pathology (T+) and neurodegeneration (N+) occur almost simultaneously, between 3 and 4 

years before dementia. In addition, MCI-A+ subjects were shown to progress more rapidly to 

dementia compared to MCI-A- subjects. 

Conclusions: Based on 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 prodromal phase of AD. Prediction from MCI into dementia and its timeline can be 

achieved exclusively through neuropsychological measures. 

Keywords: Mild cognitive impairment, Alzheimer’s disease, AT(N) biomarkers, Predictive 

models, Disease Progression Modeling. 
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1 INTRODUCTION 
Alzheimer’s disease (AD), the most common dementia, is marked by cognitive loss and specific neuropathological 

changes. Accumulation of amyloid plaques, neurofibrillary tangles (pathological tau) and neurodegeneration lead to 

impairments in memory and other cognitive domains and subsequently a dementia syndrome [1]. The AT(N) 

framework defines AD by neuropathologic change, with cognitive impairment viewed as a symptom [2]. Biomarkers 

associated with amyloidosis are denoted by the label A, those indicative of tau pathology are marked with T, and those 

measuring neurodegeneration carry the designation N. These measures can be binary, leading to eight biomarker 

profiles. Amyloid pathology biomarkers determine if an individual is on the Alzheimer’s continuum. Tau biomarkers 

confirm an AD diagnosis. Neurodegenerative/neuronal injury biomarkers and cognitive symptoms are used to stage 

severity. 

Mild cognitive impairment (MCI) is often considered to be a transitional phase between healthy cognitive aging and 

dementia [3, 4]. MCI is a key factor in managing AD, but it varies in clinical outcomes. Despite many MCI cases converting 

to AD (MCI progressing to dementia (pMCI)), many remain stable or regain normal cognitive function [5]. 

Understanding AD and effectively identifying individuals with pMCI at early stages is crucial. A prognosis with high 

sensitivity and specificity for MCI to AD progression holds significant value in clinical practice and medical research [6, 

7]. The risk of progression from MCI to dementia depends on a number of factors, including age, sex, and apolipoprotein 

E (ApoE) status [8]. AT(N) profiles may be of particular value in patients with MCI by providing prognostic information 

on the risk of progression from MCI to dementia as demonstrated by recent studies [9, 10]. Studies have examined these 

risks at group and individual levels [11, 12, 9, 13, 14, 15]. Automated techniques for predicting diagnosis using varied 

modalities have been reviewed [16, 17, 18, 19]. A meta-analysis found neuropsychological measures (NMs), 

cerebrospinal fluid (CSF) biomarkers or FDG-PET variables improved predictive performance, whereas T1-MRI did not 

significantly affect prediction [19]. On the other hand, gene sequencing technology has been employed for analyzing the 

pathogenesis and achieving precise diagnoses of MCI [20]. Recently, a new field named imaging genetics emerged to 

comprehensively study pathogeny with fusion data [21]. 

A new machine learning framework called disease progression models (DPMs) regards AD progression as a 

continuous process and derives long-term pathological trajectories from short-term clinical data [22, 23, 24, 25, 26]. 

Beyond giving a data-driven description of the natural evolution of AD, DPMs provide automatic diagnosis by explicitly 

ordering biomarkers from normal to pathological stages along the disease time axis in a multivariate manner. DPM is 

based on the analysis of longitudinal samples at different stages of the disease. A class of DPM relies on the ordering of 

the observed longitudinal trajectories and extracting the modeling of the temporal progress of the disease. Donohue et 

al. [22] modeled these trajectories based on self-modeling regression. Long-term progression curves for the multiple 

outcomes and subject-specific random effects and time shifts were estimated iteratively until the convergence of the 

proposed algorithm, which is called growth models by alternating conditional expectation (GRACE). 

GRACE addresses the limitations of using clinical diagnosis in predictive models, which can overestimate 

performance and lead to errors in identifying clinical events. GRACE is an algorithm that uses unsupervised learning 

and does not rely on clinical information. However, each set of selected markers used in building a predictive model 

with GRACE represents a specific timeline in the natural progression of the disease. This study proposes combining 

supervised and unsupervised techniques to enhance predictions of progression to dementia. 

Here, two different types of information on the progression from MCI to dementia were considered: 1) AT(N) 

profiles and 2) the evolution of cognitive symptoms. This article proposes to use the measurements of the AT(N) 

biomarkers at baseline and to estimate the cognitive evolution by means of the GRACE algorithm. 

  



4 

2 MATERIAL AND METHODS 

2.1 Participants and measurements 
The Alzheimer’s Disease Neuroimaging Initiative (ADNI) dataset was used [27]. Inclusion, exclusion, and assessment 

details are at http://adni.loni.usc.edu/. The study included MCI or dementia patients with a cognitive battery and at 

least one T1-weighted MRI. Data from the ADNIMERGE R package were used [28], focusing on neuropsychological 

measures like Alzheimer’s Disease Assessment-Cognitive 13-item scale (ADAS13), Clinical Dementia Rating-Sum of 

Boxes (CDRSB), Mini-Mental State Examination (MMSE), Montreal Cognitive Assessment (MOCA), Rey Auditory Verbal 

Learning Test (RAVLT), Everyday Cognition (ECog)-total by participant (ECogPtTotal) and study partner (ECogSPTotal) 

and Functional Assessment Questionnaire (FAQ). MRI measures of hippocampal, ventricular, entorhinal, and whole 

brain volumes were also included. A total of 633 MCI patients met our inclusion criteria, and their baseline diagnoses 

were early MCI (EMCI, n=307) and late MCI (LMCI, n=326) [29]. 

A subgroup of patients with available AD neuropathology biomarkers was identified. This included those who 

underwent baseline CSF Aβ42, CSF pTau, CSF Tau, and/or FDG-PET examinations. In total, 501 MCI had AT(N) biomarker 

data. Aβ42, pTau, and Tau concentrations were quantified using Elecsys assays [30,31]. For FDG-PET, an FDG composite 

score was calculated as the mean uptake in left and right angular, temporal, and posterior cingulate regions [32]. 

A+ subjects had CSF Aβ42 concentration levels below 880 pg/ml or pTau/Aβ42 over 0.028 [31]. T+ and N+ were 

defined by CSF pTau over 27 pg/ml and CSF Tau over 300 pg/ml respectively [31]. N+ in FDG PET was identified with 

levels below 1.21 [32]. 

2.2 Convert and censuring times 
Clinical diagnoses were made at each visit to identify MCI patients who progressed to probable dementia, according to 

ADNI clinical assessments. The conversion time for those who progressed (pMCI) was set between the baseline and 

their first dementia diagnosis, confirmed in subsequent visits. The stable MCI (sMCI) group consisted of MCI patients 

who did not develop dementia. The last visits of the sMCI subjects established the censorship times. From the selected 

population, 403 subjects were classified as sMCI and 230 as pMCI based on clinical follow-ups. In the subgroup that 

included CSF markers, MRI measurements, and neuropsychological tests, there were 333 sMCI and 168 pMCI. 

Additionally, dementia subjects were included to characterize the progression from MCI to AD using the selected 

biomarkers, adding 145 and 128 patients in the first and second analyses, respectively (see supplementary material, 

S1). About 30% (n = 182/633 or n = 134/501) of the MCI population converted in the first four years, which represented 

roughly 80% (n = 182/230 or n = 134/168) of all pMCI subjects. Conversion to dementia within 4 years was defined as 

fast pMCI converters, while later converters were termed as slow. The same categories were applied to sMCI subjects 

based on a 48-month frame. 

2.3 Data processing 
Two types of participant data were considered: AT(N) profiles and cognitive impairment severity. Only normal or 

abnormal AT(N) values were considered, with profiles obtained at baseline and longitudinally. Progression from MCI to 

dementia was assessed clinically. Both supervised and unsupervised learning techniques were used for diagnosis 

prediction and AD progression timeline estimation. Survival analysis was applied to longitudinal data to detect high-

risk dementia progression markers. These markers were used to develop DPMs. The most reliable DPM was selected 

based on three measures of the suggested natural history. 

2.4      Categorical predictive models and DPMs 
A two-stage data-driven approach combining both supervised and unsupervised learning techniques was employed to 

build the categorical predict models and DPMs [33]. We analyzed the link between longitudinal data and AD progression 

using survival models that consider conversion times and finite follow-up [34, 35, 36]. Briefly, within the population of 

individuals with MCI, longitudinal measurements were obtained from the studied cohort. The modeling of these 



5 

outcomes was accomplished through Linear Mixed Effects (LME) models, incorporating both fixed effects and subject-

specific random effects to capture the longitudinal trajectories [37, 38]. Consequently, this modeling approach allowed 

the estimation of marker values for each subject over time. Furthermore, information regarding the progression of the 

disease to dementia during the follow-up period was available, i.e. conversion and censorship times. An extended Cox 

model was constructed for each significant discrete time [36]. To build each of these predictive models, the hazard 

ratios were calculated and transformed into probabilistic terms of conversion from MCI to dementia using a logistic 

regression model. Utilizing 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, preventing overfitting and biased performance 

estimates [39, 11]. 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) algorithm [40] to propose good subsets of markers for the prediction of MCI conversion into 

dementia was used. A resampling method was employed to identify the top subsets of features based on mutual 

information difference in mRMR. Then, predictive models were constructed using training data with the identified 

feature subsets, and the highest-performing combinations were selected based on classification measures using 

withheld test data [41]. 

 

Given proposed marker subsets from a study population, which were chosen among the better combinations of 

classification scores obtained by the categorical predictive models, GRACE has been shown to reveal the natural history 

of cognitive decline by ordering the short-term trajectories of the subjects. Let p markers be 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, 

k = 1,...,p and j = 1,...,qik. The proposal of Donohue et al. [22] is expressed as: 

𝑦𝑖𝑗𝑘 = 𝑔𝑘(𝑡𝑖𝑗𝑘
𝑐 + 𝛿𝑖) + 𝑥𝑡𝑖𝑗𝑘

𝑐
′ 𝛽𝑘 + 𝛼0𝑖𝑘

+ 𝛼1𝑖𝑘
𝑡𝑖𝑗𝑘

𝑐 + 𝑒𝑖𝑗𝑘 , 

where 𝑔𝑘  is a continuously differentiable monotone function and 𝛿𝑖  is the unknown subject-specific time shift, which 

follows a normal distribution with mean zero and variance σδ2. Short-term observation time is represented by 𝑡𝑖𝑗𝑘
𝑐 , 

which indicates the centered years in relation to the temporal evolution of the visits, 𝑡𝑖𝑗
𝑐 = 𝑡𝑖𝑗 − (𝑡𝑖1

+ 𝑡𝑖𝑒𝑛𝑑
)/2, where 

𝑡𝑖𝑗  is the visit time and i1 and 𝑖𝑒𝑛𝑑  represented the first and last visit index of i−subject. 𝑥𝑡𝑖𝑗𝑘
𝑐

′  is the row vector for the 

fixed effects (including variables such as age and scan time), and βk are the fixed effects coefficients. The long-term 

progression time is computed from 𝑡𝑖𝑗𝑘
𝑐 + 𝛿𝑖 . The parameters 𝛼0𝑖𝑘

 and 𝛼1𝑖𝑘
 are the subject- and outcome-specific 

random intercept and slope. These values reflect how the subset of regression parameters for the i-th subject deviates 

from those of the population. 𝑒𝑖𝑗𝑘  is a measurement error term that follows a zero-mean Gaussian distribution with 

variance σk. A self-modeling regression model was applied with linear subject-level effects and long-term features with 

nonparametric monotone smoothing [22]. The goal of GRACE is to estimate both the time shift parameters and the 

short-term and long-term curves. Importantly, follow-up clinical diagnostic information was not used in the 

development of the DPM. Before fitting DPMs to the data, the outcomes were transformed into percentiles using a 

weighted empirical cumulative distribution function to ensure a common scale. The resulting scale ranged from 0 to 1, 

with 0 representing the least severe observed value and 1 representing the most severe observed value. Finally, 

bootstrapping was applied to obtain confidence intervals for the DPM evaluation parameters and to analyze the long-

term trajectories of the markers in patients with and without amyloid pathology. 

 

2.5 The onset or zero time 
We observe that 𝛿𝑖  represents a relative measure of disease progression, taking into account the variabilities of 

biomarkers observed in the studied population. However, the onset of dementia may be biased due to the inclusion of 

more MCI subjects than dementia subjects in our populations. Given an initial year of dementia or zero time, 𝑡𝑜𝑛𝑠𝑒𝑡 , the 

short-term trajectories of sMCI subjects are expected to be to the left of 𝑡𝑜𝑛𝑠𝑒𝑡 . In contrast, for pMCI subjects, the marker 

trajectories should cross 𝑡𝑜𝑛𝑠𝑒𝑡  and move towards the right. Therefore, when estimating a temporal ordering using 

GRACE with a subset of proposed markers, certain scores can be suggested. The first score we define is the percentage 

of sMCI subjects whose last visits, 𝑡𝑖𝑒𝑛𝑑

𝑐 + 𝛿𝑖, occur before 𝑡𝑜𝑛𝑠𝑒𝑡  in relation to the total number of sMCI subjects: 
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𝑆𝐶𝑂𝑅𝐸1 =
# {𝑖|(𝑖 ∈ 𝑠𝑀𝐶𝐼) ∩ ((𝑡𝑖𝑒𝑛𝑑

𝑐 + 𝛿𝑖) < 𝑡𝑜𝑛𝑠𝑒𝑡)}

#𝑠𝑀𝐶𝐼
 

Regarding pMCI subjects, two measures were established: a) the proportion of converters who at baseline did not 

have dementia and (𝑡𝑖1

𝑐 + 𝛿𝑖) < 𝑡𝑜𝑛𝑠𝑒𝑡 , compared to the total number of pMCI subjects: 

𝑆𝐶𝑂𝑅𝐸2 =
# {𝑖|(𝑖 ∈ 𝑝𝑀𝐶𝐼) ∩ ((𝑡𝑖1

𝑐 + 𝛿𝑖) < 𝑡𝑜𝑛𝑠𝑒𝑡)}

#𝑝𝑀𝐶𝐼
 

and b) the ratio of pMCI subjects whose last visit was greater than tonset with respect to the total number of pMCI subjects: 

𝑆𝐶𝑂𝑅𝐸3 =
# {𝑖|(𝑖 ∈ 𝑝𝑀𝐶𝐼) ∩ ((𝑡𝑖𝑒𝑛𝑑

𝑐 + 𝛿𝑖) > 𝑡𝑜𝑛𝑠𝑒𝑡)}

#𝑝𝑀𝐶𝐼
 

In addition, the classification of subjects with dementia at baseline should also be considered. On their first visit, 

these patients should be on a time greater than 𝑡𝑜𝑛𝑠𝑒𝑡 , 

𝑆𝐶𝑂𝑅𝐸4 =
# {𝑖|(𝑖 ∈ 𝐷𝑒𝑚𝑒𝑛𝑡𝑖𝑎) ∩ ((𝑡𝑖𝑒𝑛𝑑

𝑐 + 𝛿𝑖) < 𝑡𝑜𝑛𝑠𝑒𝑡)}

#𝐷𝑒𝑚𝑒𝑛𝑡𝑖𝑎
 

Therefore, a zero time was estimated by maximizing the scores above. As 𝑡𝑜𝑛𝑠𝑒𝑡  is moved to higher values, SCORE1 

and SCORE2 increase, while SCORE3 and SCORE4 decrease. An optimal time will be the one that achieves the maximum 

score of all the SCOREr and that these values are similar. It is proposed to obtain the optimum by minimizing the 

differences in absolute value of the SCOREr: 

𝑡̂𝑜𝑛𝑠𝑒𝑡 = arg min
𝑡𝑜𝑛𝑠𝑒𝑡

∑ ∑ |𝑆𝐶𝑂𝑅𝐸𝑟(𝑡𝑜𝑛𝑠𝑒𝑡) − 𝑆𝐶𝑂𝑅𝐸𝑠(𝑡𝑜𝑛𝑠𝑒𝑡)|

4

𝑠=𝑟+1

3

𝑟=1

 

  

2.6 Criteria for validation of the proposed DPM 
For each vector used to train GRACE, a timeline of the disease is proposed. To select the most likely natural history, 

three criteria are proposed to measure the reliability of the suggested DPM: i) Consider the four scores from the 

previous subsection, SCOREr. ii) Perform a linear regression analysis with the pMCI subjects between their conversion 

times and the times estimated by the proposed DPM, 𝑡𝑜𝑛𝑠𝑒𝑡 − (𝑡𝑖1

𝑐 + 𝛿𝑖), for all 𝑖 ∈  𝑝𝑀𝐶𝐼. iii) Compare the values of the 

long-term trajectories of the markers at 𝑡𝑜𝑛𝑠𝑒𝑡  with their cutoffs used in clinical practice to diagnose patients with 

dementia. Therefore, among the vectors that showed good performance in predicting a high risk of progressing into 

dementia at baseline, these three criteria were used to select the optimal combination of markers to train GRACE.  
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3 RESULTS 

3.1 AT profiles in MCI/Dementia subjects 
At baseline, 64% of the sMCI patients had an A-T- profile and 21% with A+T+. However, the pMCI and dementia groups 

had a tendency of 70% with an A+T+ profile and around 15% A-T- at baseline. The percentages of the AT profiles in the 

longitudinal analysis were similar with respect to the values at baseline. In the longitudinal study, the maximum value 

of pTau/Aβ42 among the subject’s visits was selected. For that particular visit, the value of pTau was also chosen. 

Considering all clinical groups, over time the group A-T- decreased slightly while the percentages of A+T- and A+T+ 

increased somewhat. This result indicated that abnormal amyloid plaques or fibrillary tau (A + or T +) were or were not 

present, in general, in the patient at baseline, so their temporal evolutions did not provide more information for the AT 

binary classification. In the case of dementia, the longitudinal percentages of AT profiles were those at baseline. Only 15 

subjects of the 128 patients with dementia had a second CSF evaluation in month 24. Note that these patients were only 

followed up for 2 years in the ADNI study (see supplementary material, S2). 

3.2     MCI to dementia conversion prediction 
For the progression from the MCI stage to dementia, the proposed methodology between the categorical predictive 

models and the DPMs selected the following vector (see supplementary material, S4): 

{ADAS13, FAQ, MMSE, CDRSB} 

At baseline, the predictive model showed good classification between sMCI versus pMCI patients (sensitivity or 

correct identification rate of positive cases or pMCI, SEN = 72.2% (70.6%-73.9%), specificity as a measure of correct 

detection of sMCI, SPE = 79.1% (77.9%-80.3%), accuracy of success of positive and negative cases, ACC = 76.6% (75.6%-

77.5%), and area under the curve that measures the discriminative capacity of the classifier, AUC = 0.828 (0.816-0.838)). 

The classification scores were higher with the fast converters (pMCI-fast), SEN = 80.8% (79.9%−81.7%), and in those 

sMCI subjects who were followed for a longer time (sMCI-slow), SPE = 86.2% (85.4%−88.4%). On the contrary, the slow 

converters, SEN = 43.8% (40.9%−45.2%), or sMCI censored in less than four years, SPE = 71.5% (69.7%−73.5%), had 

worse scores. Clearly, it is easier to detect conversion into dementia, at baseline, the subjects who convert before the 

four years than those who will do so in a longer time. Likewise, those sMCI patients with censoring times greater than 

four years are easier to classify as non-converters than those sMCI with shorter time, since the latter could convert 

shortly after their censoring times. 

Table 1 provides, for each clinical group, the percentages of the population with positivity in the three most 

important risk factors for conversion to dementia at baseline [13]: late MCI (LMCI) diagnosis, amyloid pathology (A +) 

and APOE4 status. The risk factor that most discriminates was amyloid pathology at baseline. The pMCI-fast population 

had the highest risk to conversion with the worst cognitive diagnosis LMCI (76.9 − 82.4%), the highest amyloid positivity 

(84.3%) and APOE4 carrier rate between 69.4% or 69.8%. In the opposite direction were the sMCI-slow subjects. The 

proposed predictive model better discriminated between sMCI vs pMCI in relation to these three risk factors. Using 

baseline data, the algorithm estimated that around 80% of pMCI-fast subjects progress to dementia and only 14% of 

sMCI-slow subjects were misclassified by this approach. 

[Table 1 about here.] 

3.3 DPM with GRACE 
With the studied population, the proposed vector was used to train the GRACE algorithm. Fig 1 shows both the number 

of the subjects as a function of the time shift, 𝛿𝑖, as well as the relationship between the conversion times of the pMCI 

subjects, 𝑡𝑐𝑜𝑛𝑣𝑒𝑟𝑡 , and their estimates by GRACE, 𝑡̂𝑐𝑜𝑛𝑣𝑒𝑟𝑡 . For the conversion times of the pMCI patients, the regression 

line was an unit slope and intercept is near zero, i.e. the estimated times and the AD timeline were very similar 

(𝑡̂𝑐𝑜𝑛𝑣𝑒𝑟𝑡 = 1.08 ⋅ 𝑡𝑐𝑜𝑛𝑣𝑒𝑟𝑡 − 0.16) and with a Pearson correlation coefficient of R = 0.724(0.718−0.731). By optimizing 
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the classification scores of the subjects based on (𝑡𝑖𝑗
𝑐 + 𝛿𝑖) and the clinical groups, the time to onset of dementia was 

estimated, 𝑡̂𝑜𝑛𝑠𝑒𝑡 ≈  3.4𝑦𝑒𝑎𝑟𝑠. 

[Figure 1 about here.] 

Fig. 2 shows the individual observed trajectories for each marker, in the original scale, ordered in the progression 

timeline using the DPM approach. The long-term trajectories are also highlighted for each marker. Note that the GRACE 

approach was blind to the information of the clinical group or AT profiles of the subjects. Even so, the short-term 

trajectories were painted with different colors depending on the clinical group or AT profiles of the subjects. This 

visualization shows that the ordering proposed by estimating 𝛿𝑖  was consistent both in the clinical classification and in 

the AT profiles. For the estimated time 𝑡̂𝑜𝑛𝑠𝑒𝑡 ≈  3.4𝑦𝑒𝑎𝑟𝑠 , SCORE1 = 95.3%(95.1% − 95.6%) for the sMCI group 

((𝑡𝑖𝑒𝑛𝑑

𝑐 + 𝛿𝑖) < 𝑡𝑜𝑛𝑠𝑒𝑡),  SCORE2 = 80.6%(79.7% − 81.5%) for the pMCI subjects at baseline ((𝑡𝑖1

𝑐 + 𝛿𝑖) < 𝑡𝑜𝑛𝑠𝑒𝑡),  SCORE3 

= 74.5%(73.8% − 75.2%) at the end of the visits ((𝑡𝑖𝑒𝑛𝑑

𝑐 + 𝛿𝑖) > 𝑡𝑜𝑛𝑠𝑒𝑡) of the pMCI patients were correctly classified 

and SCORE4 = 81.5%(80.6%−82.4%) of the dementia subjects ((𝑡𝑖1

𝑐 + 𝛿𝑖) > 𝑡𝑜𝑛𝑠𝑒𝑡)were also correctly classified. Most 

pMCI and dementia subjects had an AT type A+T+ pattern. In contrast, sMCI subjects typically displayed amyloid 

negativity (A-). On the other hand, the short-term trajectories tend from A- towards A+T- and then A+T+ as a function 

of the time of progression towards dementia. 

 

[Figure 2 about here.] 

Once the progression timeline from MCI to dementia was defined from the 𝛿𝑖   values of the subjects, it was possible 

to infer the long-term trajectories of any marker acquired from the studied population (see supplementary material, 

S5). From the long-term trajectories of Aβ42, pTau and FDG, together with the cut-off values to define the positivities of 

the AT(N) profiles, the following times were obtained in the progression of dementia: a) 𝑡𝐴𝛽42 = 880 =  −3.7𝑦𝑒𝑎𝑟𝑠 or 

𝑡𝑝𝑇𝑎𝑢/𝐴𝛽42 = 0.028 =  −3.9𝑦𝑒𝑎𝑟𝑠, b) 𝑡𝑝𝑇𝑎𝑢 = 27 𝑝𝑔/𝑚𝑙 =  −0.8𝑦𝑒𝑎𝑟𝑠 and c) 𝑡𝐹𝐷𝐺=1.21 =  −0.9𝑦𝑒𝑎𝑟𝑠 . These times suggested 

that the amyloid pathology (A+) appeared first and that later both the tau pathology (T+) and the neurodegenerative 

process (N+) occurred at a similar time. This suggestion is also supported by the high linear correlation between Tau 

and pTau (R > 0.9 for any of the three clinical groups analyzed, see supplementary material, S2), as a diagnosis with T+ 

(pTau > 27pg/ml) would also imply N+ (Tau > 290pg/ml). On the other hand, both FDG PET and Tau in CSF reflect 

neurodegeneration. Tau in CSF likely indicates the intensity of neuronal injury at a given time point, while 

hypometabolism on FDG likely indicates both cumulative loss of neuropil and functional impairment of neurons [2]. 

There is no correlation between Tau and FDG (R = −0.03to −0.10, see supplementary material, S2). However, there is a 

reasonable agreement of positivity (N +) and negativity (N-) on neurodegenerative processes between Tau and FDG. At 

baseline, the highest agreement of positivity and negativity between Tau and FDG was in dementia, around 70%. While 

the positive agreement at sMCI falls below 30%, although it has a negative agreement of 76%. The pMCI subjects were 

in intermediate values of agreement (65% in positivity and 40% in negativity).  

3.4 Validation of long-term trajectories 
Table 2 shows a comparison among the mean values of the NMs, at baseline, of the sMCI, pMCI and dementia 

populations, with respect to the values estimated by the long-term trajectories at the onset of the dementia. The 

calculated NM values at 𝑡̂𝑜𝑛𝑠𝑒𝑡 ≈  3.4𝑦𝑒𝑎𝑟𝑠 were similar to the cut-off points used in clinical practice for determining the 

progression to dementia. Furthermore, these NM scores were between the mean values of the pMCI and dementia 

population at baseline. 

On the other hand, the values of the long-term trajectories of AT(N) markers at dementia onset were closer to the 

mean scores of subjects with pMCI and dementia than to clinical practice cut-off points, indicating that the majority of 

patients at 𝑡̂𝑜𝑛𝑠𝑒𝑡  had both amyloid and tau pathology. This result was consistent with the fact that the pMCI and 

dementia populations had around 70% of the A+T+ profile at baseline (see supplementary material, S2). 
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[Table 2 about here.] 

Fig. 3 shows the application of bootstrap techniques on the long trajectories of the NMs between the subjects with 

A+ and A-. It was observed how cognitive decline accelerates among A+ subjects compared to A-. Furthermore, the 

trajectories of subjects A+ showed less dispersion. These subjects correspond to Alzheimer’s continuum. 

Using the cut-off points from MCI to dementia in the scores of the neuropsychological measures, it was observed that 

A+ subjects converted around year 0 while subjects A- progressed to dementia around year 10, i.e. there was a difference 

of approximately a decade of conversion between the subjects who had amyloid pathology and those who did not 

present it at baseline. 

[Figure 3 about here.]  
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4 DISCUSSIONS 

4.1 Conversion rates from MCI to dementia 
MCI subjects are at high risk of progressing to dementia [42]. Around 39% of those diagnosed with MCI in specialist 

settings and 22% in population studies, develop dementia over the subsequent three years, compared to 3% of the non-

MCI population of the same age [43]. In our study using the ADNI database, 30% of the MCI population converted in the 

first four years, which represented 80% of all pMCI patients (see supplementary material, S3). This is in line with 

previous observations from ADNI [12, 14] and other cohorts with similar ages [44]. Studies have shown that 32% of 

MCI patients over 65 years of age developed AD after 5 years of follow up [45]. However, the conversion ratios depend 

on the criteria for patient selection from these cohorts [46]. 

4.2 Approach 
Clinical practice requires not only the detection of subjects at high risk of progression to AD, but also which pathology 

an MCI individual is likely to develop [19]. With both objectives in mind, two types of information were applied: a) the 

AT(N) profile and b) the cognitive evolution towards dementia. While other authors mixed markers from different 

modalities, here, CSF biomarkers and FDG PET measurements were exclusively used for AT(N) profiles and evolution 

of dementia syndrome only used cognitive tests. The AT(N) markers were binarized through cut off points for abnormal 

values, both at baseline and longitudinally. Moreover, the AT(N) profiles allowed us to consider whether the patient 

evolves into the Alzheimer’s continuum or towards a dementia not suspected of being Alzheimer’s. For the severity of 

cognitive impairment, a group of NMs were used for the cognitive and functional progression via predictive models and 

DPMs. 

4.2.1 AT profiles 

The percentages of the MCI/dementia subjects using the AT profiles (A-T-, A-T+, A+T-, A+T+) remained similar between 

baseline and longitudinal analyses. A+ subjects are at higher risk of developing dementia [47]. As described previously 

[10, 13], more than 45% of the MCI population with A+ at baseline converted before the first four years. Furthermore, 

80% of the fast converters had amyloid pathology (A+) at baseline. Previous studies have shown that 40− 60% of MCI 

patients were A+ on PET, with evidence of 40% to 80% risk of conversion to AD dementia within 3 years, a level that 

was 4 to 9 fold higher than their A- counterparts [47, 48, 49]. The MCI subjects that did not progress to dementia over 

time correspond mainly to A- subjects, especially true in the sMCI-slow subjects, i.e. with censoring times greater than 

48 months. 

The fast converters with A+T+ profile represented 70% and, considering the cut-off FDG < 1.21 for N+ at baseline, 

decreased to 53% with an A+T+(N+) profile. In dementia, 68% of the subjects had an A+T+ profile and 63% had 

A+T+(N+), consistent with the fact that between 60-80% of dementia cases are AD [50]. By contrast, 22% of sMCI slow 

subjects, were A+, 14% A+T+ and 3% A+T+(N+). A greater agreement was observed between CSF Tau and FDG for (N) 

in dementia (see supplementary material, S2). Previous work has shown that the combination of abnormal CSF pTau, 

FDG PET and abnormal amyloid biomarker provides more powerful prediction of future dementia than an abnormal 

amyloid study alone [2]. FDG PET can be useful to differentiate between AD and other types of dementia and to measure 

disease progression [51]. FDG-PET is not recommended for diagnosing patients with early phase of AD, as there is no 

way to ascertain whether the hypometabolism is directly related to AD pathology [52]; however, clinicians may refer 

patients with more established symptomatology for an FDG-PET scan to identify regions of glucose hypometabolism 

and neurodegeneration that could be indicative of AD [53]. 

4.2.2 Risk factors 

Advanced MCI stage (LMCI), abnormal levels of amyloid, and the presence of APOE4 carrier were associated with fast 

clinical decline (see Table 1). Previous studies demonstrated that EMCI patients take longer to progress to dementia 

compared with LMCI [54] and LMCI individuals have a 15-fold higher risk of being fast converters [13]. Multiple 
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observational studies have shown that abnormal levels of Aβ were associated with cognitive decline and functional 

progression [55, 56]. The bootstrap analysis on the long trajectories of the NMs showed greater cognitive impairment 

among subjects with amyloid pathology (see Fig. 3). A+ was associated with poorer performance in the cognitive 

domains of global cognitive function, memory, language, visuospatial ability, processing speed, and attention/working 

memory/executive functions when compared to A- subjects [57]. The presence of an APOE4 allele was significantly 

more frequent in the pMCI-fast group among MCI patients. A strong association between APOE4 genotype and amyloid 

accumulation in the brain is well described in both in vivo [58] and neuropathology studies [59]. 

4.2.3 Predictive models 

Predictive models of progression to dementia that combine measures of multiple domains simultaneously have been 

proposed previously. A combination of supervised and unsupervised machine learning approach was employed to avoid 

circular contamination of data with the clinical diagnostic information. The proposed methodology was applied to the 

ADNI cohort, specifically for individuals diagnosed with MCI at their baseline assessments, and whether they converted 

to dementia during the follow-up was determined. A vector of cognitive measures was proposed for estimating the 

conversion probabilities from the MCI stage to dementia and to describe the natural history of the temporal progression 

of MCI to dementia: 

{ADAS13, FAQ, MMSE, CDRSB}. 

These markers are easily interpretable, generating a robust, verifiable and reliable predictive model. The results 

reported here indicate that the proposed approach significantly captures the underlying disease burden, which could 

be transferable to other cohorts, and can be applied across wide age ranges. At baseline, the proposed battery of 

cognitive measures better discriminated, between sMCI and pMCI subjects with respect to other suggested risk factors 

(LMCI, A +, APOE4), particularly between the pMCI fast and sMCI slow subjects. The predictive performance was in line 

with the classification scores of previously presented algorithms [19]. In addition, it was observed that adding other 

marker modalities to cognitive measures did not produce significant improvements in the performance of the predictive 

models. The cost of collecting cognitive variables compared to performing a MRI or a amyloid PET is quite low. 

Therefore, the non-significant improvement in performance might not be worth the cost, logistics and patient 

inconvenience arising from the collection of other modalities. Methods that focus solely on cognition, as proposed here, 

should be further explored [19]. In this direction, AD treatment effectiveness may be inferred by examining impairment 

measured solely by longitudinal NMs [60]. Recent FDA preliminary guidance for industry similarly raises this 

possibility, suggesting that it will ”consider strongly justified arguments that a persuasive effect on sensitive measures 

of neuropsychological performance may provide adequate support for a marketing approval” [61]. 

4.2.4 DPM 

The proposed natural history of the progression from MCI to dementia was verified at three different levels: a) The high 

linear correlation (R = 0.724(0.718−0.731)) between the conversion times of the pMCI subjects and their values 

estimated by GRACE. b) The good performance on clinical classification (sMCI, pMCI and dementia) of subjects with the 

proposed temporal ordering (see fig. 2, 𝑡̂𝑜𝑛𝑠𝑒𝑡 ≈  3.4𝑦𝑒𝑎𝑟𝑠, SCORE1 = 95.3%(95.1%−95.6%), SCORE2 = 80.6%(79.7% − 

81.5%), SCORE3 = 74.5%(73.8% − 75.2%) and SCORE4 = 81.5%(80.6% − 82.4%)) and c) The similarities of the cut-off 

points of the cognitive and functional measures, used in clinical practice to diagnose dementia, and the values defined 

in these NMs at the time of onset of dementia given by the proposed natural history of the dementia (see table 2). 

The long-term trajectories of AT(N) markers, given by the proposed temporal ordering of the studied MCI/dementia 

population, indicated that amyloid pathology (A+) was present around 7 years before the onset of dementia ((𝑡𝑜𝑛𝑠𝑒𝑡 –  𝑡𝐴𝛽42 =

880) or (𝑡𝑜𝑛𝑠𝑒𝑡 – 𝑡𝑝𝑇𝑎𝑢/𝐴𝛽42 = 0.028 )). Furthermore, the time to reach T+ (𝑡𝑜𝑛𝑠𝑒𝑡 –  𝑡𝑝𝑇𝑎𝑢 = 27) and N+ (𝑡𝑜𝑛𝑠𝑒𝑡 − 𝑡𝐹𝐷𝐺=1.21) were 

obtained, simultaneously, about 3 or 4 years before the onset of dementia. The cut-off values of N+ given by FDG and CSF-

Tau markers were also observed that occur practically at the same time of the proposed natural history. This proposed 

temporal ordering is in line with previous observations. Positive β-amyloid detectable by both CSF and amyloid PET has 

been shown to precede substantial tau deposition [62]. Levels of Aβ42 in CSF are already decreased at least 5 to 10 years 

before conversion to AD dementia, whereas Tau and pTau became progressively more abnormal as the time to diagnosis 
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of dementia [63, 64, 65]. These conclusions represent sample rather than individual effects. Furthermore, these estimated 

times were consistent with the observation that around 70% of pMCI-fast and dementia subjects show an A+T+ profile at 

baseline. 

 

In order to detect MCI subjects at high risk of conversion into dementia, the long-term trajectories of the AT(N) 

markers and NMs on a common scale (see supplementary material, S5) indicated that the progressions of AT(N) 

markers were slower, and occur prior to, cognitive and functional decline measures. This supports the dual use of the 

AT(N) profile and the predictive models of the clinical symptom progression. The AT(N) profile, at baseline, allows the 

discrimination between the various stages of the Alzheimer’s continuum and other dementias. On the other hand, the 

predictive models, presented here, estimated the time to convert to dementia. Furthermore, it was suggested that 

estimating the progression to dementia only requires the exclusive use of neuropsychological measures. 

4.3 Limitations 
This study has several limitations. Participants were selected from a single database. Moreover, ADNI patients are 

mostly well-educated and Caucasian. Further validation studies are needed with larger and more generalizable 

populations. However, the ADNI cohort has been used in 84.6% of articles studying the progression of subjects with 

MCI [19]. 

On the other hand, although the importance of amyloid pathology was highlighted by the current results, further 

suggested risk factors, such as sex and its interaction with the APOE4 genotype [66], require further interrogation.  

Although GRACE has demonstrated superiority in estimating disease progressions compared to alternative 

approaches [33], new DPM training algorithms have emerged in recent years [67, 68, 69], including proposals based on 

recurrent neural networks [70]. Thus, a comparison between GRACE and these new approaches remains pending. 

 

5 CONCLUSIONS 
A combination of data from AT(N) profiles at baseline and longitudinal predictive modeling is proposed. The AT(N) 

profiles of the MCI subjects at baseline were not substantially modified longitudinally, especially true of the pMCI 

subjects. This is consistent with amyloid pathology being present years before the onset of dementia. 

With a selected vector of cognitive and functional measures, high performance is achieved for detecting subjects at 

high risk of converting to dementia in the first four years and a natural history of the progression of MCI into dementia 

is also proposed. The proposed temporal evolution towards dementia was validated through three different metrics, 

highlighting the high linear correlation between the conversion times of the pMCI subjects and the estimated times with 

the proposed approach (R=0.72). 

By combing the AT(N) profile with predictive modeling, the risk of converting from MCI to dementia was better 

estimated, as well as whether patients progressed within the Alzheimer’s continuum or into a suspected non-

Alzheimer’s dementia. Thus, the MCI fast converters had an A+T+ profile of almost 70% at baseline, which coincided 

with the percentage of subjects with dementia at baseline and A+T+ profile. These percentages are in the line with 

evidence that between 60-80% of dementia have AD [50]. In addition, the amyloid pathology (A+) was estimated in 7 

years before dementia and that tau pathology (T+) and neurodegeneration (N+) were between 3-4 years before 

dementia. 
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Finally, MCI subjects with amyloid pathology (A+) compared to those without (A-) demonstrated a difference of one 

decade in reaching the onset of dementia. In addition, the longitudinal trajectories of the cognitive and functional 

markers showed a faster and less dispersed deterioration among the A+ subjects compared to the A-. 
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Figure 1: Classification of the subjects according to the time shift 𝛿𝑖. The first column shows the histogram of the number 

of subjects as a function of the temporal ordering proposed by GRACE, (𝑡𝑖𝑗
𝑐 + 𝛿𝑖) − 𝑡̂𝑜𝑛𝑠𝑒𝑡 . The second column shows the 

conversion times of the pMCI subjects with respect to their estimations by GRACE.  
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Figure 2: For each selected marker, the long-term trajectories (black lines) are superimposed over the subject-level 

observations in the original scale and colored according to diagnosis in the first row (sMCI in green, pMCI in blue and 

dementia in red) or AT profiles in the second row (A- in green, A+T- in blue and A+T+ in red). In the third panel, in blue, 

the long term trajectories of the selected markers from the bootstrapping technique. 
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Figure 3: Long trajectories between the subjects with A+ and A- of the selected NM vector. Use of the bootstrap technique 

to infer the confidence intervals of the long trajectories. 
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Table 1: Comparison between the results of the proposed predictive model for conversion to dementia (using a binary 

classification, convert or not) with respect to the three highest risk factors (LMCI, A +, APOE4) at baseline. N= number 

of subjects. 

 

   General population Sub-group with CSF markers at baseline 

Clinical time ≤ month48? n LMCI APOE4 model n LMCI APOE4 A+ model 

pMCI 
fast 

slow 

182 

48 

82.4% 

68.6% 

69.8% 

50% 

80.8% 

43.8% 

134 

34 

76.9% 

58.8% 

69.4% 

52.9% 

84.3% 

64.7% 

82.1% 

47.1% 

sMCI 
fast 

slow 

207 

196 

32.9% 

38.3% 

43.5% 

33.7% 

28.5% 

13.8% 

176 

157 

32.4% 

28.7% 

44.3% 

34.4% 

40.3% 

22.3% 

26.7% 

14.0% 

 

Table 2: For each selected marker, a comparison among the mean values by clinical group (sMCI, pMCI, dementia) at 

baseline, with respect to the values estimated by the long trajectories at the onset of dementia and the cut-offs used in 

the clinical practice for determining progression to dementia. 

 

Demographic and clinical characteristics Model 

Subjects  sMCI  pMCI  Dem  clinical cutoff 𝑡𝑜𝑛𝑠𝑒𝑡 =  3.4𝑦𝑒𝑎𝑟𝑠 

Cognitive outcomes 

ADAS13 12.9 19.9 31.1 26.5 [71] 25.9 

CDRSB 1.2 1.9 4.5 3 [74] 3.7 

FAQ 1.7 4.8 13.4 6 [72] 9.6 

MMSE 28.3 27.2 23.1 26 [73] 24.8 

CSF biomarkers & FDG 

Aβ42 1117.42 752.04 690.21 880 [31] 605 

pTau 23.08 34.54 37.14 27 [31] 31 

pTau/Aβ42 0.03 0.05 0.06 0.028 [31] 0.052 

FDG 1.29 1.19 1.06 1.21 [75] 1.13 

 


