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Abstract. A neurodegenerative disorder such as Alzheimer’s disease
(AD) begins with memory loss and develops over time, causing issues in
conversation, orientation, and control of bodily functions. It is important
to understand the dynamics of the progression of AD to help efficiently
apply therapeutic interventions at the early stages of the disease. Pat-
terns of disease progression can be explored in data sets capturing the
natural history of cognitive scores of AD patients. Such data sets are
longitudinal, in the sense, that they contain repeated measurements at
multiple time points on multiple individuals. Since AD evolves through a
long period of time, often longer than observation at an individual scale,
it makes the modeling problem difficult compared to those time series
whose seasonality is seen in each observation. Moreover, the progression
of different cognitive scores may have different trends, seasonality, and
amplitude by design and per individual. The proposed direction of work
includes the long term prediction of cognitive scores based on the anal-
ysis of discovered patterns of subgroups of AD patients, combining the
proposed techniques in a research area as well as implementation of the
own approach.
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1 Introduction

AD progress slowly with preclinical and prodromal phases lasting many years
before the onset of dementia. The stage of the underlying disease process entering
a clinical trial is largely unknown, but may be estimated by a combination of,
for example, cognitive testing, clinical evaluation, and biomarker results [13].
Current treatment methods can only slow down the tempo of disease progression,
hence, it is important to understand the dynamics of progression of AD to help
efficiently apply therapeutic interventions at the early stages of disease. Patterns
of disease progression can be explored in data that capture the natural history
of biomarkers of AD patients. These biomarkers at a single time point do not
necessarily indicate a cognitive decline. The fact of cognitive decline can be
established via their multiple measurements over time. Such observations are
longitudinal, in the sense, that they contain repeated measurements at multiple
time points on multiple individuals [10].
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2 Problem Setting

There are several difficulties that complicate the analysis of longitudinal data of
patients with AD. The data within clinical assessment contains the individual’s
biomarker trajectories on different stages of the disease. Often the disease onset is
missed and the observation of progression starts when there are some significant
symptoms emerged. Moreover, the onset of symptoms may vary from 40 to 80
years of age, and the pathology may evolve over decades [14]. Another problem
involves the fact that the dynamics of individuals’ biomarker trajectories can
vary significantly compared to the average across participants at a certain disease
stage. The visual representation of this fact can be seen on Fig. 1. Authors in
[9] took several key biomarkers and specified that certain scores of individual
biomarkers can be classified to a different disease stage.

The crucial part of longitudinal data analysis is dealing with missing data.
Real-world applications often have delayed observations or simply there could be
mistakes in data collections. Missing data poses a major difficulty for modeling
medical longitudinal data since most statistical models assume feature-complete
data [6].

Fig. 1. Distribution of the subject-specific latent time shifts. The density plot demon-
strates that there is a big overlap of the diagnostic criteria with respect to the la-
tent time. Abbreviations: CN, cognitively normal; SMC, subjective memory concern;
EMCI, early mild cognitive impairment; LMCI, late mild cognitive impairment; AD,
Alzheimer’s disease with mild-to-moderate dementia [9].
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3 Related Work

Existing longitudinal disease progression models attempt to solve problems men-
tioned in the Problem Statement above while making predictions. Some ap-
proaches estimate longitudinal observations of individuals’ biomarker trajecto-
ries using mixed-effects models. The nonlinear mixed-effects model of [13] that
is implemented in a Bayesian framework includes an individual-specific latent
time shift, which is shared across all of an individual’s outcomes and represents
the extent of their long-term disease progression. Mixed-effect models of disease
progression within high dimensional data sometimes considered in the context
of Riemannian geometry. For example, the recent discovery of [3] uses the con-
cept of product manifold to handle multimodal data and leverage the generative
aspect of the model to handle missing values.

Deep Learning models show promising results in modeling the distribution of
biomarker trajectories. Authors in [7] analyzed yearly separated observations of
biomarkers and proposed a generalized method for training LSTM networks that
can handle missing values in both input and target. This is achieved by applying
the batch gradient descent algorithm in combination with the loss function and
its gradients normalized by the number of missing values in input and target.
The different strategies to handle missing data are explored in [12]. Two of the
strategies treat the missing data as a “preprocessing” issue and impute the miss-
ing data using the previous time point or linear interpolation. The third strategy
use the RNN model to fill in the missing data both during training and test-
ing. Combination of an RNN and a Bayesian embedding layer is demonstrated
in an adaptive prediction model of timing for Electronic Health Records data
in [4]. Authors show the evolution of adaptive prediction timing over training
that helps to utilize time periods of frequent events and produce predictions.
The proposed RNN architecture of [8] can deal with multiple variable-sized lists
of different events like visits, medication adjustments or imaging and is not re-
stricted as above mentioned LSTM models and model of [10] that requires a fixed
amount of observation for given features. The deep neural sequence transduction
model for electronic health records BEHRT [11] predicts the likelihood of 301
diseases per individual based on multiple heterogeneous data (e.g., diagnoses,
interventions, lab tests, clinical narratives, and more). Authors represent diag-
noses as words, each visit as a sentence, and a patient’s entire medical history
as a document, authors facilitate the use of multi-head self-attention, positional
encoding, and masked language model (MLM), for EHR.

4 Motivation

Although the described models try to build a generalized approach that un-
leashes the patterns of progressions of individual’s biomarker trajectories, there
are a few attempts that try to split this problem into the lower level of granular-
ity by exploring patterns of subgroups of AD patients. The other side of revised
approaches that have been discussed in the literature is that each tackling a par-
ticular issue of the problem at hand. Moreover, the evaluation techniques used



162 Sevil Smailova and Igor Koval

different evaluation metrics that complicate the generalized assessment of the
problem. The last significant lack of existing solutions is that short term pre-
dictions would not be in practical use since the change in measurements occur
over a longer period of time (more than one year). Considering aforementioned
drawbacks, data driven solution is required to cover existing difficulties in mod-
elling the AD progression, long-term prediction of individuals’ cognitive decline
within a unified evaluation process.

5 Envisioned Approach to Problem Solution

The purpose of this work is to fill the gap in generalized approach to the problem
of cognitive scores progression prediction of AD individuals. The plan of the
current research is to overcome the next challenges:

1. Generalized approach in prediction of cognitive scores.
2. Long term prediction of individuals cognitive decline.
3. Generalized evaluation process.

5.1 Baseline

Baseline methods are the starting point that will be used to compare with pro-
posed approaches. They will include modeling the mixed-effect models with com-
bination of linear and nonlinear imputation methods for missing values and RNN
network.

5.2 Deep Learning with BERT-style Embeddings

The current approach was inspired by the BEHRT model of [11]. Authors try
to predict individuals’ future diagnoses as a multi-label classification problem
given a patient’s past data that consist of diagnoses, interventions, lab tests,
clinical narratives and other data. As shown in Fig. 2 they use embeddings
that can potentially handle all problems within missing data, difference between
patients’ observations by encoding each observation as a sentence like sentences
of words in original BERT [5]. Fig. 2 (a) shows how BEHRT sees one’s EHR.
This way BEHRT can not only rely on given features, but also apply encoding for
an event’s positions (marked as POSITION) and an encoding for visit frequency
(marked as SEGMENT with A and B) that could be different from visit to visit.
The summation of all these embeddings results in a final embedding shown at the
bottom of (a). It depicts the contextual representation of one’s EHR at a given
visit’s diagnosis. Section (b) shows BEHRT’s Transformer-based architecture.
This part of the model is pretrained by the masking language model (MLM)
with purpose to learn the network parameters (including the disease embeddings)
and predict the masked disease tokens. When training the model in downstream
tasks, the model fine-tunes the weights pre-trained in the MLM task and learns
the weights for the classification layer (i.e., mapping T1 to the pooling layer and
finally to the subsequent diseases classifier) [5].
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Fig. 2. BEHRT architecture.

The current classification problem can be turned on a Regression task within
a focus on long-term prediction of separate cognitive scores and biomarkers.
Since the existing embeddings based on EHR data and trained on Clinical Prac-
tice Research Datalink within longitudinal primary care data for patient with
different diseases, they could be not potentially useful. The alternative way is
to construct own embeddings in a similar way with positional encodings. The
following embeddings will be used to train existing BEHRT model or tranferred
to other DL model such as LSTM.

5.3 Evaluation

The described task is a regression problem, hence, assessing the proposed ap-
proaches will be mainly provided by the next metrics:

1. Mean Absolute Error (MAE)

2. Weighted Error Score (WES)

3. Coverage Probability Accuracy (CPA)

The MAE focuses purely on accuracy of prediction ignoring confidence, whereas
the WES incorporates participants’ confidence estimates into the error score. The
CPA provides an assessment of the accuracy of the confidence estimates and is
irrespective to the prediction accuracy [2].

5.4 Plan of future work

The timeline of future research is shown in Fig. 3.



164 Sevil Smailova and Igor Koval

Fig. 3. Timeline of future research.

5.5 Dataset

The list of biomarkers that potentially could be used in interested research area
can be divided into two categories: measures of the amyloid beta protein and
measures of damage to nerve cells [9]. For the first category, amyloid beta can be
measured using either cerebrospinal fluid (CSF) puncture or amyloid positron
emission tomography (PET). For the second category, damage to the nerve cells
can be measured indirectly by quantifying the fraction of tau protein in the CSF
or using tau-PET, or directly by quantifying brain metabolism using fluoro-
deoxyglucose (FDG), PET or atrophy using magnetic resonance imaging (MRI)
[2].

Data used in the preparation of this article were obtained from the Alzheimer’s
Disease Neuroimaging Initiative (ADNI) database. For up-to-date information,
see www.adni-info.org. The ADNI datasets contain the biomarkers of the
following measurement subgroups: MRI, PET, CSF, diffusion tensor imaging
(DTI), cognitive tests, some genetic and demographic information. Each row of
dataset represents data for one particular visit of a patient, and each column
represents a feature or measurement.

6 Summary

The current proposal have described the existing caveats in solving problem of
prediction longitudinal medical data of AD patients. The goal of the work is to

www.adni-info.org
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suggest the outlined pipeline of proposed research area and implement proposed
approaches in development of predictive algorithms for medical variables. The
algorithm, once validated will be directly plugged into the Leaspy package [1] to
benefit the disease modeling community.
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