HIGH SCHOOL EDITION

@ Journal of Student Research

Volume 13 Issue 4 (2024)

Identifying Progression Pattern of Alzheimer’s
Disease Using Longitudinal Clinical and
Neuroimaging Biomarkers

Ann Song

Choate Rosemary Hall, USA

ABSTRACT

Alzheimer’s disease is one of the most common neurodegenerative disorders worldwide. Therapeutics to treat or pre-
vent Alzheimer’s disease progression has not been successful due to the possible heterogeneity of progression and
response to treatment. The goal of this study was to determine whether there is a common pattern in Alzheimer’s
Disease progression that can be used to guide the clinical trials and treatment. Longitudinal clinical and neuroimaging
biomarkers data from Open Access Series of Imaging Studies were analyzed using an approach based on Mixture of
Gaussian Processes Model to identify clusters that has similar pattern in progression. The approach enables non-
parametric analyses with no assumptions on linearity and number of clusters. It was demonstrated that normalizing
the patient’s own onset value yields better accuracy in stratifying patients by progression rate because it removes the
systematic variations and imbalance induced by environmental and genetic differences among the patients. The clus-
tering result showed that the Alzheimer’s Disease progression is nonlinear, suggesting that the initial progression rate
should not be used to evaluate the future progression trajectory. It was demonstrated that the progression is heteroge-
neous among the patients within each biomarker and among biomarkers of each patient, indicating the importance of
personalized treatment for individual patient. Additional analyses with more data to ensure the robustness of the clus-
tering will provide neurologists a powerful tool to estimate the progression trajectory of each patient, with which a
personalized treatment becomes possible.

Introduction

Alzheimer’s disease (AD) is one of the most common neurodegenerative disorders worldwide, with a prevalence of
3.9% for individuals over the age of 60 (Prince et al., 2013). Despite the availability of several drug therapeutics to
treat AD or delay its progression from Mild Cognitive Impairment (MCI), around 12—-15% of individuals with MCI
progress to AD annually(Petersen, 2004). Failure of drug therapeutic attempts is partially attributed to the heteroge-
neity of progression and response to treatment (Goyal et al., 2018; Mehta et al., 2017).

Researchers commonly use longitudinal functional clinical biomarkers to assess the AD progression. The
neuropathological hallmarks of AD mainly include amyloid-beta (Af) plaques and neurofibrillary tangles of hyper-
phosphorylated tau, which are believed to result in structural neurodegenerative changes in the brain (Deture et al.,
2019; Meyer et al., 2020). Both linear and non-linear progression of cognitive decline in AD patients has been reported
with different progression profiles among individuals (Doody et al., 2010; Stern et al., 1996). Measurement and mod-
eling of these biomarkers have significantly helped diagnoses and treatment strategies. However, the heterogeneity of
progression is still not understood as individuals are often evaluated at different stages of the disease, and there are
systematic variations due to environmental and genetic differences, making the comparisons among all the patients
challenging.

It is critically important to identify progression patterns of AD because it would be the first step to personal-
ized treatment for patients based on their pattern. The application of precision medicine with Al techniques is emerging
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as a promising approach for preventing disease progression and improving treatment outcomes (Silva-Spinola et al.,
2022). The implementation of machine learning techniques to analyze large-scale multi-modal data within the frame-
work of precision medicine would improve the ability to design research that aims to determine disease progression
mechanisms. Furthermore, it would aid in guiding clinical trials with variations of environmental, genetic, and other
factors in mind.

Several models have been developed to understand AD progression. However, most models only use a small
subset of available biomarkers (Jack, Knopman, et al., 2013; Jack & Holtzman, 2013). My previous research identified
several significant clinical and neuroimaging biomarkers that correlate with the patients' cognitive status. These bi-
omarkers include the deposition of amyloid-beta (Af) plaque and the volume or thickness of certain brain regions. A
model that incorporates all these multimodal variables would provide a more comprehensive insight into AD progres-
sion.

In addition, previous studies that model AD progression were limited by parametric assumptions on abnor-
malities or outcome measures (Doody et al., 2010; Fisher et al., 2019; Goyal et al., 2018; Peterson et al., 2018). For
example, Peterson et. al. used a Gaussian Process model (pGP) to predict key metrics of AD progression (Peterson et
al., 2018). However, it was assumed that each patient followed a single progression path with noise, which artificially
removes the heterogeneity of the progression. With the complexity of AD progression, it is critical to develop com-
putational methods that can flexibly identify patient clusters with minimal assumptions.

The goal of this study was to determine whether there is a common AD progression pattern that can aid in
guiding clinical trials and treatment. An approach based on the Mixture of Gaussian Processes Model (MoGP) was
used to identify clusters that show similar progression patterns (D Ramamoorthy et al., 2022; Divya Ramamoorthy et
al., 2022). The MoGP model involves two Bayesian non-parametric methods: Gaussian process regression (C. E.
Rasmussen et al., 2005; C. Rasmussen et al., 2001) and Dirichlet process clustering (Albert, 1984; Escobar et al.,
1995). Gaussian process regression allows for the learning of progression patterns from data without a predefined
function form; therefore, it can capture all possible progression patterns (D Ramamoorthy et al., 2022; Divya Rama-
moorthy et al., 2022). The Dirichlet process clustering method has the advantage of identifying clusters with no as-
sumptions on the number of clusters needed.

Methods

Study Design

Data used in this study were obtained from the Open Access Series of Imaging Studies (OASIS-3) (LaMontagne et
al., 2019). Data of patients that show progression from CN or MCI to AD were used for the analyses, including
Amyloid Centiloid PET imaging data and brain volume characterized by Brain MRI imaging. The biomarkers identi-
fied to be the greatest impact on AD progression from previous studies were analyzed to determine the progression
pattern (Song, 2022). MoGP for sparse longitudinal data was used to process the progression (Fraenkel, 2022).

Data

OASIS-3 is longitudinal data including 2842 MR Sessions, 2157 PET Sessions, and 1472 CT Sessions from 1379
participants, which include 755 cognitively normal adults and 622 individuals at various stages of cognitive decline
ranging from 42 - 95 years old. For more detailed statistics of OASIS-3, please refer to the literature (LaMontagne et
al., 2019). The OASIS-3 data are hosted on XNAT Central (https://central.xnat.org), a publicly accessible data repos-
itory.
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The data reported in OASIS-3 include patient demographics, family history, patient physical and medical
history, Clinical Demential Rating (CDR), dementia staging, Mini-Mental State Examination (MMSE)), clinical diag-
nosis, Amyloid Centiloid values by PET imaging and Brain volume by MRI imaging.

Data Preparation

To apply the MoGP model, the relevant biomarker data from OASIS-3 needs to be processed into two 2D arrays:

e The first is a time array. Each patient is represented by a row, with columns indicating time since symptom
onset ¢ = 0). All times are in years since the first visit.

e The second is an array for the value of each biomarker used in the study. Like the time array, each patient is
represented by a row. Columns include the values of MMSE and cortical volumes and thicknesses that were
identified to be the most important biomarkers from the previous study (Song, 2022), including Left Nucleus
Accumbens Volume, Left Amygdala Volume, Left Hemisphere Middle Temporal Thickness, Left Hemi-
sphere Superior Temporal Thickness, Right Amygdala Volume, Right Inferior Lateral Ventricles Volume,
Total Hippocampal Volume. The Mean Cortical Amyloid Centiloid was not used in this study because most
of the patients only have 1-2 data points reported by OASIS-3 database. CDR is not analyzed either because
the values are not continuous, which is not suitable for a MoGP model application.

Only patients who showed progression were chosen from the data to be used in this study. The onset value
of a symptom is determined by the biomarker value that corresponds to the last year when a patient was diagnosed
with CN before being diagnosed with MCI or AD. If a patient is diagnosed with MCI or AD on their first visit, then
the data from their first visit will be considered their onset value. In a study on amyotrophic lateral sclerosis (ALS)
progression analyzed by previous studies using the MoGP model (D Ramamoorthy et al., 2022; Divya Ramamoorthy
et al., 2022), the onset of the ALS system has a fixed value. In this study, however, the onset value of each biomarker
has a great variation among patients (Figure 1 and Figure 2). To remove the effects of the variations of the onset value
on clustering, the values of each patient at different visit times were normalized by the onset value, which resulted in
the onset value for each patient being 1 for all the biomarkers (Figure 3).
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Figure 1. Absolute values of biomarkers VS. time. Each line represents each patient in the plots.
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Figure 2. Boxplot of the onset values of each biomarker. The values are all normalized by the mean value of each
biomarker to fit all the biomarkers in one plot. L: Left; R: Right; I: inferior; M: middle; S: superior; V: volume, T:
thickness.
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Figure 3. Biomarker values normalized by the onset value of each individual patient.
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Modeling

The MoGP model uses Gaussian process (GP) regression and Dirichlet process (DP) clustering. The Gaussian process
is a nonparametric supervised learning method used to solve regression and probabilistic classification problems re-
gression (C. E. Rasmussen et al., 2005; C. Rasmussen et al., 2001). Gaussian processes have priors that define the
user's expectation specified by a mean function and covariance kernel (Hackeling, 2017): f (x) o« GP(m(x), k(x,x")),
where m(x) is the model’s mean function and k(x,x") is the model’s covariance function. With the expectation of

continuous trajectory, a squared exponential (SE) kernel was used, as explained in literature (Fisher et al., 2019; Goyal

—(x=xn?
212

function from the mean and [ is the characteristic length-scale of the process. The length scale defines how close two

etal., 2018), (x,x") = o%exp , where 2 is the model's covariance that determines the average distance of the
points must be to influence each other significantly. Therefore, it specifies the smoothness of the function, i.e., the
larger the length scale is, the smoother the function is. In this study, a gamma prior with a mean of 8 and variance of
5 was used for the length scale based on the data.

Dirichlet process mixtures is an unsupervised learning model that can be used to identify a cluster without
making any assumptions on the number of clusters in advance. The process begins with assuming that there could be
an infinite number of clusters. It then narrows down the prediction by considering several mixture components pro-
vided by the Gaussian Process. The patients' trajectories are then grouped into different clusters based on the proba-
bility of explaining the progression best (D Ramamoorthy et al., 2022).

Model Evaluation

The average first year slope of each cluster was calculated and plotted to evaluate the trajectory nonlinearity. The
slope was calculated as the slope of the line between the onset value at (t = 0) and at (t = 1). The average Root Mean

_ [ 00-90)?
Square Error (RMSE = T) of all the test data was used to evaluate the accuracy of the model. The lower
the RMSE is, the higher the prediction accuracy is.

Results

Variations on the onset value (Figure 1) and the progression speed (Figure 3) are shown among all patients. For
instance, while certain patients exhibited rapid progression, they had high initial biomarker values. As a result, even
after some progression, their biomarker values were still greater than the onset value of other patients, influencing the
clustering outcomes and the size of each cluster. Normalizing the data by the onset value of each patient removes the
onset variations among patients. Therefore, clustering can focus on progression speed instead of absolute values of
each biomarker.

Clustering based on both normalized and non-normalized data resulted in multiple clusters. The top 3 clusters
from both methods from the example biomarkers are shown in Figure 4. It shows that modeling with normalized
values yields more distinct clusters with fewer overlaps among them. As expected, clustering with normalized data
results in a decrease in RMSE error while predicting progression values (Figure 5). This was the result of variations
of onset values being removed. The results presented in Table 1 demonstrated that clustering with normalized data
significantly reduces the error in predicting progression values.
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Figure 4. Example Top 3 clusters from non-normalized vs normalized data. The number of n indicates the number of
patients in the corresponding cluster. LH: Left Hemisphere.
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Figure 5. RMSE Error for non-normalized vs normalized data. For the error of the non-normalized data, the RMSE

error was normalized by each patient's onset value for a fair comparison between the methods. L: Left; R: Right; H:
Hemisphere; I: Inferior; M: Middle; S: Superior; V: Volume; T: Thickness.

Table 1. Prediction RMSE Error of clustering using normalized data vs. non-normalized data. L: Left; R: Right; H:
Hemisphere; I: Inferior; M: Middle; S: Superior; V: Volume; T: Thickness

Biomarkers LI b ) LB . p-value
(Data Normalized) (Data Not Normalized)

LN Accumbens (V) 0.059 +/- 0.048 0.150 +/- 0.076 1.62E-24
Hippocampus (V) 0.051 +/- 0.028 0.083 +/- 0.072 8.48E-07
L Amygdala (V) 0.038 +/- 0.029 0.090 +/- 0.041 1.29E-27
R Amygdala (V) 0.043 +/- 0.035 0.106 +/- 0.048 2.08E-30
LHM Temporal (T) 0.015 +/- 0.014 0.032 +/- 0.018 3.67E-16
LHS Temporal (T) 0.015 +/- 0.010 0.032 +/- 0.019 2.60E-19
MMSE 0.041 +/- 0.028 0.051 +/- 0.041 8.12E-04

Nonlinearity in the progression of all the biomarkers was observed. As shown in Figure 6 and Figure 7, none

of any clusters of any biomarkers show a linear progression that aligns with the initial progression slope. For example,

the initial progression of some clusters showed an increasing trend, while the corresponding clusters showed a de-

creasing trend. This suggests that the initial progression should not be used to predict AD progression.
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Figure 6. Progression pattern of each biomarker. The number n indicates the number of patients in each cluster. For
each biomarker, only the 3 most dominant clusters are demonstrated. L: Left; R: Right; I: Inferior; N: Nucleus; V:
Volume; T: Thickness.
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Figure 7. Progression pattern of MMSE with the 3 most dominant clusters are demonstrated. The number n indicates
the number of patients in each cluster.

For each biomarker, progression is heterogeneous among the groups of clustered patients in terms of initial
progression rate and the progression pattern (Figure 6 and Figure 7). First, the initial progression rate (calculated from
t = 0tot = 1) varies among the clustered patients (Figure 6). For hippocampus volume, clusters A1 and A3 showed
decreasing initial slopes, while cluster A2 has a slight increasing slope for the volume. For Left Nucleus Acumbens,
clusters B1 and B3 have a cliff decline in volume, while B2 has a much slower progression rate. Such heterogeneity
on initial progression was seen in all other volume and thickness biomarkers as well as MMSE (Figure 7).

Second, the progression trajectory is heterogenous among the clustered patients (Figure 6 and Figure 7). For
example, in Figure 6, cluster C1 for the Left Amygdala has almost a quasi-linear decrease in volume, while cluster C2
showed a relatively slow decrease at the earlier years followed by a much faster decline. Finally, cluster C3, showed
a sinusoidal pattern. For LH Middle and Superior Temporal, E1, E2, F1, and F3 clusters showed a very slow decline
in thickness. The E3 cluster has an S-shape trajectory, and the F2 cluster has a similar trajectory as that of cluster C2.
For MMSE score (Figure 7), clusters 1 and 3 have stable values, while cluster 2 has little or no changes in earlier
years, but showed a cliff decline in later years.

Heterogeneity was also observed among the biomarkers. In general, LH superior and middle temporal thick-
nesses (Figure 6 A-D) have more distinct clusters with narrower bands compared to clusters of volume biomarkers
(Figure 6 E, F). The progression rate of cortical thicknesses is generally slower than that of volumes. Surprisingly,
MMSE does not seem to change significantly as disease progresses, especially the first and third clusters (Figure 7).

Examples of prediction are shown in Figure 8, which shows that the patient data are mostly within the 95%
confidence of the assigned cluster, and most RMSE errors are less than 5%, suggesting a good prediction of future
progression. The mean RMSE error over all patients in the test dataset is shown in Table 1, which evaluates the general
accuracy of clustering.
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Figure 8. Examples of prediction from clustering.

Discussions

The ability to accurately predict the progression of individual patients would enable personalized data-driven treat-
ment. With the unavoidable environmental and genetic differences, each patient could have a unique progression
trajectory with unique risks and responses to therapy. Due to this heterogeneity, current predictive models cannot
make individual-level forecasts with high degrees of confidence. The present study used an MoGP model (Fraenkel,
2022; D Ramamoorthy et al., 2022) to characterize AD progression pattern. The model uses Gaussian process regres-
sion and Dirichlet process clustering, which are non-parametric methods that do not rely on specific assumptions about
linearity or the number of clusters. This allows the model to capture a wide range of nonlinear progression patterns
and identify clusters without prior knowledge of the number of clusters.

One of the key novel contributions of this study is clustering the AD progression using both clinical and
imaging biomarkers. MMSE (Folstein et al., 1975) and CDR Scale (Khan, 2016) have been widely used to describe
the severity and stage of AD. However, the present study showed that MMSE does not have a strong correlation with
progression. CDR uses only 5 scales to represent the stage of the disease, and therefore, it is not a good metric to
evaluate the progression rare. My previous study showed progression from CN to AD was characterized by increased
amyloid deposition, atrophy of the hippocampus, amygdala, and left Accumbens, thinning of left hemisphere tem-
poral, and enlarged inferior lateral ventricles (Song, 2022). Cluster analyses on these biomarkers demonstrated a strong
correlation with the progression of AD, particularly in the thickness of the left hemisphere's superior and middle
temporal regions. This highlights the significance of examining the morphological changes in the brain that are ac-
quired from MR or PET images. Neither MMSE nor CDR is a reliable indicator of the progression speed of AD.
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The results suggested that AD progression is nonlinear and heterogeneous. Nonlinear progression is con-
firmed by the significant difference between the nonlinear progression trajectory and the initial progression rate (the
first-year slope). The heterogeneity is shown in the progression rate among clustered patients and biomarkers. Heter-
ogeneous progression has been reported in several previous studies (Doody et al., 2010; Goyal et al., 2018). However,
the results of those studies were based on assumptions of possible progression trajectories, therefore, trajectories that
are not included in the assumptions could be overlooked. The difference in progression rate among different bi-
omarkers was also reported by Goyal et al. (Goyal et al., 2018), but the progression path was limited to be from one
to another redefined 12 disease stages.

The heterogeneity of progression rates concluded from this study has important implications for the design
and interpretation of AD clinical trials. During clinical trials, patients are usually randomly divided into placebo and
treatment groups. Inherent heterogeneity or imbalances induced by environmental and genetic differences should be
considered while analyzing the differences among the groups so that the effects of the therapy against the placebo can
be concluded accurately. The heterogeneous progression rate among different biomarkers of individual patients sug-
gests that multiple types of biomarkers should be analyzed to determine the effectiveness of the treatment method in
the clinical trial.

Heterogeneity is also seen in the onset value of each biomarker among patients, which could create a baseline
imbalance across the treatment groups. Variations could be due to the patients’ genders, age at the time of diagnosis,
family medical history, race, education, and many other factors (Song, 2022). Normalizing patient data by their onset
value could remove the variations so that the clustering can focus on the progression rate instead of the absolute value
of the biomarkers. Previous studies suggested that future clinical trials could benefit from gathering systematic data
regarding individual symptom onset, which could be used to estimate the progression and stratify patients by progres-
sion group (Doody et al., 2010). However, the present study suggests that the onset value does not correlate with the
progression rate. As shown in Figure 4 (A1, B1, and C1), patients with the same onset value fell into different clusters
as time progressed. Normalizing the data by onset values results in more distinct clusters (A2, B2, and C2 in Figure
4) and better accuracy (Table 1), suggesting that normalizing the patient’s onset value would allow better stratifying
patients by progression rate.

Conclusion

The present study used MoGP model to cluster the patients by progression rate. The model enables non-parametric
analyses with no assumptions on linearity and number of clusters. it was found that normalizing the biomarker values
by each patient's own onset value yielded less overlaps among clusters and resulted in lower errors. The present study
also demonstrated that the AD progression rate is nonlinear and heterogeneous. Heterogeneity of progression rate was
seen among clustered patients and biomarkers, suggesting the importance of understanding the progression pattern in
clinical trials and the treatment.

Limitations

The limitation of the study is the small size of the data, and future studies should apply the same method to a larger
size of data to ensure the robustness of the method and the associated conclusions.
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