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Figure A.1: Trace plots for the logistic basis parameters mag,, br, parameters of the un-
structured covariance matrix ACA, and prior scale parameters o and o,. Different colors
correspond to different biomarkers (i.e., k = 1,2,..., K = 9). Plots on the left show the
distribution of all samples, and plots on the right show the sampled values at each iteration.
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chain, computed in 20 segments) for the logistic basis parameters myag,, by, parameters of
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k=1,2,...,K =9) or different subjects (i.e., ¢ = 1,2,...,n = 1369). Values remain between
-1 and +1, as required for a chain that has converged.
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Appendix B. Simulation experiments

We conducted simulation experiments to evaluate recovery of model parame-
ters and to assess model sensitivity to pre-specified hyperprior parameters. First,
we fixed “ground truth” values for all model parameters and generated biomarker
observations to construct a simulated longitudinal data set for 100 subjects with
9 biomarkers. Next, blinded to all “ground truth” values except for the scale
parameters of the hyperpriors on o, and o, we fitted the model. In the first
experiment, hyperprior parameters were fixed at their ground truth values. The
goal of this experiment was to assess the recovery of true v values and biomarker
trajectories. The Pearson correlation between true and estimated v values was
0.9897 (Fig. B.3), and the estimated biomarker trajectories closely resembled
the true trajectories (Fig. B.4).
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Figure B.3: True vs. estimated -« values in the first simulation experiment.

In the following experiments, we used different values for the scale parameters
of the half-\" hyperpriors on o, and o, to fit the model. We computed the
Pearson correlation between estimated ~;’s and their true values for each experi-
ment (Fig. B.5). For each biomarker, we also computed the similarity between
true and estimated trajectories as the maximum vertical distance between the
curves in the domain of true progression scores (Fig. B.6). Results showed that
unless the scale parameters of the half-A hyperpriors on o, and 0., are fixed at
very small values, resulting in a very restrictive hyperprior, misspecification of
these hyperprior parameters does not significantly affect model performance.
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Figure B.4: True (blue) and estimated (orange) biomarker trajectories in the first simulation
experiment.

0.990 1 / ——

0.985 Scale param.
of half-N
hyperprior
on oy

0.980 1 0.1

—_— ]
—— 5

0.9751 10

Correlation of true and estimated y

0.00 002 004 006 0.08 0.10
Scale parameter of half-N hyperprior on o4
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Appendix C. Comparison to existing models of disease progression

We compared the performance of PS in predicting time to dementia onset
to the performance of similar measures obtained from two previously described
models of Alzheimer’s disease progression: Latent Time Joint Mixed effects
Model (LTJMM) [11] (https://bitbucket.org/mdonohue/1tjmm) and Gaus-

sian Process Progression Model (GPPM) [15] (https://github.com/marcolorenzi/

GP_progression_model). We wrote code as needed for setting up the models
and providing data in the required formats, but did not make any changes
to the source code provided. We trained the models using the same set of 9
biomarkers. Each of these models estimate a subject-specific time-shift. Adding
this time-shift to the baseline age yields the “disease age”. We used the disease
ages estimated for participants in the training set to train a linear regression
model with time to dementia onset from baseline as the outcome and disease age
as the independent variable. We then predicted time to dementia onset using
this linear regression model and the estimated disease ages for each participant
in the testing set.

Appendiz C.1. LTJMM

As described by Li et al. [11], we included a fixed effect for age as a time-
varying covariate in LTJMM. We did not include any other covariates in order
to keep the model similar to ours. Following the same procedure used by Li et al.
[11], we ran three parallel Markov chains, using 4000 warm-up + 4000 iterations.
We combined the training and testing sets for the purpose of fitting the LTJMM,
since a function to estimate the time-shift for individuals not included in training
was not provided in the R package. Using the notation of Li et al. [11], disease
age was computed as t; j—o + J; for each individual 7 in the testing set, where
J = 0 indicates baseline.

Appendiz C.2. GPPM

We followed the approach outlined in the example code provided for ADNI
data in the GPPM repository. The function provided for importing data requires
that each individual included in analysis have at least one measurement per
biomarker. Given the missingness in the data set, particularly for the CSF
measures, this requirement reduced the training set to 319 individuals, and
the testing set to 85 individuals. We fitted the model using the 319 training
individuals, and obtained predictions for the time-shift for each of the 85 testing
individuals. For comparison purposes, we report the performance of the PS
computed using our proposed model in this smaller testing set. Using the
notation of Lorenzi et al. [15], disease age was computed as ¢’(7) = 7 + d’ for
each individual j in the testing set, where 7 is the age of individual j at baseline.

Appendiz C.3. SReFT

We could not run Statistical Restoration of Fragmented Time course (SReFT)
[14] using the code provided at https://bitbucket.org/tokudakeita/sreft.
The example Matlab code was hardcoded for 3 biomarkers, and working with an
arbitrary number of biomarkers required substantial changes to the code.
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