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Clinical Dementia Rating Modeling and Simulation: Joint progression of CDR and biomarkers in the ADNI cohort
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Background
Future clinical trials in prodromal AD are expected to rely on CDR as an important efficacy endpoint as sensitivity of the CDR in the prodromal population is favorable compared to other common
clinical endpoints [Cedarbaum et al., 2013]. Statistical models for the longitudinal progression of CDR scores provide a basis for more insightful analysis of clinical trial data, as well as a
basis for better prospective understanding of the operating characteristics of candidate trial designs through simulating from the model. Models that describe CDR progression as a function of
demographic covariates may be used to evaluate the likely impact of various trial enrichment strategies through simulation. Simultaneously modeling the longitudinal biomarker data allows us
to examine the expected co-progression of clinical and pathological elements of the disease.
We propose modeling this joint progression via a latent variable approach as seen in item response theory (IRT) similar to the methodology seen in work in mild-to-moderate AD [Ueckert, 2012].
For CDR and the prodromal population, latent variable approaches exist for disease classification [Royall et al., 2012, Antila et al., 2013] but have not been extended to trial simulation. FDA
reviewed and recommended tools and approaches for model based trial simulation in the mild-to-moderate population exist [Polhamus et al., 2013, Rogers et al., 2012], and our current effort
seeks to enable similar but enhanced approaches for prodromal AD.

Methods: Data
Data was taken from the Alzheimer’s Disease NeuroImaging (ADNI) database. We selected
all patients diagnosed as MCI (early or late) at baseline who additionally had baseline CSF
measurements (N=461).

Covariate Mean SD 5% 95%
Age 72.70 7.74 59.90 84.70
% ApoE4-+/+- 39.26
% ApoE4++ 10.63
Baseline CDR sum 1.48 0.86 0.50 3.00
Baseline FAQ 3.07 4.05 0.00 12.00
Baseline MMSE 27.53 1.84 24.00 30.00
Baseline Tau/Abeta 0.57 0.52 0.11 1.47
% Female 38.39
% Maternal dementia 42.08
% Paternal dementia 20.82
Yrs of education 15.98 2.83 12.00 20.00
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Methods: Models
Efficacy model (co-progression):

A Bayesian hierarchical model was fit using OpenBUGS 3.2.2 (MCMC using the Gibbs sampler)
and all priors were taken to be non-informative. Appropriateness of the model was assessed
using visual predictive checks to ascertain that simulated data from the model replicates the
observed data.
The co-progression model assumes patient i at time t

i j

has some latent disease state, ✓
i

(t
i j

). At
randomization, the distribution of latent status is standard normal for the “reference” patient
(a male ApoE4 non-carrier with no familial dementia history, and covariates matching the
baseline mean for the population). The disease state is then assumed to change linearly over
time, with an intercept (corresponding to disease state at baseline, t

i j

= 0) and slope unique
to each patient, adjusted to the covariates listed in the demographics table (excluding baseline
CDR sum of boxes). Observable responses (CDR item scores and volumetrics here) are modeled
as functions of the latent disease state, e.g., endpoint l is modeled as:
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The function f () is a probability distribution parameterized as a function of the latent status
and a set of parameters (⌘(l)) specific to endpoint l.

Modeled endpoints:

Endpoint category Item(l) f

(l)

CDR Memory Categorical
Orientation Categorical
Judgement Categorical
Community Categorical
Home Categorical
Personal care Categorical

Volumetrics Ventricular Lognormal
Hippocampal Lognormal
Whole brain Lognormal
Entorhinal Lognormal
Fusiform Lognormal
Midtemporal Lognormal
Intracranial Lognormal

Dropout model:

Clinical trial simulation requires both simulation of the ef-
ficacy endpoint and dropout. The ADNI database is not a
good representation of the dropout pattern typically seen in
clinical trials (it is heavily censored, there is no treatment in-
centive, etc...). Instead, we use the FDA published dropout
model [Williams-Faltaos et al.] for the mild-to-moderate
placebo treated population for demonstrative purposes. The
model is a simple lognormal accelerated failure time-to-event
model adjusting for age and baseline ADAScog11.
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Methods: Simulations
Population simulations were evaluated using 5000 patients simulated with 1000 different parameter configurations from the joint
posterior distribution. These quantify the expected population trend and parameter uncertainty.
Trial simulations, on the other hand, demonstrate trends expected from trial populations (smaller sample sizes, dropout, etc...). These
were performed with the goal of detecting a 30% disease modifying effect (defined in the time domain). Power is defined as the ability
to detect the difference using an MMRM analysis (two-sided with ↵= 0.05).
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Disease modification is defined in the time domainReferences
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Results: Covariate e�ect on rate of progression
Covariate effects on the slope of the latent score (per month)

Ba
se

lin
e 

co
va

ria
te

s

ApoE4 −+/+−

ApoE4 ++

Baseline age

Baseline FAQ

Baseline MMSE

Baseline Tau/ABeta

Gender (female)

Maternal dementia

Paternal dementia

Years of education

−0.02 0.00 0.02 0.04

45 55

7 93

17 83

100

100

3 97

33 67

100

100

100

All covariates were normalized before inclusion in the model, and are thus directly comparable
with regard to the magnitude of the effect. More positive values of the latent disease score
indicate a higher level of disability.

Results: CDR Item Characteristic Curves (ICC)
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• The ICC’s display the prob-
ability mass function of pa-
tient CDR score according
to latent score

• The personal care score is
0 across nearly the entire
range of latent scores for
the ADNI prodromal pa-
tient population, indicat-
ing little information con-
tent for that item

• By definition, a patient
with the reference covari-
ate configuration has ✓ ⇠
N(0,1) at baseline

Results: Trial simulation
CDRGlobal CDR sum

CDR sum (−personal care) Memory score only
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• Trials were simulated across a range of
study sizes (N patients per study)
• CDR sum-of-boxes performs notably bet-

ter than the memory component alone
and global CDR
• No benefit is seen by omitting the per-

sonal care category

Results: Evaluating early endpoints

0.00

0.25

0.50

0.75

1.00

10 20 30
Month

Sp
ea

rm
an

's 
rh

o

Endpoint
CDR sum
Entorhinal
Fusiform
Hippocampus
ICV
MidTemp
Ventricles
WholeBrain

Correlation with 36 month CDR sum

• The correlation between the
modeled volumetrics and the
36 month CDR sum of boxes
was simulated over 1000 tri-
als (the mean correlations are
shown)

• Hippocampal volume is in-
dicated as having the high-
est correlation of the modeled
volumetrics to the likely pri-
mary (CDR sum)

• Highly correlated biomarkers
are good candidates for inclu-
sion in futility designs (i.e., in-
forming early stopping rules)

Results: Co-progression population simulations
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3 year population mean, change from baseline

The population simulations show the expected population trend (no inter-individual variability). We
compare the natural progression to a hypothetical treatment that reduces disease progression by 30%.
Shaded regions are the 90% credible intervals for the population mean, shown as the solid line.

Conclusions
This latent variable approach to modeling joint-progression of CDR and biomarkers in the prodromal AD
population reinforces previous findings in the population, but more importantly provides an exploratory
tool toward the design of future directions for trials. Notably:
• Our analysis of the baseline covariate demographics in this population show (in order of decreasing

magnitude) ApoE status, MMSE and FAQ, Tau/ABeta ratio, paternal dementia, and gender as all
having significant effects on the rate of progression. We can simulate future trials under enriched
populations for various combinations of these effects.
• The model was used to demonstrate that the CDR sum of boxes performs significantly better than

several alternative endpoints (CDR Global, and the memory component alone). Additionally, no
gain in power was seen by removing the personal care item. Trial simulations can also be used for
quantifying expected response and detecting abnormal study results.
• The model also allows us to evaluate the correlation between early endpoints and later sum-of-box

scores for use in monitoring and futility analyses.


