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BAYESIAN MODELING OF NEUROPSYCHOLOGICAL TEST
SCORES
MENGTIAN DU
Boston University, Graduate School of Arts and Sciences, 2021

Major Professor: Paola Sebastiani, PhD, Professor of Biostatistics

ABSTRACT

In this dissertation we propose novel Bayesian methods of analysis of patterns of
neuropsychological testing. We first focus attention to situations in which the goal
of the analysis is to discover risk factors of cognitive decline using longitudinal as-
sessment of tests scores. Variable selection in the Bayesian setting is still challeng-
ing, particularly for analysis of longitudinal data. We propose a novel approach
to selection of the fixed effects in mixed effect models that combines a backward
selection algorithm and a metrics based on the posterior credible intervals of the
model parameters. The heuristic of this approach is based on searching for those
parameters that are most likely to be different from zero based on their posterior
credible intervals, without requiring ad hoc approximations of model parameters
or informative prior distributions. We show via a simulation study that this ap-
proach produces more parsimonious models than other popular criteria such as
the Bayesian deviance information criterion. We then apply this approach to test
the hypothesis that genotypes of the APOE gene have different effects on the rate of
cognitive decline of participants in the Long Life Family Study. In the second part
of the dissertation we shift focus on analysis of neuropsychological tests adminis-

tered using emerging digital technologies. The challenge of analyzing these data

A%



is that for each study participant the test is a data stream that records time and
spatial coordinates of the digitally executed test and the goal is to extract some
useful and informative summary univariate variables that can be used for analy-
sis. Toward this goal, we propose a novel application of Bayesian Hidden Markov
Models to analyze digitally recorded Trail Making Tests. Applying the Hidden
Markov Model enables us to perform automatic segmentation of the digital data
stream and allows us to extract meaningful metrics that correlate the Trail Making
Tests performance to other cognitive and physical function test scores. We show
that the extracted metrics provide information in addition to the traditionally used

Sscores.
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CHAPTER 1

Motivation and Introduction

Intact cognition is a crucial aspect of healthy aging. Although cognitive decline is
associated with the normal aging process (Wetherell et al. (2002)), cognitive impair-
ment gives rise to an increased risk of dementia, disability and mortality (Dewey
& Saz (2001); Plassman et al. (2008)). Studying the process of cognitive decline,
especially in the early stages of mild cognitive impairment could help us better
understand the underlying protective and risk factors that lead to dementia or in-
tact cognitive function throughout life span. The Long Life Family Study (LLES)
is a multi-center longitudinal study of extreme human longevity and healthy ag-
ing. The study recruited over 5,000 participants including members of long-lived
families as well as their spouses from three sites in the United States (Boston, New
York, Pittsburgh) and one site in Denmark. The LLFS participants underwent two
in-person visits that were approximately 8 years apart, both included a battery of
neuropsychological testings and tests for physical functions. We aim to discover
different patterns of cognitive decline and not only the risk factors associated with
cognitive decline but also protective factors that help with maintaining good cog-
nitive functions in elderly population. This dissertation is motivated by data col-
lected in the LLFS and problems and challenges arose while analyzing these data.

One challenge we face when analyzing longitudinally collected data is vari-
able selection. Several methods have been proposed and extensively used in the
frequentist approach for linear mixed effects models, including adaptions of the
Akaike Information Criterion (AIC), Bayesian Information Criterion (BIC), and
shrinkage based methods such as the Least Absolute Shrinkage and Selection Op-

erator (LASSO). However, variable selection methods that work well with mixed



effects models in the Bayesian setting have been lacking. There are currently two
main approaches in Bayesian variable selection, the first approach includes meth-
ods based on computing model probabilities that are extensions of the spike and
slab method introduced by Mitchell & Beauchamp (1988), and the second ap-
proach involves methods based on model choice criteria such as the Deviance In-
formation Criterion (DIC) Spiegelhalter et al. (2002). These methods either rely
on ad hoc approximations of model parameters or on informative prior distribu-
tions that may substantially influence the results. In chapter 2, we propose a novel
approach to perform variable selection in Bayesian hierarchical models using a
heuristic based algorithm. This algorithm utilizes the posterior distributions of
parameter estimates and their credible intervals to select parameters that are most
likely different from the null value in a backward order, without requiring to com-
pute ad hoc approximations or need of informative priors. We show in a simula-
tion study that this algorithm produces parsimonious results in comparison with
the DIC. We will then show an application of this approach to the LLFS data to
analyze the effect of the apolipoprotein E (APOE) gene on the longitudinal change
of cognitive functions in chapter 3.

As a part of the neuropsychological testing battery during the second in-person
visit in the LLFS, emerging digital tools were utilized in assessing the Trail Making
Tests (TMTs). TMTs are commonly used and well-established neuropsychological
tests for evaluations of organic brain damage and age related diseases. Tradition-
ally, TMTs are administered using pen and paper, where a series of numbers and
letters are displayed on a piece of paper, and participants are asked to draw lines
to connect the numbers and letters in sequence as quickly as possible. The scoring

of the TMTs consists of the total time to completion and number of errors made



during the drawing process. The LLFS has taken a step forward to record the
drawing process using a digital pen, which records and timestamps drawing co-
ordinates 75 times per second. In chapter 4 we propose to use the recorded digital
data stream to decompose total time to completion into thinking time and drawing
time, with the goal to provide deeper insights of which aspect of cognitive or phys-
ical functions contribute to the overall performance of the TMTs. We also propose
a novel application of the Hidden Markov Models (HMMs) to perform automatic
segmentation of the coordinate pairs to extract number of connections drawn and
to use the summary statistics of the connections as new metrics of the TMTs. We
will correlate these new metrics with other cognitive and physical function tests in
the LLFS to test our hypothesis that the digitally recorded data stream could pro-
vide additional information in analyzing the underlying mechanism of the TMTs

performance that is not described by the overall completion time.



CHAPTER 2

Bayesian Variable Selection Utilizing Posterior Probability Credible Intervals

2.1 INTRODUCTION

An important problem in statistics is choosing the model that best describes the
data from a set of a priori plausible models. This problem is often reduced to vari-
able selection from a set of explanatory variables assuming a general linear regres-
sion model, and there are many criteria and search procedures that are applicable
to modeling data from cross-sectional studies Kadane & Lazar (2004). Longitu-
dinal data and repeated measurements data are common data types collected in
medical research. Many variable selection methods have been proposed and ex-
tensively used for linear mixed effects models, including adaptation of the infor-
mation criteria such as AIC, BIC, and shrinkage based methods such as LASSO. A
review of some of these methods is provided by Muller et al. (2013).

In recent years, there has also been a proliferation of Bayesian variable selection
methods based on computing model probabilities or model choice criteria. Many
methods based on computing model probabilities are extensions of the spike and
slab method first introduced by Mitchell & Beauchamp (1988). The general idea of
this approach is to assign a prior distribution that mixes a point mass distribution
at the null model and a diffuse uniform distribution elsewhere for each candidate
variable. For each model, the posterior probabilities for both the vector of inclusion
and coefficients are calculated through Markov Chain Monte Carlo (MCMC) tech-
niques. The final subset of predictors are then selected based on a pre-specified
threshold on the posterior probability. The Stochastic Search Variable Selection

(SSVS) method proposed by George & McCulloch (1993) uses a mixture of prior



distributions on possible models and uses the Gibbs sampling to identify the mod-
els with high posterior probability. The Gibbs Variable Selection (GVS) method
suggested by Dellaportas et al. (2002) samples the parameter estimates from a mix-
ture pseudo-prior that is concentrated around the posterior density of regression
coefficients. Adaptive shrinkage methods such as Bayesian LASSO proposed by
Park & Casella (2008) specify a prior distribution directly over the regression coef-
ticients to induce sparseness of the model. Rather than placing prior probabilities
directly on the regression coefficients of the individual covariates, one could view
the model as a whole and place prior directly on the number of covariates and
their coefficients. Methods using this approach include reversible jump MCMC
tirst proposed by Green (1995), and composite model method introduced by God-
sill (2001). Some of these approaches could achieve a relatively fast computation
speed and good separation of variables as shown by O'Hara & Sillanpaa (2009).
However, these methods rely on computing model posterior probabilities and are
highly sensitive to the choice of priors so that the results may vary substantially
with different prior distributions. The reviews by O’Hara & Sillanpaa (2009), Del-
laportas et al. (2002), and George & McCulloch (1997) provide additional details
and discussion.

There are limited options for Bayesian model selection criteria that work well
with mixed effect models. A well-known criterion is the Deviance Information Cri-
terion (DIC) that was proposed by Spiegelhalter et al. (2002). Similar to AIC, DIC
penalizes for larger number of effective parameters in the model and models with
smaller DIC are preferred. The criterion is implemented in OpenBUGS (BUGS,
Bayesian inference Using Gibbs Sampling) and in JAGS (Just Another Gibbs Sam-

pler). The latter implementation requires to run at least two parallel chains in the



model. Recently Gelman et al. (2019), introduced a Bayesian version of R?, but this
criterion needs to be evaluated.

Here we propose a variable selection algorithm that utilizes the parameters
posterior credible intervals to identify the variables to be retained in a model. The
algorithm does not need “ad hoc” prior distributions of the regression parameters.
It is computationally efficient and produces reasonable results. Vague conjugate
priors can be assigned to the model coefficients without any need for tuning.

We will describe the algorithm in the next section. In Section 2.3, we describe
the results of comprehensive simulations that show this algorithm on average pro-
duces more parsimonious models compared to DIC. In Section 4, we use the al-
gorithm to test the hypothesis that genotypes of the APOE gene correlate with
changes of cognitive function in a cohort of centenarians described in (Sebastiani

& Perls (2012)). Conclusions and suggestions for future work are in Section 5.

2.2 METHOD

Consider a Bayesian model with outcome y; for observationi (i = 1,--- , N), a set
of h + p possible predictors consisting of h variables Z = (21, - - , z;,) to be kept in
every model, and p candidate variables X = (xy,--- ,z,), where only an unknown

subset of the p candidate variables may be relevant. The Z and X variables could
be, for example, main effects and interaction terms. We denote the set of possible

parameter choices as 7,, = (71, ,7,), where 7; takes on values:

1,if X; is in model m
Y=
0, otherwise



We assume that the variables X = (zi,---,x,) can only have fixed effects, so

that the regression model can then be expressed as
h P
Yi = oi + Z O kzig + Z ViBiTij + €
k=1 j=1

where e; ~ N(0,0?) is the normally distributed error term with mean 0 and vari-
ance 0° with Gamma prior. The term &y; ~ N (&, 07) denotes a “random intercept”
that we assume follows a normal distribution with mean £, and variance O'g, where
&o is the “fixed effect intercept” with mean 0 and prior variance o¢,. The parameter
0; . ~ N (0, 03) denotes the kth “random effect” for observation i, and ), denotes
the kth “fixed effect” that we also assume follows a normal distribution with mean
0 and prior variance o3,. The parameters §3; are fixed effects parameters that we
assume are a priori independent and normally distributed with known mean and
variance.

There are a total of |y| =27 plausible models based on the combinations of 0s
and 1s in ~,,, and we want to select the model that best describes the data. Denote
Cq = (Cy1,--+,C4,p) as the set of posterior credible intervals for the parameters
B = (f,---,0B,) of the p candidate variables, where 1-o denotes the posterior cov-
erage and each credible interval C,, ; consists of a lower bound C, ; ;5 and an upper
bound C, jup, Caj = (CajLs, Cajup). The credible interval (CI) algorithm pro-
posed in this paper utilizes the credible intervals and its lower and upper bounds
to perform variable selection.

The main idea behind the CI algorithm is to use the backward elimination
method, first introduced by Marill & Green (1963) in the early 1960s, and a

Bayesian metric. In a traditional non-Bayesian multiple linear model, backward



elimination begins with all candidate variables in the model and removes the
least significant (largest p-value) variable one at a time in an iterative way. In a
Bayesian framework, we can utilize the posterior credible interval to help quantify
the importance of each variable in the final model. We frame the variable selection
problem as a hypothesis testing problem, in which rejecting the null hypothesis
Hy : B = Bonuu leads to include the covariate X in the model. When the credi-
ble interval for the parameter 3; includes the null value, there are two alternative
scenarios to consider. In the first scenario, the lower and upper bounds of the
posterior credible interval are both far away from the null value, in other words,
the null value falls well within the credible interval. In this case, we can say with
some confidence that this variable is unlikely to be important. The second scenario
is when either the lower or the upper bounds is close to the null value. In this case
as more variables are dropped from the model, this variable will be more likely to
be retained in the final model compared to the first scenario. In a non-Bayesian
model, the second scenario could be interpreted as borderline significant. At each
iteration step, we wish to remove the variable that is most likely to have a regres-
sion coefficient that satisfy the null hypothesis. The rationale for the CI algorithm
is that, for any credible interval that contains the null value, the minimum of the
absolute value of the difference of the two bounds from the null value represents
the importance of this variable, consequently the CI algorithm identifies the vari-
able with the minimum evidence against the null hypothesis to be removed at each
iteration.

To perform variable selection, we first standardize all candidate variables to
ensure that the regression coefficients are on the same scale. We start with the full

model that includes all h fixed variables Z and all p candidate variables X. In



the first iteration, we obtain the posterior credible intervals C, ;(j = 1,--- ,p) for
the parameters 3;(j = 1,--- ,p). If the credible interval of 3; does not include the
null value (8,1 ¢ Ca,;), then z; can remain in the model for the next iteration.
Out of the §,’s with 3, ,.u € C,;, we remove from the model the variable z; with
maxX;ey {Min(|Coj 5 — Bjnuil, |Cojus — Bjnuul)}, where p/ is the subset of param-
eters with 3;,.; € C, j, and we repeat this process until all remaining candidate
variables have (3, ,.u ¢ C,, ;. A three-parameter example of this iteration process is

illustrated in Figure 2.1.

Figure 2.1: A three-parameter example of an iteration process of the
CI algorithm.

Null Value

1 5
B

3 2
B B2

N E— Bs

In this example, there are three candidate variables for variable selection,
namely z;, zo, and z3, with corresponding posterior estimates 3;, 52, and 33 and
95% credible intervals Cyg51 = (1,5), Coo52 = (—3,2), and Cpg53 = (—1,4). The
null value is 0 for all s in this example. In the first iteration, the initial step is to
identify the gs with 95% CI that include 0 (0 € Cj 5 ), this case 5, and j5, while
B1 has a 95% CI that does not include 0 and it can remain in the model for the
next iteration. The second step is to identify which variable between z, and z3
to remove by finding the maximum of the minimum of the absolute value of the

lower and upper bounds of the 95% CI (max;e,y {min(|Cy 25 — 0|, |Cajus — 0])}).
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In this example, min(|Cy 952,58 — 0], |Co.95 2,05 — 0|) = min(| — 3|, |2|) = 2 for F, and
min(|Co.953,8—0|, |Co.9s5305—0|) = min(|—1],|4]) = 1 for (5. Since 2 is greater than
1, we decide to remove z, in this iteration. We will refit the model with only z; and
x3 in the next iteration and repeat the previous steps until all remaining candidate
variables have posterior estimates 95% CI not including 0.

A method that has been extensively used and well implemented in Bayesian
model selection is the DIC proposed by Spiegelhalter, et al. in 2002 Spiegelhalter
et al. (2002). DIC is calculated as:

DIC = D + pD, where

D= Eoy[D(9)], D(#) = —2logP(y|6), and
pD = Eg,[D(0)] — D(Eq,[0])

DIC is composed of two parts: the posterior mean of deviance (D) and the
effective number of parameters (pD). Similar to the AIC, DIC penalizes for larger
number of effective parameters in the model. We will be comparing the proposed

credible interval algorithm and the DIC in the next section.

2.3 EMPIRICAL EVALUATION

2.3.1 Simulation setup

We conducted a simulation study to evaluate the sensitivity and specificity of the
proposed CI algorithm and to compare it with model selection based on DIC. Data
used for simulation were generated based on the Digits Span Forward /Backward

test from the Long Life Family Study (LLFS), which is a multi-center, longitudinal,
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family-based study of healthy aging and longevity (Newman et al. (2011)). The
Digits Span test is a neuropsychological test that assesses auditory attention and
working memory with score ranging from 0 to 14. The test was administered to
approximately 4,800 LLFS participants at enrollment, between 2006 and 2009. A
second administration of the test occurred approximately 8 years later, in about
2500 participants, for a total N=7,289. We built two regression models of the test
score, using as predictors age at enrollment, follow-up time, gender, years of edu-
cation, and an indicator for familial longevity (whether they were a member of a
long-lived family or a spouse control). One model included only main effects, and
the second model included the pairwise interactions between age at enrollment,
follow-up time, and familial longevity indicator, sex, and education. We then used
the two models to simulate datasets and to evaluate the accuracy of the algorithm
in identifying the generating model. To perform variable selection using the CI
algorithm, we used standardized covariates and started from the full model and
went through the iterative steps to select the final model. The final selected model
was checked against the simulated model to obtain the level of concordance. The

tull model had the following form:

Yij =Po % (1 — rep.ind;) + Bo; x rep.ind;+
Bage % age.b + Baage X dageij + Boea X s€xi + Peque X educ;+
Bfam.ina X fam.ind;+
Bsexxage X s€T; X age.b; + Bserxdage X s€T; X dage;j+
Beduexage X €duc; X age.b; + Bequexdage X educ; x dage;;+

Bram.indxage X fam.ind; X age.b; + Bram.indxdage X fam.ind; x dage;; + €;;
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where y;; represents the test score of the i'h individual at the j'h visit (j=0 for
baseline and j=1 for follow-up) that we assumed to be normally distributed. To ac-
count for repeated measurements using a random intercept per study participant,
we created an indicator variable rep.ind with value 1 if subject ¢ had more than one
measurements, and 0 otherwise. The covariates age.b and dage denoted age at en-
rollment and follow-up time in years. The variable sex was a binary variable with
value 1 for males and 0 for females, and variable educ was an ordinal variable with
values 0-17 that approximated years of education. The variable fam.ind was an in-
dicator variable with value 1 if subject ¢ was a member of a long-lived family and 0
if subject i was a spouse control. The random intercept term /3;; was assigned a nor-
mal prior distribution with mean 3, and precision parameter 7, which had Gamma
distribution with both shape and scale parameters equal to 1. All other covariates
were assigned normal prior distributions with mean 0 and precision 0.1.

A mismatch occurred when the CI algorithm falsely detected an interaction
term in the analysis of the data generated from the main effects model (a false
positive) or failed to detect a real interaction in the analysis of the data generated
from the full model (a false negative). We run the simulations with four different
sample sizes: 500, 1,000, 5,000, and the largest sample size we had in our original
dataset, 7,289, and generated 100 data set for each sample size. We also performed
model selection in the same datsets using DIC. In each simulation setting (main
effect model and full model) and with each sample size, we ran two parallel chains
of the MCMC in the R package JAGS, and computed the DIC for each of the 2P=64
models and selected the final model with the smallest DIC. All Bayesian models
in the CI algorithm were ran with 2,000 adaptions and 5,000 iterations, and all

Bayesian models used in the DIC method were ran with 2,000 adaptions and 1,000
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iterations to reduce the computing time.

All analyses were run in R3.5.1 using the rjags package version 4-6.

2.3.2 Simulation results

The results of the simulation are shown in Table 2.1 and Figure 2.2. When the data
were generated from the full model both the CI algorithm and DIC detected the
correct model with 100% accuracy for sample sizes > 500. With the smallest sam-
ple size 500, the CI algorithm detected the correct model with 74% accuracy and
26% 1-mismatch rate (only five out of the six interaction terms were detected), and
DIC detected the correct model with 87% accuracy and 13% 1 mismatch rate. This
was the only scenario where the DIC performed better than the CI algorithm in
the full model setting. When the data were generated from the model with main
effects only, the CI algorithm detected the correct model with 100% accuracy with
sample sizes 500, 1,000, and 7,289, and with 99% accuracy and 1% 2-mismatch rate
(falsely detect two interaction terms) with sample size 5,000. However, DIC only
detected the correct model with 37%, 25%, 9% and 3% accuracy in the sample sizes
500, 1,000, 5,000, and 7,289, respectively. As shown in Table 2.1 and Figure 2.2,
DIC tended to falsely select interaction terms which are more concentrated with
one, two, and three mismatches. The simulation results suggest that the CI algo-
rithm favors more parsimonious models than DIC but this property may lead to
miss important effects with small sample sizes. DIC appears to favor models with
more redundant parameters and may be a better choice for predictive modeling.
However, performing a full search using DIC is only computationally feasible with
a relatively small number of parameters. In a model with p candidate variables,

calculating the DIC for 27 models could be extremely computationally intensive as
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p gets large. Although one can also perform variable selection using a backward
approach with DIC, it is still very computationally demanding because it requires

running multiple chains for each model.

24 CONCLUSION

In this article, we proposed the CI algorithm: a novel approach to perform
Bayesian variable selection utilizing the posterior credible intervals. Inspired by
the backward elimination variable selection method in linear regression models,
this algorithm removes candidate variables one at a time by quantifying and com-
paring the strength of the association of possible predictors with the outcome. We
conducted a comprehensive simulation to assess the sensitivity and specificity of
the algorithm and the simulation suggests that the algorithm is accurate with rel-
atively large samples, and compared to DIC tends to produce more parsimonious
models with smaller false positive rate.

There are a few advantages of our proposed CI algorithm relative to some
variable selection methods based on computing model probabilities and methods
based on computing model choice criteria such as DIC. First, the CI algorithm does
not require to specify prior distributions on the model coefficients and the inclu-
sion probabilities of each predictor, or a posterior threshold to decide whether or
not to include a predictor. Secondly, our method produces parsimonious models.
The final selected model all have 95% credible intervals not containing the null
value. Thirdly, although in this paper we illustrated our proposed algorithm using
a mixed effects model with random intercepts, it can be extended and applied to
a more generalized form of linear models. For variables with random effects, we

can still perform variable selection on the fixed part of the random effects. And
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lastly, the CI algorithm is computationally efficient and the largest number iter-
ations (number of Bayesian models to run) is equal to the number of candidate
variables. DIC is computationally intensive since it requires to run at least two
parallel MCMC chains of all possible 2? models. Spike and slab based methods
require to run long MCMC chains to search over model space, which also could be
computationally demanding. However, computation load of our algorithm could
still get immense in the case of high-dimensional data where p > n. Bondell &
Reich (2012) proposed a Bayesian variable selection approach utilizing joint credi-
ble regions that can be suited for the high-dimensional case, though this approach
yields higher false positive rate in the low-dimensional setting compared to our
proposed algorithm based on their simulation study.

Overall, our proposed method performs well with reasonable number of pa-
rameters. It yields results with a parsimonious number of parameters and is com-

putationally efficient.
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CHAPTER 3

Application of the CI algorithm

Association between APOE alleles and Change of Neuropsychological Tests in the

Long Life Family Study

3.1 INTRODUCTION

Cognitive decline, both normal and pathologic, is one of the most common com-
plications of reaching older age. Preservation of good cognitive function or de-
laying the onset of cognitive decline is essential in maintaining quality of life in
older adults and it is important to identify risk factors of onset and rate of cog-
nitive decline that can suggest therapeutic interventions. Several known factors
including cardiovascular risk factors, alcohol use, smoking, high systemic levels
of inflammatory markers, as well as socioeconomic status contribute to the cogni-
tive decline process (Gottesman et al. (2017); Krell-Roesch et al. (2017)). Cognitive
decline patterns vary among older adults, and are genetically regulated (Fan et al.
(2019)). The apolipoprotein E (APOE) gene is one of the most important genes re-
lated to cognition. The gene has 3 alleles, namely <2, €3, and <4 that result from
the combination of the variations of two single nucleotide polymorphisms rs7412
and rs429358 (Liu et al. (2013)). Several studies have shown that carriers of the ¢4
allele are at increased risk of dementia and Alzheimers disease, while the 2 al-
lele might have a protective effect against age-related neurodegenerative diseases
(Henderson et al. (1995); Raber et al. (2004)), and is associated with extreme human
longevity. (Sebastiani et al. (2019); Wolters et al. (2019)) A relatively small number
of studies have investigated the effect of both alleles on the rate of cognitive de-

cline using longitudinally collected data.(Blair et al. (2005); Caselli et al. (2004);
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Kim et al. (2017)) The review by O’Donoghue et al. (2018) lists 40 studies of the as-
sociation between APOE and cognition in longitudinal studies and only one study
showed a protective effect of APOE €2 on verbal episodic memory, while other
studies showed a negative effect of APOE ¢4 on various measures of cognition.
Most of these studies were small (median sample size = 550), with largest sam-
ple size of 5,544 and length of follow up ranging between 2 and 30 years (median
= 5.6). Several factors may contribute to inconsistent findings, including sample
size, short follow-up time, neuropsychological tests used, neurobiological mecha-
nisms, and population ancestry. The Long Life Family Study (LLFS) recruited over
5,000 individuals from longevous families. Participants underwent two in-person
assessments, approximately 8 years apart, and attention, memory, and executive
function were assessed through a battery of neuropsychological tests. The study
included a relatively large sample of carriers of the APOE <2 allele and provides a
unique opportunity to assess whether APOE is associated with cross-sectional or
longitudinal cognitive decline in this healthy aging cohort. In line with previous
findings, we hypothesize that carriers of the APOE &4 allele have increased risk
for poorer cognitive function, while carriers of the £2 allele are protected against

cognitive decline.

3.2 METHOD

3.2.1 Study Population

The LLFS is a multicenter longitudinal study for healthy aging and familial
longevity that recruited 5,086 participants from three sites in the United States
(Boston, New York, Pittsburgh) and one site in Denmark. The recruitment pro-

cess and inclusion criteria for this study have been described in Newman et al.
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(2011) and were based on a metric of familial longevity that was calculated from
the aggregated survival probabilities of family members (Sebastiani et al. (2009)).
The study recruited spouses of members of long-lived families as referents. The
participants completed two in-person visits, where their physical and cognitive
functions were assessed through questionnaires, performance measures, and neu-
ropsychological tests. Approximately 4,700 participants provided blood samples
for genotyping, and APOE alleles were determined from the SNPs rs7412 and
rs429358 that were genotyped using real time PCR. APOE alleles were defined
as e2: rs7412=T, rs429358=T, £3: rs7412=C; rs429358=T, c4: rs7412=C; rs429358=C.
All subjects provided informed consent and data are available via dbGaP (dbGaP
Study Accession: phs000397.v1.p1).

3.2.2 Cognitive Tests

Six neuropsychological tests were the main outcomes in our analyses. These tests
include Verbal Fluency (category fluency for animals) to assess semantic memory
and generativity; Digit Symbol Substitution Test (DSST) from the Wechsler Adult
Intelligence Test (WAIS-R, 5) for processing speed; Digit Span forward and back-
ward to measure working memory and attention; and Logical Memory (immediate
and delayed recall) from the Wechsler Memory Scale Revised (WMS-R, 4) to assess
attention and episodic memory. The Mini-Mental State Examination (MMSE) was

also administered but was not included in the analysis because of low variability.

3.2.3 Statistical Analysis
Participants were divided into three genotype groups defined as:

* APOE2 group: carriers of the APOE genotypes £2¢2 or £2¢3;
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e APOES3 group: carriers of the genotype £3¢3;
e APOE4 group: carriers of the genotypes £3¢4 or c4¢4.

We used APOES as reference group. We summarized participants characteristics
using mean and standard deviation. We compared participants characteristics of
the APOE2 and APOE4 groups to the APOE3 group using t-tests or x? tests. We
analyzed the effect of €2 and ¢4 in two separate analyses using additive genetic
models. To test for association between APOE alleles and each of the neuropsy-
chological tests, we used Bayesian hierarchical modelling of the longitudinal val-
ues of each test score as a function of age at enrollment, follow-up time, gender,
education, field center, birth cohort indicator (<1935, or > 1935), and the number
of copies of €2 or €4 alleles. The full model for both APOE2 and APOE4 analyses

had the following form:

vij =Po % (1 — rep.ind;) + Bo; x rep.ind;+
Bage X age.by + Baage X dageij + Bsex X s€T; + Peque X educ;+
Bapor X APOE; + Bried.center X (fci —mu.fc;) + Binaioss X ind1935;+
Bsewxage X s€Ti X age.b; + Bsexxdage X s€T; X dage;;+
Beduexage X educ; X age.b; + Beduexdage X educ; X dage;;+
BapoExage X APOE; X age.b; + BapoExdage X APOE; X dage;+

Bind1935xage X 1nd1935; X age.b; + Bind1935xdage X 1nd1935; X dage;; + €45

where y;; denotes the j (j=1 baseline, j=2 follow-up) test score of the i"" par-
ticipant. The term ¢;; is the normally distributed random error with constant vari-

ance that was assigned an inverse Gamma prior distribution. The model intercept
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Bo x (1 —rep.ind;) + Po; X rep.ind; included the indicator rep.ind; that takes on value
1 if the i'h participant had repeated measurements, and 0 otherwise, the fixed ef-
fect 5y, and the random effect /3); with normal prior distribution with mean /3, and
precision parameter 7, which had Gamma prior distribution with both shape and
scale parameters equal to 1. This parameterization used random effect only for
participants with more than one assessments. Family structure and within family
correlation were ignored in this model. The covariates age.b and dage coded ages
at enrollment and follow-up time in years. The covariate sex took on value 1 for
male and 0 for female, and the covariate educ was an ordinal variable taking values
0-17 that approximates years of education. We did not use random slopes in the
model to be able to include observations from every individual with at least one
measurement of a test. Out of the four field centers, we used Boston as the referent
site, and created three dummy variables for each of the other three field centers
that take on values 1 and 0. The field center variables were centered to promote
better convergence in the Markov Chain Monte Carlo (MCMC) chain. As reported
in a previous analysis of the LLFS study (Sun et al. (2015)), the birth year cutoff
1935 was used to distinguish the older and younger generations, we created a in-
dicator variable ind1935 to have value 1 if a participant was born after 1935 (the
younger generation in LLFS), and 0 otherwise (the older generation in LLFS). We
initially included the eight interaction terms to represent the varying effects of sex,
education, generation indicator and APOE at age at enrollment cross-sectionally,
and over different lengths of follow-up time. Besides the random intercept term
Boi, we modelled all main effects and interaction terms to follow Normal prior
distributions with mean 0 and precision 0.1. We focused on testing the following

hypotheses, adjusting for the other factors,
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1. there is a significantly different effect of age at enrollment on neuropsycho-
logical test scores comparing the €2 and 4 alleles to the €3 allele (84poExage 7#

0);

2. there is a significantly different rate of change over time of neuropsychologi-

cal test scores comparing the €2 and ¢4 alleles to the €3 allele (84proExdage 7 0);

3. there is a significant difference in neuropsychological test scores comparing

the €2 and ¢4 alleles to 3 allele (Bapor # 0).

To test these hypotheses, we implemented an automated model selection algo-
rithm that utilizes the credible intervals of the parameter estimates (Du et al., 2021,
manuscript in preparation) to retain only significant interactions and main effects
in the model. After the model selection process, the data of those tests that were
not associated with either APOE2 or APOE4 groups,

Before running the model selection algorithm, we standardized the variables
age.b, dage, sex, educ, ind1935 and APOFE (to mean=0 and SD=1) to keep the pa-
rameters on the same scale. The algorithm started from the full model described
above, it approximated the posterior distributions of the parameters with MCMC
using 2,000 adaptions and 10,000 iterations, and recorded the lower and upper
bounds of the 95% credible interval (CI) of each of the 6 interaction terms (inter-
actions between sex, educ, APOE and age.b and dage). We kept the interaction
terms with a 95% CI that did not include 0 in the model for that iteration, while
the interaction terms with 95% CI that did include 0 were candidates for removal.
To choose the least important interaction to drop, we calculated the minimum of
the absolute value of the two interval limits (2.5% and 97.5% quantiles) and we

dropped the interaction term with the largest of these values, which would be the



24

least probable to be different from 0, and refitted the model. This procedure was
repeated until all interaction terms remaining in the model had their 95% CI not
including 0. This algorithm is computationally efficient since it will go through at
most six iterations, and the selected model is guaranteed to have all interactions
terms statistically significant. To obtain the parameter estimates on the original
scale, main effect and interaction terms were scaled back by dividing by their stan-
dard deviations. The parameter estimates of age at baseline and follow-up time
for the younger generation in Tables 3.3a, 3.3b & 3.4 were calculated by adding the
main effects of age at baseline and follow-up time and their interactions with the
birth cohort indicator, then scaled back by dividing by their standard deviations.

The LLFS data used in this analysis was frozen by June 2018.

3.3 RESULTS

Out of 5,086 LLFS participants we excluded 22 participants with missing sociode-
mographic data, 387 participants with missing APOE genotype, and 90 partici-
pants with APOE genotype £2<4. Tables 3.1 and 3.2 summarize demographic char-
acteristics and cognitive test scores of the remaining 4,587 participants (1,785 in
the older generation and 2,802 in the younger generation, Supplementary Tables
3.sla, 3.s1b, 3.s2a & 3.s2b show similar information with breakdown of each APOE
genotype). The APOE3 group (n=3,038) was the most prevalent and was used as
the referent group. Age at enrollment ranged from 71 to 110 years among the older
generation (mean==88.3 years; SD:7.71), and from 25 to 73 years among the younger
generation (mean=59.7 years; SD:7.10). In the older generation, the APOE2 group
was older (89.4 years vs. 88.3 years, p=0.02), while the APOE4 group was younger
(86.8 years vs. 88.3 years, p<0.004) than the APOE3 group at enrollment. At visit
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2, there were no other significant differences in age, sex, education, percent de-
ceased among genotype groups. In the younger generation, there were no signif-
icant differences in the demographic characteristics among the genotype groups.
At enrollment, the APOE4 group had significantly lower DSST score (50.4 vs. 51.7,
p=0.03) and lower Digit Span Backward score (6.6 vs. 6.9, p=0.02) than the APOE3
group. At visit 2, the APOE4 group had lower DSST score than the APOE3 group
(47.4 vs. 48.9, p=0.02). There were no significant differences in the cognitive test
scores comparing the APOE2 group to the APOE3 in both generations at either
visit. Tables 3.3a, 3.3b & 3.4 and Supplementary Tables 3.s3, 3.s4, 3.s5 & 3.s6 show
parameter estimates generated using the model selected with the credible interval
algorithm. The overall conclusion is that there was no significant effect of the €2
allele on either the baseline assessment or the rate of change over follow-up time
on any of the neuropsychological tests, while the €4 allele had a negative effect on
the two logical memory tests at baseline but had no effect on their rate of decline.

We describe below the details of the analysis of each test. Animal Fluency. Neither

Table 3.3a: Parameter estimates of Animal Fluency and DSST by gen-

eration.
Verbal Fluency DSST
Older Younger Older Younger
Generation Generation Generation Generation
age -0.17(-0.18,-0.15)  0.01(-0.03,0.06) -0.67(-0.71,-0.64) -0.4(-0.48,-0.31)
dage -0.06(-0.09,-0.03)  0.18(0.11,0.25) -0.48(-0.54,-0.43) -0.06(-0.2,0.07)
sex, male -0.06(-0.33,0.21) -4.52(-5.05,-4)
educ 0.45(0.4,0.49) 0.92(0.82,1.01)
ind.1935 0.2(-0.1,0.53) -0.41(-1.03,0.2)
educ*age -0.01(-0.01,-0.005) -0.01(-0.01,-0.001)
educ*dage
sex*age 0.04(0.02,0.05) 0.12(0.08,0.15)
sex*dage 0.11(0.01,0.22)

€2 nor the ¢4 alleles of APOE were associated with performance on animal fluency
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(Supplementary Table 3.s3 & 3.s4). Age at enrollment, follow-up time, and some
of the interactions with generation, sex and education were significant (Supple-
mentary Table 3.s3), suggesting that the cross-sectional and longitudinal effects of
age were different in the younger and older generations and were modified by sex
and education. 3.3a and 3.3b describes the estimated age and follow-up effects by
generation. Older age at enrollment was associated with a lower score (age effect =
-0.17, 95%ClI: -0.18, -0.15) and, for every year of follow-up, the score decreased by
-0.06 points (95%ClI: -0.09, -0.03) in the older generation while, in the younger gen-
eration, the effect of age at enrollment was not significant (age effect =0.01, 95%CI:
-0.03, 0.06). The analyses also predicted a significant increase in score for each year
of follow-up time in the younger generation (0.18, 95%CI: 0.11, 0.25) that could
be caused by a practice effect among the younger participants. Higher education
had a positive effect on the score but slightly diminished with older age at enroll-
ment (educ*age interaction effect = -0.01, 95%CI: -0.01, -0.005). The age effect was
smaller in males (sex*age interaction effect = 0.04, 95%CI: 0.02, 0.05).

DSST. Only age at enrollment, gender and education were significantly asso-
ciated with DSST score, while the effects of €2 and =4 alleles of APOE were not
significant (Supplementary Tables 3.s3 & 3.s4). In the older generation, an older
year of age at enrollment was associated with a decrease of 0.67 points (95%CI:
-0.71, -0.64) on the DSST (Table 3.3a). Follow-up time also had a negative effect
on DSST (dage effect = -0.48, 95%CI: -0.54, -0.43). The negative effects of age at
enrollment in the younger generation was smaller (-0.4, 95%CI: -0.48, -0.31), while
the effect of follow-up time was not significant (-0.06, 95%CI: -0.20, 0.07). Higher
education and female sex were associated with higher scores but the effect was

reduced with older age at enrollment and longer follow up (educ*age interaction
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effect = -0.01, 95%CI: -0.01, -0.001; sex*age interaction effect = 0.12, 95%CI: 0.08,
0.15; sex*dage interaction 0.11, 96%CI 0.01,0.22).

Table 3.3b: Parameter estimates of the Digits Span tests by genera-

tion.
Digits Span - Forward Digits Span - Backward
Older Younger Older Younger
Generation Generation Generation Generation

age -0.03(-0.03,-0.02)  0.02(0.004,0.04) -0.03(-0.04,-0.02) 0.01(-0.003,0.03)
dage -0.12(-0.13,-0.11)  -0.07(-0.1,-0.05)  -0.04(-0.05,-0.03)  0.01(-0.02,0.04)
sex, male 0.13(0.04,0.23) -0.08(-0.18,0.02)
educ 0.12(0.1,0.14) 0.14(0.13,0.16)
ind.1935 -0.04(-0.16,0.07) 0(-0.13,0.12)
educ*age -0.001(-0.002,-0.001)
educ*dage 0.003(0.0003,0.01)
sex*age
sex*dage

Digit Span — Forward. Neither ¢2 nor ¢4 alleles of APOE were associated with
this test (Supplementary Tables 3.s3 & 3.s4). Age at enrollment, follow-up time,
gender and education were associated with the digit span forward score, in both
the older and younger generations (Table 3.3b). In the older generation, the score
was expected to decrease by 0.03 points (95%CI: -0.03, -0.02) for every year of age
at enrollment, and decrease by 0.12 points (95CI: -0.13, -0.11) for every year of
follow-up time. In the younger generation, there was an estimated increase in
forward span score as baseline age increased (0.02, 95%CI: 0.004, 0.04) and for each
additional year in the follow-up time, the score decreased by -0.07 points (95%CI:
-0.10, -0.05), thus suggesting a smaller rate of decline in the younger generation.
Education was positively associated with the score (0.12 points, 95%CI: 0.10, 0.14)
and the effect increased as follow-up time increased (educ*dage interaction effect
0.003, 95%CI: 0.0003, 0.01). Males tended to score higher by 0.13 points (95%ClI:
0.04, 0.23) than females.
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Digit Span — Backward. Similar to the Digit Span forward test, APOE was not
associated with the backward span test score (Supplementary Tables 3.s3 & 3.s4).
Older age at enrollment and longer follow-up time were negatively associated with
the score only in the older generation (age effect = -0.03, 95%CI: -0.04, -0.02; dage
effect = -0.04, 95%CI: -0.05, -0.03, Table 3.3b), and had no significant effect in the
younger generation. Higher education was positively correlated with the score
but the effect decreased with older age at enrollment (educ*age interaction effect =

-0.001, 95%CI: -0.002, -0.001). We did not detect any gender difference in this test.

Table 3.4: Parameter estimates of Logical Memory tests ¢4 allele car-
riers vs. non-c4 allele carriers.

Logical Memory - Immediate Logical Memory - Delayed
Older Younger Older Younger
Generation Generation Generation Generation
age -0.1(-0.12,-0.09)  0.09(0.06,0.12) -0.12(-0.13,-0.1)  0.07(0.04,0.11)
dage 0.06(0.03,0.08) 0.2(0.14,0.25) 0.04(0.01,0.06)  0.19(0.13,0.25)
sex(male) -0.87(-1.07,-0.67) -1.08(-1.29,-0.87)
educ 0.35(0.31,0.38) 0.35(0.31,0.39)
APOE4 -0.31(-0.57,-0.05) -0.37(-0.64,-0.1)
ind.1935 -0.4(-0.63,-0.17) -0.2(-0.45,0.05)
educ*age -0.003(-0.01,-0.001) -0.003(-0.005,-0.001)
educ*dage -0.01(-0.02,-0.002)
sex*age 0.02(0.002,0.03) 0.03(0.02,0.04)
sex*dage
APOE4*age
APOE4*dage

Logical Memory Recall Tests. As shown in Table 3.4, the ¢4 allele had a nega-
tive effect on the logical memory tests (immediate recall 4 allele effect = -0.31,
95%Cl: -0.57, -0.05; delayed recall ¢4 allele effect = -0.37, 95%CI: -0.64, -0.10) com-
pared to carriers of €3 or €2. These effects were not modified by any of the other
variables. In the older generation, older age at enrollment was associated with

lower scores of both tests (immediate recall age effect = -0.10, 95%CI: -0.12, -0.09;
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delayed recall age effect = -0.12, 95%CI: -0.13, -0.10). However, consistent with
a possible practice effect, follow-up time had positive effects on both tests (im-
mediate recall dage effect = 0.06, 95%CI: 0.03, 0.08; delayed recall dage effect =
0.04, 95%CI: 0.01, 0.06). The effects of age at baseline and follow-up time were
different in the younger generation as indicated by the significant interactions of
ind1935*age and ind1935*dage (Supplementary Table 3.s6). In the younger gen-
eration, both older baseline age and follow-up time were associated with higher
scores of both tests. In the immediate recall test, the analysis estimated an increase
of 0.09 points (95%CI: 0.06, 0.12, Table 3.4) with every additional year increase in
baseline age, and an increase of 0.20 points (95%CI: 0.14, 0.25) with every year of
follow-up time. Similarly, in the delayed recall test, for every one-year increase
in baseline age the score increased by 0.07 points (95%CI: 0.04, 0.11), and by 0.19
points (95%CI: 0.13, 0.25) for every year of follow-up time. The age affects were
modified by sex and education. Male sex reduced the effect of age at enrollment
(immediate recall sex*age interaction effect = 0.02, 95%CI: 0.002, 0.03; delayed re-
call sex*age interaction effect = 0.03, 95%CI: 0.02, 0.04, Table 3.4). The advantage of
higher education diminished slightly as baseline age increased (immediate recall
educ*age interaction effect = -0.003, 95%ClI: -0.01, -0.001; delayed recall educ*age
interaction effect = -0.003, 95%CI: -0.005, -0.001), and also diminished as follow-
up time increased in immediate recall (educ*dage interaction effect = -0.01, 95%CI:

-0.02, -0.002).

3.4 DISCUSSION

We conducted a comprehensive analysis of the effect of APOE alleles on age-

related change in various different cognitive domains. The analyses confirm the
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negative effect of £4 allele on episodic memory assessed by immediate and delayed
recall on logical memory: compared to the €2 and 3 alleles, carriers of one or more
4 alleles scored lower in both tests although they did not exhibit a faster rate of
decline. We did not detect any significantly protective effect of the 2 allele com-
pared to the <3 allele. There is substantial literature linking the <4 allele of APOE
to poorer cognition at older age, faster rate of cognitive decline and higher risk
for Alzheimers disease. The review by ODonoghue and colleagues[12] identified
12 cross-sectional and 15 longitudinal studies that reported a significant negative
association between €4 and episodic memory. Our findings show poorer memory
in carriers of ¢4 compared to other genotypes, but did not detect a significantly
faster rate of decline. A study of centenarians (Xiang et al. 2020 preprint) also re-
ported similar adverse effect of the €4 allele on a memory cognitive test score using
Beta regression modeling. Rawle et al. showed that ¢4 homozygous carriers have
a faster rate of cognitive decline compared to other genotype carriers in a study
of comparable sample size (Rawle et al. (2018)). LLFS is a study of healthy aging
and longevity with approximately 50% fewer €4 carriers compared to the study in
Rawle et al. and the smaller number of ¢4 carriers may have reduced the power
of our study. Alternatively, the lack of a difference in the rate of decline in the
older generation may be due to a survivor bias. A review paper by Smith et al.
(2019) had suggested that young 4 carriers presented better mental performance
compared to £33 carriers. A study by Caselli et al. (2009) aiming to address the
transition from cognitive advantage to cognitive deficit in €4 carriers showed that
the longitudinal decline began before age 60 and had faster acceleration compared
to £3e3 carriers. In LLFS with an average age of 87 years, €4 carriers may be sur-

vivors with increased resilience to the risk conferred by the €4 allele and therefore
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are not showing the accelerated declines seen in other samples. In addition, Tao
et al. (2018) suggested that the adverse effect of the allele might be activated by
chronic low-grade inflammation. We conducted an additional analysis of the two
Logical Memory Recall tests adjusting for baseline C-Reactive Protein (CRP) level
and the results (Supplementary Table 3.s7) showed a reduction of the adverse ef-
fect of ¢4 in the Logical Memory Immediate Recall test and no change of the ¢4
effect on the Logical Memory Delayed Recall test.

Our findings on the effect of €4 and cognition are consistent with other analy-
ses conducted in the LLFS but expand the set of results to longitudinal assessments
of cognitive function. For example, Kulminski et al. (2015) showed that the ¢4 al-
lele increases the lifetime risk of neurological disorders including dementia and
Alzheimers disease by 98% in both LLFS men and women. Barral et al. (2017)
defined exceptional cognitive performance using predominantly immediate and
delayed memory, and showed that being in an exceptional cognitive performance
family was significantly associated with being a non-carrier of the APOE ¢4 allele.
The fact that Logical Memory was the only cognitive test affected by €4 is consis-
tent with early episodic memory changes in Alzheimers disease. Reduced verbal
fluency has also been posited as a marker of early Alzheimers disease that affects
semantic memory (Gomez & White (2006)). In our sample there was no relation-
ship between animal fluency and 4. It is possible that the difference between
phonemic and semantic fluency, that is poorer semantic fluency relative to phone-
mic fluency, is more indicative of early Alzheimers disease (Henry et al. (2004))
than semantic fluency in isolation. Our analyses did not detect any significant pro-
tective effect of €2 on cognition although the data set included 314 carriers of one

or more 2 alleles. The results regarding the effect of the £2 allele on cognition
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have been mixed. The Religious Orders Study (Wilson et al. (2002)) found that £2
carriers had an annual increase in episodic memory score while the €4 subgroup
decreased more rapidly compared to €3 carriers. The study also found that ¢4 car-
riers declined faster than £3 in semantic memory and processing speed, but not in
working memory. Four additional studies suggested the £2 allele has a protective
effect and is associated with reduced odds for developing cognitive impairment
(Kim et al. (2017); Shinohara et al. (2016); Hyman et al. (1996); Helkala et al. (1996)).
In contrast, the €2 allele was not significantly associated with cognitive decline in
Henderson et al. (1995). A study of 18,000 people by Marioni et al. (2016) did not
detect any relationship between the €2 allele and learning and episodic memory
(Logical Memory), processing speed (DSST) and a fluency test. A clustering anal-
ysis of the LLFS cohort based on pattern of cognitive change by Sebastiani (2020)
detected a cluster of slowest changers of DSST that was enriched for 2 carriers,
and a cluster of fastest changers that was enriched for 4, suggesting that the ef-
fect of €2 may be modified by other factors. Our study has some limitations. Only
55% of LLFS participants completed a second visit, though the dropout rates are
comparable in each group (E2=46%, E3=45%, E4=40%). Supplementary Figure 3.s1
shows a forest plot of the standardized mean differences of the neuropsychological
tests among the three genotype groups at both visits and suggests that differences
between participants who completed both visits and those that completed one visit
should not effect the results. Secondly, having at most two time points restricts the
analysis to a linear model rather than any nonlinear models. Lastly, our study
sample is highly ethnically homogeneous that 99% of the study population are
Caucasians. Therefore we cannot infer if APOE alleles have different effects in dif-

ferent ethnic groups. In conclusion, APOE &4 allele was confirmed as a risk factor
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Figure 3.s1: Forest plot for standardized mean difference comparing
APOE2 vs. APOE3 and APOE4 vs. APOE3 at both visits.

Mean Differences of Cognitive Test Scores Comparing APOE2 vs. APOE3 and APOE4 vs. APOE3
B Visit 1- APOEZ vs, APCE2 M Visit 2 - APOEZ vs. APOEZ M Visit 1 - APOE4 vs. APOE2 Ml Visit 2 - APOE4 v, APOES

Visit 1 Visit 2

Mean Score Mean Score Mean Score Mean Score Mean Score Mean Score

Cogpnitive Test APOE2 APOE3 APOE4 APOEZ APOE3 APOE4
Animal Fluency 189 19.4 205 . ——— 212 211 219
DssT 434 437 45.0 - — 454 450 45.6
Digits Forward 80 82 82 .4.l— 75 75 75
Digits Backward 62 63 6.3 4...7 6.4 63 63
Logical Memory-/mmediate 114 15 12 - s — 132 133 137
Logical Memory-Delayed 96 99 105 = — 118 "7 121

-0.175

-0125-0.1-0.075

-0.025 0 00250050075 0.1 0.1250150175 0.2 0225

Standardized Mean Differences

for episodic memory in older adults, while APOE €2 allele was not significantly
associated with any of the cognitive tests, and neither allele appear to modify the

rate of cognitive decline.

3.5 SUPPLEMENTARY MATERIAL
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Table 3.s6: Parameter estimates of Logical Memory tests.

Logical Memory- Immediate Logical Memory-Delayed

age -0.1(-0.12,-0.09) -0.12(-0.13,-0.1)
dage 0.06(0.03,0.08) 0.04(0.01,0.06)
sex(male) -0.87(-1.07,-0.67) -1.08(-1.29,-0.87)
educ 0.35(0.31,0.38) 0.35(0.31,0.39)
APOE4 -0.31(-0.57,-0.05) -0.37(-0.64,-0.1)
ind1935 -0.4(-0.63,-0.17) -0.2(-0.45,0.05)
educ*age -0.003(-0.01,-0.001) -0.003(-0.005,-0.001)
educ*dage -0.01(-0.02,-0.002)

sex*age 0.02(0.002,0.03) 0.03(0.02,0.04)
sex*dage

APOE4*age

APOE4*dage

ind1935*age 0.19(0.17,0.22) 0.19(0.16,0.22)
ind1935*dage 0.14(0.08,0.2) 0.16(0.09,0.22)

Table 3.s7: Parameter estimates of Logical Memory tests e4 allele
carriers vs. non-e4 allele carriers, adjusting for CRP level.

Logical Memory - Immediate Logical Memory - Delayed
Older Younger Older Younger
Generation Generation Generation Generation
age -0.1(-0.12,-0.09)  0.09(0.05,0.12) ~ -0.12(-0.13,-0.1) ~ 0.07(0.03,0.1)
dage 0.06(0.04,0.08) 0.2(0.14,0.25) 0.04(0.01,0.06)  0.2(0.14,0.26)
sex(male) -0.85(-1.05,-0.64) -1.08(-1.29,-0.87)
educ 0.35(0.31,0.39) 0.35(0.31,0.39)
APOE4 -0.25(-0.51,0.01) -0.35(-0.63,-0.06)
CRP 0.12(0.03,0.21) 0.08(-0.02,0.17)
ind.1935 -0.42(-0.67,-0.18) -0.21(-0.47,0.03)
educ*age -0.003(-0.01,-0.001) -0.003(-0.005,-0.001)
educ*dage -0.01(-0.02,-0.002)
sex*age 0.01(0.001,0.03) 0.03(0.01,0.04)
sex*dage
APOE4*age

APOE4*dage
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CHAPTER 4
Analyzing Digitally Assessed Trail Making Test Using Hidden Markov Models

4.1 INTRODUCTION

Trail Making Tests (TMT) is one of the most commonly used and well-established
neuropsychological tests for clinical evaluation of brain damage and diagnosis of
age related diseases such as Alzheimers Disease. The original test was first in-
troduced in the Army Individual Test Battery (War Department (1944)) as well as
the Halstead-Reitan Neuropsychological Test Battery (Mazur-Mosiewicz & Dean
(2011)) in the 1940s. The most widely used paper-based version of the TMT con-
sists of two parts, namely Part A and Part B. In Trail Making Test Part A (TMT-A), a
series of numbers are displayed on a piece of paper, and participants are instructed
to use a pen to draw lines to connect the numbers in sequence. In Trail Making Test
Part B (TMT-B), a series of numbers and letters are displayed and participants are
instructed to connect the numbers and letters in alternate sequence. Traditionally,
the TMT scoring consists of total time to completion and number of errors made
recorded by examiners. The TMT was first utilized in the hospitals as an indicator
for certain effects of brain damage (Reitan (1955); Reitan (1958); Spreen & Benton
(1965)). Recent studies have shown that the performance of the TMT-A is related
to cognitive domains such as visual attention and processing speed, while the per-
formance on TMT-B is associated with more complex cognitive abilities including
set shifting and mental flexibility (Arbuthnott & Frank (2000); Crowe (1998); Lezak
et al. (2004); Oosterman et al. (2010); Sdnchez-Cubillo et al. (2009)).

Although the TMT has proven to be a highly sensitive test for diagnosing brain

impairment, specific mechanisms underlying the performances of TMT are not
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captured by the overall time to completion. For example, a poorly scored TMT
test might be a result of prolonged thinking, hesitation, or difficulties with hold-
ing pens and drawing lines, or both. The former implies impairment in cognitive
abilities such as visual searching and scanning, and the latter reveals dysfunction
in physical abilities such as grip strength. Thus, decomposing total time to com-
pletion into thinking time and drawing time might provide insights of cognitive or
physical abilities that contribute to the overall performance of the TMT. Another
goal of this chapter is to utilize TMT to not only detect individuals with apparent
impairments, but also to pick up subtle differences or patterns among cognitively
and physically healthy individuals. We are interested in whether these patterns or
characteristics associate with other cognitive and physical tests that were adminis-
tered in the LLFS and can be more informative in predicting cognitive decline.

During the second in-person visit of the LLFS, participants completed both
parts of the TMT using a digital pen that records and timestamps coordinates
75 times per second, or approximately every 13 milliseconds. In this digitally
recorded version of the TMT, 25 numbers are displayed in TMT-A and 13 num-
bers and 12 letters are displayed in TMT-B. The recorded data streams is sectioned
by each pen stroke, defined by a continuous drawing without lifting up the pen.
During the data extraction process, the digital pen automatically deletes coordi-
nate pairs from the same spot and intermediate coordinate pairs in a straight line.
Other information that are less relevant to the current analysis such as force and
color of the pen stroke is also recorded.

In this chapter we propose to use the digitally recorded data stream to decom-
pose total time to completion, which would provide deeper insights of the cogni-

tive function or physical function underlying the overall performance of the TMT.
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We also propose a novel application of Bayesian Hidden Markov Models (HMMs)
to perform automatic segmentation of the recorded drawings, and use the results
to estimate the number of connections drawn on papers and summary statistics of
these connections to be used as new metrics of the two tests. Our hypothesis is
that digitally recorded data stream could provide additional information of cogni-
tive state even among cognitively intact individuals that are not described by the
overall time used to complete the test. In the next section we will briefly describe
Markov chains and HMMs and introduce an application of HMMs to the digitally
recorded TMT-A and TMT-B tests.

42 METHOD

4.2.1 Study Population and Test Measures

The study population from the LLFS study has been described in section 3.2.1. In
addition to the six neuropsychological tests described in section 3.2.2, we included
a modified version of the Telephone Interview for Cognitive Status (TICS) score
in this analysis. This modified TICS sums the scores to questions Counting Back-
ward, Word List Learning and Subtractions. We also included the Hopkins Verbal
Learning Test - Revised (HVLI-R) test to test assess learning and memory. Two
physical function scores including gait speed and grip strength were also included
to measure motor functions and strength. TICS score was measured longitudinally
with multiple measurement per participant and all other measures were assessed

once at the second in-person visit.
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4.2.2 Hidden Markov Model and Trail Making Tests

To analyze information provided by the digital stream of coordinates, we imple-
mented a novel way to perform automatic segmentation of the trail drawing data
using HMMs. HMMs, first published by Baum et al. (1970), are a type of stochastic
model that assumes that the underlying process is a Markov chain, which em-
bodies the Markov assumption. A Markov chain model describes a sequence of
discrete states in which a probability is associated with transitioning to one an-
other. Denote a set of N states S = sy,s5,-+, sy, a transition probability ma-
trix P = p11,p12, - s Dn1s -+ Dan, Where p;; represents the transition probability
from state i to state j such that Z;;l Pnn = 1,Vi, and a set of initial probabilities
Il = m,m,- -, m,, where m; represents the initial probability of being in state 1.
The Markov assumption states that the conditional probability of state ¢ only de-
pends on the previous state ¢ — 1, and not any other states before that. The Markov

assumption can be expressed as follows:

P(s¢|s1, 89, ,8t-1) = P(s¢|st-1)

The Markov chain model allows us to compute event probabilities in the case when
events are directly observable. However, in many applications, the underlying
states are not directly observable, or hidden. HMMs enable us to incorporate the
observations into the model. In addition to the Markov chain model components,
we denote a set of T observations Y = y1, 42, - - - , yr, and a set of emission probabil-
ities K = k;(y),i =1,--- ,n,t =1,--- T, where k;(y;) represents the probability of
generating observation y; from state . And in addition to the Markov assumption,

the HMMs have three more assumptions. The first two assumptions state that both
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the observations Y and the hidden states N come from known, finite sets. HMMs
also makes the conditional independence assumption that the probability of ob-
serving v, only depends on the immediate hidden state s;. This assumption can be

expressed as:

P(yt|yl7y2,"' y Yt—1, 51,52, " - 7St—1) = P(yt|5t)

In the digitally recorded TMT data, we directly observe the sequence of coordi-
nates and timestamps of drawings on the paper, but we do not know which connec-
tion (a connection is a line drawn to connect two symbols in sequence) a particular
coordinate pair is in. If a participant were able to draw a perfectly straight line for
each connection, the correct number of segmentation would be 24 for both TMT-A
and TMT-B. In practice, a connection could be made up of multiple segmentations
when there is a detectable turn of direction, or curvature, in the drawing. Figure 4.1
and Figure 4.2 illustrate an example of the HMM segmentation from TMT-A. Fig-
ure 4.1 recreates the drawing by connecting the recorded coordinate pairs, while
Figure 4.2 shows the segmentation from the HMM with each color representing a
unique segment assignment.

In these TMT data, the coordinates can be viewed as the observable sequence
of observations, while their corresponding underlying connections can be viewed
as unobservable, or hidden states. The nature of these data satisfies the four as-
sumptions of HMMs such that the observed coordinates are finite in number and
the underlying segmentations are assumed to be finite with a specified measur-
ing sensitivity; the conditional probability for a particular pair of coordinates to
be in segment 7 only depends on the segment of the previous pair of coordinates
; and lastly the probability of observing a particular segment only depends on the

immediate segment. We assume that the connections between numbers or letters
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Y-Coordinate

Y-Coordinate

X-Coordinate

- Figure 4.2: An example
Figure 4.1: An example of of drawing in TMT-A after

drawing in TMT-A. HMM segmentation.

in sequence can be approximated by straight lines. We used the following model

specification for the HMM:

elt] ~ Cat(p.cle[t —1],])

y[t] ~ Norm(p.€[t], T)
pelt] = bole[t]] + baet]] > x[t]

The random variable [t| denotes the hidden state (segment) at time ¢ that we as-
sumed follows a categorical distribution with probability of transition that only
depends on the state at time ¢ — 1, say p.c[¢[t — 1],]. We assumed a maximum of
40 hidden states, and assumed that the vector of transition probabilities from state
t-1 follows a Dirichlet prior distribution with a = 1,Vi = 1,--- ,40. The pairs of
(x[t],y[t]) coordinates were modelled using a linear regression of y[t|, conditional
on z[t|, and we assumed that y[t] followed a normal distribution, with precision

7, that had Gamma prior distribution with both shape and scale parameters equal
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to 1. We modelled the expected value p.c[t] of y[t]|z[t] using a linear relationship
with intercept term b, and slope b, for each hidden state c. We assumed that that
bo had a normal prior distribution with mean 0 and precision 7, = 109, and b; had
normal prior distribution with mean 0 and precision 7; = 10~*. We estimated the
values of the hidden states and the parameters of each segmentation using Markov
Chain Monte Carlo methods, with 2,000 adaptions and 10,000 iterations and mon-
itored the hidden state for each recorded coordinate pair. To smooth some of the
estimated segmentation, we re-assigned any segment with only one point that was
different from both the segment before and after it, to the previous assigned seg-
ment. For example, if coordinate pairs 1 through 5 were assigned to segment 1,
coordinate pair 6 to segment 8, and coordinate pairs 7 through 10 to segment 15, in
this case coordinate pair 6 with segment 8 would be re-assigned to segment 1. We
also re-assigned any series of non-consecutive segment to a new segment number.
For example, if coordinate pairs 1 through 5 were assigned to segment 1 and later
coordinate pairs 75 through 85 were also assigned segment 1, then the segment
number of coordinate pairs 75 through 85 were re-assigned to a new number that

is different from any other existing segments.

4.2.3 Extracted Metrics

Using data directly available from the digital pen, we extracted and derived sev-
eral time metrics for each test of TMT-A and TMT-B. We first defined a set of in-
tuitive raw time variables, namely raw drawing time and raw thinking time. Raw
drawing time was defined as the time spent while the digital pen was on the pa-
per, suggesting a drawing motion was in place. Raw thinking time was defined

as the time spent while the digital pen was lifted away from the paper, suggesting
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the participant was likely thinking or looking for the next number or letter in se-
quence. A cluster of points was defined as a group of coordinates with pairwise
distance less than v/2 coordinate units. Examples of clusters of points are illus-
trated in Figure 4.3 using the same TMT-A drawing as in Figure 4.1 and Figure

4.2, with clusters of points marked in red color. A cluster of points indicates that

Figure 4.3: An example of drawing in TMT-A with cluster points in
red color.
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the digital pen had moved less than one coordinate unit in both the vertical and
horizontal directions, where one coordinate unit is equivalent to 0.3 millimeters.
Given that the time spent in these cluster coordinate pairs also suggested think-
ing or hesitation, we then defined a set of derived time variables, namely derived
drawing time and derived thinking time. Derived drawing time was calculated
by subtracting the time spent in cluster points from the raw drawing time, and

derived thinking time was calculated by adding time spent in cluster points to the
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raw thinking time. The derived time variables would provide us a more accurate
understanding of the decomposition of the total completion time. The ratio be-
tween derived thinking time and derived drawing time was also calculated to be
used as a metric in the subsequent analysis. Using the results of the HMM seg-
mentation, we extracted several metrics including number of segmentations and
summary statistics of the segments such as the minimum, maximum, median and

mean length (in coordinate units) of the segments, for both TMT-A and TMT-B.

4.2.4 Statistical Analysis

We examined the association between these new derived metrics and more tra-
ditional metrics of cognitive and physical function using Generalized Estimating
Equations (GEE) with exchangeable correlation structure to account for family
clustering. The analyses were limited to the subset of participants who had suc-
cessfully completed the tests, since only these participants would get examiner-
timed scores on their performances. The analyses were conducted in three settings.
In all settings, the GEE models used the traditional cognitive and physical scores
as the outcome variables, and were adjusted for age at test, sex, education level,
and familial longevity if significant. In the first setting, the completion time in sec-
onds, which is the commonly used score of the TMT tests, was used as the only
additional predictor in the model. In the second setting, the new TMT metrics in-
cluding derived drawing time, ratio between derived thinking time and drawing
time, number of HMM segments and mean segment length were used as addi-
tional predictors. Derived thinking time was not included in the analyses due to
high correlation with other variables and high variance inflation factor (VIF) in a

exploratory analysis, to avoid multicollinearity. In the third setting, both comple-
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tion time and extracted TMT metrics were included in the model as additional pre-
dictors. In all three settings, we first performed stepwise variable selection always
keeping age, sex and education level in the model. Using the selected variables,
GEE models with exchangeable correlation structures were fitted accounting for
within subject and within family correlations for TICS, and accounting for within
family correlations for all other measures. We conducted this set of analyses sepa-
rately in TMT-A and TMT-B, as well as the difference between the metrics of TMT-
A and TMT-B. We retained variables with significance level less than 0.05, but will
only discuss results with significance levels that pass the Bonferroni correction of
multiple testing, which is 0.5/10=0.005. The HMM analysis was conducted in R
using the rjags package and the annotation analysis was implemented in SAS 9.4
using PROC HPGENSELECT for variable selection and PROC GENMOD for the

final parameter estimates of GEE models.

4.3 RESULTS

Out of 3,349 LLEFS participants who were alive at the time of the second in-person
visit, 2,364 participants received the TMT-A and 2,181 successfully completed the
test. Only 2,330 participants received the TMT-B and 2,083 successfully completed
the test. Table 4.1 summarizes the demographic characteristics and test scores of
the participants who were included in this analysis. At the second in-person visit,
participants who completed either test had age ranged from 43 to 106 years old,
and those who completed TMT-B were slightly younger than participants who
completed TMT-A (70.9 years vs. 71.8 years, p=0.005). Approximately 44.9% par-
ticipants were male and 52.8% had college degrees or above. Participants who

completed TMT-B had significantly higher test scores in animal fluency (21.8 vs.
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Table 4.1: Demographic characteristics and test scores of participants
who completed the Trail Making Tests.

TMT-A TMT-B p-value(t-test)

N 2181 2083

Age at visit 2 mean(SD), years 71.8 70.9 0.005
Gender, male(%) 982(45%)  931(44.7%) 0.83
Education, college and above(%) 1134(52%) 1118(53.7%) 0.27
Test Scores at Visit 2 (SD)

TICS 15.7(4.1) 15.9(3.8) 0.13
Animal Fluency 21.3(6.4) 21.8(6.2) 0.02
DSST 45.1(13.8)  46.3(12.9) 0.01
Digits Forward 7.4(2.3) 7.4(2.3) 0.59
Digits Backward 6.3(2) 6.4(2) 0.19
Logical Memory-Immediate 13.5(4.3) 13.8(4.1) 0.03
Logical Memory-Delayed 12(4.8) 12.3(4.6) 0.03
HVLT 23.6(6.2) 24.1(5.8) 0.01
Gait Speed 1.002(0.3) 1.022(0.2) 0.01
Grip Strength 28(11) 28.6(10.9) 0.05

21.3, p=0.02), DSST (46.3 vs. 45.1, p=0.01), Logical Memory Recall tests (13.8 vs.
13.5, p=0.03 for Immediate Recall; 12.3 vs. 12.0, p= 0.03 for Delayed Recall) and
Gait speed (1.022 vs. 1.002, p=0.01). Paired comparisons of extracted metrics be-

tween TMT-A and TMT-B are shown in Table 4.2 . On average TMT-B took longer

Table 4.2: Matched differences of metrics between TMT-A and TMT-

B.
TMT-A TMT-B p-value(t-test)

Completion time 42.3(25.2) 99.5(55.8) <0.001
Derived thinking time 27.9(105.4) 67.7(123) <0.001
Derived drawing time 27.7(10.9) 47.6(17.2) <0.001
Think /draw ratio 1(4.4) 1.5(6.7) 0.003
Number of HMM segments 43(11.3) 59(18.8) <0.001
Maximum length of segments 443.3(145.8) 694.3(198.6) <0.001

to complete and required both longer derived thinking time and longer derived
drawing time comparing to TMT-A. The ratio between derived thinking time and

drawing time was also higher in TMT-B compared to TMT-A (1.5 vs. 1, p=0.003).
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On average TMT-B resulted in more HMM segments (59 vs. 43, p<0.001) with

longer maximum length (694.3 vs. 443.3, p<0.001) compared to TMT-A. Figure 4.4

and Figure 4.5 show the pairwise scatter plots of the new metrics and completion
Figure 4.4: Pairwise scatter plot matrix for metrics in TMT-A.
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time in TMT-A and TMT-B, respectively. Completion time and derived drawing
time exhibit a strong correlation with p=0.85 in TMT-A and p=0.73 in TMT-B. A
weak to moderate correlation is shown between completion time and number of
HMM segments, with p=0.51 in TMT-A and p=0.48 in TMT-B.

Tables 4.3a,4.3b, 4.4a, 4.4b, 4.5a & 4.5b show the GEE parameter estimates of the
analysis of the new metrics derived from the digital administration of the TMT-A ,
while Tables 4.6a, 4.6b, 4.7a, 4.7b, 4.8a & 4.8b show the GEE parameter estimates of

the analysis of the new metrics derived from the digital administration of the TMT-
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Figure 4.5: Pairwise scatter plot matrix for metrics in TMT-B.
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B. Tables 4.9a, 4.9b, 4.10a, 4.10b, 4.11a & 4.11b show the GEE parameter estimates
of the analysis of difference between these two sets of new metrics. Overall, com-
pletion time was significantly associated with all cognitive and physical test mea-
sures when it was the only additional predictor in the GEE models. Derived draw-
ing time was significantly associated with all test scores while the other extracted
metrics including ratio between derived thinking time and derived drawing time,
number of HMM segments and maximum length of HMM segments were signif-
icantly associated with selected test scores. When adjusted for completion time,
the extracted metrics remained significant in selected test scores. Parameter esti-
mates of the GEE models with significance levels pass the Bonferroni correction

for multiple testing are summarized below.
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TMT-A. As shown in Table 4.3a and 4.3b, in the first setting where completion
time was used as the only predictor in addition to age, gender and education level,
completion time had significant negative associations with all the traditional cog-
nitive and physical test scores. This suggested participants with longer completion
time were expected to have lower test scores. In the second setting shown in Table
4.4a and 4.4b, where the GEE models included the extracted metrics but not the
completion time, the derived drawing time had a significant negative associations
with all traditional measures of cognitive and physical function, suggesting that
longer time spent drawing connections correlates with worse cognitive and physi-
cal functions, adjusting for age, gender and education level. The number of HMM
segments was negatively associated with the DSST and gait speed. For each addi-
tional segment, the DSST score was expected to decrease by 0.11 points (SD: 0.02,
p<0.0001), and gait speed to decrease by 0.002m/s (SD: 0.0006, p=0.01). Lastly, in
the third setting (Table 4.5a and 4.5b), where we included both completion time
and extracted metrics in the GEE models, the completion time remained signif-
icantly associated with all test scores with the exception of Logical Memory de-
layed recall and gait speed. Derived drawing time was negatively associated with
these two test scores suggesting that the time spent in making connections between
letters had more significant associations with the two test scores compared to the
traditionally used completion time (parameter estimate = -0.05, SD:0.01, p=0.0002
in Logical Memory delayed recall; parameter estimate = -0.001, SD:0.0005, p=0.01
in gait speed). Derived drawing time was also significantly associated with the
DSST score in addition to completion time (parameter estimate = -0.33, SD: 0.04,
p<0.0001). This suggested the derived drawing time explained additional variance

of the DSST score that completion time did not explain. The ratio between derived
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thinking time and derived drawing time was significantly associated with TICS,
and Logical Memory immediate recall. For every one unit increase in the derived
ratio, the TICS score was expected to increase by 0.4 points (SD: 0.12, p=0.0009),
and Logical Memory immediate recall to increase by 0.05 points (SD:0.02, p=0.003.
Higher number of HMM segment was associated with lower test scores in DSST
and gait speed, with gait speed having the same model selected as in the second
setting. For each additional segment, the DSST score was expected to decrease by
0.10 points (SD: 0.02, p<0.0001).

TMT-B. Similar to the analyses of TMT-A, completion time was significantly
associated with all test measures when it was the only additional predictor in the
model (Table 4.6a and 4.6b). In the second setting where we included only the ex-
tracted metrics in the GEE models as shown in Table 4.7a and 4.7b, derived draw-
ing time was negatively associated with all test scores. The ratio between derived
thinking time and derived writing time was associated with lower test scores in
DSST, backward digit span and HVLT. For each unit higher in the derived ratio,
DSST score was expected to decrease by 0.11 points (SD: 0.03, p<0.0001), backward
digit span score to decrease by 0.02 points (SD: 0.01, p=0.003) and HVLT score to
decrease by 0.03 points (SD: 0.01, p=0.004). This suggested longer thinking time
and shorter drawing time implied poorer cognitive functions. As shown in Table
4.8a and 4.8b, in the third setting where the GEE analyses included both comple-
tion time and extracted metrics, the completion time was negatively associated
with all test scores except for grip strength, for which derived drawing time had
a significant negative association in place of completion time. Derived drawing
time was also significant with outcome measures DSST and HVLT, in addition to

the presence of completion time in the model. Each additional unit increase in
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the derived thinking time and drawing time ratio was associated with lower test
scores in DSST by 0.06 points (SD: 0.02, p=0.0003) and backward digit span by
0.01 points (SD: 0.004, p=0.0003). Number of HMM segments was associated with
lower gait speed by 0.001m/s (SD: 0.0003, p=0.001). Lastly, each unit increase in
maximum length of HMM segments was associated with higher score in DSST by
0.004 points (SD: 0.001, p<0.0001).

Difference between TMT-A and TMT-B. Similar to the analyses in both TMT-A
and TMT-B, the difference in completion time had significant negative associations
with all test measures except for grip strength as shown in Table 4.9a and 4.9b. This
suggested as the additional time required to complete TMT-B increases, the test
scores were expected to decrease. In Table 4.10a and 4.10b, when only the extracted
metrics were included as predictors in the GEE models, the difference in derived
drawing time was also negatively associated with all test measures, suggesting the
longer it took the participants to draw the lines in TMT-B compared to TMT-A,
the lower the test scores were expected. The difference in thinking and drawing
time ratio was negative associated with DSST and backward digit span. For each
unit higher in the ratio difference, the DSST score was expected to decrease by 0.08
points (SD: 0.02, p<0.0001) and the backward digit span score to decrease by 0.01
points (SD: 0.003, p<0.0001). Larger difference in the ratio between two tests sug-
gested in terms of time allocation, participants spent more time to think than to
draw in TMT-B compared to TMT-A. Lastly Table 4.11a and 4.11b show the GEE
models adjusting for both completion time and extracted metrics. Derived draw-
ing time was associated with grip strength in place of completion time, however,
the association did not pass for the Bonferroni correction for multiple testing. The

differences of metrics between TMT-A and TMT-B were not significantly associa-
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tion with the cognitive and physical test measures.

4.4 DISCUSSION

In this chapter we extracted metrics from digitally recorded TMT by deriving time
variables and using HMM to perform automatic segmentation of the recorded co-
ordinates. We then analyzed the associations between these TMT metrics and other
cognitive and physical function test scores. The overall results suggested that the
extracted metrics could provide additional information of the underlying mecha-
nism among cognitively and physically healthy individuals in addition to the time
used to complete the tests.

The analyses suggest that the overall time employed to complete each test is
predictive of cognitive and physical functions. However, when the completion
time is analyzed together with the new derived metrics, the effects of completion
time is explained by drawing time in logical memory delayed recall in TMT-A and
grip strength in TMT-B, and a combination of drawing time and number of seg-
ments in gait speed in TMT-A. This indicates that the new metrics could serve as
better predictors for outcome measures involve episodic memory, functional mo-
bility and muscular strength. The results also show that both metrics from the
HMM provide additional information in predicting cognitive and physical func-
tions when analyzed together with total completion time. Higher number of seg-
ments is associated with lower score in DSST and gait speed, posing higher risk
of decline in processing speed, attention, working memory and functional mobil-
ity. Longer maximum length of segments serves as an predictor of higher score in
DSST, and could be an indicator of better processing speed, attention and work-

ing memory. The LLFS has also implemented several other tests using digital pen,
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including the DSST and the Clock Drawing Test. In the study by Andersen et al.
(2019), they categorized participants into different performance trajectories across
the DSST that significantly correlate to performance on verbal fluency and episodic
memory. In an analysis of the digital Clock Drawing Test, results also suggest
there are signification associations between digital metrics of the Clock Drawing
Test and APOE genotype (Du et al. (2021a), manuscript in preparation). This reaf-
tirms that digital metrics help disentangle the underlying effect of cognitive and
physical functions that is not captured in the traditional testing formats.

Several studies have employed fully-digital versions of the TMT, using iPads or
Android based applications on tablets or personal computers (Fellows et al. (2017);
Lunardini et al. (2019); Makizako et al. (2013)). Dahmen et al. (2017) and Fellows
et al. (2017) implemented a digital version of the TMT and extracted information
such as pauses, lifts of the pen, time spent inside circles and time between circles,
with more sophisticated metrics extracted for TMT-B including average time be-
fore numbers or letters. Our version of the studies captures similar information
such as lifts, pauses (in form of cluster coordinate pairs) and pressure. While in
our approach we do not classify the coordinate pairs by inside or outside of circles,
or before or after letters, the HMM segmentations provide information about de-
tectable turn of direction in the drawing. Our innovative application of the HMM
in this digital version of the TMT allows us to mathematically quantify and clas-
sify the recorded drawings in a holistic perspective, while not introducing poten-
tial confounders caused by low familiarity with technology in elderly participants

that may influence the test results.
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CHAPTER 5

Discussion

In this dissertation we present novel methods and applications to analyze neu-
ropsychological test scores using Bayesian models. The dissertation work de-
scribed in chapter 2 and chapter 3 proposed a novel approach to perform vari-
able selection in Bayesian hierarchical models with a simulation study showing
this proposed algorithm produces more parsimonious results compared to DIC, as
well as a real world example to show an application of this algorithm. The work
described in chapter 4 provided a novel application of the HMM to analyze data
from neuropsychological tests administered using emerging digital technologies.
These works can be extended and future directions are discussed below.

We present our proposed variable selection algorithm that works in analogue to
a backward selection, though this it can be extended to both forward and stepwise
selection methods with careful modification of the algorithm logic. To apply this
idea in a forward selection, the logic behind the algorithm needs to be reversed.
In stead of identifying the variable that is least probable to be different from 0,
we will need to identify and add the variable that is most probable to be different
from 0. Similarly in a stepwise selection, after each variable is added to the model,
the posterior credible intervals of all variables currently in the model should be
checked, and the variable that is least probably to be different from 0 should be
removed before refitting the model.

Future steps for applying HMM to analyze TMT data include extracting met-
rics focus on local rather than global characteristics. One way to accomplish this
is to outline coordinate perimeters for each node (a number or a letter). By cre-

ating a non-overlapping region around each node, we can extract metrics such as
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number of segments between two nodes, drawing speed leading up to a particular
node, and arriving or departure drawing speed of numbers compared to letters.
With these extracted local metrics, we can then consider performing hierarchical
clustering of these characteristics to explore the associations between patterns of
drawing and cognitive or physical function states, as well as other factors such as

socioeconomic characteristics and genetic factors including the APOE gene.
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