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ABSTRACT

Intensive longitudinal biomarker data are increasingly common in scientific studies that seek temporally granular understanding
of the role of behavioral and physiological factors in relation to outcomes of interest. Intensive longitudinal biomarker data, such
as those obtained from wearable devices, are often obtained at a high frequency typically resulting in several hundred to thousand
observations per individual measured over minutes, hours, or days. Often in longitudinal studies, the primary focus is on relating

the means of biomarker trajectories to an outcome, and the variances are treated as nuisance parameters, although they may also be

informative for the outcomes. In this paper, we propose a Bayesian hierarchical model to jointly model a cross-sectional outcome

and the intensive longitudinal biomarkers. To model the variability of biomarkers and deal with the high intensity of data, we
develop subject-level cubic B-splines and allow the sharing of information across individuals for both the residual variability and
the random effects variability. Then different levels of variability are extracted and incorporated into an outcome submodel for
inferential and predictive purposes. We demonstrate the utility of the proposed model via an application involving bio-monitoring

of hertz-level heart rate information from a study on social stress.

1 | Introduction

Over the past several decades a large literature has developed
to use longitudinal measurements such as biomarkers or survey
responses to predict health outcomes. For example, Henderson,
Diggle, and Dobson [1] linked linear mixed effects models for lon-
gitudinal measures of psychiatric disorders with semi-parametric
proportional hazard models for time-to-drop-out through a latent
bivariate Gaussian process to explore the association between
longitudinal psychiatric disorder scores and the outcome of inter-
est. Wu, Hu, and Wu [2] extended the sub-model for longitudinal

biomarkers into non-linear mixed effects models and connected
them with the survival sub-model via subject-level random effects
estimated from the longitudinal trajectories. Horrocks and van
Den Heuvel [3] used longitudinal measurements of the adhesive-
ness of CD56"8"t cells to predict the probability of achieving a
successful pregnancy.

The development of ecological momentary assessment (EMA)
data [4], which is typically provided at much higher frequen-
cies with consequently much larger individual-level sample
sizes, has spawned a smaller but rapidly developing literature to
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incorporate EMA data into the prediction of health outcomes.
EMA data can occur in a variety of forms: for example, prompts
on smartphones or other electronic devices to complete ques-
tionnaires or undertake tasks [5]; respondent tracking of events
occurring in their experience [6]; or, as in our example, biomet-
ric measures such as skin conductivity or heart rates. By virtue
of its density, EMA data allows both assessment of short term
effects and the possibility of more accurate prediction or associ-
ation with longer-term outcomes. But this density as well as the
variety of ways in which this data is collected also may require
special consideration of statistical methods for its analysis [7]. In
general, some types of methods that account for the longitudinal
nature of the data, such as ANOVA [5], or linear or generalized
linear mixed models [6, 8], or structural equation modeling [9],
have been used.

While a considerable proportion of studies relating longitudinal
data to health outcomes have primarily focused on the mean
structure of the longitudinal measurements and treated the vari-
ance as a nuisance parameter, it is crucial to realize that the vari-
ance structure itself can be of vital importance and can have a
strong impact on the subsequent analysis [10]. The literature in
this area is small but growing; for example, Palmier-Claus et al.
[11] studied the association between affective variability and sui-
cidal ideation by regressing suicidal ideation scores on daily vari-
ability of negative and positive affect scores calculated by mean
squared successive difference of the self-reported affect scores
within each day. Mood variability was found to have a signif-
icant and stronger association with the frequency and severity
of suicidality than the daily average. Fang et al. [12] found that
reduced average daily total sleep time along with increased vari-
ability in daily total sleep time were correlated with higher levels
of depressive symptoms among first-year medical interns. They
discovered this relationship by regressing the quarterly average
depression scores on the mean and standard deviation of daily
total sleep time collected over the first internship year through
the Intern Health Study. Taylor et al. [13] concluded from the
Study of Women’s Health Across the Nation (SWAN) sleep study
that greater variability in bedtime rather than later bedtime was
associated with metabolic health in midlife women by relating
the standard deviations of individuals’ sleep time over 2 weeks
to insulin resistance. Gao et al. [14] found that individual-level
variability of intraocular pressure is an independent risk fac-
tor for onset of primary open-angle glaucoma. Elliott, Sammel,
and Faul [15] linked mean and variance of cognitive scores to
the development of dementia, finding that variability (but not
mean) was predictive of dementia onset. Jiang et al. [16] con-
sidered a mixture model which included latent classes for the
individual-specific mean profiles and residual variances, finding
that higher variability in Follicle Stimulating Hormone (FSH)
was associated with a higher chance of experiencing hot flashes in
females.

Consideration of variability as a direct predictor in EMA data
does not seem to exist. Hedeker, Mermelstein, and Demirtas [17]
did model between- and within-subject variances of negative and
positive affect obtained by random prompts from handheld com-
puters as a function of baseline covariates via log-linear models,
but did not consider variability of the affect measures themselves
as predictors.

A key feature of EMA data is that it is obtained at a high frequency
and typically results in hundreds to thousands of observations
per individual taken over hours or days. Furthermore, here we
focus on heart rate, which, due to autonomic regulation of the
cardiovascular system, is approximately stationary except over
very short time intervals, so that mean trends are not available
as predictors. Heart rate variability (HRV) has been considered
as a predictor of several health outcomes outside of EMA set-
tings [18, 19]. The time and frequency domain of HRV are first
derived based on the interbeat intervals, which are then averaged
over a specific time period (e.g., 5-min average HRV). A previous
study on HRV and stress have shown that standard deviations of
interbeat intervals (SDNN), which measures the overall HRYV, is
significantly lower when people were under stress [20].

Instead of simple averaging, our approach to the analysis of
heart rate data is different and, we believe, highly novel and
likely to access quite a bit more information from standard HRV.
First, we model variability in heart rates using a random effects
B-spline, separating variance into a longer-term variability com-
ponent measured by the spline random effects variance (“wig-
gliness” of the heart rate) and a shorter-term variability com-
ponent measured by the residual variance (“second-to-second”
variability of the heart rate). We also consider an individual auto-
correlation measure [21] to account for correlation in residual
variance. We use a joint model, with the individual level “wiggle-
ness” and “second-to-second” variability modeling assignment to
one of four controlled stress settings. This joint modeling is a key
feature of our development as well since two-stage approaches
that estimate variabilities of longitudinal measurements in the
first stage and then plug in these sample-based estimates into
the second stage outcome model will usually lead to biased infer-
ence and uncontrolled variance in the second stage model [22]
as the uncertainty of the mean and variance estimation in the
first stage is not properly propagated to the outcome model. Cor-
rections have been proposed to eliminate the bias in two-stage
models. For example, Ye, Lin, and Taylor [23] proposed a risk
set regression calibration (RRC) method to correct the bias inher-
ent in the naive two-stage model when connecting longitudinal
measurements and the time-to-event outcome of interest; how-
ever, their method worked well only when measurement error
in the longitudinal marker was low. Joint modeling approaches
have attracted increasing attention in the past two decades and
simulation studies have shown that joint modeling the longi-
tudinal measurements and cross-sectional or survival outcomes
together generally leads to unbiased results [24]. These joint mod-
els are often implemented using shared random effects models
[25], where a first-stage model is used to estimate subject-level
trends using random effects, and these random effects are then
used as predictors in the second-stage models [26, 27]. We follow
such an approach here.

We demonstrate the application of our work to the Michigan
Work-Life Study where we aim to determine how variability in
hertz-level heart rate measurements are associated with stress,
which is reflected by the group assignments. This study was
designed to examine the nature of race-based anticipatory and
perseverative stress among Black women. Using the Trier Social
Stress Test (TSST) to elicit a social stress response (analogous
to the use of the treadmill to elicit a physical stress response),
participants were randomly assigned to one of four race-related
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stress exposure groups (described in detail below). The TSST
includes three phases: (a) anticipation, which captures antici-
patory stress; (b) social stress, which is the actual acute stress
exposure; and (c) recovery, which may capture any persevera-
tive stress. The biological stress responses during the TSST can
be measured in numerous ways; in the Michigan Work-Life
Study, these responses were measured using blood pressure,
electrodermal activity, heart rate, salivary cortisol, and salivary
alpha-amylase. In this applied demonstration of this novel sta-
tistical approach, we focus on hertz-level heart rate information.
We take a non-standard approach in this analysis, in part for illus-
trative purposes of the method, treating the assignment group as
the outcome. Thus our analysis will focus on understanding how
variability in heart rate is associated with the various treatment
assignments rather than viewing variability strictly as a predictor
in a formal sense.

The remainder of our manuscript is organized as follows.
Section 2 develops the statistical details of the proposed joint
model in a Bayesian framework. Section 3 implements a simula-
tion study to assess the quality of inference from the joint model,
and compares this with somewhat simpler a two-stage approach.
Section 4 applies our method to the Michigan Work-Life Study.
Section 5 summarizes the findings of the simulation study and
application and considers limitations and the next step for
research.

2 | Methods

21 | Observed Data

Let Y; denote the cross-sectional binary outcome of subject i =
1,....N. Let X, = X, ...,Xm,]T be a vector of », longitudi-
nal biomarker values collected for subject i over time and ¢, =
[til, e, tmi] " be a vector of n; corresponding time points. Let X ;
denote the value of the longitudinal biomarker of subject i col-
lected at time L j =1, ...,n. Baseline covariates are denoted by
vector Z ;.

2.2 | Joint Model

To jointly model the longitudinal biomarker and the binary out-
come together, the proposed model is comprised of two compo-
nents. In the longitudinal marker sub-model, we model the inten-
sive longitudinal marker data Xjpi=1,...,N,j=1,...,nasa
non-linear function of #;; using a B-spline regression model. The
outcome sub-model then links the short-term and long-term vari-
ances from the B-spline longitudinal marker sub-model with the
binary outcome Y.

2.2.1 | Predictor Sub-Model: Longitudinal Biomarker

The proposed model for the longitudinal marker is as follows:
X, ~N, (f(t:;yb,;). %), independentlyfori=1,...,N

by iidN(o,o;), I=1,....L
1

Here, N, (f:. ;) denotes an n;-dimensional multivariate normal
distribution with mean f; and covariance matrix X,, where n, rep-
resents the number of observations for participant i. The function
£ (t;: By, b;) represents a non-linear function of time ¢, character-
ized by population-level fixed effects §, and individual-level ran-
dom effects b,. In our case, this non-linear function is a B-spline
regression model provided by £ (1: fo. b;) = By + ey budra (15)-
The individual-level random effects b; = [b;;, .,.,biL]T is a vec-
tor of length L where L denotes the number of basis functions of
time and we assume participants have the same number of basis
functions here. & ,(-) is the B-spline basis function of degree d and

: =k, Kip1ea =1y
is formulated byf,,d(tij) — itk f[,d—l(tij) + —k,;:*kzil §,+1,d_1(tij)

kpa—k
with &, (t;) = I(k <1 < Z;H)’; k;’s in the formulation are the
time knots based on specific selections. In our simulation and
application, we set the degree of the B-spline basis function to be
3 and placed a time knot at every 2nd percentile of the observed
time duration. Since intensive longitudinal measurements are
likely to be correlated with each other, we can impose different
covariance matrices to reflect the correlations. We can rewrite
T, as o2 R;, where we assume that observations for participant
i have a constant residual variance aez’ across time and R, is the
correlation matrix.

This model uses individual-specific variability in the ran-
dom effects, alf ’s, to characterize “long-term” variability (i.e.,
minute-to-minute variability) in the longitudinal marker, and
uses individual-specific variability in the residual errors, 062 ’s, to
characterize “short-term” variability (i.e., second-to-second vari-
ability) in the longitudinal marker. The traditional definition of
“Heart Rate Variability” is the variation in the duration between
consecutive heart beats, also called an “interbeat interval,” as
the heart continuously adapts to the environment, and includes
numerous time- and frequency-based components important in
clinical settings [28]. Faster heart rates mean that the interbeat
interval is shorter, with less opportunity for variation; slower
heart rates mean that the interbeat interval is longer, allowing
for more opportunity for variation in heart rate or greater HRV.
Basic time-based measures of HRV are generally calculated as the
standard deviation or the root mean square of successive inter-
beat intervals over a short epoch, yielding single average values of
HRV. However, here, we examine a different approach to quanti-
fying this time-based variability.

2.2.2 | Outcome Sub-Model: Binary Outcome

The binary outcome Y; is assumed to be associated with the

individual-specific variances and baseline covariates Z; through
the following probit regression model:

S, = [Gbi,ae,,Z:]T
Y, ~ Bern(®(n(S,)))

n(S;) = a +a, xlog(o;, ) + a3 xlog(o, ) +vZ,i=1,....N
@)

S; is a vector of individual-specific short-term variability o, ,
long-term variability o, and baseline covariates Z;. The out-
come is modeled using a logistic regression with a probit link;
@ in (2) denotes the cumulative density function (CDF) of
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the standard normal distribution. #(.S;) is a linear function
of log-transformed variances and baseline covariates. (In our
example we do not include baseline covariates since the random-
ization of Y means that there was little imbalance with respect
to covariates, but we include them in our model for complete-
ness.) Although we specify a probit model for a binary outcome,
a generalized linear model with a specified link function can be
considered.

2.3 | Priors
We specify the following priors and hyperpriors for each
unknown parameter.

For the longitudinal marker sub-model fixed effects f,, we
assume f, ~ N (0,y?).

To allow sharing of information across individuals for long-term
variability, we propose a common prior distribution for af ’s

log(a7 ) ~ N (0,, %) 3)
with hyper-parameter priors [29]
2
v, ~ N (my, x}), ¥, ~ Half — Cauchy(0, 7,) 4

A general form for the prior distribution for the subject-level cor-
relation matrix R, is difficult to specify for n, > 2, given the need
for R, to be positive definite. Options to deal with this include
positing independent U (-1, 1) distribution for correlation param-
eters and rejecting those that fail to be jointly positive definite [30]
and parameterization of correlations in terms of hyperspherical
coordinates [31]. Here we elect to take advantage of a high degree
of beat-to-beat autocorrelation and assume an AR1 model so that
the off-diagonal elements of the correlation matrix R; become
Tiks = pl.s_kl for 1 < k, s < n; with p; representing the autocorre-
lation parameter for individual i. We implement this model by
decomposing the original error e; = p;e;;_; + w;; into a determin-
istic function of the error at the previous time point, p;e;_;, and

. . . . iid
an innovative new “white noise” wy, where w;; ~ N <O, ‘7,20 ).We

assume the priors for this as

log<0§j ) ~ N (v, ¥2)
v, ~ N(my,k2), ¥, ~ Half - Cauchy(0,7,,) %)
0, ~U(0,1)

where the prior on p; assumes a positive autocorrelation that is
biologically warranted for heart rates. Recall that in Section 2.2.1,
we decompose the covariance matrix of X, into X, =¢2R,,

where we assume Var(e,-j) = ¢2. With the specification of p; and
the prior for w
2

i We naturall}} get the deterministic relation-
which makes it unnecessary to specify a prior

6“‘!

1-p

ship 62 = =,
i i

for 62.
el

For the outcome sub-model, we assume an independent N (O, a)z)
priors for each of the regression coefficients (al, ay, s, y).

For the hyperparameters, we chose values that correspond to
weakly informative values. Thus for the fixed effect regres-
sion hyperparameters, we set y = 1000 and for the outcome
sub-model regression hyperparameters, we set @ = 10. For the
variance hyperparamter model, we set m, = m,, =0, k, = k,, =
1000, and 7, = 7, = 2.5.

2.4 | Joint Distribution

Let ©= [/30,vb,‘I’b,uw,‘I’w,pi,ocl,azz,oc3,y]T denote  the
vector of unknown parameters of interest in the joint
model. We assume that the prior distributions for the
unknown parameters are all independent, so that #(®)=

n(ﬂo)ﬂ(ub)ﬂ'(‘l‘b)n(vw)ﬂ(‘{‘w)Hi[ilﬂ(p,)zr(al, ay, a3)w(y). Thus
the joint distribution of the data and unknowns is

N
P, X.t.0)x[] L exp(_l[x,. — (t:ho-b))]

izt Qo TE 2
E,-_l [Xi - f(tﬁﬂo’ bi)])

L 1 b?
X H exp(— —”2 )
=1 | /271765 20,

i
i

2
[ et
N ",

. [tog(2, ) - uw]z
X ——expy———————

\/Zﬂ‘l‘i zle

X QD(n(ab‘,aw’, Z,))y'
x (

—(n(0},.0,,.2;))) " x 2(0)

exp4 —

(6)

2.5 | Posterior Inference

Since we proposed several non-conjugate priors in our model, the
posterior distribution is not available in closed form. Therefore,
we implemented our joint model using JAGS and the R2jags
package in R [32]. JAGS has several built-in sampling algorithms
for non-conjugate distributions, including slice sampling, adap-
tive random walk Metropolis algorithm, and so forth. The main
engine for JAGS is slice sampling, but JAGS can automatically
choose samplers for updating parameter values. One benefit of
choosing JAGS to implement our model is that the built-in glm
module in JAGS is able to do block updating of g, and b, as it rec-
ognizes the generalized linear mixed model structure in the lon-
gitudinal marker sub-model, which substantially increases the
sampling efficiency.

3 | Simulation

Before applying our proposed model to any application settings,
we conducted simulation studies. There are two goals associ-
ated with the simulation: (1) to test the performance of our

5751



proposed model to see whether it has the capacity to recover the
true parameter values in terms of bias in the posterior means,
posterior variance, empirical coverage rates and average lengths
of the nominal 95% credible intervals; (2) to compare with alter-
native two-stage approaches that can be used to obtain variances
and then use variances as predictors of outcomes. Through
our simulations, we demonstrated that our proposed joint model
maintained satisfactory performance regardless of the magnitude
of the measurement error in the longitudinal marker, whereas
the commonly used two-stage approach failed to provide good
results as the measurement error increased. Let 6, denote the
true parameter value of 6 and 5, denote the posterior mean
obtained from the rth simulation. We evaluated the performance
of the simulations based on the following four criteria: (1) Cover-
age Rate by calculating %ZLI (6o € [L,.U,]) where L, and U,
represents the 2.5% and 97.5% percentiles of the posterior draws
from the rth simulation; (2) Bias by calculating %Zil (5, -0, );

. (Ur - Lr);

r=1

Mean Square Error (RMSE) by calculating

(3) Average Interval Length by calculating lRZ
(4) Root

1/%2:‘:1(90 —@,)2.

For the simulations, we ran three chains and for each chain
we ran 8000 iterations with the first 4000 as burn-in. We
assessed the convergence of the models by Gelman-Rubin R
measure. R is approximately the square root of the ratio of
the total variance of a given set of parameter draws to their
within-chain variance; the R values for all model parameters
are smaller than 1.1, which is generally viewed as a satisfactory
threshold [33].

3.1 | Simulation Settings

In the simulation, we generated n, = 600 observations for each
individual with N =150 individuals in each simulation, and
we conducted R = 200 replicates of the simulation. To mimic
the heart rate data that would be modeled from the Michigan
Work-Life Study in the Application section, we used the heart
rate data in the Application section to obtain the true parame-
ter values of the longitudinal marker sub-model that would be
applied to our simulations. Specifically, we fit the longitudinal
marker sub-model to 40 randomly selected participants’ heart
rate data from the Application data set and we used the exact
same priors as described in the previous section. Note that we
selected the time knots k;’s in the cubic B-splines to be every
2nd percentile of the observed time points. As we mentioned
previously, ignoring the uncertainty in the first stage, which
partially arises from the measurement errors in the longitudi-
nal data, can lead to biased inference in two-stage approaches.
Therefore, we conducted two sets of simulation comparisons
with different magnitudes of measurement errors in the longi-
tudinal marker by varying the prior distribution of o, ’s. Specif-
ically, in the low measurement error simulation setting, we
drew o, ’s from a log-normal distribution with a mean v,
and variance W2, where v,, and ¥, were set to the values
obtained from fitting the application data mentioned above. In
the high measurement error simulation setting, we drew o,,’s
from the exact same distribution but we increased v,, to a larger
value.

3.1.1 | Simulation Setting 1: Low Measurement Error
in the Longitudinal Marker

We first simulated the longitudinal marker data for each individ-
ual independently based on the parameter values we obtained
from the application data set:

L
Xy=Po+ Dbudis(ty) + ey J=1.....600; bi,~N(o,a§i), I=1,...,L
1=1

iid

ey =pega g, wy < N(0.62), j=1,...,600

fo=81.083, log(02 ) ~ N(5.1%), log(2, ) ~ N(-38075%), p, =099

@)

A sample of simulated heart rate data of four randomly selected
individuals in one simulation is shown in Figure 1. From the
figure, we notice that the simulated values fall into a reasonable
range of heart rate and the trend looks like normal heart rate data,
which means that our proposed longitudinal marker sub-model
can generate HR-like data from reasonable parameter values.

As the next step, we generated the binary outcomes based on
o,’s and o,,’s simulated from the longitudinal sub-model. We
assumed that the outcome Y;’s came from a Bernoulli distribution
with P(Y; = 1) = ®(n(S;)), where @ is the CDF of distribution
N(0, 1) and set

n(S,) = +a, x 10g(0w[ x10) + a3 X 1og(%> 8)

We scaled 6, ’s and o,,, ’s inside the log function to facilitate model
convergence. We set the true values of a to be (0.3, —1, 0.5) so that
the generated binary outcomes have a similar number of cases
and controls.

3.1.2 | Simulation Setting 2: High Measurement
Error in the Longitudinal Marker

In the second set of simulations, we chose a larger value for v,
the mean of the log-normal distribution from which o,,’s were
drawn. Other than that, all other parameter values in the longi-
tudinal marker sub-model remained the same as in simulation
setting 1:

L
. iid
Xy=Po+ Ybadis(ty) ey J=1.....600; by ~ N(O,afi), I=1,...,L
=1

iid B .
€= pejy + Wy Wy = N(O,awi>, j=1,...,600

fo=81083, log(o} ) ~ N(5.12), log(0Z, ) ~ N(180.75%), p, =099

©

Figure 2 displays the simulated heart rate data of four randomly
selected individuals under the high measurement error setting.
We notice that the simulated values and trends still resemble real
heart rate data except that there are more fluctuations and the
overall trends appear to be less smooth than the simulated data
under the low measurement error setting.

As the next step, we generated the binary outcomes based
on the two types of variances simulated from the longitudinal
sub-model. We used the same procedure for drawing the outcome
Y;’s; however, we adjusted how we scaled ¢, ’s and o, ’s inside
the log function to facilitate model convergence and we assigned
new values to the coefficients a to ensure the generated binary
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FIGURE1 | Simulated heart rate data of four randomly selected individuals in simulation setting 1.
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FIGURE 2 | Simulated heart rate data of four randomly selected individuals in simulation setting 2.

outcomes were balanced. Specifically, we set
[oF
n(S;) =a1+a2x10g(awl)+a3xlog<1—g> (10)

and we set the true values of « to be (0.6, 1, —1.5), again retain-
ing an approximately equal number of positive and negative
outcomes.

3.2 | Alternative Methods

To compare with our joint model, we used a two-stage modeling
strategy as an alternative method. In the first stage, we fit a lin-
ear mixed effects model for the simulated heart rate data across
all simulated participants using Ime() function from the nlme
package in R:
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TABLE1 | Simulation resultsincluding coverage rate, bias, average interval length, and RMSE of @ comparing joint model and two-stage approach

under simulation setting 1 when the measurement error in the longitudinal marker is low.

Average interval

True values Model Coverage (%) length Bias RMSE
a; =03 Joint model 96.5 0.65 0.01 0.15
Two-stage model 94.0 0.63 -0.05 0.17
a,=-1 Joint model 95.0 1.20 —-0.02 0.28
Two-stage model 93.0 1.22 0.01 0.34
a; =0.5 Joint model 94.0 0.91 0.01 0.21
Two-stage model 92.0 0.87 0.03 0.24
TABLE 2 | Simulation results including coverage rate, bias, average interval length, and RMSE of a@ comparing joint model and two-stage model
approach under simulation setting 2 when the measurement error in the longitudinal marker is high.
Average interval
True values Model Coverage (%) length Bias RMSE
a, =—0.6 Joint model 94.5 1.28 —0.04 0.34
Two-stage model 11.5 1.54 -1.17 1.23
a,=1 Joint model 95.5 1.38 0.07 0.37
Two-stage model 24.0 1.64 1.01 1.09
a;=-1.5 Joint model 92.5 1.37 -0.14 0.41
Two-stage model 61.0 1.73 -0.73 0.85
L has a slightly larger bias and somewhat lower coverage in this
Xy =P+ szlfl,a(’y) + ¢ (11)  low-variance setting.
I=1

When fitting the linear mixed effects model, we assumed that
the residuals had a constant variance across time and followed
a first-order autoregressive (AR1) structure.

To obtain the subject-specific long-term variability 8; ’s, for
each subject i, we calculated the empirical variance of its esti-

~

2 _
ca2 1 gL N 7 _ivL 4
mated random effects: a,i ==X, (bi, - bl-> b= by

To approximate the subject-specific short-term variability 5, s,
for each subject i, we first calculated the fitted values X j= ﬁ() +

Z;L:ﬁugl,s(tij) +pé;_, to get the estimated “white noise” @, =

A~

g ~y _ 1 n; =~ ~ _
X;;— X;; and then computed &, = Z,—’=1<Wij - w,.) , ;=

n—1
1 on A~
" 2/:1 W

In the second stage, we regressed the simulated outcome on the
scaled long-term variability 10g(%> and short-term variability
log(5,, x 10) or log(5,, ) using a logistic regression with a probit

link function by glm() function in R.

3.3 | Simulation Results

Table 1 shows the results of comparing the two-stage approach
with our proposed joint model when the measurement error in
the longitudinal marker is low. For our proposed joint model, we
observe that the coverage rates of the true parameter values in the
outcome sub-model are all greater than or equal to 94% and the
estimated coefficients are nearly unbiased. The two-stage model

Table 2 presents the results of comparing the two approaches
when the measurement error in the longitudinal marker is high.
We observe that our proposed joint model still retained satis-
factory bias and coverage rates of parameters in the outcome
sub-model, although the interval lengths are wider than in the
low variance setting. However, the two-stage approach now suf-
fers from severe bias and low coverage rates due to the measure-
ment error introduced through use of empirical estimates in the
two-stage modeling.

The main takeaway from the two simulation comparisons is that
while the two-stage approach can yield comparable results to our
proposed joint model when the measurement error in the longitu-
dinal marker is low, the joint model is superior over the two-stage
approach in handling high measurement error scenarios and pro-
ducing more valid inference. These findings again confirm what
we learned from the existing literature and emphasize the advan-
tages of joint modeling. Overall, the above results demonstrate
that our proposed model is capable of recovering the true param-
eter values with high coverage rates and low bias.

4 | Application to the Michigan Work-Life
Study

4.1 | Study Description
The Michigan Work-Life Study was a randomized controlled

study designed to investigate anticipatory and perseverative
stress associated with potentially discriminatory and prejudicial
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situations [34]. Two hundred and thirty-two healthy women from
a medium-sized metropolitan statistical area in Michigan, who
identified as Black or African American and were between the
ages of 18 and 30years participated in a 2-h laboratory social
stress test. After completing a 40-min online survey that included
sociodemographic, psychosocial, personality, and health ques-
tions, participants were randomized to one of four experimen-
tal groups for the laboratory social stress test. Throughout the
entirety of the laboratory test, continuous heart rate and peri-
odic blood pressure and stress perception data and saliva samples
were collected. After exclusion of participants with substantial
missing continuous heart rate data, our final analytic sample
was 165. We focus our analyses on heart rate as a well-studied
marker of the stress response system that is typically analyzed
using information averaged over periods of time. This study was
approved by the University of Michigan Institutional Review
Board (HUMO00134109).

The laboratory social stress test was designed around the TSST,
a well-documented and well-validated mode of eliciting a biolog-
ical and psychological stress response [35]. In the TSST, a par-
ticipant is asked to deliver a 5-min talk about some aspect of
themselves and a 5-min math task in front of an audience. The
audience members are generally instructed to sit and listen to
the talk and math task without facial or bodily expression. (Stud-
ies have shown that when audience members nod their heads,
smile, or provide other positive cues, the TSST does not elicit the
stress response from the participant [36].) In this specific study,
there were three experimental groups and one control group. The
three experimental groups differed in the racial composition and
the racial attitudes of the audience. In Groups 1 and 2, the audi-
ence was composed of four White women and one White woman
study staff member. In Group 3, the audience was composed of
four Black women and one Black woman study staff member. The
control group (Group 4) did not include an audience to determine
whether the audience-based TSST elicited an appropriate stress
response, but included a Black woman staff member. In Group 1,
the participants were led to believe that the audience members
were part of a human resources/administrative organization that
held racially-hostile views. In Groups 2 and 3, the participants
were led to believe that the audience members were part of an
organization that held racially-inclusive views. Table 3 shows a
detailed group specification.

In studies using the TSST, participants have been exposed to the
audience in different ways. Some studies convene a small, live
audience for the participant. The limitations of this approach
include the lab scheduling for hundreds of participants and, per-
haps more importantly, the risk of unintentional positive cues
from the audience. Others present an opaque panel and inform
the participant that an audience is hidden behind the panel and
in reality, there is no audience. The limitation to this approach
is that it may not elicit the stress response because the facial
and bodily cues are not visible to the participant. Therefore,
this study simulated a virtual conference call on a large-screen
television. The audience included a recording of four women
appearing to listen to a talk. The advantages to this approach
are that facial and bodily cues were well-controlled and that,
within their experimental groups, all study participants were
exposed to the exact same women and facial and bodily cues.
In fact, those in Groups 1 and 2 were exposed to the exact same

TABLE 3 | Group specification.

Group Audience

Four White women and one White
woman study staff member with
racially-hostile views

Group 1 (WH)

Four White women and one White
woman study staff member with
racially-inclusive views

Group 2 (WF)

Four Black women and one Black woman
study staff member with racially-inclusive
views

Group 3 (BF)

Group 4 (C) Control group including a Black woman

study staff member

Note: Group 1 to Group 3 are the three experimental groups and Group 4 is the
control group. WH stands for “White hostile,” WF stands for “White friendly,” BF
stands for “Black friendly,” and C stands for “control.”

audience, but were led to believe that they held different racial
attitudes.

Upon the arrival to the laboratory, participants completed the
informed consent process. Notably, participants were led to
believe that this study was focused on the ways in which poten-
tial employers view different job applicants. Only at the end of
the study, during a full debriefing, were participants informed of
the true research objective of the study. After obtaining informed
consent, staff connected participants to an Omron blood pressure
cuff (Omron Healthcare, Kyoto, Japan) and an Empatica E4 wrist-
band (Empatica, Cambridge, MA).

The entire social stress test period is illustrated in Figure 3. The
TSST proceeded in timed sections as follows, which are sepa-
rated by delineations we call “Marks.” In the first 10-min period
(ANTICIPATION, bracketed by Mark 1 and Mark 2), the staff
member explained that the participant would be giving a talk
to a virtual audience of members from the (fictional) “Michi-
gan Human Resources Administrators Organization” and in this
5-min talk, they were to discuss why they were the ideal can-
didate for their dream job, whatever that job may be. The staff
then walked them through a (fictional) recent survey completed
by the members of this organization. The survey results showed
that the organization was either composed of almost entirely
White members (Groups 1 and 2) or very diverse with respect
to racial composition (Group 3). Further, the survey results
showed that members supported racially-hostile views (Group 1)
or racially-inclusive views (Groups 2 and 3). In the remaining
minutes of this period, participants could prepare for their talk
with notes, but were instructed that they could not use these notes
during their talk. During the 10-min STRESS period, the staff
revealed a large screen television with a supposed live audience
virtual meeting of four women. During the first 5 min, bracketed
by Mark 3 and Mark 4, the staff member instructed the partic-
ipant to explain to the audience why they are the ideal candi-
date for their dream job. If they finished speaking in less than
5min, they were instructed to continue speaking. During the
second 5 min, bracketed by Mark 4 and Mark 5, the staff mem-
ber instructed the participant to sequentially subtract 13, start-
ing from 1022. If they made a mistake, they were instructed to
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FIGURE 3 | Flowchart of the entire experimental period. The focus of the statistical analysis is on the experimental period from Mark 1 to Mark 6.

We labeled the five periods from Mark 1 to Mark 6 by p, m,, s, m,, and r, respectively.

begin again. After this stress period, the staff member turned
off the television and instructed the participant to sit quietly for
the remaining roughly 90 min (RECOVERY, bracketed by Mark
5 through Mark 11). We limit our analysis to heart rate measure-
ments between Mark 1 and Mark 6, to focus on the anticipation
and stress periods.

In between the ANTICIPATION period and the first RECOV-
ERY period, the Empatica E4 collected continuous heart rate
information; at specific time points (called a “Measure Break”
or “MB”), staff collected blood pressure, stress perception, and
saliva. For a variety of reasons, these MB periods may have pro-
vided ambiguous responses; for example, some participants may
have continued to think about the previous period while oth-
ers may have been sufficiently distracted by the blood pressure
and saliva collection so that they are not thinking about the pre-
vious period. Hence, we do include these MB periods in our
analysis; however, these MB periods are not the focus of our
application.

4.2 | Model Framework
4.2.1 | Longitudinal Marker Sub-Model

The longitudinal marker of interest in this application is heart
rate over time, which was collected each second continuously
throughout the entire experimental period. There were an aver-
age of 2153 heart rate observations per woman between Mark
1 and Mark 6; the number of observations varied from a mini-
mum of 1878 to a maximum of 3872. Figure 4 shows the heart
rate measurements from Mark 1 to Mark 6 for eight randomly
selected participants, with two participants randomly selected
from each of the four experimental groups. Table 4 presents the
summary statistics of the average and variability of heart rate

measurements over time across four experimental groups and
five experimental periods.

We fit the cubic B-spline model with AR1 as shown in the method
section. We selected the time knots k,’s to be every 2nd per-
centiles of the observation time 7;. However, we assumed that
the long-term variability and the short-term variability differ by
experimental periods (e.g., anticipation, stress) rather than the
uniform long-term and short-term variability in (1) and (5). We
included five periods bracketed by Mark 1 through Mark 6 (see
Figure 3): the 10-min anticipation period, denoted by p; the first
(nuisance) 5-min measurement break, denoted by m, ; the 10-min
stress period, denoted by s; the second (nuisance) 5-min measure-
ment break, denoted by m,; and a 5-min recovery period, denoted
by r. Our long-term variability model is given by

by X N (0,6(P? x I (period; = p) + G§m1)2 x I (period; = m,)

+ 61(;)2 x I (period; = s) + alE[m’)z x I (period; = m,) + al()")z
x I (period; =r)),I=1,...,L
(12)

where, I(-) is an indicator function indicating whether the /th
random effect of the ith participant falls into a specific experi-
mental period. We also assumed that the long-term variability in
these different periods had their own hyperpriors:

log<af,f’>2> ~ N(’J(bp),q’f,"”), log(ggnl)z> B N(ugm'),\pg”‘l)z)

log(0) ~ N(#52),  og(o™) ~ (o) w?),

br

log(o172) ~ N (i w0?)
(13)
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Heart rate measurements from Mark 1 to Mark 6 for eight randomly selected participants, with two participants randomly selected

from each of the four experimental groups. The four solid lines correspond to Mark 2 representing the end of the anticipation period and the start of
the first measure break, Mark 3 representing the start of the stress period, Mark 4 representing the end of the stress period and the start of the second
measure break, and Mark 5 representing the start of the recovery period, respectively. BF, Black friendly audience group; C, control group; WF, White
friendly audience group; WH, White hostile audience group.

TABLE4 |

and five experimental periods.

Summary statistics mean (SD) of the mean and standard deviation of heart rate measurements over time across four experimental groups

WH WF BF C
HR: mean HR:SD HR: mean HR:SD HR: mean HR:SD HR: mean HR:SD
Anticipation  83.07 (8.69)  9.21(6.75) 84.77(16.18) 7.94(5.15) 82.08(9.24) 8.37(6.09) 80.80(6.33)  9.93(8.10)
MB1 82.46 (10.59) 8.43(6.03) 82.88(10.84) 7.60(4.85) 81.73(10.06) 6.90(3.95) 86.35(16.14) 9.97(9.35)
Stress 85.53(10.92) 11.25(5.88) 87.59(13.09) 10.93(5.60) 83.97(8.79) 11.64(5.04) 85.99(13.44) 12.46(6.81)
MB2 80.53(10.68) 7.61 (4.46) 81.20(11.76) 8.86(6.50) 78.02(7.68) 8.15(3.83) 80.41(13.44) 8.28(5.23)
Recovery 77.65(8.99) 7.32(5.92) 77.62(10.42) 7.68(5.29) 76.56(10.02) 6.89(5.57) 73.78(7.98) 6.13(3.21)

Abbreviations: BF, Black friendly audience group; C, control group; MB, measure break; SD, standard deviation; WF, White friendly audience group; WH, White hostile

audience group.

Similarly, we extended (6) to

iid
wy ~

+ 0% x I (period; = s)

(r)2
w;

+o

Similarly, as the long-term variability, we assumed that the
short-term variability in these different periods had their own

hyperpriors:

N (0,6 x I (period; = p) + o

x I (period; =r)).j =1, ..

wl

(mz)2

+ Oy,

Ln;

("nl)z x I

x I (period; = m,)

(period;; = m,)

log(o#2) ~ N (o2, 92?), log(oim?) ~ N (0™, w?),

10g<o-(s)2> ~ N (09, 99?), log<a£,""2)2> ~ N(Ug"Z), ‘1‘3"2)2),

log

(14)

ances, o,

w;

w

)
i

()5 and o-l(;)’

o2) = N (0. ¥?)

of the experimentéll period is shown in Figure 5.

1s)

The posterior means of the square root of individual-level vari-
s, across the four experimental groups in each
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4.2.2 | Outcome Sub-Model discriminatory and prejudicial situations reflected by the group
assignment rather than testing the causal relationship. Let S; =
The outcome of interest in this application is the binary group (m 1) & (m2) o), (p) (ml) (s) (mz) b
w ,% Ow, >0 e a vec-

assignment: Group 1 versus Group 2 with Group 1 (¥; = 0) as the
reference group, Group 2 versus Group 3 with Group 2 (¥; = 0)
as the reference group, Group 1 versus Group 4 with Group 4
(Y; = 0) as the reference group, Group 2 versus Group 4 with
Group 4 (Y; = 0) as the reference group, or Group 3 versus Group
4 with Group 4 (Y; = 0) as the reference group. Pairwise group

tor of 1nd1v1dua1 spe01ﬁc short term and long term variabilities
across different experimental periods, we extended the linear pre-
diction function in (2) to

comparisons follow the substantive meaning represented by the 7]( S.) =a, +a, X log (a(") x 10) + o x log < (my) % 10)
experimental conditions. Comparing Groups 1 and 2 allows us

to focus on potential variation introduced by the racial attitudes + ay X log (aS) X 10)

of the audience (hostile or friendly) because the racial compo- '

sition of the audience was the same between groups. Compar- + a5 x log (GETZ) X 10) + a X log (a,(”"_) X 10)

ing Groups 2 and 3 allows us to focus on the racial composi-

tion (Black or White) because the racial attitudes of the audience o ;p k Y ,Eml) Y (,S)
were the same. We also compared each group with the control +a; Xlog| — - [+ ag x log] — o | + g X log|
group in order to examine whether there was an impact of pub-

lic speaking (the core of the TSST). Note that we used group 6(m2) o)

assignment as our outcome mainly to study its association with +ay, X log N +a;, xlog b
short-term/long-term variability in heart rate, which is thought 0 10

to reflect the anticipation and perseveration about potential (16)
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TABLE 5 | Hypothesized differences in stress response across TSST periods and the experimental groups.
TSST period WF vs. WH BF vs. WF WHvs.C WFvs. C BF vs.C
Anticipation WH > WF ND WH>C WF>C BF>C
Stress WH > WF BF > WF WH>C WF>C BF>C
Recovery WH > WF BF > WF WH>C WF>C BF>C

Abbreviations: BF, Black friendly audience group; C, control group; ND, no difference; WF, White friendly audience group; WH, White hostile audience group.

where we scaled the long-term and short-term variances inside
the log function to make the chains in the posterior sampling
procedure have better mixing performance. We did not include
any other covariates in the outcome model since the participants
were randomly assigned and their covariates values were bal-
anced. The parameters we are interested in are the regression
coefficients in the linear prediction function ay, ..., a;.

For the analysis, we ran three chains with 18 000 iterations each,
treating the first 9000 as burn-in. We again assessed the con-
vergence of the models by Gelman-Rubin R measure, showing
maximum values under 1.1 and thus good convergence. A Dell
computer with Intel Xeon E5-2650 v4 @ 2.20 GHz CPU (24 cores)
and 256 GB memory was used to perform the analysis of the
application dataset and it took an average of 165.7 h and 22.23 GB
to run one application joint model.

4.3 | Results

Drawing from the TSST and stress biology literatures as well
as the humanities and social science literatures, we hypothe-
size the following patterns of results across the TSST periods
and experimental groups (see Table 5). We hypothesize that, dur-
ing all periods, participants exposed to the White, racially-hostile
audience will experience more stress compared to those exposed
to the White racially-friendly audience. We further hypothesize
that, during the anticipation period, participants exposed to the
Black, racially-friendly audience and the White, racially-friendly
audience will experience roughly similar levels of stress. This is
because they will have been told the same things about the speak-
ing activity and the audience. The only difference between these
groups is the race of the staff member. However, both the Black
and the White staff members interacted in a civil but stoic manner
with participants. Interacting with another Black woman who is
not overtly welcoming in a new space (the lab) may be a source
of stress. The social science literature discuss the importance
of social cues of affirmation among Black women, even among
strangers, in public. Thus, during the stress and recovery periods,
we hypothesize that participants exposed to the stoic audience of
Black women, even though they were primed to believe that they
were racially-friendly, will experience greater stress compared
to those exposed White, racially-friendly audience. Finally, we
hypothesize that participants exposed to any of the audiences will
experience greater stress compared to those who were exposed
only to the (Black) staff member. However, there is the possibility
that those exposed to the White, friendly audience may experi-
ence lower levels of stress compared to those in the control group,
because this latter group still had to interact with the Black staff
member who carried herself in a stoic manner.

The results from the application of our analytic approach sug-
gest that there is a difference in the stress response mean-
ing of second-to-second (short-term) and minute-to-minute
(long-term) patterns in variability. Table 6 provides the results
from all of the separate models together to facilitate interpreta-
tion. Note that each column represents the results from a separate
model. When considering the results for second-to-second vari-
ability, participants in the control group (conceptualized as the
lowest stress exposure group, as there was no exposure to any
audience) did not exhibit higher variability in heart rate in any
phase compared to any of the other experimental groups (Table 6,
top panel). However, when considering minute-to-minute vari-
ability, participants in the control group exhibited greater vari-
ability in heart rate compared to each of the three other expo-
sure groups at different phases (Table 6, bottom panel). For
example, participants in the control group exhibited greater
minute-to-minute variability compared to those exposed to the
Black friendly audience during the anticipation and stress phases.
While this pattern was not universal, as we discuss below, the
difference in the pattern of results for the second-to-second and
minute-to-minute variability suggests that each of these types of
variability captures something different about the stress response
process.

Minute-to-minute (long-term) variability may capture what is
thought to be captured by standard HRV that is averaged over
time. The general literature on stress and HRV suggests that
greater mean HRV, averaged over time (e.g., a 5-min period), is
related to lower heart rate and lower acute stress exposure. Com-
pared to participants in each of the three audience-based stress
exposure groups, those in the control group (conceptualized as
the least stressful exposure group) exhibited greater variability in
heart rate. Specifically, participants in the control group exhibited
greater variability compared to those exposed to the White hos-
tile audience during the break period that immediately followed
the anticipation period (ag: —23.62; 95% CI: —36.20, —13.73);
compared to those exposed to the White friendly audience dur-
ing the breaks immediately following both the anticipation and
stress periods (ag: —14.52; 95% CI: —23.13, —6.38; a;: —5.87; 95%
CI: —11.91, —0.79); and compared to those exposed to the Black
friendly audience during the anticipation and stress periods (a;:
—15.01; 95% CI: —25.68, —2.01; ay: —8.64; 95% CI: —17.22, —0.43).
This suggests that those in the control group experienced less
stress exposure compared to those in the other three groups.

Notably, however, this pattern of greater minute-to-minute vari-
ability with the control group compared to other groups was not
universal. If we are to understand the minute-to-minute vari-
ability as inversely related to stress response, then, during the
stress period, participants exposed to the White, racially-friendly
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TABLE 6 | Coefficients and 95% credible intervals for each of the experimental group comparisons for short-term variability (a,, ..., a¢) and
long-term variability (a5, ..., a;;).
Coefficient WF vs. WH BF vs. WF WHvs. C WFvs.C BF vs.C
(period) (ref, Y, = 0) (ref, Y, = 0) (ref, Y, = 0) (ref, Y, = 0) (ref, Y; = 0)
a, (Intercept) -0.12 0.02 4.83 0.31 0.80
(—0.73, 0.45) (—0.55, 0.60) (0.69,9.99) (—3.44, 4.60) (—2.83,4.78)
@, (Anticipation) 0.19 0.22 4.59 8.18 12.50
(-1.12,1.55) (-0.83,0.59) (-6.25,16.12) (-3.00, 19.79) (2.03, 22.96)
a3 (MB1) 0.16 -0.11 8.67 2.82 —4.23
(-0.84,1.17) (-0.96, 0.74) (—0.04, 18.82) (—4.27,10.38) (-12.16, 3.01)
a, (Stress) -1.35 -0.12 6.73 0.11 2.14
(-2.91, 0.10) (—1.54,1.25) (—2.81,17.56) (-8.91,9.36) (-5.80, 10.89)
as (MB2) 0.60 0.64 -2.07 10.87 8.65
(—0.54,1.79) (—0.33, 1.60) (—12.09, 7.88) (2.27,20.72) (1.02,18.12)
a, (Recovery) 0.14 -0.71 5.98 11.42 —3.66
(—0.90, 1.24) (—1.83,0.34) (—3.28,16.57) (1.58, 22.01) (-12.95,5.52)
@, (Anticipation) -0.72 —0.08 5.88 -4.13 -15.01
(-1.87,0.28) (-0.86, 0.72) (-2.15, 14.06) (—11.80, 2.24) (—25.68, —2.01)
ag (MB1) 0.30 -0.17 —23.62 -14.52 2.97
(-0.66, 1.37) (-0.85, 0.48) (-36.20, —13.73) (-23.13, -6.38) (—3.24,9.41)
ay (Stress) 0.53 0.08 1.91 12.30 —8.64
(-0.43,1.54) (—0.82,1.01) (—4.65,9.28) (5.69, 20.13) (-17.22, -0.43)
a;, (MB2) 0.07 —0.05 4.32 —5.87 12.50
(-0.56,0.71) (—0.65, 0.56) (-1.79, 12.05) (-11.91, —0.79) (0.90, 24.19)
a,; (Recovery) 0.25 0.25 -1.76 —3.98 —1.44
(-0.54,1.07) (-0.36,0.94) (—11.64,7.32) (—12.41,4.75) (—8.52,5.58)

Abbreviations: BF, Black friendly audience group; C, control group; MB, measure break; ref, reference group; WF, White friendly audience group; WH, White hostile

audience group.
Note: Bold indicates if the 95% credible interval does not cross and cover 0.

audience experienced less stress compared to those in the con-
trol group. As discussed above, it may be that interaction with a
stoic, Black staff member resulted in similar stress experiences as
delivering a talk in front of a stoic, White, racially-friendly audi-
ence. Our results also suggest that, during the break immediately
following the stress period, participants exposed to the Black,
racially-friendly audience experienced less stress compared to
those in the control group. It may be that there are similar lev-
els of stress experienced when interacting with a stoic panel of
Black women virtually and with a Black staff member in person.

Our results suggest that second-to-second (short-term) variabil-
ity in heart rate captures something different about the stress
response process and is perhaps positively (rather than inversely)
correlated with the stress experience. During the stress period,
participants exposed to the White, racially-hostile audience expe-
rienced greater variability compared to those exposed to the
White, racially-friendly audience (a,: —1.35; 95% CI: —2.91, 0.10),
although the 95% CI included zero. Similarly, when there were
differences in the variability in heart rate between any of the three
audience-based groups and the control group, our results suggest
that participants delivering a talk in front of an audience experi-
enced greater stress. This pattern is consistent with that shown
with minute-to-minute variability.

44 | Posterior Predictive Model Checking

To assess whether the proposed model produces measurements
that approximate the true data from the Michigan Work-Life
Study, we further conducted a “goodness-of-fit” test on both
the longitudinal marker sub-model and the binary outcome
sub-model based on the posterior predictive distribution (PPD).
Let X be the vector of replicated longitudinal data for subject
i. We calculated the posterior predictive p-values [37] across all
subjects, which examined the probability that a test statistic cal-
culated from the replicated data X” is more extreme than the
same test statistic calculated from the observed data X,. For the
longitudinal marker data, the replicated data X is drawn from
the PPD f(X;*|X,) = [ f(X[*10.X,)p(0|X,)d® where © is
the vector of unknown model parameters. We obtained X ;¥ from
the following steps, note that we included the first-order autocor-
relation structure when simulating X

1. We calculated the fitted values of the jth observation for
the ith subject from the mean structure of the longitudinal

marker f (1;; o, b,) =p,+ Zlebﬂfm (tU)

2. We generated “white noise” wy from N <0, o,(,f:)zx

I(periodij =p)+ agl'")z X I(periodij =m)+ G,(,S),)z X
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Group 1 vs Group 4

Group 2 vs Group 3

Group 3 vs Group 4
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Posterior predictive check for longitudinal marker data across all five models in the application. Each panel corresponds to the his-

togram of the posterior predictive p-values across all individuals in one specific model. The top three panels correspond to the model comparing Group

1 with Group 2 (median: 0.364), the model comparing Group 1 with Group 4 (median: 0.372) and the model comparing Group 2 with Group 3 (median:

0.362), respectively; the bottom two panels correspond to the model comparing Group 2 with Group 4 (median: 0.353) and the model comparing Group

3 with Group 4 (median: 0.368), respectively.

I(period; = 5) + 65:.2)2 x I (period; = m,) + 65 x
I (period; = r) )
D.(P)Z
3. We generated the initial error ¢,, by ¢;, ~ N | 0, 1:,2 and

then generated a series of errors with AR1 correlation struc-
ture as €;; = p;€;_; + wy.

4. We calculated fitted values incorporating AR1 correlation
structure by £ (z;: B, b;) = (5 B> b;) + pi€y_, with wy left
over as random errors.

5. We drew the jth element of X' from the PPD as X;.EP =
f(tij;ﬁo,b,-) +epi=1,...,n.

Then, we defined a chi-square discrepancy statistics as

. o (=T (ybob))’
7,(Xi b, ) = gy, L))

tor of short-term variability across time with the jth element
2

where o2 is a vec-

=0 x I(period; = p) + 08"‘)2 x I (period;; = m, ) +
) : ,

O'wi

. 2 )
oy x I (period; = s) + 0'5:,"2) x I (period; = m,) + o}f)” x

w;

I (period;; = r). We computed 500 values of T,-(X i+ Bo- b 62 i)

and T, (X P By, by, Ui;,) from the observed longitudinal marker
data and 500 draws from the posterior of f,, b, and "fu,' We
compared the test statistics obtained from the observed data and
the replicated data by the posterior predictive p-value defined
as P(T,. (Xi;ﬁo, b,, ozw,) < n(x{ep;ﬁo, b, c? )lXi). Since we fit
five joint models in the application, we conducted the posterior
predictive check on the longitudinal marker on all five models.

Figure 6 displays the histograms of the posterior predictive
p-values in each of the five models. Most of the computed
p-values fall between 0.2 and 0.5 and the median values of the
posterior predictive p-values in these models are all around 0.36,
which indicates that the replicated values from the longitudinal
marker sub-model are relatively close to the observed values used
to fit the model and the longitudinal sub-model fits the observed
marker data well.

We further checked the PPD of the binary outcome Y;. For the
binary outcome data, the replicated data Y? is drawn from a

Bernoulli distribution with probability z; = <I><;1<0'fv .07, )),

where O'i;. denotes the vector of short-term variability across time,
i denotes the vector of long-term variability across time and
a fepresents the vector of regression coefficients of the outcome
sub-model. We considered the test statistic as the total number
ofevents T(Y) = YV ¥, and we computed 500 values of T (Y ")
from 500 draws from the posterior of o-zw R o-i_ and «. We com-
pared the test statistics obtained from the ref)licated data with
the total number of events in the observed binary outcomes
by the posterior predictive p-values P(T(Y) < T(Y"®)|Y). Sim-
ilarly to what we did with checking the longitudinal marker
sub-model, we repeated the posterior predictive check on the
binary outcomes in all five models. Table 7 shows the total
number of events in the observed binary outcomes 7T'(Y) and
the posterior predictive p-value of each of the five models. The
p-values are all around 0.4, which means that the replicated
binary outcomes from the outcome sub-model are close to the
observed data and the outcome sub-model is a good fit of the
observed data.

c
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TABLE7 |
all five models in the application.

Posterior predictive check for the binary outcomes across

T(Y) p
Group 1 vs. Group 2 52 0.45
Group 1 vs. Group 4 43 0.36
Group 2 vs. Group 3 52 0.46
Group 2 vs. Group 4 52 0.38
Group 3 vs. Group 4 52 0.34

Note: T(Y) represents the total number of events in the observed binary outcomes
from each specific model.

5 | Discussion

This paper presents a joint modeling approach that connects vari-
abilities in the longitudinal marker data with a binary outcome.
Through simulation studies, we have demonstrated that our
joint model performs better than the commonly used two-stage
approach when relating longitudinal measurements with a
cross-sectional outcome. We applied our method to the Michigan
Work-Life Study and investigated the association between social
stress and variabilities in the longitudinal measurements of heart
rate. We found that participants exposed to a higher vigilance sit-
uation typically exhibited a significantly higher short-term vari-
ability and lower long-term variability when they were asked to
prepare for or perform the TSST.

Our work is important in terms of both methodological develop-
ment of joint modeling and application of heart rate data. Joint
modeling proves to be superior to the two-stage approach in that
joint modeling yields much more accurate estimates. Unlike the
two-stage approach, where uncertainty from the first stage can-
not be carried over to the second stage, joint modeling allows for
the propagation of the uncertainty from the longitudinal marker
sub-model to the outcome sub-model. As shown in the simu-
lation studies, our proposed joint model consistently achieves
high coverage rates and low bias for the unknown parameters
whereas the two-stage approach performed poorly when the
measurement error in the longitudinal marker data increases.
Our work extended the existing joint modeling approaches to
intensive longitudinal measurements setting which consists of
thousands of measurements and incorporated both the residual
and random effects variabilities as predictors in the outcome
sub-model, which is a novel contribution compared to the
previous joint modeling study on variabilities as predictors
which focused primarily on the residual variances. We termed
the variability of the random effects as “long-term” variability
and the variability of the residuals as “short-term” variability,
which characterized individual-level variabilities into two types.
This approach of joint modeling is rare in the literature and
could be useful in modeling intensive longitudinal marker data,
especially when the number of random effects in the modeling
is high and individual interpretation of each random effect
becomes challenging. Our work is also innovative in terms of
the application of heart rate data. The traditional approach
of dealing with longitudinal measurements of heart rate in
existing studies is through HRV, where the time and frequency
domain of HRV are first calculated and then used in subse-
quent analysis. In contrast, our model is able to jointly model

longitudinal heart rate and outcomes as well as connecting
different levels of variabilities in heart rate with health
outcomes.

We acknowledge certain limitations in our work. First of all,
we suffered from a small sample size when applying our pro-
posed model to the actual data. There were only 18 participants
in the control group and approximately 50 participants in each
experimental group after removing participants with a signifi-
cant amount of missing heart rate data, which makes models
comparing each experimental group with the control group con-
verge in a much longer time, as we were using a small number
of data points to estimate eleven coefficients. We also made a
strong assumption of the correlations among heart rate measure-
ments over time by specifying an AR1 autocorrelation structure.
The large replication of measurements and the small time differ-
ences between adjacent measurements can make the AR1 auto-
correlation structure questionable and relaxing the autocorrela-
tion structure to AR2 or higher orders may achieve a better fit to
the data, although in this application we were unable to get stable
estimates from such a model. Another limitation is the consid-
erable time and resources required to fit the proposed method.
Exploring strategies to improve the efficiency of the fitting pro-
cess can help make the method more accessible. A minor con-
sideration is that instead of fitting five separate probit models for
pairwise comparisons, we can also try fitting a multinomial probit
model as an alternative.

Several extensions of this work can be made in the future.
First, although our model checking suggested reasonable fit
to the assumed distributions, alternative distributional assump-
tions could be considered: for example, Gamma distributions
for the prior on the variances, or mixture distributions for the
heart rate itself. Another extension would be to include addi-
tional biomarkers in the analysis. For example, in the Michi-
gan Work-Life Study, the Empatica E4 wristband not only col-
lects continuous heart rate measurements but also monitors con-
tinuous electrodermal activity (EDA) measurements and skin
temperature. Introducing more biomarkers into the analysis can
help us find out how variabilities in different biological sig-
nals are connected with stress. However, this extension requires
modeling the correlation between biomarkers, demanding more
efficient modeling techniques given that modeling one sin-
gle intensive longitudinal marker is already time-consuming.
Another potential extension of the current work could be to allow
individual-specific variances to vary by time. In our application,
we implemented a simple version of this concept, where we
allowed individual-specific variances to differ across experimen-
tal periods. A more sophisticated approach, however, is to model
o,,'sasafunction of time 7. This extension may better capture the
changes in biomarkers since such data like heart rate are highly
variable.
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