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SUMMARY. In longitudinal observational studies, repeated measures are often taken at informative obser-
vation times. Also, there may exist a dependent terminal event such as death that stops the follow-up. For
example, patients in poorer health are more likely to seek medical treatment and their medical cost for
each visit tends to be higher. They are also subject to a higher mortality rate. In this article, we propose
a random effects model of repeated measures in the presence of both informative observation times and a
dependent terminal event. Three submodels are used, respectively, for (1) the intensity of recurrent obser-
vation times, (2) the amount of repeated measure at each observation time, and (3) the hazard of death.
Correlated random effects are incorporated to join the three submodels. The estimation can be conveniently
accomplished by Gaussian quadrature techniques, e.g., SAS Proc NLMIXED. An analysis of the cost-accrual
process of chronic heart failure patients from the clinical data repository at the University of Virginia Health
System is presented to illustrate the proposed method.
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1. Introduction

Modeling longitudinal medical costs is of great interest in
health economics study (Baser et al., 2006). Medical care
expenditures have been rising dramatically. At the current
rate, the United States cannot afford the medical care of the
Medicare-eligible patients within the next 20 years. Analy-
sis of longitudinal medical costs may shed light on when and
how the medical spending occurs, which is essential for bud-
geting. It also allows us to identify populations or groups
with the greatest financial need. Modeling longitudinal med-
ical costs plays an important role in the study of health care
policy (Cotter et al., 2006). It is also necessary in the cost-
effectiveness study (Heitjan, Kim, and Li, 2004).

In this article, we are interested in modeling the cost ac-
crual process, described by the time to recurrent hospital vis-
its and the medical cost for each visit, in the presence of po-
tential death. Such an analysis shows a clear and complete
picture of the cost-accumulation process. For example, pa-
tients in a severe disease stage often die in a shorter period,
so the total medical cost may be less than that of patients in
a mild disease stage. The relationship between the total cost
and disease stage is sometimes misleading (Bang and Tsiatis,
2002). However, a model of the cost-accrual process in the
presence of potential death can reveal a clearer and more intu-
itive effect of disease stage. Second, the medical cost for each
visit is of primary importance in many situations. Patients
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need to know the actual cost of a hospital visit for budget-
ing purposes. They can also “shop around” to get the most
cost-effective service. Third, the frequency of patients’ hos-
pital visits is of interest to hospital administrators and clin-
icians. They need this information to assess their work load
and make corresponding arrangements. For example, hospital
administrators would consider recruiting more doctors if the
work load exceeds their current capacity. Clinicians would use
this information to decide if they could accept new patients.
For diseases with a high mortality rate, it is important to
take into account the presence of a dependent death time, of-
ten termed “informative censoring.” For example, Liu, Wolfe,
and Kalbfleisch (2007) showed that ignoring the dependent
terminal event would result in biased estimates in model-
ing longitudinal medical costs. Also, Liu, Wolfe, and Huang
(2004) showed disregarding the dependent death leads to bi-
ased estimates in the model of intensity of hospital visits.
Analysis of longitudinal medical costs bears much resem-
blance to the analysis of repeated measures and survival.
Such models have been proposed by Faucett and Thomas
(1996), Hogan and Laird (1997), Wulfsohn and Tsiatis
(1997), Henderson, Diggle, and Dobson (2000), Tsiatis and
Davidian (2001, 2004), Xu and Zeger (2001), Ratcliffe, Guo,
and Ten Have (2004), Hsieh, Tseng, and Wang (2006), and
Vonesh, Greene, and Schluchter (2006). In all the above lit-
erature, it is assumed that repeated measures are taken at
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noninformative observation times. That is, observational
times are independent of or carry no information about re-
peated measures. This assumption is valid in clinical tri-
als when observation times are fixed, or some observational
studies when they are random. However, in many longitu-
dinal observational studies, observation times may be cor-
related with the repeated measures process. For instance,
patients in a severe disease stage visit hospital more often
than those in a mild disease stage. Also, their health sta-
tus measured by biomarkers (e.g., PSA for prostate cancer,
CD4 for AIDS, Glomerule filtration rate for end stage re-
nal disease, etc.) at each visit is worse. Therefore, abnormal
values of biomarkers are overrepresented and normal values
underrepresented, resulting in a selection bias. Such data are
sometimes termed “recurrent marker.” Similarly, the repeated
measures of health care utilization, denoted by days hospital-
ized or amount of medical cost, are also observed at informa-
tive times. Care must be taken to account for this correlation
to avoid the selection bias.

Modeling the cost-accumulation process is also closely re-
lated to the joint modeling of recurrent hospital visits and a
dependent terminal event, e.g., Lancaster and Intrator (1998),
Wang, Qin, and Chiang (2001), Liu et al. (2004), Huang and
Liu (2007), Rondeau et al. (2007), and Ye, Kalbfleisch, and
Schaubel (2007).

On the other hand, when there is no dependent terminal
event, Lin and Ying (2001) considered the semiparametric and
nonparametric regression analysis of longitudinal data when
observation times depend on covariates. Sun et al. (2005) pro-
posed a semiparametric model for longitudinal data with in-
formative observation times and applied their model to the
panel count data in a bladder tumor study.

However, by our knowledge, we have not found any litera-
ture in the analysis of repeated measures, which accounts for
both informative observation times and a dependent termi-
nal event simultaneously. To model such a complicated sys-
tem, we propose a joint random effects model that includes
three submodels: (a) a frailty model for the intensity of re-
current hospital admission times, (b) a random effects model
for markers taken at recurrent visits, and (c) a proportional
hazards model for death. To take into account the dependence
between the frequency of observation times and the amount of
repeated measures, random effects are included in submodels
(a) and (b). Furthermore, they are incorporated in submodel
(c) to illustrate the association of the frequency of hospital
visits and the level of repeated measures on survival.

For estimation purpose, we propose to use Gaussian
quadrature techniques. The unspecified baseline hazard in the
Cox model is approximated by a piecewise constant one. The
details of this method were given in Liu and Huang (2007).
Because we are mostly interested in the estimates of covariate
effects, and the baseline hazard is often treated as a nuisance
parameter, such an approximation will not lessen the value
of our method. Gaussian quadrature tools, e.g., SAS Proc
NLMIXED (Littell et al., 2006), can then be conveniently used
for estimation. The advantages of this approach include: (1)
the implementation (programming) is quite simple; (2) the
estimation is accurate; and (3) the standard error estimates
can be obtained directly.

The rest of the article is organized as follows. We propose
the joint random effects model in the next section. In Section

3, we present the estimation method by Gaussian quadrature
and show how to implement it. Simulation studies are con-
ducted in Section 4 to assess the performance of the proposed
estimation method. We apply our method to the medical cost-
accumulation process for heart failure patients treated at the
University of Virginia (UVa) Health System. Concluding re-
marks are given in Section 6.

2. Model

Denote by T); the jth informative recurrent observation (e.g.,
hospital visit) time measured from study onset for subject 4,
where ¢ = 1, 2,..., n,and j =1, 2,..., n;. Write N;;(t) =
I(T;; < t), where I(-) is the indicator function. Let N,(t) =
¥, N;;(t) denote the recurrent hospital visit process. At each
hospital visit dN;;(t) = 1, we observe a repeated measure Yj;,
which could be a biomarker (e.g., PSA for prostate cancer,
CD4 count for AIDS), or health care utility (e.g., length of
hospitalization or medical cost). The follow-up is stopped by
X,; = min(C}, D;), the minimum of an independent censoring
time C; and a dependent terminal event (death) time D;. As-
sume continuous time for all recurrent hospital visits, death,
and censoring events. Denote by A; = I(D; < C;) the death
indicator. We define by z;; the covariate vector for repeated
measure Yj;. For clarification of notation, we write wf and
w? the covariate vectors for the recurrent hospital visits and
death for subject i, respectively, although time-dependent ex-
ternal covariates (Kalbfleisch and Prentice, 2002, p. 196) can
be included. Write the intensity (hazard) for the recurrent
hospital visits and the terminal event by r;(f) and A,(?), re-
spectively. Hereafter we use term “intensity” for both r;(t)
and A, (¢) for ease of description.

We assume repeated measures and recurrent events are
correlated through a common random effects u;, e.g., higher
medical costs are associated with a higher intensity of hos-
pital admissions. Further, there is also a random effect term
v; independent of u;, describing the heterogeneity in repeated
measures due to random effects not shared with the rate of
hospital visit. We assume that death intensity depends on re-
peated measures through v; and recurrent events through w;.
A simple joint model is defined as:

i (t) = exp(WEB + u;)ro(t), (1
Yij| (AN (t) = 1) = zija + yius + v + €4y, (2)
Ai(t) = Ao(t) exp(Win + You; 4+ 3v;), (3)

where {«, 3, 1, 71, 72, 73} are unknown parameters, \o(t) and
19(t) are baseline intensities for death and recurrent hospital
admissions, respectively. Note in (2) the repeated measure is
observed only at recurrent hospital visit time dN;(¢t) = 1. The
effect of v, is different on y; and 7;(¢) due to the inclusion of
~1 in (2). Similarly, the effects of u; and v; are different on
death intensity due to 72 and v3. Assume e; ~'¢ N(0, 0?) is
independent of {u;, v;, C;, D;}.

Models (1)—(3) are defined for simplicity. More complicated
random effects structure, e.g., random slope and other inter-
actions between covariates and random effects, can be incor-
porated into the model with ease. For example, we can in-
clude a random slope in (2) to denote the heterogeneity in
the temporal trend of repeated measures. This random effect
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can then be incorporated in (3) to describe its effect on sur-
vival. Also, both 7;() and w¥ can be dependent on the order
of the recurrent event. For example, an order specific baseline
intensity 7y;(t) can be used to distinguish baseline intensities
of different orders of recurrent events.

The processes modeled by equations (1)—(3) are assumed
to be independent of each other given random effects u; and
v;. The likelihood for the ith subject is

L= / / 2 1B 18 pluy)p(vs)dugdu;, (4)

where p(u;) and p(v;) are density functions for u; and v;, re-
spectively. In this article, we assume u; ~" N(0, ¢%) and v;

~id N(0, 02) are independent of each other. The detailed form
of likelihood # for recurrent hospital admissions is

g

1 = T1 [expw6 -+ uiyro(e)] ™

j=1
X exp { / / exp(wfﬁ + u;)ro(t) dt} ,
0

where d;; is the indicator of the patient visiting hospital at
time ¢;, and z; is the observed follow-up time.

Likelihood ? is the conditional likelihood for repeated mea-
sures at hospital visits, i.e.,

ng

—%,gzefj )

j=1
where

€ij = Yij — 200 — iUy — V5.
The likelihood for death is:

A
1€ = [Mo(w:) exp(wPn + you; + v30:)]

X exp [/ exp(Wn + you; + v30:) Ao (t)dt | .
0

When observation times are not informative of repeated
measures, Wulfsohn and Tsiatis (1997) proposed a shared ran-
dom effects model of longitudinal data and survival. On the
other hand, when no repeated measure is observed at each re-
current event time, Liu et al. (2004) proposed a shared frailty
model of recurrent and terminal event times. Apparently, our
model generalizes the results of both papers. It is more com-
prehensive and includes both models as special cases.

3. Estimation

The expectation-maximization (EM) algorithm (Dempster,
Laird, and Rubin, 1977) is often adopted for estimation in
joint random effects models when the likelihood conditional
on the random effects can be maximized in a straightforward
manner. However, for our joint model, the conditional distri-
bution of random effects given the observed data does not
have a closed form. Monte Carlo methods are often needed in
the E-step for approximation. However, this makes the esti-
mation highly computationally intensive and the implemen-
tation (programming) quite difficult.

An alternative approach is through numerical integration
techniques, e.g., Gaussian quadrature. However, Gaussian
quadrature techniques cannot be applied directly if A\o(¢) and
19(t) are unspecified. To circumvent this problem, we propose
to replace the nonparametric baseline intensities with their
piecewise constant counterparts. Lawless and Zhan (1998) and
Feng, Wolfe, and Port (2005) demonstrated that models with
a piecewise constant baseline intensity with 8-10 intervals of-
ten yield satisfactory estimates for fixed effects and frailty. It
provides more flexibility over the a priori choices of baseline
intensity distribution (e.g., Weibull), while it retains enough
model structure. Andersen et al. (1997) also recommended to
use a piecewise constant baseline intensity for frailty mod-
els in practical applications. Furthermore, Gray (1994) and
Matsuyama, Sakamoto, and Ohashi (1998) both advocated
a piecewise constant baseline intensity in Bayesian frailty
models.

Liu and Huang (2007) applied this estimation method in
various frailty proportional hazards models, including the sim-
ple frailty model, the joint frailty model of recurrent events
and survival (Liu et al., 2004), and that of cluster events with
informative dropout (Huang and Wolfe, 2002). By simulation,
they showed that it performs similarly and sometimes bet-
ter than the Monte Carlo expectation-maximization (MCEM)
method (Liu et al., 2004) or the penalized partial likelihood
(PPL) method (Therneau and Grambsch, 2000) with unspec-
ified baseline intensity. The proposed Gaussian quadrature
method is much easier to implement. Also, the standard error
estimates can be obtained directly from SAS Proc NLMIXED,
in contrast to the EM algorithm, which resorts to Louis’ for-
mula (Louis, 1982), and the PPL method that relies on resam-
pling methods (Therneau and Grambsch, 2000). Finally, the
computational time is improved greatly: for the joint frailty
model (Liu et al., 2004), this method is four times faster than
the MCEM method (implemented in R with C code for the
Metropolis—Hastings algorithm).

The similar estimation method is adopted for the joint ran-
dom effects models (1)—(3). We first divide the follow-up pe-
riod into M, intervals (denoted by knots QP QP, ...,QJ\D/[1
and QP; = 0 or the smallest failure time) for the observed
death times. Denoting the piecewise constant baseline inten-
sity by Ao(t), we have

No(t) = Aok, for QP | <t < QP, where k=1,2,..., M,

or

M,
Not) =3l (QP, <t<@QP).

k=1
The cumulative baseline intensity is

M,y

Ko(t) = Z Aok max (0, min (QkD —Qp ,t— QkD_l)) .

k=1

Similarly, we can divide the recurrent observation times
into M, intervals by knots QF, QF, ...,QAR/IQ, and QFf = 0 or
the smallest observation time. We have

My
To(t) =Y roel (QF, <t <QF),

k=1
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and
M,

Ro(t) =) rox max (0, min (QFf — Qf 1,t— QF,)).-

k=1

Likelihood (4) can then be approximated by replacing Ao (t)
and 7y(t) by the piecewise constant counterparts X()(t) and
70(t), respectively. We thus have a parametric likelihood in
the integrand of (4), which can be estimated conveniently
by Gaussian quadrature tools in standard statistical pack-
ages such as Proc NLMIXED in SAS (Littell et al., 2006). An
introduction to the Gaussian quadrature technique is given
in the Appendix. The SAS code is available in the Web Sup-
plementary Materials.

Liu and Huang (2007) showed that for a moderate sample
size, satisfactory results can be obtained by taking the knots
QF or QP to be every 10th quantile of recurrent and termi-
nal events, respectively. We will use 10 intervals divided by
every 10th quantile in the simulation section. In the applica-
tion section, we divide the follow-up into intervals of every 2
months.

4. Simulation

In this section, we report results from a simulation study to
evaluate the performance of the proposed estimation proce-
dure. The model we adopt is

Tl(t) = eXp(Zilﬂ + Ui)’l“()(t), (5)
Yis| (AN (t) = 1) = ap + Zinou + tijon + s +vi + e45,(6)

Ai(t) = Xo(t) exp(Zun + youi + 713v:). (7)

For each submodel, we assume a subject level time-
invariant binary covariate Z;; that takes value 0 or 1 with
equal probability 1/2. The coefficient ( is set to be 1. For
repeated measures, there is an additional covariate ¢; (the
informative observation time) to denote the temporal trend
in Yj;. For each subject, we also observe ;) at baseline time
t;o = 0. Coeflicients are set to be a = (0, 1, 0.2)T. The error
term e; ~ N(0, 02) with 02 = 1. We include in the model a
frailty term u; from recurrent observation times and a random
effect v; from repeated measures. We assume that random ef-
fects u; ~ N(0, 02) and v; ~4 N(0, 02) are independent, with
02 =1 and o2 = 0.5, respectively. The correlation between
recurrent hospital visits and repeated measures is introduced
by the shared random effect u;. The death intensity depends
on the subject level covariate Z;; with coefficient n = 1, and
shared random effects u; and v; with coefficients v, and ~s,
respectively. We assume

" —-1.5
Y2 = —0.5
V3 1

To demonstrate the performance of the proposed estima-
tion procedures when the piecewise constant baseline constant
intensity is indeed an approximation, the baseline intensities
for both recurrent hospital visits and terminal event are cho-
sen to be Weibull distributed with shape 2. We set ry(t) =
0.08t and Ao(¢) = 0.02t. The independent censoring time is
6 + Uniform(0, 6). We use sample size n = 200 and run 600

replicates. Each subject visits hospital on average 5.8 times;
about 33% of total subjects are censored, others experience
death.

For estimation, we use 10 intervals (divided by every 10th
quantile) to define the piecewise baseline intensities for both
recurrent and terminal event processes. We implement the
adaptive Gaussian quadrature method with five quadrature
points in SAS Proc NLMIXED. The SAS code is available in the
supplementary materials. For each replicate, the estimation
process takes around 7 minutes on a personal computer with
a 1.70 GHz Intel Pentium M processor and 2 GB RAM. For all
replicates, standard error estimates are obtained directly from
SAS output. Standard error estimates are provided directly
from SAS output for all replicates. The results are shown in
Table 1.

We find that our estimation method yields satisfactory re-
sults. The empirical biases of the estimates are very small.
The coverage probabilities are close to the nominal level 0.95.
There exist only negligible biases for standard error estimates.

For comparison, we fit the above data sets by two reduced
models. In reduced model A we assume observation times are
noninformative, i.e.,

Yij = 0 + Zjay +tijon +v; + e,
Ai(t) = Ao(t) exp(Zin + y3vi),

which is the conventional joint random effects model for sur-
vival and longitudinal data (e.g., Wulfsohn and Tsiatis, 1997).
This is the special case with v; = 73 = 0 in our proposed
model.

In reduced model B we ignore the dependent terminal event
process, i.e.,

i (t) = exp(Zin B + u;)ro(t),
Yi; | (AN (t) = 1) = ap + Zina + tij00 + 1w + v; + €55

The results from these two reduced models are shown in
the middle and right panels in Table 1, respectively. We can
see that falsely coercing some of 4’s to 0 could lead to inad-
equate results. For example, larger biases and poor coverage
probabilities are present for covariate effect estimates of pa-
rameters oy, g, 1, and 3 in reduced model A, and a, and
o2 in reduced model B. Thus our model should be preferred
in practical data analysis to avoid biases from insufficient
models.

We also fit a model with repeated measures only, i.e., we
ignore both the informative observation times and the depen-
dent terminal event. This is a special model of reduced model
A. The parameter estimates are even worse than those of re-
duced model A. For example, the parameter estimates for oy
and oy are —0.071 with coverage probability (CP) 93.5% and
0.180 (CP: 60.0%), respectively.

Finally, similar to Liu et al. (2004), we fit a reduced model
with no repeated measures, i.e.,

7i(t) = exp(Za B + ui)ro(t),
Ai(t) = No(t) exp(Zian + yaus).
We find that the estimates for n (Bias = —0.174, CP =

84.4%) and ~, (Bias = —0.078, CP = 88.6%) are biased. This
fact once again supports our proposed model.
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Table 1
Simulation results: parameter estimates

Proposed model

Reduced model A

Reduced model B

Parameter Est SE SEM Cp Est SE SEM CP Est SE SEM CPp
Observation time
=1 0.979 0.167 0.171 95.0% 0.966 0.168 0.171 95.2%
Repeated measures
ag =0 —0.003 0.177 0.181 95.7% —0.066 0.177 0.180 93.8% —0.006 0.176 0.179 95.5%
a =1 1.012 0.243 0.250 95.3% 1.019 0.242 0.249 95.3% 0.990 0.240 0.247 94.7%
as = 0.2 0.200 0.011 0.012 94.7% 0.191 0.012 0.012 89.8% 0.188 0.011 0.012 84.0%
ol =1 0.999 0.044 0.042 92.7% 1.001 0.045 0.042 93.8% 1.002 0.045 0.042 93.2%
Terminal event
n=1 0.991 0.227 0.235 95.8% 0.914 0.204 0.209 93.2%
Model association
v =-—15 —1.501 0.106 0.104 94.7% —1.480 0.106 0.103 93.8%
ve = — 0.5 —0.527 0.125 0.130 96.7%
v3 =1 0.969 0.325 0.333 95.0% 0.427 0.070 0.071 0.0%
Covariance parameters
ol = 1.006 0.150 0.153 94.2% 1.015 0.153 0.153 93.5%
o2 =05 0.471 0.129 0.128 91.7% 2.670 0.325 0.314 0.429 0.120 0.118 85.5%

Est is the mean of the parameter estimates (based on 600 replicates); SE is the standard error of the parameter estimates; SEM is the sampling
mean of the standard error estimate; CP is the coverage probability of the corresponding 95% confidence interval. Note that o2 in reduced model
A (true value: 'y% o2 + o2 = 1.5> + 0.5 = 2.75) is not comparable to that in the full model due to different model structure, so the coverage

probability is not given.

To investigate the influence of knot’s positions (for piece-
wise constant baseline intensities) on parameter estimates, we
also carry out the estimation with 10 intervals of equal du-
ration (1/10 of the longest follow-up time). The resulting pa-
rameter estimates are almost indistinguishable from those in
Table 1. So the choice of (reasonable) knot’s positions should
have little impact on parameter estimates.

5. Application

We are interested in modeling medical costs for chronic heart
failure (CHF) patients in the presence of informative observa-
tion times and a dependent death event. Five million people in
the United States are living with heart failure, 70% of whom
are at least 60 years old. African Americans and Hispanics
have a worse outcome than white patients (Medscape report,
2005). CHF is also one of the most expensive health care prob-
lems in the United States, with a projected annual direct and
indirect medical cost of $27.9 billion (American Heart Associ-
ation, 2005), more than doubling that of all cancers combined
(O’Connell, 2000).

Our data source is the clinical data repository (CDR)
database from the UVa Health System, available online at:
http://cdr.virginia.edu/cdr. This study includes a total
of 1475 patients who were at least 60 years old and first diag-
nosed and treated in 2004 with heart failure (ICD9 diagnosis
code beginning with 428). The follow-up ended with each pa-
tient’s last hospital admission (up to July 31, 2006), or death
date extracted from Death Certificate Data at the Virginia
Department of Vital Statistics.

Preliminary studies showed that patients visiting hospital
more often tended to pay more for each visit, i.e., the fre-
quency of observation times is informative of the level of med-
ical costs. These patients were also subject to a higher mor-
tality rate. To model such a complicated system, we propose

a joint random effects model for the recurrent time of hospital
admission, the medical cost for each hospital visit, and death
time.

We focus on the analysis of the UVa health system cost—
the actual monetary expense of the hospital. To correct the
right skewness, we take the log-transformed cost as the re-
sponse variable. For hospital visits, we use as recurrent event
times the offsets (in days) to each patient’s first visit for di-
agnosis or treatment of heart failure.

The mean follow-up time is 18.5 months (SD: 9.0). About
20% of patients died during follow-up, others were censored.
The mean age is 72 years old (SD: 8). Males account for 55%
of the cohort, whites account for 73%. The medical cost of
each hospital visit is highly skewed to the right (median $350
and mean $2670).

In all three parts we adjust for age (centered at 72 years
old), gender (male = 1, female = 0), and race (white = 1,
nonwhite = 0). From preliminary analysis we found that age
has a quadratic form on the medical cost so we include the
square of centered age in equation (2). Similarly, we also in-
clude the quadratic form of the visit time (in months) in the
medical cost model. More covariates recorded in the CDR,
e.g., insurance type, medical treatment, comorbidities, etc.,
can be easily added in further studies. For the Gaussian
quadrature estimation, we assume piecewise constant base-
line intensities for both hospital visits and death in every 2
months interval. This results in 16 intervals for recurrent hos-
pital visits and 12 for death. We apply the Gaussian quadra-
ture method described in Section 3. The estimation process
takes around 100 minutes to converge. The parameter esti-
mates are shown in Table 2.

The results in Table 2 show that: (1) There is a signifi-
cant gender difference in the amount of medical costs: males
spent 14% more than females for each hospital visit. (2) White
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Table 2
Joint analysis of longitudinal medical costs and survival for heart failure patients

Our model Reduced model A Reduced model B
Est SE p-value Est SE p-value Est SE p-value
Recurrent hospital visit

Male —0.013 0.032 0.67 —0.023 0.031 0.45
White —0.099 0.036 0.006 —0.087 0.035 0.01
Age 0.126 0.021 <0.0001 0.110 0.020 <0.0001

Cost of each visit
Intercept 6.267 0.079 <0.0001 6.335 0.079 <0.0001 6.263 0.078 <0.0001
Male 0.129 0.063 0.04 0.120 0.063 0.06 0.119 0.062 0.05
White —0.247 0.070 0.0005 —0.255 0.070 0.0003 —0.234 0.069 0.0007
Age —0.096 0.042 0.02 —0.099 0.042 0.02 —0.116 0.042 0.005
Age? —0.162 0.047 0.0006 —0.181 0.048 0.0002 —0.148 0.048 0.002
Visit time —0.031 0.006 <0.0001 —0.031 0.006 <0.0001 —0.037 0.006 <0.0001
Visit time? 0.0015 0.0002 <0.0001 0.0014 0.0002 <0.0001 0.0016 0.0002 <0.0001
o’ 2.348 0.027 2.346 0.027 2.351 0.027

Survival

Male 0.279 0.141 0.05 0.256 0.128 0.05
White —0.243 0.155 0.12 —0.218 0.140 0.12
Age 0.646 0.095 <0.0001 0.532 0.082 <0.0001

Model association
Y1 0.988 0.079 <0.0001 0.922 0.083 <0.0001
Yo 2.489 0.300 <0.0001
Y3 0.398 0.099 <0.0001 0.807 0.073 <0.0001

Covariance matrix
o’ 0.241 0.015 <0.0001 0.216 0.013 <0.0001
o? 0.822 0.047 <0.0001 1.045 0.052 <0.0001 0.821 0.046 <0.0001

Age is centered at 72 years old and in every 10-year unit.

patients tended to visit hospital at a lower rate (HR = 0.91,
p = 0.006). The cost for white patients is lower (—0.247 in log
scale, or 22% lower in dollar value, p = 0.0005). Both results
suggest that white patients had a better outcome than non-
white patients, which is consistent with the Medscape report
(2005). (3) Older patients were more likely to seek medical
treatments (HR = 1.13 for every 10 years older in age, p <
0.0001). However, we find that age effect on hospital cost is
quadratic (p = 0.0006): it peaks at 69 years old and drops
thereafter. This fact may be due to (a) older patients sought
medical services more frequently, diluting the medical cost
for each visit; (b) older patients with heart disease were of-
ten treated less aggressively, resulting in lower medical costs
(Gatsonis et al., 1995). (4) Visit time (from onset) has a
quadratic effect on medical costs: there is a high initial cost
(due to high initial diagnosis and treatment cost); the cost
for each visit then decreases and reaches the bottom around
10 months; it increases thereafter until death. This pattern is
consistent with the “bath-tub” shape in monthly outpatient
erythropoietin (EPO) medical cost data for dialysis patients
(Liu et al., 2007).

In the survival model, we find that age is significant: ev-
ery 10-year increase in age elevates the death rate by 91%.
Male patients had a higher mortality rate (p = 0.05), so did
nonwhite patients.

For random effects, we note heterogeneity exists for both re-
current hospital visits (o2 = 0.241,p < 0.0001) and repeated

u

measures of the medical cost (o2 = 0.822,p < 0.0001) at

each visit. Note here the adjustment by Stram and Lee
(1994) should be used to address the boundary testing issue
for variance components. For the association between these
three models, we notice that all 3’s are highly significant
(p < 0.0001). This justifies our joint model of the three
endpoints, instead of considering them separately. The re-
sults suggest that: (1) a significant association exists be-
tween the frequency of hospital admission and the cost
of each visit—patients visiting hospital more often tended
to have a higher medical cost for each visit; (2) death
depends on random effects in both parts: patients who
sought medical treatment more frequently and/or incurred
more medical cost at each visit had a higher mortality
rate.

For comparison, we also fit reduced models A and B for this
data set as in the simulation section. We find that in reduced
model A where we disregard the informative observation time,
there are some moderate changes in parameter estimates. For
example, age effect on survival is smaller (0.532 versus 0.646).
In reduced model B, both the racial and gender effects on the
intensity of hospital visits differ by more than 10% than those
in our full model.

To investigate the potential influence of some extremely
high medical costs, we also conduct an analysis capping the
maximum cost to the 99% percentile (=$35,596) of all costs.
The results are very close (not shown), so the right skewness
of medical cost data has little effect on parameter estimates
in this application.
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Residual plots for models (1)—(3). (A) Residuals for medical costs; (B) Lowess estimate in plot (A); (C) Martingale

residuals for recurrent hospital visits; (D) Martingale residuals for death. Lowess estimates for (C) and (D) are shown in the

corresponding plot.

For model checking, residuals from models (1)—(3) can be
easily obtained by “predict” statement in SAS Proc NLMIXED,
with empirical Bayes’ estimates provided for the random ef-
fects. The empirical Bayes’ estimates for random effects are
computed as the mode of the posterior distribution given all
the data (Yi, Ty, Xi, A;). Specifically, we use Martingale
residuals for submodels (2) and (3). As an example, we show
in Figure 1 the residual plots for models (1)—(3) with respect
to age. There is no clear pattern in any of the three residual
plots as shown by the Lowess estimates.

Finally, as suggested by the associate editor, we evaluate
the fit of repeated measures conditionally upon the survival
status, using a method proposed by Dobson and Henderson
(2003). We split the sample into two groups: censored or
dead during follow-up. We then compare the predicted and
observed means conditionally on the observed survival sta-
tus and the follow-up time. The conditional expectation can
be calculated by adaptive Gaussian quadrature method, e.g.,
function integrate or adapt in R. The plot is shown in the Web
Supplementary Materials. In the upper panel we find that ob-
served and predicted mean (log)costs agree well for censored
patients, whereas in the lower panel there is a minor down-
ward bias in later months for patients who died during follow-
up. Note we show the Lowess estimates because medical costs
are observed at continuous hospital visit times.

6. Discussion

In this article, we propose a joint random effects model for
repeated measures in the presence of informative observation
times and a dependent terminal event. The estimation can be
carried out conveniently by Gaussian quadrature techniques,
as implemented in SAS Proc NLMIXED. Simulation results de-
monstrate the excellent performance of our method in small
to moderate samples. We apply our model to the longitudinal
medical costs of 1475 CHF patients from the CDR at the UVa.

Two time scales are usually employed to analyze recur-
rent event data: total time scale measured from the study
onset, and gap (episode, recurrence, or interevent) time scale
measured between consecutive recurrent events. In this ar-
ticle, we adopt the total time scale. Huang and Liu (2007)
proposed a joint frailty model for gap times of recurrent
events and survival. It is of future interest to extend their
work to a joint model of repeated measures, gap times, and
survival.

Gaussian quadrature is efficient for low-dimension integra-
tion. Based on our own experience, we find that it performs
well for models with <4 random effects. Importance sampling
can be used for somewhat higher dimension, and MCMC for
very high dimension (Ruppert, 2005). The implementation of
our model in these more complicated settings merits further
consideration.
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Both Liu and Huang (2007) and this article show that as-
suming 10 intervals for piecewise constant baseline intensities
yields satisfactory results for a moderate sample size. For a
small sample size, it is reasonable to use a smaller number
of knots (say 5) to maintain model identifiability. For a large
sample size, however, if we increase the number of knots too
much, we could end up with a lot of parameters to estimate
for piecewise constant baseline intensities. This may cause
numerical problems in the Gaussian quadrature estimation
procedure.

In health services research we are also interested in the ac-
cumulative medical cost (or days of hospitalization) in a unit
time, e.g., year or month. A different formulation is to model
monthly (or annual) medical costs, by summing up the med-
ical cost of each hospital visit by month (or year) (Liu et
al., 2007). In this way, some months have zero cost (no hos-
pital visit), and other months have highly skewed monthly
cost. Such data are often termed “semicontinuous.” A ran-
dom effects two-part model (Olsen and Schafer, 2001; Tooze,
Grunwald, and Jones, 2002) can be used to describe the odds
of monthly cost being nonzero and the cost level if a patient
seeks medical care during the month. A joint model for lon-
gitudinal semicontinuous data and survival can be proposed
accordingly.

In this article, we focus on modeling the cost-accrual pro-
cess. For future research, we are interested in deriving the
cumulative or lifetime medical cost from our model. The com-
parison of our method with those modeling the lifetime med-
ical cost directly is another topic for future research.

7. Supplementary Materials

The SAS code and the model checking figure (referenced
in Sections 3 and b5, respectively) are available under
the Paper Information link at the Biometrics website
http://wuw.biometrics.tibs.org.
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APPENDIX

Gaussian Quadrature

To maximize the likelihood
L = /Hf(y¢j|Xij:ai) p(a;) da;
j=1

where a; is the random effect with density p(-), we use a
weighted average of the integrand assessed at @ prespecified
quadrature points u, (¢ =1, 2, ..., Q) over the random effects
a; (Liu and Pierce, 1994; Pinheiro and Bates, 1995), i.e.,

Q mn;
L~ Z H T (i1 Xz, ug)p(ug)wg

g=1 j=1

with ug = V22, and w, = v/2n, exp(22), where 7, and z, can
be obtained from tables (Abramowitz and Stegun, 1972) or
algorithms (Golub and Welsch, 1969).

The Gaussian quadrature technique has been implemented
in SAS Proc NLMIXED (Littell et al., 2006), a user friendly pro-
cedure for estimation in nonlinear mixed models. It allows
users to construct the log-likelihood function (in the integrand
with respect to random effects) by regular SAS statements as
in the DATA step. For our model, the log-likelihood func-
tion composed in SAS programming statements can be maxi-
mized by option “general” in the “model” statement in Proc
NLMIXED. We adopt the adaptive Gaussian quadrature option
with five quadrature points. The code is available in the Web
Supplementary Materials.



