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SUMMARY.The semiparametric proportional means model specifies that the mean function for the cumulative medical cost over time conditional on a set of covariates is equal to an arbitrary baseline mean function
multiplied by an exponential regression function. We demonstrate how to estimate the vector-valued regression parameter using possibly censored lifetime costs. The estimator is consistent and asymptotically
normal with an easily estimable covariance matrix. Simulation studies show that the proposed methodology
is appropriate for practical use. An application to AIDS is provided.
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1. Introduction
The rising cost of health care has created serious national concern in the United States and other industrialized countries.
This concern has prompted tremendous recent interest in the
economic evaluation of medical care. Proper understanding of
medical cost plays a crucial role in the search for cost-effective
intervention/prevention strategies.
Medical cost data have now been routinely collected in clinical trials, disease registries, and health insurance records. A
common feature with these available data sources is that not
all patients are followed until the endpoint of interest, which
is the time of death, assuming that one is interested in the lifetime cost. This is the well-known phenomenon of censoring.
If a patient's survival time is censored, then his/her lifetime
cost is also censored.
There is a fundamental difference between censored survival time and censored lifetime cost. Because a patient who
accumulates costs over time at relatively higher rates tends to
generate larger cumulative costs at both the survival time and
censoring time, the cumulative cost at the survival time (i.e.,
the lifetime cost) is positively correlated with the cumulative
cost at the censoring time (i.e., the censoring variable for the
lifetime cost) even if the underlying survival time and censoring time are independent. Due t o this dependent censoring,
standard methods for handling censored survival data, such
as the Kaplan-Meier estimator and Cox regression, cannot
be used to analyze censored lifetime cost data, although this
approach has been erroneously suggested in the literature.
So far, the only formal investigation of statistical methods
for analyzing censored cost data is that done by Lin et al.
(1997). That investigation was focused on the estimation of
the mean lifetime cost for a group of patients. Currently there
does not exist any valid regression method for assessing the ef-

fects of covariates (e.g., therapies and patient characteristics)
on medical cost.
In the next section, we present a proportional means regression model for the cumulative medical cost and develop
the corresponding semiparametric inference procedures based
on the possibly censored observations of the lifetime cost. In
Section 3, we report some simulation results and present an
application to data from an AIDS clinical trial. A few concluding remarks are given in Section 4.
2. Regression Methodology
Let N * ( t ) be the cumulative cost up to time t . The cost is
normally measured in financial terms, such as the amount of
hospital charges, but may sometimes be measured in more
basic units, such as the number of hospital admissions and
days of hospitalization. Naturally, there is no further medical
cost after death so that N * ( . )does not jump after T , where T
is the survival time. Let Z be the set of covariates of interest.
Define ,u(t I Z) = E { N * ( t ) I Z}, which is the mean cumulative
cost at t conditional on the covariates. We specify that

where pa(.) is an arbitrary baseline mean function and /3 is a
set of unknown regression parameters.
Model (1) is referred to as the proportional means model,
which is similar to the Cox proportional hazards model for
survival data. This model is semiparametric in that the baseline mean function is completely unspecified while the effects
of covariates are represented by a limited number of regression parameters. If N * ( . ) represents the cumulative number
of hospital admissions, then equation (1) is the counting process model studied by Lin et al. (2000), among others. Note
that we do not impose any dependence structure between T
and N * ( . ) or among the increments of N * ( . ) .
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Because of censoring, N* (.) may not be fully observed. Let mating function from (2):
N ( t ) = N * ( t A C), where C is the censoring time and a A b =
min(a,b). Thus, N ( t ) = N * ( t ) if t 5 C and N ( t ) = N * ( C )
if t > C. If N * ( . ) pertains to hospital admissions, then N ( . )
i=l

is the familiar counting process used by Andersen and Gill
(1982) and Lin et al. (2000).
Although Lin et al. (2000) confined their attention to counting processes, their theoretical development did not rely on
the counting process feature of N * ( . ) .It is not difficult to verify that the results of Lin et al. (2000) hold for any nondecreasing process N * ( . )satisfying equation (1).To be specific, if the
data consist of n independent random triplets { N i ( . ) ,Ci, Zi}
(i = 1,...,n), then a possible estimating function for p of
model (1) is
n

nM

where Z(p) = Cy=l eFzjZj/Cy=l eFzj. The solution to
U(p) = 0 is denoted by Let Z(p) = -n-’aU(p)/ap’,
i.e.,

b.

n.

n

,=1

n

,=1

3=1

where ag2 = aa’. Clearly, Z(p) is positive semidefinite, which
implies that
can be obtained by the standard NewtonRaphson algorithm.
Simple algebraic manipulation yields
n

where Z ( p , t ) = Cj”=l I(Cj 2 t)epZJZj/Cyzl I(Cj

U(P)=

2 t)

x ep”J and I(.) is the indicator function. Simple algebraic
manipulation yields

C
*,{Z,
t=1

where

z = 1 , . . . , n.

W)},

La

*,

= N, -

where

-

G(t)dPO(t).

(3)

Because E { d N ( t ) I Z} = E{I(C 2 t ) d N * ( t ) I Z} = G ( t ) x
eP”dpo(t), the M,’s are zero-mean random variables. Thus,
by the law of large numbers, n-’U(p) converges to 0. Assume
that Z(p) is nonsingular in the limit. It then follows from
convex analysis that ,8 is a consistent estimator of p.
Let %(p)be the limit of Z(p). By Slutsky’s theorem,

Under model (l),M,(t) (z = 1,.. . ,n) are zero-mean stochasn
tic processes. It then follows from the arguments given in
n-lI2U(p) = n-1/2
iG,{z, - F,(P)} oP(l),
Appendix A.l-A.2 of Lin et al. (2000) that n-ll2U*(p) is
z=1
asymptotically zerc-mean normal and the solution to U*(p) =
which is essentially a normalized sum of n independent zero0 is consistent and asymptotically normal.
In general, the data {N,(.),C,, Z,} (z = 1 , . . . ,n) needed for mean random vectors. Therefore, the multivariate central limit
the calculation of U*(p) are not available. First, the censor- theorem implies that n-1/2U(p)is asymptotically-1 zero-mean
n
:
ing time C, is normally unknown if T, < C, (i.e., the patient normal with covariance matrix B = limn+a n C,=, 2
Consequently, nl/’(p -PI is asymptotically
dies before he/she is censored), one exception being admin- x {z, - %(p)}@’.
istrative censoring, i.e., censoring due to staggered patient zero-mean normal with covariance matrix D = A-lBA-’,
entries and early study termination. (In the recurrent event where A is the limit of Z(p).
Naturally, A is estimated by Z@). Because the f i t ’ s given
problem studied by Lin et al. (2000) and others, it is implicG(t)x
itly assumed that no subject dies during the study so that in (3) have zero means, we estimate the integral
^I
the censoring time is known for every subject.) Second, the dpo(t) involved in the h;rz’s by Cyzl N,/C:=, ep ‘3. It then
evaluation of U*(p)requires that the sample paths (i,e., the follows from the law of large numbers that B can be consisentire histories) of {N,(.);z = 1,.. . ,n} be known. This is usu- tently estimated by
ally not a problem if N * ( . ) represents the number of hospital
n
admissions but is unrealistic if N * ( . ) pertains to the amount
of hospital charges. One may be able to ascertain the amount
i=l
of charges for each episode of hospitalization but rarely for
each day. In many applications, the database may only con- where
tain information about the total cost at the last contact date,
i.e., N * ( T A C ) .
Suppose that censoring arises in a completely random fashion. It is then possible to estimate
using only the data
(fi,,Z,) (z = 1 , . . . ,n),where I?, = N:(T, A C,) or N,(oo). Thus, a consistent estimator of D is D = Z-’(fi)BZ-’(fi).
Specifically, let G ( t )= Pr(C 2 t ) . By replacing the indicator The variance of 6 is estimated by V = n-lD.
functions I ( C , 2 t) ( j = 1 , . . . ,n)involved in Z ( p , t ) with
It is numerically simple to obtain fi and V. If 2 is a O / l
their common expectation G ( t ) ,we derive the following esti- indicator, then U ( b ) = 0 yields fi = log(Nl/No), where &

C

+
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Table 1
Summary statistics f o r the simulation studiesa
Model I

Model I1

n

P2

Bias

SE

SEE

CP

Bias

SE

SEE

CP

100

0
0.25
0.5
1

0.0007
0.0022
0.0030
0.0036

0.174
0.202
0.226
0.259

0.172
0.197
0.218
0.252

0.949
0.944
0.940
0.940

0.0002
0.0001
0.0002
0.0001

0.035
0.039
0.041
0.045

0.035
0.038
0.041
0.044

0.946
0.945
0.943
0.940

200

0
0.25
0.5
1

0.0003
0.0011
0.0009
-0.0038

0.122
0.142
0.159
0.184

0.122
0.141
0.157
0.181

0.950
0.946
0.942
0.945

-0.0001
-0.0001
0.0001
-0.0002

0.025
0.028
0.029
0.031

0.025
0.027
0.029
0.031

0.951
0.946
0.947
0.948

-

p

p,

a Bias is the sampling mean of
minus p, SE is the sampling standard error of
SEE is the sampling
mean of the standard error estimator $‘1/2, and CP is the coverage probability of the 95% confidence interval
f 1.96Q1/’). Each entry is based on 10,000 simulation samples.

(p

and Nl are the sample means of fi for groups 0 and 1, respectively. Thus, no iteration is required to obtain in the
two-sample case.

p

3. Numerical Results
3.1 Simulation Studies
We used Monte Carlo simulation to evaluate the finitesample properties of the proposed regression methodology.
Two models for medical cost were considered. For both
models, the number of hospital admissions is a random-effect
Poisson process that is terminated by death. Under model
I, the intensity function for the underlying Poisson process
is [eP” and the hazard function for death is O.l[, where
[ is a gamma random variable with mean one and variance
c 2 ;the cost is simply measured by the number of hospital
admissions. Under model 11, the intensity function for the
Poisson process is [ and the hazard function for death is again
O.l(; the cost is measured in financial terms: $1000efi” for
each hospitalization, plus $5000ep‘z diagnostic cost at t = 0
and $10,00Oe~” final cost around the time of death. The
random effect creates heterogeneity among the patients or
the dependence of hospital admissions and death within the
same patient. It is easy to verify that both models I and I1
satisfy equation (1).We generated censoring times from the
uniform [0,10] distribution, corresponding to an average of
4.87 observed hospital admissions per patient.
Table 1 displays the simulation results for randomized
clinical trials, in which 2 is the treatment indicator with
n / 2 patients in each of the two treatments and p =
0.5. As evident from the table, the parameter estimator
is virtually unbiased. The variance estimator $’ provides
accurate estimation of the true variance of
and the
corresponding confidence intervals havel proper coverage
probabilities. Note that the variance of p is much smaller
under model I1 than under model I.

p

6,

3.2 Application
Cytomegalovirus (CMV) retinitis is a sight-threatening opportunistic infection affecting a great proportion of patients
with acquired immunodeficiency syndrome (AIDS). Ganciclo-

vir is a pharmacologic agent that was approved for treating CMV retinitis in the United States. Standard therapy
involves lifelong intravenous (IV) infusion. There was widespread interest in an orally active agent that would ease
administration and potentially reduce the cost of therapy.
Thus, a clinical economic study was conducted to compare
oral and IV ganciclovir for the maintenance treatment of
newly diagnosed CMV retinitis (Sullivan et al., 1996). The
primary outcome measures were time to first retinitis progression and associated direct medical care expenditure.
The study randomly assigned 57 and 60 patients to IV
and oral therapies, respectively. By the end of the trial, 44
patients on IV therapy and 43 patients on oral therapy had
experienced progression of CMV retinitis. The hazard ratio of
progression for oral versus IV therapies is estimated at 1.054,
associated with apvalue of 0.808. Thus, there is no significant
efficacy difference between the two therapies.
As mentioned above, the primary outcome measure for
economic evaluation was the direct medical care expenditure
up to time of first retinitis progression. The database contains
information on the observed total expenditure for each
patient. To compare the costs of the two therapies, we fit
model (1) in which 2 indicates, by the values one versus
zero, whether or not the patient received oral therapy. It is
determined that N1 = $4574.50 and N o = $7737.26. Thus,
= -0.526. The standard error estimate V1l2 is 0.096. The
standard-normal test statistic is -5.45, which is associated
with an extremely small p-value. The 95% confidence interval
for p is (-0.715, -0.337).
It is more intuitive to express the treatment difference in
terms of e p than fi since ep is the ratio of the two mean
functions. By exponentiation, the estimate of e p is 0.591,
which suggests that the oral therapy reduces the cost by about
40% compared with the standard IV administration. The 95%
confidence interval for e p is (0.489,0.714).

6

4. Discussion

Cumulative medical cost is not the only type of accumulation
measure encountered in scientific studies. In clinical research,
there is an increasing interest in the so-called quality-adjusted
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lifetime, which is a weighted sum of the numbers of days the
patient lives in various health states (a consistent estimator
for the distribution of quality-adjusted lifetime for a group
of patients was provided by Zhao and Tsiatis (1997)). In
industrial reliability, one may be interested in the mileage
of an automobile or the operating hours of other machines.
The regression methodology presented in this paper applies
to all accumulation measures.
The proposed methodology requires that censoring arises
in a completely random fashion. This assumption certainly
holds for administrative censoring but may not be satisfied
for voluntary patient withdrawals. For well-controlled clinical
trials, voluntary withdrawals are minimal. For studies
concerned with insurance payments, voluntary withdrawal is
effectively treated as death rather than censoring because the
costs incurred after withdrawals are of no interest. It would
be possible to estimate p by allowing censoring to depend on
Z, but then the sample paths of { N i ( . ) ;i = 1,.. . ,n } would
have to be observed. In the AIDS example given in Section
3.2, censoring did not appear to depend on 2,the pvalue of
the log-rank test for comparing the censoring distributions of
the two treatments being 0.812.
If {N,(.);i = 1,.. . ,n} are available, then one can estimate
p o ( t ) consistently by

measure tends to be larger if the patient survives longer. We
are currently investigating semiparametric models to study
the effects of covariates on the rates of cost accumulation
among survivors.
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RESUME

Dans le modele semi-paramktrique des moyennes proportionnelles, on suppose que la fonction moyenne des coiits
mkdicaux cumulks dans le temps, conditionnellement i, un
ensemble de covariables, se dkcompose en le produit d’une
fonction moyenne d’dchelle arbitraire par une fonction de
regression exponentielle. Nous montrons comment estimer
le vecteur des parametres de la regression en utilisant
les cohts de survie censurks. L’estimateur est consistant
et asymptotiquement normal. Des ktudes de simulation
montrent que la mkthode est adaptke aux utilisations
courantes. On prksente une application relative au SIDA.
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