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ABSTRACT

Several approaches have recently been proposed in order to derive an accurate estimate
of mean costs given censoring. The aim of this study was to compare methods for
estimating mean costs given censoring across different censoring mechanisms and
censoring levels. 736 “complete” cases from the CHART study were used to form a
“complete” set where the mean cost was known. This “complete” cohort was used to
generate simulated data sets. The accuracy of methods was measured by comparing the
difference between estimates and the “true” cost. The Uncensored cases method, Cox’s
PH model and the Weighted method CHU consistently gave better estimates of mean
costs across different censoring mechanisms and censoring levels. Estimates of mean
costs from all methods deteriorated as the censoring level increased. The Uncensored
cases method, Cox’s PH model and the Weighted method CHU may be appropriate

methods for estimating mean costs given censoring in short-term studies.
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1. INTRODUCTION

There is increasing necessity to establish cost-effectiveness as well as clinical
effectiveness when evaluating health care interventions (1). In clinical trials, therefore,
there has been a corresponding move towards the collection of resource use data from
which the total costs associated with the alternative treatments can be estimated (2, 3, 4).
Proper analysis of treatment cost data may lead to the adoption of more cost-effective
therapies, resulting in potential savings in resource utilization and incentives to develop a
more standardized and efficient medical intervention. For instance, when evaluating the
cost-effectiveness of a cancer screening program, the potential savings in treatment costs
due to earlier diagnosis through screening are of interest. As another example,
comparisons of the average costs associated with the alternative therapies may lead to
substantial cost reduction. Clinical trial data as well as administrative databases from
medical centers, disease registries and insurance companies present excellent
opportunities to evaluate the cost of medical care in contrast to the clinical benefits.

Despite the tremendous interest in the analysis of medical costs, there remains a host of
challenging issues, both practical and methodological. From a practical point of view, the
availability of and access to reliable and representative data are critical. Although a
number of resources are now available to researchers, each is subject to limitations. In the
case of administrative databases, these include poor sensitivity of diagnosis codes (5),
lack of direct information about comorbidity, and other confounding factors (6), and the
potential lack of representative-ness from one data set to other populations (7). An
additional difficulty is the finite nature of follow-up, which leads to the incompleteness of

the available data. In long-term clinical studies to collect cost data, it is inevitable that



some patients are not followed until the endpoint of interest so that their medical costs are
not fully observed. This phenomenon is referred to as censoring, which is well known for
survival time data. Censored economic data are common, because the obstacles to the
collection of economic data still are substantial. The censoring of cost histories poses two
important problems for the analysis of long-term cumulative costs. First, analyses are
difficult to perform when the interval of observation needed for the study exceeds the
length of the follow-up period in the data for most or all of the study subjects. Second,
the analysis of censored data is not straightforward. Cost data are difficult to analyze by
standard means because of their typically nonstandard statistical distribution. Medical
cost distributions often exhibit a mass at zero representing nonusers of medical resources,
and relatively small numbers of extremely high users which tend to highly skew nonzero
costs (8). These features of medical cost data have been recognized for some time, but
historically, the methods developed to deal with them were not designed to accommodate
censored cost data.

Until recently, the mean total cost for a group of patients has commonly been
estimated by the sample mean of the observed costs from all study subjects or from only
the uncensored cases. The former method, to be referred to as the Available sample
method is always biased downward because the costs incurred after censoring times are
not accounted for. The latter method, called the Uncensored cases method, is also always
biased toward the costs of the patients with shorter survival times, because longer
survival times are more likely to be censored. It is now a well-recognized fact that
censoring occurs in costs as well as survival time data. Statistical methods for handling

censoring in survival time data have been well developed, such as the Kaplan-Meier



method or Cox’s proportional hazard regression model to adjust for censored data within
context of the analysis. However, these methods may result in substantial bias to the
problem of cost evaluation under censoring, because the assumption of independence
between the censoring mechanism and costs is violated (9, 10). With the increasing
prominence of medical cost as an outcome, several methods have been developed to
adjust for censored cost data in order to derive a more accurate estimate of mean costs
over recent years (10, 11, 12, 13). Some methods make use of the detailed patient cost
histories recorded throughout studies and the remainder makes use of each patient’s total
study costs. Several studies have shown that these methods produced an unbiased
estimate of mean total study costs providing that censoring occurs in a random fashion.

It is important to better understand the potential impact of censored cost data by
considering the mechanisms leading to the censoring. Censoring can occur for many
reasons, for instance, patients may drop out of a study due to moving out of the study
area, the study may end before all patients experience the event of interest, or patients
may be withdrawn from the study due to the reasons that are related to the event of
interest.

The aim of this present study was to compare various methods for estimating the mean
total costs given censoring. The methods were compared under three censoring
mechanisms (random, end-of-study and informative censoring) respectively, and the
analysis identified whether any particular method consistently performed well. In
addition, various methods given different levels of censoring were also compared under
each of the three censoring mechanisms. Finally, the consistency of the above two

objectives was determined through the Monte Carlo simulation analysis. A cohort of



patients from the UK clinical trials comparing conventional radiotherapy and continuous
hyper-fractionated accelerated radiotherapy (CHART) were used throughout this paper to
illustrate the methods.

The outline of the thesis is as follows. Chapter 2 provides the background on the
problem of censoring in the analysis of cost. We also explain various censoring
mechanisms and give a brief summary of different methods to deal with censored cost
data. We finally provide an overview of the Monte Carlo simulation research process.
Chapter 3 is the core of the thesis. The reader will find twelve methods for estimating the
mean total costs in the presence of censoring in detail. Description of the study design is
illustrated on data from the cost-effectiveness study of CHART conducted at the ten
medical centers in the UK (14). Chapter 4 presents results from simulated data sets
generated from the actual CHART trial data using twelve methods described in the

Chapter 3. Discussions are presented in Chapter 5 where some concluding remarks and

extensions are given.



2. BACKGROUND

2.1 Issues with the economic evaluation of costs

The rising costs of health care have created serious national concern in Canada and
other industrialized countries. This concern has prompted tremendous recent interest in
the economic evaluation of medical care (2, 3, 4). For instance, many clinical trials
include data collection relating to the costs of treatments. Similar data are routinely
collected by hospitals, insurance companies and disease registries. Proper understanding
of medical costs plays a crucial role in ascertaining the costs of treating patients with a
particular disease, in searching for cost-effective intervention/prevention strategies, and
in identifying determinants of medical costs.

There are several complications with these available data sources. First, subjects may
not survive beyond the time period of interest, and survival time is related to cost
accumulation. Secondly, both survival time and cost accumulation process are subject to
right censoring. Censoring is caused by the limited study duration; in other studies, loss
to follow-up is also a major source of censoring. Thirdly, the cost data are normally
recorded in broad time intervals, such as monthly or yearly intervals, and no information
1s available on how the data is accumulated within an interval. Finally, the costs in
different time intervals tend to be correlated. These complications pose major challenges
in the statistical analysis of cost data.

The literature on evaluating the cost-effectiveness of treatments indicates that methods
of assessing costs remain fairly primitive. It is critical to note how rarely the issue of
costs is addressed in clinical trials. In a recent survey of randomized controlled trials

literature dating from 1966 to 1988, Adams et al find that only 0.2% of clinical reports



included economic analysis (15). Furthermore, when costs are considered, a number of
problems often arise: costs are not identified appropriately; they are not analyzed
rigorously; and they tend to be collected separately from the clinical trials or only be
collected on a convenient subset of trial patients, which hamper not only their
identification, but also their interpretation and generalization (16). The findings of the
Adams survey are informative. Based on a random sample of the studies in their survey
which included an economic assessment, 28% aggregated costs and benefits in some
form. Of those trials that planned for an economic assessment in their design (74% of the
sample), 68% did not appropriately identify the costs involved. Of those which collected
cost data separately or only on a convenient subset of trial patients, none correctly
measured costs. Eighty-four percent of all studies attempting some economic evaluation
did not conduct sensitivity analysis of the cost data.

While identification of costs is important and evaluation at time of trial helps to
guarantee this takes place correctly, an important question that has not, to date, been
addressed is the appropriate method for analyzing these costs. Costs often are presented
as some average, such as the average cost per case or the average cost per treatment, but
it often is unclear what this “average” points to. Furthermore, attempts rarely are made to
relate this figure either to the underlying trial population or to the sample from which it is
drawn. Accuracy and efficiency suggest there is necessity to combine the collection of
cost data into a clinical trial itself and to establish an appropriate and efficient
methodology through which the underlying sample is made explicitly and the data can be
subject to inference. In particular, this methodology needs to address the issue of

censoring, which often exists in randomized controlled trials, in relation to cost data.



2.2 The problem of censoring

Censoring types

Censoring comes in many forms and occurs for many different reasons (17). The most
basic distinction is between left censoring and right censoring. An observation on a
variable T is right censored if all you know about 7 is that it is greater than some value
c¢. In survival analysis, T is typically the time of occurrence for some event, and cases
are right censored because observation is terminated before the event occurs. This notion
of censoring is not restricted to event times. For instance, if the censored variable is costs
from the start of treatment until death, you may know only that costs are greater than
$20,000, in which case the person’s costs are right censored at $20,000. Symmetrically,
left censoring, which is not common in clinical trials, occurs when all you know about an
observation on a variable T is that it is less than some value c. In the context of survival
data, left censoring is most likely to occur when you begin observing a sample at a time
when some of the individuals may have already experienced the event. For example, in
biomedical research one may know that a patient entered the hospital at a particular date
and that he/she survived for a certain amount of time thereafter; however, the researcher
does not know when exactly the symptoms of the disease first occurred or were
diagnosed. Unless you can obtain information on the starting date of the disease for those
patients, the time of disease is left censored at the admission date. Because lifetime data
generally occur over chronological time, a variety of schemes are used to obtain data
according to prevailing time and resource constraints. This can produce other forms of

incompleteness besides right censoring and left censoring. Another well-known form of



censoring in survival analysis is interval censoring. Here the event time is never observed
exactly. Only a random interval containing it is available. For instance, in many
longitudinal studies on humans it is feasible to see individuals only at rather widely

spaced intervals, say monthly or yearly. So the exact timing of some types of events is

interval censored.

Censoring mechanisms

The appropriate strategy for analyzing particular censored costs will be dependent on
the mechanism that leads to censoring (18). There are many reasons why censoring might
occur and these may be classified into different types of censoring mechanisms (19).

e Random censoring

Random censoring occurs when patients are lost to follow-up for reasons that are
independent of the event of interest. For example, patients may drop out of a study due to
moving out of the study area.

e End-of-study censoring

In most clinical studies, patients are not recruited into a study at the same time point
but over a period of time. However, studies may end at a pre-specified time point. Thus it
1s possible that a percentage of patients may have incomplete follow-up data over a pre-
specified period.

e Informative censoring

Informative censoring occurs when patients drop out of a study due to the reasons that

are related to the event of interest. For instance, patients may be withdrawn from a study

because their condition improves and this improvement is related to the treatment they



are receiving. Informative censoring may be neglected because it is not always possible
to determine the reason a patient has dropped out of a study.

In both the survival time and cost accumulation process, right censoring is far more
common than left censoring and interval censoring (17). In human clinical trials,
censored data typically arise when the course of treatment extends beyond the end of the
trial period. A common example of this is when treatment is administered to chronically
il patients up to the time of their death, an event likely to postdate the end of the trial.
Censoring also is likely to occur when the trial design is such that sequential admission
implies variable periods of follow-up, and when patients are likely to be withdrawn from
the trial for administrative reasons unconnected with treatment objectives. Besides,
patients may refuse to continue the trial due to the improvement or deterioration, so
informative censoring arises. Due to the prominence of the right censoring in cost
cvaluation, most of the existing methods for estimating the mean total study costs are
developed to adjust for right censoring. Thus, in this present study we aimed to assess the
performance of different methods for estimating the mean total costs in the presence of

right censoring (random, end-of-study and informative censoring).

2.3 Estimating mean total costs in the presence of censoring

Censoring is an issue in estimating the mean total cost for treating a particular disease
(or similarly the cost until cure, or the cost in a 12-month period). Most often, the
complete costs of some patients are not fully observed because the patients are lost to
follow-up or because they are still alive (or not cured or discharged or have not been

enrolled for 12 months) at the time of data analysis. In the terminology of survival



analysis, the lifetime costs for such patients are defined as censored. Mean cost is
frequently estimated using the average total costs from all study patients, even though
some of these costs are incomplete, or from only the uncensored patients. The estimated
costs will be too low if one analyzes all the available cost data. Alternatively, calculating
costs for only the uncensored patients is likely to give too much emphasis to patients who
died early, because people who survive for a longer time are more likely to be censored.
Therefore each method leads to false inference.

Statistical methods for handling censoring in survival data have been well developed.
Due to the similarity between censored medical costs and censored survival times, some
investigators have applied standard survival analysis methods such as the Kaplan-Meier
method, and Cox’s proportional hazard regression model to the problem of cost
evaluation under censoring, by analyzing censored costs as though they were censored
survival times (20, 21, 22, 23). However, Lin et al. (10) indicate that this approach is
invalid because the cumulative cost at censoring time is positively correlated with the
cumulative cost at the endpoint of interest, even if the underlying censoring mechanism is
independent. This phenomenon of dependent censoring is caused by the fact that the
patients are heterogencous such that those who accumulate costs at higher rates over time
tend to generate higher cumulative costs at all time points as compared with those with
lower accumulation rates.

To overcome the problem of independent censoring, Lipscomb et al. (24) advocate the
Stratified Cox model for estimating the mean total costs. The study period is partitioned
into smaller time intervals (strata), then a Cox’s proportional hazard model is fitted

within each strata. The censoring mechanism differs for this method as patient costs are

10



censored within strata if they are incomplete for the full strata, reasons for censoring
include death or incomplete cost collection due to lost to follow-up, patients with
complete costs within each strata are not censored. The estimated mean total costs are
then summed across strata.

To minimize the bias induced by censoring, Lin et al (10) propose partitioning the
entire time period of interest into a number of small intervals and then estimating the
mean total costs either by the sum of the Kaplan-Meier estimator for the probability of
surviving to the start of each interval multiplied by an appropriate estimator for the
average cost over the interval conditional on surviving to the start of the interval or by the
sum of the Kaplan-Meier estimator for the probability of dying in each time interval
multiplied by the sample mean of the total costs from those who are observed to die in
that interval.

The other method proposed by Zhao and Tsiatis (25) for estimating the quality-
adjusted survival function, can be further used to estimate the mean costs. This method
computes the weighted sum of the number of patients with costs exceeding a specific
value y , where the weights are inversely proportional to the probability of non-censoring
with respect to y . More efficient estimators can make use of the cost histories for the
censored observations.

With increasing demand to evaluate the health care costs, studies of the costs of illness
and the factors affecting the costs will be important to clinicians and policy-makers.
Several studies have indicated that patients characteristics (such as age), as well as more
specific measures of the clinical severity of a particular illness affect clinical outcome (26,

27). It is reasonable hypothesis that these factors may also affect the cost of treating a

11



patient with a particular illness. Thus, the regression methodology would be particularly
valuable in identifying cost-effective intervention/prevention programs. Lin (11)
develops the further methods using linear regression analysis to estimate the mean total
costs to adjust for censored cost data. The familiar normal equations for the least squares
estimation are modified in several ways to properly account for the incompleteness of the
data. A weighted linear regression model is fitted to the total study costs of patients with
complete follow-up, and also adjusted for the factors known to influence costs. The
weighting is calculated by the inverse probability of the Kaplan-Meier survival estimate,
where the censoring indicator is reversed. More efficient estimators are available when
the cost data are recorded in multiple time intervals.

The other regression-based method for estimating the mean treatment costs in the
presence of right-censoring is proposed by Carides (12). This estimator for mean costs
exploits the underlying relationship between total treatment costs and survival time. The
proposed method utilizes either parametric or nonparametric regression to estimate this

relationship and is consistent when this relationship is consistently estimated.

2.4 Overview of Monte Carlo simulation

What is a Monte Carlo study? According to the definition on Webster’s dictionary,
Monte Carlo relates to or involves “the use of random sampling techniques and often the
use of computer simulation to obtain approximate solutions to mathematical or physical
problems especially in terms of a range of values, each of which has a calculated
probability of being the solution” (28). This definition provides a brief and accurate

description for Monte Carlo studies. For example, suppose that we are interested in
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finding what are the chances of obtaining three as the sum from rolling a die twice
(assuming a fair die). There are basically three ways of obtaining an answer to our
question. The first is to do it the hard way by rolling a die twice tens of thousands of
times so that you could reasonably estimate the chances of obtaining three as the sum of
rolling a die twice. Alternatively, you could estimate the chances for this event by relying
on theoretical probability theory. Instead of these two methods, we can also take an
empirical approach to obtain the answer to our question without physically rolling a die.
This approach is called the Monte Carlo simulation (MCS) in which the outcomes of
rolling a die twice are simulated, rather than physically rolling a die twice. Monte Carlo
simulation offers researchers an alternative to the theoretical approach (29). There are
many situations where the theoretical approach is difficult to implement, much less to
find an exact solution. MCS approach is only possible with a computer and some
appropriate software, such as EXCEL. As a matter of fact, with computing power
becoming increasingly cheap and with powerful computers more widely available than
ever, this computing-intensive approach is becoming more and more popular with
researchers. In short, MCS simulates the sampling process from a defined population
repeatedly by using a computer instead of physically drawing multiple samples to
estimate the sampling distributions of the events of interest. This approach can be applied
to a variety of situations in different disciplines, especially in economic cost evaluation.
Why is Monte Carlo simulation needed or necessary? There are many situations where
MCS is needed, or where MCS is the only feasible approach to providing analytic
solutions to some quantitative questions (29). First, as we know, the validity of any

statistical theory is typically based on some theoretical assumptions. However, when the
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assumptions of a theory are violated in the data that we have, the validity of the estimates
about certain sampling distribution characteristics based on the theory is often
compromised and uncertain; consequently, we often ignore how much we can trust the
theoretical estimates, or about how erroneous our conclusion might be if we blindly rely
on the theory, even if some assumptions of the theory have been violated. In this situation,
MCS becomes very useful to researchers, because this approach relies on empirical
estimation of sampling distribution characteristics, rather than on theoretical expectations
of those characteristics. With a large number of replications, the empirical results should
asymptotically approach the theoretical results, and this can be testified when the
theoretical results can be obtained. In addition, there are some other situations where
statistical theories are either so weak that they can not be fully relied upon or statistical
theories simply do not exist. In these situations, MCS may be the only feasible approach
to giving answers to a variety of questions.

There are some typical situations where a Monte Carlo study is needed (29). First,
MCS can be used to assess the consequence of assumption violations. As we know, most
popular statistical techniques are parametric statistics which need assumptions about the
distribution of the data. If the assumptions are not maintained, the validity of the results
produced from applying these techniques may be in question. However, statistical theory
itself does not usually provide any indication about what the reality would be if the
conditions are not met by the data. Again, MCS becomes, in many situations, the only
feasible way to obtain answers to these questions. Secondly, MCS can help to estimate
the sampling distribution of a statistic that has no theoretical distribution. Due to the

complexity of a particular statistic, a theoretical sampling distribution of the statistic may
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not be available in some situations. In such situations, if we are interested in how the
statistic will vary from sample to sample, that is, the sampling distribution of the statistic,
MCS becomes one realistic approach to obtaining such information.

Why we select the EXCEL system for conducting Monte Carlo studies in this present
study? Because MCS is computation-intensive, it is obvious that MCS research typically
requires programming capabilities. Furthermore, because many MC studies involve some
type of statistical techniques and/or mathematical functions, statistical/mathematical
capabilities are also required. The EXCEL system has the combination of a powerful
variety of built-in statistical procedures, mathematical functions, and the versatile
programming capabilities associated with Visual Basic. This combination makes the
EXCEL system ideal for conducting the Monte Carlo simulation analysis in our study,
especially the study related to statistical techniques. Such a combination of built-in
statistical procedures and versatile programming capabilities makes it much more
convenient for MCS researchers. Without such a combination of statistical capabilities
and programming capabilities within the same system, we may have to deal with different

systems, and consequently worry about the interface among different systems.

2.5 Objectives

There were three related objectives within this study:

The primary objective was to compare various methods for estimating the mean total
costs given censoring. The methods were compared under each of the three censoring
mechanisms (random, end of study and informative censoring) and analysis identified

whether any particular method consistently performed well.

15



The secondary objective was to compare various methods given different levels of
censoring. The methods again were compared under each of the three censoring
mechanisms.

The third objective was to determine the consistency of the above two objectives

through the Monte Carlo simulation analysis.
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3. METHODOLOGY

3.1 Methods for estimating mean total costs in the‘ presence of censoring
3.1.1 Available sample method

The computationally simplest strategy is the Available sample method, in which the
analysis ignores censoring and calculates the sample mean of the observed costs from all
study patients. The mean total costs will be biased downward because of failure to
account for costs incurred after censoring. However, this method is still a frequently used

method in cost-effectiveness studies. The estimator of mean total costs is given as follow,

G—NC/ i=1...N 3.1)
_.Zl . i=1...,N. .

3.1.2 Uncensored cases method

This method discards data from censored cases and estimates the mean total costs from
complete cases only. This method has obvious advantages. It is very easy to describe, and
since the data structure is as would have resulted from a complete experiment, standard
statistical software can be used. However, the method suffers from severe drawbacks.
First, the mean costs will be biased toward the costs of the patients with shorter survival
times, because longer survival times are more likely to be censored. Second, there is
nearly always substantial loss of information. Moreover, investigators generally wish to
make inferences about the entire target population, and deleting patients may restrict

generalizablity. The estimator of mean total costs with only complete cases can be written

as follow,
5:2(’% i=1,...n. (3.2)
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3.1.3 Kaplan-Meier cost method

Fenn et al. (21) propose a novel survival analysis technique to the problem of cost
evaluation by thinking of cumulative costs as a measure of “time”. They have applied the
standard Kaplan-Meier (Kaplan-Meier, 1958) survival analysis technique to the cost
estimation by treating costs as potentially right-censored survival times (i.e., attaching the
censoring indicator to the observed total costs). Mean cost is estimated by calculating the
arca under the Kaplan-Meier survival curve, using a cost rather than time scale. This
method, however, is biased toward inflated cost estimates, because the inherent patient
heterogeneity with respect to cost accumulation implies that the total cost at the survival
time is positively correlated with the total cost at the censoring time. The assumption of

independence between the censoring mechanism and costs has been violated (9, 10).

3.1.3.1 Estimator

If there is no censoring, the average time of survival time T is simply given as the sum

of the survival times, saying, 7,, divided by the number of patients N.

— <
) . (3.3)
[f the entire time period is partitioned into a number of equal and small intervals,

sayingA,,, A, and A, ..., then each 7, can be denoted asT, = A,, + A, +o Ay

7,/A]

So the equation (3.3) can be rewritten as follow,
T =) SA, (3.4)

where S; is the proportion of patients surviving to the time interval ;.
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Similarly, the mean cost of survival is shown as the sum of the costs, saying, C;,

divided by the number of patients N.

Ef::;g;(izg; (3.5)

The equation (3.5) can be rewritten in one way similar to that just done for the average

time of survival.

ézi&i (3.6)

where §; 1s the proportion of patients who have accrued costs to the cost interval i and

C, is the mean cost that the patients who experienced the time interval i incurred during

that time interval.

For the censored data, an unbiased estimator 7 of 7 can be calculated if we can find
an unbiased estimator S’i of §;. The Kaplan-Meier survival method can be used to
calculate an unbiased estimator 51- , under the assumption that the patients censored have

the same probability of survival as the patients who are not censored; that is, “censoring

is independent of failure.” Therefore, the Kaplan-Meier method can also be applied to
cost data to get an unbiased estimator S, ofS,, and so an unbiased estimate of C . To
obtain an unbiased estimator of C , we would also require an unbiased estimate of C,.If
the mean costs in the A, of those who are censored before A, is the same as the mean
costs of those observed inA ;, then the observed mean costs will be an unbiased

estimator. That is, if the assumptions of “censoring is independent of costs™ and

19



“censoring is independent of failure” are maintained, then the equation (3.6) does give an

unbiased estimator of mean costs.

3.1.3.2 Application

In practice, the problem is that the low-cost patients, those who accrue a small cost per
unit of time, will be censored sooner than the high-cost patients on the cost scale.
Because low-cost patients are censored sooner, the estimator proposed by Fenn et al. (21)
will overestimate the true mean costs. Because the assumption of independence between
the censoring mechanism and costs has been violated, the Kaplan-Meier cost method
always results in bias. However, this approach does provide a basis for using more
sophisticated survival techniques to estimate the economic cost data. It is also reasonable
to further suppose that the same technique such as Cox’s proportional hazard regression

model could be used to investigate the relationship between various factors and costs.

3.1.4 Cox’s proportional hazard regression model

A natural extension to Kaplan-Meier survival analysis technique is to apply Cox’s
proportional hazard regression model to the analysis of costs (20). The survival time is
replaced by the costs of treatment in Cox’s model as the dependent variable, and clinical
factors can be analyzed as predictors of costs within a regression analysis framework.
Particularly, Cox’s proportional hazard model needs no assumptions about the
distribution of the dependent variable (costs) and the residuals from the regression. The
influence of extreme values is avoided by using the ranks of the dependent variable in

Cox’s model. These characteristics of Cox’s model offer the particular advantages in the
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analysis of cost data. Except for the independence assumption between the censoring
mechanism and costs, the proportional hazards between different levels of fitted factors

should be checked in order to obtain unbiased estimates.

3.1.4.1 Estimator

A Cox’s semi-parametric proportional hazards model is shown as,
SO =[5, (] Ee) (3.7)
where §,(y) is the underlying survivorship function. And z a;x; 1s the effect of a linear

combination of independent variables, where a, are regression coefficients and {xi} are a

set of independent variables. Thus the predicted mean cost is then calculated by

numerical integration of the area under the estimated survival curve for Cox’s model.

=[S, &y (3.8)

3.1.4.2 Application

Cox’s proportional hazard regression technique appears to be particularly helpful in the
analysis of skewed, censored data often encountered in the evaluation of hospital costs,
due to the few assumptions made concering the distribution of costs. And Cox’s model
depend only on the ranks of the costs, so the influence of extreme values is reduced.
Cox’s model also has a potential ability to handle censored observations which often
occur in longitudinal studies. Ability to handle censored data may be useful in the
analysis of such longitudinal data. Furthermore, accurate predictions of the costs of care

based on clinical characteristics have the potential to assist clinicians in their attempts to
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provide cost-effective care to patients, as well as facilitating a fair method of adjusting

payments to providers based on clinical indicators of severity of illness.

3.1.5 Stratified Cox model

To overcome the problem of independent censoring, Lipscomb et al. (24) advocate the
Stratified Cox model for estimating the mean total costs, where there is no assumption
about independent censoring. The study period is divided into smaller time intervals
(strata), then a Cox’s proportional hazard model is fitted within each strata. The
censoring mechanism differs for this method as patient costs are censored within strata if
they are incomplete for the full strata, reasons for censoring include death or incomplete
cost collection due to patient censoring, patients with complete costs within each strata

are not censored. The estimated costs are then summed over strata to obtain mean total

study costs.

3.1.5.1 Estimator

The cost model is denoted as a linear function determining the impacts of explanatory

variables on costs and thus allowing conditional predictions of costs:

G(B X\ = Py + 2B, X, (3.9)

where X, is a vector of explanatory variables for patient i in interval ¢ whose jth
elementis X, and S is a vector of regression coefficients whose j th elementis £,.

Because it makes no specific assumption about an error term distribution, Cox’s
proportional hazard model is particularly useful for modeling costs whose probability

distributions may be complex. The time period for cost analysis is divided into mutually
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exclusive smaller intervals. Then we adopt the following stratified variant of Cox’s

model:

Pr(C, 2 dt, X,) = K, ()P0l (3.10)

where K, (c) is the baseline cumulative cost function defined for each interval ¢,

describing the level of cost expected when all explanatory variables are set to zero.

ThenK,(c) =1-F,(c), where F,(c) is the baseline cumulative distribution function of

costs for interval ¢. Thus, the equation (3.10) is analogous to the stratified survival
function of Cox’s model. The predicted mean cost for person i in interval ¢ is then

calculated as
Ci = [ K, ()™ g G.11)

For computational purposes, we define that K, (c) = exp[-A, (¢)], where A, (c) is the

baseline cumulative hazard function.

3.1.5.2 Application

A well-known and attractive feature of Cox’s model is the flexibility provided by the
fact that no assumptions about the baseline distribution of costs are necessary. In the
Stratified Cox model for estimating the mean total costs, we fit a proportional-hazard
model within each stratum, so that the random variable of interest is the total costs
incurred within a pre-specified time interval. In this way, we overcome the “one-to-one”
link between the flow of costs and the flow of time, and so there is no assumption about
independent censoring. Thus we believe that an analog of Cox’s proportional hazard

regression for relating costs to factors, such as stratifying by fixed time intervals, or by
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other phenomena whose operational definitions do not rely on the proportional-hazards

event of interest, would be an emerging area for future research.

3.1.6 Lin’s method where cost histories are known (CHK)

To minimize the bias induced by using the simple methods and the survival analysis
methods, Lin et al. (10) propose two approaches to estimate mean total costs in the
presence of censoring. The first approach is called Lin’s method where cost histories are
known (CHK). This method partitions the entire time period of interest into a number of
equally spaced small intervals, and then estimates mean total costs by the sum of the
Kaplan-Meier estimator for the probability of surviving to the start of each interval
multiplied by an appropriate estimator for mean costs over the interval conditional on

surviving to the start of the interval. This approach makes use of the cost information.

3.1.6.1 Estimator

Notations and assumptions

Let the random variable C denote the total costs for a patient during the specified time

period [O,r). Let T be the survival time which is assumed continuous, and U be the

censoring time which is assumed to be either continuous or discrete. IfT < 7, then C
becomes the total cost up to 7. The aim of this approach is to derive an estimate of mean

total costs 4 = E(C) where E denotes expectation. Because no patient is followed
beyond 7 , we exclude the costs incurred after 7 in the definition of mean total costs.

The entire time period [0, 7) is partitioned into K subintervals la,,a,,) (k=1,---,K),

wherea, =0,a,,, =7.If a patient can survive to the start of the interval a, , a patient can
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accrue costs over|a, ,a,,, ). The random variable C, is denoted as the costs incurred
during interval[a, ,a,,, ).

The observables from a study in the presence of censoring are X = min(7,U), i.e. the
last contact date; 6 = I(T <U), where I(:) is the indicator function taking the value of 1
if the observation is uncensored and zero otherwise. The observable data for » patients
are then the independent and identically distributed random vectors (X, &, C ), where Cis
the observed total costs accrued from the start of the follow-up to the last contact date X .

If cost histories are collected, C is divided as (51 o, C , ), where C , 1s the observed

costs during[a, ,a,,, ). The subscript i identifics a patient. If 5, =1 orX;,=r, C, = C .If

X, <a, le. 1s either zero or missing dependent on whether 6, =1 or 0. If X, > a,,
C « = Cy; 1f the 7th patient is uncensored before a,,, and (~7,a. equals the costs accrued

over [a,,U ;) otherwise. (Nj,a. can be missing before X, in a completely random fashion.

Except for the independence assumption between time to failure and censoring time, we
also need to ensure that patients are not censored because they accrue unusually high or

low costs at any follow-up timez.

Mathematical description

From C = Z; C, , we can get that u = Z;E (C,). According to the conditional

expectation law, iz can be rewritten as

fuZz;ilE{E(Ck;Tzak)}:Zf=1Pr(T2ak)E(Ck’T2ak).

Therefore, ¢ can be given as
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K
p=>Y S,E (3.12)

k=1
where S, =Pr(7 2q,) and E, = E(Ck{T >a,). S, are the probabilities of surviving to
a,,and are consistently estimated by the Kaplan-Meier method as

A n.—d.
S, = H J ) (3.13)

Jitj<ay n/

where 1, <t, <---<t; are the observed survival times, and d; counts the number of
observed deaths at ¢, and n, counts the number of patients under risk at ¢ ;=L LT,

Based on the assumption of independent censoring, it implies that

E, =EQC, |T >a,)= E(Ck\X > a,).Thatis, E,is an estimator for mean costs in interval

[a > k+1) and is derived from those who are under observation at the start of the interval.

Thus, £, ’s are estimated by
E, == k=1--K (3.14)

where Y,; are defined as Y,; = I(X, = a,) taking the value of 1 if Ek,. is included in the

estimation of £, and zero otherwise. Note that E, is a consistent estimator for £ oo 1f

censoring occurs only at the boundaries of the intervals, and also consistent for small

time interval regardless of the censoring pattern.

K
Therefore, 1 can be estimated by 4 = ZS L

k=1
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For large samples, the estimator £ is shown to be approximately normal and its

variance estimator V is derived using the martingale version of the central limit theorem

(30, 31, 32) and is given as

I} - Z::] ZkK=1 f:l WkiVVﬁ

where
§.Y.(Co—E) » a |I(X, <a,)s, 5.
Wki:S" "’(n’“ k)_SkEk I(X;<a,)0; _ Z L
= Y R jixsminta, ) R

R=>" I(X,2X,).

3.1.6.2 Application

It is obvious that £, is an unbiased estimator of £ «» when censoring occurs only at the
boundaries of the interval. This censoring pattern can occur when patients enter the study
at discrete time points and are withdrawn from the study prematurely at a limited set of
time points. Therefore, the bias of £ . depends on the amount and timing of censoring and

diminishes as the intervals shrink. This method requires that the cost histories be recorded
on patients. [f the cost histories are available, then this approach is usually preferable,

especially when there is heavy censoring and / or truncation, as it makes fuller use of the

cost information and requires smaller sample sizes.

3.1.7 Lin’s method where cost histories are unknown (CHU)
The other approach proposed by Lin et al. (10) is called Lin’s method where cost

histories are unknown (CHU). Similarly, the entire time period of interest is divided into
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anumber of equally spaced small intervals. Then the mean total cost can be estimated by
the sum of the Kaplan-Meier estimator for the probability of dying in each time interval
multiplied by the sample mean of total costs from those who are observed to die in that
interval. The costs for patients alive at the end of the study are included in mean total
costs for the final interval. This approach does not require the detailed information on the

patient cost histories, as only the patient total study costs are required.

3.1.7.1 Estimator

According to the argument of conditional expectation,
U= Zszl E(C]ak <T<a,, )Pr(ak <T<a,,)+ E(CIT > r)Pr(T 27) or

o= sz;E(C‘ak <T<a,, )Pr(a,c <T< ak+1) with a,,, = . Thus,

K+1

=Y A4S, —Si) (3.15)

where the survival probabilities S, are consistently estimated by the Kaplan-Meier
method with(S, —S,,,) being the estimated Kaplan-Meier probability of death over the
interval [a,,a,,, ), and 4, :E(C‘a,c <T<a,,).
Under the assumption of independent censoring,

4, =E(Cla, <T<a,,,U2a,)=E(C|X 2a,,T <a,,) (3.16)
If censoring occurs only at the boundaries of the interval, then
I(X2a,,T<a,,)=1(a, <X <a,,,6=1). Thatis, 4, is an unbiased estimator for
mean total costs over the interval [, ,a,, ) and can be derived from the patients who are

observed to die in the interval. Thus, 1211( is given by
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A = k=1-K (3.17)

where ¥, =I(a, < X, <a,,,,0,=1).

Note that the estimation of interval costs 121,( does not require cost information on those

patients who are censored before 7 , therefore need not to be recorded. The costs for those

who are observed to die or whose censoring times equal to 7 are allowed to be missing in

a completely random fashion.

Given the S ,'s and ,;Ik's , we can estimate u by

>

A

+l n
= A4S, —S) (3.18)

1

>
Il

As long as the 21,( ’s are consistently estimated, the estimator £ will be consistently

estimated. The consistency of the ;Ik ’s can be enhanced by selecting an appropriate cut
point of the time interval so that the bias can be minimized. However, the reliable
estimation of 4, requires a reasonable number of observed deaths in each interval (say 5
or more).

For large samples, the estimator /4 is shown to be approximately normal and its

variance is derived using the same theoretical framework as for the previous estimator of

Lin’s method CHK and is given as

A n K+ K+
V= Zi:l Zk:l =1 WkiVVlf

where
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_ 8= 8,)Y(C - 4)
Zj:l ij

I(X, <a,)d, d; .
2**1{—.](—_ >, —L.andR =) I(X,2X)).

i Ji X jsmin(ay, X;) £V

~

+ Ek (Sk+1Dk+1,i - Skai)

Wki

D

ki

3.1.7.2 Application

In this approach it is unnecessary to collect detailed information on patient cost
histories. It requires only the total costs at the last contact dates among those who are
observed to die before the largest observed time 7 or who are still alive atz . We
recommend that this method be used when censoring occurs solely at the boundaries of
the intervals given that there are a few (say, 5 or more) observed deaths in each interval,

but the results need to be interpreted with caution when there is heavy censoring in the

interior of an interval.

3.1.8 Lin’s regression estimate where cost histories are unknown (CHU)

Until now, no valid regression method was presented for evaluating the effects of
covariates, such as therapies and patients characteristics on medical costs based on
censored data. Therefore, the main motivation for developing regression methods is to
adjust for a large number of continuous and discrete covariates. Lin (11) develops two
further methods using linear regression analysis to estimate mean total costs to adjust for
censored cost data. The first strategy is called Lin’s regression estimate CHU. A
weighted linear regression model is fitted to the total study costs of patients who die
during the study period or have complete costs to the end of the study period, and also

adjusted for the factors known to influence costs. The weighting is calculated by the
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inverse probability of the Kaplan-Meier survival estimate, where the censoring indicator
is reversed. That is, the deaths are indicated as O (rather than 1) and censored cases are
indicated as 1 (rather than 0). Then the mean total study costs can be estimated by
applying the model to the entire study cohort including the censored cases. The above
1dea of weighting the complete cases by their inverse probabilities of inclusion was
originated by Horvitz and Thompson (33) in the context of sample surveys. The
adaptation of this idea to the setting of censored survival data was initially considered by
Koul et al. (34), and later on by Robins and Rotnitzky (35) and Lin and Ying (36).

Recently, Zhao and Tsiatis (25) also applied this idea to the problem of quality adjusted

survival time.

3.1.8.1 Estimator

Notations and assumptions

The aim in which we are interested is to derive an estimate of mean total costs

u = E(Y) over a specified period when the data is right censored, where Y denotes the
total medical costs for a patient during the time period [O,r]. Generally, 7 is no larger
than the overall length of study. Because no patient is followed beyond r , we exclude the
costs incurred after 7 in the definition of mean total costs. No patient will accumulate
medical costs after death, thus the total costs incurred in [0,7] is the same as the
cumulative costs at 7~ = min(7T,7), where T is the survival time assumed continuous
over [O,T]. In most cases, however, medical costs are incomplete due to right censoring.
Defining therefore a potential time to censoring denoted as C, the observables from a

study in the presence of censoring are X = min(7,C), § =I(C>T),and 6 =I(C2T"),
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where /(:) is the indicator function taking the value of 1 if the observation is uncensored

and zero otherwise. So Y is known if and only if 6~ =1, whereas T is known if and only
1f6 =1. Thus a patient whose survival time is censored at or after 7 has a complete
observation on medical costs during[0,7], while a patient whose survival time is censored
before 7 has an incomplete observation. The observable data includes n patients, with

i th patient identified by the subscript i. The assumption underlying this approach is that
censoring occurs in a purely random fashion so that C is independent of all other random

variables. G(t)is the probability that patient 7 has survived to 7, without being censored

and is calculated by G(¢) = Pr(C > ¢). The unknown function G(¢) is estimated by the

. n,—c,
Kaplan-Meier estimator based on the data (X,,1-6,)i=1,---,n) as G(¢) = H L
n

Jitj<ay j

where ¢ ; counts the number of censored cases at ¢ e and n ; counts the number of

patients under risk at ¢; (j=1,...,J). So the censoring indicator is reversed. It means that

the deaths are indicated as O (rather than 1) whereas censored cases are indicated as 1.

Mathematical description

Let Y be the cumulative costs at 7 or T, and let Z be a px1 vector of covariates

whose effects on Y are of interest. The relationship between the cumulative costs ¥ and

covariates Z can be related through the linear regression model

Y=BZ+¢ (3.19)
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where B isa px1 vector of unknown regression parameters, and & is an error term with
zero mean. The first component of Z should be 1 so that the first component of

f corresponds to the intercept.

For uncensored data, 8 can be estimated by the least-squares normal equation as:
Z(Yi_ﬂlzi)zi =0 (3.20)
i=1

In practice, medical costs always subject to right censoring. As noted, Y. is known if and

1A

only if6” =1. Because E{5: /G(T,.*)} =1, we can rewrite (3.20) as

*

3 Gf}*)(x - BZ)Z, =0 (3.21)

Thus, the left-hand sides of (3.20) and (3.21) have the same expectation, which is zero.
Note that only the patients with complete cost data are included in (3.21), their costs are
weighted inversely by their probabilities G which can be consistently estimated by the
Kaplan-Meier survival estimator G , where the censoring indicator is reversed. So G in

(3.21) can be replaced with G as follows

n 5*
Y, -pZ)Z,=0 (3.22)
25
Then we can get S as,
n 5* ! n 5*
p=1>iz2 Y %yz, (3.23)
i1 G(T;) -1 G(T,)
where a® =1,a® =a, and a® = aa’. If no censoring occurs, (3.23) becomes to the

ordinary least squares estimator for 3 .
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1
n?( ,B — ) is proved to converge in distribution to a p-variate zero-mean normal

random vector with a covariance matrix which can be consistently estimated by A7'BA™

(11), where
A=n">Zp (3.24)
i=1
~ — ®2
. NN AR /A YA n 5 I(X, < X)X,
Bon Y| 2 ﬂ*Zl)Z'ml.Q(X,.)—z ! (nf oY) (3.25)
= G(T;) A 2 X, 2 X))
and
= (T > )8, (Y, - BZ)Z, |

= I(X. 2 3.26
G 1K, 20 (3.26)

Note that ,3 and its covariance matrix are all estimated based on the uncensored cases

(patients who die during the study or have complete costs to the end of the study period).

3.1.8.2 Application

This approach can apply to arbitrary censoring patterns, whereas Lin’s two non-
parametric methods require censoring to occur only at the boundaries of the interval.
Through assessing the effects of covariates, this regression methodology proposed by Lin
will be greatly helpful in identifying cost-effective intervention or prevention programs.
A more specific application is to devise risk-adjusted payment systems for Medicare or
insurance companies which would reduce the incentives for hospitals to use
unnecessarily expensive therapies and at the same time would avoid penalizing the

hospitals that serve patients requiring more intensive care.
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3.1.9 Lin’s regression estimate where cost histories are known (CHK)

The estimator of Lin’s regression estimate CHU may be inefficient when there is
heavy censoring because the cost histories from the censored cases are excluded at all. In
order to make use of cost information, Lin (11) proposes a further method, called Lin’s
regression estimate CHK. The study period is divided into smaller intervals and a linear
regression model is fitted to the study costs incurred in each interval. The same factors
known to influence the costs are adjusted in all models. The regression coefficients are
then summed across the intervals, and the resultant model is then applied to the entire
study cohort to obtain an estimate of mean total costs. The idea of partitioning the entire
study period into smaller time intervals to improve the efficiency was originated by Lin et

al. (10) in the one-sample study, however they handled the censoring with a very

different approach.

3.1.9.1 Estimator
The entire time period of interest [O, 7:] is partitioned into K subintervals (t eo1oby ] ,
k=1,...,K . Defining Y, is the cost of i th patient incurred during the time
interval (¢, ,,¢, ]. The initial cost at t=0 is included in the calculation of the first time
interval. Then we fit a linear regression model in each of the K intervals as
Yo =BZ + &y, k=1--,K; i=1-,n, (3.27)
which is a semi-parametric marginal model for repeated measures in that only the

marginal mean structure is modelled, where 3, (k=1,...,K) are px1 vectors of

unknown regression coefficients, and the error terms ¢,,’s are assumed to be independent

among different patients but allowed to be correlated within the same patient. By
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summing both sides of (3.27) over k intervals, the resultant regression equation becomes

to
Y, = pZ +¢,, i=1---,n, (3.28)
where Y, = Zszl Y. B = Z:zl B, and ¢, = Z:; &,; - The model is analogous to the model

(3.19). Note that both models (3.19) and (3.28) don’t need specification of the
relationship between survival time and costs.

LetT, =min(7},¢,), and 5, = I(C, > T;;) . Thus, Y,, is known if and only if§;, =1.
Similarly, the estimating equation for £, is

n

27

= G(Tkl)

Y —BZ)Z; =0 (3.29)

which has a solution

A st L s
& —{Z‘ G(kl )Z'@z} ;G(;;)kazf' (3.30)
Then the estimator of f is
-3 {iizw}_li iz (3.31)
S E6an™ | Feay .

This estimator follows the same spirit of the generalized estimating equation for repeated

measures (37).

1

n? ( [3’ — ) is proved to be asymptotically normal with zero mean and a covariance

matrix can be consistently estimated byA 'BA™ (11), where B = Zk 12

1o Pua 1S

given in (3.24), ék, =n" Z; ékiélli , and
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e, < PV g0, x, - 3 E 00 =R IA )
G(T}) j=1 Zz:lj(Xl X))

(3.32)

where

(T, > 0)8,(Y, - BiZ)Z,
Z G(T))
Q,(t)="" i

; (3.33)
> I(X, 20

3.1.9.2 Application
This method will be particularly valuable in estimating mean total costs with heavy
censoring, because the patient cost information can be included in the regression method.

A patient whose survival time is censored in the (£ +1) th interval still contributes the

cost data from the first £ time intervals to the estimation of mean total costs, whereas a
patient whose survival time is censored before 7 does not contribute any cost information
to the estimator of Lin’s regression estimate CHU. Thus, Lin’s regression estimate CHK
will produce a more efficient estimator for mean total costs than Lin’s regression estimate
CHU. In practice, the costs are generally collected in certain broad time intervals, such as
3 monthly intervals in CHART study, in which case it is possible to obtain more efficient
estimators. Due to the availability of the cost data in multiple time intervals, we can also

evaluate how the effects of covariates change over time.
3.1.10 Weighted method where cost histories are unknown (CHU)

Zhao and Tsiatis (25) modified the simple weighted complete-case estimator and used

them to estimate the distribution of quality-adjusted life with censored data. Based on
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their results, Bang and Tsiatis (13) applied these efficient estimators to estimate mean
costs with censored cost data. The first method is called the Weighted method CHU. This
method calculates mean total costs using only uncensored cases (the cases that die during
the study or those whose complete study costs are recorded). For each uncensored case,
their total cost is divided by the individual Kaplan-Meier survival probability. The
Kaplan-Meier survival estimators are calculated with a reversed censoring indicator
(death indicated as 0, censoring indicated as 1). Then mean total costs to adjust for
censored cost data can be estimated by summing these results across time and divided by

the study sample size. Note that the sample size should include the censored cases.

3.1.10.1 Estimator

Notations and assumptions

The purpose of this approach is to derive an estimate of mean total costs iz = E(M)
and its variance over a specified period when the data is right censoring, where the
random variable M denotes the total medical costs for a patient during some specified
timeT and E denotes expectation. The distribution of the random variable T is assumed
continuous over (O,L] where L denotes the upper bound of 7', that is, the maximum
time for which each patient is observed. In that case, M is considered as the total costs
incurred by a patient over the time period (O,L] . If all the patients were observed over the
time period (0, Z], then complete information on M would be available and mean total

costs would be estimated by the average of the costs for each patient. However, the costs
for all patients are generally not completely observed due to censoring. Defining

therefore a potential time to censoring denoted by C, with survivor function
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K(u) = pr(C >u). We assume that censoring occurs completely at random, and C is
assumed continuous. The observables from a study in the presence of censoring
are X = min(7,C) and A = I(T < C), where I(-) is the indicator function taking the value

of 1 if the observation is uncensored and zero otherwise. The costs M accrues from the

start of the treatment to the last contact date X and other intermediate cost history for
each patient. i.e. M (£) = {M («),u <t}, where M 7 (¢) indicates the cost history up to
time ¢, M = M(T), with M (1) being the known accumulated costs up to time u and

u denoting points in time at which cost information becomes available. The observable

data for n individuals are then the independent and identically distributed random
vectors {X, = min(7;,C,), A, = I(T, < C,), M (X))}, i =1,...,n where i identifies an
individual. In order to ensure that a number of patients are still under observation at L to
enable calculation of the costs over the defined period (0, ], we also assume

that pr(C, 2 L) > 0.

Mathematical description

All the proposed simple weighted estimators are based on the weighted complete-case

estimator. If complete costs are followed up for each patient, then the mean total cost is
simply estimated by n™ ZM ; - Under the conditions of independent censoring, at the
time of death7;, K(7;) = pr(U > T;)is the probability that individual i has survived to T,
without being censored. Therefore, if individual i is observed to die at 7, then he

represents, on average, 1/ K(7;) individuals who might have been censored. Hence a

weighted estimator using uncensored individuals only is given by
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Ly 2M, (3.34)

n K(T,)

1

The unknown survival function K () 1s estimated by the Kaplan-Meier method using a

reverse censoring indicator, that is, the survival time 7, censors the censoring time C, .

K(t) = 11{1—%;‘—)} (3.35)

where N(u) = Z[ (X, <u,A, =0) counting the number of individuals censored over

time and Y (u) = z I(X, 2 u) counting the number of individuals at risk over time.

Therefore the simple weighted complete-case estimator is defined as

1 &AM,
h,, =3 S (3.36
Ay n;K(T,.) )

For large samples, /i, is consistent and asymptotically normal, and its asymptotic

variance estimator is derived using the martingale version of the central limit theorem

described by Fleming & Harrington (31) and is given as

" AM, = f1,) :
var(iy,) = 1| L3 8= Ayr) +lfd{v2 ()
L K(T) n? Ko (u)

{G(Mz,u)—éz(M,u)}

where

- SAM (T, >
M=t ZA,M,J(, u

nSwE KT

and § (u) corresponds to the Kaplan-Meier estimator for S(u) = pr(T > u).

3.1.11 Weighted method where cost histories are known (CHK)
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Bang and Tsiatis (13) also suggest a further method making use of the cost histories for
the censored cases which are not used by the Weighted method CHU. The approach is
similar to Lin’s method CHK. However, in contrast to their estimator, the consistency
and asymptotic normality of this method estimator do not depend on the selection of the
partition or the discreteness of the censoring times. In order to make fuller use of the cost
information of patients, the entire study period is partitioned into a number of smaller
intervals. The estimated costs incurred in each interval of patients who die during this
interval or those who have complete costs for the interval is weighted by the Kaplan-
Meier survival estimate with a reversed censoring indicator. These estimates are then

summed across intervals and over time and divided by the total sample size to obtain

mean total costs.

3.1.11.1 Estimator

The duration of analysis (O,L] is partitioned into K intervals (t it NJ ,J=0,...,K—-1,
the simple weighted estimator proposed in section 3.1.10 is then used to calculate the
estimated costs incurred in each of K intervals and the final estimate of mean total costs
is derived by summing across these intervals. By this way, patient i is defined as

uncensored in j th interval whenever the censoring time C, larger than the minimum of
T, and¢, . Therefore, there is an increase in the cost information being used by this

estimator, as individuals who were treated as censored in the estimator of the Weighted

method CHU having C,; < T, and whose cost information was thus not used in the

estimation process will be now uncensored in some of the intervals of the partition in

which their costs will contribute to the estimates.
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Our partitioned estimator is given as

n K Aflj M,-(l‘j)—M,-(tj_1)
2 | }

ER (3.37)
par K (T)

where for the individual i: A} =1 {min(T,. Ny ) <C, }, M, (t;) 1s the cumulative costs up to
time ¢;, and K ; (T/) is the Kaplan-Meier estimator for the probability of not being
censored based on the dataset {X TN Q= 1,~~,n} where X/ = min(T)",C,) and
T' = min(7},z;).

Its consistency follows the similar fashion used for the simple weighted estimator. For

large samples, the estimator [, is asymptotic normal with true mean costs of zero and its

variance is derived based on the theory of counting processes and the associated

martingale theory (31) and is given as

R 1 1S AWM, - 4,) K K . . . dN* (u)

=__§++ EES G, (MM, uy-G, (M. )G, (M u)——m—
)= ST Ray fﬁhlw@ﬁm(jzu) (M 510G ( ”Mnmmm
where

A 1 1 &AM, (T >
Gj/\l(M[)u):_ ~ Z l All ( ljv[ u)
nS;., )= K, (T7)

>

. n AYIM M I(TN >u
GjA,(MjM,,u)=l ! i (jv’, )
h Sj/\l (w) = K (T’")

where j v | = max(j,0), j Al =min(;,0),T," =T/, M, =M (t,)~M(t,,),and $,(u) is

the Kaplan-Meier estimator of pr{min(T,. ;)2 u}.

3.1.11.2 Application
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The two weighted methods on estimating mean total costs do not rely on the pattern of
the censoring distribution and will all apply to the problems subject to right censoring.
Furthermore, the cost history for the ith patient, M (T,) = {M J),u <T, } , can be
expanded to include additional factors for which are related to costs or to a patient’s
health status, such as baseline covariates, individual components of medical costs, or
other relevant information. Note that the Weighted method CHK estimator is not always
more efficient than the Weighted method CHU estimator. However, the Weighted
method CHK estimator does provide substantial improvement, especially when costs

over subintervals are positively correlated. These situations are common in most real

clinical studies.

3.1.12 Carides’ regression method

Carides (12) proposes an estimator for mean total costs, which exploits the underlying
relationship between total treatment costs and survival time. The proposed method
involves two stages. In the first stage, an appropriate parametric or nonparametric
regression model is selected to fit to patients who die during the study or those whose
complete study costs are available to predict total costs from survival time, and the model
selected should best fit the data. In the second stage, the study period is partitioned into
smaller intervals. For each interval, the mean costs calculated from the regression model
are weighted by the Kaplan-Meier probability of dying for those who die during that
interval. Those with complete costs are included in the final interval’s calculation. Then

the mean costs are summed over intervals to obtain an estimate of mean total study costs.
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3.1.12.1 Estimator

Notations and assumptions

For right censored data, T;,i=1,N ;»J =1+,k, are indicated as the survival times
of the i th patient in stratum j, and are assumed to be identically and independently
distributed with survivor function S, (t) = P(T > t). Defining therefore a potential time to
censoring denoted asU,,i =1,---, N, which are assumed to be identically and
independently distributed with survival function S, () = P(U > u), and independent of
the survival time 7, . Note that one stratum is considered now for simplification. Thus, the
observables from a study given censoring are ¥, =min(7,,U,) and 8, = I(T, <U,), where
I(-) 1s the indicator function taking the value of 1 if the observation is uncensored and

zero otherwise. Therefore we only have information on costs accumulated up to the

minimum of the survival and censoring time. Defining ¥, be the total treatment costs for
patienti, and Y, are assumed to be independent across patients. The total costs are

supposed to include two components — a deterministic function of survival time and a

random component. Thus,
Y, = hg(T)), ;) (3.38)
The function g is generally nondecreasing over7,. And the function 4 can be written in
multiplicative and additive models respectively as follow,
Y, =g(T;)Z, whereZ, =e”, and ¥, = g(T)) +¢,. (3.39)
Generally, the multiplicative model is applied for the conditions where patients with

longer survival time tend to have greater potential for events such as hospitalizations,
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whereas the additive model is more appropriate for milder medical conditions without

hospitalizations.

Letg(t)=E ]T = 1) be the expected costs for a patient with survival time¢. Thus the

mean total costs are given as

= [ g(0)ds, (3.40)

Mathematical description

The proposed method involves two stages. In the first stage, the deterministic
component g(¢) = E(Y |T = t), which should be fitted to patients whose complete study
costs are available or those who die during the study, is chosen to predict total costs from
survival time, treating survival time as fixed. The model chosen should be the one that
best fits the data. If a parametric model which is linear in the coefficients is selected, then
ordinary linear regression can be used. However, if there is much uncertainty as to the
functional form of g(#) , nonparametric regression is often a better choice (38). Note that
only the uncensored patients can be used to estimate the regression function g() due to

the difference between the average costs of uncensored and censored cases.

In the second stage, we weight the estimate of the regression g(¢) function by the

Kaplan-Meier probability of dying at time¢. The two-stage estimator is written as
s = [ 80)dS, o) (3.41)

where S, is the Kaplan -Meier estimator of the survival function, and V___ is the observed

largest follow-up time. If g(¢)is consistently estimated by g(¢) and the largest follow-up

time is a death time rather than a censoring time, this estimator is consistent with
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unrestricted mean estimator (3.40). However, if the largest follow-up time is a censoring
time, (3.41) will underestimate the true mean cost due to the undefined Kaplan-Meier
estimator beyond time ¥, . Until now, the problem of how to estimate the regression and
survival probability beyond the largest follow-up time has not been solved. Because the
aim of this approach is to estimate mean total costs restricted to the time interval [O,L] ,

where L <V, the two-stage estimator of mean costs incurred during [0, L] is defined as

g = [ 20)dS, 0]+ ¥,..81) (3.42)
If g()1s monotonically nondecreasing, the estimator can be rewritten by applying the

Kaplan-Meier estimator directly to g(¢)as follows,

~ g (Vowax) & ~
Hrg = fV Sg(T){g(t)}

dg(1)| (3.43)
where S ()18 the Kaplan-Meier estimator for ¢ . If the mean costs are only calculated

over the time interval [O,L] , the estimator assuming monotonicity becomes

s =| ['5, 2OJ0O]- 2018, )] +7,.,5, 1) (.44

The four forms of proposed two-stage estimators in (3.41)-(3.44) are consistent as long as

the function g(¢) is consistently estimated. If a parametric regression method is used, the

estimator (3.43) will be asymptotically normal provided that the coefficients are

consistently estimated. For instance, for the model Y, = B, + B,T; + ¢, where ¢, are iid

with zero mean and finite variance, the mean costs are estimated by &, = B, + B, .,

where ,30 and [;’1 are the least squares estimators of the intercept and slope respectively,

and i, is the Kaplan-Meier estimator of mean survival. Asymptotic normality follows
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from the consistency of the least squares estimator (39), the asymptotic normality of the

Kaplan-Meier estimator, and Slutsky’s theorem. The asymptotic variance is shown to be
BIVAR(j1,), where the variance expression for [, 1s proved by Lawless (17). For the

nonparametric regression method, the two-stage estimator is also asymptotically normal

where the costs are nonlinear in known coefficients. For instance, for the model

Y, =al;Z,, where the errors Z, are iid with mean 1 and » > 0 is known, the mean costs
are estimated by £, = i, , where a is a consistent estimator of @ >0 and f, is the

Kaplan-Meier estimator of the mean of X =T7". Asymptotic normality also follows by

Slutsky’s theorem and the asymptotic normality of the Kaplan-Meier estimator. The
asymptotic variance is shown asa’VAR(j1,) , where the variance expression for

[, follows the same expression for the parametric method.

3.1.12.2 Application

The proposed method exploits the underlying relationship between total treatment
costs and survival time. A particular advantage of this approach is the gain in efficiency
over purely nonparametric methods which result from the estimation and use of this
relationship. The two-stage estimators for mean costs do not need any knowledge about
the costs over time for individual patients. It would be particularly useful in some studies
where these cost histories may not be recorded, such as retrospective studies. The two-

stage method can also utilize the cost history information if we define g(¢) to be the

expected costs incurred at follow-up timez. This approach can further include the effects

of both categorical and continuous covariates on mean costs. Furthermore, this method
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can also be applied to the estimation of the mean for other variables which are related to

right-censored failure times, such as quality-adjusted survival time.

3.2 Case study

The present study used the cost data collected alongside two multi-centre clinical trials
comparing conventional radiotherapy and continuous hyperfractionated accelerated
radiotherapy (CHART) in patients with head and neck cancer or carcinoma of the
bronchus. Patients were enrolled in the trials at the ten clinical centers in the UK and
three centers elsewhere in Europe between October 1990 and December 1993. Details of
the design of the clinical studies have already been published (40). The cost-effectiveness
study was conducted on patients who were enrolled in the CHART trials at the ten
clinical centers in the UK (14). A total of 970 patients enrolled for radiotherapy
treatments at the ten centers participating in the study were followed from the start of
treatment to 24 months post treatment. Detailed information on resource use at the
clinical center was collected during the study, as was information on patient survival and
clinical information. Resource use comprised four components: hospital resources,
radiotherapy resources, community resources and travel. The collection of resource-use
data was planned to coincide with clinical follow-up assessments at 3, 6, 9, 12, 18, 24
months after treatment started. Quality of life assessments were measured using the
Hospital Anxiety and Depression Scale (41) and the Rotterdam Symptom Checklist (42)
which were administered as a self-reported questionnaire from prior to treatment, 3, 4, 6
weeks afier the start of treatment, three and six months after the start of treatment, and

thereafter at six monthly intervals.
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3.3 Sample

The data analysis here only used the hospital and radiotherapy cost data, and
concentrated on the period up to 12 months from the start of treatment. Thus the cohort of
patients analyzed here only consisted of 736 patients who were not censored within 12
months from recruitment. The other 234 patients were excluded because they did not

have 12 months worth of follow up data.

3.4 Study design

3.4.1 Implementation of objective 1

In order to address objective 1, two steps were done. The initial step was to generate
the simulated data sets according to the three censoring mechanisms. One simulated data
set was generated for each of the three censoring mechanisms respectively. The second
step was to do the statistical analysis. It compared the twelve different methods to adjust
for censored cost data across different censoring mechanisms in order to assess whether

any particular method consistently out performed the other methods.

3.4.1.1 Stepl: Simulating the data sets

736 “complete” cases from the CHART study were used to form a “complete” data set
where the mean total cost was known. This cohort of patients was used to generate the
simulated data sets which encompassed 736 cases with a proportion of the cases

randomly censored at a specific time point (either 3, 6, 9 or 12 months after the start of

treatment).
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Random censoring

For randomly censored data, one simulated data set was generated from the CHART
cohort using the Monte Carlo simulation method. Random number generators were used
to select which patients would be censored and at what time points the censoring would
occur. Patient study costs were censored at the randomly determined censoring time
points. A censoring level of 25% was selected corresponding to the actual level of

censoring within the CHART trial.

End-of-study censoring

For end-of-study censoring, a date was chosen which would mark an artificial end to

data collection. This would simulate a data set with 25% cases censored.

Informative censoring

Metastasis (MET) scores denote the spread of cancer from one part of the body to
another by way of the lymph system or bloodstream, so the results from the MET scores
in the CHART study were used to generate a data set that simulated the informative
censoring. A simulated data set was produced: it assumed that patients with MET scores
of 1 would drop out of the study due to ill health. In this simulated data set, patients
whose MET scores changed from 0 to 1 at any time point (3, 6, 9, or 12 months) during

the study were censored at the time point their score became 1, this resulted in 24% of the

data being censored.
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3.4.1.2 Step2: Statistical analysis

Data description

The demographic characteristics for the “complete” data set of 736 patients during the
study period were summarized using the frequency counts and the percentage to describe

the categorical variables and the mean and the standard error to describe the continuous

variables.

Cost estimation

The mean total costs and standard error for the “complete” cohort were calculated first.
The estimated mean total costs and standard errors in the presence of censoring for the
twelve different methods under three censoring mechanisms were calculated and shown
in tables and figures respectively. The accuracy of methods was evaluated by comparing
the difference between estimates and the “true” cost for the cohort which means bias and

using sampling standard errors.

3.4.2 Implementation of objective 2

In order to address objective 2, two steps were done. The initial step was to generate
the simulated data sets using the different levels of censoring. The second step was to do
the statistical analysis. It compared the twelve different methods to adjust for censored
cost data under different levels of censoring in order to assess whether any particular

method consistently out performed the other methods.

3.4.2.1 Stepl: Simulating the data sets
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The simulation methods for random censoring and end-of-study censoring described
for objective 1 in section 3.4.1.1 were repeated using the different levels of censoring
(10%, 25%, and 50%) respectively. For informative censoring, results from MET scores
in the CHART study were still used to generate the data sets that simulated the different
levels of informative censoring. Three simulated data sets were created: the first assumed
that patients whose MET scores equaled to 1 at 3 months during the study were censored
at 6 months; this resulted in 8% of the data being censored. And the second assumed that
patients whose MET scores equaled to 1 at 6 months during the study were censored at 9
months; this resulted in 15% of the data being censored. And the third assumed that
patients whose MET scores equaled to 1 at 9 months during the study were censored at
12 months; this resulted in 21% of the data being censored. Note that for each simulated

data set patient study costs were set to zero from the time point of censoring.

3.4.2.2 Step2: Statistical analysis

The estimated mean total costs and standard errors in the presence of censoring for the
twelve different methods under the different levels of censoring were calculated and
tabulated respectively. The accuracy of methods was again evaluated by comparing the

difference between estimates and the “true” cost for the cohort and using sampling

standard errors.

3.4.3 Implementation of objective 3

To reach objective 3, six steps were done to implement a Monte Carlo (MC) study.

The following were the basic steps necessary for a Monte Carlo study:
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Ask questions that can be examined through a Monte Carlo study

Design a Monte Carlo study to provide answers to the questions

Generate data

* Implement the quantitative technique

Obtain and accumulate the statistic of interest from each replication

Statistical analysis of the accumulated statistic of interest

3.4.3.1 Stepl: Asking questions suitable for a Monte Carlo study

It may be obvious, but unless we ask the right question, it may not be possible or
necessary to conduct a MC study in the first place. As discussed in Section 2.4, a MC
study is essentially concerned about how a statistic of interest may vary from sample to
sample. In other words, a MC study is about obtaining the sampling distribution of a
statistic of interest by repeatedly drawing random samples from a specified population. In
this sense, the question suitable for a MC study is typically related to some aspects of the
sampling distribution of a statistic. Because we were interested in evaluating the
uncertainty of the censoring of the simulated data sets in this study, our question was
easily translated into a question about the sampling distribution of the estimated mean
total costs from the different methods to adjust for censored cost data under the different

combinations of censoring mechanism and censoring level conditions.

3.4.3.2 Step 2: Designing a Monte Carlo study
Once we identified the question suitable for a MC study, we need to figure out how we

can answer our question by designing an appropriate MC study. To do this, we have to
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consider the major factors that may influence the variability of sample mean total costs.
According to the previous investigation, the sample mean total cost was influenced by the
different censoring mechanisms and different levels of censoring. Then we need to
consider another important issue: under each combination of censoring mechanism and
censoring level conditions, how many random samples were we going to draw from a
specified statistical population that represented the null hypothesis? The decision must be
made carefully so that reasonably accurate answers to our question can be obtained.
Because we were trying to obtain the sampling distribution of the estimated mean total
costs from the different methods to adjust for censored cost data under the true null
hypothesis, the number of samples drawn under each combination of censoring
mechanism and censoring level conditions would greatly influence the accuracy of the
simulated sampling distribution of the estimated mean total costs. If too few samples
were drawn under each combination of censoring mechanism and censoring level
conditions, our answers might be too crude to be useful. According to the findings from
previously published reports (10, 12, 43), we decided that 5000 samples were the
minimum number we can live with, and the sampling distribution of the estimated mean
total costs from the different methods across the 5000 samples under each combination of
censoring mechanism and censoring level conditions should be accurate enough for our

purpose.
3.4.3.3 Step 3: Generating sample data

Once the study design was worked out, we need to generate the sample data to be used

in the MC study. It is worth pointing out that data generation is probably the most
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important step in any MC study. This is so because MC study results are based on the
data generated in this process. If the data generated in this process are not what we think
they should be, the validity of the MC study results will obviously be in serious question.
From this perspective, the importance of data generation in a MC study can never be
overemphasized. Depending on the aim of this present MC study, we need to generate
5000 simulated data sets under each combination of censoring mechanism and censoring

level conditions. We can use EXCEL random number generator RAND () to accomplish

this.

3.4.3.4 Step 4: Implementing the statistical technique in question

In many MC studies, some types of statistical technique are involved. For the present
study, the mean total costs and standard errors from the different methods to adjust for
censored cost data need to be computed for each of the 5000 samples under each

combination of censoring mechanism and censoring level conditions.

3.4.3.5 Step 5: Obtaining and accumulating the statistic of interest

Once the statistical technique was implemented and the statistic of interest was
computed, the statistic of interest from each random sample must be obtained, and it must
be accumulated across samples. In our study, we need to obtain each of the 5000 sample
mean total costs from the different methods under each combination of censoring

mechanism and censoring level conditions and to accumulate them for later analyses.

3.4.3.6 Step 6: Statistical analysis of the accamulated statistic of interest
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By the time the statistic of interest from all the samples had been obtained and
accumulated, the simulation process of the MC study was complete. The estimated mean
total costs from the different methods across the 5000 samples under each combination of
censoring mechanism and censoring level conditions were shown in tables and frequency

figures respectively, in order to assess which method was the most accurate through the

MC simulation analysis.

In summary, data analyses for this study were very complex. Analyses were conducted
using the SAS statistical software version 8.0 and EXCEL for windows 2000. The initial
simulated data sets were generated using EXCEL. Data then were transported to SAS and
the initial analyses using the twelve identified methods were conducted. Complex coding
was required within EXCEL to reproduce the results from the SAS analyses — this would
confirm that the complex statistical calculations can be reproduced. This was necessary,

as the Monte Carlo simulation study required for objective 3 was conducted within

EXCEL.
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4. RESULTS
4.1 Data description
4.1.1 Eligibility

Patients were only eligible for the present analysis if the complete 12 months of
hospital cost data were available. Thus the “complete” cohort of patients identified
here consisted of 736 patients who were not censored within 12 months from
recruitment. The other 234 patients were excluded because they did not have 12
months worth of follow up data. The mean total cost for the “complete” cohort was
£3609.33 and the standard error was 101.89. The median total cost was £2944.23 with

costs ranging from 0 to £23345.82 across the samples.

4.1.2 Patient characteristics

The demographic characteristics for the “complete” set of 736 patients having the
complete 12 months hospital cost data are presented in Table 1. The “complete”
cohort comprised 463(62.91%) head and neck cancer patients and 273(37.09%)
carcinoma of bronchus patients, who were recruited during period October, 1990 to
December, 1993. Of the total cohort, 451(61.28%) patients were given continuous
hyperfractionated accelerated radiotherapy (CHART) treatment, and 285(38.72%)
patients received conventional radiotherapy treatment. 230(31.25%) patients died

during 12 months study period.
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Table 1: Demographic patient characteristics (N=736)

Number (%)
Gender
Males 561 (76.22%)
Treatment
CHART 451 (61.28%)
Conventional 285 (38.72%)
Status
Dead 230 (31.25%)
Alive 506 (68.75%)
Center
1 50 (6.79%)
2 106 (14.40%)
3 106 (14.40%)
4 89 (12.09%)
5 112 (15.22%)
6 57 (7.74%)
7 67 (9.10%)
8 31 (4.21%)
9 91 (12.36%)
10 27 (3.67%)
Site of cancer
Head and neck 463 (62.91%)
Bronchus 273 (37.09%)

4.2 Results of statistical analysis
4.2.1 Analysis of primary objective

The purpose of this analysis was to screen for methods to be further evaluated in
the Monto Carlo study. It compared the twelve different methods to adjust for
censored cost data across three censoring mechanisms (random, end-of-study and

informative censoring) to assess whether any particular method consistently out
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performed the other methods. The estimated mean total costs and standard errors in
the presence of censoring for the twelve different methods across three censoring
mechanisms were calculated and shown in tables and figures respectively. The
accuracy of methods was evaluated by comparing the difference between estimates

and the “true” cost for the cohort which means bias and using sampling standard

CITOrS.

Random censoring

Table 2 presents the estimated mean total costs and standard errors in the presence
of censoring for the twelve different methods for estimating the mean total study costs
for random censoring. Cox’s proportional hazard regression model gave the most
accurate estimate (£3601.74) of the “true” cost of £3609.33. The method that gave the
least accurate estimate of mean total costs was the Stratified Cox model where the
estimate of mean total costs (£5708.82) was over 1.6 times greater than the “true” cost
(£3609.33), and the prediction of standard error (442.40) was 4.3 times higher than

the “true” standard error (101.89).
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Table 2: The estimated mean total costs and standard errors for the twelve

methods for random censoring

Mean Total Cost* Standard** Difference
£ Error Rank

True cost 3609.33 101.89

Available sample method 3101.08 99.70 8
Uncensored cases method 3567.42 119.56 3
Kaplan-Meier cost method 4038.70 137.80 6
Cox’s PH regression model 3601.74 120.07 1
Stratified Cox model 5708.82 442.40 11
Lin’s method, CHK 2830.77 122.47 9
Lin’s method, CHU 2636.53 191.71 10
Lin’s regression estimate CHU 3160.84 22.38 7
Lin’s regression estimate CHK 3376.29 12.75 4
Weighted method, CHU 3574.90 145.33 2
Weighted method, CHK 3256.55 107.09 5
Carides’ regression method 2636.53 Not estimable 10

*estimates of true mean total costs

End-of-study censoring

** estimates of true standard error

Table 3 presents the estimated mean total costs and standard errors in the presence

of censoring for the twelve different methods for estimating the mean total study costs

for end-of-study censoring. The Uncensored cases method gave the most accurate

estimate (£3645.14) corresponding to the “true” cost of £3609.33. The method that

gave the least accurate estimate of mean total costs was the Stratified Cox model

where the estimate of mean total costs (£5793.08) was over 1.6 times greater than the

“true” cost (£3609.33), and the prediction of standard error (423.89) was 4.2 times

higher than the “true” standard error (101.89).
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Table 3: The estimated mean total costs and standard errors for the twelve
methods for end-of-study censoring

Mean Total Cost* Standard** Difference
£ Error Rank

True cost 3609.33 101.89

Available sample method 3360.29 100.89 7
Uncensored cases method 3645.14 119.08 1
Kaplan-Meier cost method 4234 .40 144.10 9
Cox’s PH regression model 3668.74 119.38 3
Stratified Cox model 5793.08 423.89 11
Lin’s method, CHK 3026.46 121.15 8
Lin’s method,CHU 2703.86 181.39 10
Lin’s regression estimate CHU 3398.95 21.95 6
Lin’s regression estimate CHK 3520.12 11.86 4
Weighted method, CHU 3651.38 143.71 2
Weighted method, CHK 3471.19 106.61 5
Carides’ regression method 2703.86 Not estimable 10

*estimates of true mean total costs  **estimates of true standard error

Informative censoring

Table 4 presents the estimated mean total costs and standard errors in the presence
of censoring for the twelve different methods for estimating the mean total study costs
for informative censoring. The Kaplan-Meier cost method gave the most accurate
estimate (£3661.60) of the “true” cost of £3609.33. The method that gave the least
accurate estimate of mean total costs was again the Stratified Cox model where the
estimate of mean total costs (£5079.11) was over 1.4 times greater than the “true” cost
(£3609.33), and the prediction of standard error (430.41) was 4.2 times higher than

the “true” standard error (101.89).
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Table 4: The estimated mean total costs and standard errors for the twelve

methods for informative censoring

Mean Total Cost* Standard** Difference
£ Error Rank

True cost 3609.33 101.89

Available sample method 2921.78 88.89 8
Uncensored cases method 3221.06 101.27 4
Kaplan-Meier cost method 3661.60 122.90 1
Cox’s PH regression model 3253.12 101.48 2
Stratified Cox model 5079.11 430.41 11
Lin’s method,CHK 2729.48 111.76 9
Lin’s method, CHU 2614.82 189.54 10
Lin’s regression estimate CHU 2965.04 17.14 7
Lin’s regression estimate CHK 3131.76 9.90 5
Weighted method, CHU 3222.85 120.99 3
Weighted method, CHK 3032.40 93.31 6
Carides’ regression method 2614.82 Not estimable 10

*estimates of true mean total costs

**egtimates of true standard error

In order to visually compare the accuracy of the twelve different methods for

estimating the mean total costs given censoring, Figures 1 to 3 show the estimated

mean total study costs in the presence of censoring for the twelve different methods

for estimating the mean study costs for random, end-of-study, informative censoring

respectively.
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Figure 1: The estimated mean total study costs in the presence of censoring for

the twelve different methods for estimating the mean study costs for 25%
random censoring
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Figure 2: The estimated mean total study costs in the presence of censoring for

the twelve different methods for estimating the mean study costs for 25% end-of-
study censoring
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Figure 3: The estimated mean total study costs in the presence of censoring for
the twelve different methods for estimating the mean study costs for 25%
informative censoring
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Of the twelve different methods, the following five methods consistently out
performed the other methods to give the accurate estimates of the “true” cost of
£3609.33 across all three censoring mechanisms: the Uncensored cases method, Cox’s
proportional hazard regression model, the Weighted method where cost histories were
unknown, the Weighted method where cost histories were known and Lin’s regression
estimate where cost histories were known. The method that gave the least accurate
estimate of mean total costs was the Stratified Cox model where the estimate of mean
total costs was at least over 1.4 times greater than the “true” cost, and the prediction
of standard error was over 4 times higher than the “true” standard error regardless of
the underlying censoring mechanism. A statistical comparison of the twelve different

methods, after adjusting for censoring mechanisms, showed that there was a
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significant difference in mean cost estimates across methods (Friedman’s ¥11=30.27,
p=0.0014).

For all three censoring mechanisms (random, end-of-study and informative
censoring), all methods except the Stratified Cox model predicted the mean total costs
within £1000 (27.71%). A statistical comparison of the three censoring mechanisms,
after adjusting for twelve methods, showed that there was no significant difference in
mean total cost estimates across the three censoring mechanisms (Friedman’s X2=3.65,
p=0.1615).

As expected, the Kaplan-Meier cost method and the Stratified Cox model tended to
overestimate the “true” cost for random censoring and end-of-study censoring due to
the assumption of independence between the censoring mechanism and costs has been
violated. However, the Kaplan-Meier cost method gave the most accurate estimate of
the “true” cost for informative censoring where patients with ill health were censored.
This is probably because in our study the censored patients were likely to be the
sicker patients in the cohort and thus incurred the highest costs. When these patients
were censored before the high costs were incurred, the Kaplan-Meier cost method
would not overestimate the “true” cost. Thus, the Kaplan-Meier cost method gave the
more accurate estimate of mean total costs than any other methods in this case.

As noted from the Tables 2 to 4, the Stratified Cox model, Lin’s two regression
methods and Carides’ regression method gave poor predictions of the “true” standard
error (101.89) where the Stratified Cox model tended to overestimate it and Lin’s two

regression methods and Carides’ regression method tended to underestimate it. All
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other methods gave the accurate measure of the “true” standard error term.

4.2.2 Analysis of secondary objective

In order to do statistical analysis for the secondary objective, we compared the
twelve different methods given censoring under different levels of censoring to assess
whether any particular method consistently performed better than the other methods.
For random censoring and end-of-study censoring, the estimated mean total costs and
standard errors in the presence of censoring for the twelve different methods under
different levels of censoring (10%, 25%, and 50%) were calculated and tabulated
respectively. We referred to 10%, 25% and 50% as light, medium and heavy
censoring respectively. For informative censoring, the estimated mean total costs and
standard errors in the presence of censoring for the twelve different methods under
different levels of censoring (8%, 15%, and 21%) were calculated and tabulated
respectively using the simulation method described in section 3.4.2.1 for generating
the simulated data sets with different levels of informative censoring. The accuracy of
methods was again evaluated by comparing the difference between estimates and the

“true” cost for the cohort which means bias and using sampling standard errors.

Random censoring

Table 5 presents the estimated mean total costs and standard errors from the twelve
methods under different levels of random censoring. For random censoring, the

estimates of mean total costs from all twelve methods deteriorated as the proportion
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of censored cases increased, where the estimates of the Kaplan-Meier cost method

tending to be biased upward and the estimates of the other methods tending to be

biased downward as the level of censoring increased. However, the poorer estimates

are still within £1150 (31.86%) of the “true” cost except for the Stratified Cox model.

In addition, the estimates of standard errors became less precise as the level of

censoring increased.

Table 5: The estimated mean total costs and standard errors for the twelve
methods under different levels of random censoring

Mean Total Cost* (Standard Error*¥*)

10% Censoring

25% Censoring

50% Censoring

True cost

3609.33 (101.89)

3609.33 (101.89)

3609.33 (101.89)

Available sample

3432.65 (101.93)

3101.08 (99.70)

2719.57 (93.65)

Uncensored cases

3610.64 (108.29)

3567.42 (119.56)

3512.78 (133.23)

Kaplan-Meier cost

3748.60 (112.30)

4038.70 (137.80)

4745.50 (194.60)

Cox’s PH model

3638.85 (108.66)

3601.74 (120.07)

3532.03 (133.26)

Stratified Cox model

5801.47 (411.25)

5708.82 (442.40)

5298.46 (444.84)

Lin’s method, CHK

3062.83 (118.41)

2830.77 (122.47)

2585.03 (122.22)

Lin’s method,CHU

2651.08 (166.38)

2636.53 (191.71)

2570.06 (206.33)

Lin’s regression CHU

3442.64 (24.21)

3160.84 (22.38)

2927.67 (24.27)

Lin’s regression CHK

3566.30 (12.98)

3376.29 (12.75)

3201.13 (14.94)

Weighted CHU

3614.19 (117.75)

3574.90 (145.33)

3515.53 (188.29)

Weighted CHK

3489.28 (104.00)

3256.55 (107.09)

3005.33 (107.27)

Carides’ regression

2651.08 ()

2636.53 (*)

2570.06 ()

*estimates of true mean total costs

**estimates of true standard error

End-of-study censoring

Table 6 presents the estimated mean total costs and standard errors for the twelve

methods under different levels of end-of-study censoring. For end-of-study censoring,
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the estimates of mean total costs from all twelve methods deteriorated as the
proportion of censored cases increased, where the estimate of the Kaplan-Meier cost
method tending to be biased upward and the estimates of the Available sample method,
the Stratified Cox model, Lin’s two nonparametric methods, Lin’s two regression
methods, the Weighted method where cost histories were known, and Carides’
regression method tending to be biased downward as the level of censoring increased.
The estimates fluctuated slightly less using the Uncensored cases method, Cox’s PH
regression model and the Weighted method where cost histories were unknown.
However, the poorer estimates are still within £1150 (31.86%) of the “true” cost
except for the Stratified Cox model. Furthermore, the estimates of standard errors

became less precise as the level of censoring increased.

Table 6: The estimated mean total costs and standard errors for the twelve

methods under different levels of end-of-study censoring

Mean Total Cost* (Standard Error*¥*)

10% Censoring

25% Censoring

50% Censoring

True cost

3609.33 (101.89)

3609.33 (101.89)

3609.33 (101.89)

Available sample

3514.96(102.95)

3360.29(100.89)

2628.00(93.19)

Uncensored cases

3630.99(111.41)

3645.14(119.08)

3545.95(129.92)

Kaplan-Meier cost

3878.30(119.90)

4234.40(144.10)

4683.90(179.10)

Cox’s PH model

3642.83(111.73)

3668.74(119.38)

3540.80(130.19)

Stratified Cox model

5910.78(422.56)

5793.08(423.89)

5234.64(377.52)

Lin’s method, CHK

3118.04(120.20)

3026.46(121.15)

2527.62(122.95)

Lin’s method,CHU

2721.01(174.60)

2703.86(181.39)

2478.61(170.03)

Lin’s regression CHU

3518.60(23.64)

3398.95(21.95)

2866.66(19.36)

Lin’s regression CHK

3595.00(12.48)

3520.12(11.86)

3212.22(12.18)

Weighted CHU

3629.66(121.71)

3651.38(143.71)

3554.91(190.23)

Weighted CHK

3564.56(105.46)

3471.19(106.61)

2942.88(105.93)

Carides’ regression

2721.01(")

2703.86()

2478.61(")

*estimates of true mean costs
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Informative censoring

Table 7 shows the estimated mean total costs and standard errors for the twelve
methods under different levels of informative censoring. For informative censoring,
the estimates of mean total costs from the Kaplan-Meier cost method and Lin’s
method where cost histories were known were biased upward as the proportion of
censored cases increased, whereas the estimates of mean total costs from the
Uncensored cases method, Cox’s PH regression model, Lin’s method where cost
histories were unknown, the Weighted method where cost histories were unknown
and Carides’ regression method were biased downward as the proportion of censored
cases increased. The estimates fluctuated slightly less using the Available sample
method, the Stratified Cox model, Lin’s two regression methods and the Weighted
method where cost histories were known. Generally, the estimates of mean total costs
from the twelve methods deteriorated as the proportion of censored cases increased
for informative censoring, though the poorer estimates are all within £1150 (31.86%)
of the “true” cost except for the Stratified Cox model. However, the estimates of

standard errors did not substantially change as the level of censoring increased.
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Table 7: The estimated mean total costs and standard errors for the twelve
methods under different levels of informative censoring

Mean Total Cost* (Standard Error**)

8% Censoring

15% Censoring

21% Censoring

True cost

3609.33 (101.89)

3609.33 (101.89)

3609.33 (101.89)

Available sample

3477.53(97.90)

3449.03(94.01)

3507.71(95.93)

Uncensored cases

3495.10(103.40)

3402.39(101.95)

3274.06(102.41)

Kaplan-Meier cost

3720.50(113.20)

3934.30(126.80)

4298.10(159.80)

Cox’s PH model

3521.47(103.73)

3433.15(102.15)

3305.56(102.64)

Stratified Cox model

5757.06(426.50)

5605.46(401.36)

5679.39(416.02)

Lin’s method, CHK

3101.5(116.57)

3109.75(113.63)

3143.69(115.93)

Lin’s method,CHU 2679.26(182.68) | 2671.20(186.92) 2538.9(165.90)
Lin’s regression CHU 3480.04(21.55) 3454.93(23.24) 3490.40(23.19)
Lin’s regression CHK 3508.91(10.97) 3452.85(11.95) 3514.91(11.86)
Weighted CHU 3498.14(110.51) | 3412.68(116.58) | 3260.33(119.40)
Weighted CHK 3505.51(99.62) 3486.67(96.18) 3546.00(98.10)

Carides’ regression

2679.26()

2671.20(")

2538.90(")

*estimates of true mean total costs

**estimates of true standard error

In summary, the results from the analyses corresponding to the first two objectives

have shown that the following five methods for estimating the mean total study costs
given censoring, consistently, gave the mean total costs more accurately than the other
methods regardless of the underlying censoring mechanism and censoring level: the
Uncensored cases method, Cox’s proportional hazard regression model, the Weighted
method where cost histories were unknown, the Weighted method where cost histories
were known and Lin’s regression estimate where cost histories were known. As noted,
the accuracy of mean total cost estimates depended not only on the censoring
mechanism but also on the method chosen to estimate mean total costs. Furthermore,

the accuracy of mean total cost estimates was also influenced by the proportion of
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censored cases. Although the estimates of mean total study costs and standard errors
did deteriorate as the level of censoring increased for all twelve methods, the
difference from the “true” mean estimate was not substantially large except for the
Stratified Cox model. However, the biases of the twelve methods from the “true”

mean estimate can be of either direction depending on the different censoring

mechanisms.

4.2.3 Analysis of third objective

The analysis for the third objective was to determine the consistency of the first two
objectives through the Monte Carlo (MC) simulation analysis. We conducted our MC
study for the purpose of answering our questions about the sampling distribution of
the estimated mean total costs from the different methods to adjust for censored cost
data, in order to determine what factors may affect such distributional characteristics.
Corresponding to the analysis results from the first two objectives, the following six
methods were selected to determine the consistency of the first two objectives under
each combination of censoring mechanism and censoring level conditions through the
MC simulation analysis: the Uncensored cases method, Cox’s PH regression model,
the Weighted method where cost histories were unknown, the Weighted method
where cost histories were known, Lin’s regression estimate where cost histories were
known and the Available sample method. In order to evaluate the uncertainty of the
censoring of the simulated data sets, 5000 alternate simulated data sets for each

combination of censoring mechanism (random /end-of-study censoring) and censoring
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level (10%, 25% or 50%) conditions were generated using the MC simulation method.
The estimated mean total costs to adjust for censored cost data for the six different
methods across the 5000 samples under each combination of censoring mechanism
and censoring level conditions were calculated and shown in tables and frequency

figures respectively, in order to assess which method was the most accurate through

the MC simulation analysis.

4.2.3.1 Descriptive statistics for mean total cost estimates sample distribution

Random censoring

Table 8 presents the descriptive statistics for the mean total cost estimates sample
distributions from the six different methods under the three levels (10%, 25% and
50%) of random censoring. Two observations were noted from Table 8. First, the
means of 5000 mean total cost estimates from the six different methods under each of
the three censoring levels conditions were very close to the corresponding mean total
cost estimates calculated in the first two objectives for random censoring. This makes
perfect sense, because this confirms that the complex statistical calculations can be
reproduced on 5000 alternate simulated data sets through the MC simulation analysis,
so the methods were shown to be robust. Thus the consistency of the first two
objectives was determined. As a result, although mean total cost estimates may vary
within certain ranges, the means of the sample mean total cost estimates from the six
different methods should converge on the “true” mean cost for the cohort. Second, the

standard deviation of the sampling distribution of the mean total cost estimates under
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random censoring was smaller when the censoring level was lower, and it increased
with an increase in the censoring level. This indicated that when the censoring level
was high, there was more variability in the sample mean total cost estimates than
there was when the censoring level was low. The same phenomenon was reflected by
the width of range defined as the difference between maximum and minimum. As
shown in Table 8, the width of range for the sampling distribution of the mean total
cost estimates was smaller when the censoring level was lower, and it increased with
an increase in the censoring level. This also gave the evidence that the variability of
the estimates of mean total costs from the six different methods increased as the
proportion of censored cases increased for random censoring. Furthermore, the
accuracy of the six different methods was also evaluated by comparing the difference
between the means of 5000 sample mean total cost estimates and the “true” cost for
the cohort. Of the six different methods, the Uncensored cases method, Cox’s PH
regression model, and the Weighted method where cost histories were unknown,
consistently, out performed the other three methods to give the accurate estimates of

the “true” cost of £3609.33 across all three censoring levels.
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Table 8: Descriptive statistics for the mean total cost estimates sample
distributions under three levels of random censoring

estimate CHK

Censoring level 10%
N Mean* | Standard®** | Minimum | Maximum | Width of
Deviation Range
Available sample | 5000 | 3426.80 34.76 3284.52 3542.42 257.90
method
Uncensored 5000 | 3609.62 3354 3475.46 3713.56 238.10
cases method
Cox’s PH 5000 | 3635.35 33.69 3502.07 3741.90 239.83
regression model
Weighted 5000 | 3611.64 33.59 3476.64 3715.90 239.26
method, CHU
Weighted 5000 | 3485.32 32.00 3357.30 3588.38 231.08
method, CHK
Lin’s regression | 5000 | 3505.77 32.85 3368.18 3615.13 246.95
estimate CHK
Censoring level 25%
N Mean* | Standard** | Minimum | Maximum | Width of
Deviation Range
Available sample | 5000 | 3152.21 51.37 2910.01 3312.29 402.28
method
Uncensored 5000 | 3610.99 59.25 3398.60 3822.33 423,73
cases method
Cox’s PH 5000 | 3636.05 59.44 3419.86 3844.17 424.31
regression model
Weighted 5000 | 3615.98 59.42 3401.09 3826.66 425.57
method, CHU
Weighted 5000 | 3308.85 49,54 3083.64 3465.11 381.47
method, CHK
Lin’s regression | 5000 | 3330.10 51.00 3100.06 3489.46 389.40
estimate CHK
Censoring level 50%
N Mean* | Standard** | Minimum [ Maximum | Width of
Deviation Range
Available sample | 5000 | 2695.74 63.69 2466.39 295722 490.83
method
Uncensored 5000 | 3609.36 104.10 3254.92 3986.12 731.20
cases method
Cox’s PH 5000 | 3628.02 103.70 3271.87 4019.25 747.38
regression model
Weighted 5000 | 3618.69 105.24 3270.52 4000.51 729.99
method, CHU
Weighted 5000 | 2991.43 66.40 2758.42 3241.04 482.62
method, CHK
Lin’s regression | 5000 | 3013.91 68.67 2776.11 3271.79 495.68

*the average of 5000 sample mean cost estimates

**the standard deviation of sample distribution
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End-of-study censoring

Table 9 shows the descriptive statistics for the mean total cost estimates sample
distributions from the six different methods under the three levels (10%, 25% and
50%) of end-of-study censoring. Two observations were noted from Table 9. First, the
means of 5000 mean total cost estimates from the six different methods under each of
the three censoring levels conditions were very close to the corresponding mean total
cost estimates calculated in the first two objectives for end-of-study censoring. Thus,
this confirms that the complex statistical calculations can be reproduced through the
MC simulation analysis, so the methods were shown to be robust, and the consistency
of the first two objectives was determined. As a result, although mean total cost
estimates may vary within certain ranges, the means of the sample mean total cost
estimates from the six different methods should converge on the “true” mean cost
estimate for the cohort. Second, the standard deviation of the sampling distribution of
the mean total cost estimates under end-of-study censoring was smaller when the
censoring level was lower, and it increased with an increase in the censoring level.
This indicated that when the censoring level was high, there was more variability in
the sample mean total cost estimates than there was when the censoring level was low.
The same result was also reflected by the width of range. As noted in Table 9, the
width of range for the sampling distribution of the mean total cost estimates was
smaller when the censoring level was lower, and it increased with an increase in the
censoring level. This confirmed that the variability of the estimates of mean total costs

from the six different methods increased as the proportion of censored cases increased
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under end-of-study censoring. Furthermore, the accuracy of the six different methods
was again evaluated by comparing the difference between the means of 5000 sample
mean total cost estimates and the “true” cost for the cohort. Of the six different
methods, the Uncensored cases method, Cox’s PH regression model, and the
Weighted method where cost histories were unknown, consistently, performed better
than the other three methods to give the accurate estimates of the “true” cost of
£3609.33 regardless of the underlying censoring level. These findings are consistent

with the findings from the random censoring.
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Table 9: Descriptive statistics for the mean total cost estimates sample
distributions under three levels of end-of-study censoring

estimate CHK

Censoring level 10%
N Mean* | Standard** | Minimum | Maximum | Width of
Deviation Range
Available sample | 5000 | 3495.11 19.72 3403.15 3546.64 143.49
method
Uncensored 5000 | 3609.85 36.40 3478.46 3720.03 241.57
cases method
Cox’s PH 5000 | 3635.64 36.57 3505.59 3741.73 236.14
regression model
Weighted 5000 | 3615.71 36.60 3480.62 3726.73 246.11
method, CHU
Weighted 5000 | 3543.83 20.62 3449.11 3597.86 148.75
method, CHK
Lin’s regression | 5000 | 3563.24 21.66 3464.17 3625.36 161.19
estimate CHK
Censoring level 25%
N Mean* | Standard** | Minimum | Maximum | Width of
Deviation Range
Available sample | 5000 | 3385.49 26.53 3263.77 3461.09 197.32
method
Uncensored 5000 | 3608.96 54.94 3345.13 3794.72 449.59
cases method
Cox’s PH 5000 | 3634.02 54.82 3368.73 382341 454.68
regression model
Weighted 5000 | 3637.10 56.04 3363.83 3831.16 467.33
method, CHU
Weighted 5000 | 3489.94 29.36 3354.49 3572.79 218.30
method, CHK
Lin’s regression | 5000 | 3508.50 30.72 3367.46 3598.39 230.93
estimate CHK
Censoring level 50%
N Mean* | Standard** | Minimum | Maximum | Width of
Deviation Range
Available sample | 5000 | 2631.04 44 .42 2478.02 2785.64 307.62
method
Uncensored 5000 | 3608.48 104.33 3266.09 3998.24 732.14
cases method
Cox’s PH 5000 | 3626.50 104.23 3275.24 4035.46 760.22
regression model
Weighted 5000 | 3702.45 109.48 3347.43 4106.73 759.30
method, CHU
Weighted 5000 | 2958.41 54.19 2777.68 3147.29 369.61
method, CHK
Lin’s regression | 5000 | 2973.00 56.93 2784.06 3170.93 386.87

* the average of 5000 sample mean cost estimates
**the standard deviation of sample distribution
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4.2.3.2 Frequency of the rank of difference under different levels of censoring

Random censoring

In order to illustrate the accuracy of the six different methods measured by
comparing the difference between each of 5000 sample mean total cost estimates and
the “true” cost for the cohort which means biase under different levels of random
censoring, Table 10 shows the frequency of the rank of difference for the six different
methods across 5000 samples under three levels of random censoring (10%, 25% and
50%). The frequencies of the rank shown in Table 10 were only used for illustration of
the accuracy of the different methods, not for decision-making regarding the best
estimator. For random censoring, the Uncensored cases method consistently gave the
most accurate estimate of the “true” cost of £3609.33 across 5000 samples regardless
of the underlying censoring level in this MC analysis. Furthermore, the Weighted
method where cost histories were unknown and Cox’s PH regression model also gave
consistently better mean total cost estimates under different levels of random
censoring. The method that gave the least accurate estimate of mean total costs was

the Available sample method across 5000 samples.
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Table 10: Frequency (%) of the rank of difference for six methods under three
levels of random censoring

Censoring level

10%

Rank of
difference

1

Available sample
method

0.18

99.82

Uncensored cases
method

48.46

16.62 34.92

Cox’s PH
regression model

33.14

1.02 56.52

5.56

3.58

0.18

Weighted method,
CHU

15.18

81.06 2.70

1.06

Weighted method,
CHK

1.00 0.06

2.70

96.24

Lin’s regression
estimate CHK

3.22

0.30 5.80

90.68

Censoring level

25

Rank of
difference

Available sample
method

Uncensored cases
method

51.96

10.60 37.44

Cox’s PH
regression model

37.70

1.88 60.20

0.12

0.10

Weighted method,
CHU

10.24

87.46 2.26

0.04

Weighted method,
CHK

0.04

0.06

99.90

Lin’s regression
estimate CHK

0.12

0.10

99.78

Censoring level

50

%

Rank of
difference

Available sample
method

Uncensored cases
method

42.26

22.02 35.72

Cox’s PH
regression model

38.24

22.22 39.52

0.02

Weighted method,
CHU

20.42

55.60 23.98

Weighted method,
CHK

0.28

99.72

Lin’s regression
estimate CHK

0.02

99.70

0.28
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In order to illustrate graphically the accuracy of the six different methods under
each combination of random censoring and censoring level conditions, Figures 4~6
present the frequency distribution of the rank of difference for the six different
methods under three levels of random censoring (10%, 25% and 50%) respectively.
As noted in Figures 4~6, the Uncensored cases method, the Weighted method where
cost histories were unknown and Cox’s PH regression model, consistently, out-
performed the other three methods (the Available sample method, the Weighted
method where cost histories were known and Lin’s regression estimate where cost
histories were known) across 5000 samples under the three levels of random
censoring through the MC analysis. The method that gave the least accurate estimate
of mean total costs regardless of the underlying censoring level was the Available
sample method. The findings from the MC analysis correspond to the findings from
the first two objectives. Thus, this confirms that the complex statistical calculations
for random censoring can be reproduced through the MC analysis, so the methods
were shown to be robust, and the consistency of the first two objectives for random

censoring was determined through the MC analysis.
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Figure 4: Frequency distribution of the rank of difference for six methods under

10% random censoring
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Figure 5: Frequency distribution of the rank of difference for six methods under

25% random censoring
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Figure 6: Frequency distribution of the rank of difference for six methods under
50% random censoring
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End-of-study censoring

Similarly, in order to illustrate the accuracy of the six different methods measured
by comparing the difference between each of 5000 sample mean total cost estimates
and the “true” cost for the cohort which means bias under different levels of end-of-
study censoring, the analysis was repeated for end-of-study censoring using three
levels of censoring (10%, 25%, and 50%). Table 11 presents the frequency of the rank
of difference for the six different methods across 5000 samples under the three levels
of end-of-study censoring (10%, 25% and 50%). The frequencies of the rank shown in
Table 11 were only used for illustration of the accuracy of the different methods, not
for decision-making regarding the best estimator._For end-of-study censoring, the

Uncensored cases method, Cox’s PH regression model and the Weighted method
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where cost histories were unknown, consistently, gave better accurate estimates of the
“true” cost of £3609.33 than the other three methods across 5000 samples regardless
of the underlying censoring level in this MC analysis. The method that gave the least
accurate estimate of mean total costs was the Available sample method across 5000

samples.
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Table 11: Frequency (%) of the rank of difference for six methods under three

levels of end-of-study censoring

Censoring level

10%

Rank of
difference

1

Available sample
method

0.82

0.24

2.18

96.76

Uncensored cases
method

34.36

20.12

39.38

4.84

1.30

Cox’s PH
regression model

31.26

3.82

28.20

13.26

20.22

3.24

Weighted method,
CHU

13.20

59.80

13.02

12.90

1.08

Weighted method,
CHK

10.38

3.50

10.88

75.22

Lin’s regression
estimate CHK

21.16

5.88

15.08

57.88

Censoring level

25%

Rank of
difference

Available sample
method

0.06

0.16

1.00

Uncensored cases
method

48.60

7.16

42.92

0.96

0.36

Cox’s PH
regression model

20.12

46.84

20.58

8.82

3.56

Weighted method,
CHU

21.44

34.44

28.32

7.24

8.32

Weighted method,
CHK

5.70

4.56

2.08

87.66

Lin’s regression
estimate CHK

9.84

5.90

3.52

80.74

Censoring level

S50%

Rank of
difference

Available sample
method

Uncensored cases
method

49.72

19.58

30.70

Cox’s PH
regression model

21.46

76.42

2.12

Weighted method,
CHU

29.90

3.28

66.80

0.02

Weighted method,
CHK

3.94

96.06

Lin’s regression
estimate CHK

0.02

96.06

3.92
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In order to illustrate graphically the accuracy of the six different methods under
each combination of end-of-study censoring and censoring level conditions, Figures
7~9 show the frequency distribution of the rank of difference for the six different
methods under three levels of end-of-study censoring (10%, 25% and 50%)
respectively. As shown in Figures 7~9, the Uncensored cases method, Cox’s PH
regression model and the Weighted method where cost histories were unknown,
consistently, out-performed the other three methods (the Available sample method, the
Weighted method where cost histories were known and Lin’s regression estimate
where cost histories were known) across 5000 samples under the three levels of end-
of-study censoring through the MC analysis. The Available sample method,
consistently, gave the least accurate estimate of mean total costs regardless of the
underlying censoring level through the MC analysis. The findings from this MC
analysis are consistent with the findings from the first two objectives. Thus, this
confirms that the complex statistical calculations for end-of-study censoring can be
reproduced through the MC analysis, so the methods were shown to be robust, and the

consistency of the first two objectives for end-of-study censoring was determined

through the MC analysis.
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Figure 7: Frequency distribution of the rank of difference for six methods under

10% end-of-study censoring
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Figure 8: Frequency distribution of the rank of difference for six methods under

25% end-of-study censoring
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Figure 9: Frequency distribution of the rank of difference for six methods under
50% end-of-study censoring
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4.2.3.3 Direction of the bias

Random censoring

In order to determine the direction of the biases of the six different methods from
the “true” mean cost given random censoring across 5000 samples in this MC analysis,
Figures 10~12 present graphical illustrations of the direction of the biases from the six
different methods across 5000 samples under three levels (10%, 25% and 50%) of
random censoring respectively. As noted from the Figures 10~12, Cox’s PH
regression model and the Weighted method where cost histories were unknown tended
to overestimate the “true” cost, whereas the Available sample method, the Weighted
method where cost histories were known and Lin’s regression estimate where cost

histories were known tended to underestimate the “true” cost across 5000 samples
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under three levels of random censoring. However, the bias of the Uncensored cases

method from the “true” mean cost can be of either direction across 5000 samples.

Figure 10: Direction of the biases from six methods under 10% random
censoring
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Figure 11: Direction of the biases from six methods under 25% random
censoring
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End-of-study censoring

Similarly, in order to determine the direction of the biases of the six different
methods from the “true” mean cost under end-of-study censoring across 5000 samples
in this MC analysis, Figures 13~15 present graphical illustrations of the direction of
the biases from the six different methods across 5000 samples under three levels (10%,
25% and 50%) of end-of-study censoring respectively. As noted from the Figures
13~15, the estimates of Cox’s PH regression model and the Weighed method where
cost histories were unknown tended to be biased upward, whereas the estimates of the
Available sample method, the Weighted method where cost histories were known and
Lin’s regression estimate where cost histories were known tended to be biased
downward across 5000 samples under three levels of end-of-study censoring.
However, the bias of the estimates fluctuated slightly less using the Uncensored cases

method across 5000 samples. The findings are in agreement with the findings from

random censoring.
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Figure 13: Direction of the biases from six methods under 10% end-of-study
censoring
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Figure 14: Direction of the biases from six methods under 25% end-of-study
censoring
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Figure 15: Direction of the biases from six methods under 50% end-of-study
censoring
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4.2.3.4 Analysis of MSE, variance and bias

Random censoring

The MSE is the expected squared deviation between the sample mean and the
parameter it is desired to estimate. The MSE summarizes all the information about
bias (accuracy) and variance of the estimator (precision) under study, so this is a
criterion that incorporates both unbiasedness and efficiency. The purpose of the
analysis of MSE, variance and bias was to evaluate the precision and the accuracy of
the MC simulated estimates of mean total costs from the six different methods given
different levels of random censoring. Table 12 shows the MSEs, variances and biases
from the six different methods across 5000 samples under different levels (10%, 25%

and 50%) of random censoring. As shown in Table 12, the MSEs were all lower for
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the Uncensored cases method, Cox’s PH regression model and the Weighted method
where cost histories were unknown. The differences from the other methods were
large enough to exclude sampling errors. These results suggested that we can improve
the mean cost estimation by adjust for censoring using these three methods. The
Available sample method which had the largest MSE, consistently, gave the least
accurate estimate of mean total costs. For random censoring, the MSEs were smaller
when the censoring level was lower, and they increased with an increase in the
censoring level. This indicated that the variability of the estimates of mean total costs
from the six different methods increased as the proportion of censored cases increased
for random censoring, whereas the accuracy of the estimates of mean total costs from

the six different methods decreased as the level of censoring increased.
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Table 12: MSEs, variances and biases for six methods under different levels of

random censoring

Censoring level 10%

N MSE Variance Bias’
Available sample method 5000 34524.58 1207.99 33316.59
Uncensored cases method 5000 1125.12 1125.03 0.08
Cox’s PH regression model 5000 1811.99 1134.71 677.28
Weighted method, CHU 5000 1133.35 1128.01 5.34
Weighted method, CHK 5000 16402.59 1024.30 15378.30
Lin’s regression estimate CHK 5000 11803.64 1079.44 10724.21
Censoring level 25%

N MSE Variance Bias®
Available sample method 5000 211600.40 2639.07 208961.40
Uncensored cases method 5000 3512.73 3509.99 2.74
Cox’s PH regression model 5000 4246.45 3532.67 713.78
Weighted method, CHU 5000 3575.45 3531.28 44.17
Weighted method, CHK 5000 92739.66 2454.24 90285.43
Lin’s regression estimate CHK 5000 80572.16 2600.90 77971.26
Censoring level 50%

N MSE Variance Bias
Available sample method 5000 838699.90 4056.14 834643.70
Uncensored cases method 5000 10836.00 10836.00 0.00
Cox’s PH regression model 5000 11102.76 10753.52 349.24
Weighted method, CHU 5000 11163.78 11076.20 87.58
Weighted method, CHK 5000 386210.18 4409.13 381801.04
Lin’s regression estimate CHK 5000 359240.58 4714.99 354525.58

End-of-study censoring

The analysis of MSEs, variances and biases was repeated for énd—of—study

censoring. The purpose of the analysis was to determine the precision and the

accuracy of the MC simulated estimates of mean total costs from the six different

methods under different levels of end-of-study censoring. Table 13 shows the MSEs,

variances and biases from the six different methods across 5000 samples under

different levels (10%, 25% and 50%) of end-of-study censoring. As noted in Table 13,

the Uncensored cases method, the Weighted method where cost histories were
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unknown and Cox’s PH regression model where the MSEs were lower, predicted
better estimates of mean total costs than the other methods across 5000 samples under
three levels of end-of-study censoring. The differences from other methods were large
enough to exclude sampling errors. These results suggested that we can improve the
mean cost estimation in the presence of censoring by using these three methods. The
Available sample method with the largest MSE consistently predicted the least
accurate estimate of mean total costs. For end-of-study censoring, the MSEs were
smaller when the censoring level was lower, and they increased with an increase in
the censoring level. This also gives the evidence that when the censoring level was
high, there was more variability and less accuracy in the sample mean total cost
estimates than there was when the censoring level was low. The findings are

consistent with the findings from random censoring.
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Table 13: MSEs, variances and biases for six methods under different levels of

end-of-study censoring

Censoring level 10%

N MSE Variance Bias’
Available sample method 5000 13435.17 388.97 13046.19
Uncensored cases method 5000 132541 1325.14 0.27
Cox’s PH regression model 5000 2029.65 1337.51 692.14
Weighted method, CHU 5000 1380.31 1339.62 40.69
Weighted method, CHK 5000 4714.84 425.05 4289.79
Lin’s regression estimate CHK 5000 2593.66 469.30 2124.37
Censoring level 25%

N MSE Variance Bias’
Available sample method 5000 50806.56 703.99 50102.57
Uncensored cases method 5000 3018.81 3018.68 0.13
Cox’s PH regression model 5000 3615.19 3005.46 609.73
Weighted method, CHU 5000 3911.93 3140.97 770.97
Weighted method, CHK 5000 15114.98 861.98 14253.00
Lin’s regression estimate CHK 5000 11109.56 943.69 10165.86
Censoring level 50%

N MSE Variance Bias®
Available sample method 5000 959019.60 1972.91 957046.70
Uncensored cases method 5000 10885.23 10884.50 0.73
Cox’s PH regression model 5000 11157.93 10862.99 294.94
Weighted method, CHU 5000 20657.00 11986.00 8671.00
Weighted method, CHK 5000 426634.94 2936.11 423698.83
Lin’s regression estimate CHK 5000 408160.62 3241.29 404919.33
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S. DISCUSSION

5.1 Overview

With the rapid escalation of costs of medical therapies, estimation of mean costs for
these therapies is of increasing importance in order to allow economic evaluation of
health care interventions. Despite the tremendous interest in the analysis of medical costs,
there has been little progress in the development of formal statistical methods for such
evaluation. A main difficulty lies in the incompleteness of the available data. Censored
economic data are common in practice, because the issues related to the collection of
economic data still are substantial. Thus more efficient methods should be adopted to
estimate the mean total costs to adjust for censored cost data. In this present study,
existing strategies for estimating the mean total costs in the presence of censoring were
reviewed and assessed using simulated data sets generated from a real clinical data set.
The goal was not to be exhaustive in reviewing this area, but to compare the performance
of the different methods for estimating the mean total costs to adjust for censored cost
data across different censoring mechanisms and levels of censoring, and to encourage the
consideration of more efficient methods.

In this present study, the findings suggest that the following three methods for
estimating the mean total study costs given censoring, consisteﬁtly, gave the mean total
costs more accurately than the other methods regardless of the underlying censoring
mechanism and censoring level: the Uncensored cases method, Cox’s PH regression
model and the Weighted method where cost histories were unknown. If it was assumed
that cost histories were collected, Lin’s regression estimate where cost histories were

known and the Weighted method where cost histories were known tended to give better
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estimates of mean total costs. The method that gave the least accurate estimate of mean
total costs was the Stratified Cox model where the assumption of independence between
costs and the censoring mechanism was violated.

As expected, the accuracy of mean total cost estimates was found to depend not only
on the method chosen to estimate the mean total costs but also on the proportion of
censored cases. The estimates of mean total costs from all methods illustrated here
deteriorated as the proportion of censored cases increased and the estimates of standard
error became less precise as the level of censoring increased. This indicates that when the
censoring level was high, there was more variability in the mean total cost estimates than
there was when the censoring level was low. However, the biases of the different
methods from the “true” mean estimate can be of either direction.

The findings from this present study were further studied through the Monte Carlo
(MC) simulation analysis. The findings through the MC analysis indicate that the
complex statistical calculations of mean total costs can be reproduced on 5000 alternate
simulated data sets, so the methods illustrated here were shown to be robust. Thus the

consistency of the findings from this study was determined.

5.2 Methodological approach
5.2.1 Mean total costs

In economic analysis, the most useful measure of central tendency is the mean, as it
is necessary to allow for those patients who consume a disproportionate amount of
resources (49). Medical cost distributions often exhibit a mass at zero representing

nonusers of medical resources, and relatively small numbers of extremely high users
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which tend to highly skew nonzero costs. The mean is intended to provide not only the
overall distribution of costs in a population of patients, but also the extremely high users.
These extremely high users are expected to be influential in decision-making about the
adoption of alternative medical interventions. Therefore the mean is more efficient than
the median which is much less sensitive to extremely high values. Thus, costs often are
presented as some average, such as the average cost per case or the average cost per
treatment. And comparisons of the average costs associated with the alternative therapies
may lead to substantial cost reduction. For health policy analysis, information on mean
total costs is also crucial. Due to the prominence of using mean total costs as measures in
cost evaluation, most of the existing methods are developed to estimate the mean total
study costs. Thus, the mean total costs were used as the measure of central tendency in

this present study rather than the median costs.

5.2.2 Using the EXCEL system for conducting Monte Carlo studies

The EXCEL system has the combination of a powerful variety of built-in statistical
procedures, mathematical functions, and the versatile programming capabilities
associated with Visual Basic. This combination makes the EXCEL system ideal for
conducting the Monte Carlo simulation analysis for this present study, especially the
study related to complex statistical techniques. Such a combination of built-in statistical
procedures and versatile programming capabilities makes it much more convenient for
MCS researchers. In addition, the EXCEL system offers great flexibility in data
generation, data transformation, obtaining and saving simulation results, etc. As noted by

Wittwer et al., the completeness and the flexibility of the EXCEL system have convinced
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us that currently no other system makes Monte Carlo research, especially research

involving statistical techniques, easier and more efficient than the EXCEL system does

(48).

5.2.3 Simple methods

Generally, the mean total costs are frequently estimated using the average total costs
from all study patients, even though some of these costs are incomplete. This method,
referred to as the Available sample method, was previously demonstrated to be always
biased downward because the costs incurred after censoring times were not accounted for
(10, 19). Results obtained in this study are consistent with previously published findings.
The Available sample method was found to consistently underestimate the “true” cost
regardless of the underlying censoring mechanism and level of censoring through the MC
simulation analysis. For the Available sample method estimator in this study, the costs
from the censoring times to the terminal time point (12 months) were ignored entirely,
which resulted in substantial underestimation of the mean total costs unless all the
censoring times were close to the terminal time point. However, the error associated with
the Available sample method would not be too large, if number of observations with
censoring was small and was balanced between the two treatment groups.

Alternatively, the mean total costs can be calculated from only the uncensored
patients. The approach is called the Uncensored cases method. The findings in our
present study suggest that the Uncensored cases method for estimating the mean total
study costs given censoring produced the most accurate estimate compared to the other

methods regardless of the underlying censoring mechanism and censoring level. These
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results are not in agreement with the findings documented in previous studies (10, 19,
21). The previous studies reported that the Uncensored cases method was likely to be
biased towards the costs of the patients with shorter survival times, because longer
survival times were more likely to be censored. However, it is important to note that the
findings in the previous reports were all obtained using the data sets from long-term
studies (at least more than 12 months) which investigated long-term survivors. In
contrast, the data analysis in this study only concentrated on the period up to 12 months
from the start of treatment and focused on the patients’ survival within 12 months from
recruitment. As we know, the resulting mean cost estimator using the Uncensored cases
method will be unbiased if all the patients who are under observation at the start of
treatment have the same probability of being censored over the entire time period. This
condition guarantees that the costs from uncensored cases are representative of all the
costs from the trial patients over the entire time period. If censoring occurs during the
entire time period, then the mean cost estimate tends to be driven by the costs of the
patients who die early on in the study because, given the same censoring distribution,
larger survival times are more likely to be censored. However, if the entire time period is
narrow, the costs incurred over a small time interval (such as 12 months in this case) are
stochastically similar between the censored and uncensored cases. Thus, the sample
average of the costs from the patients who are under observation at the start of treatment
and who are not censored over the entire time period provides a reasonable estimator of
mean costs. So the corresponding estimator of mean costs obtained in this study was
always less biased than the estimators documented in previous reports. Until recently, the

Uncensored cases method is the default method in most statistical software packages. The
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advantages of using this method are that it is easy to use and that it yields a same
rectangular data file which would have resulted from a complete experiment. In practice,
the Uncensored cases method may be an acceptable method for estimating the mean total

costs in short-term studies (e.g. 12 months).

5.2.4 Survival analysis methods

In an attempt to adjust for the effects of censoring, the standard survival analysis
technique (Kaplan-Meier estimator) has been applied to the problem of cost evaluation by
treating costs as potentially right-censored survival times. This strategy, however, has
been previously reported to be invalid unless all patients accumulate costs with a
common rate function over time— which is certainly not the case for our study and
unlikely to be true in most clinical trials (9, 10, 19). Results obtained in this analysis are
generally in agreement With previously published findings. In practice, the cost functions
vary among patients. Thus, a patient who accrues costs at higher rates tends to generate
larger total costs at both the survival time and censoring time, which implies that the total
cost at the survival time is positively correlated with the total cost at the censoring time.
This correlation implies that “censored” total costs cannot be analyzed by the Kaplan-
Meier analysis method which requires independence between the variable of interest and
its censoring variable. Patients with lower costs will always be censored sooner than the
patients with higher costs on the survival cost scale. Because the patients with lower costs
are censored sooner, the Kaplan-Meier cost method estimator will overestimate the true
mean total costs. However, we found that the Kaplan-Meier cost method gave an accurate

estimate of the “true” cost under informative censoring where patients with ill health
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were censored. This is probably because in our study the censored patients under
informative censoring were the sicker patients in the cohort and there was a systematic
tendency for the intervention to increase costs for the censored patients more than for the
uncensored, thus incurring the highest costs. When these patients were censored before
the high costs were incurred, the Kaplan-Meier cost method would not overestimate the
“true” cost and gave the more accurate estimate of mean total costs within the constraints
established by our data. Therefore, we need to extend the analysis to the other clinical
studies to see if this observation is generalizable.

A natural extension to the Kaplan-Meier cost method is to apply Cox’s proportional
hazard regression model on a cost scale, in order to adjust for factors that may influence
patient costs. In one published assessment of the predictive validity of Cox’s proportional
hazard regression model when applied to costs, Dudley et al. (20) found that Cox’s PH
regression model led to fairly accurate predictions of mean costs, median costs, and the
proportion of patients with high costs within their sample of 155 patients undergoing
coronary artery bypass graft surgery. Findings of the accuracy of Cox’s PH regression
model in this study are consistent with the literature, so we can lend credence to our
results. Cox’s PH regression model was detected to be applicable for the analysis of
censored cost data in this study. The full distribution of costs can be analyzed without
influence by extreme values. In essence, the extreme values pull the entire distribution
towards the high cost patients; this phenomenon leads to overestimation of the high cost
portion of the distribution. Since cost data often contain high cost extreme values, Cox’s
PH model appears better suited to analyses of cost data. Besides, Cox’s PH model makes

no assumptions concerning the distribution of costs, so the model can be used to fit
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skewed cost distributions. An additional advantage of Cox’s PH model is that it can
handle censored observations. Longitudinal cost studies always face incomplete follow-
up problem as patients are followed in time. Ability to address censored data may be
useful in analysis of such longitudinal data. Thus, Cox’s PH regression technique appears
to be particularly helpful in analysis of skewed, censored data often encountered in the
evaluation of hospital costs as our CHART study. Therefore, it appears that Cox’s PH
regression approach may be reasonable in some practical settings, though as noted
previously, the assumption of independence between the censoring mechanism and costs
strictly necessary for its validity may not be satisfied in the cost estimation. It remains to
be seen whether general conditions can be derived under which the approach will
provably yield a reasonable result in the costs setting.

Similarly, one previous study proposed the Stratified Cox model and found that a
Stratified Cox regression model performed well in estimating the 2-year costs of
Medicare patients admitted to the hospital for ischemic stroke (24). An attractive feature
of the Stratified Cox model is that there are no assumptions relating to the independence
of censoring. A proportional-hazard model is fitted within each stratum, so that the
random variable of interest is the total costs incurred within a pre-specified time interval.
In this way, the “one-to-one” link between the flow of costs and the flow of time is
avoided. However, the Stratified Cox model was shown to consistently produce the least
accurate estimate of mean total costs regardless of the underlying censoring mechanism
and censoring level in our analysis. As noted, the censoring mechanism differs for this
method as patient costs are censored within strata if they are incomplete for the full strata,

and reasons for censoring include death or incomplete cost collection due to patient
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censoring. Censoring the costs of patients who die is an option with survival methods, but
it is still open to debate whether such censoring should be performed. One key concern is
that a patient death in the Cox model is “informative censoring” which may introduce an
element of bias in the cost estimation. Recently, one other study also reported that the
Stratified Cox model produced the poorest estimate of mean total costs in a comparison

with other methods for estimating the mean total costs in the presence of censoring (19).

5.2.5 Non-parametric methods

Lin et al. (10) acknowledge the difficulties of survival analysis methods and propose
two methods which attempt to resolve these issues, called Lin’s method CHK and Lin’s
method CHU. They introduce two estimators of mean costs under conditions of censoring
which rely on the study period being partitioned into a number of subintervals such that
censored observations occur at the boundaries of these intervals. Later studies have
demonstrated that under such circumstances, these two approaches were found to give
consistent estimators of mean costs and the associated variances were analytically
derived (19, 44). However, results obtained in our analysis are in disagreement with
previously published reports. We note that the validity of these two approaches depend
on the pattern of the censoring distribution being of such a form to allow censoring times
to correspond to the boundaries of the intervals of the partition — which is certainly not
the case for our CHART study and unlikely to be true in most applications. If the
censoring distribution is discrete, the interval boundaries can in theory be chosen to
correspond to the possible censoring times and therefore the estimators are still going to

be consistent. If the censoring distribution is continuous, the shorter the interval length,
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that is the finer the partition of the study period, then the more unbiased the estimators.
There is however a constraint associated with this point with reference to Lin’s method
CHU, which requires that the length of the intervals of the partition is such that it allows
a reasonable number of deaths to be observed in each subinterval. In our present study,
the hospital cost data were collected in 3, 6, 9 and 12 months after treatment started.
Thus, a patient censoring in month 5 would have a recorded month 3 cost data but a
censored cost at month 6. So it may not be possible however to ensure that the censoring
times were confined to the boundaries of the intervals of the partition as required for
consistency. In practice, there is no a priori reason however to expect censoring to
conform to any such pattern and therefore in most applications consistency will be
violated to some degree. As noted, the accuracy of Lin’s method CHU estimate relies on
the number of uncensored individuals in each subinterval and on the number who have
complete costs at the largest observed time. A recent published study has evaluated the
impact of varying the duration of analysis (45). It was found that the estimator of Lin’s
method CHK which uses intermediate individual cost histories appeared to be more
accurate under a wide variety of conditions as opposed to the estimator of Lin’s method
CHU which is sensitive to the number of individuals contributing cost information. In
general, the absolute mean cost estimates of Lin’s two nonparametric methods decrease
as the duration decreases since they are estimating the average cost over a shorter time
period. This gives a strong indication that the issue of short-term (12 months in this case)

is primarily responsible for Lin’s two nonparametric estimators’ poor performances in

our results.
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The limitations of Lin’s two nonparametric methods have led to a further set of
estimators proposed by Bang and Tsiatis (13), called the Weighted method CHK and the
Weighted method CHU. Their estimators were shown to be consistent regardless of the
censoring pattern and their variances were analytically derived in a recently published
report (45). In our data analysis, the findings confirm that the Weighted method CHU for
estimating the mean total study costs given censoring, consistently, gave the mean total
costs more accurately than Lin’s two nonparametric methods regardless of the underlying
censoring mechanism and censoring level. If it was assumed that cost histories were
collected, the Weighted method CHK tended to give better estimates of the mean total
costs. Results are in agreement with recently published findings. In contrast, the set of
estimators proposed by Bang and Tsiatis do not impose any restrictions on the
distribution of censoring times. For instance, the idea underlying the partitioned weighted
estimator is similar to that proposed by Lin et al., but the advantage of this method is that
the consistency and asymptotic normality of the proposed estimator, unlike Lin’s, does
not depend on the choice of the partition or the discreteness of the censoring times. That
is the asymptotic properties of this estimator are independent of the censoring pattern.
Furthermore, it was detected that there was a similarity between estimators of Lin’s
method CHU and the Weighted method CHU in that they both use only the complete cost
observations in estimating the mean costs. Lin’s method CHU explicitly states that it
relies on a “reasonable” number of deaths in each sub-interval of the partition and
suggests a minimum number of five deaths in each subinterval. By contrast, the Weighted
method CHU estimator does not rely on the pattern of the censoring distribution and

therefore the small number of complete cost observations does not affect the estimates in
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the same manner as in Lin’s method CHU. However, caution should be exercised when
applying all two weighted estimators in circumstances where there was heavy censoring
in the tails of the distribution with small sample sizes which was common in real clinical
trials. With regard to the two partitioned estimators of Lin’s method CHK and the
Weighted method CHK, they are similar in that they both divide the study period into
subintervals and make use of individual intermediate cost history within each subinterval
and in that they both use a weight to adjust interval costs for censoring. They are different
both in the choice of this weight and in the interval costs that are adjusted by it. In Lin’s
method CHK, the weight is the Kaplan-Meier probability of survival to the start of the
interval that adjusts estimates of mean costs in the interval, whereas the Weighted method
CHK estimator uses the inverse of the probability of an individual not being censored
evaluated at a given point in time to adjust individual observed costs in the interval.
Basically, Lin’s two nonparametric approaches and the two weighted approaches all
require the same amount of cost information, but the two weighted approaches are not
restricted by the pattern of the censoring distribution and are therefore more general, they

might be preferred to estimate the mean costs in most applications.

5.2.6 Regression methods

The cost of treating disease depends on patient characteristics, but standard tools for
analyzing the clinical predictors of costs have not been well developed. Until recently,
regression-based methods proposed by Lin are the only available methods that allow the
analyst to control for confounding while addressing the problem of censoring (11). Lin’s

models provide expressions for coefficient estimates and their variances and are simple
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extensions of the ordinary least-squares regression model. Results in our analysis are
general consistent with Lin’s findings. It was detected that Lin’s regression estimate
CHK tended to give the better estimate of mean total costs, if it was assumed that cost
histories were recorded. The advantage of this method over Lin’s regression estimate
CHU is that there is an increase in the cost information being used by this estimator, as
individuals who were treated as censored in Lin’s regression estimate CHU, will be
uncensored in some of the intervals of the partition in which their costs will contribute to
the estimates. In contrast, individuals whose survival times were censored do not
contribute any cost information to the estimator of Lin’s regression estimate CHU. Thus,
the estimator of Lin’s regression estimate CHK may be more efficient when there is
heavy censoring. Furthermore, Lin’s regression approaches allow arbitrary censoring
patterns which is more likely to be true in most applications and certainly the case for our
CHART frial data, whereas that of Lin’s nonparametric approaches require censoring to
occur only at the boundaries of intervals.

However, there are two major problems with the application of ordinary least-squares
to cost data. First, the assumptions underlying the ordinary least-squares may not hold for
cost data. In particular, since there is a tendency for cost data to be highly skewed, neither
the data nor the residuals from the regression may be normally distributed. The second
major problem is that a few extremely high cost observations may dominate the results of
ordinary least-squares regression. Thus, there are several reasons to consider alternative
methods based on plausible parametric assumptions. Carides et al. (12) fit either
parametric or nonparametric regression relationships between cumulative treatment cost

and survival time, for uncensored patients. A particular advantage of this approach is the

109



gain in efficiency over purely nonparametric methods which results from the estimation
and use of this relationship. Our present study demonstrates the same findings previously
found by Carides. The two-stage estimator of Carides’ regression method was shown to
be close to Lin’s method CHU estimator in our data analysis. And the standard error
estimates were somewhat lower for the two-stage estimator, indicating an improvement
in efficiency. In theory, Lin’s method CHU estimator can be thought of as a special case
of the two-stage estimator, where the total treatment cost is estimated by a step function
rather than a smooth curve. This is the simplest form of nonparametric estimator for a
mean function and was originally discussed by Tukey (46) in the context of exploratory
data analysis. Furthermore, the two-stage estimator was found not to assume any
knowledge about the stream of costs over time for individual patient. These cost histories
may not be known in some applications, such as in a retrospective utilization study.
However, a caveat with respect to the use of the parametric form of the two-stage
estimator is the potential for misspecification of the functional form of the relationship or
error structure and consequent bias and loss of efficiency.

Generally, use of the regression-based estimators may lead to further insights about the
mechanism generating the data. For example, if censoring depends on age, then it is
possible to incorporate this into the modeling of the censored cost data. If censored data
exists then it is important to try to establish the reason why the data is censored before
any modeling is carried out. This may help when deciding if any censoring assumptions
are reasonable. In addition, the regression-based methods could model the cost-accrual

and survival process over time, and so allow extrapolation beyond the length of the trial.
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Fenn et al. (21) point out the importance of this to meet the long-term perspective needed

for practical economic evaluation.

5.2.7 Censoring mechanisms

Methods for addressing censored cost data depend upon the censoring mechanism, that
1s, the reason for the data being censored. It is important to determine whether the
censoring is related to the study variables or is predictable by study variables. Previous
studies have pointed out that the appropriate strategy for analyzing censored cost data
depends on mechanisms that give rise to censoring data (18, 19). Within the context of
the analysis in our present study, it was found that the accuracy of mean total cost
estimates depended not only on the method chosen to estimate the mean costs but also on
the censoring mechanism. Results are generally consistent with previously published
findings. It was shown that the accuracy of mean cost estimates under informative
censoring was more complicated compared with random censoring and end-of-study
censoring. Informative censoring occurs when patients drop out of a study for reasons
that are related to the event of interest. However, it is difficult to distinguish between the
informative censoring and the other censoring mechanisms. Because no censored cost
data are observed for non-respondents, without external information there will be no way
to judge whether the non-respondents censoring data are systematically different from the
respondents observed data. Thus, the informative censoring may not be detected, and so
the analysis with informative censoring requires some care. Some methods illustrated
here rely on the assumption of independent censoring, such as Lin’s two nonparametric

methods and the two weighted methods. This assumption is clearly not satisfied if
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patients are withdrawn from the study for health or cost related reasons. It is very
difficult, if not impossible, to deal with such informative censoring even for the survival
time distribution itself. Therefore, we must carefully examine the independent censoring
assumption before applying the proposed methodologies to the other data sets. Further

work is needed to investigate whether the censoring mechanism affects the size of the

bias.

5.2.8 Levels of censoring

From theory it is expected that the degree of censoring will have a direct impact on the
estimators’ performance with this deteriorating as censoring level increases, although this
mmpact will vary among the approaches. Several previous studies have pointed out that
the accuracy of mean total cost estimates may be influenced by the proportion of
censored cases (10, 13, 19, 44). However, all previously published reports were all based
on one or two methods. The present study is the first to compare the twelve different
methods to adjust for censored cost data under different levels of censoring to assess
whether any particular method consistently performed well. It was determined that the
estimates of mean total costs from all twelve methods deteriorated as the proportion of
censored cases increased and the estimates of standard error became less precise as the
level of censoring increased in our study. A direct consequence of heavy censoring is that
when the censoring level is high, there is more variability in the underlying data set than
there is when the censoring level is low. It may render the estimators increasingly
unstable, especially with the small sample size. Thus, the caution should be exercised

when apply all the methods illustrated here in circumstances where there is heavy
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censoring with small sample size which is common in many real clinical trials, and also

precisely the case in our simulated data sets.

5.3 Limitations

This study has a number of limitations:

First, it was conducted using simulated data sets generated from a single Randomized
Controlled Trial (RCT) data. Although this would give more “real life” significance to
the research, this approach may have the potential limitation due to the unique features of
the single RCT presented in all simulations. Thus, the results may not be generalized to
other applications. In general, the RCT data generation under a pre-determined set of
parameters (e.g. variability in cost, co-morbidity) is theoretically a long and time-
consuming process. This is so because you need to generate data from a distribution with
all known characteristics, transform the data so that the data have desired shapes, and
transform the data so that the simulated variables can be considered as samples randomly
drawn from a population with all known inter-variable relationship pattern. It is obvious
that this approach typically requires complex programming. Thus, our present study
adopted only one single RCT in all simulations. Nevertheless, we believe that the
proposed methods here for estimating the mean total costs in the presence of censoring
should be generalized to other short-term trials similar to the CHART study.

Second, we compared various methods for predicting the mean total costs under each
of the three censoring mechanisms (random, end-of-study and informative censoring)
separately in this study. All methods except the Stratified Cox model produced favorable

estimates of mean total study costs in the presence of each censoring mechanism. In
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practice, censoring will not arise solely due to one type of censoring mechanism, since
data may be censored due to random, end-of-study and informative causes all within one
data set and it will not always be possible to distinguish what the underlying censoring
mechanisms might be.

Third, several methods illustrated here for estimating the mean total costs in the
presence of censoring (e.g. the Stratified Cox model, Lin’s nonparametric methods, Lin’s
regression estimate CHK, the Weighted method CHK and Carides’ regression method)
all involved partitioning the study period into a number of subintervals. The choice of
intervals for these methods will lead to the different degrees of accuracy, and the
optimum number and lengths of intervals will rely on the choice of method. The
previously published work has demonstrated that choosing the smaller interval lengths
tended to give more accurate estimates for most of these methods (38).

Finally, for informative censoring, the proportion of censored cases (8%, 15%, 21%)
depended on the choices of level of MET scores at which the data was censored.
Although the estimates of mean total costs were very reasonable under informative

censoring, varying these choices may result in the different degrees of accuracy among

the methods.

5.4 Conclusions and future work

Despite the limitations associated with this study, the present analysis has identified
the methods whose performance is deemed satisfactory for estimating the mean total
costs regardless of the underlying censoring mechanism and level of censoring.

Consequently, their application to the analysis of censored cost data is appropriate when
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the estimates of mean total costs over the study period are sought. Furthermore, we offer

the following recommendations on appropriate estimation of mean costs in the presence

of censoring.

1.

In practice, the Uncensored cases method, Cox’s proportional hazard regression
model and the Weighted method where cost histories were unknown may be
appropriate methods for estimating the mean total costs in the presence of censoring
in short-term studies (not more than 12 months). Under similar situations as our
CHART study, the three proposed methods performed more than adequately.
However, the proposed methods may not be suitable for estimating the mean total
costs to adjust for censored cost data in the long-term studies. Research is needed on
other longer-term data sets to assess the performance of these proposed methods and
whether the results shown here using the CHART study can be generalized.

When only total costs are available on each patient, the Weighted method CHU is
recommended. However, more efficiency can be obtained from having more
information on cost accrual, and we recommend that costs per patient in each of a
number of intervals should always be collected in trials with censoring. If enough cost
histories are collected, Lin’s regression estimate CHK and the Weighted method
CHK are then recommended.

Other approaches were not identified to give the accurate estimates of mean total
costs in our present study, but may be more efficient in long-term studies. However,

future work is needed to assess whether these approaches can perform well in longer-

term data.
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4. When interest extends however beyond the length of the trial or when questions
regarding the effect of covariates on cost occur, parametric models become a
necessary alternative. It is clearly important that such parametric models make
adjustment for censoring. However, we are not aware of any general work of this kind

in the literature, but suggest that this is an emerging area for research.

With respect to the limitations discussed above, some future work will be needed.
First, in order to avoid the unique features of the single RCT in all simulations, we need
to extend the analysis here to the simulations under various scenarios to assess whether
the results shown here using the CHART study can be generalized. Second, the future
research needs to extend to other data sets to explore what might happen when the
underlying censoring mechanism is unknown. Third, for the methods which involve
dividing the study period into a number of subintervals, we are in process of future work
to determine the optimal choice of interval lengths for each method, and to determine
how this might vary across different data sets. Finally, we plan to explore how varying
the choices of level of MET scores varies the accuracy of mean total costs for informative

censoring in a further work.
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