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SUMMARY

A system of seemingly unrelated regression equations is proposed for prognostic factor adjustment
and subgroup analysis when comparing two groups in a cost-effectiveness analysis with censored data.
Because of the induced dependent censoring on costs and quality-adjusted survival, inverse probability
weighting is employed for parameter estimation. The method is illustrated with data from two recent
examples using both survival time and quality-adjusted survival time as the measures of effectiveness.
Copyright © 2004 John Wiley & Sons, Ltd.

KEY WORDS: regression; censored data; cost-effectiveness; incremental net benefit; inverse probability
weighting

1. INTRODUCTION

The increasingly common practice of collecting individual patient cost data in randomized
clinical trials has motivated the development of new statistical methodology designed to an-
swer questions regarding the cost-effectiveness of new therapies. Early development focussed
on making inference related to the incremental cost-effectiveness ratio (ICER) [1-10]. More
recently, due to the problems associated with ratio statistics, attention has shifted to incremen-
tal net benefit (INB) [11-23]. The analysis of INB requires the specification of the decision
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132 A. R. WILLAN, D. Y. LIN AND A. MANCA

maker’s willingness-to-pay (WTP) for an additional unit of effectiveness (denoted as A), or
at the very least, the analysis must be presented as a function of 4 so that readers can apply
the WTP most appropriate for them. Regardless of whether an ICER or an INB approach is
taken, the between-treatment differences with respect to cost and effectiveness, together with
their respective variances and covariance, must be estimated.

In this article, we use a system of seemingly unrelated regression equations to provide a
general method for prognostic factor adjustment and subgroup analysis in cost-effectiveness
studies with censored data. A similar approach was recently applied to uncensored data [24].
The method can be used in either an ICER approach or an INB approach, and does not require
that the set of covariates for costs and effectiveness be the same. The use of covariate ad-
justment is essential for observational studies, since patient groups are likely to have baseline
differences with respect to factors affecting both costs and clinical outcomes. In clinical trials,
however, regression models are used most effectively for identifying treatment by prognostic
factor interactions in the examination of subgroup effects. In the current paper, we propose
to use the method of inverse probability weighting to provide regression models for covariate
adjustment and subgroup analysis in cost-effectiveness analysis in the presence of censoring.
The measure of effectiveness can be either survival time or quality-adjusted survival time.
Inverse probability weighting is used because, even when censoring is completely at ran-
dom, censoring on the cost scale and the quality-adjusted survival scale will be informative
[21-23,25-37]. There exists a positive correlation between a patients costs accumulated to
death and his or her costs accumulated to censoring. This results because patients accrue costs
at different rates. The same problem exists for quality-adjusted survival. Consequently, stan-
dard life-table methods applied to cost or quality-adjusted survival data will provide biased
results.

The paper is structured as follows. The model and general methodology is outlined in
Section 2. Two examples are given in Section 3. In the first the measure of effectiveness is
survival time and focuses on the identification of interactions for subgroup analyses. In the
second the measure of effectiveness is quality-adjusted survival time. A discussion follows in
Section 4.

2. METHODS

2.1. Costs

Consider a two-arm randomized controlled trial in which patients are randomized into
either a treatment group or a standard group. For patient i let D; and U; be the times from
randomization to death and censoring, respectively. Let G(¢)=Pr(U;>t), X;= min(D;, U;),
0;=I{D;<U;} and 6;=1 — J;, where I{-} is the indicator function. The function G(¢) is the
probability of not being censored in the interval [0,¢). Let the time period of interest (0, 1]
be divided into the K intervals (ar,ari1], k=1,2,...,K, where 0 =a,<a, < --- <ag, =T7.
Typically the intervals (a;,a;.] are the shortest intervals for which disaggregated cost data
are available, and usually correspond to the intervals between data collection visits. If cost his-
tories are not available, and cost data are aggregated for each patient over the entire duration
on trial, then K =1, @¢; =0 and ag.; =t. Note that U;>7 for all patients followed alive for
the period of interest. Let Cy; be the observed cost for patient i during interval k. Naturally,
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COST-EFFECTIVENESS REGRESSION 133

Cii =0 for all £k where a;>D,. Let X, = min(X;,ax;1). Let G:Z,leCk,» and consider the
linear regression model £(C;) = frZ¢;, i=1,2,...,n, where E is the expectation function, Z;
is a vector of covariates whose effects on costs are of interest and ¢ is a vector of unknown
regression parameters. The first component of Z¢; is set to 1 to provide an intercept, and the
second component equals 1 if the ith patient is in the treatment group, 0 otherwise. Therefore,
the second component of f¢ is the mean difference in cost between randomization groups,
adjusted for the other covariates, and is denoted by A..
From Lin [25], fc can be estimated by BC:ZfZI ﬁCk, where

-1
A nooofk n 65 Cri

ﬁ — _ ki ch_ Z/- Akl ZCi
C" ,;G( e i:ZlG(X,;;)
G(t) is the product-limit estimator of G(t), and J;; =J; + o;1 {Xi>ar1}. Note that o), =1 if
the ith patient died or survived to at least a;,;, and O otherwise. The second component of

pc, denoted by A, is the estimator of the mean difference between randomization groups,

adjusted for the other covariates. The variance—covariance matrix of ﬁc is estimated by

V(pe)=n""Az'BcAZ!

where
A 1 A 1 n K K L. 2
Ac=n" ZZC!ZO’ Be=n""% > > ScuCcm
i=1k=1m=1
z o (Ckz ﬂ ZCt) R n 51{X<)(z}
é . Yki\~r — PCk~Cl) i+5iF - J j Fros
Cki G X Ch ; 7& Chj
R=I{X>X)
Jj=1
and
n 1{X>X:}03(Chy — BeZey)
FCkl - R C/
i j=1 G( kj)

The element in the second row and second column of V(ﬁc), denoted oﬁAC, is the estimator
of the variance of AC.

2.2. Quality-adjusted survival

Recall that the period of interest is divided into the K intervals (a;,ar41] (K=1,2,...,K),
where 0=a;<a, < --- <ag.; =7. Let g be the observed quality of life experienced by the
ith patient during time interval k. The quantities gy can be determined in the following way.
Suppose patient i has m; quality of life measures taken at f;1,%y,...,%,,, With respective scores
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0i1,Qizs- -+ » Oim,- Then gy = fai”' O(t)dt, where

On 0<e<ty
i1 — in )T — Ty
o) O + (© +Z/1 le )f(h ) tin <t <tjpy
)= ih+1 — L
Qim; tzm,<t<)(z
0 t=X;

Let g;= Zf;l g and consider the linear regression model E(g;) = fpZg;, i=1,2,...,n, where
Zg; is a vector of covariates whose effects on quality-adjusted survival times are of interest
and fr is a vector of unknown regression parameters. The covariates included in Zz need
not be the same as those included in Zg from Section 2.1. Again, the first component of
Zg; 1s set to 1 to provide an intercept, and the second component equals 1 if the patient
is in the treatment group, 0 otherwise. Therefore, the second component of Sz is the mean
difference in quality adjusted survival time between randomization groups, adjusted for the
other covariates, and is denoted by A,.

Using the same methodology from Lin [25], fr can be estimated by ﬁE :ZkK:IﬁEk, where

—1
A n 5; n 5*Qk
— _ i ZiZI,' Akl lZ,'
P <Z G ) G

The second component of ﬁE, denoted by A., is the estimator of the mean difference between
randomization groups, adjusted for the other covariates. The variance—covariance matrix of f5;
is estimated by V(f;)=n""4;'BzA; ", where

AAE = n_]EZEiZ]giﬁ BE :n_lz Z Z éEkléEml

i=1 i=1 k=1 m=1
2 0 qui — i +ZEi) N n 5 1{X <X}
o= | 2o B T+ OiF — Y = Fy
Efi G ( X,:; ) El Ek j;l R_j Ekj

and

n I{X5 > X} (quy — 3,'5kZEj)

Foni =
H R,, 1 GX:)

Zgj

The element in the second row and second column of V(ﬂE) denoted by O'A , 1s the es-

timator of the variance of A The covariance matrix between ﬁc and ﬁE is estimated by
C(ﬁc»ﬁE)—” AClBCEAE , where

K
Z éCkié};’mi

1 m=1

M=
Ngls

BCE:I’Z !

i=1k
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The element in the second row and second column of é(ﬁc,ﬁE), denoted by 6a_a,, is the
estimator of the covariance between A, and A,.

2.3. Survival time

Let D = min(D;, 7). Consider the linear regression model E(Dj*) = f1.Zg, i=1,2,...,n, where
Zg; is a vector of covariates whose effects on survival times are of interest and S is a vector
of unknown regression parameters. Again, the first component of Zg; is 1, and the second
component is the treatment indicator. Therefore, the second component of fr is the mean
difference in mean survival between randomization groups, adjusted for the other covariates,
and is denoted by A,.. Let X;* = min(X, 7).

Using the same methodology from Lin [25], fr can be estimated by

-1
A no 5k noorXF

= %Z,Z’i ,\l 4 Z,‘
b (gG()fi*) ' E) He0

where 07 = 9;+,/{U; >1}. Note that 67 = 1 if the ith patient died or survived the entire dura-
tion of interest, and 0 otherwise. The second component of ﬁE, denoted by Ae, is the estimator
of the mean differencec between randomization groups, adjusted for the other covariates. The
variance—covariance matrix of ﬁE is estimated by

V(B,)=n""4;"'BpA;", where

A\E :n_IEZEiZéi and B\E:n_lz:éEié/Ei
/ i=1

i=1

Al =
X — PeZe) ., | s n 51X <X}
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and

1 X > X0 — BiZiy)
Ri 5 G(X7)

Fgi = Ej

The element in the second row and second column of V(ﬁE), denoted &ie, is the esti-

mator of the variance of A,. The covariance matrix between ﬁc and ﬁE is estimated by
C(ﬁoﬁE):n_lAEléchEl, where

n

éCE =n"" > <k§:1 fcm)ffy,-

The element in the second row and second column of C‘( ﬁc, ﬁE ), denoted Ga_n,, is the estimator
of the covariance between A, and A,.
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2.4. Incremental cost-effectiveness ratio

The adjusted ICER is estimated by AC/AQ, with the Fieller [5, 6] solution for the 100(1 — o)
per cent confidence limits given by

(AJAN((1 - zlz_a/zaec +z1_4p \/ae +a, —2a, — le_a/z(aeac a2 )N/(1 -z} 220e))

~ A2 ~ ~
where a, = o:i/Ag, ac =063 [A,, o =6a,n,/(AA,) and z;_, is the 100(1 — 2/2) percentile
of the standard normal distribution.

2.5. Incremental net benefit

Letting A denote the w1111ngness -to-pay for a unit of effectiveness, the adjusted INB(1) is
estimated by b, = XA AC, with variance 6 =126 ZA + GA — 226a,a,. The 100(1 — 2a)%
confidence limits for INB(A) are given by b; :l:zl .6, and if bi/ g, exceeds z;_,, the hypothesis
INB(1)<0 can be rejected in favour of INB(1) >0, at the level o, leading to the conclusion
that treatment is cost-effective compared to standard.

2.6. Subgroup analysis

The regression model allows for sub-group analysis. Suppose investigators are interested in
determining whether a certain sub-group, say males for sake of argument, have the same
incremental net benefit as females. To accomplish this let Z¢; = Zg; = (1,zi1,2i,2i3), Where z;
is the treatment variable (1 if patient / is randomized to treatment, 0 otherwise), z;; is 1 if the
ith patient is male and 0 if female, and z;3 equal z;; x z;;. The covariate z;3 is the interaction
between sex and treatment. The parameter of interest is A(fg)s — (Bc)s, where (b); is the jth

component of the vector b. If )v<[§E)4 — <ﬁc>4 is positive, then males (since they are coded 1)

are observed to have greater INB(A). The opposite is true if Jv<ﬂAE>4 - (ﬁc>4 is negative. The
hypothesis that INBaes(4) = INBemales(4) can be rejected at the level a, if

|4(Be)a — (Bedl
V2P Beas + PBe))as — 24CBes B as

exceeds z,_,», where (f8);; is the (7,/)th element of matrix B. When testing for interactions,
both terms should be included. Observing that <BC>4, <ﬁE)4 or both are not statistically sig-
nificant does not mean that they are known to be zero with 100 per cent certainty, and the
additional test of the hypothesis A(fr)s — (fc)a =0 is required to determine if there is a sig-
nificant interaction with respect to INB between the variable in question and randomization
group.

3. EXAMPLES

3.1. The Canadian implantable defibrillator study (CIDS)

In a trial of patients at risk of cardiac arrest, a total of 659 patients with resuscitated ventricular
fibrillation or sustained ventricular tachycardia or with unmonitored syncope were randomized
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Figure 1. Censoring-free survival curves for CIDS example.

between amiodarone and implantable cardioverter defibrillator during the period from October
1990 to January 1997. Due to budgetary constraints, the costs were collected on the first 430
patients only. The analysis illustrated below includes only those 430 patients. The primary
outcome measure was all-cause mortality. The clinical results are reported in Reference [38],
and the economic evaluation in Reference [39]. A non-significant reduction in the risk of
death was observed in the defibrillator arm, from 10.2 per cent per year to 8.3 per cent
per year (19.7 per cent relative risk reduction; 95 per cent confidence interval, —7.7 to 40
per cent; P=0.142). For the economic results reported below, the duration of interest is 6.5
years (78 months), i.e. T=6.5. Censoring is present since not all patients were followed for
78 months. The censoring-free survival curves are shown by treatment arm in Figure 1. The
censoring pattern is essentially the same in both arms and begins around year 4, reflecting
the administrative censoring done at the time of analysis.

The covariates left ventricular ejection fraction (F') and sex (X) were considered. Ejection
fraction was dichotomized into greater than 35 per cent (' =0) and equal to or less than
35 per cent (F =1). The covariate X was coded 1 for males and 0 for females. The treatment
variable is coded 1 for defibrillator and 0 for amiodarone. The number and proportion of males
and those whose ejection fraction was equal to or less than 35 per cent is shown in Table I.
For any particular regression model, we used only those observations for which there were no
missing data for the covariates included. Using survival time as the measure of effectiveness,
the parameter estimates, standard errors and p-values are displayed in Table II, for the model
with no covariates, the model with each covariate alone and the model with both covariates.
Costs are given in Canadian dollars.

Ejection fraction was statistically significant for both cost and effectiveness, whether or not
sex was included in the model. Sex was not significant for cost or effectiveness, regardless
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Table I. Covariates by treatment, CIDS example.

Treatment
Defibrillator (N =212) Amiodarone (N =218)
Ejection fraction® <35 per cent n 132 147
per cent 64.7 68.7
Males n 184 174
per cent 86.8 79.8

*12 missing values.

Table II. Parameter estimates, standard errors and p-values, CIDS example.

Model
Parameter No covariates  Ejection fraction alone  Sex alone  Ejection fraction and sex
A, Estimate 48 668 49 666 48488 49586
SE 3956 3997 4083 4120
p-value <0.0001 <0.0001 <0.0001 <0.0001
Be.r Estimate 9012 8857
SE n.im. 3871 n.i.m. 3901
p-value 0.0199 0.0232
Be.x Estimate 2876 1579
SE n.im. n.im. 5530 5579
p-value 0.6029 0.7771
A. Estimate 0.4536 0.2958 0.4493 0.2912
SE 0.4131 0.4030 0.4197 0.4012
p-value 0.2722 0.4629 0.2844 0.4683
By r Estimate —0.8974 —0.9079
SE nim. 0.3891 nim. 0.3885
p-value 0.0211 0.0195
B x Estimate 0.3834 0.3999
SE n.i.m. nim. 0.5607 0.5075
p-value 0.494 0.4307
C(A., AL 359.3 365.1 366.4 370.7

n.i.m., not in model.

of whether ejection fraction was included in the model. The signs for the ejection fraction
coefficients were positive for cost and negative for effectiveness, indicating that patients with
ejection fraction equal to or less than 35 per cent cost on average $9012 more and lived
an average of 0.8974 years less. Because of this and the fact that there were slightly more
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Figure 2. Plot of INB versus lambda for CIDS example including ejection fraction alone.

patients in the amiodarone arm whose ejection fraction was equal to or less than 35 per
cent, when ejection fraction is included in the model, the treatment effect increases for cost
and decreases for effectiveness. Therefore, the unadjusted ICER is $107293/life-year which
is less than the adjusted ICER equal to $167904/life-year. Ignoring the possibility of an
interaction between treatment and ejection fraction for the moment, one might choose to use
the parameter estimates from the model with ejection fraction alone in the cost-effectiveness
analysis. The adjusted 90 per cent Fieller [5, 6] confidence limits for the ICER are 52 728 and
—130609. Because the lower limit lies in the North—East quadrant and the upper limit lies
in the North-West quadrant of the cost-effectiveness plane, the confidence interval includes
undefined values (the positive vertical axis), indicating that, because A, is ‘statistically’ close
to zero, there is no upper limit to the ICER, and the proper representation of the confidence
interval is [52,728,00).

The plot of the adjusted estimate of INB and its 90 per cent confidence limits by A can
be found in Figure 2. Minus A. and the corresponding 90 per cent confidence limits are
given where the plots meet the vertical axis. The horizontal intercepts provide the estimate
of the ICER and its Fieller confidence limits. The 90 per cent lower limit of the INB never
crosses the horizontal axis, indicating that no value of the willingness-to-pay would lead us
to reject the hypothesis INB(1)<0 in favour of INB(4)>0, at the 5 per cent level. For the
same reason the 90 per cent confidence interval for the ICER includes undefined values.

A model was fit which included treatment, ejection fraction and their interaction (not shown
in table). The estimated interaction parameter associated with cost was —1772 (p=0.818)
and with effectiveness was 0.2851(p=0.711). The negative estimate for cost implies that the
increase in cost due to the defibrillator was less for patients with a low ejection fraction.
The positive estimate for effectiveness implies that the increase in effectiveness due to the
defibrillator was greater for patients with a low ejection fraction. Neither interaction term is
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Table III. INB interaction between treatment and ejection fraction, CIDS example.

A Berxr? — Berxr S.E. p-value
50000 16028 37254 0.667
125000 37411 94578 0.692
250000 73050 190730 0.702
500 000 144328 383257 0.706
100000 286885 768421 0.709

Table IV. Treatment by type of hysterectomy, EVALUATE example.

Treatment
Laparoscopic Standard
Vaginal (N =487) 324 163
Abdominal (N =859) 573 286

significant, however this is not sufficient to conclude that the interaction on the INB scale
is non-significant for all values of A of interest, although in this particular case since the
p-values are quite high, it is unlikely that there exist any value of 4 for which the interaction
is significant on the INB scale. Thus we tested the hypothesis H : frrxri— Pcrxr =0, where
T x F indicates the treatment by ejection fraction interaction. The estimate BEﬂTX A= ﬂACjTX o
its standard error and associated p-value are given in Table III for several values of 4. The
estimate will always be positive for positive values of 4, but for no values in this range was
the interaction significant.

3.2. The EVALUATE trial

The EVALUATE trial is a randomized comparison of laparoscopic-assisted hysterectomy ver-
sus standard hysterectomy. Detailed reports of the trial can be found elsewhere [40,41].
Patients were divided into two groups, those undergoing vaginal hysterectomy and those un-
dergoing abdominal hysterectomy, and were analysed and reported separately.
Randomization was 2-to-1 in favour of laparoscopy. Allocation by treatment group and
type of hysterectomy is given in Table IV. Effectiveness was expressed in quality-adjusted
life years, and measured using the EQ-5D questionnaire [42]. EQ-5D measurements were
taken at randomization, and at three follow-up visits: 6 weeks, 4 months and 1 year. These
follow-up visits defined the three time intervals (i.e. K =3) with a; =0, a, =6, a3 =17 and
as =52, expressed in weeks. Since the boundaries of the time interval coincided with the
EQ-5D measurements (as they often would), gy, the quality-adjusted life-year score for in-
terval k, equals (Qijxr1 + O )/2 X (ar+1 — ar)/52, where Oy is the EQ-5D measurement at ay.
Total costs, expressed in U.K. pounds, were collected for these time intervals also. Although
there were no deaths, several patients failed to compete all follow-up visits and were con-
sidered censored. Over all treatment arms, all patients had observations for the first interval,
97.5 per cent had observations for the first two intervals, and 86.5 per cent had observations
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Table V. Potential continuous covariates by treatment and type of hysterectomy, EVALUATE.

Vaginal Abdominal
Mean Std. Dev. Median Mean Std. Dev. Median

Baseline EQ-5D  Laparoscopic 0.746 0.256 0.760 0.716 0.266 0.760
Standard 0.758 0.232 0.796 0.691 0.266 0.725

Age Laparoscopic 41.0 6.83 41.1 41.8 7.00 41.9
Standard 41.1 6.45 41.0 41.5 7.63 40.9

BMI Laparoscopic 26.5 5.20 25.5 26.6 5.08 26.0
Standard 26.6 4.87 26.2 26.1 5.49 249

Table VI. Potential binary covariates by treatment and type of hysterectomy, EVALUATE.

Vaginal (per cent) Abdominal (per cent)
Smoker Laparoscopic 37.8 41.7
Standard 40.3 47.1
Previous pelvic surgery Laparoscopic 1.62 0.54
Standard 0 0.73

for all three intervals. The censoring pattern was essentially the same in all treatment arms.
The following variables were considered as potential covariates in the regression models: EQ-
5D at randomization (Q), age (4), body mass index (B), smoking status (K), and whether
or not the patient had previous pelvic surgery (P). K =1 if the patient smoked, 0 otherwise,
and P =1 if the patient had previous pelvic surgery, 0 otherwise. Descriptive statistics of the
covariates by treatment arm are given in Tables V and VI

The first regression models included the treatment variable alone. The final regression mod-
els included a potential covariate if its corresponding significance level was less than or equal
to 0.05 in the model including the treatment variable and all other significant covariates. The
covariate parameter estimates and their corresponding significance levels are given in Table
VII. A 1 year increase in age is observed to increase cost by £24 for a vaginal hysterec-
tomy and by £22 for an abdominal hysterectomy. Smoking is observed to reduce cost by
£186 for a vaginal hysterectomy. Not surprisingly, higher EQ-5D measures at randomization
are associated with higher QALYs during follow-up for both types of hysterectomies. For
abdominal hysterectomy, a one unit increase in BMI is observed to increase cost by £18.
Also for abdominal hysterectomy, previous surgery is observed to increase cost by £2397
and reduce QALYs in follow-up by 0.1394. When the significant covariates are adjusted
for, the treatment difference in effectiveness more than doubles for vaginal hysterectomies
and almost halves for abdominal hysterectomies. These differences have a substantial effect
on the ICER but almost no effect on the INB evaluated at either £10000 or £20000, see
Table VIIIL.
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Table VII. Parameter estimates, standard errors and p-values, EVALUATE.

Vaginal Abdominal
Parameter No covariates Final model* No covariates Final model*
A. Estimate 400.8 425.2 185.8 177.7
SE 69.79 70.72 100.8 102.8
p-value <0.0001 <0.0001 0.065 0.084
Bes Estimate 24.05 21.93
SE n.i.m. 5.399 n.i.m. 9.744
p-value <0.0001 0.024
Bes Estimate 18.21
SE n.im. n.im. n.im. 8.169
p-value 0.026
ﬁa P Estimate —185.5
SE n.i.m. 73.700 n.i.m. n.i.m.
p-value 0.012
Bep Estimate 2397
SE n.i.m. n.i.m. n.i.m. 1201
p-value 0.046
A. Estimate 0.001542 0.003831 0.009148 0.005077
SE 0.01031 0.009778 0.01008 0.009726
p-value 0.881 0.695 0.364 0.602
Bio Estimate 0.1505 0.1656
SE n.i.m. 0.02405 n.i.m. 0.01918
p-value <0.0001 <0.0001
Brx Estimate —0.0242
SE n.i.m. n.i.m. n.i.m. 0.009110
p-value 0.010
Bep Estimate —0.1394
SE n.i.m. n.i.m. n.i.m. 0.06391
p-value 0.029
C(A., Ao —0.08368 —0.1034 —0.2285 —0.2411

*Includes only significant (p <0.05) variables.
n.i.m., not in model.

The only significant covariate by treatment interaction was with smoking in the cost model
for the vaginal group. The coefficient was —505.31, with a p-value of 0.0003. The negative
coefficient indicates that the increase in cost associated with the laparoscopic procedure was
observed to be £505.30 more for non-smokers (£624.35 versus £119.05). To examine the
interaction between treatment and smoking on the INB scale, we added to the final model
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Table VIII. Unadjusted and adjusted ICER and INB with 90 per cent confidence
limits, EVALUATE.

Unadjusted Adjusted
Vaginal ICER 259983 111005
(confidence limits) (19981,—25910) (19502, —35144)
INB(10000) —385 —387
(confidence limits) (=600, —169) (=599, —175)
INB(20 000) —369 —348
(confidence limits) (—740,0.325) (=706,9.47)
Abdominal ICER 20312 34998
(confidence limits) (1438, —25649) (900, —14404)
INB(10000) —943 —127
(confidence limits) (—353,165) (—386,132)
INB(20000) —2.86 —76.2
(confidence limits) (—405,400) (—473,320)

Table IX. INB interaction between treatment and smoking, EVALUATE—vaginal.

2 Be.rxxt — Perxx S.E. p-value
5000 182.4 544.2 0.0028
10000 583.1 258.3 0.0239
15000 621.9 346.3 0.0724
20000 660.8 439.2 0.1323
25000 699.7 534.4 0.1904

given in Table VII the smoking by treatment interaction in the cost model and smoking and
the smoking by treatment interaction in the effectiveness model. Then we tested the hypothesis
H:Bepr«xlA — Pcrxxk =0, where T x K indicates the treatment by smoking interaction. The
estimate BAEﬁTX K= ﬂAcﬁTX k- its standard error and associated p-value are given in Table IX
for a several values of A. For all values of 4 the estimate is positive, indicating that the INB
is observed to be greater among smokers, reaching significance for WTP values less than
£10000/QALY. Since there was no a priori reason to suspect an interaction of this type,
and because we explored several possible interactions, these results should be considered
exploratory at best.

4. DISCUSSION

We have provided a simple but valid approach for covariate adjustment for censored cost-
effectiveness analysis where the measure of effectiveness is either survival time or quality-
adjusted survival time. The regression models are linear and the pattern of censoring is
assumed to be purely random. The proposed estimators, which are based on simple inverse
probability of censored weighting may not be efficient. Robbins and Rotnitzky [43] provide
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a general theory for efficient estimation based on inverse probability of censoring weighting.
However, due to the complex nature of the cost accumulation process, it would be difficult,
if not impossible, to derive asymptotically efficient estimators for our setting.

We have specified linear regression models for both the measures of cost and effectiveness.
For some applications linear models may be inappropriate. Recently, Lin [37] proposed a
class of generalized linear models for cost data and developed the corresponding estimators.
He argued that multiplicative models, which are special cases of generalized linear models,
may be more appropriate than linear models in some applications. Combining the ideas of Lin
[37] with those of this paper, we may develop methods for covariate adjusted cost-effectiveness
analyses using generalized linear models or other non-linear models.

For simplicity of presentation we have assumed that the censoring arises in a purely random
fashion. If this is not true, the censoring time distribution may be modelled using proportional
hazards models, see Lin [25,37], however the resulting estimators are far more complicated.
Lin [37] discusses the conditions under which the inverse probability weighting can be applied.
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