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Abstract. Cost data that arise in the evaluation of health care technologies usually ez-
hibit highly skew, heavy-tailed and, possibly, multi-modal distributions. Distribulion-free
methods for analysing these data, such as the bootstrap, or those based on the asymptotic
normality of sample means, may often lead to inefficient or misleading inferences. On . the
other hand, parametric models that fit the data (or a transformation of the data) equally
well can produce very different answers. We consider a Bayesian approach, and model
cost data with a distribution composed of a piecewise constant density up to an unknown

endpoint, and a generalised Pareto distribution for the remaining tail.

1 Introduction

In cost evaluations conceived to have an impact on medical policy, the main in-
terest is the total healthcare cost, so that it is inference on population mean costs
that is informative. However, cost data obtained for individual patients in health
economic studies typically exhibit highly skew and heavy tailed distributions, and
many problems arise with the various approaches currently available for analysing
such data.

In fact, as discussed in O’Hagan and Stevens (2002, 2003), nonparametric meth-
ods, such as those based on the asymptotic normality of the sample mean or non-
parametric bootstrapping, may be inefficient and their justification breaks down in
small samples. On the other hand, parametric modelling may lead to more efficient
inference, but is dependent on the population distribution matching the model ad-
equately. The main difficulty in this sense is that the high skewness and kurtosis
usually found in cost data imply that the population mean can be very sensitive to
the tail of the distribution beyond the range of the data; one consequence of this
is that parametric models that fit the data equally well can produce very different
answers. Another problem related to the parametric modelling of cost data con-
cerns possible transformations of the data; in fact, as discussed in Thompson and
Barber (2000) and Briggs and Gray (1998), mean values and confidence limits may
be difficult to interpret on the transformed scales, and back-transformation onto the
original scale is not always straightforward.

Here we consider a Bayesian approach, and for the simple problem of estimating
the population mean cost from data on a single sample of patients, we model the
bulk of the data and the tails separately. More specifically, we consider a distribu-
tion composed of a piecewise constant density up to an unknown endpoint, and a
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generalised Pareto distribution (GPD) for the remaining tail. Note this model has
been applied to environmental data by Tancredi et al. (2002).

The first component of the model, the step function, is very flexible, in the
sense that it has the appealing property of catching all the relevant features of the
data; if for instance the data exhibit multimodality, the corresponding model will
be multimodal. However, the step function will hardly give any weight to values
beyond the range of the data; for this reason, we introduce a different model for
the right tail of the distribution, the GPD, that is often used in extreme value
theory to model tail data (see, for instance Coles, 2001). Recall that extreme value
theory is mainly concerned with quantifying the stochastic behaviour of a process at
unusually large (or small) levels, and provides a class of models to enable estimation
of the probability of events that are more extreme than any that have already been
observed.

The model and notations are introduced in Section 2. In Section 3 we apply
our model on a real data set originating from a study comparing two treatments
for asthma, and estimate the population mean cost under both treatments. A few

concluding remarks are presented in the final section.

2 The model

Let h(z|-) be a piecewise constant density on (0, &) with unknown number of steps
s at positions a; = 0 < ay < ... < a; < asy1 = « taking value w; on the subinterval
[ag, asp1); if a® = (ay,...,a,;) denotes the vector of unknown step positions and
w®) = (wy,...,w,) denotes the vector of unknown heights, we can write:

s
h (m S,w(s), CL(S)» CV) = Zwi'[[az)ai+l) (1') (1)
i=1

with the constraint .
Zwi (CLL‘+1 — ai) = 1.
i=1

The step function (1) has been analysed in a Bayesian context by Robert (1998)
and Robert and Casella (1999), and can be seen as a mixture of s uniform distribu-

tions U, 4,,4):
h (.’17 ’57])(8); a(S)a a) - ZpiU[aialh%‘l) (2)
i=1
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where p® = (py, ..., ps), Pi = w; (a1 — a;), and 7 p; = 1.
Moreover, let g(z|a,0,&) be the generalized Pareto density with threshold a,

scale parameter o and shape parameter £, all unknown:

oelo0.6)= 214 €62 ®)

defined on
{m:x>aand1+w>0}.
o

Then we model cost data x1, ..., x, as i.7.d. observations from a distribution with
density

(l—w)h(mls,p(sla(s),a) I<z<a
f(a:;s,p(s), a(S)) «, U,é‘,W) = (4)
wyglz |, 0,9 a<zT <o

where w is the probability that an observation is greater than .
Note that the qualitative behaviour of the GPD depends significantly on the

value of the the shape parameter £. In particular, g(z|a,0,¢) is an increasing
function of x when £ < —1, is constant when £ = —1, while is a decreasing function
of z for £ > —1; moreover, it has an upper bound of & — ¢ /& if £ < 0, while it has
no upper limit if £ > 0. For this reason, when modelling cost data such as those
arising in the evaluation of health care technologies it seems appropriate to impose
the constraint £ > 0. Furthermore, the GPD has finite expected value

o

E(z|a,0,) =a-+ T—¢

only if £ is less than 1; as our main interest is the population mean 4, in what follows
we will also impose the constraint & < 1, so that

38

u:(l—w)Zpia—i%erw[aJrTi—J. 5)

i=1
The behaviour of the GPD for £ € [0,1) is shown in Figure 1; g (x; |a, 0, §) decreases
exponentially for £ = 0 and polinomially for £ > 0, and the tail gets heavier as &

increases.
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Figurel: Generalized Pareto density for different values of £ (& =0, ¢ = 1)

Moreover, it is important to notice that when approximating the distribution
of a tail with the GPD, the scale parameter ¢ depends on the threshold & (see
Coles, 2001 §4.1), and one should take this into account when introducing a prior
distribution for the parameters of the model. However, as pointed out in Tancredi
et al. {2002) and in Coles and Tawn (1996), this problem can easily be avoided by
reparametrizing model (4) in terms of the parameters of the generalized extreme
value distribution (GEV) corresponding to the GPD (Coles, 2001). In particular we

can write o and w as:
o=1+&(a—m)

1
1 [1+§(a—m)} ¢
¥

where m and @ are the location and scale parameters of the GEV, £ is the shape
parameter of the GEV, that coincides with the shape parameter of the GPD, « is
the threshold and n is the sample size; this parametrization has the advantage of
making the parameters m, ), £ independent of «.

Finally, note that Bayesian inference for this model is possible using Markov
chain Monte Carlo (MCMC) methods (see, for instance, Robert and Casella, 1999),
and details can be found in Tancredi et al. (2002).

10
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3 Example: the IMPACT study

We present an example using a study comparing Pulmicort Turbuhaler® and Azmacort®
in the treatment of asthma. The design of the study was a randomised, multicen-
tre, open-label parallel group study; a total of 945 patients (out of which 905 were
included in the health economic evaluation) from 26 Managed Care Organizations
were randomised in a 2:1 ratio to the Pulmicort Turbuhaler® and Azmacort® treat-
ment groups respectively, and were followed for one year starting from their date of
randomisation. The primary clinical endpoint was symptom-free days, while eco-
nomic endpoints were both annual asthma-specific healthcare costs and annual total
costs (asthma-specific plus asthma-associated healthcare costs).

Note that, as the problem we are considering is that of estimating a mean cost,
here we will study only cost data; Table 1 shows sample summaries for asthma-

specific costs and for total costs under both treatments.

Table 1: IMPACT study: sample descriptive statistics

Pulmicort Turbuhaler® Azmacort®
asthma-specific total asthma-specific total
costs costs costs costs
sample size 608 608 297 297
mean 1060.70 1297.94 985.92 1168.07
st. dev. 864.58 1242.19 866.53 968.44
median 869.12 1039.51 815.74 939.25
minimum 17.83 17.83 13.79 13.79
maximum 9553.61 15349.42 9151.25 9253.41
skewness 4.88 5.30 4.61 3.58
kurtosis 40.62 44.29 36.10 23.61

Consider first asthma-specific cost data. As shown in Table 1, patients treated
with Pulmicort Turbuhaler® have a higher mean cost compared to patients treated
with Azmacort®. For the rest, the two distributions seem to have similar features:
for both treatment groups the standard deviations are large, indicating that the
data are spread quite far around the mean, and the median cost is smaller than the
mean, indicating positively skew data; this fact is confirmed also by the standard
skewness statistic 7i;/0%. Finally, in both cases the kurtosis statistic 7i,/0* indicate
that the two distributions of asthma-specific costs are significantly leptokurtic.

11
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Consider now total cost data. Again, as shown in Table 1, patients treated with
Pulmicort Turbuhaler® have a higher mean cost compared to patients treated with
Azmacort®, and for both treatment groups the distribution of costs is highly skew
and leptokurtic. However, for patients treated with Pulmicort Turbuhaler® the
standard deviation is much larger compared to patients treated with Azmacort®,
and the maximum cost is 65% larger than the maximum Azmacort® cost. In fact,
two patients treated with Pulmicort Turbuhaler® had particularly large total costs,
namely $10075.49 and $15349.42, so that in this case the distribution of costs is
more skew and more leptokurtic than when we considered only asthma-specific costs,
as emphasised also by the skewness and the kurtosis statistics (note that, on the
contrary, for patients treated with Azmacort® the skewness and kurtosis statistics

decrease when we move from asthma-specific costs to total costs).

3.1 Estimating asthma-specific mean costs

We now apply our model to the IMPACT data in order to estimate and compare
the asthma-specific mean costs under the two treatments. First, we need complete
the models by introducing the prior distributions for the unknown parameters. In
particular, we assume that for both treatment groups the parameters of the step
function are independent of the remaining parameters of the model. Moreover, we
express weak prior informations by introducing a uniform prior on the range of the
data for the threshold «, a uniform prior between 1 and a maximum number of steps
Smax = 20 for s, and a Dirichlet distribution with all parameters set equal to 1, i.e.
a uniform prior over the region > ;_, p; = 1, for the weights p®). Then, following
Green (2000), as a prior distribution for the step positions a{®) we consider a joint
density providing a slight preference against two step positions occurring too closely
in succession:

ﬂ(a(s)|s,a) & ag (a3 — az) ... (@ — as) . (6)
Finally, we explore the behaviour of three different prior distributions for the GEV
parameters. First, in a totally non-informative case, a priori we model the GEV
parameters in the two treatment groups independently, and introduce the standard

non-informative prior

7 (19, €) = 7 (m) 7 () 7 (€) ox i (7)

12
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It is interesting to notice that in this case the posterior mean of the mean cost p is
infinite; this can be seen by looking at g (z;|a, 0,¢) and p as functions of &, and is
due to the fact that at £ = 1 g (2, |, 0,&) is bounded and non-zero:

-2
o(aileo6) S (14 222)
while p is unbounded, so that
1
| ullotilaoe)m(e)ds = oo
0 i

Clearly this problem could have been avoided by introducing a different prior for &,
for instance a beta distribution with parameters (¢, d) such that ¢ > 1 and d > 2;
for this reason, we explore also the behaviour of a Beta (2,2), so that

ﬂm%@ﬂ@wwwwmgiﬁl (8)

Finally, note that although we might have little prior information, we would not
expect the tails of the distributions of asthma-specific costs to be very different be-
tween the two treatments. In fact, as argued in O’Hagan and Stevens (2003), in
general the large costs observed under one treatment are indicative of the extreme
skewness and kurtosis of costs generally, and their presence suggest that in larger
samples one might find comparable skewness and kurtosis also under other treat-
ments. Accordingly, we consider also an informative Bayesian analysis, in which

the GEV parameters under the two treatments are modelled as exchangeable by

introducing the hierarchical priors:

m ~ N (e1,m) log (¥) ~ N (g2,m2) log (é) ~ N (g3,73) ©)

g1 ~ uniform g9 ~ uniform es~ N(0,1)

where ¢;, &5 and g3 are estimated using data from both treatment groups, and 7y, 72
and 73 are known constants. In particular, as we require that the prior distributions
on m, ¥ and £ individually are non-informative, but also that all three parameters
a priori have similar values in the two treatment groups, here we have assumed
m = 1000%, 7o = 0.4% and 13 = 1. In fact, under these values the ratio of the scale
parameters tends to be not too far from unity, and the differences of the location

13
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and of the shape parameters tend to be not too far from zero (accounting for the
parameters’ scales). Note that m is the location parameter of the GEV, i.e. of the
sample maximum distribution, so that in general |/ should be of the same order
of magnitude of the expected difference of maximum costs, when this information

is available a priori, or at least of the observed difference of maxima. Finally, note

that in this case is

T(€) = /W(fffs)ﬂ(fs)dfa x 'g“(l_l_‘g_)exl){_m {log (TEZHZ}

and it is straightforward to prove that the posterior mean of the mean cost u is
finite.

For each of the three prior distributions discussed for the GEV parameters, and
for both treatment groups, Table 2a, Table 2b and Table 2c show a 95% posterior
credible interval (PClygs) and a point estimate for some of the parameters of the
model (the posterior median for 4 and the posterior mean for q, &, s), obtained with
100000 iterations of the simulation algorithm discussed in Tancredi et al. (2002).

Table 2a: Asthma-specific costs: posterior summaries in the totally non-

informative case

Pulmicort Turbuhaler® Azmacort®
point estimate PClpos point estimate | PClgg5
L 1088 (1008, 1408) 1003 (913,1197)
«a 1282 (1248,1524) 940 (708, 1243)
£ 0.60 (0.38,0.86) 0.37 (0.14,0.67)
8 6.05 (5,9) 2.27 (2,4)

Table 2b: Asthma-specific costs: posterior summaries assuming a Beta

(2,2) prior for £

Pulmicort Turbuhaler® Azmacort®
point estimate PClges point estimate | PClygs
I 1081 (1005, 1280) 1006 (913,1192)
« 1268 (1248, 1309) 947 (707, 1263)
I3 0.58 (0.38,0.81) 0.38 (0.17,0.67)
s 5.98 (5,8) 2.31 (2,4)

14
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Table 2c: Asthma-specific costs: posterior summaries assuming an ex-
changeable prior for the GEV parameters

Pulmicort Turbuhaler® Azmacort®
point estimate PCly g5 point estimate | PClIj g5
L 1051 (995, 1120) 1029 (934, 1166)
o 1281 (1247, 1685) 934 (734,1207)
3 0.50 (0.33,0.66) 0.43 (0.23, 0.63)
8 6.00 (5,8) 2.27 (2,4)

Consider first the results in Table 2a, obtained assuming the prior distribution
(7). As expected, the posterior mean of the shape parameter ¢ is higher for patients
treated with Pulmicort Turbuhaler® than under Azmacort®, indicating that the tail
of the distribution of asthma-specific costs is heavier for the first treatment group.
Moreover, the posterior median of the mean cost p is higher for patients treated with
Pulmicort Turbuhaler® than under Azmacort®, indicating that the first treatment
is more expensive (recall that in this case the posterior mean of y is infinite). We also
looked at the posterior distribution of the difference of the mean costs for patients
treated with Turbuhaler® and for patients treated with Azmacort®, that we denote
with A, = p; — po; the posterior median, a 95% posterior credible interval, and the

posterior probability that A, is greater than zero were
Me(A,|z) =88, PClygs = (—119; 415), P(A,>0]|z)=10.85

respectively.
Consider now the results in Table 2b, obtained assuming the prior distribution

(8); recall that in this case the posterior mean of y is finite, and for the two treatment
groups we obtained 1097 and 1018 respectively. Comparing Table 2b with Table
2a, we notice that here the posterior distributions of £ under the two treatments
have been pulled towards each other. In fact, for patients treated with Pulmicort
Turbuhaler® the posterior mean of ¢ has decreased, and so has the upper limit of
the credible interval for £; at the same time, for patients treated with Azmacort®
the posterior mean of ¢ has increased, and so has the lower limit of the credible
interval for . This is clearly the effect of the Beta (2, 2) prior, that gives more prior
weight to values around 0.5. As a consequence, also the posterior distributions of
the mean cost under the two treatments have been pulled towards each other. In

15
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fact, looking at the distribution of A, we found
Me (A |z) =78, E(A,)z) =79, PClygs =(—124; 289), P(A,>0]z) =0.83.

Consider now the results in Table 2c, obtained assuming the prior distribution
(9). Comparing Table 2b with Table 2c we notice that the exchangeable prior for
the GEV parameters has more effect than the Beta (2, 2) prior in terms of shrinkage;
this is due to the fact that the former suggests that all the GEV parameters, not
just &, are expected a priori to have similar values in the two treatment groups.
Here the posterior mean of the mean cost 4 for the two treatment groups were 1053
and 1034 respectively, and the posterior summaries of A, were

Me (Az) =21, E(A,lz) =19, PClyos = (~88;115), P(A,>0]z) =0.65.

It is also interesting to look at the posterior density estimates under the two
treatment groups, that were found to have very similar behaviour assuming either
of the prior distributions considered for the GEV parameters. Figure 2 and Figure
3 show the posterior density estimates, together with the histograms of the data,

for the totally non-informative case.

0.0015
|

0.0010
I

0.0005
|

00

i T T T i
o] 2000 4000 6000 8000

asthma-specific costs

Figure 2: Pulmicort Turbuhaler®: histogram and posterior density estimate
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Figure 3: Azmacort®: histogram and posterior density estimate

These estimates were obtained by computing at each iteration the density (4) on
a grid of points, and by averaging over the number of iterations. In both cases the
fitting of the model is quite good. In particular, we notice that the asthma-specific
costs for patients treated with Pulmicort Turbuhaler® exhibit bimodality, and the
posterior density estimate has the same behaviour; note that this particular feature
of these data explains why the posterior expected number of steps was quite large in
this case, compared with the posterior expected number of steps for patients treated

with Azmacort®.

3.2 Comparisons with other methods

As pointed out in the Introduction, cost data usually exhibit highly skew and héavy—
tailed distributions, and it can be extremely difficult to produce realistic probabilistic
models for the underlying population distribution. For this reason, non-parametric
statistical methods, that may be applied without regard to the shape of the pop-
ulation distribution, are particularly attractive. These methods are quite common
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mean of a (large) sample of costs will approximately follow a normal distribution
(see, for instance, Thompson and Barber, 2000) and the non-parametric bootstrap
(see, for instance, Briggs and Gray, 1998); note that both methods are based on sam-
ple means, and are justified only in large samples: under the standard normal-theory
a confidence interval for a population mean is based on the Student ¢ distribution,
while the non-parametric bootstrap consists of drawing a large number of inde-
pendent random samples with replacement from the original data, computing the
mean of each sample and considering the bootstrap distribution that is produced. A
Bayesian analogue of the non-parametric bootstrap was suggested by Rubin (1981),
but in the Bayesian setting there seem to be more emphasis on the formulation
of appropriate parametric models for cost data. For instance, in recognising the
extreme skewness and kurtosis of costs, Al and van Hout (2000) assumed an un-
derlying lognormal distribution, and O’Hagan and Stevens (2001) used a lognormal
distribution for performing a cost-effectiveness analysis.

Here, for purposes of comparison, we tackle the problem of estimating asthma-
specific costs using both the non-parametric approaches discussed above and a
Bayesian parametric approach with a lognormal distribution. For the Bayesian
model, following O’Hagan and Stevens (2001), we consider both a non-informative
analysis and an informative analysis in which, in order to moderate the influence of
the extreme sample values, we express a prior belief that the variances of log-costs
should not be too different between treatment groups. The results are presented in

Table 3.

Table 3: Asthma-specific costs: point estimates and interval estimates
obtained with different methods

Pulmicort Turbuhaler® | Azmacort®
) 95% . 95%
Estimate Interval Estimate Interval
Normal theory 1061 (992; 1129) 986 (887;1084)
Non-parametric ) )
e 1060 (996; 1130) 087 (893; 1092)
Lognormal model 1104° (1036; 1181) 1024 | (930;1135)
(weak prior)
Lognormal model 1104" (1035; 1181) 1022 | (930;1132)
(informative prior)

* posterior median.

18
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Three points emerge clearly from Table 3. First, the normal analysis and the non-
parametric bootstrap give very similar results, which is often the case even when
the skewness is very strong, as pointed out for instance in O’Hagan and Stevens
(2003). Second, the informative prior in the lognormal model does not seem to have
much of an effect here; this is probably due to the fact that on the log scale the
variances of asthma-specific costs under the two treatments are quite similar (0.54
and 0.58 respectively), so that the prior distribution is not adding much information.
Third, both the non-parametric frequentist approaches and the Bayesian parametric
analysis produce smaller interval estimates than those presented in Table 2a, Table
2b and Table 2¢, with the frequentist intervals being concentrated at smaller values
of the mean cost. This is an interesting point: looking at the data in Figure 2
and Figure 3, it is obvious that asthma-specific costs are non-normal; the fact that
more realistic assumptions like the lognormal distribution or our semiparametric
model lead to completely different inferences seem then to contradict the claim
that the normal theory and bootstrap methods are appropriate no matter what
the underlying population distribution. On the other hand, whilst it is obvious
that the lognormal distribution is a more appropriate assumption than the normal
distribution, in general the true distributions of costs are unlikely to be lognormal or
any other standard distributional form. In this sense our semi-parametric approach
seems particularly attractive. In the IMPACT example, for instance, the fact that
the upper limit of the posterior credible interval obtained with our model is always
larger than the one obtained with the lognormal distribution seems to show that
the latter tend to underestimate the weight of the right tail of the distribution of

asthma-specific costs.

3.3 Estimating total mean costs

Recall that economic endpoints in the IMPACT trial were both annual asthma-
specific healthcare costs and annual total costs. The analysis of total costs, however,
produced results in accordance with those shown in Section 3.1, so that here we
do not give much details of it. One point that is worth pointing out concerns the
distribution of costs for patients treated with Pulmicort Turbuhaler®; recall that two
of them had very large total costs, so that the skewness and the kurtosis statistics
were even larger compared to the asthma-specific costs case. However, assuming
either of the prior distributions (7), (8) and (9), we noticed that when moving from

19
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asthma-specific costs to total costs, the posterior mean of the shape parameter £ did
not change, neither did the posterior credible interval for {. This is an interesting
point: it is showing that those two large observations are totally coherent with our
model, they are not outliers, so that they do not increase the estimate of the tail
shape. Indeed, what the two large observations modify is the estimate of the mean
costs p under the two treatments: in fact, looking at the distribution of A, we

found
Me(A,|z) = 154, PClygs = (—52; 549), P (A, >0]z)=0.94
under the uniform prior,
Me (AJz) =158, E (A,lz) =166, PClygs = (~55467), P(A,>0]z) =0.93
under the Beta (2,2) prior, and
Me (A lz) =62, E(Alz) =57, PClygs =(—128;213), P (A, >0]z) =0.77

under the exchangeable prior (with 77; = 100002, 7, = 0.4% and 73 = 1).

4 Conclusions

We have presented a semi-parametric approach for modelling the cost data that
arise in the evaluation of health care technologies in order to make inference on
population mean costs. The model combines the semi-parametric approach to den-
sity estimation based on mixture models and the semi-parametric approach to tail
estimation based on extreme value theory. The result is a very flexible model able
to fit data set with very different shapes both in the bulk of data and in the tail.
In particular, this model is suited for cost data which, in fact, exhibit higly skew,
heavy-tailed and, possibly, multi-modal distributions.

One drawback of our model is related to the well known problems that may
arise in conducting Bayesian inference using a continuous sampling distribution in
presence of repeated observations due to rounding (see, for instance, Fernandez and
Steel, 1999). In fact, consider n 4.i.d. replications z = (x1,23,...,2,) from model
(4), and let a; = 0 < ag < ... < a5 < g1 = « be the step positions that identify
the piecewise constant density (1). Then the posterior density can be written as

Vi (a(s),P(s)7 8, Q, 1M, w, gl&) =T (a(5)| p(8)7 8, &, 171, wa ga 2) ™ (p(S)’ S, Q, M, ¢7 5IE-)

20




Semi-parametric modelling for costs of bealth care technologies

where, from (2) and (6), is

s n;
T (a<5)ip(5),s,a,m,w,§,_ag) X (J‘z“‘“> (@1 — as),
o N\l T G

and n; is the number of observations falling between a; and a;41 (with Y7, n; < n).
It follows that if two step positions a; and a;41 tend to assume the same value z,
then m (a(5)|p(3), 8, a,m,w,§,g) goes to infinity whenever n; > 1, 7.e. if more than
one observation in the sample are recorded as having the same value z. Clearly, this
problem could be avoided by introducing a different prior for the step positions, i.e.

a distribution of the form
7 (a9 ]s,a) x (a2)’ " (a3 — az) " (@ — @) (10)

with f greater than the maximum number of repeated observations in the sample.
However, in (10) the hyperparameter f controls the prior beliefs on the length of
the steps, in the sense that by increasing f we favour steps of equal length. It fol-
lows that large values of f result in a much less flexible model. For this reason, in
the analysis of IMPACT data we avoided the problem of repeated observations by
slightly perturbing the original data, adding a uniformly distributed random number
on (-1,1) to the recorded costs (note that the maximum number of repeated obser-
vations for patients treated with Pulmicort Turbuhaler® and for patients treated
with Azmacort® were 20 and 5 respectively in the case of asthma-specific costs, and
9 and 5 respectively for total costs).

In conclusion, we believe that the novelty of our approach is that we can report
model-based inference for mean costs without having to be too concerned about
model misspecification problems. Moreover, by embedding our model in a two di-
mensional distribution, our approach can be used also to model jointly costs and

efficacy measures, in order to carry out a cost-effectiveness analysis.
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