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Abstract

Background Valuations of preference-based measure such as EQ-5D and/or SF6D have been conducted in different countries.
There is potential to borrow strength from existing countries’ valuations to generate better representative utility estimates.
This is explored using two case studies modelling UK data alongside Japan samples to generate Japan estimates.

Methods Data from two SF-6D valuation studies were analyzed, where using similar standard gamble protocols, values for
241 and 249 states were devised from representative samples of Japan and UK general adult populations, respectively. Two
nonparametric Bayesian models were applied to estimate a Japan value set, where the UK results were used as informative
priors in the first model and subsets of the Japan data set for 25 and 50 health states were modelled alongside the full UK
data set in the second. Generated estimates were compared to a Japan value set estimated using Japan values alone using
different prediction criterion.

Results The results allowed the UK data to provide significant prior information to the Japan analysis by generating better
estimates than using Japan data alone. Also, using Japan data elicited for 50 health states alongside the existing UK data
produces roughly similar predicted valuations as the Japan data by itself.

Conclusion The promising results suggest that the existing preference data could be combined with data from a valuation
study in a new country to generate preference weights, thus making own country value sets more achievable for low—mid-
dle income countries. Further research and application to other countries and preference-based measures are encouraged.

Keywords Nonparametric Bayesian methods - Standard gamble - SF-6D - Preference-based health measures - QALY's

JEL Classifications C1 - I1

Background

Economic evaluation using cost—utility analysis (CUA)
has increased in popularity in the health sector given the
budget constraints and the increased importance of wisely
allocating health resources. To measure the benefits from a
certain treatment, CUA employs quality adjusted life years
(QALYs), a measure which multiplies the quality adjust-
ment for health by the duration lived in the given health
state [1]. The quality adjustment weight is generated using
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a preference-based measure, consisting of a classification
system to describe health along with a value set denoting
a utility value for every defined health state by that system.

A large number of preference-based measures of health-
related quality of life (HRQoL) are currently available
including: the EQ-5D [2], Health Utility Index 2 (HUI2)
and HUI3 [3, 4], Assessment of Quality of Life (AQoL) [5],
Quality of Well-Being scale (QWB) [6], and the 6-dimen-
sional health state short form derived from the original short
form 36 health survey (SF-6D) [7], in addition to condition-
specific health surveys [8, 9].

There has been an increased number of data sets, where
preferences have been elicited for the same measure for
different countries. There is a concern that valuations may
differ between countries because of differences in cul-
ture or healthcare delivery systems, thus invalidating the
use of values obtained from one country in another. In an
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earlier research with the EQ-5D valuations, Badia et al. [10]
showed quite small and potentially unimportant differences
between UK, US and Spain. Johnson et al. [11], however,
found that differences between the US and UK were poten-
tially important. Kharroubi et al. [12] extended this work
by developing a nonparametric Bayesian approach to model
differences between these countries in a more intuitive way
than the parametric random effects model of Johnson et al.
[11]. Such an approach has also been applied to the joint
UK-Hong Kong and UK—-Japan SF-6D data set [13, 14].

A key feature of the Bayesian paradigm that is worth
mentioning and nicely captured in a simple phrase is:
“Today’s posterior is tomorrow’s prior”. The paradigm is
about learning, and we can always learn more. When we
acquire more data, the Bayesian modelling approach tells
us how to update our knowledge to synthesize the new data.
The old posterior contains all that we know before seeing
the new data, and so becomes the new prior distribution. The
Bayesian modelling approach synthesizes this with the new
data to give the new posterior, and on it goes. In this regard,
the nonparametric Bayesian model of Kharroubi et al. [12]
brings a key potential advantage as it allows making use of
findings of one country to improve those of another country,
and as such generated utility estimates of the second country
will be much more precise than collecting and analyzing its
data separately. Such a model would be useful in two distinct
ways. In the context when plenty of data on both countries
is available, better estimates of population utility functions
for each country can be obtained by analyzing the data from
one country using the results in another as informative pri-
ors than analyzing the data from each country separately.
Recently, Kharroubi [15, 16] explored this using a case study
for US and UK EQ-5D with time trade-off (TTO) valuation
data, where it is shown that the UK valuations contributed
significant prior information to the US analysis. The findings
proved that using US data alongside the already existing UK
data produced US utility estimates better than using the US
study alone using different prediction criterion, including
predicted versus actual mean health state valuations, mean
predicted error, root mean squared error (RMSE) and an
out-of-sample prediction.

However, in the context when plenty of data is available
on one country and limited data on another, the combined
analysis may also produce better estimation of the second
country’s utility estimates than analyzing its data by itself.
As such, drawing extra information from country 1 may
allow reducing the sample size in country 2 to obtain the
same precision as achieved with a complete study in that
country. Such an analysis will be hugely important in coun-
tries without the same capacity to conduct large scale health
state valuations, especially for countries with smaller popu-
lation size or low- and middle-income countries (LMIC).
Chan et al. [17] used simulation methods to show that health
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utilities derived from shrinkage estimation allow EQ-5D val-
uation studies with small sample size to ‘‘borrow strength’’
from other valuation studies to reduce uncertainty. The find-
ings showed that health utilities based on shrinkage estima-
tors can reduce mean square error and mean absolute error
when compared to country-specific health utilities. Recently,
Kharroubi and Rowen [18] explored this using a case study
modelling UK EQ-5D data alongside smaller US samples to
generate better US estimates. The results showed that using
US data elicited for 20 health states alongside the existing
UK data produced similar utility estimates as the full US
value set for all prediction criteria used, including mean pre-
dictions, RMSE and an out-of-sample prediction, while 25
health states produced the exact features.

A key assumption underlying the two aforementioned US/
UK EQ-5D analyses [15, 16, 18] was the cultural similari-
ties between the two countries, in addition to both having
large quantity of data. However, different countries may have
different preferences in addition to different population com-
positions, work, cultures and language. In addition, people in
different countries may have a different attitude to risk rather
than health per se. All of these could potentially impact on
the relative values given to different dimensions of health
(e.g., physical/social functioning and/or mental health) in
addition to the placement of each health state on the 1-0
full health-dead scale. As a result, this suggests that this
approach may not always produce accurate estimates.

The aim of the paper is to explore the use of the two
models of Kharroubi [15, 16] and Kharroubi and Rowen
[18] for countries with smaller population size and with
different population compositions, different types of work,
greater cultural differences and different language, and for
this to enable the generalizability of these approaches by
making use of experience in a European country to aid the
analysis of a study in another Asian country. This is explored
using two case studies for SF-6D Japan and UK data, where
a Japan value set was estimated using the UK data set as
informative prior in the first model and subsets of the Japan
data set for 25 and 50 health states were modelled alongside
the full UK data set in the second model. The generated esti-
mates were compared to a Japan value set estimated using
Japan values alone. It is to be noted that the work presented
here is focused on the first version of the SF-6D (SF-6Dv1)
and not the new revised version of the descriptive system
(SF-6Dv2). Despite this paper not presenting new methodo-
logical advances, since the models used are replications of
the methods used to model the US/UK data [15, 16, 18], it
further emphasizes the key points made in earlier studies,
such as the better performance of the nonparametric Bayes-
ian approaches in generating accurate estimates.

The first section summarizes both UK and Japan SF-6D
valuation surveys along with the data used in this paper. In
the second section, the nonparametric Bayesian approaches



Bayesian modeling of health state preferences: could borrowing strength from existing... 775

are set out and the results are presented in the third section.
Finally, the results are discussed, including limitations and
some directions for future research.

Methods
The SF-6D descriptive system

The SF-6D is a generic measure of health states derived from
the SF-36 [19]. This preference-based measure includes 6
dimensions, including: physical functioning, role limitations,
social functioning, pain, mental health, and vitality, each
having between 4 and 6 levels. Health states of the SF-6D
are represented by a six-digit number through choosing a
level from each dimension, physical functioning being the
first and vitality the last, generating a total of 18,000 pos-
sible combinations. The best health state is expressed as
111,111, which is the perfect health state indicating no loss
of health in any dimension, while the descriptor 645,655
represents the worst health state known as “the pits”.

The valuation survey and data set
UK

A sample of 249 health states defined by the SF-6D was val-
ued by a representative sample of the UK general population
(n=836). A detailed description of the selection methods of
respondents and health states is reported in Brazier et al. [7].

Each respondent was asked to rank, and then value, six of
these states using the McMaster “ping pong” variant of the
standard gamble (SG) technique. The SG technique asked
the respondents to value five of the six SF-6D health states
against the perfect health state and the “pits”. Respondents
were then asked in the sixth SG question to value ‘pits’.
Depending on whether they thought this state was better or
worse than death they would be asked to consider one of
the following prospects: (i) the certain prospect of being in
the “pits” state and the uncertain prospect of full health or
immediate death; or (ii) the certain prospect of death and
the uncertain prospect of full health or the “pits” state [7].
The chances of the best outcome occurring is varied until
the respondent is indifferent between the certain and uncer-
tain prospects. Any negative value was bounded to — 1 and
it referred to worse than death [20]. The other states were
chained onto the scale 1-0, with 1 being the perfect health
state and O indicating death. These adjusted SG values form
the dependent variable (y) in the two models discussed
below.

A total of 225 respondents were excluded out of the
original 836 respondents for many reasons. For example,
130 respondents failed to value the “pits” state, making it

impossible to generate an adjusted utility value. From the
remaining 611 included respondents, there were 148 missing
values from 117 respondents resulting in 3518 observed SG
valuations across the 249 health states. The details of the
valuations for each of the 249 SF-6D UK health states can
be found in Brazier et al. [7].

Japan

The study conducted in Japan included a sample of 241
health states, which were selected and valued according to
the UK selection and valuation procedures [21]. Due to the
necessity of introducing some modifications to the Japanese
version of the SF-6D, it was not possible to include the same
health states as in the UK study. Each respondent was asked
to rank and value seven health states, and the interview pro-
tocol was modelled on that used in the UK study.

A total of 135 respondents were excluded out of the origi-
nal 600 respondents, where similar exclusion criteria were
applied to ensure comparability with the UK study [7]. From
the remaining 465 individuals included in the study there
were 185 missing, resulting in 3070 observed SG valuations
across 241 health states. A detailed valuation of the 241
SF-6D Japan health states is available in Brazier et al. [21].

Modelling

The modelling approaches are detailed in Kharroubi [15,
16] and Kharroubi and Rowen [18], where two nonpara-
metric Bayesian models were applied to estimate a US value
set, where the UK data set were used as informative prior
in the first model and a range of subsets of the US health
states were modelled alongside the full UK data set in the
second. In this paper, we make use of these two models to
test whether drawing further information from the UK data
allows the generation of better estimates of Japan states,
than analyzing the full Japan data on its own. The generated
estimates are compared to those generated from analyzing
the Japan data excluding the UK data (which we shall refer
to henceforth as crude model), using various prediction cri-
terions, such as predicted versus actual mean health states
valuations, mean predicted error, RMSE and out of sample
leave one out prediction.
Model 1: Kharroubi [15] proposed the model below:

vi=1=a{l—u(x;)} +ey ()

where for i = 1,2,...,Ij and j=1,2,...,J, X;i is the ith health
state valued by the respondent j in the Japan study, y; is the
respondent j’s SG valuation for the given health state 7, @; is
random individual effect and ¢ is a random error term. Let
¢; be the individual characteristics of respondent j, the fol-
lowing distribution has been suggested by Kharroubi [15]:
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a; ~ LN(thy, 72>and6ij ~ N(O, 02),

where y is the vector of coefficients for the covariates and 7
2 and 12 are the parameters to be further estimated.

Furthermore, we define u(x) and u;x(x) as the utility
functions for health state x valued in the Japan and the UK
studies, respectively, for which Kharroubi [15] modeled the
prior distribution for u#(x) to have a multivariate normal dis-
tribution with mean defined as

E(u(x)) = E(uyg(x)) +7 + f'x, )
and variance—covariance matrix:
cov (uyg(X), uyg(x)) + o%c(x,x ), (3)

where E(uyg(x)) and cov(uyg(x), uyg(x)) represent
the expected utility value for health state x and the vari-
ance—covariance matrix between iy () and ;. (x') for two
different states x and x’ in the UK study and they are both
obtained from the analysis of the existing UK data. Notice
that the inclusion of E (uyx(x)) and cov (uy(X), uy(x)) in
Egs. (2) and (3) allows for the existing evidence from the
UK study to contribute as informative prior to the Japan
population utility function u(x). For further details, refer to
Kharroubi [15].

Given Egs. (2) and (3), notice that x is a vector consist-
ing of discrete levels, each from one of the six dimensions,
with y, f and 62 being unknown parameters to be estimated.
Notice also that the mean function of u(x) represents a belief
that the utility will be roughly additive linear function of x’s
levels in each dimension. In addition, the actual function is
free to vary around this mean according to its multivariate
normal distribution, and so it may take absolutely any form.
Furthermore, when x and x’ are close enough, u(x) and u(x’)
seem to have high correlation c(x, x’), expressed as

c(x,x) = exp{ - 2 by, —x )’ }, )

where ford=1, 2, ..., 6, x, and x:i are the levels of dimen-
sion d in the health states x and x’, respectively, and b, is a
roughness parameter that controls the degree of adherence
of the true utility function to a linear form in dimension d.
Kharroubi et al. [22] provides a more through explanation
about this specific point.

Another important practical consideration is that for most
representation systems the true utility function should have a
monotonicity property. This is because it is usually true that
in every dimension as the level increases it describes a worse
health state. Therefore, if X’ > x, in the sense that in every
dimension x’ has an equal or higher value than x, then we
should have u(x) < u(x’). Our model does not enforce such
monotonicity, but provided that the underlying parametric
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form (2) respects any required monotonicity conditions then
the way that the model smooths the data towards a relation-
ship of this form will tend to achieve the desired properties.
For further details about this specific point, refer to Khar-
roubi et al. [22].

Finally, note that the population mean health state utility
in (1) is

ux)=1-afl —ux)},

where « is the mean value of exp(a) over the whole popula-
tion. This will not in general be 1, and so the population
(mean) health state utility is not the same as the median
health state utility u(x). See Kharroubi et al. [22] for more
details on the computation of .

Model 2: Data from the Japan and UK studies were com-
bined as if being derived from one study with m=1076
respondents (611 respondents in the UK study and 465 in the
Japan study). For i=1, 2... n; and j=1, 2... m, Kharroubi
and Rowen [18] model the ith valuation by respondent j as

yi = 1- CXP(J/’h(tj) + a,) {1 - uc(xii)} *Ej ®)

where A(t;) is a vector of functions of covariates ¢ and
u.(x) is the base utility for the health state vector x with
the respondent’s country represented by the subscript c,
where a respondent in the Japan sample has ¢=1, and if
the respondent is in the UK study, it is indicated by c=0.
The base utility u.(X) for country c is interpreted as the util-
ity function for a respondent from the country in question
having a respondent effectd; = exp(y’h(¢;) + a;) = 1. When
the respondent has 4; > 1, a greater disutility will then be
exhibited, and ultimately a lower utility than the base util-
ity for all health states x. This implies that states having
low utility will have a greater differential than those having
higher utility. Contrariwise, if the respondent has 4; < 1,
then the utilities exhibited will be larger than the base func-
tion for all health states x, and the differential will increase
as the base utility of x decreases. More details are found in
Kharroubi et al. [12].

The relationship between the two base utility functions
has been modeled by Kharroubi et al. [12] through

1o (X) = py + Py X + d(x), ©6)

uy(X) = (ho + py) + (By + PDX + d(X). @)

In the two equations above,u, u;,f, and p; serve as
unknown coefficients, while d(x) represents a deviation of
the utility function from the linear regression form. The
expression p, + ﬂ(’)x in (6) expresses a prior belief that the
utility function u,(x) for UK respondents will be approxi-
mately linear and additive in the various dimensions. The
corresponding expression in (7) supplements (6) with
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additional coefficients f; to reflect dimension-specific dif-
ferences between the Japan and UK [12] while sharing
the same d(x) function. Therefore, it is assumed that both
nationalities’ utility functions have the same basic shape;
nevertheless, they could express differences in important
aspects.

Given Egs. (6) and (7), the term d(x) is an unknown func-
tion, thus it is treated as a random variable according to the
Bayesian context. For this variable, Kharroubi et al. [12]
have assigned an independent normal distribution as

d(x) ~ N(©0,6?),

for all x, and the variance—covariance between d(x) and
d(x"), i.e., cov(d(x), d(x")) is defined previously in (4). Khar-
roubi et al. [12] provides a more through explanation about
this specific point.

As is the case with model 1, the population utility func-
tion in country c is

unx)=1-a{l —u.(x)},

where «, is the population mean/median respondent effect
for country ¢ and u,(x) is the corresponding base utility func-
tion. See Kharroubi et al. [12] for more explanation of this
part of the model.

Model 2 is estimated using two restricted samples of the
Japan health states (25 and 50) alongside the full UK sam-
ple. The main reason for this is that the two countries share
only 50 common health states, thus the UK valuations for
these states are readily available. This allows making use of
the UK valuations for these health states to improve those of
Japan, and as such generated utility estimates of Japan would
be much more precise than analyzing its data separately. The
first 25 Japan health states were chosen using systematic ran-
dom sampling as follows: first, the 50 common health states
were sorted in increasing order, and then one health state
was selected from the list at random. Every other health state
from then on has been selected. The systematic sampling
method ensured a fixed distance between the chosen health
states. The other 25 HS were added in the second round to
complete the total of 50 states.

It is noteworthy that the results for the subset of 25 states
are probably highly dependent on how the 25 states were cho-
sen. When the number of health states in the set for model-
ling becomes smaller, more attention needs to be paid to the
statistical properties of that set, as reported by Yang et al. [23].

General theory and full technical details of the Bayesian
models presented here in this paper are discussed in Khar-
roubi [15, 16] and Kharroubi and Rowen [18]. Programs to
undertake the Bayesian models were written in Matlab and
codes are available upon request. The Matlab codes are not
general and the user will need to modify them for his/her
Own purposes.

Results

Model 1: For this analysis, model 1 was applied to estimate a
Japan value set, where the UK results were used as informa-
tive priors, and the estimates were compared to the estimates
generated from analyzing the Japan data excluding the UK
data (crude model).

The models are compared in terms of their predictive
ability in Fig. 1, where the Japan predicted (line marked with
squares) and actual (line marked with diamonds) mean valu-
ations for the 241 health states valued in the survey in addi-
tion to the perfect health have been plotted, with health states
ordered by actual health state values, along with their com-
puted errors (line marked with triangles). Figure 1a displays
the results obtained from the crude model, whereas Fig. 1b
shows the corresponding results from model 1. It is apparent
from these plots that the utilities obtained from model 1 for
various SF-6D health states have higher accuracy than those
estimated from the crude model. Furthermore, these plots
reveal that the crude model tends to under predict at high
health states and over predict at poor health states, which is
not the case with model 1. Moreover, the predictions tend
to have a smaller variation in model 1, which is reflected
in the smaller peaks of the computed error, as well as from
the closer position of the diamonds-line and squares-line
(Fig. 1b), thus, reducing the possibility of systematic bias
for the model 1 compared to the crude model.

An improved and more accurate quantification in terms
of bias/precision, Fig. 2a, b shows the Bland—Altman agree-
ment plot for the crude model and model 1, respectively
[24]. In this context, the difference between the predicted
and observed mean valuations is plotted against the average
bias. In both figures, the solid line depicts the mean bias
and the dotted line represents the 95% limits of agreement.
By comparing both figures, we could notice that model 1
exhibits a better agreement. This result could be deduced
based on different observations. First, the length of the 95%
agreement line in model 1 is 0.286, which is narrower than
that of the crude one, 0.335. Second, the difference in mean
bias for model 1 reads a value of 0.073, while the crude
model has a value of 0.086. Third, the differences standard
deviation for model 1 scores 0.021, which is much smaller
than the corresponding 0.045 for the crude model.

Table 1 shows the inferences for the utilities of the 241
health states valued in the study, in addition to the perfect
health. Column 2 of Table 1 displays the observed mean
health state utility values of the Japan data. Columns 3 and
4 display the predicted mean health state utility and standard
deviation for the UK population that were used as informa-
tive priors in model 1. Columns 5 and 6 show the predicted
mean health state utility and standard deviation from the
crude model, while Columns 7 and 8 show the predicted
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Fig. 1 Sample mean and predicted health state valuations for a crude model and b model 1

mean health state utility and standard deviation from model
1. As clearly seen throughout this comprehensive table,
model 1 has a better predictive performance compared to
the crude model, with a RMSE of 0.076 for model 1 versus
0.096 for the crude model.

In addition, Table 1 reflects other important differences
between model 1 and the crude model. For instance, the
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crude model estimates the health state utility for the pits
state to be 0.2876, even though the observed mean for this
state is 0.2903, whereas model 1 achieves a 0.2893. The dif-
ferences in performance based on monotonicity can also be
seen. Of the total 18,000 health states, 10,000 health states
were sampled at random without replacement. Notice that,
there are 6-12 health states adjacent to each state of the
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Fig.2 Bland-Altman agreement plots for a crude model and b model 1

10,000 health. Thus by selecting one health state randomly
from these 612 states, 10,000 adjacent pairs were obtained.
Out of these 10,000 adjacent pairs, 20% exhibit non-mono-
tonicity in the crude model versus 10% for model 1.

A final comparison of the two models is to conduct
an out-of-sample leave-one out prediction at the level of
health states. Data relating to 12 selected health states were
removed randomly and sequentially from both sets of data,
and the two models were fitted on the reduced data of 240
health states. The Q-Q plots of standardized predictive
errors for the 12 out of sample health states are presented
in Fig. 3a for the crude model and Fig. 3b for model 1. The
straight line in both figures represents a reference line pass-
ing through the first and fourth quartiles, which is the refer-
ence to judge on the linearity of the points. As observed,
points in Fig. 3b are quasi aligned on the reference line

compared to those in Fig. 3a, validating our hypothesis that
model 1 has better predictive abilities than the crude model.

Model 2: For combined analysis, model 2 was applied
to estimate a Japan value set using full UK data set and
subsets of the Japan data set for 25 and 50 health states, and
the estimates were also compared to the estimates generated
from the crude model.

Column 2 of Table 2 presents the observed mean valua-
tions for the total of 50 health states from Japan data. Col-
umns 3 and 4 display the predicted mean health state utility
values and standard deviation for the crude model, while
columns 5 and 6 show the predicted population mean health
state utility and standard deviation using the 25 health states
valued in the Japan alongside the full UK data (model 2). We
see from Table 2 that the predicted valuations by employing
only 25 health states from the Japan population, while adopt-
ing all the UK data do not fall in good agreement with those
obtained with the full Japan sample. This is also the case
with the RMSE of 0.1158 for model 2 compared to 0.0964
for the crude model.

Columns 7 and 8 of Table 2 show the estimated popula-
tion mean valuations and standard deviation using the 50
health states valued in the Japan alongside the UK data. As
can be seen here, the predicted valuations by employing only
50 health states from the Japan population, while adopting
all the UK data are in good agreement with those obtained
with the full Japan sample. In addition, the observed RMSE
for the Japan/UK is 0.0971, which is very close to the one
obtained using the Japan data only (0.0964). Based on these
results, we believe that a sample of 50 Japan health states
in addition to the whole UK data might be the ideal sce-
nario needed to be adopted to get results that are in quite
good agreement with those attained with the complete Japan
sample.

Finally note that further health states from the Japan study
(for example, 75, 100 and 125) were assessed and the results
showed a very little improvement in addition to slightly
lower RMSEs. This implies that the results obtained are in
line with our hypothesis and that there is no need to adopt
more than 50 health states from the Japan data to obtain the
results we are seeking in health state valuation studies.

Discussion

In this paper, we have applied two nonparametric Bayesian
models to the existing Japan—UK SF-6D valuations in an
attempt to check whether borrowing extra strength from the
UK data allows the generation of better estimates of Japan
states, than analyzing Japan alone. This has been explored
using two case studies. In the first case study, it is shown that
the UK valuations contributed significant prior information
to the Japan analysis. The findings proved that using Japan
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Table 1 Estimates for utilities of the 241 health states valued in the survey along with the perfect health

Health State Observed Mean UK Crude Model Model 1
Posterior Mean Posterior SD Posterior Mean Posterior SD Posterior Mean Posterior SD

111,111 1 1 0 1 0 1 0
111,112 0.8525 0.9532 0.0229 0.7565 0.0275 0.8453 0.0272
111,155 0.6051 0.6985 0.0643 0.6198 0.0324 0.6263 0.0386
111,412 0.6136 0.8143 0.0468 0.6411 0.0299 0.6419 0.0381
112,111 0.7764 0.9120 0.0233 0.7601 0.0272 0.8075 0.0271
112,312 0.6780 0.7979 0.0362 0.6622 0.0249 0.6528 0.0308
112,341 0.6358 0.7410 0.0512 0.6034 0.0295 0.6014 0.0372
112,525 0.6039 0.6763 0.0548 0.5741 0.0321 0.5871 0.0389
113,125 0.6996 0.7754 0.0520 0.6268 0.0344 0.6460 0.0421
113,322 0.7141 0.7663 0.0345 0.6363 0.0248 0.6581 0.0290
113,411 0.7604 0.7284 0.0310 0.6444 0.0286 0.6264 0.0320
114,513 0.5070 0.6925 0.0542 0.5560 0.0318 0.5450 0.0382
114,523 0.5864 0.6829 0.0524 0.5518 0.0303 0.5610 0.0376
114,541 0.5657 0.6963 0.0583 0.5356 0.0329 0.5367 0.0430
115,332 0.7401 0.7418 0.0591 0.5863 0.0309 0.6295 0.0413
121,234 0.5081 0.7734 0.0448 0.5918 0.0278 0.5763 0.0351
121,344 0.4401 0.6969 0.0461 0.5604 0.0294 0.5407 0.0355
121,432 0.6699 0.7627 0.0379 0.5836 0.0295 0.6211 0.0361
122,121 0.7050 0.7883 0.0316 0.7172 0.0252 0.7226 0.0288
122,122 0.8770 0.7770 0.0270 0.6915 0.0251 0.7025 0.0290
122,211 0.7761 0.7821 0.0275 0.7116 0.0249 0.6893 0.0291
122,223 0.6348 0.7673 0.0324 0.6256 0.0261 0.6388 0.0299
122,453 0.7168 0.5994 0.0416 0.5616 0.0291 0.5874 0.0381
122,541 0.4764 0.7096 0.0467 0.5350 0.0295 0.5450 0.0366
122,621 0.6924 0.7495 0.0399 0.5587 0.0340 0.6013 0.0395
122,653 0.7098 0.5414 0.0375 0.5459 0.0326 0.5441 0.0397
123,231 0.6395 0.7502 0.0457 0.6334 0.0261 0.6450 0.0335
124,453 0.5282 0.6138 0.0490 0.5277 0.0306 0.5501 0.0376
125,145 0.4911 0.6324 0.0585 0.5445 0.0345 0.5539 0.0425
131,125 0.8113 0.7550 0.0638 0.6239 0.0328 0.6667 0.0441
131,224 0.6044 0.7367 0.0524 0.5954 0.0271 0.5968 0.0338
131,315 0.7008 0.7146 0.0581 0.6130 0.0308 0.6426 0.0396
132,534 0.6606 0.6291 0.0389 0.5365 0.0313 0.6552 0.0387
133,132 0.6142 0.6942 0.0343 0.6128 0.0269 0.6057 0.0329
134,322 0.7942 0.7040 0.0290 0.5911 0.0295 0.6043 0.0366
134,634 0.3856 0.5772 0.0552 0.4800 0.0339 0.4847 0.0418
135,122 0.7080 0.7091 0.0459 0.5983 0.0328 0.6131 0.0431
135,141 0.6683 0.7199 0.0605 0.5845 0.0324 0.6130 0.0424
141,324 0.5104 0.6976 0.0589 0.5724 0.0275 0.5934 0.0341
141,454 0.4912 0.6137 0.0496 0.5116 0.0332 0.5206 0.0428
141,651 0.5302 0.5971 0.0593 0.4983 0.0370 0.5032 0.0439
142,143 0.6326 0.7036 0.0470 0.5529 0.0281 0.5795 0.0328
142,242 0.7042 0.7079 0.0513 0.5442 0.0274 0.5520 0.0359
142,413 0.7645 0.6938 0.0562 0.5743 0.0313 0.5908 0.0448
143,225 0.3942 0.6675 0.0548 0.5420 0.0303 0.5339 0.0383
143,251 0.5714 0.7198 0.0537 0.5586 0.0270 0.5963 0.0345
143,315 0.5003 0.6805 0.0577 0.5435 0.0302 0.5402 0.0365
144,314 0.5687 0.6756 0.0494 0.5456 0.0307 0.5448 0.0354
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Table 1 (continued)

Health State Observed Mean UK Crude Model Model 1
Posterior Mean Posterior SD Posterior Mean Posterior SD Posterior Mean Posterior SD

144,341 0.5927 0.7200 0.0279 0.5341 0.0286 0.5709 0.0316
152,152 0.4491 0.6905 0.0706 0.5382 0.0309 0.5301 0.0394
153,241 0.8118 0.7069 0.0613 0.5458 0.0286 0.8024 0.0394
153,251 0.4783 0.6856 0.0671 0.5358 0.0285 0.5497 0.0362
154,312 0.6307 0.6816 0.0617 0.5782 0.0332 0.6155 0.0401
154,542 0.5125 0.6183 0.0631 0.4831 0.0350 0.5308 0.0442
154,623 0.6299 0.6249 0.0645 0.4866 0.0352 0.5416 0.0441
155,134 0.4547 0.6471 0.0606 0.4854 0.0344 0.4794 0.0419
211,212 0.6206 0.8550 0.0267 0.7074 0.0233 0.7298 0.0281
211,224 0.5706 0.8104 0.0411 0.6430 0.0275 0.6569 0.0320
212,332 0.4956 0.7557 0.0293 0.6155 0.0240 0.6432 0.0296
212,424 0.6235 0.7234 0.0436 0.5860 0.0273 0.6072 0.0360
212,445 0.5954 0.6395 0.0394 0.5631 0.0306 0.5617 0.0375
214,222 0.6318 0.7931 0.0393 0.6132 0.0262 0.6325 0.0330
214,322 0.7229 0.7720 0.0374 0.6000 0.0246 0.6302 0.0287
214,411 0.8238 0.7072 0.0344 0.6218 0.0272 0.6192 0.0344
215,421 0.5951 0.7098 0.0513 0.5856 0.0272 0.6112 0.0327
215,431 0.4498 0.7092 0.0574 0.5559 0.0293 0.5758 0.0350
221,111 0.7691 0.8384 0.0263 0.7344 0.0267 0.7404 0.0301
221,113 0.6785 0.7884 0.0325 0.6716 0.0293 0.6566 0.0340
221,511 0.5729 0.7676 0.0486 0.6174 0.0291 0.6337 0.0349
222,222 0.6133 0.7546 0.0253 0.6446 0.0219 0.6532 0.0240
222,243 0.6075 0.6844 0.0350 0.5934 0.0248 0.6214 0.0298
223,312 0.6676 0.7244 0.0354 0.6178 0.0258 0.6154 0.0330
223,353 0.5666 0.6226 0.0386 0.5520 0.0273 0.5749 0.0319
223,541 0.4406 0.7256 0.0392 0.5153 0.0285 0.5521 0.0340
224,154 0.4702 0.6242 0.0402 0.5513 0.0300 0.5477 0.0342
232,152 0.7276 0.7023 0.0529 0.5951 0.0284 0.6422 0.0401
232,211 0.7328 0.6987 0.0363 0.6592 0.0271 0.6281 0.0353
232,514 0.8015 0.6488 0.0494 0.5517 0.0315 0.5643 0.0434
233,233 0.6242 0.6980 0.0304 0.5559 0.0262 0.5904 0.0287
233,512 0.5010 0.6893 0.0380 0.5531 0.0303 0.5566 0.0366
233,551 0.5680 0.6635 0.0359 0.4908 0.0330 0.5515 0.0388
234,233 0.6780 0.6844 0.0268 0.5425 0.0282 0.5654 0.0291
234,325 0.5188 0.6260 0.0440 0.5473 0.0290 0.5804 0.0342
234,342 0.5501 0.6985 0.0344 0.5195 0.0292 0.5460 0.0349
235,544 0.4554 0.5436 0.0535 0.4546 0.0332 0.4637 0.0417
241,133 0.7137 0.6970 0.0486 0.5690 0.0268 0.5799 0.0319
241,143 0.5176 0.6929 0.0509 0.5575 0.0280 0.5640 0.0348
241,545 0.5968 0.5990 0.0270 0.5178 0.0329 0.5304 0.0319
242,242 0.4716 0.7098 0.0461 0.5268 0.0261 0.5281 0.0326
243,615 0.4556 0.6257 0.0643 0.4681 0.0346 0.4682 0.0419
244,231 0.5762 0.7158 0.0406 0.5464 0.0277 0.5523 0.0360
245,624 0.4587 0.5916 0.0536 0.4444 0.0372 0.4743 0.0439
251,314 0.4994 0.6961 0.0705 0.5696 0.0284 0.5977 0.0360
251,625 0.5889 0.6313 0.0638 0.5044 0.0368 0.5412 0.0430
254,141 0.6609 0.6825 0.0651 0.5416 0.0319 0.5693 0.0440
254,645 0.4567 0.5213 0.0672 0.4098 0.0389 0.4458 0.0511
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Table 1 (continued)

Health State Observed Mean UK Crude Model Model 1
Posterior Mean Posterior SD Posterior Mean Posterior SD Posterior Mean Posterior SD

311,222 0.7933 0.7987 0.0291 0.6787 0.0242 0.7119 0.0270
311,233 0.7349 0.7705 0.0319 0.6490 0.0257 0.6929 0.0288
312,134 0.8336 0.7619 0.0370 0.6399 0.0261 0.6846 0.0326
312,145 0.4422 0.6952 0.0365 0.6060 0.0288 0.4389 0.0371
312,254 0.6824 0.6526 0.0326 0.5904 0.0277 0.6061 0.0327
312,455 0.6441 0.6288 0.0341 0.5462 0.0315 0.6781 0.0358
312,552 0.6255 0.6103 0.0307 0.5403 0.0297 0.5572 0.0329
313,141 0.6794 0.7094 0.0571 0.6212 0.0312 0.6316 0.0401
313,213 0.5477 0.7825 0.0388 0.5880 0.0303 0.5717 0.0409
313,532 0.7310 0.6876 0.0274 0.5552 0.0272 0.6144 0.0308
313,642 0.6667 0.6205 0.0380 0.5277 0.0291 0.6696 0.0342
314,641 0.5408 0.6299 0.0462 0.5084 0.0333 0.5275 0.0372
315,513 0.5368 0.6934 0.0500 0.5124 0.0306 0.5321 0.0379
321,335 0.6749 0.7164 0.0330 0.6037 0.0281 0.6399 0.0320
321,412 0.6745 0.7347 0.0438 0.6335 0.0275 0.6615 0.0347
321,421 0.8520 0.7783 0.0426 0.6260 0.0285 0.6985 0.0394
322,152 0.7405 0.6555 0.0441 0.6134 0.0299 0.7639 0.0382
323,135 0.6743 0.6950 0.0289 0.5934 0.0281 0.6183 0.0303
323,321 0.6213 0.7401 0.0348 0.5929 0.0252 0.6068 0.0307
323,521 0.5310 0.7100 0.0322 0.5629 0.0271 0.5966 0.0313
324,335 0.5870 0.6245 0.0431 0.5394 0.0270 0.5716 0.0342
325,314 0.5897 0.7462 0.0475 0.5283 0.0291 0.5796 0.0336
325,611 0.6138 0.5942 0.0518 0.5150 0.0324 0.5220 0.0399
331,652 0.5286 0.5637 0.0553 0.4937 0.0322 0.5118 0.0391
332,122 0.5550 0.6969 0.0328 0.5937 0.0258 0.5781 0.0297
332,411 0.7025 0.7217 0.0376 0.6065 0.0270 0.6417 0.0318
333,225 0.5439 0.6589 0.0330 0.5726 0.0277 0.6018 0.0310
333,333 0.8578 0.7008 0.0242 0.5282 0.0273 0.5940 0.0297
334,111 0.6698 0.7061 0.0499 0.5866 0.0293 0.5902 0.0398
334,221 0.5593 0.7150 0.0426 0.5572 0.0262 0.5692 0.0336
341,123 0.5200 0.7009 0.0393 0.5688 0.0273 0.5647 0.0337
341,542 0.6022 0.6570 0.0431 0.4933 0.0315 0.5285 0.0383
341,555 0.5801 0.5563 0.0460 0.5025 0.0331 0.5385 0.0383
342,133 0.4787 0.7014 0.0390 0.5375 0.0256 0.5496 0.0315
342,331 0.5727 0.7382 0.0420 0.5222 0.0294 0.5381 0.0396
342,353 0.6293 0.6588 0.0372 0.4955 0.0314 0.5318 0.0379
344,145 0.5204 0.5917 0.0366 0.4894 0.0344 0.4879 0.0374
344,344 0.5122 0.6137 0.0376 0.4626 0.0305 0.4779 0.0337
345,123 0.4175 0.6613 0.0390 0.4996 0.0304 0.4889 0.0376
345,441 0.6966 0.6068 0.0533 0.4674 0.0370 0.7704 0.0494
351,421 0.5924 0.6997 0.0606 0.5458 0.0311 0.5744 0.0386
351,432 0.6374 0.6978 0.0562 0.5134 0.0308 0.5638 0.0404
352,214 0.6809 0.6923 0.0589 0.5335 0.0288 0.5590 0.0366
355,213 0.5727 0.6553 0.0606 0.5106 0.0325 0.5405 0.0410
411,121 0.6355 0.7541 0.0473 0.668 0.0282 0.6670 0.0335
411,251 0.5937 0.6778 0.0553 0.5777 0.0337 0.5659 0.0423
411,342 0.4936 0.6922 0.0415 0.5707 0.0274 0.5760 0.0345
413,134 0.6112 0.7742 0.0359 0.5877 0.0266 0.6283 0.0316
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Table 1 (continued)

Health State Observed Mean UK Crude Model Model 1
Posterior Mean Posterior SD Posterior Mean Posterior SD Posterior Mean Posterior SD

413,333 0.5685 0.7696 0.0268 0.5484 0.0267 0.6262 0.0344
413,414 0.5276 0.6759 0.0401 0.5449 0.0308 0.5560 0.0361
414,353 0.7436 0.6718 0.0463 0.5164 0.0342 0.5751 0.0484
414,511 0.6632 0.6535 0.0346 0.5613 0.0295 0.6589 0.0355
414,523 0.4934 0.6806 0.0362 0.5009 0.0300 0.5345 0.0349
415,224 0.4466 0.7918 0.0505 0.4994 0.0326 0.5051 0.0414
422,552 0.4874 0.6125 0.0423 0.4952 0.0289 0.5255 0.0376
422,643 0.5934 0.5689 0.0403 0.4919 0.0296 0.4914 0.0359
422,655 0.4925 0.5080 0.0337 0.4701 0.0352 0.4582 0.0362
423,343 0.6071 0.6528 0.0245 0.5217 0.0280 0.5567 0.0339
423,445 0.4377 0.5890 0.0397 0.5099 0.0290 0.4093 0.0339
424,333 0.6071 0.7157 0.0294 0.5055 0.0283 0.5659 0.0335
424,554 0.5597 0.5791 0.0252 0.4559 0.0336 0.4940 0.0339
424,611 0.4891 0.5992 0.0479 0.5181 0.0305 0.5146 0.0374
424,643 0.5674 0.5826 0.0340 0.4478 0.0349 0.4670 0.0426
425,122 0.4205 0.7138 0.0437 0.5158 0.0298 0.5188 0.0374
425,212 0.6323 0.7449 0.0395 0.5262 0.0292 0.5571 0.0367
425,214 0.6047 0.7377 0.0475 0.5091 0.0308 0.5252 0.0360
431,225 0.5622 0.6827 0.0459 0.6023 0.0307 0.6147 0.0388
431,443 0.5832 0.6380 0.0339 0.5260 0.0274 0.5640 0.0321
432,311 0.6783 0.7071 0.0426 0.5944 0.0280 0.6313 0.0353
432,532 0.4981 0.6787 0.0354 0.5104 0.0291 0.5785 0.0360
433,142 0.6351 0.6703 0.0318 0.5489 0.0299 0.5779 0.0337
434,435 0.4191 0.5712 0.0439 0.4740 0.0302 0.3820 0.0373
441,351 0.4582 0.6545 0.0635 0.5083 0.0347 0.5299 0.0419
442,144 0.6661 0.6586 0.0371 0.5361 0.0303 0.5511 0.0356
443,113 0.5179 0.7267 0.0419 0.5205 0.0283 0.5301 0.0356
443,335 0.6301 0.6124 0.0312 0.4962 0.0302 0.5020 0.0354
444,444 0.3796 0.6176 0.0373 0.4372 0.0297 0.4625 0.0344
451,324 0.5538 0.6694 0.0601 0.5222 0.0293 0.5420 0.0377
452,114 0.5993 0.6884 0.0625 0.5208 0.0318 0.5194 0.0404
452,132 0.5074 0.6628 0.0580 0.5302 0.0275 0.5622 0.0349
452,521 0.4103 0.6461 0.0591 0.4932 0.0320 0.5080 0.0409
453,132 0.6561 0.6780 0.0587 0.5180 0.0293 0.5762 0.0383
454,432 0.5009 0.6491 0.0562 0.4677 0.0326 0.5209 0.0413
455,552 0.5153 0.4891 0.0680 0.4175 0.0406 0.4518 0.0530
511,243 0.7502 0.6981 0.0454 0.5761 0.0290 0.5987 0.0396
511,512 0.6892 0.6533 0.0602 0.5815 0.0312 0.5819 0.0396
512,253 0.5506 0.6645 0.0400 0.5416 0.0301 0.5624 0.0371
512,331 0.6271 0.6842 0.0407 0.5548 0.0299 0.5843 0.0385
512,412 0.5089 0.6610 0.0477 0.5692 0.0292 0.5434 0.0359
515,142 0.6529 0.6399 0.0519 0.5338 0.0339 0.5563 0.0443
515,514 0.3066 0.6588 0.0541 0.4530 0.0383 0.4661 0.0443
521,424 0.6362 0.6215 0.0310 0.5770 0.0291 0.5747 0.0318
522,315 0.6848 0.6087 0.0509 0.5935 0.0310 0.6286 0.0377
522,631 0.7392 0.6196 0.0530 0.5297 0.0349 0.6221 0.0455
524,112 0.5510 0.7017 0.0429 0.5244 0.0306 0.5330 0.0370
524,131 0.6883 0.6393 0.0457 0.5352 0.0312 0.5428 0.0405
524,222 0.5897 0.6985 0.0361 0.5064 0.0280 0.5470 0.0315
531,143 0.6707 0.6295 0.0483 0.5684 0.0308 0.5722 0.0399
531,343 0.6463 0.6314 0.0387 0.5322 0.0283 0.5710 0.0341
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Table 1 (continued)

Health State Observed Mean UK Crude Model Model 1
Posterior Mean Posterior SD Posterior Mean Posterior SD Posterior Mean Posterior SD

532,611 0.6486 0.6042 0.0541 0.5296 0.0344 0.5586 0.0458
533,123 0.5533 0.7233 0.0336 0.5152 0.0278 0.5568 0.0326
533,424 0.5367 0.6402 0.0404 0.4979 0.0296 0.5472 0.0362
534,555 0.5560 0.5153 0.0290 0.4246 0.0329 0.4512 0.0342
542,421 0.5881 0.6833 0.0440 0.5012 0.0276 0.5272 0.0328
542,524 0.3785 0.6349 0.0300 0.4676 0.0315 0.4977 0.0342
543,124 0.4809 0.6995 0.0415 0.5033 0.0298 0.5123 0.0379
543,344 0.5181 0.6338 0.0318 0.4763 0.0290 0.5188 0.0325
543,355 0.5217 0.5619 0.0422 0.4691 0.0331 0.4929 0.0375
544,212 0.6949 0.6953 0.0437 0.4974 0.0296 0.5535 0.0372
544,654 0.4617 0.5030 0.0328 0.3893 0.0326 0.4282 0.0375
545,644 0.3848 0.4931 0.0328 0.3735 0.0336 0.4032 0.0361
551,131 0.6228 0.6301 0.0689 0.5515 0.0334 0.5736 0.0409
551,245 0.6700 0.5713 0.0668 0.5280 0.0369 0.5532 0.0488
551,322 0.5610 0.6795 0.0592 0.5124 0.0304 0.5480 0.0379
555,555 0.5531 0.4202 0.0535 0.3334 0.0321 0.4608 0.0428
611,232 0.5571 0.6781 0.0493 0.5520 0.0304 0.5573 0.0369
611,611 0.6420 0.6281 0.0729 0.5499 0.0363 0.5561 0.0454
611,643 0.5555 0.5590 0.0641 0.4830 0.0377 0.4824 0.0482
612,122 0.5915 0.6841 0.0535 0.5576 0.0320 0.5448 0.0410
612,215 0.7241 0.6326 0.0584 0.6008 0.0371 0.6184 0.0458
613,143 0.5065 0.6786 0.0333 0.5286 0.0300 0.5627 0.0359
614,154 0.4850 0.6130 0.0517 0.5153 0.0333 0.5499 0.0414
621,221 0.5710 0.6328 0.0338 0.5510 0.0317 0.5174 0.0349
621,532 0.5584 0.6010 0.0531 0.5104 0.0310 0.5490 0.0399
623,144 0.5711 0.6319 0.0451 0.5266 0.0295 0.5445 0.0397
624,142 0.4968 0.5539 0.0332 0.5140 0.0298 0.4962 0.0329
624,235 0.5165 0.6091 0.0498 0.5075 0.0314 0.5350 0.0384
625,324 0.4236 0.6459 0.0470 0.4576 0.0356 0.5027 0.0426
631,254 0.5246 0.5799 0.0432 0.5386 0.0325 0.5539 0.0350
633,412 0.5614 0.6458 0.0509 0.4935 0.0328 0.5305 0.0442
634,124 0.4335 0.6618 0.0363 0.5017 0.0300 0.5409 0.0328
635,243 0.4547 0.5368 0.0429 0.4658 0.0312 0.4790 0.0349
635,253 0.5291 0.5026 0.0507 0.4741 0.0325 0.5033 0.0386
635,351 0.7244 0.5093 0.0627 0.4626 0.0410 0.7471 0.0534
641,532 0.5544 0.6132 0.0378 0.4648 0.0324 0.5097 0.0378
641,622 0.3432 0.5541 0.0317 0.4615 0.0347 0.3338 0.0356
641,655 0.5196 0.4986 0.0670 0.4376 0.0395 0.4978 0.0488
642,321 0.4733 0.6530 0.0520 0.4789 0.0295 0.4781 0.0347
642,331 0.4627 0.6398 0.0494 0.4693 0.0312 0.4864 0.0357
643,521 0.6197 0.5998 0.0542 0.4566 0.0344 0.4819 0.0435
644,111 0.3594 0.6501 0.0604 0.4856 0.0352 0.4709 0.0430
644,311 0.5167 0.6400 0.0593 0.4672 0.0337 0.4741 0.0405
644,545 0.4601 0.5071 0.0342 0.3867 0.0332 0.4122 0.0376
652,323 0.4306 0.6618 0.0609 0.4669 0.0323 0.4951 0.0398
653,444 0.5706 0.5714 0.0590 0.4270 0.0349 0.4876 0.0467
655,655 0.2903 0.3399 0.04800 0.2876 0.0258 0.2893 0.0237
RMSE 0.096351 0.075838

UK United Kingdom, SD standard deviation, RMSE Root Mean Square Error
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Fig.3 Q-Q plot for the 12 out of sample health states for a the crude
model and b model 1

data alongside the already existing UK data produced Japan
utility estimates better than using the Japan study data by
itself for all prediction criterion used, including predicted
versus actual mean health state valuations, mean predicted
error, RMSE and an out-of-sample prediction. In the second
case study, it is also shown that using Japan data elicited for
50 health states alongside the existing UK data produced
roughly similar predicted mean valuations and RMSE as the
Japan data by itself.

The methods presented in this paper are replications of
the methods that were used to model the US/UK data [15,
16, 18]. A key assumption underlying the previous US/
UK analyses was the cultural similarities between the two
countries, i.e., preferences of the UK population are quite
similar to those of the US. In addition, both countries have
large quantity of data. However, different countries may
have different preferences in addition to different population

compositions, different types of work, different cultures and
different language, all of which could potentially impact on
the relative values given to different dimensions of health
(e.g., physical/social functioning and/or mental health) as
well the location of each health state on the 1-0 full health-
dead scale. This suggests that the presented approach may
not always produce accurate estimates. We aimed in the
paper to explore the use of such models for countries with
smaller population size and with different population com-
positions, work, cultures and language, and for this to enable
the generalizability of these approaches by making use of
experience in a European country to aid the analysis of a
study in another Asian country.

Experimental studies for deriving health state values like
the EQ-5D, HUI or SF-6D need to be conducted in different
countries and the evidence emerging is that there are differ-
ences in their values (e.g., people in different countries may
have a different attitude to risk rather than health per se), and
that the differences are potentially important [10-14]. How-
ever, such work is costly and is potentially wasteful. The work
presented here suggests how making use of the already exist-
ing data as substantial prior information improve the accuracy
of prediction. This in turn would offer the key benefit of reduc-
ing the number of states to be valued and, as such, reducing
the cost of cross-country valuation. Such an analysis will be
hugely important in countries lacking the ability to conduct
large evaluation studies, especially for countries with smaller
population size or LMIC, through costly and time-consuming
interviews employing techniques such as SG and TTO. To our
knowledge, this potential benefit has not been explored previ-
ously, and forms an important research agenda for the future.
In particular, ongoing research on exploring whether using the
UK data might help with the design and analysis of a valuation
study for SF-6D in Lebanon has preliminary results that are
very promising [25].

An additional point worth mentioning regarding the quality
of the collected data and the adequacy of our model specifi-
cation. When we have somehow bad data with a poor signal
to noise ratio, we believe that there will be ample room for
improvement of our estimation with external data, and further
research is also underway to assess this for the aforementioned
SF-6D valuation study in Lebanon [25],

Our basic models Egs. (1) and (5) offer a major added
advantage: they have the potential to allow for more than two
countries to be analysed. In addition, Egs. (2), (3) and (6), (7)
may be generalized to handle multi-countries. Indeed, Egs. (2)
and (3) can be generalized further to generic forms:

E@u(x) = Y, E( () +7 + f'x,
k=1

and variance—covariance matrix:
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Table 2 Posterior estimates for 25 and 50 sampled Japan health states, in addition to the whole Japan data

Health state Observed mean Crude model Model 2

25 Japan and UK data 50 Japan and UK data

Posterior mean Posterior SD Posterior mean Posterior SD Posterior mean Posterior SD

111,112 0.8525 0.7565 0.0275 0.9140 0.0369 0.8777 0.0287
112,111 0.7764 0.7601 0.0272 0.8681 0.0288
113,411 0.7604 0.6444 0.0286 0.6553 0.0567 0.7060 0.0392
122,211 0.7761 0.7116 0.0249 0.7277 0.0321
122,653 0.7098 0.5459 0.0326 0.5163 0.0669 0.5247 0.0546
133,132 0.6142 0.6128 0.0269 0.5879 0.0432
134,322 0.7942 0.5911 0.0295 0.6319 0.0618 0.6516 0.0449
144,341 0.5927 0.5341 0.0286 0.6252 0.0466
211,212 0.6206 0.7074 0.0233 0.7226 0.0410 0.7740 0.0306
214,411 0.8238 0.6218 0.0272 0.6824 0.0459
233,551 0.5680 0.4908 0.0330 0.6288 0.0627 0.5955 0.0557
234,233 0.6780 0.5425 0.0282 0.5993 0.0417
241,545 0.5968 0.5178 0.0329 0.5210 0.0703 0.5084 0.0535
311,222 0.7933 0.6787 0.0242 0.7216 0.0345
311,233 0.7349 0.6490 0.0257 0.6873 0.0507 0.7013 0.0395
312,455 0.6441 0.5462 0.0315 0.5649 0.0535
312,552 0.6255 0.5403 0.0297 0.5569 0.0660 0.5617 0.0517
313,532 0.7310 0.5552 0.0272 0.6709 0.0455
321,335 0.6749 0.6037 0.0281 0.6271 0.0589 0.6468 0.0465
323,135 0.6743 0.5934 0.0281 0.6156 0.0460
332,411 0.7025 0.6065 0.0270 0.6754 0.0640 0.6409 0.0469
333,225 0.5439 0.5726 0.0277 0.5651 0.0484
333,333 0.8578 0.5282 0.0273 0.6337 0.0489 0.6215 0.0424
341,123 0.5200 0.5688 0.0273 0.5275 0.0482
342,353 0.6293 0.4955 0.0314 0.5477 0.0640 0.5297 0.0567
344,145 0.5204 0.4894 0.0344 0.4518 0.0568
344,344 0.5122 0.4626 0.0305 0.4557 0.0602 0.4696 0.0541
413,333 0.5685 0.5484 0.0267 0.6587 0.0421
413,414 0.5276 0.5449 0.0308 0.4967 0.0697 0.5533 0.0520
414,511 0.6632 0.5613 0.0295 0.6005 0.0515
422,655 0.4925 0.4701 0.0352 0.4086 0.0739 0.4285 0.0597
423,343 0.6071 0.5217 0.0280 0.5469 0.0448
424,554 0.5597 0.4559 0.0336 0.5006 0.0684 0.4980 0.0554
424,643 0.5674 0.4478 0.0349 0.4958 0.0582
431,443 0.5832 0.5260 0.0274 0.5352 0.0615 0.5234 0.0528
433,142 0.6351 0.5489 0.0299 0.5370 0.0536
443,335 0.6301 0.4962 0.0302 0.4715 0.0656 0.4753 0.0556
521,424 0.6362 0.5770 0.0291 0.5202 0.0514
534,555 0.5560 0.4246 0.0329 0.4156 0.0766 0.4004 0.0679
542,524 0.3785 0.4676 0.0315 0.4699 0.0552
543,344 0.5181 0.4763 0.0290 0.4796 0.0601 0.4619 0.0571
544,654 0.4617 0.3893 0.0326 0.3795 0.0676
545,644 0.3848 0.3735 0.0336 0.3824 0.0737 0.3611 0.0673
613,143 0.5065 0.5286 0.0300 0.5092 0.0566
621,221 0.5710 0.5510 0.0317 0.4530 0.0711 0.4730 0.0529
624,142 0.4968 0.5140 0.0298 0.3892 0.0625
634,124 0.4335 0.5017 0.0300 0.4587 0.0659 0.4936 0.0589
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Table 2 (continued)

Health state Observed mean Crude model Model 2
25 Japan and UK data 50 Japan and UK data
Posterior mean Posterior SD Posterior mean Posterior SD Posterior mean Posterior SD
641,622 0.3432 0.4615 0.0347 0.3863 0.0645
644,545 0.4601 0.3867 0.0332 0.3579 0.0706
655,655 0.2903 0.2876 0.0258 0.2255 0.0678 0.2278 0.0623
RMSE 0.0964 0.1158 0.0971

UK United Kingdom, SD standard deviation, RMSE root mean square error

n

Z cov (u(x), uy(x)) + o2c(x,x ),

k=1

where ), E(1;(x)) is the total mean utility of health state x
and Y;_, cov(u(x), u(x'))is the total variance—covariance
matrix between u,(x) and u, (x ) for two different states x and
x’, all of which are readily available from the analysis of the
n available countries data. Furthermore, Egs. (6) and (7) can
generalize further to a generic form:

ux,t) = (x = 1) Y hi(t) + d(x),
k=1

where the & (t) represent any functions of the covariates
(including the country covariate) and the model is con-
strained by d(1)=1. Work is in progress on demonstrating
this idea in the context of three countries.

It is perhaps noteworthy that the analysis presented here
were conducted using empirical example, which is helpful,
and a worthwhile addition to the literature in its own right.
Such an analysis through simulated data would be extremely
valuable for future research to understand how the value
sets from multiple nationalities or ethnic groups differ as
well as to explore the relationship between how different the
countries are and how useful the use of priors are. This kind
of analysis allows exploration of the full range of distances
between national value sets [17]. Further research is encour-
aged to examine this.

A limitation of this study is that it is not clear whether a
value set developed using own country data modelled along-
side another country’s data would be favorable, given many
funding bodies and international agencies recommend the
use of country own value sets to generate QALY's and hence
to conduct cost utility analysis of health care interventions.
However, this may not be of a main concern when the esti-
mates are accurate and/or the ordering of health states and
location on the 1-0 full health-dead scale is similar to those
achieved using a large scale valuation study. An additional
limitation is that the approach does not explore whether the
same results could have been achieved through keeping the

same number of health states and reducing the sample size.
However, because of the way that we have defined the non-
parametric model, it is not anticipated that this would impact
on the results though this can be explored in future research.

In conclusion, we have found that the UK data provided
significant prior information to the Japan analysis by gen-
erating better estimates than using Japan data alone. In
addition, the simple idea of pooling the Japan and UK data
proves to be important in terms of reducing the need for
SF-6D to be valued separately in each country. The mod-
els are applicable to other generic preference-based meas-
ures such as EQ-5D, 15D and HUI-II, as well as to more
disease-specific measures, where these approaches could
be particularly promising. Further research is underway to
apply these to HUI-II [26] and more specialized, condition-
specific measures [27].
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