
HEALTH ECONOMICS
Health Econ. (2011)
Published online in Wiley Online Library (wileyonlinelibrary.com). DOI: 10.1002/hec.1740
VALUING STATES FROM MULTIPLE MEASURES ON THE SAME
VISUAL ANALOGUE SALE: A FEASIBILITY STUDY

DONNA ROWENa,*, JOHN BRAZIERa, AKI TSUCHIYAa,b and MÓNICA HERNÁNDEZ ALAVAa

aHealth Economics and Decision Science, School of Health and Related Research (ScHARR), University of Sheffield, Sheffield, UK
bDepartment of Economics, University of Sheffield, Sheffield, UK

SUMMARY
Previous methods of empirical mapping involve using regressions on patient or general population self‐reported data from
datasets involving two or more measures. This approach relies on overlap in the descriptive systems of the measures and
assumes it is appropriate to use different measures on the same population, which may not always be the case. This paper
presents a feasibility study for a new approach to mapping between preference‐based measures (PBM) using general
population visual analogue scale (VAS) values as a common yardstick. We use data from a valuation study of 502 members
of the UK general population, where, using ranking and VAS tasks, interviewees simultaneously valued health states
defined by three of six PBM: EQ‐5D (generic), SF‐6D (generic), HUI2 (generic for children and adults), AQL‐5D (asthma
specific), OPUS (social care specific) and ICECAP (capabilities). Regression techniques are used to estimate the
relationship between these VAS values and the original value set (i.e. ‘tariff’). These results are subsequently used to
estimate the relationship between all six PBM to enable ‘value‐based mapping’ between measures. This new method of
mapping potentially has a useful role in evidence synthesis and cross programme comparisons in studies using different
measures. Copyright © 2011 John Wiley & Sons, Ltd.
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1. INTRODUCTION

Health policy is increasingly being informed by economic evaluation that measures outcomes using the
quality‐adjusted life year (QALY). QALYs can be compared across different healthcare interventions or
programmes to inform resource allocation. The QALY combines quantity and quality of life into a single
measure of health outcome. The quality adjustment weight for the QALY is estimated using preference‐based
measures (PBM) of health‐related quality of life that reflect peoples’ strength of preference for different
outcomes and produce a valuation rather than simply a measurement of health. PBM of health‐related quality
of life generate a single index score with an upper anchor at full health (equal to 1) and a lower anchor at 0
(assuming it is equivalent to dead).

One major advantage of the QALY is that it produces a single measure that can be used to enable
comparison across all types of healthcare interventions and programmes. Yet crucially, the quality adjustment
weight of the QALY may be affected by which PBM is used. Ideally, all PBM should be comparable with each
other, where the utility of a health state for a patient is identical regardless of the measure used, yet this is not
true in practise. Many studies have illustrated that different generic PBM may assign different index scores to
the same patients (see for example, Brazier et al., 2004; Barton et al., 2004; Espallargues et al., 2005;
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Longworth and Bryan, 2003; O’Brien et al., 2003). This creates problems for evidence synthesis within a
patient group and creates a barrier for comparisons of cost effectiveness within and between conditions.

Recent years has seen the increasing proliferation of PBM of health. Many different measures including
multiple generic measures are commonly used, and this will continue, where there is no common agreement on
the use of a single measure for all patient groups and conditions. PBM fall into three categories: generic
measures for adults (Kaplan and Anderson, 1988; Dolan, 1997; Feeny et al., 2002; Brazier et al., 2002);
measures for use in specific groups that are either adapted for use (for example, using simple language
adjustment) in specific groups (Torrance et al., 1996) or designed for those specific groups, such as older
people (Grewal et al., 2006) or children (Stevens, 2010); and condition‐specific measures designed for specific
medical conditions, such as those for asthma (Revicki et al., 1998; Yang et al., 2011).

Comparisons across studies using different PBM would be inaccurate if they assume that a QALY
calculation is unaffected by the PBM used to generate the quality adjustment weight. One solution is to
use one generic PBM in all economic evaluations (Dowie, 2002). For example, in the UK, the EQ‐5D is
currently recommended by NICE (2008) for use in economic evaluation. However, a generic measure is
not always appropriate; for example, children require special consideration regarding language com-
prehension and development (Stevens, 2010), and there may be special considerations for very elderly
people (Grewal et al., 2006) and those needing social care (Ryan et al., 2006). Also, generic measures of
health are inappropriate or insensitive for many medical conditions (for example, Barton et al., 2004;
Espallargues et al., 2005; Harper et al., 1997; Kobelt et al., 1999). Furthermore, a generic measure is not
always available even though it is appropriate. Mapping by statistical association is one option recommended
by NICE (2008) to estimate EQ‐5D utility data when EQ‐5D data is unavailable in (but appropriate for) the
study dataset, as mapping uses the health‐related quality‐of‐life measures included in the study dataset to
estimate EQ‐5D utility data.

Typically, mapping by statistical association has involved a separate dataset that contains respondents’ self‐
reported scores for their own health using two or more measures. Regression methods are used to estimate a
statistical relationship between the indices generated by the measures or their descriptive systems, and the
regression results are then applied to the study dataset. This type of mapping is commonly undertaken to
enable a utility score to be predicted when no PBM has been included in the study rather than to compare
across different PBM (for example, Brazier et al., 2010; Franks et al., 2004; Gray et al., 2006; Nichol et al.,
2001; Tsuchiya et al., 2002). It therefore enables a cost utility analysis to be undertaken even when no PBM
was included in the original dataset. This method uses statistical association between self‐reported scores for
two or more measures and relies on a degree of overlap in the descriptive systems of the measures, but key
dimensions may not be present in both measures. This is reflected in the large errors found in many mapping
studies (Brazier et al., 2010). The regression relationship may be affected by the estimation dataset used and
hence may differ for different patient groups or conditions. This method assumes it is appropriate to use
different measures on the same population, which may not be the case for all patient groups and all conditions.
Therefore, this method of statistical mapping seems unsuitable for mapping between PBM across all patient
groups and conditions.

Here, we propose a new method of mapping that relates the responses on one PBM to another using visual
analogue scale (VAS) values as a common yardstick. This method of ‘value‐based mapping’ uses general
population values for states defined by the descriptive systems of different measures to provide the common
yardstick for conversion between measures, thus preserving the advantages of the descriptive system of each
measure. The relationship between different measures is determined directly by people’s VAS values for
different states and not by associations in self‐reported scores.

This paper briefly outlines the valuation study used to obtain the general population values and reports
on the next stage that involves using these VAS values as a common metric to map between measures.
This mapping enables a score for a health state described by one measure to be converted onto the utility
scale of an alternative measure. For example, value‐based mapping produces an estimated EQ‐5D utility
value using an observed score from five PBM. This enables researchers and policymakers to use estimated
Copyright © 2011 John Wiley & Sons, Ltd. Health Econ. (2011)
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EQ‐5D utility values to compare between studies and healthcare programmes even when EQ‐5D was not
included in the original study.

1.1. Measures of health and quality of life

The study involves six PBM of health and quality of life: EQ‐5D (generic), SF‐6D (generic), HUI2 (generic for
children and adults), AQL‐5D (asthma specific), OPUS (social care specific) and ICECAP (capabilities), all
summarised in Table I. The choice of measures reflects a range of different types of measures that are currently
in use or nearing use in the UK.

The EQ‐5D is the most widely used generic PBM of health‐related quality of life (Brooks, 1996). The
SF‐6D is a generic preference‐based single‐index measure of health that can be estimated using SF‐36 and
SF‐12 data (Brazier et al., 2002; Brazier and Roberts, 2004). The HUI2 is a generic PBM of health for children
aged from approximately 10 years and adults (Torrance et al. 1996). The AQL‐5D (Young et al., 2011) is a
condition‐specific PBM of health for asthma derived from the Asthma Quality of Life Questionnaire (Juniper
et al., 1993). All of these measures produce utility scores anchored at 0 for dead and 1 for perfect health.

ICECAP is a PBM of capability for older people in the UK (Grewal et al., 2006). Utility scores are anchored
at 0 for zero capabilities and 1 for perfect health (Coast et al., 2008). OPUS is a preference‐based social care
outcome measure for older people (Ryan et al., 2006). We use the utility index that excludes the safety
dimension and is anchored at 0 for the worst outcome (high unmet needs on all dimensions) and 1 for the best
outcome (no unmet needs on all dimensions).
Table I. Measures of health and quality of life

Measure Summary Dimensions Levels Unique
states

Reference Valuation technique
and reference for
value set used here

Value set
range

EQ‐5D Generic Five dimensions: Mobility,
self‐care, usual activity,
pain/discomfort and
anxiety/depression

Three levels: no
problems, some
problems, extreme
problems

243 Brooks
(1996)

Time
trade‐off,
Dolan (1997)

−0.594 to 1

SF‐6D Generic Six dimensions: Physical
functioning, role
limitations, social
functioning, pain, mental
health, vitality

Between four and
six levels, depends
on the dimensions

18 000 Brazier
et al.
(2002)

Standard gamble,
Brazier and
Roberts (2004)

0.271 to 1

HUI2 Generic for
children
and adults

Seven dimensions:
Sensation, mobility,
emotion, cognition,
self‐care, pain, fertility

Four or five levels,
depends on the
dimensions

8000 Torrance
et al.
(1996)

VAS mapped
to standard
gamble, McCabe
et al. (2005)

−0.0552 to 1

AQL‐5D Condition
specific
for asthma

Five dimensions: Concern
about asthma, shortness
of breath, weather and
pollution stimuli, sleep
impact and activity
limitations

Five levels: no
problems to
extreme problems

3125 Young
et al.
(2011)

Time
trade‐off, Yang
et al. (2011)

0.431 to 1

ICECAP Capability
measure for
older people
in UK

Five dimensions:
Attachment, security, role,
enjoyment, control

Four levels: all, many,
a little, none

1024 Grewal
et al.
(2006)

Best‐worst
scaling, Coast
et al. (2008)

0 to 1

OPUS Social care
outcome
measure for
older people

Five dimensions: Food and
nutrition, personal care,
safety, social participation,
control over daily living.
Here the safety dimension
is excluded.

Three levels: no unmet
needs, low unmet
needs, high unmet
needs

243 Ryan
et al.
(2006)

Discrete choice
experiment,
Ryan et al.
(2006)

0 to 1

VAS, visual analogue scale.
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2. METHODS

This study has two stages. The first stage is a valuation study to determine how people value health and well‐
being states described by the six different descriptive systems. The second stage is to estimate relationships
(i) between the VAS values for the sample of states and the published value set for each measure; and (ii) across
all measures to enable value‐based mapping between measures. Value‐based mapping, for example, allows a
value on the EQ‐5D utility scale to be estimated using an observed SF‐6D utility value. The relationship
between the two measures is via common VAS values for states described by the two descriptive systems.
Therefore, a unique valuation study was conducted to determine how people value health and well‐being states
described by different descriptive systems. The aim of this study was different to the usual valuation study;
here, we aim to determine the relationship between measures. We do not need to produce or reproduce the
entire value set for any of the measures; these common VAS values were instead used to estimate the mapping
relationship between the EQ‐5D and other measures. The valuation study is described here briefly, for further
details see Rowen et al., 2009b.

2.1. Valuation study

A valuation study was conducted, where each interview involves the valuation of health states defined by
multiple PBM using three ranking and VAS tasks. The VAS task asks respondents to rate health states on a
scale from 0 to 100 using a vertical line on a page, where 0 is the ‘worst imaginable state’, and 100 is the ‘best
imaginable state’. There are concerns with the use of VAS including end point bias (Torrance et al., 2001) and
a concern that it does not generate ‘preferences’ (Brazier et al., 2003). However, arguably these problems are
less relevant for this study as VAS is used here to convert between measures rather than to produce a value set.

Each interview involves three rank tasks and three VAS tasks. In each task, the respondents were asked to
rank eight different states: ‘best state’, ‘dead’, three states from one measure (one mild state, one moderate
state, plus the worst possible state), and three states from another measure (one mild state, one moderate state,
plus the worst possible state). The respondents were then asked to rate these same states using VAS and were
allowed to change the implied ordering from the rank task. Table II shows an example set of states for one
ranking and rating task. Each rank and subsequent VAS task contains states defined using two different
measures, and each interview involves three different measures. Each interview involves 15 different states in
total, five states each from three different measures, plus ‘best state’ and ‘dead’.

Thirteen health and well‐being states were included in the study for each measure except EQ‐5D. States
were selected to reflect a range of health state utility values according to the published value set (or most recent
version for AQL‐5D and ICECAP) while guaranteeing a variety of levels of severity for each dimension.
Given that EQ‐5D has a small descriptive system, 16 states for the EQ‐5D were selected using an orthogonal
design in SPSS.(SPSS, Inc., Chicago, IL, USA) This will allow the estimation of a VAS value set covering all
243 states defined by EQ‐5D (analysed elsewhere, see Rowen et al., 2009b).

The study design contains 20 variations of combinations of states used in the ranking and VAS tasks. Each
variation has a unique combination of the three measures. The number of times a measure appears in the first,
second and third tasks is equal for each measure. For each variation, the ordering of the tasks (1, 2 and 3)
remains the same across all respondents. There is a concern that this may lead to ordering effects, but this was
chosen to reduce the complexity of the interviews for the interviewers. The study is designed so that each
measure appeared an equal number of times with each other measure in rank and VAS tasks, and each health
state is valued approximately 75–100 times (with the exception of 50 times for four EQ‐5D states) and 500
times for each worst state. Analysis of the rank data is reported elsewhere (Hernandez et al., 2009).

Rescaled VAS ratings are obtained using the following equation (MVH group, 1994):

Aijk ¼ Rijk−R deadð Þik
R bestð Þik−R deadð Þik
Copyright © 2011 John Wiley & Sons, Ltd. Health Econ. (2011)
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Table II. Example set of states for one ranking and rating task

I am confined to bed
I am unable to wash or dress myself
I am unable to perform my usual activities
I have extreme pain or discomfort
I am extremely anxious or depressed

I have no problems in walking about
I have no problems with self‐care
I have no problems with performing my usual activities
I have no pain or discomfort
I am not anxious or depressed

I am confined to bed
I am unable to wash or dress myself
I am unable to perform my usual activities
I have no pain or discomfort
I am extremely anxious or depressed

I cannot have any of the love and friendship that I want
I can only think about the future with a lot of concern
I am unable to do any of the things that make me feel valued
I cannot have any of the enjoyment and pleasure that I want
I am unable to be at all independent

I can have all of the love and friendship that I want
I can think about the future with only a little concern
I am able to do a few of the things that make me feel valued
I can have a lot of the enjoyment and pleasure that I want
I am able to be completely independent

I cannot have any of the love and friendship that I want
I can think about the future with only a little concern
I am unable to do any of the things that make me feel valued
I cannot have any of the enjoyment and pleasure that I want
I am unable to be at all independent

Best state

Dead

VALUING STATES FROM MULTIPLE MEASURES ON SAME VAS
where Aijk represents the adjusted VAS rating for each health state j, for each individual i and for each task k, R
(dead)ik represents the raw rating given to ‘dead’, Rijk represents the raw rating given to health state j, and R
(best)ik represents the raw rating given to the best health state. This rescales the values per task per individual
such that the highest valued state (including the generic ‘best state’) equals 1 and dead equals 0, hence states
can have a value worse than dead.

Descriptive statistics of adjusted VAS values are reported elsewhere (Rowen et al., 2009b). For the EQ‐5D,
predicted adjusted VAS score (obtained using regression analysis) was compared with the published VAS value
set. For all other analyses, mean VAS values for health states were used rather than predicted values to minimise
error. We modelled the VAS values on the vector of all health states (not dimension and level dummies as used
in usual health state valuation modelling as this is not feasible for this study design) and background
characteristics using a maximum likelihood random effects model, but no background characteristics variables
were significant.
2.2. Mapping visual analogue scale values onto published value sets

Mapping functions were estimated using regression techniques that estimate for each measure the relationship
between rescaled VAS values from our valuation study and the original value set or ‘utility scale’ (i.e. tariff).
The independent variables for the mapping regressions are taken from the original value set and use the
anchors specified by that measure. Each regression includes states from one measure only.
Copyright © 2011 John Wiley & Sons, Ltd. Health Econ. (2011)
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Three models were estimated using mean level data for each measure: (1) linear; (2) quadratic; and (3)
cubic:

y―j ¼ αþ βxj þ εj (1)

y―j ¼ αþ β1xj þ β2x
2
j þ εj (2)

y―j ¼ αþ β1xj þ β2x
2
j þ β3x

3
j þ εj (3)

where y―j represents mean rescaled VAS value, x represents the original utility from the original value set,
j= 1, 2,…,J represents the health states per measure (16 for EQ‐5D and 13 for all other measures), and εj
represents the error term. Squared and cubic terms are designed to pick up nonlinearities in the relationship
between mean VAS values and the original value set for each measure as there is no reason why the
relationship is necessarily linear. Ordinary least squares was used for all models as the study design means that
the VAS data was rescaled to a maximum value of one but was not censored at one.

Three alternative models were also estimated using individual level data for each measure using a maximum
likelihood random effects model: (4) linear; (5) quadratic; and (6) cubic:

yij ¼ αþ βxj þ εij (4)

yij ¼ αþ β1xj þ β2x
2
j þ εij (5)

yij ¼ αþ β1xj þ β2x
2
j þ β3x

3
j þ εij (6)

where yij represents rescaled VAS value for individual, i = 1, 2,…,n for health state, j= 1, 2,…,J for each
measure, x represents the utility derived using the value set, and εij represents the error term.

R2 is often used in health economics to assess the goodness of fit of a model, but if extra variables are
included in the regression, R2 will never decrease even if the additional variables are not significant. Several
alternative criteria incorporate a penalty for model complexity, for example, adjusted R2, Akaike’s Information
Criterion (AIC) (Akaike, 1973) and the Schwarz Bayesian Information Criterion (BIC) (Schwarz, 1978). AIC
and BIC are reported for all models for consistency, although are not directly comparable across the models
that use mean level data and individual level data. Models with lower AIC and BIC are preferred, but these
criteria will not necessarily choose the same model. The penalty for the inclusion of additional variables in
BIC is larger than in AIC, and therefore BIC tends to choose models with less variables than AIC. Mean
squared error (MSE) of state predictions is a good indicator for mapping regressions of how large the
prediction errors are. This is a useful indicator given that the purpose of the mapping function is to predict
VAS values using observed utility values of one of the measures in external trial datasets. Performance of all
regression models is reported using R2, MSE of state predictions, AIC and BIC.

2.3. Value‐based mapping across all measures

Value‐based mapping using common VAS values to convert between measures involves two stages: (1) the
tariff values of the start measure is mapped onto the common VAS metric, and (2) the common VAS metric is
mapped onto the tariff values of the target measure. Figure 1 illustrates the process, where, as an example, the
SF‐6D state 444544 (with utility value 0.5 on the SF‐6D utility scale) is mapped onto the EQ‐5D utility scale.
First, the regression equation for SF‐6D is used to convert the utility value of SF‐6D for this state (0.5) into
the common VAS metric for the state (0.464). Then second, based on the EQ‐5D regression equation, this
VAS value is used to estimate the corresponding utility value for SF‐6D state 444544 on the EQ‐5D utility
scale (0.152). If the two regression equations are solved as simultaneous equations, then a single mapping
function can be derived that goes straight from a value on the utility scale of the start measure to the
corresponding value on the utility scale of the target measure, without stopping for the common VAS value.
These mapping functions provide a method of translating one set of existing value sets into another, so that
Copyright © 2011 John Wiley & Sons, Ltd. Health Econ. (2011)
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VAS estimate =
0.059 + (0.809 x
0.5)

VAS
estimate
= 0.464

EQ-5D utility
value
estimate =
(0.464-
0.385)/0.515

Estimated
EQ-5D
utility value
= 0.152

E.g. SF-6D =
0.5

Observed 
utility value 
for one of 
the PBMs 
(EQ-5D, SF-
6D, HUI2,
AQL-5D,
OPUS, 
ICECAP)

Estimated
utility value
for target
PBM

Estimate 
utility value
using the 
mapping 
regression 
of VAS 
value and
target PBM

Estimate 
common 
VAS value 
using the 
mapping 
regression of 
value set 
and VAS 
value

EQ-5D utility estimate = -0.633 + 1.571 SF-6D

Estimated 
common 
VAS value

(a) Procedure

(b) Example mapping of SF-6D onto EQ-5D

Figure 1. Value‐based mapping across measures. PBM, preference‐based measures. VAS, visual analogue scale

VALUING STATES FROM MULTIPLE MEASURES ON SAME VAS
the values on the common VAS themselves are not the ultimate objective of the exercise. Also note that the
variables involved in the regressions are the tariff values and the common VAS values; they do not involve
the dimensions and levels of either descriptive system.
3. THE DATA

The dataset contains 502 successfully conducted interviews, a response rate of 55% for suitable respondents
answering their door at the time of interview. The respondents were from the geographical areas in the north of
England including urban and rural areas with a mix of socioeconomic characteristics. The study has a completion
rate of 99% for all states included in the VAS tasks (178 VAS values missing out of 12 048 values). Two
respondents (0.4%) had no VAS response, one respondent and one further task for one respondent were excluded
for unusable responses (‘dead’ is valued higher than all states other than ‘best state’). All other responses were
used in the analysis reported here. Characteristics of all respondents with usable VAS responses are presented in
Table III and compared with the general population in South Yorkshire and England. The sample had a higher
proportion of retired persons and home owners and a lower proportion of employed persons.

Mean adjusted VAS value for the best states for those measures where their best state was valued, EQ‐5D
(state 11111) and OPUS (state 1111) are lower than one (0.909 and 0.899, respectively), and these measure‐
specific best states are regarded as statistically significantly worse than the generic best state. The worst state
(known as ‘PITS’) was valued for all measures, and the VAS values range between 0.075 and 0.324. This
range reflects the different ‘floors’ of the measures, with generic EQ‐5D having the lowest floor and the
disease‐specific AQL‐5D having the highest. There are no logical inconsistencies in the mean VAS scores or
value set for these states for each instrument.
4. RESULTS

4.1. Mapping visual analogue scale values onto published value sets

Tables III and IV present the regression results mapping common VAS metric values onto the utility scale for
each measure using mean and individual level data, respectively. Performance of the regression models varies
Copyright © 2011 John Wiley & Sons, Ltd. Health Econ. (2011)
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Table III. Characteristics of respondents

Included respondents
(n= 499)

South
Yorkshire1

England

Mean age (SD) 48.5 (17.9) – –
Female 49.9% 51.2% 51.3%
Married/ with partner 69.1% – –
Employed or self‐employed 49.1% 56.1% 60.9%
Unemployed 1.4% 4.1% 3.4%
Long‐term sick 3.6% 7.7% 5.3%
Full‐time student 4.2% 7.5% 7.3%
Retired 30.5% 14.4% 13.5%
Own home outright or with a mortgage 86.1% 64.0% 68.7%
Renting property 13.8% 36.0% 31.3%
Secondary school is highest level of education 43.9% – –
EQ‐5D score (SD) 0.85 (0.23) – 0.86 (0.23)2

Found valuation task difficult (judged by respondent) 29.3% – –
Doubtful whether the respondent understood the tasks (judged by
interviewer)

4.1% – –

1Statistics for South Yorkshire Health Authority and for England in the Census 2001. Questions were used in this study, and the census was
not identical. The census includes persons aged 16 and older, whereas this study only surveys persons aged 18 and older.

2Interviews conducted in the Measurement and Valuation of Health study in 1993 (Kind et al., 1999).
SD, standard deviation.
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across measures with the poorest performance for OPUS and EQ‐5D models. There is less variation within
measures across models using R2, MSE of state predictions, AIC and BIC. R2 is generally high, varying from
0.83 (EQ‐5D) to 0.97 (SF‐6D) for the mean models. Although their R2 is generally lower, the linear models are
preferred according to AIC and BIC, with the exception of OPUS.

The models selected by BIC also tend to be selected by AIC and in cases where this does not happen,
AIC is likely affected by its smaller penalty for the inclusion of additional variables. The models selected by
AIC and BIC do not have the smallest MSE, but the differences in MSE between the model selected by AIC
and BIC and the model with the smallest MSE are small. The cubic regression is selected as a better‐fitting
model using AIC, BIC and the smallest MSE for OPUS models for both mean and individual level data.
However, plots of the data, available from the corresponding author on request, clearly show that the cubic
model for both mean and individual data is oversensitive to outliers and that the relationship is not cubic.
Table IV shows that many of the quadratic and cubic regression models suffer from multicollinearity as
evidenced by high R2 values in regressions, where none or almost none of the coefficients are significant.
For these reasons, the linear models are used for subsequent analysis.

Table V shows that regressions estimated using individual level data have similar MSE of state
predictions (note, there is no R2 for maximum likelihood estimation). The mean level models are used for
subsequent analysis, but results using the individual level models are available from the corresponding
author on request.

4.2. Mapping across all measures

Table VI presents the mapping functions that enable a start PBM to be mapped onto the target measure to
produce an estimated utility value for that measure. For example, for an observed SF‐6D utility value
equal to 0.7, we obtain an estimated score on the EQ‐5D utility scale using the equation:

EQ‐5D ¼ −0:633þ 1:571SF‐6D
EQ‐5D ¼ −0:633þ 1:571*0:7 ¼ 0:467

(7)

These mapping functions have been generated by solving the linear mapping regressions in Table IV as
simultaneous equations (detailed workings available from the authors on request). The mapping functions vary
Copyright © 2011 John Wiley & Sons, Ltd. Health Econ. (2011)
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Table IV. Mapping visual analogue scale values to value set using mean level data

Model x (SE.) x2 (SE) x3 (SE) Constant (SE) n R2 AIC BIC MSE
(state level)

EQ‐5D (1) 0.515**
(0.063)

0.385**
(0.026)

16 0.83 −29.93 −28.39 0.00702

(2) 0.531**
(0.080)

−0.039
(0.116)

0.388**
(0.028)

16 0.83 −28.08 −25.76 0.00696

(3) 0.523**
(0.119)

−0.055
(0.205)

0.026
(0.268)

0.390**
(0.037)

16 0.83 −26.09 −23.00 0.00695

SF‐6D (1) 0.809**
(0.054)

0.059
(0.035)

13 0.95 −44.87 −43.74 0.00136

(2) 0.388
(0.357)

0.344
(0.288)

0.173
(0.101)

13 0.96 −44.60 −42.91 0.00119

(3) 2.354
(1.619)

−3.13
(2.808)

1.905
(1.532)

−0.167
(0.291)

13 0.97 −44.66 −42.40 0.00102

HUI2 (1) 0.724**
(0.068)

0.112**
(0.034)

13 0.91 −35.55 −34.42 0.00279

(2) 0.731*
(0.233)

−0.009
(0.289)

0.112*
(0.044)

13 0.91 −33.56 −31.86 0.00279

(3) 0.927
(0.451)

−0.879
(1.717)

0.842
(1.636)

0.114*
(0.046)

13 0.91 −31.93 −29.67 0.00271

AQL‐5D (1) 0.745**
(0.060)

0.016
(0.043)

13 0.93 −50.06 −48.93 0.00091

(2) 0.914
(0.611)

−0.122
(0.436)

−0.040
(0.207)

13 0.93 −48.17 −46.47 0.00091

(3) 3.576
(4.458)

−4.159
(6.710)

1.976
(3.276)

−0.605
(0.961)

13 0.94 −46.68 −44.42 0.00087

OPUS (1) 0.522**
(0.070)

0.218**
(0.042)

13 0.84 −29.41 −28.28 0.00448

(2) 0.150
(0.235)

0.366
(0.222)

0.282**
(0.055)

13 0.87 −30.52 −28.83 0.00353

(3) 1.245**
(0.363)

−2.45*
(0.846)

1.871**
(0.552)

0.209**
(0.044)

13 0.94 −39.21 −36.95 0.00155

ICECAP (1) 0.669**
(0.057)

0.240**
(0.032)

13 0.93 −34.18 −33.05 0.00311

(2) 0.551*
(0.224)

0.125
(0.227)

0.257**
(0.046)

13 0.93 −32.56 −30.87 0.00301

(3) 0.643
(0.546)

−0.136
(1.404)

0.186
(0.989)

0.251**
(0.057)

13 0.93 −30.61 −28.35 0.00300

SE, standard error; AIC, Akaike’s Information Criterion; BIC, Bayesian Information Criterion; MSE, mean squared error.
*significant at 5%;
**significant at 1%.
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across measures, reflecting differences in measures and differences in the relationships between mea-
sures. Background characteristics are not included in the models because in preliminary data analysis,
they were found not to be significant.

To demonstrate how these results can be used, we show how the observed values of all measures
can be expressed on the EQ‐5D utility scale (though this can be carried out for any instrument using
the mapping functions in Table VI). Table VII is a look‐up table presenting estimated values on the
EQ‐5D utility scale for observed values of other measures. For example, Table VII illustrates that SF‐6D
health state 444544 with utility value of 0.5 has an estimated value on the EQ‐5D utility scale of 0.152
using the common VAS metric to convert between measures. Figure 1(b) illustrates how the estimate of
the score on the EQ‐5D utility scale is produced using the mapping regressions in Table IV and
the mapping functions in Table VI. Estimates are outside of the EQ‐5D value set range (1 to −0.594)
for the highest ICECAP value (EQ‐5D estimate of 1.017) and the lowest HUI2 value (EQ‐5D estimate
of −0.608).
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Table V. Mapping visual analogue scale values to value set using individual level data

Model x (SE) x2 (SE) x3 (SE) Constant (SE) n Groups AIC BIC MSE
(state level)

EQ‐5D (4) 0.513**
(0.011)

0.382**
(0.011)

1482 249 −248.46 −227.25 0.00703

(5) 0.515**
(0.011)

−0.024
(0.023)

0.388**
(0.012)

1482 249 −247.56 −221.06 0.00698

(6) 0.48**
(0.028)

−0.063
(0.037)

0.081
(0.061)

0.396**
(0.013)

1482 249 −247.30 −215.50 0.00703

SF‐6D (4) 0.832**
(0.020)

0.044**
(0.015)

1487 249 −453.44 −432.22 0.00139

(5) 0.660**
(0.133)

0.152
(0.116)

0.084*
(0.034)

1487 249 −453.16 −426.64 0.00131

(6) 2.578**
(0.667)

−3.416**
(1.222)

2.02**
(0.689)

−0.221*
(0.109)

1487 249 −459.73 −427.91 0.00104

HUI2 (4) 0.711**
(0.017)

0.116**
(0.013)

1486 251 −220.32 −199.11 0.00281

(5) 0.684**
(0.052)

0.043
(0.079)

0.116**
(0.013)

1486 251 −218.61 −192.09 0.00281

(6) 0.956**
(0.115)

−1.392*
(0.547)

1.457**
(0.550)

0.132**
(0.014)

1486 251 −223.60 −191.78 0.00284

AQL‐5D (4) 0.764**
(0.026)

−0.001
(0.020)

1474 248 −490.62 −469.44 0.00094

(5) 0.91**
(0.257)

−0.111
(0.195)

−0.045
(0.080)

1474 248 −488.95 −462.47 0.00092

(6) 4.018
(2.198)

−4.963
(3.414)

2.427
(1.705)

−0.680
(0.453)

1474 248 −488.97 −457.20 0.00088

OPUS (4) 0.509
(0.014)

0.225**
(0.012)

1481 249 −374.62 −353.42 0.00450

(5) 0.321
(0.048)

0.221**
(0.054)

0.239**
(0.013)

1481 249 −389.31 −362.81 0.00375

(6) 1.275
(0.111)

−2.674**
(0.310)

2.065**
(0.218)

0.223**
(0.013)

1481 249 −473.88 −442.08 0.00163

ICECAP (4) 0.696**
(0.015)

0.231**
(0.012)

1460 244 −325.31 −304.17 0.00319

(5) 0.712**
(0.054)

−0.020
(0.063)

0.230**
(0.013)

1460 244 −323.41 −296.98 0.00321

(6) 0.794**
(0.135)

−0.291
(0.416)

0.208
(0.315)

0.229**
(0.013)

1460 244 −321.85 −290.13 0.00317

SE, standard error; AIC, Akaike’s Information Criterion; BIC, Bayesian Information Criterion; MSE, mean squared error.
*significant at 5%;
**significant at 1%.
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Figure 2 plots observed EQ‐5D utility values for a patient dataset and estimated EQ‐5D utility values
using mapping by statistical association and value‐based mapping using observed SF‐6D utility values. The
patient dataset consists of 2515 cases of self‐reported SF‐6D and EQ‐5D scores created using seven patient
group datasets (chronic obstructive pulmonary disease, osteoarthritis, irritable bowel syndrome, lower back
pain, leg ulcers, post menopausal women and elderly) collected in various studies undertaken at the
University of Sheffield, UK (Brazier et al., 2004). The EQ‐5D estimates for mapping by statistical association
are produced using a linear regression model estimated for this patient dataset using ordinary least squares
(EQ‐5D= −0.343 + 1.490 SF‐6D (standard error of coefficients = 0.20, 0.30)).

For this dataset, covering seven different patient populations, the value‐based mapping typically produces
lower EQ‐5D estimates than mapping by statistical association. MSE for the value‐based mapping approach is
higher (0.104) than for mapping by statistical association (0.048). This is expected, given that they are
produced using very different approaches estimated using different datasets. Mapping by statistical association
estimates the relationship between self‐reported scores and is likely to produce reasonably accurate estimates
Copyright © 2011 John Wiley & Sons, Ltd. Health Econ. (2011)
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Figure 2. Comparison of observed EQ‐5D utility values for a patient dataset and estimated EQ‐5D utility values using observed SF‐6D
utility values. VAS, visual analogue scale

Table VII. Value‐based mapping look‐up table: Mapping onto EQ‐5D

SF‐6D EQ‐5D HUI2 EQ‐5D AQL‐5D EQ‐5D OPUS EQ‐5D ICECAP EQ‐5D

1 0.938 1 0.876 1 0.73 1 0.689 1 1.017
0.9 0.781 0.9 0.735 0.9 0.59 0.9 0.588 0.9 0.888
0.8 0.624 0.8 0.595 0.8 0.44 0.8 0.487 0.8 0.758
0.7 0.467 0.7 0.454 0.7 0.30 0.7 0.385 0.7 0.628
0.6 0.310 0.6 0.313 0.6 0.15 0.6 0.284 0.6 0.498
0.5 0.152 0.5 0.173 0.5 0.01 0.5 0.183 0.5 0.368
0.4 −0.005 0.4 0.032 0.4 −0.14 0.4 0.081 0.4 0.238
0.3 −0.162 0.3 −0.108 0.3 −0.020 0.3 0.108

0.2 −0.249 0.2 −0.122 0.2 −0.022
0.1 −0.390 0.1 −0.223 0.1 −0.152
0 −0.530 0 −0.324 0 −0.282

The look‐up tables from SF‐6D and AQL‐5D are constrained to feasible utility values using the range of the value set.

D. ROWEN ET AL.
for a dataset of this nature, where both measures are appropriate. The direct statistical mapping approach
requires reasonable conceptual overlap between all the dimensions in EQ‐5D and SF‐6D. Where dimensions
are only represented in one measure, for example, vitality appears in SF‐6D but not EQ‐5D, the conventional
methods fail to reflect this (for example, nonsignificant coefficients for the vitality dimension in mapping from
SF‐36 to EQ‐5D (Rowen et al., 2009a, 2009b)). Mapping each measure onto a third scale, in this case VAS,
means that important dimensions like vitality in the source instrument are not excluded when represented on
the target utility scale.
Copyright © 2011 John Wiley & Sons, Ltd. Health Econ. (2011)
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5. DISCUSSION

Not all clinical trials include PBM, but even when they do, they do not all use the same measure, presenting a
challenge for evidence synthesis. Here, we undertake a feasibility study examining a new method of mapping
that uses common VAS values to map five PBM onto EQ‐5D. For example, suppose we wish to compare mean
utility values of asthma patients using two different interventions from two different trials, where one trial used
AQL‐5D to generate utilities and the other used EQ‐5D. We wish to estimate differences between each
intervention and across the two trials, while controlling for the fact that the values were generated using
different measures. Our mapping approach enables us to do this by converting mean observed AQL‐5D
utilities into equivalent EQ‐5D utilities, but the equivalence is not in terms of the health state description but in
terms of its impact on quality of life.

The common VAS values are obtained by asking respondents to value states from multiple instruments
alongside each other. The VAS and mapping results indicate that this approach is feasible. The functions in
Table VI that map across PBM indicate that the relationships vary across measures. We expect differences; the
original value sets use different preference elicitation techniques including time trade‐off, standard gamble,
best–worst scaling and discrete choice experiment; the study populations are different (locations, year,
sampling method); and here, all states are rated alongside other measures.

It is unclear whether the mean or individual level regressions are most appropriate for estimating the
relationship between mean VAS values from the valuation study and the original utility scale for each measure.
The mean level models ignore individual variability but pragmatically are in accordance with techniques used
in health economics. For example, Torrance et al. (1996) and Stevens et al. (2006) used mean level regression
models on fewer data points than used here to estimate the relationship between standard gamble and VAS
responses. In principle, individual level models would be preferred to exploit a richer dataset. However, the
individual level models suffer from the problem that the original value set of each instrument does not differ
across individuals, that is, although the dependent variable is an individual level variable, the independent
variables are mean level variables. This means that the independent variables are not ‘variables’ in the usual
sense but are instead estimated parameters taken from previous valuation studies. Future research in this area
should involve exploration of ways of addressing this problem. For the purposes of prediction, the main object
of the present paper, the use of the mean level dependent variable will still produce unbiased point estimates.

The descriptive system of the EQ‐5D covers a larger value set range (1 to −0.594) of health states than all
other measures included in the study. Only the HUI2 appears to have a descriptive system that can be mapped
to nearly the full EQ‐5D range. The AQL‐5D value set maps to only a small section of the full EQ‐5D range
(0.73 to −0.14). Some EQ‐5D estimates are higher or lower than the EQ‐5D value set range. This clearly
highlights differences in the value set ranges of different measures and hence of health states covered by the
different descriptive systems. This raises two issues: (i) whether the predictions in this case should be bounded
by the range of the EQ‐5D value set; and (ii) what it means if we have a predicted utility value above the best
state or below the worst state defined by the classification system of any measure.

This study suffers from comparatively low sample size, meaning that the mapped estimates may be
unreliable. Observed VAS values for EQ‐5D best state (0.909) and OPUS best state (0.899) are similar, for
example, yet the mapped OPUS best state has an estimate on the EQ‐5D utility scale of 0.689. This may be the
case because the mapping regressions are poorest for OPUS and EQ‐5D models, with the highest MSE. The
mapping functions may not be entirely reasonable at the upper ends of the scale, where there were only a small
number of observations in the valuation study in comparison with the worst state defined by each measure,
which has the highest number of observations. Further research is needed to examine differences in instrument
specific full health and states at the mildest end of the descriptive system.

The meaning of mapping between measures that are used on different populations or different patient groups
or between health‐related quality of life measures and quality‐of‐life measures is not straightforward. Mapping by
statistical association uses self‐reported scores on bothmeasures tomap betweenmeasures. This is only appropriate
if eachmeasure is suitable for that population. But here, we use general populationVAS values for states defined by
Copyright © 2011 John Wiley & Sons, Ltd. Health Econ. (2011)
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bothmeasures tomap betweenmeasures. This will be appropriate even if the target measure is inappropriate for that
population to self‐report their health. One advantage of using this approach in the UK is that EQ‐5D is currently
recommended by NICE (2008) for use in economic evaluation, and NICE states that mapping can be used when
EQ‐5D was not included in the trial. This approach enables an EQ‐5D utility estimate to be produced when the
EQ‐5D is either unavailable or unsuitable, provided the trial dataset includes one of the other PBM included here.

This feasibility study has demonstrated that it is possible to valuemultiplemeasures on the sameVAS scale and
to use these values to map between measures. This new approach of value‐based mapping potentially has a useful
role in evidence synthesis and cross programme comparisons in studies using different measures. However,
important concerns remain with the statistical methods used to estimate the mapping functions, and particularly
the estimation of uncertainty for mapped estimates needs to be addressed in future research in this area.
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