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Abstract

Introduction

Standard valuation methods, such as TTO and DCE are inefficient.
They require data from hundreds if not thousands of participants to
generate value sets. Here, we present the Online elicitation of
Personal Utility Functions (OPUF) tool; a new type of online survey for
valuing EQ-5D-5L health states using more efficient, compositional
elicitation methods, which even allow estimating value sets on the
individual level. The aims of this study are to report on the
development of the tool, and to test the feasibility of using it to obtain
individual-level value sets for the EQ-5D-5L.

Methods

We applied an iterative design approach to adapt the PUF method,
previously developed by Devlin et al., for use as a standalone online
tool. Five rounds of qualitative interviews, and one quantitative pre-
pilot were conducted to get feedback on the different tasks. After each
round, the tool was refined and re-evaluated. The final version was
piloted in a sample of 50 participants from the UK. A demo of the EQ-
5D-5L OPUF survey is available at: https://eq5d5l.me

Results

On average, it took participants about seven minutes to complete the
OPUF Tool. Based on the responses, we were able to construct a
personal EQ-5D-5L value set for each of the 50 participants. These
value sets predicted a participants' choices in a discrete choice
experiment with an accuracy of 80%. Overall, the results revealed that
health state preferences vary considerably on the individual-level.
Nevertheless, we were able to estimate a group-level value set for all
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50 participants with reasonable precision.

Discussion

We successfully piloted the OPUF Tool and showed that it can be used
to derive a group-level as well as personal value sets for the EQ-5D-5L.
Although the development of the online tool is still in an early stage,
there are multiple potential avenues for further research.

Keywords

EQ-5D, Health valuation, multi-attribute value theory, multi-criteria
decision analysis, online survey, personal utility function, preference
elicitation, stated preferences
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1 Introduction

The valuation of health, in terms of quality-adjusted life years
(QALYs), is an essential component in health economic evalu-
ations. The QALY is generally derived from generic meas-
ures of health, which, in turn, consist of two components:
firstly, a health descriptive system, which defines a number of
mutually exclusive health states and, secondly, a set of (social)
values, that reflect their respective desirability. These values
are commonly based on individual preferences of members of
the general public'~.

Methods for eliciting preferences belong to one of two types:
they are either compositional or decompositional®>. Standard
health state valuation methods, such as time trade-off (TTO),
standard gamble (SG), discrete choice experiments (DCE) and
best-worst scaling (BWS) belong to the latter group. Their main
disadvantage is that they are inefficient. The amount of infor-
mation that is obtained from each participant is so small, that
data from hundreds, if not thousands, of participants is required
in order to estimate a social value set. Generating value sets
for small subgroups will thus often not be feasible at all®’.

Compositional methods, on the other hand, are much more
efficient — they even allow the estimation of value sets on the
individual-level. Values can also directly be aggregated across
individuals, without the need for complicated statistical models.
Nevertheless, compositional methods have seldom been used
in the valuation of health and, where they have been used, it
is generally in combination with decompositional methods®.

Recently, Devlin er al.’ pioneered a new method for eliciting
health state values, based entirely on compositional preference
elicitation techniques. Their personal utility function (PUF)
approach was successfully piloted in face-to-face interviews
to derive personal (as well as a social) value sets for the
EQ-5D-3L instrument’. The EQ-5D-3L is a generic measure
of self-reported health, which is widely used in health economic
evaluations (see below).

In this paper, we aim to expand on the previous PUF work
in three ways. Firstly, we establish its theoretical founda-
tions, namely multi-attribute value theory, and how it relates
to the valuation of health states more generally (section 2).
Secondly, we report on the development of a new, PUF-based
online tool (OPUF) to obtain individual-level value sets for the
EQ-5D-5L (section 3), and then pilot the tool in a small sample
of participants (section 4). Finally, we discuss the main advan-
tages, disadvantages, and potential challenges, and propose
potential next steps in the development of the OPUF approach
(section 5).

2 Theoretical framework

Preference-based measures of health are (implicitly or explicitly)
built on multi-attribute value or utility theory (MAVT/MAUT).
These frameworks provide the theoretical foundations for
the application of compositional and decompositional prefer-
ence elicitation methods''-"". Before we provide a brief intro-
duction into MAVT/MAUT, it may useful, however, to highlight
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some relevant aspects of health descriptive systems, to
demonstrate how closely they are linked to MAVT/MAUT.

2.1 Health descriptive systems

Most health descriptive systems, generic or condition-specific,
share a similar structure, in the sense that health states are defined
along a set of dimensions (e.g. pain, mobility, etc), of which
each has a number of attributes, reflecting different levels of
performance’'*. These levels usually have an inherent order,
such that higher levels are preferred over lower level, or vice
versa (e.g. some pain is better than severe pain). All possible
combinations of attributes from different dimensions define
the complete set of health states that a descriptive system can
represent. Moreover, in most systems there is one best state,
full health, which dominates all other states, and one worst
state, which is dominated by all other states. For use in health
economic evaluations, health descriptive systems need to be
valued: utility values, anchored at full health (=1) and dead
(=0), need to be assigned to all health states. These values are
sometimes also referred to as social values, preference-based
indices and health utilities , (health-related) quality of life-, or
QALY-weights (we use these terms synonymously). As we will
explain below, the structure of a health descriptive system
is crucial for its valuation.

2.2 The EQ-5D-5L instrument

To give an example, and also to describe the instrument that
is to be valued in this study using the OPUF, we briefly intro-
duce the EQ-5D-5L". This health descriptive system defines
health states using five dimensions/criteria: mobility (MO),
self-care (SC), usual activities (UA), pain or discomfort (PD),
and anxiety or depression (AD). Each dimension has five per-
formance levels: no, slight, moderate, severe, and extreme prob-
lems. However, the extreme level for dimensions MO, SC;
and UA use the word ‘unable’ (e.g. unable to walk about). In
total, the instrument describes 3,125 mutually exclusive health
states. They can be referred to by a 5-digit code, representing
the severity levels for the five dimensions. ‘11111" denotes full
health; and 55555 denotes the objectively worst health state.

2.3 Multi-attribute value and utility theory

MAVT and MAUT are general (multi-criteria decision mak-
ing) frameworks to analyse decision problems involving multiple
alternatives and conflicting objectives. The difference between
MAVT and MAUT is that the former deals with problems
under certainty, while the latter also incorporates uncertainty.
The general concept, however, is the same: the stated prefer-
ences of an individual, or a group of individuals, over a number
of alternatives can be quantified as a value (or utility) func-
tion, which assigns a score to any alternative under consid-
eration. The alternatives only have value in so far as they meet
certain objectives. This makes it possible to learn a decision
maker’s partial preferences for these objectives, construct a pref-
erence function, and then use it to predict values for different
alternatives®”.

The valuation of health states can be described with this
framework'”. The three general structural levels (alternatives,
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objectives, performances) can be mapped directly to correspond-
ing concepts in health descriptive systems. Firstly, the alterna-
tives under consideration, which are to be valued, correspond to
health states. Secondly, the objectives against which alternatives
are to be evaluated correspond to the different health dimen-
sions (e.g. pain, mobility). Thirdly, the alternatives’ perform-
ance levels, i.e. the extent to which the alternatives meet the
objectives, correspond to the dimension levels of the different
health states (e.g. some pain, impaired mobility, etc).

2.4 Value measurement theory
In the context of the QALY framework, constructing a value
function for health states requires three components:

1. Level ratings/scores: also referred to as marginal
value functions, reflect the preferences for different lev-
els of performance on a given criterion. This specifies,
for example, how much better some pain is compared
to severe pain. The scale is defined by the best and worst
possible level of performance. The units of measure-
ment are arbitrary, but for convenience, values are usually
normalised between 100 (best) and O (worst).

2. Criteria/dimension weights: they represent the rela-
tive importance of a given criterion, compared to all other
criteria. More specifically, it is a measure of the relative
(utility) gain associated with replacing the lowest level
with the highest level of performance for this criterion
(e.g. moving from extreme pain to no pain). A value of
100 is assigned to the most important criterion, and the
weights of all other criteria are then defined relative to this
yardstick: a value of 50, for example, means a criterion is
half as important; a value of zero means a criterion is not
important at all.

3. Anchoring factor: anchoring is an additional step, only
required in the context of the QALY framework. It is nec-
essary, because health state utilities need to be mapped
on to a scale, which is anchored at full health, set to 1,
and dead, set to 0. For this, an additional parameter needs
to be elicited, that we will call anchoring factor'®. Tt was
operationalised as a person’s maximum range of util-
ity values, i.e. the difference between their highest and
their lowest utility value. Alternatively, it can be under-
stood as a person’s (assumed) rate of substitution between
units of quantity and units of quality of life.

All three components are combined into a (global) value func-
tion, using some pre-specified aggregation method. Most com-
monly, an additive aggregation function (weighted sum) is
chosen. It is easy to interpret, as it only considers marginal
changes. Since we want to anchor utility values on the QALY
scale, we first need to normalise the additive function between 1
and O (i.e. divide both components by 100), and then rescale the
function, using the anchoring factor a. Accordingly, an additive
model with m criteria can be written as:

w;p (hl)

m
Viy=1-a+¥ 1= M2
(h)=1-a Z; 1000
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whereby V(h) is the value function which assigns a utility value
to any health state h; a is the anchoring factor (=utility range);
w, is the weight of the ith dimension, £, is the level of perform-
ance of state & on criterion 7, and p(h) then gives the marginal
value of state h’s performance level on dimension i. It should
be noted that the anchoring factor is usually not explicitly
considered as a separate criterion in the value function. Instead,
it is used to rescale the dimension weights and level rat-
ings (see section 'How to construct PUF’s from participants’
responses’ below).

2.5 Decompositional and Compositional methods

As stated in the introduction, there are two types of prefer-
ence elicitation methods: compositional and decompositional
methods. We assume that readers will be familiar with decom-
positional methods, in the form of TTO, SG, DCE, or BWS. All
of these methods require participants to evaluate entire health
states. This means, they need to consider all the relevant crite-
ria at the same time, and then assign cardinal values to these
states. Subsequently, these values are decomposed, with the
aim to work out the marginal contribution of each attribute to
the overall utility score. Ultimately, this procedure provides
a scoring system, with coefficients for the different dimen-
sions and levels, which can be used to estimate the values for all
health states.

Another aspect that should be noted is that, in practice, it is usu-
ally infeasible to elicit values for all health states from one indi-
vidual. Therefore, a statistical model needs to be fitted to the
values elicited from multiple individuals over a subset of the
states'”'"*. Depending on the complexity of the health descrip-
tive system, large numbers of participants may need to be
surveyed to yield sufficient data points for the statistical model
to converge and to produce robust estimations®’. This makes it
generally impossible to construct value functions for small groups
or for single individuals.

The elicitation of preferences through compositional methods
works the other way around. They start with the valuation of the
individual components of health states: criteria weights, level
ratings and the anchoring factor are elicited directly and in sep-
arate tasks. The three components are then combined, using a
pre-specified aggregation function, to estimate the values for all
health states.

There are several compositional preference -elicitation tech-
niques that can be used’. The most straight-forward methods
involve asking participants to allocate points or rate the attributes
directly, using a visual analogue scale (VAS), for example. Alter-
native methods include ranking techniques, Likert-type scales
(AHP) or semantic categories (MACBETH)'*~'.

These techniques have been used extensively in multicriteria
decision analysis (MCDA), including numerous applications in
the context of health technology assessments”*. Up until now,
however, the application of compositional methods in health
valuation studies has been scarce. One notable exception is

the Health Utility Index (HUT 2, HUI 3)**. Based on a MAUT
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framework, value sets were derived by combining the (decom-
positional) SG method with a (compositional) visual analogue
scale. Criteria weights and the anchoring factor were (simul-
taneously) derived through the former, while the latter pro-
vided the levels scores. However, the PUF approach appears
to be the first that is entirely based on compositional preference
elicitation techniques’.

3 Development of the OPUF Tool

3.1 From PUF to OPUF

The PUF approach was developed by Devlin er al.” as a new
method to derive personal value sets for the EQ-5D-3L'". It con-
sists of a series tasks, organised in seven sections (A: warm-up,
B: dimension ranking, C: dimension rating, D: level rating,
E: paired comparison, F: position-of-dead, G: check for
interactions). The approach was successfully piloted in 76
face-to-face interviews. The results showed that compositional
methods can be used to derive EQ-5D-3L value set on the
group, as well as on the individual level.

In recent years, the use of online data collection of stated pref-
erences data has become more and more popular. The main rea-
sons for this are presumably the speed and the often markedly
reduced costs compared to interviewer administration. This
may, in part, also explain the rise in the use of DCE, which,
compared to TTO, are much easier to apply online**”’.

The aim of the present study was to adapt and refine the PUF
approach for use as a stand-alone online survey, and to test its
use in valuing the EQ-5D-5L. With one exception (G: check
for interactions) all tasks used in the original approach were
implemented in the OPUF. We only added one additional task,
the ’Dead-VAS’, to be able to anchor the PUF of participants
with a certain preference profile (see below). Nevertheless,
the overall implementation of the OPUF differed significantly
from the original. The original PUF approach was delivered in
face-to-face interviews. Participants were encouraged to reflect
on, explain, and revise their responses. Deliberation and the
interaction with the interviewer were key components of the
study, and interviews took up to 90 minutes. We believe this
approach cannot easily be replicated in a stand-alone online
tool. Participants may be less motivated to work through diffi-
cult exercises or to reflect on their preferences, without the pres-
ence of a human interviewer. We therefore decided to make
the survey shorter, and focused on clear and intuitive presenta-
tion of the tasks. For this, we simplified some of the instructions
and tried to design an easy-to-use web interface.

3.2 Development of the EQ-5D-5L OPUF Tool

The OPUF Tool was programmed in R Shiny — an extension
of the R programming language for creating interactive user
interface’. For the development, we used an iterative design
approach. First, we experimented with various approaches
for emulating the PUF tasks, that were applied in face-to-face
interviews conducted online survey. This involved exploring
the capabilities of R Shiny, and testing different input elements,
such as numeric or text input fields, buttons, drop-down menus,
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and sliders. Since default templates did not always seem
adequate, we developed several new input elements, includ-
ing visual analogue scales (VAS), a level rating scale, and a
colour-coded DCE. Different presentations of the tasks were
discussed among the research team and tested with colleagues.
Three different versions of the online tool were built before
we developed a first fully functional prototype.

Subsequently, the prototype was evaluated and further refined
in five iterative rounds of user testing. This involved qualitative
online interviews with a total of 22 participants (5+4+4+5+4),
recruited via the Prolific platform (https:/www.prolific.co).
During the interviews, we observed the participants’ screens
while they were going through the OPUF Tool. After each
task, we asked them how they understood the task, how dif-
ficult it was, and whether there was anything confusing about
it. The interviews took between 15 and 53 minutes. After each
round, we revised the tool based on the feedback we received.
After the third round, we also conducted a first "test launch’, for
which we recruited 50 participants to complete the tool with-
out being directly monitored by the interviewer. Data from the
test launch was used to check and refine our analysis plan.

Once we arrived at the final version of the OPUF Tool, we con-
ducted a quantitative pilot to test the feasibility of using it
for deriving personal as well as group-level EQ-5D-5L util-
ity functions. The results are described in section 4 (quantitative
pilot results).

3.3 The EQ-5D-5L OPUF Tool

The OPUF Tool consists of 10 steps. In the following, we
describe each step in more detail and explain how the respec-
tive tasks work. However, we consider the visual presentation
of the tasks an essential component of the OPUF Tool. Much
effort went into developing an intuitive and easy-to-use design.
We thus recommend readers to consult the online demo ver-
sion of the tool while reading through this section. It is available
at https://eq5dSl.me.

Steps 1 & 2: Warm-up

The first two tasks aim to familiarise participants with the instru-
ment and the five dimensions it covers. They are asked to
self-report their current health on the EQ-5D-5L descriptive sys-
tem and to rate their overall health status, using the EQ-VAS.
To avoid any anchoring effect, we designed a new, empty slider
input element, which had no default value.

Step 3: Level rating

In the original PUF, level rating involved five separate tasks, one
for each dimension of the EQ-5D-3L. Participants were asked
to allocate 100 points between an improvement from extreme
to moderate, and from moderate to no problems. Since no and
extreme problems are fixed at 100 and 0, in effect, this exercise
determined the values of the ‘moderate’ level on each dimen-
sion. For the OPUF Tool, the move from the 3L to the 5L
version meant that we had to reconsider the design. Ask-
ing participants, for each dimension, to allocate points to four
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improvements (extreme to severe, severe to moderate, mod-
erate to slight, and slight to no problems) seemed excessive.
‘We thus considered two alternative options:

A Use the design for the 3L version to elicit a score for
the moderate level on each dimension, and then linearly
interpolate the scores for the slight and severe level. This
assumes that the differences between levels are equal.

B Elicit scores for all levels without any reference to
a particular dimension. This assumes that the different
levels of severity (‘slight’, ‘moderate’ etc.) have con-
sistent interpretations, irrespective of the specific health
problem.

We assessed the model coefficients of existing EQ-5D-5L
value sets from different countries, to check whether either of
the options could be supported by empirical data. However,
the evidence was ambiguous and partly contradictory. Ulti-
mately, we chose to implement option B (elicit all level ratings
without reference to a specific dimension) because it seemed
more convenient for the participants.

The final instructions for the task state that “a person with
100% health has no”, and “a person with 0% health has extreme
health problems”. Participants are then asked: “[h]Jow much
health does a person with slight health problems have left?”.
Responses are recorded on a scale that ranges from 100%
(= no problem) to 0% (extreme problems). After the partici-
pant clicks on the scale, two things happen. Firstly, the label
(’slight problems’) and a connecting arrow appear right next to
the selected value; and secondly, the question changes to the
next severity level (i.e. from slight to moderate, and from moder-
ate to severe). The severity levels are highlighted, using a purple
background colour (the hue depends on the severity level).

During the entire pilot phase, this task was considered to be dif-
ficult by many of the participants. Especially in earlier versions
of the tool, participants were often confused by the instruc-
tions and we had to revise and simplify the instructions and
layout several times.

In a previous version, the task also included default values, i.e.
the values of slight, moderate, and severe problems were preset
to 75%, 50% and 25%, respectively, and participants were asked
to adjust them. Yet, this caused a strong anchoring effect and
many participants did not change those values: 26 of 50 partici-
pants (52%) kept the preset value for the moderate severity level,
for example. Adapting the design, so that it did not show any
defaults, was technically challenging, but seemed necessary in
light of these early findings.

Step 4: Dimension ranking

Participants are presented with the worst levels of each dimension
(i.e. ‘I am unable to walk about, I am unable to wash and dress
myself, etc), and asked to rank them in order of which problem
they would ‘least want to have’; ties were not permitted. The
task aims to introduce participants to the idea of prioritising
one dimension of health over another. Responses to this task are
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also used to tailor the presentation of the following task to the
individual participant.

Step 5: Dimension weighting (Swing weighting)

Five sliders are shown, one for each dimension, describing an
improvement from the worst (extreme problems) to the best
level (no problems). The sliders are presented in the same order
as the participant had just ranked them. The first slider, for the
most important dimension, is set to 100. This is given as a fixed
yardstick, that participants are asked to use to evaluate the rela-
tive importance of the improvements in the other dimensions
(which are set to O by default).

The instructions are tailored to each participant: if, for exam-
ple, extreme pain or discomfort was ranked first in the previ-
ous task, the instructions state: “If an improvement from ‘I have
extreme pain or discomfort’ to ‘I have no pain or discomfort’ is
worth 100 ’health points’, how many points would you give to
improvements in other areas?”.

Step 6: Validation DCE

Three pairwise comparisons between health states are sequen-
tially presented to the participant: they are asked whether they
prefer scenario A or B. The health states for the scenarios are
personalised. For each participant, the dimension weights and
the level ratings are combined into a (1-0 scaled) PUFE. This func-
tion is then used to value all 3,125 health states, and to establish
a preference order. Ties are broken randomly.

Health states for scenario A are selected from the 25th, 50th,
and 75th percentile (order randomised) of the participant’s
personal ranking. The scenario A states are then paired with
states that have an absolute utility distance of about 0.1 (hard
choice), 0.2 (medium choice), and 0.3 (easy choice), respec-
tively (order randomised). Dominated and dominating states are
excluded.

To make it easier for participants to asses the severity of a health
state, we used intensity colour coding, i.e. different shades of
purple were used as background colours, ranging from light pur-
ple for no problems to dark purple for extreme problems, as
previously suggested by Jonker er al.”.

The responses to this task were not used in the construction of
the PUF — the purpose was to assess how accurately the OPUF
approach can predict an individual participant’s actual choices
in a standard discrete choice experiment task.

Step 7: Position-of-Dead Task

In this task, participants go through up to six paired compari-
sons between A) a health state and B) Being Dead’. In the first
comparison, scenario A is the worst health state (‘55555”). If the
participant prefers that state over dead, the participant imme-
diately proceeds to Step 8. If they prefer dead, a binary search
algorithm is initiated, to find the state that is equal to dead.

As before, in Step 6, the participant’s individual PUF is used to
value and rank all 3,125 health states. After the participant’s
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indicated that state ’55555° is worse than being dead, the
search goes to the median state. From there, it moves up or
down, depending on the participant’s choices, in half-intervals.
The search stops after five iterations. At this point, the
equal-to-dead state is identified with a maximum error of
+/- 49 states, corresponding to 1.6% of the total number of
states defined by the EQ-5D-5L.

In a previous version of the tool, the dead state was labelled
‘Immediate Death’. Through the qualitative interviews, how-
ever, we learned that this made many participants think about
the process of dying and they were consequently rather hesi-
tant to ever choose this option. We changed the label to ‘Being
Dead’. We also decided not to display any duration for sce-
nario A, because in the QALY framework, utility independence
must be assumed.

Step 8: Dead-VAS

Those participants, who indicated they would prefer the worst
health state (’55555’) over being dead, are asked to assess the
value of that health state on a vertical visual analogue scale. The
top anchor point, at 100, is labelled 'No health problems’, and
the bottom, at 0, is labelled ’Being Dead’. The description of
the worst health state is shown in a box next to the scale. When
the participant selects a position value, an arrow is displayed,
connecting the box to the respective position on the scale.

A previous version of the tool did not include the Dead-VAS,
but instead all participants completed three TTO tasks: two
warm-up tasks and then one TTO involving the worst health
state. However, this design often lead to inconsistent responses:
19 of 50 participants (38%) reversed their preference between
the Position-of-Dead and the TTO task. More specifically,
15 (30%) switched from worst health state < dead to dead >
worst health state, while 4 (8%) switched the other way around.
Although smaller, the latter group was more problematic, because
their responses made it impossible to anchor their PUFs, at all.

The inconsistent results could be attributable to several factors.
First of all, it is a well known (and unavoidable) fact that differ-
ent valuation techniques yield different utility values, and thus
different anchor points [I, p. 49-76]. Other potential explana-
tions might include differences in the interpretation of the tasks,
the additional consideration of time (displayed in the TTO,
but not in the Position-of-Dead task), or lack of attention.

To ensure that PUFs can be constructed for all participants, we
decided to implement the Dead-VAS. The task also appeared
to be easier for the participants and also quicker to complete
(the TTO took more than 2 minutes, i.e. 20% of the average
completion time, in the pre-pilot).

Step 9: demographics

This step includes questions about personal characteristics that
are assumed or have shown to explain some of the variability in
people’s health preferences, including age, partnership status,
sex, having children, nationality, importance of religion, spiritual-
ity or faith, and the frequency of engaging in religious activities,
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level of education, work status, income, and experience with
poor health!*,

Add-on: Personal results page

As a thank-you, some of the PUF results are fed back to the
participants at the end of the survey. Presented are the dimen-
sion ranking and the level rating tasks, as well as estimated util-
ity values for four different health states. Participants could
compare their results with aggregate results from the over-
all sample of participants in each study, and with the value sets
for EQ-5D-5L obtained from the English general population
using conventional decompositional methods, as reported by
Devlin et al.’.

Most participants found it difficult to interpret the results; the
meaning of the health state values were unclear. Notwithstand-
ing, many participants appreciated the results page, if only as
a gesture, and found it interesting to compare their own results
with those from the general population.

Other learnings from the qualitative pilot

The online interviews played a key role in the development
of the OPUF Tool. The feedback from participants helped us
to identify many minor and major issues, and the tool under-
went significant changes over the course of the pilot. The
changes affected almost every aspect, including the wording
of questions, the presentation of the tasks, the overall layout,
and the mechanics of different tasks.

A main challenge in the development process was to strike the
right balance between rigour/completeness and ease of use. For
example, we started with long descriptions for all tasks, which
often included examples, and some also contained animations
(e.g. to demonstrate how sliders work). We realised, however,
that when descriptions were too long or complicated, partici-
pants would skip over them and/or disengage with the tasks. We
therefore gradually shortened the descriptions and simplified
the language. Overall this seemed to be more effective in con-
veying the relevant information. The final version only con-
tains very short instructions, and we sought to apply an intuitive
design, which eliminates the need for elaborate explanations.

Through the pilot we also learned that from interactions with
other websites, most people have developed very clear expec-
tations about interacting with online surveys. When elements
(such as buttons, sliders, etc) were presented in a slightly
unusual way, it often caused confusion and participants
sometimes got stuck on a task. To give just one example, in a
previous version, the OPUF Tool included a text box next to
a visual analogue scale. The text box would show the value that
the participant selected on the scale. At the beginning (when the
participant had yet not selected a value), however, the box would
be empty. This led several participants to assume that they were
expected to enter a value into the box manually. They tried
to click on it and to type in a number. Since this did not work,
they got frustrated and it took them a while until they real-
ised they had to use the scale instead. This problem was eas-
ily resolved by just hiding the box in the beginning, and only
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showing it after the participant had clicked on the scale and
selected a value. In another context, we implemented loading
animations, to draw the participants’ attention to specific parts
of the page when they changed. Otherwise, participants often
did not notice that a new task had already started and they
were waiting for something to happen. These small ’tricks’
very much helped to improve the user experience, which
seemed suboptimal, in earlier versions of the OPUF Tool.

The usability of the final version received very positive feed-
back, and participants described it as “easy to navigate”, “clear”,
or “easy to red and understand”. One participant stated that “it

felt like everything clicked into place”.

4 Quantitative pilot results

We conducted a quantitative pilot study to assess the feasibil-
ity of OPUF Tool in practice. As for the qualitative pilot, recruit-
ment was conducted through the Prolific platform without any
restrictive inclusion criteria or quota — any adult person from
the UK with a prolific account could participate. The main
points of interest were the plausibility of the responses, the con-
sistency across tasks, and the participants’ engagement with
the online tool. We also tested our methods of analysis: the col-
lected preference data was used to construct individual and
social value functions, and to value all 3,125 EQ-5D-5L health
states. We did not attempt any further exploratory or confirma-
tory analysis of the data, since this was only a pilot study,
without a representative sample.

Sample

Fifty participants were recruited. Of these, 23 (46%) were
younger than 30 years of age, 18 (36%) were between 30 and
39, and 9 (18%) were 40 years of age or older. Thirty (60%)
participants were female, 20 (40%) were male. A majority of
32 (64%) participants had a high level of education (degree or
post-graduate).

Step 1+2: Warm-up

Fourteen (28%) participants reported to be in perfect health.
The remaining 36 (72%) participants also mostly reported slight
or moderate health problems. Self-reported health on the vis-
ual analogue scale ranged from 100 to 40, with a mean (SD)
and median (IQR) of 78 (14) and 80 (21.25), respectively.

Step 3: Level ratings

Mean (SD) ratings for the level slight, moderate, and severe
were 79.10 (11.45), 54.92 (13.41), and 23.46 (11.27) (the rat-
ings of no and extreme problems were fixed at 100 and 0).
Figure 1 shows the full distributions of values assigned to the three
levels.

Forty (80%) and 41 (82%) participants set their own values for
the slight and severe levels, i.e. they changed the default values.
For the moderate level, only 26 (52%) changed the value, which
may be an indication for the presence of an anchoring effect.

Step 4: Dimension ranking
Table 1 shows the results of the ranking exercise. Twenty-three
(46%) participants considered Pain/Discomfort the most most
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Figure 1. Level ratings for 'slight’, ‘moderate’, and 'severe
problems’.

Table 1. Summary of the dimension ranking exercise.

Rank MO SC UA PD AD

1<t 15(30%) 8(16%) 1(2%) 23 (46%) 3 (6%)
2nd 14(28%) 11 (22%) 7(14%) 8(16%) 10 (20%)
3 10 (20%) 14(28%) 12(24%) 7(14%) 7 (14%)
4t 9(18%) 9(18%) 10(20%) 10 (20%) 12 (24%)
5 2 (4%) 8(16%) 20 (40%) 2 (4%) 18 (36%)

MO = Mobility; SC = Self-Care; UA = Usual Activities; PD = Pain/
Discomfort; AD = Anxiety/Depression

important criterion. The average ranking of this dimension was
2.2. It was followed by Mobility (mean rank = 2.4), Self-Care
(3.0), Anxiety/Depression (3.6), and, lastly, Usual Activities
(3.8).

Step 5: Dimension weighting (swing weighting)

Figure 2 shows the distribution of the weights assigned to the
five EQ-5D-5L dimensions. The dimension with the highest
mean (SD) weight was Mobility at 85.16 (23.51), followed by
Pain/Discomfort at 83.08 (26.41), Self-Care at 77.38 (30.22),
Usual activities at 69.78 (30.22), and then Anxiety/Depression
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Figure 2. Swing weights for dimension MO = Mobility, SC
Self-care, UA = Usual activities, PD = Pain/discomfort, AD
Anxiety/depression.

at 67.78 (30.78). Four (8%) participants assigned a value of
100 to all dimensions; 7 (14%) assigned a value of zero to
one or more dimensions.

The weights of 30 (60%) participants implied different prefer-
ence order, i.e. at least one preference reversal, compared to the
order specified in the previous ranking task (ties were not con-
sidered an order violation). As noted above, these inconsist-
encies do not necessarily signify that participants did not pay
attention. In the qualitative pilot, some participants deliberately
chose a different ranking, in response to the slightly differently
phrased question.

Step 6: Validation DCE

Each participant completed three paired comparisons. Of
the 150 choices, 120 (80%) were consistent with the choices
predicted by participants’ PUFs. More specifically, 28 (56%)
participants made no inconsistent choice, 15 (30%) made one,
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six (12%) participants made two, and one (2%) participants made
three “errors’.

We also found that the larger the utility difference between the
two states in a choice set, the smaller the error rate: at a distance
of about 0.1 (on a normalised 0-1 scale, dominating/dominated
states were excluded), the error rate was 26%, at 0.2, it
was 24%, and at 0.3, it was 10%.

Step 7: Position-of-Dead Task

A total of 18 (36%) participants stated that they would pre-
fer the worst health state state (‘55555°) over ’being dead’.
Another nine (18%) preferred ’being dead’ in the first choice
set, but then choose the health state in the next five sets. Of the
remaining participants, the position of dead varied greatly. The
number of states considered worse than dead ranged from 0 (0%)
to 2,883 (92%), with a mean and median of 483 (15%) and
50 2%).

Step 8: Dead-VAS

The 18 participants, who considered the worst health state better
than ’being dead’, completed the Dead-VAS task. Their valua-
tions of the worst health state on a scale between 100 ("no health
problems’) and O (’being dead’) ranged from 5 to 70, with a
mean (SD) and median (IQR) of 23.22 (21.03) and 19.5 (21.75).

Step 9: Demographics

Some of the collected demographic information (age, sex,
level of education) are provided above in the description of the
study sample. Further data are not reported here, since this is
only a pilot study, and we did not attempt to make any inferences
about participants personal characteristics.

Survey duration

On average, it took participants about seven minutes (range: 3.6
— 18.2 mins) to complete all tasks. The longest time (76 secs)
participants spent completing the survey was on the dimen-
sion weighting task and the demographic questions. The shortest
duration was observed for the subjective health status (EQ-VAS)
(21 seconds). Further details on the time participants spent
on different tasks are shown in Table 2. With only very few
exceptions (e.g. one participants spent only 4 seconds on the
dimension ranking task), the observed times seemed by and
large plausible and suggested that participants did engage with
the tasks.

How to construct PUFs from participants’ responses?
Constructing a participant’s PUF required two steps: firstly,
level ratings were combined with the dimension weights. Sec-
ondly, the resulting model coefficients were anchored on to the
QALY scale.

In the first step, level ratings, ranging from 100 (no problems)
to 0 (extreme problems) were converted to disutilities, rang-
ing from O (no problems) to 1 (extreme problems). For conven-
ience, dimension weights were also normalised so that the sum
of all five weights summed up to 1. By taking the outer product
of these two vectors, we derived a (1-0 scaled) set model
coefficients.
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Table 2. Survey completion times (in seconds).

Mean SD Min 25thperc. Median 75th perc. Max
Own Health State 29 17 1 18 23 30 96
EQ-VAS 21 18 6 11 15 24 116
Level Rating 58 33 17 36 49 66 177
Dimension Ranking 51 33 4 33 41 58 184
Dimension Weighting 76 47 18 50 62 89 274
Validation DCE 63 27 20 45 57 70 165
Position-of-Dead Task 48 34 7 17 44 64 172
Dead-VAS (conditional) 26 12 15 17 22 32 56
Demographics 76 26 43 62 72 85 195
Total 431 178 215 318 356 508 1091
Total (Minutes) 7.2 30 36 53 5.9 8.5 18.2

In the second step, these coefficients were anchored on the QALY
scale, using either the state that was determined to be approxi-
mately equal to ’being dead’ in the position-of-dead task (for 32
participants who considered one or more health states worse
than ’being dead’), or the value that was assigned to the worst
health state (’55555’) in the Dead-VAS task (for the other 18
participants).

To illustrate the computation with a simple example: suppose
an individual rated the five severity levels (denoted /) in the fol-
lowing way: L, = 100, lslight =90, 1 e =30, lmm = 30, and
veme = 0. Furthermore, they assigned the following weights
(denoted w) to the five dimensions: Wy = 100, We = 60,
w,, = 45, w,, = 80, and w, = 70. After converting to level
ratings to disutilties and normalising the weights, we get the

following two vectors:

[=[0 0.1 05 07 1]; w=[029 0.17 0.11 023 02]

Taking the outer product provides a (scaled) matrix M, con-
taining all 25 level-dimension coefficients (see below). These
coefficients can already be used to value (on a 0-1 scale) and
rank health states. The value for 12345, for example, is
1 - (0 +0.02 + 0.06 + 0.16 + 0.20) = 0.56. It should be noted
that this procedure is also used within the OPUF Tool, in
order to determine the algorithm for the Position-of-Dead and
also to select choice sets for the DCE validation task.

Wvuo Ws¢ Wua Wep Wip

Lo (0 0 0 0 0

Liiigne | 0.03 0.02 0.01 0.02 0.02
[®w=M = lyodgerare | 0.14 0.09 0.06 0.11 0.10
Lievere | 020 0.12 0.08 0.16 0.14

loxtreme | 029 0.17 0.11 023 0.20

Suppose that for this individual, the health state ’51255° was
identified as being approximately similar to being dead in the
Position-of-Dead task. After we compute the (scaled) disutility
for state *51255’ (= 0.29 + 0 + 0.02 + 0.23 + 0.2 = 0.74), we can
anchor and rescale the coefficient matrix, by simply dividing it
by this value:

Wvuo Ws¢ Wua Wep Wip

Lo (0 0 0 0 0

3 Llight | 0.04 0.02 0.02 0.03 0.03
%:M:lmoderate 0.19 0.12 0.08 0.15 0.14
' Lievere | 027 0.16 0.11 022 0.19
lextreme 0.39 023 0.15 031 0.27

Now, we have derived the individual’s PUF. It sets ’51255°
to 0 (1 -39 +0+ 0.02 +0.31 +0.27) =0); 11111 is still
equal to 1 (1-(0+0+0+0+0) = 1), and the worst health state
(’55555’) is set to -0.35 (1 — (0.39 + 0.23 + 0.15 + 0.31 + 0.27)
=-0.35).

Individual and social PUF

We constructed PUFs for all 50 participants. The descriptive
statistics are provided in Table 3. The first column shows the
mean coefficients. These mean values may also be taken as the
group-level value set (i.e. the group tariff). The 95% confidence
intervals were bootstrapped using 10,000 iterations. The
width of the confidence intervals suggests that, even with a
small sample size of only 50 participants, the OPUF approach
allowed us to estimate a group tariff with reasonable precision.

Figure 3 illustrates all 50 personal, as well as the average,
group-level utility function for a small subset set of EQ-5D-5L
health states. Shown are the values for 50 health states,
ranked 1%, 65" 129" 192" 256", ..., 3125" according to the
group-level utility function.
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Table 3. Descriptive statistics for 50 PUFs (i.e. personal model coefficients).

Dim Lvl
MO 2
3
4
5
SC 2
3
4
5
UA 2
3
4
5
PD 2
3
4
5
AD 2
3
4
5

Mean (95% CI)
0.072 (0.064; 0.099)
0.150(0.138; 0.188)
0.250(0.234; 0.302)
0.344 (0.316; 0.437)
0.057 (0.053; 0.070)
0.121 (0.112; 0.151)
0.207(0.192; 0.258)
0.282 (0.254; 0.375)
0.051 (0.047; 0.063)
0.103 (0.097; 0.124)
0.182(0.170; 0.221)
0.234(0.219; 0.281)
0.062 (0.057; 0.078)
0.132(0.123; 0.160)
0.225(0.211; 0.273)
0.291 (0.274; 0.351)
0.052 (0.046; 0.071)
0.104 (0.096; 0.130)
0.175(0.163; 0.213)
0.231(0.214; 0.288)

Min. 25% perc.
0.000 0.031
0.000 0.075
0.000 0.137
0.000 0.175
0.000 0.027
0.000 0.068
0.000 0.139
0.000 0.167
0.000 0.020
0.000 0.055
0.000 0.102
0.000 0.131
0.000 0.030
0.000 0.067
0.000 0.138
0.000 0.173
0.000 0.020
0.000 0.045
0.000 0.092
0.000 0.124

Median 75% perc.

0.048
0.126
0.219
0.282
0.045
0.099
0.176
0.247
0.040
0.090
0.174
0.219
0.051
0.114
0.185
0.249
0.042
0.093
0.154
0.205

0.083
0.185
0.309
0.354
0.076
0.160
0.242
0.309
0.069
0.144
0.213
0.265
0.079
0.159
0.269
0.339
0.066
0.133
0.201
0.259

Max.
0.573
0.679
0.793
1.554
0.207
0.622
1.057
2.073
0.166
0.357
0.629
0.761
0.281
0.500
0.840
1.000
0.413
0.489
0.572
1.086

MO = Mobility; SC = Self-Care; UA = Usual Activities; PD = Pain/Discomfort; AD = Anxiety/Depression
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Figure 3. Personal and group-level utility functions for 50 health states, ordered from best to worst, according to the group
preference. The thick lines represent the group preference, and the thin lines represent the 50 underlying personal utility functions. The
different colours are used to distinguish between separate individuals and have no other meaning.
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It can be seen from the graphs that health state preferences of
the participants differed considerably. Two separate processes
can be distinguished: firstly, lines depicting personal utility
values go up and down, and cross each other, while the group
preference is monotonically decreasing. This illustrates indi-
vidual differences in the relative ranking of health states.
Secondly, the range of utility values also varies greatly
between participants. For some participants, all health states
have high values, within a narrow range, while for others, the
range of utility values is much wider. Accordingly, the value
of the worst health state (’55555’) ranges from a maximum
of 0.7 to a minimum of -3.2, with a mean and median of -0.4
and -0.2. For comparison, the population estimate reported by
Devlin et al. is -0.285".

It may be interesting to note the difference between the mean
and the median, as it shows the effect that outliers, with a
wide utility range, have on the overall group tariff. This is not
an uncommon finding in valuation studies and for the construc-
tion of a social value set, one may want to consider following
the common practice of rescaling the negative values to have
a lower limit of -1, or using the median, instead of the mean,
to aggregate preferences across individuals®'.

5 Discussion

This study provides a comprehensive description of the new
OPUF Tool. It covers the theoretical background, reports on
the iterative development, and provides a pilot study, which
demonstrates that it is feasible to use the online tool for elicit-
ing personal, as well as group-level, preferences for EQ-5D-5L
health states.

We think the OPUF Tool provides a flexible, conceptually attrac-
tive, and potentially useful new approach for deriving value
sets for the EQ-5D-5L (or any other health descriptive system).
It could be used as a standalone solution, or to complement
established (decompositional) methods, by providing more
detailed preference information. The compositional preference
elicitation techniques included in the OPUF Tool have several
advantages over the more commonly used decompositional
methods, which may make the approach particularly attractive
to other researchers.

In contrast to the TTO, which is generally administered in
face-to-face interviews (though can be online), the OPUF
is applied online, which makes it easier and cheaper to col-
lect preference data. The qualitative feedback received during
the online interviews even suggests that participants tended to
find the online survey to be interesting and engaging. Fur-
thermore, the OPUF approach provides value sets which are
anchored on the QALY scale (i.e. at full health and dead), and
not only on a latent scale (i.e. un-anchored), which is usually
the case in conventional DCE surveys.

Another advantage of the OPUF approach over other conven-
tional valuation methods is the statistical power: fewer partici-
pants are required to derive a group tariff or social value set. Note
that even with data from just 50 participants, we were able to
derive relatively precise estimates for an EQ-5D-5L group tariff.
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The OPUF Tool may thus allow estimating value sets for smaller
groups (e.g. local communities, patient groups), which could
practically not be estimated using decompositional methods.

As we have demonstrated, utility functions can even be esti-
mated on the individual-level. This enables researchers to inves-
tigate the heterogeneity of health state preferences between
individuals in an unprecedented level of detail. It could poten-
tially be useful for other applications beyond health economics
(e.g. individualised cost-effectiveness analyses®). For example,
the OPUF approach could be used as a patient decision aid
and to facilitate shared decision making in a clinical context.
Explicitly weighing different aspects of health might help
patients, who face complex treatment decisions, to better under-
stand the trade-offs that are involved, and what aspects are
most important to them.

Furthermore, we would like to draw attention to the fact that the
calculations required to construct individual and group-level
preferences in the OPUF approach are relatively simple. This
makes the underlying model more transparent and potentially
easier to communicate to decision makers than more sophisti-
cated statistical models, such as a mixed conditional logit, or a
Bayesian hybrid model'**.

Finally, another benefit of compositional preference elicita-
tion techniques may be that they break down the valuation of
health states into sub-tasks (level rating, dimension weighting,
anchoring). The original PUF approach made use of this and
encouraged participants to reflect on their preferences at every
step of the survey. The OPUF Tool could also be adapted for
this purpose and be applied in computer-assisted personal
interviews. A study that uses a modified version of the tool to
facilitate deliberative discussions among groups of participants
is currently under way.

This study also has several important limitations that need to
be considered.

Firstly, in the development of the OPUF Tool, ’ease of use’ was
a main goal. Some valuation tasks were thus simplified, in order
to reduce the burden for the participants. For example, we used
a single level rating task for all dimensions combined, instead
of having separate tasks for each. This assumes the that the rela-
tive positions of slight, moderate, and severe problems are the
same across all five EQ-5D dimensions. In the absence of any
authoritative guidance, it remains unclear whether we struck
the right balance between rigour and ease of use.

Secondly, every task has a design which shapes how participants
respond to it and which may influence their decision making.
This is referred to as choice architecture®. Further evaluation of
the OPUF Tool could help to assess to what extent participants’
responses are sensitive to changes in the presentation of the dif-
ferent tasks, and to improve the quality and robustness of the
survey.

Thirdly, an important limitation of compositional prefer-
ence elicitation techniques is that they cannot easily be used to
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test for interaction effects. Rather, a functional form must be
assumed a priori. In our study, we assumed an additive, main
effects model. This seemed reasonable, because it is commonly
used to represent health state preferences — most EQ-5D-5L
value sets are based on such a model. When studies test for and
include interaction effects, authors also often find only minor
improvements in the explanatory power™.

Finally, some important challenges of the OPUF Tool are likely
not methodological, but normative. Over the last decades,
decompositional preference elicitation methods, have been used
extensively in the valuation of health and are by now well
established. The compositional methods, used in the OPUF
Tool, on the other hand, are new. Decision makers may be less
familiar with them, and they may also appear to be conceptu-
ally different. This raises the question, are the derived value sets
equally valid?

Assessing validity of a new method for valuing health is an
intricate problem, as there is no gold standard against which it
could be compared. At the moment, several valuation methods
(SG, TTO, DCE, etc) are used side by side, and numerous stud-
ies have shown that these different methods, and even varia-
tions of the same method, produce different results'~*=%, It is not
clear, which, if any, of these methods should be considered to
be the best. Nevertheless, the findings from this study indi-
cate at least a high level of consistency between the OPUF
approach and DCE. We included three standard DCE tasks
in the survey and found that the constructed PUF of a par-
ticular participant predicted their choices in a DCE task with an
accuracy of 80%.

Irrespective of the comparably high level of agreement with
DCE, some readers may argue that eliciting preferences
requires observing choices involving trade-offs and potentially
also risk and uncertainty. Compositional techniques may then
seem principally inappropriate. To this, we would reply that
MAVT/MAUT provide broad theoretical frameworks, on the basis
of which different methods can be justified. Moreover, devia-
tions from formal (Welfare) economic theory are common in
health economics and other areas. Simplifications are often made
to make certain applications practically feasible. The QALY
framework, for example, can be viewed as a major simplifica-
tion, yet it proved to be immensely useful to inform resource
allocation in health care. Similarly, the OPUF Tool may be
based on a simpler conception of individual preferences, but
it enables new types of analyses (e.g. preferences heterogene-
ity) and makes it possible to derive value sets on the individual
level and in settings in which it would otherwise be unfeasible
(e.g. small patient groups).

Next steps

The immediate next step will be to replicate the pilot in a larger
study, not only to show that the OPUF can be used to estimate a
country-specific social tariff, but also to demonstrate how infor-
mation on individuals’ personal preferences can be harnessed
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to investigate the heterogeneity of preferences between individuals
and/or societal subgroups.

Furthermore, it should be noted that the OPUF approach is not
specific to the EQ-5D instrument. The approach is, in principle,
applicable to any health descriptive system. This might be
true not only on the conceptual level, but also on the tech-
nical: the OPUF Tool was programmed in R/Shiny”*. For
the implementation, we developed several generic methods and
input elements. This means, the tool could quickly be adapted
for different settings (e.g. other country) or instruments (e.g.
SFE-6D)¥. Several steps in the development could then be auto-
mated. With some further abstraction, the underlying code
could potentially provide a flexible, modular software platform
for creating valuation tools for any health descriptive system.

Conclusion

Using an iterative design approach, we developed the OPUF
Tool; a new type of online survey to derive value sets for
the EQ-5D-5L. Based on compositional preference elicita-
tion techniques, it allows the estimation not only of social, but
also of personal utility functions. In this study, we success-
fully tested the OPUF Tool and demonstrated its feasibility in a
in a sample of 50 participants from the UK. Even though the
development is still in an early stage and further refinement is
required, we see several potential applications for the OPUF
approach.

Data availability

Underlying data

Zenodo: bitowaqr/opuf emo: OPUF zenodo version 1, hitps://doi.
org/10.5281/zenodo.5773915.

Data are available under the terms of the Creative Commons
Zero “No rights reserved” data waiver (CCO 1.0 Public domain
dedication).
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The authors present an innovative approach to health state valuation able to identify a personal
utility function using a relatively simple online tool (OPUF). The steps of development are laid out
in detail and they should be congratulated on the careful and methodical development of the
OPUF. Many of my thoughts are really comments and questions of interest, potentially for further
work, rather than limitations of the manuscript.

Minor points to modify:

In section 2.4 I would have found it useful to have a little more clarity in the definition of
criteria/dimension weights. Simply referring to the criteria as dimensions in the text here would
probably be sufficient. I realise the terminology (“criterion”) used stems from the origin in
MAVT/MAUT but coming into this with the EQ-5D in mind I find the word dimension easier to
understand. Probably just me being slow on the uptake but possibly more intuitive to those
reading this from the EQ-5D perspective.

Section 3.2: Could you re-phrase the third sentence please?

Figure 3: It might be worth re-phrasing the figure legend. It sounds like there are more than one
thick lines at the moment but I can only see one. Am I missing something?

Comments to consider:

Was any work done on the individual reproducibility of this? If an individual repeats the OPUF can
the model from the first completion accurately predict the responses the second time? It strikes
me that this is more important in the compositional approach than it is with the de-compositional
one. In a large enough sample for the latter the central estimate might be expected to be
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reasonably consistent. Here, if the focus is on the individual valuation, whilst the group average
may be consistent the individual response may differ. It would be useful to understand the extent
to which this occurs and particularly relevant if it were to be used in shared-decision making.

It is striking that mobility has the highest swing weighting on average and yet “I am unable to walk
about” is a normal state for people with a permanent loss of mobility and is readily adapted to. I
acknowledge that this is potentially an issue arising from the descriptive system not just the
valuation task. However, as with many of these tasks if the respondent focusses on the acute
change this state might appear unbearable but with adaptation many will thrive. It would be really
interesting to understand how people with different health and disability experiences respond to
these tasks both from a qualitative and quantitative perspective. The OPUF would allow this
investigation of heterogeneity in a way decompositional methods can't readily address.

You mention the difference in the value of ‘55555’ in comparison to Devlin et al. Could you make
any comparisons with the mean disutilities in the context of DCE based value sets? It would be
interesting to see the comparison. Could they be presented alongside table 3? I accept that with a
relatively small sample, differences might reflect the participants involved rather than the
differences resulting from the methods.

You comment on the relatively high educational attainment of the participants. To what extent do
you think this will influence the wider acceptability of the OPUF? Could you comment on this
please?

The potential role of this in shared-decision making is fascinating. Definitely needs investigating
though. Ww would need to understand if the OPUF is acceptable to patients? Including whether
the inclusion of states equivalent to dead are acceptable?

Having the same level ratings across all dimensions seems likely to be problematic as this isn't a
neutral assumption and might have a significant impact upon the value of levels for some
dimensions (certainly in other value sets the levels are not equal across dimensions). Equally, the
extent to which it is realistic to think that participants would vary their responses for each
dimension separately is impossible to know. It would be interesting (and presumably relatively
simple) to test this.

I accept your point about interaction effects but worry that the relevant interactions here are not
so much a challenge for statistical modelling but for the cognitive process of the DCE. This is
relevant to other valuation studies as much as the OPUF. There are health states presented which
seem unlikely; for example if I am unable to do my usual activities I would expect not to be able to
wash or dress myself and probably not to be able to walk around. As a result some of the
compared health states are cognitively very difficult to envisage as the imagined health state can't
exist in reality and disentangling the dimensions from the wider state is cognitively challenging.
Given the flexibility of the OPUF would it be possible to investigate the consistency of responses
for these difficult to envisage states as compared to more easily imagined ones?

Is the rationale for developing the new method (or application) clearly explained?
Yes

Is the description of the method technically sound?
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Yes

Are sufficient details provided to allow replication of the method development and its use
by others?
Yes

If any results are presented, are all the source data underlying the results available to
ensure full reproducibility?
Yes

Are the conclusions about the method and its performance adequately supported by the
findings presented in the article?
Yes
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