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Abstract
In contrast to the recent proliferation of studies incorporating ordinal methg@sérate health
state values from adultsy date relatively few studies hawuglized ordinal methods to generate
health state valuesdm adolescents. This paper reports upstudyto apply profile case best
worst scaling methods to derive a new adolescent specific scoringlatgdoit the Child Health
Utility 9D (CHU9D), a generipreference basadstrumenthat has been specificalesigned for
the estimation of quality adjusted life years for the economic evaluaticeatihitare treatment and
preventive programs targeted at young people. A survey was developed for adtianistan on-
line format in whichconsenting communityasedAustralian adolescents aged 11 to 17 years
(N=1982) indicatedhe best and worst features of a series of 10 health dtigedfrom the
CHU9D descriptive systen.he data were analyzed using latent class conditional logit models to
estimate value§art worth utilities) for each level of the nine attributes relating to the CHB9D.
marginal utility matrix was then estimated to generate an adolesgecific scoring algorithm on
the full health = 1 and dead = O scale required for the calculat@AbYs. It was evident that
different decision processes were being used in the best and worst choidssrashondents
appeared readily able to choose ‘best’ attribute levels for the CHU9D hizdéth, & large amount
of random variability and indeed different decision ruleseevident for the choice of ‘worst’
attribute levels, to the extent that the best and worststiatad not be poolefllom the statistical
perspectiveThe optimal adolesceispecific scoring algorithm wakereforederived usig data
obtained fronthe best choicesnly. The study provides important insights into the uge afile

case best worst scalimgethods to generate health state values with adolescent populations.



1. Background

Adolescences akeytransitional stagef physical and mental human developntbatis

associated with more biological, psychological and social role changes thathanstage of life
except infagy (Williams et al., 2002).Adolescence generally occurs beéndhe ages of 11 and
17 yearscommencing at the onset of puberty and terminating at legal adulthoepresents
period oflife whenindividuals become increasingly responsible for their own health and health care
and wherseveral health risk behaviowstart to become prevalemtg. alcohol use, cigarette
smoking and illicit drug useéAdolescences thereforean importantife phasevherethe

introduction of targeted educational and preventative efforts has the potemtiphtripositively
upon both short and long term healthtss and health related quality of IdatcomegKleinet,
2007). In 2009,1e National Health and Hospitals Reform Commission for Ausipatiduced an
influential report highlighting the need for more information in relation to adolesegtiisdes
about their own health status and the need to incorpadutescers views and preferences into
health and public health programmes targeted to meet their iéetitsn@l Health and Hospital
Reform Commission, 2009). Such information is an essential prerequisite for the pkamsing
development of preventive strategies and clinical treatment progrargaelk$so improve
adolescent healtiRespitethe production of this reporgn acute awareness of the importance of
health and public health programmes targeted for this age group and the acknowledggment t
(both individually and collectively) adolescents are important consumers ¢ baed in their own

right, adolescent health continuegémain a neglected and poorly resourced area of research

Traditionally within the framework of economic evaluation, health economists and health service
researchers have principally soutieviews and preferences of adults (aged 18 years and over) to
provide information about the relative benefits of competing health care progeammeiuding

those targeted for adolesce(@hen and Ratcliffe, 2015). The most prevalent form of economic

evaluation is cost utility analysis (CUA) whereby the benefitseafith and public health
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programmes are captured through the estimation of quality adjusted lifd @&drgs). The

QALY recognises the key importance of quality of lifeaddition to length of lifas a defining
outcome for assessing the cost effectiveness of health and public healémpnag:. As a generic
(as opposed to a condition specific) measure, the QALY enables comparisons okfite be
generated from disparate treatment and sepnegrams Health state values for the calculation of
QALY'’s are generated on a common scatbere the endpoint “0%s definedas a state equivalent
to being dead and the endpoint ‘i$"defined as atate equivalent to full healtiNegative values
are also possible for states considered to be worse than being dead. (Bedzi2087). Despite
the term CUA the majority of elicitation approaches utilised to derive healthpstdéeences
generate values and not utiliti€trictly, only the standard gambieethod generates utilities as it
incorporates a preference for risk and therefore satisfies the axions of voramNegvorgenstern

expected utility theory(Mehrez and Gafni 1993).

In recent years,eneric preference basewstruments have become the most popular mechanisms
for the estimation of QALY's within CUAA recentreview of generic preference based instruments
utilisedin published studies between 2005 and 2010 identified the adult version of 6@ &9-

the mosprevalent anavidely usednternationally having been translated into 150 languages and
applied in 63% of the studies identified (Richardsbal, 2014). Other populayeneric preference
based instruments applied internationally include the Short Form 6 Dimensio&B)fBrazier et

al., 2002) andhe Health Utilities Index (HUI(Torrance et al., 1996\Whilst these instruments all
differ in the way tlat they describe health and the number and type of included dimensions, they all
comprise two commoalements. Firstly, a descriptive system for completion by patients or
members of the general population comprising a set of items with multiple resaoegeries
covering the different dimensions reflecting health status. Secondly, an effaliescoring

algorithm which reflects society’s strength of preference for the h&taltés defined by the

instrument. The scoring algorithms aypically generatd from largeadult general population
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surveys to elicit health state values for a selection of health states desgrédsexh lwescriptive

system(Brazier et al.2007).

A recent review by Chen and Ratcliff2015)identifiednine generic preference bdsastruments
available internationally that have been used in paediatric populations: the QuU&ligji-Being
Scale (QWB), the Health Utility Index Mark 2 (HUI2), the HUI3, the Sixtdanensional measure
of healthrelated quality of life (HRQoL) (16D}he Seventeedimensional measure of HRQoL
(17D), the Assessment of Quality of LifeDBmension (AQoL6D) Adolescent, the EQ-5D Youth
version (EQ5D-Y), the Adolescent Health Utility Measure (AHUM) and the CHU9De majority
represent an adaptation of existing adult instrumergnd have been valued using adult general
population samples. Notable exceptions include the 16D, the ARoAdolescentand the CHU9D,
which have all been valued previously using adolescent samples. Of these, the GHidR[De,

in that it is the only instrumerihat does not represent an adaptation of an existing adult instrument,
having been developed from its inception with young people (Stevens, Z6@@imensions of
healthrelated quality of life included within the CHOOwere determined directly frogualitative
interviews and analysis wiyoung peop usingtheir own language and terminolotgydescribe
what quality of life means to ther(Btevens, 2009). The original scoring algorithm for the CHU9D
is based upon UK adult general population values (n=300) and was generated usimgléne sta
gamble (SG) valuation method (Stevens, 202)ilot Australian adolescent specific scoring
algorithm(aged 11-17 years, n=590) using profile case best worst scaling (BW®)dsieds also
been developed (Ratcliffe et al., 2012a).

The choice of whose values to usegenerate the scoring algorithms for genpreference based
instrumentsapplicable for young peoplaay have important policy implications because there is
evidence tondicatethatadults’ preferences for identical health states may differ from adolescents’
preferences (Ratcliffet al, 2015h Ratcliffeet al, 2012b; Norquiset al, 2008; Saigaét al, 1999)

In an empirical comparison of aduknsusadolescenspeific scoring algorithms fothe CHU9D
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andthe AQoL-6D Adolescent, Ratcliffe et al2012b) found notable differencérthe CHU9D
instrument, employment of the adolescent algorithms eghunliower mean health state values
than the adult algorithm. For the AQoL-6®¢onverse relationshipas found. ie adolescent
values werdigher than the corresponding adult values. Although the differences in adult and
adolescent values were not consistefttlynd to ban the same directiofor both instrumentghey
were aresignificant enouglio potentiallyimpactupon policy. Employment of the adult or
adolescent algorithm for the CHU9D or the AQoL-Adolescent instrunmeaysesult in the
estimation of differential incremental QALY gairteereby potentially ifuencing the decision as
to towhether a new healthcare technolaangeted for adolescents should be funded or not

(Ratcliffe et al, 2012b).

The CHU9D is ageneric preference basedtrumenthathas been specifically designed for
application with ciidren and adolescents tacilitate the estimationf QALY's for the economic
evaluation of health care treatment and preventive programs targeted at yousq PEvans,
2010). The dimensions of HRQoL for inclusion in the CHWH3criptive systewere dentified

from in-depth qualitative interviews with young people with a variety of chronic and heatth
problems (n=74) which aimed to explore how their health affects their lives (St@0&83.The
CHU9D hasnine attributes: worried, sad, pain, tired, annoyed, schoolwork, sleep, daily routine,
ability to join in activities, witHfive different levels representing increasing levels of severity within
each attribute. Whilst it was originally developed for use with yountgkiren aged 7 to 11 years,
several recent studies have demonstrated the practicality, face and consigitgtofahe CHU9D

in the Australian adolescent general populatRat¢liffe et al, 2012a; Stevens and Ratcliffe, 2012;
Chenet al, 2015). here is increasing interesithin Australia and internationally in the application
of the instrument with adolescents in the 11-17 year age group and in young adults. Tihmemstr
is currently being applied in a number of research programmes internatiocakgd upon the

adolescenage group including the economic evaluattbmew innovative adolescent treatment
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programs for type 1 diabetesttention deficit hyperactivity disorder, mental heattbesity

prevention and liver transplantation.

In common with traditional discrete @ice experiments (DCE) and ranking exercises, profile case
BWSis an ordinal approach for health state valuation which offers an attractive option for
application with vulnerable population groups including adolescents and older.deoplelves a
potertially easier choice task to conventional approa¢imetuding time trade offTTO) and
standard gamblgSG)) andtraditional DCETraditional DCE involves presenting the respondent
with a number of choice scenarios in which they are required to intheatgreferences between
two or more health stat@ath varying survival durationwhereas profile case BWS presents the
respondent with a number of choice scenarios represented by one health statel timdy
respondent is asked to indicate the best and worst attribute of the health stat®nsideration
(Flynnet al.2008). Previous research by Ratcliffe and colleagues found Haglesalidity and
reliability for BWS methods relative to TTO and SG approaches in young geopite estmation
of health state valudsr the CHU9D instrumen(Ratcliffe et al., 2011). However it is important to
noteashighlighted previously that, of these approaches, only then&8Gdes a preference for risk
and therebyatisfies the von Neumann-Magstern axiomsf expected utility theoryMehrez and
Gafni 1993). The main objective of the study reported upon in this paséo Wwuild upon the
work previously conducted in our pilot study (Ratcliffe et al., 2Qb3autilising profile case BWS
methods t@eneratea new Australian adolescent scoring algorithm for the CHU9D in a raugh
and a more representativmmunity based sample of adolescents originating adtostsalia.
The availability of an updated Australian adolescent scoring algorithm wilit ée the systematic
incorporation ofadolescentgreferencesnto the health care priorities decistoraking process
both within Australia and internationally by allowing the@luesto be captured within CUA for

assessing the relative benefits of compmetidolescent health and public health programmes.



2. Methods

Study sample

A survey was developed for dime administration with a commuygibased sample of adolescents,
aged 11-17 years, recruited fromAunstralia wideon-line panel company following parent and
adolescentlyadconsent for participation. Permission was sought and ethical approval wasl grante
to conduct the studiyom the Social and Behavioural Research Ethics Committee of Flinders
University (Approval no: 5508) . The key objective waséa\k adolescerdpecific health state
values from a large representative sample of adolescents in the general cgmiianget sample
size of N=2000 was consideredfficient to meethe requirements of theofile case BWS
experimental desigrensuriig precise estimation of model parameters for development of the
adolescent specific scoring algorithm for the CHU9D whilst also protectaigsigany extremes of

heterogeneity in preferences.

Survey I nstrument

The survey included three main sections. Firstly, respondents were asked to etmepEiU9D
instrument. In addition to providing an indicatoriRQoL, completion of the CHU9D helped to
familiarise respondents with the wording, formatting and range of each @fatifebutes of the
CHU9D. Secondly, respondents were presented with a series of CHU9D healthostasdisation
via the profile case BWS tasks it wasnot feasible to present every possible health state to
participants for valuation (the full factorial generatés 3,953,125 heditstates), a fractional
factorial design was generated to reduce the number of health states rexupreddntationA
design that permitted the estimation of main effects, whilst maintaining the properies ¢ével
balance and near orthogonality was generated in 50 health states. Completenalitiyag the
design was not possible due to the need to eliminate a small namimplausible health states

(Louviereet al, 2000; Sloane, 2007). In order to promote participant completion rates anadsain
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error due to fatigue, the design was blocked into 5 versions so that each respongeasevdasd
with 10 CHU9D health states for valuation using the blocking design principles doewahignt
Hensher and colleagues (Hensher ¢t28l05). The 10 CHUD health states in each block were

purposively chosen to include a range of mild, moderate and severe health states.

Each health state description consisted of the nine common dimensions of the CHU9D with
different levels for each of the 10 health stggesssented. Respondents were asked to indicate
best, worst, second best of and then the second worst attributes (dimension levelshebéh
state(a screen shot of an example profile case BWS question is presented in Appetinisx 1);
partial ranking is referred to as a sesniler,because iyields something less than a full ranking.
This semiorder wascollected with the intention of (1) testing the stability of partial rank orders
(best, worst, second best and then the second wors@2)ashelerminingwhether it was possible to
pool the data to power the model and improve characterization of indivieligaibgeneity. The

final section of the ofine survey comprised a series of sedemographic questions including age,
gender and additional questions relating to general health status and whetiteherrespondent
indicated that they were living with disability or long standing health condition.

Data Analysis

Choice data analysis

In common with all ordinal approaches to health state valuation, profile case BW&alatad in
estimated choice models for the samgésuming aandom utilitytheory model The analyss of
choice implies that |4, the utility respondent| derives from choosinattribute level, is additively
split into an &plainable component (Y and a random component (&ig).

For K=9 (representing the 9 CHU9D attributes) attributes each witbdresenting the number of
levels of attribute k (representing the 5 levels within each CHU9D attributed,dahe a total of K*
L=45 attribute levelgFlynn et al., 2007). Therefore the equation to be estimated is of the following

form:



Uig=2PiXig*eiq

where Xq represents the CHU9D attribute levels, and f; refers to the coefficient for each attribute
level to be estimated, i=1,... K*Linitially assumedo be constant across individuals. Assuming
that the random components are distributed extreme value type 1 (EV1) enables ¢hdrbela
analysed using the conditional (multinomial) logit mo@&n-Akiva and Lerman 1985; Louvierdt
al., 2000):

Pq=exp(AVig)/Zjexp(AVig)
where R, is the probability that participant g chooses alternative i, j represents all trentele
alternatives in choice set (Ce. the descriptive dimensions of a health statel) A represents the
Extreme Value 1 scale parametéhich is inversely proportional to the standard deviation of the

random component &ig.

In any dataset where the estimation of one or more parameters is heavily influeneecery

small number of observatiorthjs canlead to misspecification of the fitted model through

incorrect daracterization of the underlying data generation process (Cook R, 1977). The removal of
outliers had the objective of removing observations that have extreme impact onréuatgg
estimates although the likelihood of théelonging to the same distribution is smBéspondents
thatexhibitedextreme atypical tradeffs and marginal rates of substituti@waying the

conditional (MNL) logit model parameter estimates by three standard devjatonpared to the

rest of tle samplevere identified and removed using jackknife resamimgher details are
available from the authors upon request) (Babu, 2011). Conditional logit (MNL) regressids mode
were then estimated on the remaining dataset for the predi¢t@AU9D health state values for

each of the choice measures: best, worst, second best and second worst, sapmaeatebynt for

the sequential nature in which choices were made in the task, all models weresdstimtiie

reduced set of options that were presented, that is, best choice among i=9 dimesiensia

choice of the remainingli dimensions.
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Testing for the pooling of different choice rankings

The collecton ofthe semiorderof best and worsthoice data in the profile case BWS task
providedadditionalinformation onadolescent preferences aaltbwedfor the possibility to
combine or augment the data to include all choices to estimate the attribute level ddiisethe
case or exploded ranking datapodels estimated from different ranks nmat be pooledf both
variance scale factors and parameters differank level Ben-Akiva et al, 1992).However, if
adolescent preferences armmilar across the different choisdutvaryin their error variance such
thatthey are more or less casient in makinghoices then it is possible to pool the data sources
with appropriate accounting for scale differences across context to eshmattribute level

utilities (Swait and Louviere, 1993).

As an initial informal investigation of whethdatapoolingwasfeasible, thelots of thepartworth
utilities werecompared Swait and Louvier€l993) show that for the MNL model, under the
hypothesis of preference homogeneity and scale differences between twaidaga, ggotting the
preference parameters on arXflot should result in proportional and positively sloped distribution
points wherebythe slopes are related to the ratio of the scale factors in the two choice data sources
Thus, if the data sources can be pooled, then we would ekpdattia coefficient estimates to be
roughly proportional across data sourc&eg Swait an8ernardino, 2000 for the introduction of

this informal method across multiple segmeritsg hypothesisvas tested that the parameters from
models estimated for fierent choice measures wehe same, and scales between the datasets were
allowed to vary for logical pairs of choice measures: best with worst; méseaond best; worst

and second worst. The chiruare test compatehe sum of the log-likelihood frothe MNL

models for each choice context and the log-likelihood function from a heteroscedastiooahdi
(multinomial) logit modelLouviere and Swait, 1996) that adjedfor scale difference across

choice measurdsr the combined dataet
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Latent classanalysis

Latent Class models identiindcluster “types” of participastwhoare similar in terms of their
relative preference@lynnet al, 2010). The behaviourahoicemodelwasassumed to be a logit
model, and the preference distributiwasa discrete finite mixture of logit models assumed to
comprisetypesof participantexhibiting similarpartworth utilities and/or scale. Maximum
likelihood estimatesvereused to classifinto clusters based upon their posterior probability of
class memberspi The Bayesian Information Criterion (BIC) criterion was used to help guide
model selectiomndstability of solutions was also useds®lectthe optimal mode{Hensher, 2012
The EM (ExpectatioiMaximization) optimization algorithmmamot guarantee tha set of
parameter valueglobally maximizes the lodikelihood. Thus, different starting seeds for the
algorithmwere consideretb ensure with a reasonable degreeaffidence that a global maximum
hadbeen reached. The finaportednodelwasthe opimal class selectigrre-estimated to include

only statistically significant coefficients.

Adolescent scoring

Finally, the heterogeneigdjusted population levetoring algorithm was estimategt produdng a
single set of beta coefficientsrresponthg totheadolescent population average preferences for
the attribute levels relating to tikHU9D. The average scoregross all participants were
calculated, by taking the mean of the sets of preference class estimates, weigintdzhbyity of
classmembership across the sampldin®ar transformatiomvas applied tahe attributdevel
estimatego ensure that the sum of the relevant nine scorescfmsen leveper attributewere
reflected on &-1scale.In common with all ordinal approaches &alth state valuation, the
estimates obtained frothe profile cas8WS werenot based on the 0-1 dead full he&ALY
scale. Since these estimates waren interval scalee-scaling via an external cardinaluation

task using traditional health stataluation methode,.g, the TTO or SGwas necessary to ensure
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that O representdtie deathstate Whilst it would be ideal to conduct the sealing using data
generated from an adolescent sample, our previous research has highlighteidahdittculties
associated with this process (Ratcliffe et al., 2011). In addition we found a pdafleve
understanding of TTO and SG methods in general in adolescents (Ratdiffe26tL1). Hence, for
the purposes of this study waélisedthe mearhealthstatevalues derived from a conventional TTO
task for a selection of CHU9D health stdiesn a sample of young adults (aged 18 to 29 ydars)
re-scale the ordinal values derived from the BWS DCE task onto the 0 = deatHuth health
QALY scale(Ratdiffe et al, 201%). Two rescaling approaches were utilised and compared
terms of overall model fit and mean absolute errors (MAE) to determine tineabpipproach. The
first approach (Method 1)sed the mean TTO PITS health stztie only whilst the second
mapping approach (Method 2) used ordinary least squagesssiowith TTO derived health state
values for a selection of CHU9D health states (ranging from mild impairment téliBesfate) to

rescale the raw scores generated from the pratde BWS taskRowenet al, 2015).

3. Results

Sample Characteristics

Data collection for therofile case BWS taskas conducted overtavo month period from October
to November 201%or a sample of adolescerdged 11-17 years in the Australian populatidme
completion rate for the survey was 19%, with N=2076 of the total sample of consespogdents
fully completing the survey, out of a total pa#l10,928 individualgnitially approached
Respondents were randomly assigned into the five survey versions. The savaglinmgpgrammed
to cease as soon as there were least 400 respondents in each version of thehsuveegioh with
the smalleshumber of respondents had a sample size of N=404. We then removed the last
observations that entered the syfor each of the remaining versions (using actual date and time
of completion}o achieve a balanced samphe=@04) across each of the 5 versions of the survey,

such that complete data from 202@kedcentsvere obtained.The model estimates were not
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sensitive to the removal of these responde@ts.averagerespondent®ok a median timperiodof

12.2minutes to complete than-ine survey.

Theage and gendaetistributions fom the adolescent samplere compared with the wider
population of Austrainadolescentsising the 2011 Census ABS data (Pink, 2012). The
characteristics of thetudysample ar@resentedn Table 1.1t can be seen that whildte study
sample wagenerally representative of the widustralianpopulation aged 11-17 years imrtes of
gender the study sample comprised a greater proportion of older adolescents with G8®BP3 a
years compared to415% of the wider population. Table 2 presents the health characterighes of
respondentsA minority (12.3%)indicated that they were living with a long standing illness or
disability. As expected with a community based sample, a relatvedll proportion of
participants reported themselves as living witlephealth (0.9%\vith large proportionsof
respondentseporing themseles adiving in Excellent(29.5%), Very good (42.3%9r Goodhealth
(22.1%). The responses to the CHU9D are presented in Table 3. Respalwtegenerally
reported themselves in good health according to the CHI¢3Driptive systepwith N=184
reporing themselves at full healifneflecting the highest or best level for mihe CHU9D
dimensions). No participants reportie@mselvesn the PITS stateréflecting the lowest oworst

level of impairmentfor all nine CHU9D dimensions).

Choice data analysis

From the initial sample of 2020 individuals with complete respotisegackknifing exercise
identifiedN=38 individuals whose inclusion leadsdonditional (multinomial) logit model
estimateghat are more than -8 standard deviations from the aggregate model counterpart. These
38 individuals were theremoved from the datasegducing the final useabtample to N=1982.
Figure 1 plotshe MNL coefficientestimatesacross pairs of choicaeasure$or each CHU9D

dimension. For comparison, reverse cgdil) was applied on the worst and second worst results
14



presented ifrigure 1 Whilstall of the plotswerepositively sloped, thewerenot linearly
proportional. The greatest difference waghlighted in the plot for best against wondtere there
apparedto be less differentiation amastghe lowerlevels on the best datampared to the worst
datg particularlyfor the mental health dimension8yorried’, * Sad’ and ‘Annoyed’. Thelowest
level of the' Activities' dimensionwasdifferentiated as beingorstcompared to all other levels
and there wago discernible distinction betwe#me remaining levelddvels 25) for this particular
dimensionOverall, the results ansistent witlthe majority of respondents choosing the best

level of a CHU9D dimension when it was presented witlgivanhealth state.

Pooling of choice types

Table4 presentshe Swait and Louviere (1993) test for pooling various pairs of choice measures:
best, worst, second best and second Waases AE). Scale waspecifial as A=exp(Zq0) where Z

is dummy indicator fothe data sourcand 6 wasthe parameter to be estimaté&tie pooling test of
best and worst data produc@ahtsquared =2020.23 with 45 degrees of freedberefore

rejecting the hypothesis that the parameters across datasethevesene whdt permitting the

scale factor to vary. Similarly the hypothesias rejectedcross the other pairs of choice measures
at the 95% confidence level. Thesults suggeshe differences aneot only attributable twariance
scale but also differences in preferences between the choice meesangsadolescentproviding
evidence against poolirgf the different data sourcebhe pooling testwasfurtherrelaxed toallow

for partial preference heterogeneity across dataces or attributes of the CHU9D, thus allowing
more noise among some attributesdlaya sourcéSwait and Bernardino, 20Q0yarameters chosen
to be freed includedpecific attributedvel parameters and entire attributes with particular fonus
worst and second worst data in which the test statistic was smallest. Whilst allompagtial
preference heterogeneity reduced thesthiared statistic, the reduction was not significant enough
to allow for the(partial) pooling of datalt was theefore concluded that the final scoring of the
adolescent values of the CHU9D should be based oringkechoice measure assessed to be most
appropriate for the taskonsistent with thé&aditional choicditerature and traditiondDCEsin
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which we typcally associate choices as reflecting underlying valdganet al, 2008), the best
choices have therefore beatilisedin thedevelopment of an updated Australian adolescent

specificscoringalgorithm for theCHU9D.

Latent class analysis of best data
Latent class analysis on the best choice l#at#o the selection of the two class solutithre
coefficients for each class greovided in Columns (1) and (2) of Table 5. This model was
characterized by strongest preferences for the following:
e Class 1(size=63.2%) — most importance placedmental health dimensiomscluding
Worried andAnnoyed, and east importance placanh daily activities such activities,
Daily routine, Seep.
e Class 2ize=36.8%) — equalveightson all attributesvaluedthetop level of everyCHU9D
attributemost highlyand appear largeipsensitive to the remainirigvels.
Sociodemographic variables were included in the class membership toatharacterise the
classesWald and likelihood ratio test statistics indichteatnone of the includedovariates (age,
gender, disability, number of cars, level of difficulty, health slidere)alere statistically
significant at the 5% leveh predictingthe class membershiprobabilities This supports an
interpretation thaindividual heterogeneity arises through the behaviour surrounding evaluation of
the health state dimensions ratttean arising fronsysematic individual differences due to age,

gender, etc.

The scores basagponthe latent class mod#ir the best datare presented in Column (3) of Table
5. Thescores are weighted averages of the class seg(idyris et al, 2015). Thescores presented
in Column (3) of Table &re anchored to the least valued attribute level. Thesicwlieate that all
nine attributes make a contribution to an individuelRQoL as classified by the CHU9QWith the

Worried andActivities dimensions having the largest effecttba overall scores
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Collapsing of levels and scores

Consistent with the health state valuation literatuneag expected priori that lowerhealth state
valueswould be associated with greater impairments amongst levels of the same Ctifii2iDea
or dimension. Upon calculation tife scores for the CHU9Osingthe latent class analysis, a
number of inconstencies in coefficient valuagere notedacrossdimension levels. The first
example of such an inconsistency was observed wittinged attribute in which the 2level
was valued more highly thahe 3% level. Similar inconsistenciesre identified ad bolded in
Column (3) of Table 5. Inconsistencies may represent CHU9D dimension levelsthat ar
statistically different from each other and therefore signify a needlapselspecifitevels for
particular dimensions and present thesma single (aqobined)level. In such cases it is more
accurateand reliableo collapse levels of attributeBrevious large scalealuation studies for other
generic preference based instrumenith relatively large descriptive systenesg, the UK
valuation of the SF-6hawe identified similar levels of attribute level inconsistentethose

found in this study andave als@dopted this approacBr@zier et al.2002).

The collapsing of levels was determineditmposing restrictions to the original model presenn
Table5. Parameters were restricted to be equal for chosen levels of attributes at thevelaiss |
the model. As previously indicated, the scamwesentveighted averages of the class segments
The selection of which levels to equate was aefiso a$o satisfy the following four criteria:

1. Attribute level coefficients for the same dimensibatwerenot statistically differentvere
restrictedto be equalAll restriction and tests were performed by class. Statistical
significance was based d¢-tests performed on the associated levels fronotiggnal latent
classmodel.

2. Monotonicitywas achieved for each attribute at the aggregate [Elvat.is, lower health

state values would be associated with greater impairments amongst levelsanfi¢he

17



CHU9D attribute or dimension.
3. The new model was not statistically different from the final-restricted model in Tablg.
(A logHikelihood ratio testvasused to test for statistical differences between the rapdel
4. An overall good model fitn tems of the Rho-squared and the BIC.
Criteria 1 and 2vere directlyymposedwhile criteria 3 and 4vere utilisedoost hoc tosalidate the

specification of théinal model.

Scoring with collapsed levels

It was not possible to identify a model which d&th all four criteria simultaneously.gdating the
non-ssignificantly different attribute levelgriterion 1) produced a model thatsosatisfied criteria
3 and 4but failed to satisfynonotorcity for the Tired attribute(results are available from the
authors upon request). Ensurimgnotonicity for all attributesesuled in the model presented
Table 6 This modekatisfied criteria 1, 2 and 4 but failed satisfycriterion 3 becausét was found
to bestatistically different to the original latectassmodel. Howeverthis modelproduced detter
model fit in terms of the BI® both the first andhain (non+estricted)model.The final ®lumn (3)
of Table 6presents theaw scores for the CHU9D baseg@o the new latent class modehere

monotonidty is ensured

Rescaling onto the QALY scale

The raw scores for the CHU9D were rescaled onto the QALY scalglising the mean TTO
values derived for a selection of CHU9D health states from a sample of yoursy@elails of the
methods and findings from the TTO study are provided elsewReteliffe et al, 2015a)lt is
notable thathhe mean PITS health statalue from the TTO study (-0.2%assignificantlylower
thanthe mean PITS health state score generated from application of the origihacadng

algorithmwhich utilised the SG approach (0)3%Fable7 presents two groups of rescaled BWS
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DCE estimates corresponding to the mean Ti€@lth state values for the four selected CHU9D
health states, as well as the goodredst MAE values. t is evident thatescaling therofile case
BWS estimates using the mapping approach (Method 2) exhthedakest performance (i.e. lowest
MAE) in this dataset. The scatter plot between the preferred rescaled BW&estlethod?2)

and TTOhealth statealues is presentad Figure 2.

4. Discussion

This study provides important insights into the use of profile lbaseworst scalingB\Ws)

methods to generate health state values with adolgsepulations. The findingsdicate thathe
cognitivedecison processes adolescents use to mia&st’ and ‘worst’choices respectively may be
quitedifferent.In this study itwasnot possible to combine the choice data (best, worst, second best
and second worst) to provide more information about preferenceberettyimprovethe

estimation othe coefficients attached &tribute levels. Consistent witonventionabiscrete

choice experiment(CEs) in which we typically associate choices as reflecting underlying values,
the best choices were therefortdisedto develop the updated community based adolescent scoring

algorithm for the CHU9D.

The latent class modelling identified two key groups of respondents chissedi@ccording to their
underlying preferences. The first key group represented the majorggpdindents and tended to
place more weight on the CHU9D attributes relating to mental health impairmetiterelahose
reflecting daily activities and/or physical health impairments. These findregsasistent with
those from our previous styditilising thepilot adolescenscoring algorithm for the CHU9D which
also highlighted that adolescents tend to place more importance upon mental heatthantpai
than adultsRatcliffe et al, 2012a; Ratcliffe et al2015b). The second key group of respondents

tended to value the top (no impairment) level of each of the CHU9D attributes mogtamghl
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appeared largely insensitive to the remaining levels (2 to 5) reflectirepsing degrees of
impairment. The reasons for this type of choice behadmiunclear but may be reflective of the
use of decision heuristics (or short cuts) to simplify the choice tdskd, 2003. More

substantively, however, this may indicate that ntompensatory decision making is occurring; this
gives rise to potentiallveryinteresting alternative models of decision making to evaluate health
stategLancsar and Swait 2013). This type of choice behaviour also has important implié@tions
health care policy as it implies a reduced likelihood of findiiggificant QALY differences

between groups where incremental changes are observed between degreesnénnpai
(specifically between levels 2 to 5 of the CHU9D instrument) over time.tifReta other popular
generic preference based instrumemtgarticular the EQ5the CHU9D has a relative large
descriptive system and it may be that the presentation of nine attributes sinughamethin a

single health state was cognitively challenging to the extent thatrésgsendents opted to focus
only upon a limited numbef attributes to make their choice decisions. It is also possible that the
use of an on-line mode of administration may have reduced the level of engagementdor
respondents and therefore increased the likelihood of the application of decisioticsaetative

to an interviewer administered mode of administration.

A further possible explanation for the lack of differentiation between CHU9Dwt levels

beyond the best level may be a reflection of the utilisation of a community lzaspbk oflargely
healthy adolescents. It is likely that the majority of these individualsittieacdbl no previous

experience of, and therefore found it difficult to imagine living with, moderasewre health
impairments. As such, their preferences were lgnigsensitive tancreasing degrees of

impairment Further research including qualitative ‘think aloud’ approaches would be helpful in this
regard in determining a detailed examination of adolescent respondentsamdiegsand level of

engagement withhe profile case BWS tagkVhitty et al, 2014).
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In general, the mean health state values generated from application of thesl \goltdéscent
specific scoring algorithm for the CHU9D are lower than the two previarggcalgorithms
generated for tiinstrumenti.e., [1] the original scoring algorithm based upon application of the
SG method in the UK with adults of all ages (age range: 16 to 87 years) (Stevengyn2l)2Pdhe
pilot Australian adolescent specific scoring algorithm (age range& 117 years)Ratcliffe et al,
2012a). Themain reason for these differences is likely largely due to the differences nmetéin
cardinalhealth state valwautilised for rescalingThe mean PITS health state value generated from
the TTO study with young adult)(21) was significantly lower than the mean PITS health state
score generated from application of the original adult scoring algoritiising the SG approach
(0.34). The pilot Australian adolescent specific scoring algontlas also generateding profile
case BWS methods to generate raw scores. These scores were then rescalesl msiag PITS
health state value from the original adult scoring algorithm based upon the S@dpRatcliffe

et al, 2012a) In contrast the updated adolescgpecific scoring algorithm reported in this paper
was developed using a mapping approach to rescaling, involving TTO values froesaté&yur
CHU9D health states reflecting increasing health impairments and includinf&gite The

TTO derived health state values were noticeably lower than the corresporidiesfea identical
CHU9D health states generated using B@&ddition, a significant proportion of young adult
participants considered the PITS state to be worse than death when directly ivaisiimg the

TTO method. Hence, overall the mean health state value for the PITS stadéenhtiat this state
was considered worse than ded®latcliffe et al, 2015). Overall, these findings are consistent with
evidence from the literature to indicate that the SG method tends to bias tataltlakies upwards
relative to the TTO methodue to probability weighting (the tendency for individuals to overweight
small probabilities and underweight large probabilities) and loss avéestendency tkbe more

sensitive to losses than to gains) (Bleichrodt, 2002).
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This study raises important questions and adds to the debate in the literature about lwhsse va
should be used in valuing health states for economic evaluatioist\ie study sample wéarge
andgenerally representative of the wider Australian population agdd Years in terms of gender,
it also contained a greater proportion of older adolescents compared to the wideigogdlia
sample may not, therefore, be considereerasdy representative of the adolescenpulation of
Australia.In addition, it is possible that the utilisation of a predominantly healthy sample of
adolescents to value CHU9D impairment states contributed to the apparentiuisenisnd lack

of differertiation at the lower levels and the apparent adoption of different decision ruthe for
identification of best and worst attribute levels. Further research inclaoimigr valuation studies
conducted in adolescent patient samplegk more direct exp@éence of health impairmentgould

be helpful in indicating the effects of experience and whether or not thisafsslihore
differentiation at the lower levels and the adoption of more consistent decisienAwariant of
this suggestion is to use stratified sampling on the basis of health statesjgirichpjgropriately to
the population level. This would ensure adequate representation of the full spectruithcfthtss

to enable population predictions, while permitting more accurate inferenites ealth state.

An argument often propagated in favour of using adult general population prefemeroesith

states for incorporation into economic evaluation is that adults in the general jpopatateligible

to pay general taxation which provides financial support for the health systemsyofonatries
(Gunning, 2003). This argument appears to be at the root of the guidance to health tgchnolog
appraisal provided by the National Institute for Health and Care Excel([HiCg) in the UK

(NICE, 2013) and that of other regulatory authoritiBsagier et al.2007). However, a converse,

and potentially more compelling argumevtiich forms the underlying premise of the work
presented in this paper, is that the incorporation of the preferencedexfcahbs into cost
effectiveness analyses lo¢alth and public health programmes designed for this age group has the

potential to facilitate the development of programmes that are more relevant teetrusy
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ultimately leading to im@vements in adolesotehealth as a consequence of improved treatment

compliance and service utilisation

5. Conclusion

This study has provided important insights into the use of profile case best b swethods to
generate health state values with adolescent populaBosshoc it is evident that different
decision processasay underlie the observed best and worst chpgmeg was decided that the
optimal adolescent specific scoring algoritehould be derived using the best choidds
availability of anupdated dolescenspecific scoring algorithm for the CHU9D will enable the
health state values aflarge community based sample of Australian adolescents to be incorporated
directly into economic evaluation studies through calculation of the incremehitd @ains
associated with new treatment and preventive programs targeted for tgiwageTle new
updatedadolescent specific scoring algorithmill facilitate the systematic incorporation of the
views of young people into the health care priorities decisigking process both within Australia
and internationallywith the ultimate aim oimproving the health of the adolescent population
through the development obst effectivereatment and preventive programs whelectiveness is

defined to incorporate theeeds and preferencekadolescents.
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Table 1: Characteristics of participants

Frequency

(%) Percent*(ABS)
Gender:
Male 996 (49.3) 48.63
Female 1024 (50.7) 51.37
Age at survey completion:
11 years 262 (13) 14.02
12 years 239 (11.8) 14.13
13 years 234 (11.6) 14.12
14 years 266 (13.2) 14.26
15 years 329 (16.3) 14.32
16 years 310 (15.3) 14.63
17 years 380 (18.8) 14.52
Total 2020 (100) 100

*Percent of adolescents between ages 11 and 17 years (inclusive)
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Table 2: Health characteristics of participants

Frequency
(%)
Do you have a long-term disability, illness or medical condition?
Yes 249 (12.3)
No 1771 (87.7)
In general would you say your health is:
Excellent 596 (29.5)
Very good 854 (42.3)
Good 447 (22.1)
Fair 104 (5.1)
Poor 19 (0.9)
Total 2020 (100)
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Table 3: CHU9D responses Frequency (%)
Worried

| don't feel worried today 991 (49.1)
| feel a little bit worried today 669 (33.1)
| feel a bit worried today 257 (12.7)
| feel quite worried today 78 (3.9)
| feel very worried today 25(1.2)
Sad

| don't feel sad today 1315 (65.1)
| feel a little bit sad today 464 (23)
| feel a bit sad today 172 (8.5)
| feel quite sadoday 52 (2.6)
| feel very sad today 17 (0.8)
Pain

| don't have any pain today 1170 (57.9)
I have a little bit of pain today 596 (29.5)
I have a bit of pain today 195 (9.7)
I have quite a lot of pain today 45 (2.2)
| have a lot of pain today 14 (07)

Tired

| don't feel tired today 418 (20.7)
| feel a little bit tired today 899 (44.5)
| feel a bit tired today 380 (18.8)
| feel quite tired today 226 (11.2)
| feel very tired today 97 (4.8)
Annoyed

| don't feel annoyed today 1169 (57.9)
| feel a little bit annoyed today 536 (26.5)
| feel a bit annoyed today 199 (9.9)
| feel quite annoyed today 90 (4.5)

| feel very annoyed today 26 (1.3)

Schoolwork/Homework

| have no problems with my schoolwork/homework today 1046 (51.8)
| have a few problems with my schoolwork/homework tot 644 (31.9)
I have some problems with my schoolwork/homework tor 223 (11)
I have many problems with my schoolwork/homework tor 80 (4)

| can't do my schoolwork/homework today 27 (1.3)

Sleep

Last night | had nonpblems sleeping 1101 (54.5)
Last night | had a few problems sleeping 629 (31.1)
Last night | had some problems sleeping 196 (9.7)
Last night | had many problems sleeping 76 (3.8)

Last night | couldn't sleep at all 18 (0.9)

Daily Routine

I have no problems with my daily routine today 1506 (74.6)
| have a few problems with my daily routine today 355 (17.6)
I have some problems with my daily routine today 121 (6)

I have many problems with my daily routine today 28 (1.4)

| can't do my daily routine today 10 (0.5)

Abletojoin in activities

| can join in with any activities today 1336 (66.1)
| can join in with most activities today 400 (19.8)
| can join in with some activities today 136 (6.7)
I can join in with a few activities today 96 (4.8)

| can join in with no activities today 52 (2.6)

Total 2020 (100)




Table 4 - Pooling test of choice measures

Case A B C D E
Hyp0theSiS (H 1A)* BoestBworst Bsec bestBsec worst Bworst=Bsec worst Bworst=Bsec worst Bwors=Bsec best
LL (best) -34339.62 -34339.62

LL (worst) -37919.74 -37919.74 -37919.74
LL (second best) -33830.2 -33830.2 -33830.2
LL (second worst) -34294.64 -34294.64

LLu (pooled)** -73269.47 -68476.79 -69025.16 -72360.45 -72636.36
g ** 0.43 0.67 -0.33 0.53 0.18
Chi2 (45 df) 2020.23 703.9 1710.68 292.14 1772.84
Reject H1A? YES YES YES YES YES

* While permitting scale to vary.

**Log -likelihood from the heteroscedastic conditional logit model of the pooled data. Th@acameteis specified as A=exp(Zq0) where Zq

represents an indicator for choice task, and 0 is the parameter to be estimated. Zq is indicator for data source such that the first data source is given +1
and 4 for the alternate data source, e.g.) for Case A Zq is avoest indicator: 1 for best data arfdfer worst data.
*** The parameter in the scale function is significant at the 1% level of signifi.



Table 5: Latent class model with adolescent scoring main model with no restrictions.

(1) (2) (3)

Class 1 Class?2 SCORE

Worried Level 1 5.67 *** 1.5 *** 0.2361

Level 2 1.362 *** 1.337 ** 0.1503

Level 3 1.463 *** 1.155 *** 0.1314

Level 4 1.587 1.164 *** 0.1343

Level 5 0 1.299 *** 0.1247

Sad Level 1 5.357 *** 0.844 *** 0.1573

Level 2 1.343 = 0.527 *** 0.0587

Level 3 1.56 *** 0.448 *** 0.0532

Level 4 0 0.477 *** 0.0321

Level 5 0 0.38 *** 0.0212

Pain Level 1 5.15 #** 0.432 *** 0.1076

Level 2 1.27 ** 0.305 *** 0.0326

Level 3 1.252 *** 0.307 *** 0.0325

Level 4 0 0 -0.0217

Level 5 0 0 -0.0217

Tired Level 1 4.89 *x* 0.227 ** 0.0805

Level 2 3.063 *** 0.655 *** 0.1001

Level 3 2.363 *** 0.597 *** 0.0826

Level 4 1.821 0.522 *** 0.0657

Level 5 1.328 *** 0.243 ** 0.0265

Annoyed Level 1 4,312 *** 0.294 ** 0.079

Level 2 1.463 *** 0 0.0012

Level 3 1.366 *** 0 -0.0003

Level 4 0.65 ** 0 -0.0115

Level 5 0 -0.202 * -0.0444

Schoolwork Level 1 5.197 *** 0.305 *** 0.0941

Level 2 2.037 *** 0 0.0102

Level 3 1.584 *** 0 0.0031

Level 4 0.688 ** 0 -0.0109

Level 5 1.58 *** -0.247 ** -0.0248

Sleep Level 1 5.383 *** 0 0.0626

Level 2 1.635 *** 0 0.0039

Level 3 1.795 0 0.0064

Level 4 0.856 *** 0 -0.0083

Level 5 0 -0.298 *** -0.0552

Daily Routines Level 1 5.497 xx* 0 0.0644

Level 2 1.995 -0.479 *** -0.0444

Level 3 1.791 = -0.543 *** -0.0548

Level 4 0.779 *** -0.6 *** -0.0771

Level 5 1.319 *** -0.418 *** -0.0481

Activities Level 1 5.002 *** 0.424 *** 0.1185

Level 2 5,273 *** 0.618 *** 0.1305

Level 3 4,837 *** 0.308 *** 0.0888

Level 4 4581 *** 0.265 *** 0.0799

Level 5 2,776 *** 0 0.0218

Class membership 0.5521 *** 0
Posterior class probabilities 0.635 0.365

Log-likelihood -30638.91
BIC(LL) 61809.24
Npar 70

*rx k% * significant at the 1,5,10% level of significance




Table 6 — Model with collapsed levels and monotonicity

(1)

(2)

(3)

Class 1 Class?2 SCORE

Worried Level 1 5.687 *** 1.504 *** 0.2163

Level 2 1.364 *** 1.334 *** 0.1326

Level 3 1.55 *** 1.155 *** 0.118

Level 4 165 *** 1.155 *** 0.118

Level 5 0 1.296 *** 0.1077

Sad Level 1 5.376 *** 0.849 *** 0.1475

Level 2 1.35 *** 0.524 *** 0.0532

Level 3 1.578 *** 0.447 *** 0.0492

Level 4 0 0.474 *** 0.0274

Level 5 0 0.376 *** 0.0178

Pain Level 1 5.168 *** 0.436 *** 0.1039

Level 2 1.282 *** 0.305 *** 0.0308

Level 3 1.265 *** 0.305 *** 0.0305

Level 4 0 0 -0.0189

Level 5 0 0 -0.0189

Tired Level 1 4,903 *** 0.51 ** 0.107

Level 2 3.085 *** 0.51 *** 0.0788

Level 3 2.376 *** 0.51 *** 0.0678

Level 4 1.819 *** 0.522 *** 0.0603

Level 5 1.33 *** 0.242 ** 0.0254

Annoyed Level 1 4,329 *** 0.297 ** 0.0773

Level 2 1.469 *** 0 0.0039

Level 3 1.377 *** 0 0.0024

Level 4 0.664 ** 0 -0.0086

Level 5 0 -0.201 * -0.0386

Schoolwork Level 1 5.216 *** 0.309 *** 0.0922

Level 2 2.044 *x= 0 0.0128

Level 3 1.601 *** 0 0.0059

Level 4 0.688 ** 0 -0.0083

Level 5 1.588 *** -0.248 ** -0.0185

Sleep Level 1 5.402 *** 0 0.0649

Level 2 1.747 *+* 0 0.0082

Level 3 1.747 *+* 0 0.0082

Level 4 0.869 *** 0 -0.0054

Level 5 0 -0.31 *** -0.0492

Daily Routines Level 1 5.516 *** 0 0.0667

Level 2 2.012 = -0.482 *** -0.0348

Level 3 1.804 *** -0.543 *** -0.044

Level 4 1.116 *** -0.496 *** -0.0501

Level 5 1.116 *** -0.496 *** -0.0501

Activities Level 1 5.922 *** 0.524 *** 0.1242

Level 2 5.291 *** 0.524 *** 0.1144

Level 3 4.854 *** 0.314 *** 0.0871

Level 4 4591 *** 0.271 *** 0.0788

Level 5 2.794 *** 0 0.0244

Class membership 0.5468 *** 0
Posterior class probabilities 0.633 0.367

Log-likelihood -30650.442
BIC(LL) 61763.9872
Npar 61
LRT Chi-squared(9) 23.070%**

*xx ek * significant at the 1,5,10% level of significance
LRT: Likelihood ratio test of current model against main madti no restrictions




Table 7 - Comparison of two rescaling approaches

Rescaled scores Rescaled scores

Health CHU9D TTO eSt\i/Yni([e)s(Eg i based on PITS based on mapping
states  classification scores 1 scale) value only approach
(Method 1) (Method 2)
1 414355432 0.3421 0.3223 0.1788 0.2505
2 231345314 0.4592 0.4801 0.3700 0.4250
3 423141114 0.6263 0.6027 0.5186 0.5606
4 555555555 -0.2118 0.0000 -0.2118 -0.1059
MAE 0.0901 0.0743
(Range) i i i (0-0.1633) (0.0342-0.1059)

Note: MAE - mean absolute error.
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Figure 1— Plot of MNL coefficients for best versus worst choices
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Figure 2— Scatter plot between TTO scores and rescaled BWS DCE estimates



Appendix 1: Screen shot example of profile case BWS question

Health State X

I feel a little bit worried today

[ feel a little bit tired today
I feel a little bit annoyed today

[ have a few problems with my school work
today

[ have a few problems with my daily routine
today

—
Second
Best

hd

Second
Worst
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