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ABSTRACT

Background: Analysts frequently estimate the health state utility valuess)Sar
combined health conditions (CHCs) using data from cohorts with single health @osditi
The methods used to estimated the HSUVs can produce very different neduhisra is

currently no consensus on the most appropriate technique that should be used.

Objective: To conduct a detailed critical review of existing empiritaidture to gain an
understanding of the reasons for differences in results and identify whergaimty remains

that may be addressed by further research.

Results: Of the eleven studies identified, ten assessed tiieeadwthod, ten the

multiplicative method, seven the minimum method, and three the combination medel. T
studies evaluated just one of the techniques while the others comparedgesetated using
two or more. Te range ofhe HSUVs can influenceeneralfindingsand methods are
sometimes compared using descriptive statistics that may not be apprémpragsessing
predictive ability. None of the proposed methods gave consistently accurate exsolis the

full range of possible HSUVs and thealues assigned to normal health influence the accuracy

of the methods.

ConclusionsWhile there is nainequivocal evidence for supporting one particular method,
the combination linear model appeared to give more accurate results undiks stviewed.
However,before amethod can be recommendgegsearch isequiredin datasets covering the
full range of the preferendmased indiceand health conditions typically defined in decision
analytic models The methods used to assess performance and tistictatsed when

reporting resultsequire improvemerih general.



BACKGROUND

To fulfil demands fronpolicy decision makers in health care, there has been a growth in the
number ofeconomic evalationsof interventions in health care reportinguksinterms of
cost pemquality adjusted lifeyears QALY). The QALY combines botlsurvival andhealth
related quality of liffHRQoL) into a single metd that facilitates comparison of results
across disparate interventions and disease Hraasllowing opimal allocation of resources
Many decision making bodiesquire that HRQoL data used in economic evaluations are
derivedfrom preferenceébased utility measurasith weights obtained from memtseof the
general publigl] These preferencbased measuregnerate an indeof health state utility
values (HSUVs) whereby perfect health and death are anchored at one ansesriivedy
and negative valuggpresenhealth states considered to be worse than deathmd$te

frequently used generinstrumens$ arethe EQ5D, the HUI and the SF-6D.[2-4]

Economic modelin health carelescribe the clinical pathway of health conditiodfieycan
become quite complex involving health statggresentinghe primary health condition and
additional health statespresentingomorbidities where an additional condition exists
concurrently with the primary health condition. For example, a comorbid leeaittition
(CHC) would be a woman with osteoporosis who then develops breast cancer, while an
adverse event might be someone with influenza developing nausea as a side effect of
treatment given for influenzadSUVsusedto inform health stategre oftencollected inthe
clinical studies assessing the effectiveness of treatments under evalliéiien these data
are not available, HSUMUmay beelicited directly from patients @ourced from the literature
While the former has the advantage that the health states valued can beyptetirsed to
match those in an economic modbky are resource intensive and ¢imel product is not the
preferred datéor policy decisiormaking[1] The latteris problematic as while there a
substantial evidence base providing HSUVs for individuals with simggéth conditions, the

volume of data describing HSUVs for CHIS limited. Consequently analysteequently



estimate thedSUVs for CHCs using data from cohorts with single health conditions and

assumptions about how they should be combined.

A number of different approaches have been adopted in practice and recentditeaatu
sought to provide empirical evidence for these alternatitAssvever, thigs limited andhere
is currentlyno consensus on which is the mssitableapproach As thetechniqueused to
estimate HSUVs for CHC=ould potentiallyinfluence a policydecision based on a cost per
QALY threshold[5] inconsistencies imkeapproachessed ould undermine optimal

allocation of scarce health care resources.

The objective othe currenstudy is toconduct a detailed critical review of existing empirical
literature This will permitan understanding of thheasons for differences in thesults

identify hypotheses that are consistent with the empirical evidenceemdyidvhere
uncertainty remains that may be addressed by further reseesdtSUVs forCHCsin
economic modelare generally estimatagingsummary statisticGom generic instruments
reportedn the liteature, the greatest interésbn studies that use mean HSUVs from cohorts

with single health condition® edimate meaHSUVs for CHG

Thefollowing section introducethe methodérequentlyused tcestimateHSUVsfor CHCs
with a summary of obvious limitationsT his is followed by drief description of the
literature searghasynopsi®of the studiesdentifiedand thé& correspondig datasets The
next sectiorprovides details athe methods used to estima#sUVs forCHCsin each of the
studies. This is followed by a sectidascribing the results and the statistics used when
comparing results and drawing conclusioige culminae with a summary of the evidence
base and suggestions for future reseaiidroughout the article, emphasis is placed on
determining differences in the studies and methodologies which may explain the

contradictory findings reported.



Baseline HRQoL

Before describing the methods used to estimate HSUVs for CHCs it is useful to coimside
“baseline” utility. The “baseline” utility is defined ahe HSUV apersonwould have if they

did not have a particular health conditemd thempact on HRQoL attribatle to ehealth
condition is defined as the difference between the HSUV associated withrtivellarhealth
condition and the baselind he baseline utility used can make a large difference to the
estimated decrement on HRQoL associated with particaladitions as shown in the

following example. Using E@D data (range0.59 to 1) collected from a random sample
(n=41471) of the UK population, the mean HSUV for a cohort with “a history of heart
attack/angina” is 0.63@igure 1)and the mean age for the cohort is 70 yedrsIfte impact

on HRQoL attributable to avoiding a heart attack/angina is 0.368 (0.368 = 1 — 0.632) when
assuming a baseline of perfect health and 0.181 (0.181 = 0.813 — 0.632) when assuming the
baseline is the average health for individuals of the same age with no higtegrio
attack/anginaSimilarly, looking at the condition “arthritis/rheumatisntie impact on

HRQoL attributable to arthritis/rheumatism is 0.403 (0.403 = 1 — 0.597) wheniagsam
baseline of perfect healtm@ 0.272 (0.272 = 0.869 — 0.597) when assuming the baseline is
the average health for individuals of the same age who do not have a history of
arthritis/rheumatismThe differences in the decremerisl@7 = 0.368 - 0.181 for heart
attack/angina).131 =0.403 - 0.272jor arthritis/rheumatism) may be attributable to other
factors such as comorbidities and aglIf a baseline of perfect health is used to estimate the
decements associated with the single health conditions and these data asethtn u
estimate the decrements associated with a CHC, the impact on HRQoL associat¢derith

factors will be counted twice.

INSERT Figure 1: Impact on HRQoL attributable to health condition(s)



The alleviation of a particular health condition will not oestthe HRQoL of the average
person to full health as they will still have other health problemstdras ibeen suggested
that on average, a treatment will increase HRQoL to the same level of persons wighout
condition.[8] Sveral approaches have hdaken to adjust the baseline when estimating
HSUVs for CHCs These include: “purifying” data by dividing all HSUVs by the average
HSUV obtained fronindividuals who report none of theealth conditioa identified in a
survey[9,10] using condition specific data obtained from individuals who do not report the
particularhealth condition(s) of interest,]] using age adjusted data obtained from

individuals whoreport none of the health conditions identified in a sufk@yl 3]

Methods Used To Estimate HSUVs For Comorbid Health Conditions

Thetechniques described below use mean HSUVs from cohorts with single tozalitions
to estimate mean HSUVs for cohorts with CHCs. There are three main methods used t
estimate the utility value for a combined health state when data only exislefgant single
health states. These can be termed the “additive”, “multiplicative” and “mirimum
approaches. Alternatives recently proposed incltideadjusted deement estimator (ADE)
which isa variation othe minimun method, and a simple linear madssed on muki

attribute utility theory and prospect theomhich incorporates terms representihg

additive, multiplicative and minimum method€,14]

Giventwo health conditions, condition A and condition IBgre are foupossible
combinationsf theseconditions individuals have condition A but not condition B,
individuals have condition B but not condition A, individuals have both condition A and
condition B;individualsdo not havesithercondition Aor condition B. The HSUVs

associated ith these four alternativese defined adJa, Ug, Uag, and Ua ns.

Additive method. The additivemethodassumes constant absolutiecrementelative to the

baselineand theestimatedHSUV for the additiveaCHC is calculated using



U/é-‘\(,jg :UnA,nB_((UnA_UA)+(Unb_UB)) (Ean 1)
where the superscript “add” denotes the additie¢hod

If a baseline of perfect health is used, dldditivemethod can be calculated using:

Uag =U,+U,;-1 (Eqn 2)

Multiplicative method. Themultiplicative methodassumes a constant proportional decrement
relative to the baselinend the estimated HSUV is calculated using
U U
UAME’,“:UAB'( Aj'( B] (Ean 3)
i U nA U nB
where the superscripMult” denotes the multiplicative method.

If a baseline of perfg health is used, the multiplicative method can be calculated using:

U/T,Lllalt:UA'UB (Eqré4)

Minimum method. The minimummethodassumeshe decrement on HRQoL associated with
a comorbidity is equal to the maximum decrenagtrtbutable to the individuaingle health

conditions,and the estimated HSUV is calculated using:
U:ig = min(UnA,nB’UA’UB) (Eanb)

where the superscript “min” denotes the minimuethod.

If a baseline of perfect health is used, the minimum method can be caludimgd

Uf\fié’ = min(UA’UB) (Eqne)

Adjusted decrement estimator. The adjusted decrement estimator (ADE) has recently been
proposed as an alternative method to estimate HSUVs for CHCseslTinmator isa variation

of the minimum methodndassimes the estimated HSUV for the CHC has an upper bound
equal to the minimum of thdSUVs from the two singléealth conditions. The proposed

method is described by:



U//:,DBE = min(UA’UB)_min(UA’UB)'(l_UA)'(l_UB) (Egn 7)

where the superscript “ADE” denotes the adjusted decreestimator.

Combination model. Basuet al. recently proposed simple linear model which incorporates
terms represeimg the additive, multiplicative and minimum methods}[T#he modeis
formulated from apn adaptatioof work originally presentedyokKeeny and Raiffa (1976,
1993) which was based on decision theory and rattlibute utility functiong15-16] and b)
a prospect theory that proposes the value function is convex for lossesméirginal rate of
decrement in value with increasing lossas pesented by Tversky and Kahneman
(1992).[17] The model is defined by:

U 1 (ﬂo +f,-min((1-U,),(1-Ug))+ £,-max((1-U,),1-u B))] i

+ 3 '(1_UA)'(1_UB)
(Egn 8)

where he superscript “comb” denotes the combination mogleéhe residuaand the beta
coefficients are obtained using ardry least square regressioriEguation 8ises a baseline

of perfect health. Using an adjusted baseline, the combination nadbedefinedby:
U:)g]b = ﬂo +ﬂ1 ’ min((UnA _UA)’(Unb _UB))+ﬂ2 ’ ma)(((UnA _UA)’(Unb _UB))

u, U
+ﬁB'(UnA,nB .U_A.U_Bj+g
nA nb

(Egn 9)

The combination modeeducego thethreetraditionalmethods under thellowing
conditions[14]

WhenBq,=0,B:1=1,B.=1and3; = 0, thenEqgn 8collapses t&gn 2 additivemethod)
WhenBo=0,B1=1,B.=1and3; = -1, then Egn &ollapses t&qgn 4 (ultiplicative method)

WhenBo =0, B, =1,p,= 0 and3; = 0, thenEqgn 8collapses t&eqgn 6 Minimum method)



There area number of limitationsvith the methods described above includingess to the
requiredbaselinedata, combiningnegative HSUVs andstimating HSUVs fo€HCs that
consist of more than two health conditiof®urcingappropriate basigle datawill be

difficult as deally each health condition requiresraquebaselineobtained from individuals
who do not have the specific condition(8)¥hilethesedata may be deriveitom large
datasets, due to the enormous numbgrogEiblecombinations of health conditions, in
practicethe requiredlata may not be readily availablEor some preference based measures
such as the EBD or the HUI3, it is possible to have negative HSUVs for one or more of the
single health conditian This has imgtations for both the additive and multiplicative
methods. For the additive method, the decrenasssciated with theingle health
conditionscanberelativelylarge if negative HSUVs are involvélusthe resultingestimated
HSUV for the CHC could beutside the lower limit of the preference based index. The
multiplicative method is not validl used to combinan even number of negative HSUVs as
the estimated HSUV for the CHC will be positive (i.e. higher than eithignedfSUVs for

the single healtisonditions). While it is simple to incorporate additional conditions into the
multiplicative and minimum methods, multiple health conditions will be proate when
using the additive method againthe sum of the corresponding decrements could produce

HSUVs below the lower limit of the preference based index.

LITERATURE SEARCH and SYNOPSIS OF STUDIES INCLUDED

A systematic literature searofithe following databaseg&inahl, the Cochrane library,
Embase, Medline, Psycinfo and Web of Sciemaes caned out using keywords combining
variations of terms for HRQole(g.health state utility, quality of lifdcuroqol EQGD, health
utilities mark, HUI,short form six D SF6D etc), methodological terms (esjandard
gamble SG,time trade off TTO, additive multiplicative,minimum, regressionmodel) and
terms for joint health states.gejoint health state,amorbid,combined health states

concurrent, multiple). Based orfeav core papers identified, a citation search was carried out



using the Web of Knowledge and Google Scholar databd$escitation search was
undertaken both forwards and backwart@lle forward search ensures that all papers that cite
the core papers are reviewethe backwards search ensures that all papers cited by the core
parers areeviewed. Reference lists of all papers included in the review were checked for
additional relevant articlesT he searches were not restricted by publication type, language, or

date of publication.

Synopsis of studiesincluded

Thenumber of releant papers waduced to 11 based on a revievitf titles and abstracts
Paperavere not assessed on the basis of study design, setting or quality, only on vilegther t
involved estimating or predicting HSUVs for CHCs using data from sihghdth conitions.

The aim of the reviewasto examine théiterature to gain an understanding of possible
reasons for differences in results and conclusions drawn with a viefmtming future

research in this area. This was addressed by extracting datadapatéscribe model fit,

performance, diagnostics and the main conclusions reported by the #Utined).

INSERT Table 1: Synopsis of studies included in the review

Threeof the studiesised data directly elicited from patienisingthe same peopl® value
HSUVs for bothsingle and combined health conditiqag,18-19 HSUVs for the single
health conditions were then used to estimate HSUVs for the CHCs and acculecy in
estimates were compared with the actual HSUVs on an individual [€kelgght remaining
studiesusedarge databases whepeeferencebased datavereobtained using responses to
generic quality of life questionnaire3-[3,20-22 Six of these studies used mean HSUVs
obtained from subgroups with single health conditions tonasti mean HSUVs for
subgroups with CHCs.[9-13,RIThe remainingwo studies usedegression toexplore the
relationship between HSUVs apdesence olfiealth conditions usinigdividual level

data[20,22]

10



Of the three studies that elicitetbUVsdirectly from patients; two used data obtained from
patients (n= 147,[18] n=207[DAwith recurrent rectal cancer whereby a traffevas made
between remaining in a described health state for the duration ofpiéetancy versus living
in perfect health for ah®rter periodf time. Single health conditionsere defined as
“impotence”, “incontinence”, “watchful waiting” and “post-prostatectomghaut
complications; and CHCs were defined as “impotence” plus one of the otherSht€s

The third, which is published in abstract form only, used HSUVs elicited s&ingard
gamble from patients with recurrent rectal can&é}.[Single health conditions were defined
as: “cancer”, “pain”, “complications”, and “surgery”; and CHCs were defined as: “cander

pain”, “cancer and complications”, and “residual cancer after surgery”.

The eightstudies that used prefereAot@sedHSUVsobtained from generid RQoL
guestionnairesvaluatedlata(range 5,22472] to 131,535 respondents]J9rom large
surveys Fourused EGBD,[10-12,21}three used SBD,[13,20,22 and one used HUI3
data.p] Thedefinitions for the health conditions in the primaorveysrangedrom specific
conditions such as “diabetes mellitus without complicationd’§2d “asthmal 1] to more
generaldefinitions such asback problems[9] “cancer (neoplasm) including lumps,
mass”[12] “musculoskeletal oarthritis/rheumatism/fibrosittd13] Oneof thestudeswas
slightly different in that iconcentrated odata fromindividualswith: just diabetesdiabetes

plus hypertension, diabetes plus heart diseasBabetes plus musculoskeletal illness2#.[

Number of CHCs and range of estimated HSUVs

In each case the three studies using the directly elicited data estimated HE|ugstfoee
CHCs (Tabt 1 and Table 2[14,18-19]. In contrast, the majority of the studies using
responses from genettRQoL questionnairesstimated HSUVs for much larger numbef
pairs of CHCs (range&2[13 to 760R1]). In addition to predicting HSUVs for CHCs, one

study also examined the relationship betw&#r36 health dimensional scores for single

11



health conditions and CHCs,[2&hile another studgstimated result®r CHCsinvolving

more than two conditions.[9]

For the studies using the elicited data,abeialHSUVs for the CHCs were all 0.5 (medians)
in one study]9] and covered the ranges 0.66 to 0.72 (mean$pfB0.63 to 0.70

(means)14] in the othertwo. Possibleanges for the preferentased indices for the generic
HRQoL questionnaires used are-&P range: 0.3 to 1; EQ-5D range: -0.59 to 1; HUI3 range
-0.36 to 1. None of the studiaralysinghese data estimated mean HSUVs that covered the
full ranges of the indicesThe smallest range actualmean HSUVwas for EQ-5D data

(0.734 to 0.819rom the US Medical Expenditures Panel Surve\ePS 200, 2002)[11]

and the largest rangeasfor HUI3 data(-0.01 to 1.00from the Canadian Community Health
Survey (2001, 2003).]9The authors of the latter study reported that while there was a wide
variation in the mean HUI3 scorésr subgroups with CHCghe majority (184/278) were
greater than 0.80. Converselypo thirds of theactual mean E@D HSUVs for the CHCs
identified in a study using data from the Health Survey for England were Bebé\wrang

0.360 to 0.91) Obviously the range iactualHSUVs is highly relevant whetomparing
accuracyof the different techniquess themethodshould be generalisable for use across the

full utility indexincluding negative values where applicable

METHODSUSED TO ESTIMATE HSUVs for CHCs

Baseline HRQoL

When estimating HSUVs for the CHGkethreestudiesanalysing directhelicited data used
a baseline of perfect healh4,18-19 l.e. when the elicited data for the single health
conditions were used tatmate HSUVs for CHCs, the decrememiisHRQoL were
calculated using a baseline of perfect hedflanagaret al. “purified” their databy dividing
all age and sex standardised HSUVs by the mean HSUV (HUI3 = 0.94) from rasisonde

reporting none of the health conditiadentifiedin the primary survej9] The objective of

12



the purification was to remove the losdurfictional health due to health problems other than
the chronic conditions reported in the primary su@yFu and Kattamsed a similar
approachin secondary analysedividing the HSUVs by the meatSUV (EQ-5D =0.952)

from respondents reportymone of the health conditioitstheir datasetand preseed
resultsusing a baseline of perfect health as the primary anal@§e#\fa and Bazier
estimatedageadjusted baselinasing HSUVs from respondents reportimgne of the health
conditionsidentified in the primary survef2-13 andJanssemsed mean values frothe

respondents who diabt report either condition i@ach individualCHC for the baselingl1]

Methods used to estimate or predict HSUVsfor CHCs

Table2 providesan indication of the methods compared in each of the stutiresstudies
aresubgrouped into those (n=@3ingdirectly elicited HSUVs and thog@=8) using HSU\é
obtained from generic HRQoL instrumentBhe latter are furthesubgrouped intthe two
studies predicting HSUVs from regressioodelsandthe six studiegstimating mean

HSUVs for CHCs using mean HSUVs from subgroups with single health corditi

Ten studies assessé#ie additivemethod tenthe multiplicativemethod,severthe minimum
method, and three the combination model. Two studieg[8)22uated just one of the
techniquesvhile theothers comparerksults generataasingtwo,[11,19] three,[18,20-21] or

more techniques.[10,12-13,14]

INSERT TABLE 2: Reported results and supporting statistics

REPORTED RESULTS

Sudies using utilities elicited directly from patients

Of the three studies using the elicited HSU¥4,18-19] Esnaola reported the median
absolute difference between the actual and estimated HSUVs for the icaiitiplimethod

was significantly lower than that for the additive method (Wilcoxon sigageks test,

13



p<0.001).19] Daleassessed bias the estimated HSUVassuming an unbiased method
would give a mean errdME) insignificantly different from zero and errors uncorrelated with
estimated HSUVEL8] They reportedhe additive, minimum and multiplicativeethod all
produced biased estimat@®4E: range 0.0380 0.127, p<0.05orrelationsrange-0.305 to -
0.533, p<0.05.[18] While the minimum method had the smallest RMSE (0.194) and the
smallest MAE (0.260), plots showed higher HSUVs vgeirgstantialljunderpredicted and
lower HSUVssubstantiallyoverpredicted demonstratirthat mean statistics are not
particularly informative or useful for comparison purposgise authorsrecommended
HSUVs for CHCs should be elicited directly as the additive, multiplicangminimum
methods are biased and inefficient. If an elicitaggarcise is not possible they recommend
the minimum method.[]8Basureportedhe combination mod¢U,s = 1 —(0.05 +

0.72*max (1-U, 1-Us)+0.33*min(1-Us, 1-Us) -0.18*(1-Uy)(1-Ug)) producedup to 50%
reduction in the MSE compared to tineeetraditional methods (additive, multiplicative,
minimum).[L4] The correlationbetween the residuatsmdpredictedHSUVswere much
smaller (rang®.0006 to 0.068%hen subgrouped by CH@)r the combination model
compared to the correlations between the errors stirdated HSUVs for the other methods
(<-0.246 for all CHCs and methodd}lots of he mean residuatcross quartilesf

estimated HSUV,sshowed the foumean residuals from tlembination modelvere close to
zerowhile the othethreemethod overestimated low HSUVs anchderestimated high

HSUVSs.

There ardifficulties when generalising from these findings and concerns regarding the
validity and generalisability of the resultEirst,there are problems with the definitions of the
health conditionsalued. For example, the health states “cancer” and “pain” used in two of
the studies are not mutually exclusive as the condition cancer intuitively&s pain,

similarly, comparing a diagnosis of recurrent cancer, “incontinence” appeé#ab[iri;18]

In the third study, “watchful waiting” relates to a management strategy as oppasédalth

condition.[19] Secondhe studies used the same participants to value bo#finigjle health

14



conditions and the CHCs consequently the value attributed to the CHC couldibadetl by
the value given to the single condition(§elf-correction prompts in the TTO software were
not employedn two of the studies[14,1&nd 28-40% of valuations were inconsistent in that
theelicited HSUVs for theCHC weregreater than those for the correspondaimgle health
conditions.[23 Third, theactual CHCHSUVs in allthree studies covered a vergrrow

range of possible values, limiting generalisabilifinally, it is not clear if the OLS model

obtained will perfom well in external data.

These limitatios withstandingwhen estimating HSUVs for CHCs using data elicited directly
from patientsthe authors findingganbe rankeds follows When comparing the additive

and multiplicativemethod alone, the multiplicativenethodis besf19] Comparinghe

additive, multiplicative and minimumethods, the minimum is best followed by the
multiplicative and then the additiy@8] Comparing all four methods, the combination model
is more accurate than théhers with tle minimummethod beingdpetter than the

multiplicative methodwhich is better thathe additivemethod.[14] However, these findings
are based on analyses using a very limited range of HSUVs for the CHCs and tloeeateffi
in the combination model may nio¢ generalisable to external dafihis draws attetion to

the danger in drawing conclusions from analys@aparinga limited number othe

alternative estimatinmethod.

Sudies using individual level data obtained from generic HRQoL instruments

Of thetwo studies using thimdividual leveldata obtained from generic HRQoL instruments
(both SF6D), Weeget al. favouredthe adlitive methodwhile Hanmeret al. favoured the
multiplicative method.[20,22]Weeet al. derivedthree lineamodels (n=5,224yith one pair

of CHCs(diabetes plus either hypertension, heart disease or musculoskeietsdl) in each
model.[22] The dependent variable was the @ and independent variables were: diabetes,
one of the second chronic medical conditions, the inierabetween these, asdcic

demographic variables. The regressions were tasgeltermine if the combed independent

15



effects oftwo single health conditionsere additive (i.e. the effect is equal to the sum of the
two independent effects and the imtefon term is not significant), subtractive (i.e. the effect
is smaller than the sum of the two independent effects and the inter&ctivis significant
and positive), or synergistic (i.e. the effect is greater than the stiva tf/o independent
effects and the interaction term is significant and negd@a3}) While the coefficients for
bothsingle health conditionsere negative anstatistically significant (p<0.05) in each of the
three regressions, the interaction tevas reported to be not sifioant (coefficients and p-
values not reportedimplying the combined effect was additive with nod®aince of either a

synergistic osubtractive effect.

Hanmeret al. compared the additive, multiplicative and minimum methodesgressions
(n=5,969 under 65 years; n=89,226 for 65 and aw&ing a latentlefinesummary health
scale censored at 0.30 and 1 to match the boundaries of 81236} The

utilities/disutilities associated withumbers of health conditions were entered as independent
variables(from no conditions up to a maximum of 12 or more conditions) and modeds
obtained withwithout sociedemographic covariate§.he minimummethodused the same
model form but entered individuals as having the health condition with thegraggrege
impact on health utility.In addition to evaluating the modefserformance in terms of
accuracy in predicted scores for individuals, results were also refparsdgroups
identified by the number of CHCs. For respondents aged 65 years and®ver, th
multiplicative (minimum) model had the smallest (largebtE andMSE when subgrouped by
number of health conditions. Box plots describing errors (actual mean minusqutedesn)
for subgroups with two or three CHCs shemba much larger variation inm@rs from the
minimum model compared to the other twihile the vast majority of errors for tralditive
and multiplicative modelg/erewithin the reported minimally important difference for the
SF6D (0.03 to 0.04),[24-28herewereseveral outliers hy@nd these limits The authors
concludedhat all the methods were imperfect with the multiplicaliear model

performing best followed by the additiieaearmodel and the minimum linear modélhey

16



cautioredthat the analyses shoud@replicated inother large datasets before making strong
recommendations on the best methodology and in particular meatrat censoringt the

limits of the SF6D index could be important sBkeweddata sets

It is not possibléo determine the most accuratethodfor predictingHSUVs for CHCs
using the findings of these two studie&s the CHCs used in Wee'’s study were limited to
diabetes plus one other health condition, this limits generalisabiligsafts to other
CHCs.R2] The findings from Hanmer’s studye also limited due to the potentially small
range in actual HSUVevaluatedvhere hedecremenbn utility was reported to be relatively

small ¢0.02 to 0.03) for the majority of theingle health condition20]

Sudies using mean data obtained from generic HRQoL instruments

Of thesix studiesthat usednean HSUVs fronsubgroups with single health conditions to
estimate mean HSUVs for CHGme foundhe multiplicativemethodgave a good fit
(synergy coefficient = 0.99, p< 0.001) for HUI3 data;[9] one failmedmultiplicativegavea
better fit than thedditivemethodfor EQ-5D data;[11] oneeportedthat the minimum
method outperformed the additive and multiplicative metliodEQ-5D data;R1] one
reported the ADE outperformed the three traditionaljpasametric estimatafd0] andtwo
foundthe combinatiotinearmodel performed better than thenparametric estimatqrsne

for EQ-5D data,[12] and one f@F6D data.[13]

Flanagartested thenultiplicative methodon “purified” databy mapping the puied mean
HSUVs for the single health conditions onto the actual mean HUI3 doortee CHCs
(n=278) using OLS regressiof¥. They reported the multiplicative method gave a good fit
(synergy coefficien(s)=0.99, p<0.001jn CHCsinvolving two conditims, where a synergy
coefficient (i.e. the coefficient for thedependent variable in a regression model with no
constant) close to oriedicates that the majority of the utility associated with the CHC is

explained by the product of the HSUVs for the Brigealth conditionsThis was supported
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by testing thanultiplicative methodn subgroups with three conditions (s = 0.99) from the
same dataset and subgroups with either two or three conditions in a second dataset (s= 0.99
for both).B] As reportecearlier, while theactual mean HSUVs in Flanagan’s data covered

the largest range of all the studies, a substantial proportion (184/278) had i8S alsove

0.80. These meakISUVsare unlikely to be normally distributed suggesting that regressions
using OLS may not be appropriatas the errors in thestimated values were not reported, it

is not possible to dedut®w accurate theultiplicative methodwas in predictingnean
HSUVsacross the range of the HUI3 index, or to compare tiirediags with ttose reported

in thefollowing studies.

Both Janssen (CHC: n= 45 and n=166) and Fu (CHZ6A8~compared the additive and
multiplicative method usingeQ-5D data from the MEPH.1,21 Although the studies used
surveys conducted in different yedlansser2000, 2002; Fu: 2001, 2003) the ranges in
actual EQ5D scores for the CHCs were simi{dable2). While both studies found the
multiplicative methodoutperformed the additivemethodthere were substantial differences in
ther results. For example Jaenreported MEs of 0.022 and 0.024 for the additive and
multiplicative methods respectively compared wiil23 and -0.094 for the additive and
multiplicative methodsvhen using a baseline of perfect health and -0.054 and -0.043 when
using purified datéan Fu’s study(Table2). The differences in signs are due to the method
used to calculate the errors and the difference in magnitude of the eenossibly due to
the differences in the baselines ussdhnsseruseda baseline from individuals withbthe
specific health conditionswWhile Janssemeporedthe MAEsfor bothmethod werebelow

the minimumimportant differencéMID) for the EQ5D,[24,26] whermplotting the actual and
estimated meaHSUVs for all CHCausing the data in the articl@sigure 2) it is clearthere

are substantial errors in thedividual values estimated dyoth methods.

INSERT Figure2: Actual and estimated HSU\(asingdata reported in Janssen’s arfjcle
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Fu also assessed the minimomathod and found this outperformed btith additive and the
multiplicative method in terms of MEs, MSEandpaired ttestsobtained fronregressing the
estimatedCHC HSUVs ontoactual values Convesely, based on the same statistics, the
multiplicative methodoutperformed the minimummethod intwo other studies that assessed
all threemethods.[12,1]3 A scatter plot of the actual and estimated HSUVs showed
heteroskedasticity in thexrors in HSUVs estimated using the minimum methad errors

increang in magnitudes the actuaiSUVsdecreaead.[12]

Fu’s article has been superseded by more recent anafythesdataconducted by the same
group of researchef&0] Scatter plots of the estimated and actual HStéperted in the
second articlshowed approximately 25% ahean HSUVs estimatagsing the minimum
methodwere smaller than the actual mean HSUVs for the CHCs. This is only pofsifde i
or more of theneanHSUVs for the single health conditions are smaller thamigsgnHSUV
for the corresponding CHCThis is illogical as it implies that a comorbidity will improve
HRQoL While one might expect a proportiohirregularitiesdue to random error/noise,
these anomaliesould suggest that the data being combimetknot comparable in terms of
disease severity. For examplsubgroupvith the CHC rheumatism and heart disease may

have a milder form of rheumatism tharsubgroupvith just rheumatism.

In addition, the ranges of actual HSUVs estimated diffbetween the studieghich may
contribute to the difference in the findingBu and Hu estimateHSUVs ranging from
approximately 0.62 to 0.90 while Ara estimated HSUVs ranging between 0.36 to G192 (wi
80% of values smaller than 0.6) for EQ-5D and HSUVs ranging between 0.45 and 0.61 for
SF6D. As mentioned previously, Ara reported errors in the HSUVs estimated using the
minimum method increasex$ the actual HSUVs decredsand thisvasalso visible in Hu's

smaller rang¢10]
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In addition to estimates obtained using the three traditional methods, Huguidd®UVs
using tle linea model obtained by Bagt4] They canpared results with HSUVs estimated
using a proposed variation of the minimum method which theyhmabldjusted decrement
estimator (ADE). Thgfoundthe ADE method outperformed théhesin terms of mean
errors inestimated HSUVbut the scatter plot of estimated and actual HSUVs shtweed
errors increagksubstantially as actual HSUVs decrehsBasu’s linear model outperformed
the three traditional methods in terms of mean errors in predicted HAfdsised he ADE
proposed by Het al. and foundhe ME in estimated HSUVs were smaller than those for the
three traditional methodshenusing a baseline of perfect hegtt2,13] However the
estimated HSUVs wemauchmore accuratéor both the multiplicative anthe minimum
methodswvhen using an adjusted baseline and in these analyses the multiplicativd metho

performed better than the ADE.

Overall, Ara found the linear combination model obtaireggtessing the mean HSUVs for
thesinglehealth conditions onto the corresponding mean HSUV for the @d@erformed
all the nonparametric estimators in both&Fand EQ-5D data.[12,13]Vhen examining the
errors across the range of actual HSUVs they repor&dlthost all values were under
estimated across the full range of valuggnusing the additive method. For the
multiplicative method there was a tendency for the errors to decredseénHHSUV's with
the largest errors in values above 0.6. Conversely, for both the minimum @&hdcéibhods
the errors incre&sl as the actual HSUV decreased. Although the errors in the HSUVs
predicted using the OLS modeleresmaller than those in the other methods, there was a
tendency to under-predict higher HSUVs and over-predict lower HSUVs. Thégyneat
that while thdinear model produced more accurate results than the non parametric
estimators, none of the coefficients in the model were significEiéyrecommended that
their model was validatagsingexternal datand suggested an alternativedel

specification mg be warranted It is worth noting that thmmeanHSUVs for the actual CHCs
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were normally distributed in this dataset, whereas HRQoL data, and cufzariEQ-5D data

are typically bimodal with a long negative skew.

Because of the differences in the fatedies such as the methods compared, the preference
data used, the baseline HSUVs, and the actual range of HSUVs for the CHG#fjguis to
recommend one particular method. In general, any recommendations by the study author
were accompanied by caveat limitatiors. Bias in the estimated values from the additive,
multiplicative and minimum methods was reported in many of the stuGiesstatistics
typically usedto assess accuracy of the estimated Cld@sh as mean errgrsere not
particularly informative with regard to systematic errd8ystematic errors in the estimated
CHCs were observed in four of the studies and were even visible in the andiysasresa
narrow ranges of HSUV3aWNhile MIDs were used as criteria to measure the gntam of
estimated values within an “acceptable” range in several of the stidies statistics could

be perceived as arbitrary as a very small error in a HSUV can make a substantiakdifferen
resultsfrom decision analytionodels where the benefibf treatment are smallt is clear that
conclusions drawn can differ when methods are assessed across different rartges of ac
HSUVs, suggesting the relationship between the HSUVs for the sindfle beaditions and

the corresponding CHC may not lbeear. In general the analyses using an adjusted baseline
produced more accurate results. Overall the parametric approach appeaiside fite most

accurate results and additional research in this area would be beneficial.

SUMMARY and SUGGESTIONS FR FUTURE RESEARCH

This review providesraoverviewof the current evidence baskescribingsome ofthe
methodological issues whestimating HSUVs for CHCsIn summary, we founthe range
of actual HSUVs can influence findings; the statistics commordy ts assess the
performance of the methodserenot particularly useful for assessing relevance for

applications in external datapne of the proposed methods gave consistently accurate results;
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adjusted baselines increased accurdtgwever, there areaveats associated with this

conclusion and additional research is required, both of which are discuks&d be

It is clear that the range in actual HSUVs estimated can have a bearing ogsfirfain
example, while the minimum method and the ADE pereatrelatively well in terms of
mean errors when using a truncated range at the higher end of a utilityifdedfhese
methodswereless accurate when assessestibgroups at the lower end of a utility
index.[13 While asimple chart showing the aetiuand estimated HSUVs giva clear
picture of systematic bias in estimated values, few of the studies examined sgdbéamalti
any detail relying on mean statistics to support their findings. Thigrmigations when
generalising the results foraig practical applications as decision analytic models frequently
include health states in the upper and lower quartiles of prefebaiseel utility indicesFor
example, it is often the case that a lifetime horizon can be appropriasskssing cost
effectiveness, where patients are simulated in extreme states of disease skddiitynal
research assessing the methods across the full range of the utility indeopsred. There is
also a need for analysts to be mreroughwhen assessing germance and reporting

results.

The baseline used in the estimating metisachportant and results from the studies included
in this review suggest that estimabbtained using an adjusted baseliveee more accurate

in general However, acquiring data which is unique to the individual health conditiaais
be problematic when the estin@timethods are used in future applications where access to
large datasets are not possible. Using data (n=1356) collected using tiyy QWakll

Being Index (range 0 to 1) in the Beaver Dam Health Outcomes Study, Feglahck
proposed that analysts conducting cost utility analyses use average age i@l data
from population based studies to represent the state of not having a padcdition.[7]

This may generalise to the amf estimating HSUVs for CHEand additional research in this

area would be beneficial.
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There will inevitably be issues with the definition of the baseline,useldiding

inconsistencies in data. For example, there may be occasions when the mean HSUVs for
subgroups with a particular health condition are higher than the mean HS(U¢bwoups
without the health condition,[2'flarticularly if the data are obtained from different sources.
In addition, anomalies in data sua theapparentnconsistencies in expected HSUVs for
CHCs observed in Hu’s dataset reqditrgher consideratiofil0] As statedoreviously these
anomalies could suggest that the data being combined are not comparabls of tlis@ase
severity. For example a subgroup who have the CHC rheumatism and heart disease may have
a milder form of rheumatism than a subgroup who have just rheumatism. § thésdase,

then results generated from datasets similar to those used in the isttitie seviewmay not

be the most appropriate data for testing the methods. Again, research in theseoatd be

informative.

To our knowledge, no one has assessed the accuracy of the alternative metraus of
estimating HSUVdor subgroups o€HCsclassified ly type of health condition. It is
possible that the findings may differ depending on the health dimensieotdfby the
health conditions being combined. Alternativelgdparticularly for prevalent conditions,
correlations between the HSUVs faaricular health conditions could affect the accuracy of
the methods differently. Research comparingat®iracy of thenethods in subgroups of
health conditions would add to our understandiimgaddition,no-one has assessed the
methods using more than one HRQoL instrunuétttin the samealataset This would be

informative with regard to generalisability of the results.

The results from the studies included in this revéawthatsimple linear models tend to

under-predict higher HSUVs and over-prediister HSUVssuggeshg thatan alternative

model could be warranted. In additioach preferencbased utility index will require a
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different model. Additional research in this area involving data fromiatyasf HRQoL

instruments and exploring alternative model forms would be beneficial.

While the use of survey data is attractive due to the relative ease of access and the large
sample sizewhich provide HSUVs for botlsingle andCHCs there argroblemswith these
data. First, the prevalence of ladth conditions tend to be selported and it has been shown
that the potential for bias is relatively high. For example 53#%éspgondentsith a

physician’s diagnosis of diabetes indicated they did not have the conditioraimedi@n

health survey.[B Consequently a proportion of respondents identified as naidhav
particular health conditiomay actually have the health conditiwhich could give

misleading measurements when analysing data from subgroups of individeal ©hsslif
reportecheath conditions.Secondnational surveysend to recruit randomly from the
general populatiotiving in private households, therefore excluding individuals in residential
homes and medicaktablishmentsin generalthe latterwill have poorer HRQoL than
individuals in private residents aitds likely that alarger proportion will have CHCs which

is the data required to evaluate thethod.

Due to the enormous number of combinations of health conditions it is impractatzthin

actual HSUVs for edtpossible CHC and the volume of resources required is prohibitive. As
a conseguence, researchers performing cost effectiveness analyses will estimateddSUVs f
CHCs using data that is readily available such as data from cohorts with tieehsialjh
conditions within the CHC. Although this review has helped to aid understandimg of t
alternative approaches and the potential reasons for differences in repufitegkiit is clear

thatadditional research is requirbdfore a particular method is adated
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Table 1: Summary of studies included in the review

First
Author

(Year)

Utility

measure

Data source
[studyyear(s)
(n=number of cases

in dataset)

Single Health Conditions Comorbid Health

Conditions f=number of
actual CHC HSUVs

estimated

Methodscompared

Authors onclwsions/

favoured method

Sudies using utilities elicited directly from patients

Esnaola Standard Patients with

(2001)

[19]

Dale
(2008)

[18]

gamble

TTO

recurrent rectal
cancer

(n=50)

Patients attending
prostate biopsy
clinics

(n=147)

cancer, pain,
complications
residual cancer after

surgery

impotence, incontinence,

watchful waiting, post-

prosatectomy

Two CHCs (n=3)

Additive

cancer and pain, cancer andvultiplicative

complications, and residual

cancer after surgery

Two CHCs (n=3)
impotence plus either
incontinence, watchful
waiting or post-

prosatectomy

28

Additive
Multiplicative

Minimum

Multiplicative predct
better than additive and
additive may under-
estimate utilities for
CHCs.

All 3 models are
biased.

Minimum model
recommended if cannot

elicit CHC HSUVs



directly.

Basu TTO Patients attending impotence, incontinence, Two CHCs (n=3) Additive Regression
(2009) prostate biopsy watchful waiting, post-  impotence plus either Multiplicative combination modelsi
[14] clinics prosatectomy incontinence, watchful Minimum the best approach.
(n=207) waiting or post- linear model
75% model prosatectomy

formaion, 25%

model validation

Preferencdaseddata (individual patient level HSUVS)

Wee SF6D Sample of ethnic, Diabetes, hypertension, Two CHCs (n=3) Additive In favour of additive
(2005) Chinese, Malays  heart disease, diabeks plus one of: Synergistic method
[22] and Indians in musculoskeletal illnesses hypertension Subtractive

Singapore heart disease [

(n=5,224) musculoskeletal illnesses
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Hanmer SF6D Medicare Health 15 self-reported health
(2009) Outcomes Survey conditions
[20] [1998-2004]

Split into>65 or

<65years

(n=95,195) model

formation;

(n=94,794) model

validation

Preferencéased dta (mean HSUVS)

Flanaga HUI3 Canadian 26 self-reported chronic
n Community Health conditions

(2005) Survey (CCHS)

[9] Cycle 1.1 [2000-

2001] (n=131,535)

model formation;

65 years and over:
(n=58)for two CHCs
(n=35)for threeCHCsg
(n=26)for four CHCs
(n=8) for five CHCs
(n=NR)for > 6 CHCs

Under 65 years: ¥R

Cycle 11 (formulation)
(n=278)for two CHCs
(n=924)for threeCHCs
Cycle 21 (validation):
(n=299)for two CHCs

(n=734)for threeCHCs

30

Additive
Minimum

Multiplicative

Multiplicative

Multiplicative was the

best

In favour of

multiplicative method



Janssen EQ-5D
(2008)

[11]

Cycle 2.1 [2003-
2004] (n=45,101)

model validation

MEPS Medical
Expenditure Pasl
Survey[2000,
2002]

(n=38,678)

Conditions defined by  QPC: twoCHCs (n=45)
ICD-9 codes and CCC:two CHCs (n=166)
subgrouped into:

a) Quality Priority

Conditions (QPC) giving

10 chronic conditions

present any time in the

past (except joint pain)

b) Clinical Classification

Categories (CCC) giving

259 conditions

31

Additive

Multiplicative

Multiplicative method

shows a better fit



Fu
(2008)

[21]

Hu
(2010)

[10]

Ara

(2010)

EQ-5D

EQ-5D

EQ-5D

Medical Clinical clasification Two CHCs (n=760)
Expenditure Panel Categories system (CCC),

Survey defined byiCD-9 codes

[2001, 2003]

(n=40,846)

Medical Clinical classification Two CHCs (n=760)

Expenditue Panel Categories system (CCC),

Survey using combinations of
[2001, 2003] ICD-9 codes
(n=40,846)

Health Survey for  Self-reported bronic Two CHCs (n91)

England health conditions, 39

32

Additive
Multiplicative
Minimum
Maximum
Average
Mean of condition
with smaller
sample
Additive
Multiplicative
Minimum
ADE

Linear
model[Basu]
Additive

Multiplicative

None of themethods
provide an unbiased
estimate but the
minimum outperformed

the others

The ADE generated
unbiased estimates for

joint health states

Thelinear modebave

themost accurate



[12] [2003, 2004, 2005, individually categorised

2006] and 15 grouped

(n=41,174) conditions
Ara SF6D Welsh Health Self-reportedimiting Two CHCs (n=32)
(2010) Survey long-standing health
[13] [2003, 2004, 2005, conditions, 39

2007, 2008] individually catgorised

(n=64,437) and 14 grouped health

conditions

ICD = International Classification of Diseasesntii Revision, Clinical Modification

Minimum

ADE

OLS combination
Additive
Multiplicative
Minimum

ADE

OLS combination

results buthere were
some substantial
individual errors

The linear modegave
most accurate results
butthere weresome
substantiaindividual

errors
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Table 2: Reported resuléd supporting statistics

Statistics used to compare the methods used to estimate HSUVs
Methodsused ME MSE Ccc

(95% Cl) (95% Cl) MAE (95% Cl) s ttest

Sudies using utilities elicited directly from patients

Esnaol§l9] (SG)range inCHC median HSUVsall 0.50

Additive Median absolute error: range 0.300 to 0.350

Multiplicative Median absolute error: range 0.100 to 0.188

Dale[18] (TTO) range inCHC meanHSUVs 0.66 to 0.72

Additive 0.127 0.256* 0.282 -0.533 NR NR
Multiplicative 0.091 0.218* 0.276 -0.406 NR NR
Minimum 0.038 0.194* 0.260 -0.305 NR NR

Basu[14] (TTO) range inCHC mean HSUVs0.63to 0.70

Additive 0.0855t0 0.1152 0.0627 to 0.0711 NR -0.5361to -0.4707 NR NR
Multiplicative  0.0497 to 0.083& 0.0475 to 0.0502 NR -0.3404 to -0.4280 NR NR
Minimum 0.0008 to 0.035€ 0.0400 to 0.0510 NR -0.2459 to -0.3407 NR NR
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Linear model -0.005 to 0.0228 0.0329 to 0.0463 NR 0.0006 to 0.0682 NR NR

Studies predicting HIUVs using individual patient level data from generic HRQoL questionnaires

Wee[22] (SF-6D) range inCHC HSUVs not reported

Additive None of statistics reportedifect of 2 chronic medical condition was generally additive rather than synemgistitbtractive

Hanmer{20] (SF-6D) under 65 years [over 65 yearahgein CHC HSUVs: NR

Additive NR 0.0088 [0.0104] NR NR NR NR
Multiplicative NR 0.0087 [0.0103] NR NR NR NR
Minimum NR 0.0092 [0.0113] NR NR NR NR

Studies estimating mean HSUVs using subgroups with single health conditions and data from generic HRQoL questionnaires

Flanagani9] (HUI3) all HSUVs “purified” by dividing data by mean HSUV from full datasahgein mean CHGHSUVs -0.01 to 1.00

Multiplicative NR NR NR NR 0.99, p<0.001 NR

Jansselfill] (EQ-5D) adusted baseline using mean HSUV from respondents without the speciftt ¢madiition,

Health conditions identified by QP€&nge in mean CHEISUVs 0.594 — 0.798
Additive 0.027t 0.003F 0.040 NR NR p<0.001

Multiplicative 0.010t 0.002t 0.032 NR NR p=0.082

Janssen (E@GD) adjusted baseline using mean HSUV from respondents without the sheaitic condition,
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Health conditions identified by CCC, rangemi@an CHCHSUVs 0.611 — 0.742

Additive 0.022t 0.001f 0.022 NR NR p<0.001
Multiplicative 0.024t 0.001f 0.022 NR NR p=0.289
Fu[21] (EQ-5D), baseline of perfect healttange in mean CHESUVs 0.611 — 0.742
Additive -0.123 0.0156 NR 0.2184 NR (s<0.970) NR
Multiplicative -0.094 0.0095 NR 0.2752 NR (s<0.970) NR
Minimum 0.025 0.0021 NR 0.5578 0.970, p<0.0001 NR
Fu[21] (EQ-5D), all HSUVs “purified” by dividing data by mean HSUV from full datasehge in mean CHG1SUVs:0.62 to 0.90
Additive -0.054 0.0035 NR NR 0.842p3 NR
Multiplicative -0.043 0.0025 NR NR 0.878PR3 NR
Minimum 0.027 0.0024 NR NR 1.029p3 NR
Hu [10] (EQ-5D), baseline of perfect health, range in mean CHC HSUVs: 0.62 to 0.90
0.023 0.045* 0.56
Minimum (0.021,0.026)  (-0.024, 0.023) NR (0.52, 0.59) NR NR
-0.096 0.100* 0.28
Multiplicative ~ (-0.098, -0.094) (-0.114, -0.079) NR (0.25, 0.30) NR NR
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-0.125 0.127* 0.22 NR NR
Additive (-0.127,-0.124) (-0.141,-0.111) NR (0.20, 0.23)

0.0001 0.034* 0.72 NR NR
ADE (-0.002,0.002)  (-0.024, 0.023) NR (0.70, 0.75)

-0.016 0.040* 0.60 NR NR
Linear index  (=0.018, -0.013) (-0.043, 0.010) NR (0.58, 0.62)
Ara[12] (EQ-5D), baseline operfect healthrange in mean CHESUVs 0.36 to 0.92
Additive 0.1384 0.0234 0.1411 NR NR NR
Multiplicative 0.0580 0.0070 0.0707 NR NR NR
Minimum -0.0995 0.0147 0.1037 NR NR NR
ADE -0.0470 0.0064 0.0620 NR NR NR
OLS model 0.0003 0.0036 0.0471 NR NR NR
Ara [12] (EQ-5D), ageadjusted baselinom individuals with none of health conditions, range in mean EI80OVs 0.36 to 0.92
Additive 0.0781 0.0102 0.0872 NR NR NR
Multiplicative 0.0254 0.0042 0.0516 NR NR NR
Minimum -0.0995 0.0147 0.1037 NR NR NR
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ADE -0.0695 0.0090 0.0781 NR NR NR

OLS model 0.0001 0.0036 0.0466 NR NR NR

Ara [13] (SF6D), ageadjusted baselineom individuals with none of health conditiomange in mean CHEISUVs:0.465 to 0607

Additive 0.1209 0.0157 0.1209 NR NR NR
Multiplicative 0.0745 0.0064 0.0745 NR NR NR
Minimum -0.0546 0.0038 0.0546 NR NR NR
ADE 0.0383 0.0022 0.0006 NR NR NR
OLS model 0.0000 0.0006 0.0191 NR NR NR

Bold text = model favoured in study conclusioki& = mean error, MAE = mean absolute error, MSE = mean squared error, cccdannearorrelation
coefficient, s=synergist coefficient in OLS (mapping estimated ont@bald SUVs with no constant}tést for estimated and actual CHC HSUVs, NR = Not

reported

* root mean squared error reporteat MSE 1 estimated from actual HSUVs and estimated HSUVs reported in article
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Figure 1: Impact on HRQoL attributable to health condition(s)

Impact on HRQoL Impact on HRQoL
attributable to history attributable to
of heart attack/angina arthritis/rheumatism
_ 1 = Perfect health _
Average HSUV for individuals (n=460) with
Average HSUV for individuals (n=558) with | 0.869 no history arthritis/rheumatism (aged 65)
no history of heart attack/angina (aged 70) 0.813
Average HSUV for individuals (n=1,759) with
a history of heart attack/angina (average age __ 0.632 | Average HSUV for individuals (n=1,648) with
0.181 0.368 =70) 0.597 a history of arthritis/rheumatism (average
age = 65) 0.272 0.403
0 = Dead
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Figure 2: Actual and estimated HSUVs (using data reported in Janssen&) articl
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