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Abstract

Objectives To develop a value set reflecting the United States (US) general population’s preferences for health states
described by the Functional Assessment of Cancer Therapy (FACT) eight-dimensions preference-based multi-attribute utility
instrument (FACT-8D), derived from the FACT-General cancer-specific health-related quality-of-life (HRQL) questionnaire.
Methods A US online panel was quota-sampled to achieve a general population sample representative by sex, age (> 18
years), race and ethnicity. A discrete choice experiment (DCE) was used to value health states. The valuation task involved
choosing between pairs of health states (choice-sets) described by varying levels of the FACT-8D HRQL dimensions and
survival (life-years). The DCE included 100 choice-sets; each respondent was randomly allocated 16 choice-sets. Data were
analysed using conditional logit regression parameterized to fit the quality-adjusted life-year framework, weighted for soci-
odemographic variables that were non-representative of the US general population. Preference weights were calculated as
the ratio of HRQL-level coefficients to the survival coefficient.

Results 2562 panel members opted in, 2462 (96%) completed at least one choice-set and 2357 (92%) completed 16 choice-
sets. Pain and nausea were associated with the largest utility weights, work and sleep had more moderate utility weights, and
sadness, worry and support had the smallest utility weights. Within dimensions, more severe HRQL levels were generally
associated with larger weights. A preference-weighting algorithm to estimate US utilities from responses to the FACT-
General questionnaire was generated. The worst health state’s value was —0.33.

Conclusions This value set provides US population utilities for health states defined by the FACT-8D for use in evaluating
oncology treatments.

1 Introduction

Advances in cancer treatments often come with substantial
costs. The value of new therapies is determined by consider-
ing health outcomes relative to healthcare costs [1]. Various
health technology assessment (HTA) valuation methodolo-
gies exist [2]. Cost—utility analysis (CUA) quantifies health
outcomes on a scale applicable across health conditions:
the quality-adjusted life-year (QALY) [3]. In CUA, survival
time is quality-adjusted using health-related quality of life
(HRQL) to produce QALYs. In many countries, CUA is a
preferred HTA method and the QALYs is a preferred health
outcome measure [2].

In the USA, HTA is not utilized at the national level.
Rather, private and public health insurers conduct internal

Extended author information available on the last page of the article

HTAs to inform decisions about coverage and copays. Some
states have HTA programs, e.g., California and Washington.
The Institute for Clinical and Economic Review (ICER) [4]
is an independent non-profit research organization that aims
to inform pricing using a value assessment framework that
incorporates clinical effectiveness, QALY's, other potential
benefits and disadvantages, contextual considerations and
incremental cost-effectiveness [5].

Utility is the HRQL weighting metric used to calculate
QALYs. It has two anchors: full health, anchored at 1 (the
maximum value), and being dead, anchored at zero [3].
Health states valued below zero are regarded as worse than
being dead. To determine all possible values on the utility
metric requires a valuation study, involving what is being
valued (e.g. the health states relevant to the interventions
under consideration), whose preferences are elicited (e.g.
patients with the health condition, the general public), the
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Key Points for Decision Makers

The Functional Assessment of Cancer Therapy—General
(FACT-G), a patient-reported questionnaire, is com-
monly used to assess quality of life in oncology trials in
the US and elsewhere.

This paper describes the development of a preference-
weighted algorithm which reflects the values of the US
general population and enables direct calculation of
health utilities from FACT-G data and the many Func-
tional Assessment of Chronic Illness Therapy (FACIT)
questionnaires that contain the FACT-G items.

Given the widespread use of the FACIT questionnaires,
this algorithm can facilitate incorporation of common
symptoms and impacts of cancer into health technology
assessment in the USA.

valuation technique used to elicit preferences and how
it is administered [3]. Traditional valuation techniques
include standard gamble, time trade-off and rating scales
[3, 7]. Discrete choice experiments (DCEs) have been used
more recently [8]. HRQL questionnaires that yield utility
scores by combining dimensions of HRQL into a single
index score using preference weights derived from a valu-
ation study are called preference-based measures [9], as
distinct from profile measures which simply summarize
self-reported responses as separate HRQL dimension
scores [9]. Multi-attribute utility instruments (MAUTIs)
are preference-based measures that assess HRQL with a
relatively small number of questions, each describing a
HRQL dimension, and generate a preference-based util-
ity score for each health state defined by the MAUI via a
preference-weighted algorithm [10].

The Functional Assessment of Cancer Therapy Eight
Dimensions (FACT-8D) [11] is a MAUI derived from the
cancer-specific HRQL profile measure, the Functional
Assessment of Cancer Therapy General (FACT-G) [12].
The FACT-G is widely used in oncology clinical trials
[13], either as a stand-alone questionnaire or included
within many of the Functional Assessment of Chronic
Illness Therapy (FACIT) questionnaires. The FACT-8D
enables quantification of utility scores from FACT-G data
and captures dimensions reflecting symptoms and impacts
of cancer and its treatments that are not typically included
in generic preference-based measures, specifically nau-
sea, fatigue, sleep problems and worry about future
health. While mapping algorithms are available to derive
utilities from FACT-G responses via mapping to generic
MAUIs [14], the FACT-8D is considered theoretically
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and empirically stronger because it comprises a descrip-
tive system and a valuation method that complies with
the Checklist for Reporting Valuation Studies of Multi-
Attribute Utility-Based Instruments [10].

For use in HTA, QALY s should reflect the societal pref-
erences of the country the HTA addresses. To date, FACT-
8D value sets have been published for Australia [11] and
Canada [15]. The aim of this paper was to develop a
FACT-8D value set to inform HTA in the USA.

2 Methods

This research was conceived, designed and conducted by
the Multi-Attribute Utility in Cancer (MAUCa) Consor-
tium. The University of Sydney Human Research Ethics
Committee approved MAUCa’s program of research (No.
13207). The US valuation study was deemed exempt from
US Institutional Review Board (IRB) by the Advarra IRB
(CA209-466C, Pro00032061).

2.1 Survey Sampling and Implementation

A cross-sectional population-based survey conducted
between 18 February 2019 and 9 April 2019 collected soci-
odemographic and health status data, with a discrete choice
experiment (DCE) included as the valuation component.
SurveyEngine, a company specializing in online choice
experiments, managed sample recruitment (via a US online
panel), survey administration and data collection. SurveyEn-
gine and its panel provider complied with the International
Code on Market, Opinion and Social Research and Data
Analytics [16]. Members of the online panel were eligible
if 18 years or older and able to read English. Online pan-
ellists received an email invitation, including a hyperlink
to the survey. Any who attempted to enter the survey via
mobile phones were excluded, as the DCE was too complex
for a small screen. Consent was sought from those who suc-
cessfully entered the survey, and those who consented were
screened for quota sampling to ensure that the age, sex, race
and ethnicity distributions of the sample approximated those
of the US general population, per US 2010 Census data.
Those who completed the survey were awarded panel points
(approximate value 1 USD).

2.2 FACT-8D Dimensions and Levels

The FACT-8D has eight dimensions: pain, fatigue, nau-
sea, sleep, work, support, sadness and worry, derived from
nine FACT-G items. Table 1 shows how the FACT-8D
dimensions and levels map to the corresponding FACT-G
source items. Note that all the FACT-G source items have
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Table 1 Mapping between the FACT-8D descriptive system (dimensions and levels), FACT-G items, and attributes and levels in the discrete
choice experiment

FACT-8D dimension DCE attribute wording FACT-8D Descriptor FACT-G item? scores”
level

Not at all GP4=0
A little bit GP4 =1
Somewhat GP4=2
Quite a bit GP4 =3
Very much GP4 =4

Pain Pain

Fatigue Fatigue Not at all GP1=0
A little bit GP1=1
Somewhat GP1=2
Quite a bit GP1 =3
Very much GP1 =4
Nausea Nausea Not at all GP2=0
A little bit GP2=1
Somewhat GP2=2
Quite a bit GP2=3
Very much GP2=4
Sleep® Problems sleeping Not at all GF5 =4
A little bit GF5=3
Somewhat GF5=2
Quite a bit GF5=1
Very much GF5=0
Work® Problems doing work, including work at home Not at all GFl1 =4
A little bit GF1=3
Somewhat GFl1 =2
Quite a bit GFl =1
Very much GF1=0
Support®d Problems with support from my family and/or friends Not at all max(GS2, GS3) =4

A little bit max(GS2, GS3) =3
Somewhat max(GS2, GS3) =2
Quite a bit max(GS2,GS3) =1
Very much max(GS2, GS3) =0
Not at all GE1 =0
A little bit GEl =1
Somewhat GEl =2
Quite a bit GEl1=3
Very much GEl1=4
Not at all GE6=0
A little bit GE6 =1
Somewhat GE6 =2
Quite a bit GE6 =3
Very much GE6 =4

Sadness Sadness

Worry my health will get worse Worry my health will get worse

AW NP, O R WNR R, O PR WD RO PR WD RO PR RNDRFEO PR WD O PR LWND=EO PR WD ~=O

*Nine FACT-G items are included in the FACT-8D: GP4 (I have pain), GP1 (I have a lack of energy), GP2 (I have nausea), GF5 (I am sleeping
well), GF1 (I am able to work including work at home), GS2 (I get emotional support from my family) and GS3 (I get support from my friends),
GEl1 (I feel sad) and GE6 (I worry that my condition will get worse)

YFACT-G item scores correspond to the following response options: 0 (not at all), 1 (a little bit), 2 (somewhat), 3 (quite a bit) and 4 (very much)

“Because the FACT-G items that determine the FACT-8D dimensions sleep, work and support are positively framed, reverse scoring is required
so that FACT-8D Level O represents the best score and Level 4 represents the worst score across all dimensions

dThe FACT-8D support dimension contains two items; the FACT-8D level allocated is the maximum score of the FACT-G items GS2 and GS3,
i.e., the best level of support, whether from family or friends
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five response options: not at all (0), a little bit (1), some-
what (2), quite a bit (3) and very much (4). Note also that
the FACT-G items for pain, fatigue, nausea, sadness and
worry are all negatively framed, so a higher score indicates
more symptoms, sadness or worry. Because the remaining
three FACT-G items that determine the FACT-8D dimen-
sions sleep, work and support are positively framed, reverse
scoring is required so that FACT-8D Level O represents the
best score and Level 4 represents the worst score across all
dimensions. Note also that the FACT-8D support dimen-
sion contains two items; the FACT-8D level allocated is the
best level of support, whether from family or friends. The
FACT-8D describes over 390,000 possible health states (58
= 390,625).

2.3 Discrete Choice Experiment

A DCE was used to generate preference data that were
used to estimate the parameters of the US FACT-8D pref-
erence-weighting algorithm. Following methods previ-
ously developed for FACT-8D valuation [11], the DCE
contained nine attributes: the eight FACT-8D dimensions
and survival duration. Table 1 shows how the levels in
the DCE mapped to the FACT-8D descriptive system and
corresponding FACT-G source items. In the DCE, sur-
vival duration had four levels: 1, 2, 5 and 10 years. These
levels were suggested by the oncologist members of the
MAUCa Consortium, based on the rationale that 1, 2, 5
and 10 years are common survival goal posts for patients
and clinicians, and are commonly used as time-points for
survival endpoints in clinical trials, with the shorter dura-
tions (1 years, 2 years) applying to advanced cancers and
the longer durations applying to early stages of cancer (5
years, 10 years).

Designing the experiment for the DCE involved selecting
pairs of health states (choice-sets) that optimized statistical
efficiency in estimating the utility model parameters. We
selected a C-efficient approach as our data analysis focused
on the ratios of coefficients in the conditional logit model,
as this was the most appropriate focus for our analysis
purpose (Sect. 2.5). The DCE experimental design com-
prised 100 choice-sets that optimized statistical efficiency
in estimating the utility model parameters. Each choice-set
comprised two FACT-8D health states, each described by
nine attributes (eight HRQL dimensions and duration). We
simplified the cognitive task by constraining the number of
attributes that differed between health states in any choice-
set to five, in line with the typical number of attributes in
DCE:s used to develop preference-based measure value sets
[17]. We decided to vary four HRQL dimensions and dura-
tion, and used a method devised by Bleimer to determine
which to vary in each choice-set [18]. We generated random
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choice-sets, keeping only those with exactly five dimensions
differing, until we had 10,000 choice-sets that met this cri-
terion. We then used Ngene version 1.3 [19, 20], a software
for designing experiments, to select 100 choice-sets that
optimized the experimental design’s C-efficiency using a
modified Fedorov algorithm with duration as the denomi-
nator [21]. Small non-zero priors were used to indicate that
levels within each dimension were logically ordered. Table
A (Supplement 1) contains the final experimental design.

The valuation task required participants to consider 16
pairs of hypothetical health states (i.e. 16 choice-sets),
described as ‘Option A’ and ‘Option B’ (Fig. 1), and for
each choice-set, select the health state they would prefer to
live in until death. Dimensions that differed between Options
A and B were highlighted in yellow, a presentation format
preferred by participants in our previous DCE valuation
methods experiment [22].

There were two levels of randomization in the DCE com-
ponent of the survey: (1) each respondent was allocated 16
randomly selected choice-sets (without replacement) from
the 100 in the DCE design, and (2) which option was seen as
Option A or Option B was randomized within each choice-
set. The nine DCE attributes were always presented in the
same order, as previous work showed that order does not
systematically bias preference weights [23].

2.4 Other Survey Content

The survey included sociodemographic characteristics, the
FACT-G [12] and self-reported general health (assessed by
a single question commonly used in national surveys in the
USA [24]). The order of survey components is shown in
Fig. 2. After completing the DCE component, participants
were asked four fixed-format questions about the difficulty
and clarity of the valuation task and strategy used to choose
between health states (Appendix A, Supplement 2).

2.5 Statistical Analyses

Descriptive statistics summarized sample demographics,
self-reported general health and participant feedback on the
DCE valuation task. Sample representativeness was assessed
against US population reference data for demographics and
self-reported general health using chi-square tests.

DCE data quality was assessed by tallying how many
respondents chose either all A’s or all B’s across the choice-
sets and by considering the time respondents took to com-
plete the survey. We divided respondents into deciles based
on total survey time, ran a conditional logit model on the
DCE data in each decile and then graphed the Pseudo-R>
and the number of statistically significant coefficients for
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Fig. 1 An example of a choice
set in the US FACT-8D discrete
choice experiment. Each choice-
set contained two hypothetical
health states, Option A and
Option B. Each health state was
described in terms of levels of
the eight FACT-8D quality of Rain
life domains (e.g. a little bit of
pain, quite a bit of fatigue, etc.)
and survival duration (e.g. you
will live in this health state for 5
years, and then die). The study home)
participant was asked to indi-
cate which health state would
they prefer

THE UNIVERSITY OF

= SYDNEY

Fatigue
Nausea

Problems sleeping

Problems doing work (including work at

friends
Sadness

You will live in this health state for

Which would you choose?

Problems with support from family and/or Quite a bit

Worry that health condition will get worse | 4 e pit

16%

each decile, interpreting low values on either indicator as
suggesting relatively low-quality data.

The DCE data were analysed with STATA 13.0 [25],
using a functional form used previously to estimate utili-
ties from DCE data consistent with standard QALY model
restrictions [23, 26-29]. The QALY model requires that all
health states have zero utility at death, i.e., ‘the zero condi-
tion’ [30, 31]. A functional form that satisfied this require-
ment included the interaction between the FACT-8D levels
and the TIME variable (Eqs. 1 and 2). Therefore, as TIME
tended to zero, the systematic component of the utility
function tended to zero. Another typical requirement of the
QALY model is constant proportional time trade-off [30],
therefore the relationship between utility and TIME (life
years) was assumed linear.

A useful feature of this functional form is that the impact
of deviating from Level 1 (no problems) in each dimension
was characterized through a two-factor interaction term with
duration (the experimental design allowed for these inter-
actions). This enabled a preference-weighting algorithm in
which the effect of each level of each dimension could be
included as a decrement from full health.

The DCE data were analysed in two ways, reflecting dif-
ferent approaches to modelling heterogeneity (Eqs. 1 and 2).
The primary analysis (Eq. 1) used conditional logit models
in which the utility of option j in choice-set s for survey
respondent i was assumed to be:

Quality of Life Survey

If you had to live in option A or option B, which would you prefer?

Alittle bit Alittle bit
Quite a bit None
Alittle bit None
Very much Alittle bit
Alittle bit Alittle bit
Some
Alittle bit Alittle bit
None
5 years, and then die 5 years, and then die

N
Option A ]

prev next

Uyj = aTIME,; + pX; ) TIME,; + ¢,
i=1, ...,Irespondents;j = health state options A, B;

s=1, ..., 100 choice — sets.

ey
where a is the utility associated with a life year, X,/ is a
vector of dummy variables representing the levels of the
FACT-8D health state presented in option j and f is the cor-
responding vector of preference weights associated with
each level in each dimension within X/, for each life year.
The error term ¢,; was assumed to have a Gumbel distribu-
tion. To adjust the standard errors to allow for intra-indi-
vidual correlation, a clustered sandwich estimator was used
via STATA’s vce (cluster) option. To estimate preference
weights for each deviation from Level 1 (no problems) in
each FACT-8D dimension, we divided each of the  terms
by a [26], and used the delta method to estimate standard
errors for these ratios [32].

Two conditional logit models were estimated. Model 1
included every decrement from the best level (i.e., Level
1, no problems) in each dimension (Eq. 1). Thus, X,/ con-
tained 32 terms (8 dimensions X [5-1] levels within each).
Non-monotonicity in such models typically reflects noise,
with the non-monotonic parameter estimates being not statis-
tically different from each other [33]. Model 2 followed the
same general form as Equation 1 but imposed a restriction of
monotonicity across levels of each dimension by combining
non-monotonic levels. Model 2 therefore included a reduced
number of estimates in S (the vector of preference weights).
The MAUCa consortium has used this approach previously
for the European Organisation for Research and Treatment
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Fig.2 Valuation survey flow
chart. This figure shows the
number of survey participants
who completed each section of
the valuation survey, and the
numbers who were excluded
or dropped out. Abbreviation:
DCE, discrete choice experi-
ment

Survey section

Participants who completed each section

Welcome and Disclosure

Sex, age, race and ethnicity
questions

(basis of quota sampling)

FACT-GP

DCE

Each participantwas
allocated randomly to 16
choice sets

DCE feedback

Questions on difficulty,
clarity and strategy

Demographics

Self-reported health,
including the General
Health Question and mental

N = 3995 entered

371 refused consent

.| 365did not respond

further
v
N =3259 3
593 excluded sampling
segment quota
#1104 did not respond
v further
N =2562

I

100 dropped out

N = 2462 completed =1 choice set
(included in respondent set)

N = 2357 completed 16 choice sets

health (MHI-5)

—>| 5 dropped out
N =2352
44 9 dropped out
v
N =2343
—’I 35 dropped out |
v
2308 com.pl.eted = 2300 exited and
all remaining .
; : claimed reward
questionnaires

of Cancer (EORTC) Quality Of Life Utility-Core 10 Dimen-
sions (QLU-C10D) [34-42] and the FACT-8D [11, 15]. The
impact of constraining coefficients was assessed with change
in the model pseudo-R?; ideally, the imposition of monoto-
nicity would not reduce model fit markedly.

The secondary analysis (Eq. 2, Model 3) used mixed logit
modelling [43] which assumed that coefficients were ran-
domly drawn from a distribution, allowing for preference
heterogeneity among individuals (i.e. random coefficients).
Uiy = (a+;) TIME,; + (B + ;) X[ TIME,; + €, 2)

Thus, a and the vector of s represent population mean
preferences, while y; and #; are individual deviations around
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those mean preferences. These deviations were assumed to
be distributed multivariate normal (0, Y). We used the mix-
logit STATA command [44] to estimate «a, the vector of fs
and the standard deviations of y and the vector of #s, with
the following adjustment. The standard procedures limit the
number of parameters drawn from a distribution to 20; to
allow all 33 coefficients (including duration) to be drawn
from distributions, we used pseudo-random draws.

For variables that deviated from the US general popula-
tion by > 2.0% in any category, iterative proportional fit-
ting, or raking, weights were included in DCE models [45].
Raking was implemented using the ipfweight command
in STATA 13.0, with observations with missing demo-
graphic data assigned a weight of 1. Variance inflation due
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to weighting was assessed by calculating the percentage
increase in the standard errors of the unweighted versus
weighted Model 1 coefficients.

3 Results
3.1 Sample Characteristics

Figure 2 shows the number of participants that completed
each section of the survey. Of 3995 respondents who opted
into the survey, 18% (736 out of 3995) opted out after read-
ing about the survey. Of 3259 who consented, 18% (593 out
of 3259) were excluded because sampling quotas were met,
and 3% (104 out of 3259) did not respond further. Of the
remaining 2562 respondents, 96% (2462 out of 2562) com-
pleted at least one choice-set, and 92% (2357 out of 2562)
completed all 16 choice-sets.

Data from the 2462 participants who completed at least
one choice-set were included in analyses to estimate the US
FACT-8D valuation set (the DCE analysis sample). Table 2
summarizes the characteristics of these 2462 participants
compared with the US general population; these respondents
were representative of the general US population for the four
quota sampling variables: age (p = 0.74), sex (p = 0.47),
race (p = 0.99) and ethnicity (p = 0.90). However, people
with high school education or less were under-represented
by 19%, and people with degrees were over-represented
by 19% (p < 0.001). Marital status was generally compa-
rable, although never-married people were slightly over-
represented (by 2.6%), and widowed people were slightly
under-represented (by 2.1%; p < 0.001). Self-reported gen-
eral health did not differ significantly from national data
(p = 0.62). Education and marital status were included in
weighted models.

3.2 Data Quality Metrics

In total, 32 people gave either all A’s (n = 16) or all B’s (n =
16) across the choice-sets, 1.3% of the DCE analysis sample.
The median time to complete the survey was 13.1 min (inter-
quartile range 9.3—18.7 min). The plots of conditional logit
(Model 1, unweighted) model fit and number of statistically
significant coefficients by completion time decile showed
that the fastest 30% of completers had the poorest model fit
and least number of statistically significant coefficients (Fig.
A, Supplement 2).

3.3 Respondent Feedback on DCE Task

Of the 2352 participants who answered these questions,
39% rated the difficulty of this survey as ‘about the same’

compared with other surveys they had done, while 41% rated
it as ‘harder’ ( Supplement 3, Table la, Fig. 1). Most par-
ticipants (77%) rated the presentation of the health states
as ‘clear’ or ‘very clear’ ( Supplement 3, Table 1b, Fig. 2).
While 41% of participants found it ‘very difficult’ or ‘dif-
ficult’ to choose between pairs of health states, 29% found
it ‘easy’ or ‘very easy’ ( Supplement 3, Table 1c, Fig. 3).
When asked about the strategy used by participants to
choose between the pairs of health states, 24% indicated
they considered all aspects of the health state, 21% reported
focusing on the yellow highlighted aspects, 20% said they
focused on just a few aspects and 12% indicated they did not
use a strategy. The remaining 2% (n = 55) reported using
another strategy (Supplement 3, Table 1d, Fig. 4); 33 of
these participants provided a brief description (Supplement
3, Table 2). Among these, survival was the dominant theme
(mentioned by n = 20 out of 33, 61%), with pain and fam-
ily/support also mentioned by some (n = 9 out of 33, 27%).

3.4 Preference Modelling

Estimates of the coefficients in the four pre-specified con-
ditional logit models [(Model 1-unconstrained and Model
2-monotonicity imposed) X (unweighted and weighted)] are
reported in Table B (Supplement 2). Imposing monotonic-
ity (‘ordering’) and weighting generally had little effect on
preference weight estimates (Fig. 3). Across all four models,
duration had a large and positive coefficient, showing that
study participants generally valued longer life. The HRQL
coefficients were all negative except Level 2 of fatigue and
sadness in Model 1 (unweighted and weighted); these were
set to 0 in Model 2. The HRQL dimensions with the larg-
est decrements were pain and nausea, suggesting they had
the greatest effect on respondents’ preferences for FACT-8D
health states. The remaining dimensions had more moderate
impacts on preferences.

In total, 11 non-monotonicities were observed among the
coefficients in in Model 1 in the unweighted analysis and
12 when weighted (marked in italics in Table B, Supple-
ment 2); all but one of these were between adjacent levels
in each unweighted and weighted analysis, with the majority
between Levels 2 and 3 [‘a little bit” versus ‘somewhat’, four
non-monotonicities in unweighted (4 out of 11, 36%) and
weighted (4 out of 11, 36%) analyses], and between Levels
4 and 5 (‘quite a bit’ versus ‘very much’, a further four non-
monotonicities in each unweighted and weighted analysis).
The mean difference between non-monotonic coefficients
was 0.0107 (median 0.0070, minimum 0.0002, and maxi-
mum 0.0375). Re-estimation with these disordered levels
combined (Model 2) reduced the pseudo-R? from 0.135 to
0.133 in unweighted analyses and from 0.129 to 0.127 in
weighted analyses; imposing these constraints had modest
impact on model fit. Standard errors of Model 1 coefficients
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Table 2 Self-reported sociodemographic characteristics and health of the US valuation survey sample (n = 2462 participants who completed at
least 1 of the 16 discrete choice experiment choice sets) compared with the US general population

Characteristics Category Sample Sample (%) US pop-ula- Test statistic® p-value
(n) tion (%)
Sex® Male 1164 47.3% 48.0 % X2=0.51 0.47
Female 1298 52.7% 52.0 %
Age® 18-29 years 532 21.6 % 22.1% X*=273 0.74
30-39 years 400 16.2 % 17.1 %
40-49 years 458 18.6 % 18.6 %
50-59 years 456 18.5 % 17.9 %
6069 years 308 125 % 12.5 %
70 years or older 308 125 % 119 %
Race® American Indian or Alaska Native 21 09 % 09 % X*=0.19 0.999
Asian 117 4.8 % 4.8 %
Black or African American 316 12.8 % 12.6 %
Native Hawaiian or Pacific Islander + 229 9.3 % 93 %
Other/Multiple
White 1779 723 % 72.4 %
Ethnicity® Hispanic or Latino 399 16.2 % 16.3 % X*=0.02 0.90
Not Hispanic or Latino 2063 83.8 % 83.7 %
Education® < High school education 69 29 % 11.7 % X% =519.60 < 0.001
High school graduate 441 18.8 % 29.0 %
Some college, no degree 443 189 % 19.1 %
Associate’s degree, occupational 154 6.6 % 4.0 %
Associate’s degree, academic 117 5.0% 55%
Bachelor’s degree 652 27.8 % 19.5 %
Master’s degree 337 144 % 82 %
Professional degree 60 2.6 % 1.3 %
Doctoral degree 70 3.0 % 1.6 %
Missing 119 -
Marital status® Married 1220 521 % 52.4 % X?=122.67 < 0.001
Divorced 227 9.7 % 9.8 %
Widowed 86 37 % 5.8%
Never married 810 34.6 % 32.0 %
Missing 119 -
General health ques- Excellent [5] 445 19.0 % 19.6% X*=262 0.62
tion (GHQ)' Very good [4] 817 349 % 34.6%
Good [3] 711 303 % 30.3%
Fair [2] 300 12.8 % 12.1%
Poor [1] 70 3.0 % 3.4%
Missing 119 -

#The chi-square goodness-of-fit test was used to compare observed category frequencies with those expected based on population proportions
2010 (April) USA Census data from https://www2.census.gov/programs-surveys/popest/datasets/2000-2010/intercensal/national/

€2010 USA Census data from https://www.census.gov/data/datasets/2010/demo/popest/modified-race-data-2010.html; race: the category ‘Other/
Multiple’ of the sample entails participants who selected ‘Other race (please specify)’ and participants who selected multiple races (e.g. “White’
and ‘Asian’).

42016 USA Census data from: https:/www.census.gov/data/tables/2016/demo/education-attainment/cps-detailed-tables.html; education: the cat-

egory ‘< High school education’ of the sample includes: No education, 1st-4th grade, 5th-6th grade, 7th-8th grade, 9th grade, 10th grade, 11th
grade; completion of 12th grade corresponds to the category ‘High school graduate’

€2017 USA Census data from https://www.census.gov/data/tables/time-series/demo/families/ marital.html; marital status: the category ‘Married’
of the sample entails participants who reported to be in a registered marriage, married (de facto) or to be separated

The question asked was ‘In general would you say that your health is’, with five response options shown in this row. US reference data were pro-
vided by the USA 2005-2006 National Health Measurement Study (n = 3841) as reported in Maglinte et al., Journal of Clinical Epidemiology,
2012; 65: 497-502, Table 2
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-0.4

-0.4

Fig.3 Scatterplots showing the effect of imposing monotonic-
ity and weighting on preference weight estimates. Panel A effect of
ordering (unweighted): Model 1 versus Model 2 (both unweighted).
Panel B effect of ordering (weighted): Model 1 versus Model 2 (both
weighted). Panel C effect of weighting (unconstrained), Model 1

Fig.4 FACT-8D preference 0.0000
weights by dimension and
level (Model 2 conditional -0.0500
logit, monotonicity imposed,
weighted). Preference weights -
indicate the amount the FACT- ’
8D score is reduced for each
level of each dimension in the -0.1500
FACT-8D scoring algorithm
-0.2000
-0.2500
-0.3000
-0.3500 - -
Pain Fatigue
mlevel1l  -0.0200 0.0000
m Level 2 -0.0376 -0.0120
m Level 3 -0.1288 -0.0776
Level4  -0.3256 -0.0776

in weighted analyses were on average 19% larger (minimum
12%, median 20%, and maximum 29%), but in only two
cases did this variance inflation reduce the level of statisti-
cal significance (pain level 3 from 5% to 10%; problems

0.1

0.1

-0.4

unweighted versus weighted. Panel D effect of weighting (ordered),
Model 2 unweighted versus weighted. In each panel, the solid line
is the line of equality, the dotted line is the line of best fit, the first
model named above is the horizontal axis and the second model
named is the vertical axis

Nausea Sleep Work Support Sadness Worry
-0.1113 0.0000 -0.0407 -0.0433 0.0000 -0.0838
-0.1113 0.0000 -0.0407 -0.0433 -0.0977 -0.0838
-0.1949 -0.0745 -0.1157 -0.1131 -0.1197 -0.0838
-0.2857 -0.0745 -0.1716 -0.1819 -0.1197 -0.0937

working level 2 from 1% to 5%) and in one case increased

it (problems working level 3 from not significant to 10%).
In the unweighted mixed logit results (Model 3, Table

C, Supplement 2), the mean of the random coefficients
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showed a similar pattern to the fixed coefficients from the
unweighted unconstrained conditional logit model. Extra
years of life in full health were generally highly valued
(large, statistically significant mean coefficient). Of the
32 mean coefficients involving FACT-8D levels interacted
with duration, 26 had the expected negative coefficients. The
standard deviation coefficients were generally significant;
of the 33 standard deviations estimated, 26 were significant
at the 5% level, revealing considerable between-respondent
heterogeneity. The preference weights from the mixed logit
were generally smaller than those from the conditional logit
model (Fig. B, Supplement 2).

For the purposes of economic evaluation, we recommend
using the preference weights derived from the weighted con-
strained conditional logit model; these reflect the views of
the general population and ensure the monotonic nature of
the FACT-8D dimensions are reflected in the US scoring
algorithm. These are presented in Fig. 4, Table D (Supple-
ment 4), and in the scoring instructions (Appendix B, Sup-
plement 4) and corresponding STATA/SPSS code in plain
text (Supplement 5). To illustrate this scoring, if a patient’s
FACT-G responses indicate that patient is at Level 1 for all
FACT-8D dimensions other than fatigue and worry, where
they are at Level 3, their health state would be valued at
1 —0.0120 — 0.0838 = 0.9042. The worst health state is
estimated as —0.3302.

4 Discussion

This study provided a value set representing the pref-
erences of the US general population for health states
described by the FACT-8D, a MAUI derived from the
FACT-G, a widely used cancer-specific HRQL question-
naire [13]. In this value set, pain and nausea (both common
symptoms of cancer) are the largest drivers of FACT-8D
utility scores, followed by problems with social support
and work, and then sadness and worry about future health,
with sleep and fatigue having the smallest impact but still
statistically significant at higher levels. The preference-
weighted algorithm enables direct calculation of health
utilities from FACT-G data including the many FACIT
questionnaires that contain the FACT-G items. Given the
widespread use of the FACIT questionnaires, this algo-
rithm has potential to facilitate incorporation of common
symptoms and impacts of cancer into HTA in the USA.
Adding this new value set to HTA toolkits prompts sev-
eral questions, including how and why it differs from other
value sets and what the consequences are. Factors that can
affect value sets include the valuation method (e.g. time
trade-off or DCE, plus specific method details), the health
states being valued (the kind and number of dimensions,
items and levels) and the respondent population (general
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population versus patients, different countries and dis-
eases). Valuation studies conducted by the MAUCa con-
sortium used a common valuation protocol and utility
modelling approach in general population samples with
quota sampling and raking to achieve population-repre-
sentative value sets. These methodological consistencies
provide relatively well-controlled comparisons between
countries. The FACT-8D preference weights from the US
valuation study were generally similar to those gener-
ated with the same valuation protocol in Australia and
Canada [11, 15]; these similarities illustrate that, when
the same health states are valued with the same method
in countries with similar cultures, similar results ensue.
The EuroQol group also found similar health-state values
for the 5-level EuroQol-5 Dimension (EQ-5D-5L) across
the USA, Canada, England and the Netherlands using a
common DCE valuation protocol [46], but we could not
compare these directly with our results due to different
modelling approaches.

Head-to-head comparisons of the FACT-8D with
generic MAUIs will inform the debate over the ability
of generic and disease-specific instruments to capture
treatment effects [47, 48]. We are aware of only one such
study to date [49]; it utilized data from a randomized trial
in which 250 patients with non-Hodgkin’s lymphoma
completed the FACT-lymphoma (FACT-Lym) and the
EQ-5D-5L. Using the Australian DCE-based value set
for the FACT-8D and an English value set based on a
time-trade-off/DCE hybrid model for the EQ-5D-5L, it
found that the FACT-8D showed equally good conver-
gent validity and similar levels of responsiveness, but
was outperformed by the EQ-5D-5L in terms of known
groups’ validity [49]. Similar analyses in other cancer
types and treatments would address the generalizability
of these findings. However, such psychometric analyses
provide limited insight into how different MAUIs might
perform in cost—utility analyses. This is better achieved
by head-to-head comparison of the QALY generated by
two MAUIs and their impact on cost—utility analyses, as
illustrated in three comparisons of the EORTC QLU-C10D
with the EuroQol-5 Dimension (EQ-5D) [50-52]. Jansen
et al. analysed data from a randomized controlled trial
(RCT) of an exercise program to improve swallowing and
communication following laryngectomy [50]. Here, the
base-case EQ-5D analysis suggested that the intervention
was more effective in terms of QALY and had a slightly
lower cost per QALY than control care; in contrast, the
EORTC QLU-C10D sensitivity analysis suggested that the
intervention was slightly less effective and had a higher
cost per QALY. Shaw et al. analysed data from five phase
3 RCTs of nivolumab with or without ipilimumab for the
treatment of solid tumours [51]. Similar to Jansen et al.,
they found that the EQ-5D-3L yielded higher incremental
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QALY gains than the QLU-C10D for 4 of the 5 trials.
This was confirmed by Kim et al., utilizing an Australian
cost—utility analysis of one of the four trials analysed by
Shaw et al. Here the EQ-5D-3L yielded slightly higher
QALYs gained than the QLU-C10D, lower incremental
cost-effectiveness ratio and similar cost-effectiveness
acceptability curves [52]. In all three studies, the EQ-5D
generated higher QALY's gained than the QLU-C10D. As
such evidence accumulates, the variability and generaliz-
ability of findings across clinical contexts and utility meas-
ures will be revealed. We should also try to understand
why differences arise, whether measures capture the full
range of treatment effects and which is most fit for the
purpose of economic evaluation in a particular decision-
making setting and jurisdiction.

The FACT-8D allows utilities and hence QALY to be
estimated without the administration of an additional health
preference measure. However, there are potential barriers to
its use as the sole preference-based measure in HTA in the
USA. The US Second Panel on Cost-Effectiveness in Health
and Medicine recommended generic preference-based meas-
ures for reference cases to enhance comparability across
studies, but emphasized that the measure used should be ‘fit
for purpose’, i.e., able to detect clinically important differ-
ences and changes in health across the interventions under
consideration [6]. A potential limitation of the FACT-8D is
content validity, as its content was taken from the FACT-G,
developed as a HRQL profile measure over 30 years ago,
so it may not capture the effects of contemporary cancer
treatments such as skin reactions and diarrhoea caused by
targeted therapies and immunotherapy [53, 54]. However,
this criticism applies equally to established generic pref-
erence-based measures, including the EuroQol measures.
The FACT-8D content is weighted towards psychosocial
issues, which may make it appropriate for psychosocial
interventions [55]. When designing studies, choice of meas-
ure should be matched to the patient population, interven-
tion and relevant regulatory agencies’ HTA requirements.
Depending on context, even when a generic measure is pre-
ferred for the reference case, the FACT-8D could serve as
an adjunct measure to improve robustness of evidence in
HTA [56].

Various aspects of model choice are relevant when devel-
oping a value set for a MAUI. A systematic review of DCE
studies used in health state valuation published between
June 2018 to November 2022 found that, of 65 included
studies, 48 (74%) used conditional logit models, 24 (37%)
used mixed logit and 9 (14%) used latent-class logit models.
We chose a conditional logit model as our primary analysis,
and to generate the US value set, because its parameteriza-
tion suited our purpose, i.e., for public decision-making, in
which mean population preferences are the parameters of
interest, needed for the utility algorithm. The distributions

of individual preferences were not relevant for our purpose;
the conditional logit model was therefore more parsimoni-
ous than the mixed logit model in this context. We favoured
monotonic preference weights within each HRQL domain,
as these are consistent with increasing impact of worsening
HRQL levels. For the US value set, we needed to impose
some constraints to achieve monotonicity. Finally, we
favoured a weighted model, as this adjusted for observed
non-representativeness of our sample and therefore yielded
utility weights that represent the preferences of the US gen-
eral population. For completeness, we reported four model
fit statistics for each model. The inclusion of survival dura-
tion in the DCE enabled a functional form for utilities that
was consistent with standard QALY model restrictions. This
was first proposed by Bansback et al. in 2012 [26] and has
been used widely since, as illustrated in Wang et al.’s sys-
tematic review, in which 29 out of 65 (45%) included a dura-
tion attribute [57].

The strengths and limitations of this study are discussed
in the next three paragraphs. First, we used a DCE approach
previously established as feasible in Australia and Canada
[11, 15]. This included simplifying the DCE choice task
by not asking respondents to trade across all dimensions
at once, which also meant the experimental design was not
strictly orthogonal design; we felt this was the right balance
between statistical and respondent efficiency, given the cog-
nitive complexity of the task. The FACT-8D DCE presented
a challenge we had not encountered with the EORTC QLU-
C10D because the FACT-G items had mixed framing (some
positively framed, some negatively framed), while all the
QLQ-C30 items are negatively framed. When we piloted
the FACT-8D DCE with the FACT-G’s verbatim positive
framing of the work, sleep and support items, credible pref-
erence weights could not be derived [11]. We solved this by
reversing the polarity of these items, as discussed elsewhere
[11,15].

Second, we used modelling approaches appropriate to our
data structure and analysis purpose [26]. Our approach to
DCE modelling, including constraint for monotonicity, has
been used across all MAUCa studies, and is theoretically
and empirically stronger than mapping [14]. We acknowl-
edge the relatively large number of non-monotonicities;
about one-third of the 32 potential non-monotonicities
between adjacent levels were observed. About one-third of
the observed non-monotonicities were between Levels 2 and
3 (“alittle bit’ versus ‘somewhat’); the distinction between
these two levels in the DCE may not have been as clear as in
the FACT-G self-report measure, where the intended grada-
tion of the five response categories is explicit in the ques-
tionnaire layout. That explanation may not hold for the non-
monotinicities between Levels 4 and 5 (‘quite a bit’ versus
‘very much’), which accounted for a further one-third of the
observed non-monotonicities, as these descriptors are clearly
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different. Some of these may reflect a genuine lack of gradu-
ation in preferences in moving from one level to the next.
Although non-monotonicities affected all HRQL dimensions
except pain, they were generally very small and had little
impact on model fit. Our choice of monotonic main-effects
model for calculating utility is readily accessible for a range
of end-users, clinically interpretable and consistent with the
FACIT conceptual model.

Third, the study had a number of strengths and some
limitations in terms of sampling and survey administra-
tion. We restricted survey participation to individuals with
devices having larger screen sizes. Patterns in the time taken
to complete the DCE choice-sets suggest most participants
genuinely engaged in the valuation task. The valuation
survey sample was large, with quota sampling achieving
population representativeness for age, sex, race and ethnic-
ity. However, recruitment was restricted to participants who
were able to read English, which may have introduced some
bias. We assessed population representativeness across a
range of demographic characteristic and adjusted for non-
representativeness using raking, which has benefits in terms
of bringing the sample in line with pre-specified population
characteristics, but costs in terms of inflating variances, par-
ticularly when the sample and population differ by a large
amount [45]. Even though the standard errors of weighted
model coefficients were inflated by weighting, in only two
cases did this reduce the level of statistical significance,
and the preference weights derived using raked or unraked
responses were very similar. The survey sample was derived
from a large internet panel; we have previously found poor
mental health was over-represented in online panels [11, 38,
58]. Although we assessed mental health in this survey, we
were unable to find valid US data against which to assess
representativeness. The influence of DCE respondent soci-
odemographic characteristics on preference weights will
be assessed in future analysis of pooled data from interna-
tional valuations of the FACT- 8D. Non-representativeness
in unmeasured variables is always a covert threat to gener-
alizability. Although online panels provide convenient eco-
nomical sampling frames, potential selection biases deserve
further research [59].

5 Conclusions

The US FACT-8D utility algorithm provides a new option
for obtaining utility values and QALY's from oncology trials
that have used the FACT-G or other FACIT questionnaires
in which it is embedded. Further review is needed of the
FACT-8D’s performance relative to generic utility measures
across a range of clinical settings. For this purpose, it should
be used alongside an accepted generic measure.
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