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Abstract

Background. A portion of the Functional Assessment of Cancer Therapy-Lung (FACT-L) instrument contributed to
a previously published utility index, the FACT Lung Utility Index or FACT-LUI. Six FACT items representing lung
cancer quality of life covered fatigue, pain, dyspnea, cough, anxiety, and depression. Two FACT items had been pre-
viously combined by the index authors into one for nausea and/or appetite loss, resulting in 7 final domains.
Methods. The objective was to perform measurement invariance testing within a confirmatory factor analysis (CFA)
framework to support the feasibility of using the FACT-LUI for non–preference-based psychometric applications.
The original index patients comprised group 1, and similar FACT patient data (n = 249) from another published
study comprised group 2. One 2-factor model and two 1-factor CFA models were evaluated to assess measurement
invariance across groups, using varying degrees of item parceling and a small number of residual covariances, all jus-
tified by the literature. Results. The 1-factor models were most optimal. A 1-factor model with 1 pair of items par-
celed showed invariance to the partial scalar level using usual fit criteria across groups, requiring 2 unconstrained
intercepts. A 1-factor model with 3 pairs of justified parcels showed full configural, metric, and scalar invariance
across groups. Conclusions. The FACT-LUI items fit a partially to fully invariant 1-factor model, suggesting feasibil-
ity for non–preference-based applications. Implications. Results suggest useful incorporation of the FACT-LUI into
clinical trials with no substantial increased respondent burden, allowing preference-based and other psychometric
applications from the same index items.

Highlights

� This work suggests that in addition to being originally designed for use as a utility index, the 7 FACT-LUI
items together also fit simple CFA and measurement invariance models. This less expected result indicates
that these items as a group are also potentially useful in non–preference-based applications.

� Clinical trials can make for challenging decisions concerning which patient-reported outcome measures to
include without being burdensome. However, the literature suggests a need for improved reporting of quality
of life in lung cancer in particular as well as cancer in general. Inclusion of more disease-specific items such
as the FACT-LUI may allow for information gathering of both preference-based and non–preference-based
data with less demand on patients, similar to what has been done with some generic instruments.
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Background

Health-related quality of life (HrQoL) measurement
reporting in non–small-cell lung cancer has been reported
as being of poor quality in the recent literature and must
improve to support decision making.1 Newer factors that
influence lung cancer HrQoL are also becoming recog-
nized that require closer monitoring by clinicians, includ-
ing the effects of molecular alterations in neoplasms and
newer treatments.2,3 Beyond clinical trial reporting,
HrQoL is also very important to patients. Recently, one
study showed that in early lung cancer, HrQoL was more
important than life extension, which is surprising given
that life extension is usually the priority.4 The need for
better HrQoL reporting has also been called for in cancer
trials in general.5

HrQoL reporting improvements should follow an effi-
cient approach in which a substantial amount of infor-
mation can be gathered in a small number of survey
items. HrQoL data should ideally cover both measure-
ment traditions, that is, the psychometric end of HrQoL
as well as preference-weighted approaches. Concerning
the latter tradition, lung cancer is one of the most costly
neoplasms to treat,6 and so cost-effectiveness is at issue
as well. As noted by others,7,8 it was not previously
expected that indices obey usual psychometric stringen-
cies given an assumed formative structure. Nonetheless,
a result of the growing diversity in index development
methods has been a greater cross-fertilization of quanti-
tative traditions amid growing recognition of the ability
of model domains to be judgmentally independent while
being somewhat environmentally correlated.9 The value

of psychometrics has been embraced, not only for the
initial development of domains and items but also for
evaluation of their latent structure. Significant work in
these developments include the National Health
Measurement Study, which evaluated the latent variable
structure of current generic indices.10,11 Similarly, the
Patient-Reported Outcomes Measurement Information
System (PROMIS) initiative developed item banks with
item response theory (IRT)–based quality assurance.
The PROMIS Preference (PROPr) generic preference-
based index was developed from PROMIS items and
uses additional IRT-related methods.12 These develop-
ments suggest an opening for the wider application of
psychometric methods in index development, evaluation,
and application. Consistent with this process, there have
been recent structural equation modeling (SEM) tech-
niques applied to the EQ-5D, an index composed of only
5 items.13

Reporting of cancer HrQoL from the psychometric
end of the field has previously used the European
Organization for Research and Treatment of Cancer
(EORTC) surveys14 and the Functional Assessment of
Cancer Therapy (FACT) instruments,15 as well as generic
instruments including the Short Form (SF)-12 and SF-
3616,17 among others. Methods used for construction of
such measures rely on classical test theory, factor analytic
models, and, more recently, IRT.12,18 These approaches
have been critical for accurate documentation of patient-
reported outcomes, addressing psychometrics at the scale
and item level. For the preference-based end of HrQoL
in cancer, most efforts have been more generic in scope,
using the usual societal indexes (EQ-5D, HUI2/3,
SF6D19) or adaptations covering cancer in general using
EORTC or FACT20,21 with a small amount of prior
work addressing lung cancer specifically.22,23

As a potential contributor to a solution for lung
cancer–specific HrQoL-reporting problems indicated
above, a recently published preference-based index for
lung cancer HrQoL, the FACT Lung Cancer Index, or
FACT-LUI, was developed from a very parsimonious
subset of items from the FACT-L (Lung) instrument for
lung cancer patient-reported outcomes.23 Swan et al.23

used 6 of the items in their original form, and 1 item is a
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combination of 2 original items as described below.
While the FACT-LUI initially appears promising from
the standpoint of preference-based measures, it is derived
from a small number of items from a larger source of
FACT items. Therefore, one cannot assume that the
measurement properties of the FACT-LUI are adequate
from a psychometric perspective. In other words, one
must show that the item group still ‘‘measures what it is
intended to measure’’ from this point of view. A reason-
able approach to such a problem is to assess measure-
ment invariance within a confirmatory factor analysis
(CFA) model for the FACT-LUI, including assessments
of global and local fit. We elected to evaluate measure-
ment invariance over the breadth of lung cancer morbid-
ity by comparing FACT-LUI patient data from Swan
et al.23 to similar FACT-L data from a second patient
group undergoing therapy.24 This difference in morbidity
between the groups provides a convenient test of invar-
iance to which a measure should be robust if it is of
sound construction.

For guidelines in reporting, 2 sources were used. We
used table 4.7 on reporting results from a recent widely
used text on CFA.25 For our invariance table and fig-
ures, we adapted the recommendations of Putnick and
Bornstein.26

Methods

Ethics Approval

The questionnaire and methodology for this study were
approved by the institutional Human Research Ethics
committee at our hospital (Mass General Brigham IRB at
Massachusetts General Hospital, protocol: 2014P002045).
As directed by our ethics committee, consent was implied
by completing the surveys, and the committee directed us
on the composition of the recruitment letter. This letter
was also designed to incorporate the elements of informed
consent.

Domains of the FACT-LUI

The 7 domains of the FACT-LUI originated with a
review of lung cancer HrQoL research described in Swan
et al.,23 particularly using the symptom cluster literature,
with the intent of capturing the aspects that were most
predictive of lung cancer HrQoL.27–30 Furthermore,
given the usual structure of preference-based indices, a
parsimonious group of domains was chosen by the
authors that could be judgmentally independent for
valuation while recognizing the possibility of correlated
symptoms. The FACT-LUI domains that are

represented by 1 FACT-L item using its original lan-
guage included fatigue (I have a lack of energy), pain (I
have pain), anxiety (I worry that my condition will get
worse), depression (I feel sad), cough (I have been cough-
ing), and dyspnea (I have been short of breath). For the
remaining domain, the index authors had concerns for
judgmental dependence that were great enough to com-
bine the original separate item content for nausea and
appetite, thus a new item: ‘‘I have nausea and/or appetite
loss.’’ This item combination approach for nausea and
appetite issues was justified by literature support and has
reportedly been used by others in preference-based index
development.31,32 Each FACT-LUI item has a 5-point
response set for degree of severity identical to the FACT-
L and other FACT lung cancer–related instruments men-
tioned below, that is, none, a little bit, somewhat, quite a
bit, very much. The initial published index results showed
good construct validity when comparing advanced versus
early-stage patients and by agreement with directly eli-
cited utilities.23

Patient Data (Table 1)

First data set for invariance testing (n = 237): group
1. In data designated for group 1 in our prior work,23

Table 1 patients could be at any stage of cancer and any
point in their disease trajectory, from diagnosis to follow-
up. Patients with surveys in hand completed interviews
by telephone, facilitated by a trained interviewer with the
permission of the attending oncologist. All survey instru-
ments had local institutional review board approval.

Second data set for invariance testing (n = 249): group
2. Lung cancer patient data were provided from a study
by Yount et al.24 (Table 1) that included FACT item
content similar to the FACT-LUI. As we indicate below,
there are multiple FACT instruments (1-wk recall), and
some items as used in the FACT-G are, as the name
abbreviation suggests, more generic in scope for most
cancers, while others are more disease specific, for exam-
ple, FACT-L (Lung), FLSI (FACT Lung Cancer
Symptom Index), and FACT-LCS (Lung Cancer
Subscale), among others. In the Yount et al. study,
patients completed surveys in a mixed-mode fashion
(touch screen tablets, interview, and interactive voice-
response technology) during a 12-wk study in which all
were in treatment. We chose the Yount et al. first survey
assessment, since 2 FACT instruments that together con-
tain the content for the FACT-LUI items (FACT-G15

and FACT-LCS33) were completed at that time. Five of
the 8 FACT-L items used in the FACT-LUI item group
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are found in the FACT-G (pain, fatigue, nausea, depres-
sion, anxiety) and 3 (dyspnea, cough, appetite) are also
present in the FACT-LCS survey. The dyspnea, fatigue,
pain, and cough items also comprise 4 of the items in the
FLSI, a 6-item version of the FLSI-12.34 The original
FACT items mentioned here all have identical item lan-
guage in these FACT instruments. Because the FACT-
LUI items are a subset, they are not referred to as a
FACT instrument here.

Model Specification (Figure 1)

Justification of 1- and 2-factor models and use of
parceling. Due to the intended parsimonious domain/item
set of the FACT-LUI, the domains were initially envi-
sioned as grouped into 2 factors, based on the lung cancer
symptom cluster literature. A study of 2,405 patients by
Cheville et al.35 showed an enduring cluster of fatigue, dys-
pnea, and cough. Given the Cheville et al. study’s

substantial sample size and methods used, having these
domains in a factor together was a priority, relegating the
other domains of pain, anxiety, depression, and nausea
and/or appetite loss to a second factor. A 400-person
study by Henoch et al.28 proposed a respiratory cluster of
breathing and cough as well as a mood cluster.
Furthermore, fatigue and appetite had high loadings on
pain (which included gastrointestinal issues) and respira-
tory items. Other work by Carnio et al.36 reviewing the
effects of fatigue suggested a contribution of fatigue to the
pain and psychological dimensions. Given such overlap in
domains and other variations in clusters in the literature,29

it was unsurprising that we found a strong correlation
between the 2 proposed factors (r = 0.74–0.87 for groups
2 and 1, respectively, in initial analysis). Due to these
results, we report the 2-factor model, but a 1-factor struc-
ture was also modeled going forward (Figure 1).

The FACT-LUI combined nausea and/or appetite loss
item as used in group 1 presented a situation in which

Table 1 Demographics of Patient Groups

Group 1: from Swan
et al. (2018)23,a

Group 2: from Yount
et al. (2014)24,a

Sample size 237 253b

Age, y, �x (s) 65.4 (10.4) 60.6 (10.2)
Gender, male, n (%) 101 (42.6) 125 (49.4)
Race/ethnicity, n (%) (missing =1)/(missing = 4)
White 217 (91.6) 147 (58.3)
Black 5 (2.1) 91 (36.1)
Other 15 (6.3) 14 (5.6)
Hispanic 5 (2.1) 11 (4.4)

Education (missing = 3)
12 y or less, n (%) 58 (24.5)
Years, median (IQR) 16 (13,18)
Eighth grade or less 9 (3.6)
Some high school 36 (14.4)
High school graduate/GED 73 (29.2)
Some college/tech/AA 59 (23.6)
College degree (BA/BS) 41 (16.4)
Advanced degree (MA, PhD, MD) 32 (12.8)

Diagnosis (missing = 17)
NSCLC 237 204
SCLC 32

Stage, n (%) (missing = 11)
I-II 73 (30.8)
III-IV 164 (69.2)
IIIa 31 (12.8)
IIIb 53 (21.9)
IV 134 (55.4)
SCLC 24 (9.9)

IQR, interquartile range; NSCLC, non–small-cell lung carcinoma; SCLC, small-cell lung carcinoma.
aOriginal data sources, see text.
bUsable sample for this study was n = 249; see missing data discussion in text.
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invariance testing of group 1 against the group 2 data set
was not initially possible, since nausea and appetite loss
were represented by the 2 original and separate FACT
items in group 2 (‘‘I have a good appetite’’ and ‘‘I have
nausea’’). We rectified this situation by investigating the
following approach. It was our hypothesis that the ‘‘and/
or’’ item would be equivalent to an average parcel of the
2 original FACT items, scored similarly for best and
worst levels. Item parcels are often used to minimize
item-specific variance in CFA while preserving common
construct variance, usually by averaging 2 or more items
to create a new indicator.37 To provide evidence for our
assertion, we used provided data obtained in group 1
patients using the EORTC QLQ-30 v.3 survey.14 The
EORTC nausea item (‘‘Have you felt nauseated?’’) and
the appetite item (‘‘Have you lacked appetite?’’) use

language for the response set identical to the FACT sur-
vey, except that there are 4 options (not at all, a little,
quite a bit, very much) instead of the 5 used in FACT
instruments, thus no ‘‘somewhat’’ option. The EORTC
and FACT data from the group 1 patients had been
obtained by the index authors during the same interview.

Using the meta-analysis and SEM literature as a
guide,38,39 we linearly transformed the group 1 EORTC
nausea and appetite items to a 5-point scale. Both items
were transferred to the 5-point FACT scale, which ranges
from 0 to 4, where 0 is the worst value and 4 as the best,
as appropriate for each item’s content. We converted the
2 transformed 5-point EORTC-derived items to an aver-
age parcel and compared them for agreement with the
original 5-point ‘‘and/or’’ item in group 1. Using a mixed
intraclass correlation coefficient (ICC) model in which

Model “C”
3-Parcels 1-Factor

Factor

Parcel: Anxiety, DepressionParcel: Fatigue, Dyspnea, 
CoughPain G1- Nausea and/or Appetite Loss item 

G2- Parcel: Nausea, Appetite Loss

ε ε εε

Model “B”
1-Parcel 1-Factor

Factor

DyspneaPain Fatigue Anxiety G1- Nausea and/or Appetite Loss item
G2- Parcel: Nausea, Appetite Loss Cough Depression

ε ε ε ε ε ε ε

Model “A”
1-Parcel 2-Factors

Factor

Dyspnea PainFatigue Anxiety G1- Nausea and/or Appetite Loss item
G2- Parcel: Nausea, Appetite Loss Cough Depression

εε ε ε ε ε ε

Factor

Figure 1 Model Specifications - Model ‘‘A’’ has 2-factors and 1-parcel; Model ‘‘B’’ has 1-parcel and 1-factor, and Model ‘‘C’’
has 3 parcels and 1-factor for CFA of the FACT-LUI index items.
G1 refers to Group 1 where the original FACT-LUI nausea and/or appetite loss item was assumed to act as a parcel. G2 refers to Group 2 where

original separate FACT items for nausea and appetite were parceled. The symbol e refers to item residual variance. The 2-Factor model is based

on literature as described in text.
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the same raters were used and assuming strict agreement,
an ICC of 0.87 for average ratings (0.77 single measures)
was found between the EORTC parcel and the original
‘‘and/or’’ item. ICCs for single and average ratings are
reported since one comparator is based on averages from
parceling. Mountain Plots40 showed a 0.00 median bias
between the EORTC parcel and the ‘‘and/or’’ item, with
a mean difference of 0.1 on the 0 to 4 FACT scale (10%
trimmed mean 0.07) and 0.25 mean absolute difference
(10% trimmed mean 0.19) between comparators. Given
this evidence that the original ‘‘and/or’’ item was a rea-
sonable parcel approximation in group 1, it was applied
to our 1-factor model specifications for nausea and appe-
tite loss (Figure 1). Considering the symptom cluster lit-
erature27–29,41 and clinical sources, further parcels were
later formed for another model by matching domain con-
tent, based on the aim that a parcel may provide more
complete representation of domain content or what has
been called the construct centroid37 in a parcel-based
indicator. We felt strongly that parcels should be clini-
cally justified and not randomly constructed.

In our models A and B (Figure 1), the a priori struc-
ture of the original index was replicated, and parceling
was used sparingly given its sometimes controversial sta-
tus.37 Thus, the original FACT-LUI with 7 items/
domains (the original nausea and/or appetite item along
with the other 6 original FACT items from group 1) was
used against an average parcel of the 2 original group 2
nausea and appetite items only, while the other group 2
items were left as individual indicators. As above, these 2
models differ by having 2 factors in model A and 1 fac-
tor in model B.

The third model was a 3-parcel version of the 1-factor
specification (Figure 1), where, in addition to parceling
the original nausea and appetite items from group 2
against the ‘‘and/or’’ item in group 1, 2 other parcels were
created in each group. First, anxiety and depression, each
represented by 1 item, are widely known to clinically co-
occur in most patients. These diagnoses are often argued
as being on the same clinical continuum42–48; thus, these
2 items became a parcel. As a further example of this
construct, the noted PHQ-4 instrument summates 2 anxi-
ety and 2 depression items for an emotional distress
score.49 Second, as above, the Cheville et al.35 study justi-
fied our placing fatigue, dyspnea, and cough in a parcel
given their symptom cluster relationship.

All items were analyzed using the proper item score
meaning on the FACT ordinal 0 to 4 scale where 0 = the
worst level and 4 = best level prior to being parceled or

left as separate. Pain was left separate due to its less clear
association with other symptom clusters.28,29,50

Estimator and Measures of Fit

Initial evaluation showed the expected skewed/kurtotic
distributions in the FACT-LUI items and a lack of mul-
tivariate normality (Doornik-Hansen and Mardia esti-
mates of P \ 0.001). Given that the FACT items all
have 5-point Likert response sets, the robust version of
maximum likelihood was justified as an estimator as
noted by others.51–54

For CFA modeling, MPlus v8.5 (Muthén and Muthén,
Los Angeles, CA, 2017) was used. To evaluate other com-
parisons and demographics, MedCalc v.19.2.1 (Medcalc
Software Ltd, Ostend, Belgium) and Stata v.16.1
(StataCorp. 2019. College Station, TX: StataCorp LLC)
were used. To evaluate model fit, we reported x2 statistics,
with robust correction54 for the nonnormality of data by
the Satorra-Bentler method55 with usual P values greater
than or equal to 0.05 preferred. Measures of model fit56–58

included the root mean square error of approximation,
where point of estimates less than 0.06 were preferred and
0.08 preferred at the upper limits of the 90% confidence
interval (CI). The Comparative Fit Index was used, with
values at 0.95 or greater a guideline for good fit. We also
obtained the standardized root mean square residual with
values less than 0.08 preferred. For local fit, we focused
on the residuals for correlations, with values greater than
0.10 being less optimal. We evaluated relative morbidity
between groups by item with independent group nonpara-
metric tests.

For configural models in invariance testing, factor load-
ings and intercepts were free (unconstrained) across groups
and factor means fixed at zero (for model identification) in
all groups. The scale of a factor was set by freeing all fac-
tor loadings and fixing the factor variance to 1 in both
groups. For the metric level of invariance testing, factor
loadings were constrained to be equal across groups, with
intercepts free across groups, and factor means fixed at
zero across groups for model identification. The factor
variance was fixed at 1 in group 1 and was free in the other
group. At the scalar level, factor loadings and intercepts
were constrained to be equal across groups with the factor
mean fixed at zero in group 1 but free in group 2. The
scale of the factor was set by fixing the factor variance to 1
in group 1 and free in group 2. If noninvariance was noted
by modification indices (MIs), a parameter constraint was
released and the model reestimated. Residual covariances
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were allowed in a model specification as suggested by MIs
if supported by the literature.

External Correlates

As an assessment of the FACT-LUI items against an
existing measure, a correlation matrix was constructed
analyzing the correlation of the responses for the
EORTC items available from group 1 with group 1
FACT-LUI item responses for items with similar con-
cepts. Summated FACT-LUI items were also correlated
with obtained visual analog scale measures from the
prior study.23

Results

Demographics (Table 1)

The groups were relatively similar in size, (Table 1) with
minor differences in age and gender demographics.
Group 2 from Yount et al.24 showed greater minority
representation. There was a greater degree of formal
education in group 1. Most patients had non–small-cell
carcinoma with a minority in group 2 having small-cell
carcinoma or no specific lung cancer cell type documen-
ted. FACT survey items are the same across all lung can-
cer cell types. Most patients had advanced disease, which
is typical for the presentation of lung cancer.59

Data Distribution: Severity of Disease (Table 2)

Group 2 patients (Table 2) were expected to show more
morbidity since they were all undergoing chemotherapy
and all were in more advanced cancer stages. This expec-
tation was confirmed by significant differences in all

items but anxiety (Bonferroni adjustment at 0.007 for 7
items).

Missing Data (Table 2)

Group 1 had 1 missing entry for the nausea/appetite item
with otherwise complete data for all 237 patients (Table
2). Four group 2 patients had no data for both the
FACT-G and FACT-LCS instruments. Exclusion of the
4 group 2 patients with no data left 249 for further anal-
ysis. There were 4 group 2 instances of missing data for
the nausea, depression, and anxiety items and 5 instances
of missing data for the pain item. Three group 2 missing
data points were seen for each of the dyspnea, cough,
and appetite items. Any parceled indicators with missing
item data for 1 or more items were designated as missing
for that parceled indicator in a patient. These missing
data resulted in a range of 243 to 249 group 2 patients
with complete data by item for the 1-parcel model and
236 to 237 group 1 patients (Table 2). In the 3-parcel
model, there was a range of 236 to 237 group 1 patients
and a range of 243 to 245 group 2 patients with complete
item data (not shown in Table 2). Full information maxi-
mum likelihood was used by default in MPlus.

Invariance Testing: 1-Parcel Model with
1- and 2-Factor Specifications (Figures 2
and 3, Table 3)

MIs for allowed residual item covariances (3.84 and
higher considered) were used sparingly to reflect the
known close relationship between residuals of some
domains as noted in the above justifications (Figures 2

Table 2 Severity of Disease By FACT Items in Groupsa

Group 1 Group 2

Variable n Median Mean Mean Rank n Median Mean Mean Rank
Two-Tailed
P Value

Anxiety 237 3.00 2.65 245.44 245 3.00 2.59 237.69 0.53
Cough 237 3.00 3.17 276.95 246 3.00 2.57 208.33 \0.001
Depression 237 4.00 3.28 270.63 245 3.00 2.84 213.32 \0.001
Fatigue 237 3.00 2.54 263.61 249 2.00 2.17 224.36 0.002
Nausea-appetite lossb 236 4.00 3.55 291.58 243 3.00 2.96 189.91 \0.001
Pain 237 4.00 3.19 266.97 244 3.00 2.72 215.78 \0.001
Dyspnea 237 3.00 3.06 270.32 246 3.00 2.55 214.72 \0.001

FACT, Functional Assessment of Cancer Therapy.
aMann-Whitney test comparison of items across groups.
bItem data are from the 1-parcel model, using the original nausea and/or item in group 1 and the average parcel for nausea and appetite items in

group 2. Items are all on a 0 (worst) to 4 (best) ordinal scale as used in the FACT instruments.
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and 3, Table 3). Allowed residual covariances were added
1 at a time across groups followed by reestimation. As
expected, the largest MI initially in the configural model
was from the covariance between anxiety and depression
residuals (MI 34.96 and 27.30 within groups 1 and 2,
respectively, in the 1-factor model and 33.88 and 26.84,
respectively, in the 2-factor model). Subsequently, the
known symptom cluster of fatigue, cough, and dyspnea
was included by MI results for dyspnea and cough and
dyspnea and fatigue in the 1-factor model and dyspnea
with cough in the 2-factor model. These covariances were
included in both groups for the configural model and

carried through the metric and scalar models. There were
other residual covariances that could have been included
with justification, but we felt they were not at the evi-
dence level of the Cheville et al.35 study and the literature
on anxiety and depression. Following these meaningful
respecifications, the metric versus configural comparison
showed a nonsignificant x2 difference test in both models
(Table 3). At the scalar level in the 1-factor model, the
fatigue intercept constraint was released in the first step
(MI 8.77 in both groups) and the pain intercept in the
second (MI 5.7 in both groups after fatigue release),
reflecting differences in the mean amounts of those

0.90
0.72

2.89
2.53

2.92
2.78

Model “A”
1-Parcel 2-Factors

Configural (M2 in Table 3)

3.26
2.40

Model “A”
1-Parcel 2-Factors

Metric (M3 in Table 3).

Model “A”
1-Parcel 2-Factors

Partial Scalar (M4d. Table 3)

Fig.2

0.62
0.69

0.55
0.39

0.31
0.30

0.52
0.64

0.88
0.80

0.62
0.52

0.35
0.40

0.80
0.51

0.73
0.59

0.90
0.91

0.69
0.85

0.43
0.34

0.37*
0.23

0.35
0.45

0.45
0.70

0.81
0.78

Factor

Dyspnea PainFatigue Anxiety G1- Nausea and/or Appetite Loss item
G2- Parcel: Nausea, Appetite Loss Cough Depression

Factor** 0.87
0.74

0.65
0.67

0.48
0.47

0.28
0.32

0.55
0.61

0.85
0.83

0.58
0.55

0.46
0.29

0.72
0.61

0.70
0.63

0.92
0.90

0.77
0.78

0.43
0.33

0.91
0.72

0.38
0.41

0.53
0.62

0.73
0.84

Factor

Dyspnea PainFatigue Anxiety G1- Nausea and/or Appetite Loss item
G2- Parcel: Nausea, Appetite Loss Cough Depression

Factor

0.65
0.67

0.46
0.45

0.27
0.32

0.56
0.62

0.85
0.83

0.58
0.55

0.46
0.29

0.72
0.61

0.69
0.61

0.93
0.90

0.79
0.80

0.44
0.33

0.35
0.27

0.35
0.27

0.38
0.41

0.53
0.62

0.73
0.84

Factor

Dyspnea PainFatigue Anxiety G1- Nausea and/or Appetite Loss item
G2- Parcel: Nausea, Appetite Loss Cough Depression

Factor

* Note covariances in this figure as 
well as Figure 3 are included as 
per literature and as described in 
text. 

3.23
2.48

2.33
2.28

3.69
2.96

4.11
3.78

χ2 χ2 p CFI RMSEA
90%CI

22.05 0.46 1.0 0.0
0.00-0.054

χ2 χ2 p CFI RMSEA

29.74 0.33 1.0 0.02
0.00-0.056

χ2 χ2 p CFI RMSEA

30.37 0.35 1.0 0.02
0.00-0.054

** Factors assigned as in text and 
Cheville et. al.

Figure 2. Measurement invariance parameter estimates for 1-parcel 2-factor model (Model ‘‘A’’).
Standardized estimates are shown for interpretability. Any inequalities are due to the factor and variable variances which are used for

standardization and are being allowed to be unequal while unstandardized loadings are constrained to equality in the model. Residual variances

(ellipses) are seen below each variable. 2-headed arrows and estimates show allowed residual covariances (see text). Each pair of parameter

estimates show Group 1 results atop Group 2. Non-invariant (unconstrained freely estimated) intercepts according to Satorra-Bentler adjusted

x2 difference tests are reported in a box below the affected variable. Abbreviated fit statistics are shown with each invariance testing stage.

Complete fit details are shown in Table 3.
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specific variables across groups 1 and 2 above and
beyond any differences in the underlying HrQoL con-
struct. Following these respecifications, the (partial) sca-
lar versus metric comparison yielded a statistically
nonsignificant x2 difference in the 1-factor model.
Remarkably, 4 intercepts required release in the 2-factor
model to get to a nonsignificant x2 difference test. Other
fit indices showed acceptable results at all invariance test-
ing levels in both models (Table 3). Standardized para-
meter estimates are shown in Figures 2 and 3 and
unstandardized output in supplemental data. There was
little issue noted in local fit, with correlation residuals
usually below 0.10 (Table 3).

Invariance Testing: 3-Parcel Model
(Figure 4, Table 3)

The second 3-parcel model showed reasonable fit at the
configural, metric, and scalar levels without further mod-
ification. x2 difference tests were statistically nonsignifi-
cant when comparing the configural to metric and the
metric to scalar models (Figure 4, Table 3).

External Correlates

A correlation matrix constructed with prior EORTC
data from group 1 was set against similar item domains

2.94
2.58

3.16
2.58

2.41
2.34

4.12
3.78

2.35
2.36

3.69
2.97

Factor

DyspneaPain Cough Anxiety G1- Nausea and/or Appetite 
G2- Parcel: Nausea, Appetite  Fatigue Depression

0.63
0.64

0.42
0.40

0.46
0.47

0.66
0.66

0.47
0.44

0.21
0.24

0.56
0.60

0.60
0.60

0.56
0.57

0.79
0.78

0.82
0.84

0.68
0.64

0.96
0.94

0.78
0.81

0.45
0.34

0.36
0.28

0.10
0.29

Model “B”
1-Parcel 1-Factor

Configural (M2 in Table 3)

Factor

DyspneaPain Cough Anxiety G1- Nausea and/or Appetite 
G2- Parcel: Nausea, Appetite  Fatigue Depression

0.61
0.67

0.35
0.41

0.40
0.55

0.72
0.62

0.55
0.38

0.31
0.29

0.52
0.63

0.63
0.56

0.48
0.62

0.84
0.70

0.88
0.83

0.73
0.61

0.90
0.92

0.70
0.85

0.43
0.34

0.37
0.27

0.10
0.29 Factor

DyspneaPain Cough Anxiety G1- Nausea and/or Appetite 
G2- Parcel: Nausea, Appetite  Fatigue Depression

0.64
0.64

0.40
0.37

0.49
0.50

0.67
0.66

0.49
0.46

0.28
0.31

0.55
0.59

0.60
0.59

0.56
0.57

0.76
0.75

0.84
0.86

0.70
0.65

0.92
0.90

0.76
0.79

0.43
0.33

0.36
0.29

0.08
0.28

2.91
2.77

Model “B”
1-Parcel 1-Factor

Metric (M3 in Table 3)

Model “B”
1-Parcel 1-Factor

Partial Scalar 
(M4b. in Table 3)

χ2 χ2 p CFI RMSEA
90%CI

27.99 0.18 0.99 0.03
0.00-0.07

χ2 χ2 p CFI RMSEA
90%CI

35.61 0.15 0.99 0.03
0.00-0.06

χ2 χ2 p CFI RMSEA
90%CI

44.51 0.07 0.98 0.04
0.00-0.07

Figure 3. Measurement invariance parameter estimates for 1-parcel 1-factor model (Model ‘‘B’’).
Abbreviated fit statistics (see also Table 3), standardized parameter estimates and allowed residual covariances as described in text are shown.
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from the FACT-LUI (see supplemental data). These data
showed reasonably strong correlations with each other:
depression items: r = 0.78, fatigue: r = 0.72, dyspnea:
r = 0.78, pain: r = 0.66, cough: r = 0.87, nausea-
appetite loss: r = 0.80, anxiety: r = 0.65. The summated
scores of the EORTC items showed a 0.87 Pearson corre-
lation with summated FACT-LUI items. Finally, in
Swan et al.,23 a correlation was shown between visual
analog scale data in each patient and the sum of their
FACT-LUI items of 20.60. This is expected because
higher utility would be seen with less morbidity and thus
a lower summated score for the items.

Discussion

The straightforward 1-factor model specification seemed
clear from the results and was theoretically attractive
since the original index is meant as a summary measure
of lung cancer HrQoL. Although the FACT-LUI was
developed with more of a formative frame of reference,
CFA was still feasible in our case due to the ability of
such constructs to fit reflective models while having ade-
quate judgmental/structural independence during the
index valuation process. Such independence is usually
assumed by clinical domain selection and a lack of diffi-
culty seen in respondents during index valuation sessions.

Model “C”
3-Parcel 1-Factor

Configural
(M2 in Table 3)

Factor

Parcel: Anxiety, 
Depression

Parcel: Fatigue, 
Dyspnea, CoughPain G1-Nausea and/or Appetite  

G2-Parcel: Nausea, Appetite

0.64
0.54

0.59
0.64

0.75
0.83

0.73
0.56

0.60
0.68

0.64
0.60

0.52
0.66

0.50
0.41

Model “C”
3-Parcel 1-Factor

Metric
(M3 in Table 3)

Model “C”
3-Parcel 1-Factor

Scalar
(M4 in Table 3)

Factor

Parcel: Anxiety, 
Depression

Parcel: Fatigue, 
Dyspnea, CoughPain G1-Nausea and/or Appetite  

G2-Parcel: Nausea, Appetite

0.61
0.56

0.61
0.63

0.82
0.78

0.69
0.60

0.63
0.66

0.62
0.61

0.56
0.63

0.42
0.47

Factor

Parcel: Anxiety, 
Depression

Parcel: Fatigue, 
Dyspnea, CoughPain G1-Nausea and/or Appetite  

G2-Parcel: Nausea, Appetite

0.66
0.62

0.60
0.62

0.84
0.80

0.65
0.55

0.59
0.62

0.63
0.62

0.59
0.68

0.40
0.45

3.01
2.57

3.69
2.93

3.41
3.11

4.02
3.69

χ2 χ2 p CFI RMSEA
90%CI

1.54 0.82 1.0 0.0
0.00-0.06

χ2 χ2 p CFI RMSEA
90%CI

4.40 0.73 1.0 0.0
0.00-0.06

χ2 χ2 p CFI RMSEA
90%CI

11.12 0.35 1.0 0.02
0.00-0.08

Figure 4 Measurement invariance parameter estimates for 3-parcel 1-factor model (Model ‘‘C’’).
Abbreviated fit statistics (See also Table 3) and standardized parameter estimates are shown.
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However, a more formal demonstration of feasibility of
structural independence in an index was reported during
development of the PROPr.12,60

Not all FACT-LUI items had favorable factor load-
ings, as was the case with the anxiety domain and to a les-
ser degree the cough domain. It could be argued that an
item querying about worry that one’s disease may prog-
ress might not adequately sample the anxiety morbidity
present. In group 2, there were data for other FACT
items available. To explore this finding, we evaluated an
anxiety item of interest from FACT-G not in the FACT-
LUI (‘‘I feel nervous’’). We suspected this item may be
more encompassing of this construct. Interestingly, this
item tapped into less morbidity than the original item did
(P = 0.02, Wilcoxon signed rank, n = 245) in group 2.
The 3-parcel model may have supported the apparent
weaker loadings in anxiety and cough to better represent
the construct centroid of these constructs via depression
and dyspnea37 items, respectively.

A criticism of parceling is that while it may minimize
item-specific or unique variance and enhance communal-
ity, it could conceivably enhance model fit while obscuring
multidimensionality.25,37 Multidimensionality appeared
unlikely in our models, given their small size and 2 highly
correlated factors in initial work. Furthermore, the
FACT-LUI being disease specific may have increased the
likelihood of unidimensionality. In these 1-factor models,
we observed full measurement invariance through the sca-
lar level with a 3-parcel solution based on x2 difference
testing, but we observed metric invariance in both the
1-parcel and 3-parcel models, requiring only 2 scalar inter-
cept releases in the 1-parcel model. Leaving aside the x2

difference tests, all other measures gave acceptable results
at the scalar level with no intercept releases in the 1-parcel
model (Table 3). The proposed 3-parcel CFA model seems
reasonable in its context based on the clinical co-
occurrence of anxiety with depression, nausea with appe-
tite loss, and the chronic symptom cluster of fatigue,
cough, and dyspnea.

Invariance results were encouraging given an expected
degree of group morbidity differences that could stress a
model (Table 2). The only domain without a significant
difference between groups was anxiety, although its mean
item score still reflected greater morbidity in group 2.
This result may be explainable on the basis that lung can-
cer is a devastating disease; hence, anxiety about disease
progression may be considerable, no matter where in the
disease trajectory one is located.

Due to the usual broad conceptualization of
preference-based indices, it might be argued that some
substantial aspect of this CFA could be formative in its

modeling. Recent work with the EQ-5D has investigated
specifications that variously incorporated items as for-
mative.13 However, the distinction of formative versus
reflective items is much clearer cut in the EQ-5D than in
the FACT-LUI. As described above, the latter has items
of a greater symptom orientation while still covering the
pain, physical, and psychological domains needed in util-
ity indices.11

CFA studies are often to some degree exploratory
since some respecification is generally needed. Our use of
modification indices for a small number of residual cov-
ariances was justified by the work of others. Fortunately,
there is a large literature on quality of life in cancer, par-
ticularly for symptom clusters that help to inform CFA
models of this type.

In general, other model specifications such as second-
order and bifactor approaches might be considered. In
our case, the 2-factor model (model A) would be the only
alternative in such specifications. A second-order model
is infeasible because a second-order factor model with 2
first-order factors as indicators is underidentified. Our
application of a bifactor approach added to the 2-factor
model caused multiple Heywood cases. When these cases
are resolved by constraining residual variances in the
affected items, a bifactor structure did not contribute to
the model substantively, since the 2 residualized factors
used from model A had little variance left to explain out-
side of the general factor. This was indicated by multiple
nonsignificant residualized factor loadings and by a high
correlation of nonstandardized loadings in the prior 1-
factor model with the general factor of the bifactor model
(r = 0.98, 95% CI 0.9486–0.9951). Therefore, a 1-factor
model is strongly suggested.

Limitations

In addition to usual concerns about the existence of mul-
tidimensionality being obscured by parceling, it is often
done in a more random fashion,61 which calls into ques-
tion the validity of any group of items parceled.
Furthermore, this method is applied more often when a
large group of items is being evaluated to assist in dimen-
sion reduction. In contradistinction, in our application
with few items, we were careful to use this approach only
where there was strong clinical evidence of a close rela-
tionship justifying parceling and/or allowing item resi-
dual covariances.

Historically, the expectation in CFA is for larger sam-
ple sizes, such as greater than 200,62 which we meet.
However, more recently, methodological research has
shown that much smaller sample sizes may be adequate

12 MDM Policy & Practice 8(2)



for CFA.63,64 Furthermore, in terms of invariance mea-
surement, fixed standards are difficult to define due to
variations in factor quality65,66 that normally occur and
the fact that invariance is an effect size of sorts that can-
not be known ahead of time. Based on the relevant meth-
odological literature, then, we expect that our sample
sizes are more than adequate in both the case of CFA
and invariance measurement.

A potential weakness of psychometric evaluations
such as ours in indices such as the EQ-5D or the FACT-
LUI is that preference-based measures are by necessity
parsimonious, which goes against the conventional wis-
dom of psychometric evaluation where there are at least
3 or more items often used to separate error from var-
iance and loadings. Thus, there is an element of uncer-
tainty that is inherent to the comparison of formative
versus reflective methodologies.

One might argue that having some patients in a for-
mal trial in active therapy (group 2) and another group
in which patients are in various points in their disease
trajectory makes the 2 groups different and so not appli-
cable to invariance measurement. We argue that they are
much more similar than not and are in fact a good test
of invariance. All are lung cancer patients and all come
from large academic institutions; thus, they are very
likely to have been a part of some type of trial at some
point. Group 2 had an expected higher level of morbid-
ity, which is apparent in the results, but any good mea-
sure of HrQoL should be robust to such circumstances.
Finally, the fact that almost all have non–small-cell car-
cinoma and a small minority do not is irrelevant to con-
cerns about group differences, since lung cancer HrQoL
measures do not differentiate by tissue type.33,67

Conclusions

The FACT-LUI shows potential for diverse applications.
A preference-based index showing such evidence of rea-
sonable psychometrics at the CFA level suggests multiple
applications in a small package. These capabilities fur-
ther allow easy incorporation into clinical trials with a
minimum of effect on the burden of a protocol. Such a
measure is likely to be advantageous in current circum-
stances, where the trajectory of cancer care shows that
economic analysis is critical for the future68–70 alongside
other patient-reported outcomes.
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