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with Swing Weighting to Estimate Attribute
Relative Importance: A Case Study in Lung

Cancer Patient Preferences

J. Veldwijk* , I. P. Smith* , S. Oliveri , S. Petrocchi, M. Y. Smith,

L. Lanzoni, R. Janssens, I. Huys, G. A. de Wit** , and

C. G. M Groothuis-Oudshoorn**

Introduction. Discrete choice experiments (DCE) are commonly used to elicit patient preferences and to determine
the relative importance of attributes but can be complex and costly to administer. Simpler methods that measure
relative importance exist, such as swing weighting with direct rating (SW-DR), but there is little empirical evidence
comparing the two. This study aimed to directly compare attribute relative importance rankings and weights elicited
using a DCE and SW-DR. Methods. A total of 307 patients with non–small-cell lung cancer in Italy and Belgium
completed an online survey assessing preferences for cancer treatment using DCE and SW-DR. The relative impor-
tance of the attributes was determined using a random parameter logit model for the DCE and rank order centroid
method (ROC) for SW-DR. Differences in relative importance ranking and weights between the methods were
assessed using Cohen’s weighted kappa and Dirichlet regression. Feedback on ease of understanding and answering
the 2 tasks was also collected. Results. Most respondents (.65%) found both tasks (very) easy to understand and
answer. The same attribute, survival, was ranked most important irrespective of the methods applied. The overall
ranking of the attributes on an aggregate level differed significantly between DCE and SW-ROC (P \ 0.01).
Greater differences in attribute weights between attributes were reported in DCE compared with SW-DR
(P \ 0.01). Agreement between the individual-level attribute ranking across methods was moderate (weighted
Kappa 0.53–0.55). Conclusion. Significant differences in attribute importance between DCE and SW-DR were found.
Respondents reported both methods being relatively easy to understand and answer. Further studies confirming
these findings are warranted. Such studies will help to provide accurate guidance for methods selection when study-
ing relative attribute importance across a wide array of preference-relevant decisions.
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Highlights

� Both DCEs and SW tasks can be used to determine attribute relative importance rankings and weights;
however, little evidence exists empirically comparing these methods in terms of outcomes or respondent
usability.

� Most respondents found the DCE and SW tasks very easy or easy to understand and answer.
� A direct comparison of DCE and SW found significant differences in attribute importance rankings and

weights as well as a greater spread in the DCE-derived attribute relative importance weights.
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As health care systems evolve toward more patient-
centered care, there has been an increased interest in
using patient preferences to support decision making to
optimize care from product and process development to
authorization and reimbursement.1–3 Patient preference
assessments measure what patients value in their health
care and can be used to compare different aspects of care
and tradeoffs patients find acceptable.4,5 Patient prefer-
ences can be elicited using a variety of methods.6,7

One frequently used method to elicit and quantify
patient preferences is a discrete choice experiment
(DCE).6 DCEs are based on the random utility theory
and require respondents to answer several choice tasks in
which they are presented with multiple alternatives repre-
senting different health care options. The alternatives are
described using a set of attributes with varying levels.4,8,9

From these alternatives, respondents choose the option
with the highest personal utility.9–12 Based on the choices
respondents make, the impact each attribute has on the
utility is estimated, and the relative importance of the
included attributes can be inferred from these esti-
mates.9,13,14 DCEs can thus be used to prioritize attri-
butes of different care paths, calculate the relative
importance of these attributes, and identify potential tra-
deoffs that patients are willing to make between these
different attributes. The validity of DCE findings is well
supported.4,15 However, DCEs have been criticized for
being complex for both researchers and respondents.
First, DCEs require expert knowledge for generating for-
mal experimental designs16 and running the required
complex statistical modelling techniques.9 Second, DCEs
are generally considered to be cognitively burdensome to
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respondents, making them less than ideal for participants
who have cognitive impairments.17,18 In addition, they
require relatively large sample sizes,19 making them inap-
propriate for administration in, for example, rare disease
populations. The combination of expert input and large
sample size renders relatively high study costs and long
study duration.18,19

Researchers as well as stakeholders who use prefer-
ence information (i.e., representatives from the pharma-
ceutical industry and regulatory and reimbursement
bodies) have expressed the need to compare DCEs to
other, simpler methods.22 This will help guide method
selection for use in patient preference studies that are
budget and or time sensitive, conducted in rare disease
areas, and for which Marginal Rate of Substitution
(MRS) or predicted uptake are not among the required
outcome measures (e.g., prioritization of unmet medical
needs or endpoint selection for clinical trials).

Swing weighting (SW) has been identified as a ‘‘sim-
pler’’ preference elicitation method and was identified by
researchers and other stakeholders as a promising
method23 to be applied when attribute importance is an
outcome of interest to inform decision making.24 In SW
tasks, respondents are presented with a list of attributes
used to define a health care treatment option. Each attri-
bute on the list shows the ‘‘swing’’ from the attribute’s
worst level to its best level (worst and best levels are
determined a priori). The participant ranks these swings
based on how important improving that attribute is to
them. SW tasks are followed by a point allocation (PA)
or direct rating (DR) task. In such a task, respondents
state the value of each swing either by allocating a fixed
number of points (usually out of 100 points) between the
‘‘swings’’ or by directly rating each swing on a standard
point scale, with the top-ranked swing automatically
receiving the maximum possible number of points (usu-
ally 100 points).25 The results of an SW task can then be
used to identify attribute priorities, and the relative
importance weights of each ranked swing can be calcu-
lated using the proportion of points given to each
swing.26,27 This type of rating scale is an often-used way
to measure the relative importance, and thus utility, of
attributes. While some consider SW as simply a ranking
method,27 others argue that given the application of mul-
tiattribute value functions, SW (like DCE) is based on
the concepts and axioms described by von Neumann and
Morgenstern28 and is embedded in multiattribute utility
theory.29,30 The key difference is that SW does not
include a ‘‘random’’ component as choices in SW are
deterministic in nature.31 This enables researchers to
directly capture relative attribute weights at an individ-
ual level (whereas for a DCE, the relative importance

weights are estimated as a secondary outcome available
only after applying econometric modeling) and can be
done with smaller sample sizes and a greater number of
attributes compared with DCE studies.26,31 SW also does
not require a formal experimental design, making them
easier to develop, and they are believed to be cognitively
easier to complete than a DCE task.26,31

While both DCE and SW have been implemented in
health care preference research, empirical evidence
directly comparing DCE and SW outcomes in terms of
attribute relative importance and ease of comprehension
and completion is largely lacking.31,32 Where some stud-
ies compared DCE to other methods in different clinical
settings (e.g., DCE versus ordered categorical,33 DCE
versus best-worst-scaling,34–36 or DCE versus threshold-
ing,37,38 this study aimed to address this gap in knowl-
edge by empirically comparing DCE and swing
weighting with direct rating (SW-DR)–derived attribute
relative importance rankings and weights. Since both
methods claim they can be used to determine attribute
relative importance rankings and weights, applying them
to a similar research question should result in compara-
ble estimates.

Methods

Study Context and Ethics

The outcomes of a study assessing the preferences of Ita-
lian and Belgian patients with non–small-cell lung cancer
(NSCLC) for treatment was used for this comparative
analysis. Details on the study design have been published
elsewhere.39,40 This case study was identified as suitable
for the comparison of DCE and SW-DR due to the
potentially fragile physical state or diminished cognitive
status of the patients.41–44 The current study included
DCE and SW exercises in the ways these methods typi-
cally would be applied to answer a particular clinical
research question. The study was approved by the Ethi-
cal Committee of the European Institute of Oncology
IRCCS (IEO, Milan, Italy; reference R1142/20-IEO
1206) and the Ethische Commissie Onderzoek UZ/KU
Leuven (Belgium; reference S63007).

Respondents and Recruitment

Patients with NSCLC were recruited through clinical
partners in Italy and Belgium. Respondents were selected
and referred to the PREFER research team by the treat-
ing oncologists at cancer treatment centers in Belgium
and in Italy.40 To be eligible, patients had to understand
Italian or Dutch, be 18 y or older, and have a histologic
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or cytologic diagnosis of NSCLC as evaluated by clini-
cians. Patients were not eligible if they (as evaluated by
the clinician): 1) had cognitive impairments rendering
the participant incapable of informed consent or 2) were
unable to understand the study materials.

Attribute and Level Selection

Attributes and levels were identified and refined accord-
ing to best practices and guidelines.9,45–47 This included a
literature review, 6 nominal group technique–based focus
groups in Italy and Belgium with NSCLC patients,48,49

and a multistakeholder discussion with clinicians and
preference experts.50 Five attributes with 3 levels each
were identified as relevant for the study (see Table 1).

DCE Experimental Design

A Bayesian D-efficient design consisting of 2-unlabeled
alternative-forced-choice tasks was constructed for the
DCE using Ngene (ChoiceMetrics, Sydney, Austra-
lia).16,51 A total of 36 unique choice tasks were generated,
which were divided over three 12-choice task blocks.
Respondents were randomly assigned to complete 1 of
those blocks. Attribute prior information for DCE design
optimization was generated using previously published

literature and best guesses. The survey was pilot tested
among respondents in Italy (N = 50), with the outcomes
of a conditional logit model used to inform the final
experimental design. Interactions between the attributes
‘‘5-y survival’’ and, respectively, ‘‘Risk of long-lasting
skin problems,’’ ‘‘Risk of extreme tiredness,’’ and ‘‘Mode
of administration’’ were accounted for in this design. An
example of a DCE choice task can be found in Figure 1.

SW Design

An SW-DR task was developed using the same attributes
and levels used in the DCE. In the SW section, respon-
dents were first asked to choose the attribute they pre-
ferred to swing from the lowest (worst) to the highest
(best) level. Respondents were asked to rank all other
swings subsequently from most to least preferred (see
Figure 1A). The order in which the swings were pre-
sented was randomized in this section. In the DR section,
respondents were asked to rate each of the swings rela-
tive to the others by giving it between 0 and 100 points,
except for the highest ranked swing, which automatically
received 100 points25 (see Figure 1B). This reflects the
relative valuation of the importance of the different
swings. Respondents were instructed on what this rela-
tive rating means as follows: ‘‘If you give 50 points to

Table 1 Attributes and Levels Included in the Discrete Choice Experiment and the Swings Used in the Swing Weighting

Attribute Level

How the treatment is being given to you (mode) Oral treatment
Intravenous infusion lasting 24 h
Intravenous infusion lasting 12 h

Chance of surviving 5 y after beginning cancer treatment (5-y survival) 10%
20%
40%

Risk of persistent skin problems (skin problems) 10%
20%
40%

Risk of being extremely tired (tiredness) 10%
40%
60%

Severity of hair loss (hair) No hair loss
Weakening/thinning of the hair

Complete loss of hair

Swing Worst Best

How the treatment is being given to you Intravenous infusion lasting 24 h Oral treatment
Chance of surviving 5 y after beginning of the
cancer treatment

10% 40%

Risk of persistent skin problems 40% 10%
Risk of being extremely tired 60% 10%
Severity of hair loss Complete loss of hair No hair loss
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improve a feature, it means that you think improving it
is half as important as improving the top ranked attri-
bute because you gave it half as many points.’’ This
unrestricted valuation is assumed to be simpler for
respondents than PA from a fixed pool and has been

found to be more reliable than restricted PA methods,52–
55 making it more suitable for this study population, who
may have more fragile physical states or diminished cog-
nitive status.41–44

Survey

Both the DCE and SW-DR tasks were included as parts
of a one-time online survey with respondents able to
pause and return to the survey. The survey was pro-
grammed in Sawtooth software (lighthouse studio 9.13)
and consisted of 6 parts. First, respondents were
informed about the study and provided consent for data
collection prior to answering sociodemographic and
medical history–related questions. Second, respondents
watched 2 different educational videos consisting of text
and animations with voiceovers giving 1) an introduction
with information on lung cancer and detailed descrip-
tions of the attributes and levels included and (2) instruc-
tions on how to complete the first-choice task. Third,
respondents were randomly assigned to receive either the
DCE or SW task first to avoid any ordering effects.
Fourth, respondents completed quality of life–related
questions (EQ-5D).56,57 Fifth, respondents watched a
video with instructions on how to complete the second
choice task. Finally, respondents were asked to complete
psychosocial measures including measures of health
literacy.58,59

After each choice task, respondents were given 2 feed-
back questions about ease of understanding and answer-
ing the choice tasks on a 5-point Likert-type scale
ranging from very easy to very difficult. The survey was
pretested with 5 lung cancers patients in think-aloud
interviews.

Statistical Analysis

Contrary to common practice in applied preference
research, in this study, only surveys of respondents who
completed both DCE and SW choice tasks were included
in the analysis to facilitate within-person comparisons.
One respondent was excluded from the data set due to
flatlining behavior (defined as always choosing A or
always choosing B). Statistical analysis was performed
with Nlogit version 6 and R version 4.0.4. A significance
level of P \ 0.05 was used for all analyses. All analyses
were performed separately for data from Italy and Bel-
gium to ensure most accurate methods comparison mea-
sures and avoid conflating potential scale heterogeneity
between countries.60

Figure 1 Illustration of survey elements. (A) Swing weighting
(SW) ranking task in which respondents sort the swings in
attributes from worst level to best level by priority for
improvement in a treatment. (B) SW direct rating task in
which patients rate the swings relative on a scale from 0 (not
at all important) to 100 (as important as the most important
improvement). (C) Discrete choice experiment choice task in
which respondents choose their most preferred treatment
(pop-up shown to explain risk attribute).
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Respondent background characteristics. Respondent
background characteristics (including general demo-
graphic and medical history information) were categor-
ized and are presented as counts with percentages.

DCE analysis. Random parameter logit models (RPLs)
were used to analyze the DCE data. Such models adjust
for the fact that panel data were collected and adjusted
for the multilevel structure of the data.9,13 In addition,
these models allow to include attribute (levels) as random
parameters to adjust for the effect of preference heteroge-
neity.9,13 All risk and benefit attributes were assumed to
be linear, and the categorical attributes were dummy
coded. The significance level of the standard deviation of
the attributes was used to test which attributes should be
included in the final model as random parameters
(assuming normal distributions) to account for prefer-
ence heterogeneity. The utility equation below formu-
lates the outcomes of these procedures and displays the
final utility model tested in the analysis. The systematic
utility component (V) describes the measurable utility of
a specific treatment based on the attributes included in
the DCE. The b1–b7 coefficients represent the attribute-
level estimates indicating the relative importance of each
attribute level for individual i. A constant term was
included in model exploration (i.e., to test for reading
order bias), but it was found to be insignificant and
removed from the final model.

V=b1, i
�Modeinfusion at hospital for 12 hours

+b2, i
�Modeinfusion at hospital for 24 hours +b3, i

� 5� year

Survival+b4, i
�Risk of long� lasting skin problems

+b5, i
�Risk of extreme tiredness

+b6, iHair losssome loss +b7, iHair lossno loss

A choice task-order variable was included in the model
as an interaction term with the attribute levels to test
whether the task order (i.e., DCE first or SW first) influ-
enced the outcomes, which turned out insignificant. Pre-
specified interaction terms that significantly contributed
to model fit (as assessed using a log-likelihood [LL] ratio
test) were included in the model. Individual specific con-
ditional parameter estimates were estimated for each
respondent using the final model. Individual attribute
weights and rankings were calculated with these para-
meter estimates (by calculating the total impact of each
attribute on utility and standardizing to a total of 100,
where the highest weight represents highest rank) and
averaged to estimate the mean population weights and
rankings.

SW analysis. The SW analysis was performed by analyz-
ing the patients’ rankings of the attributes and the points
allocated to the different attributes. The individual attri-
bute relative importance weights were calculated using
both the rank-ordered centroid (ROC) weight method
and the DR weight method per patient. The ROC weight
method calculates a relative weight representing the dis-
tance between adjacent ranks on an ordinal or normal-
ized scale.61

The ROC weight for an attribute with rank i equals
(in case of 5 attributes):

wi =
1

5

X5

n= i

1

n
, i= 1, . . . , 5:

The DR method is used to generate individual propor-
tional weights for an attribute with rank i and allocated
points pi and equals (in case of 5 attributes):

wi =
piP5

i= 1 pi

, i= 1, . . . , 5:

These individual weights were averaged over all patients
per country to obtain the average weights, which are the
equivalent of the attribute relative importance weights
resulting from DCEs.

Comparison between methods
Respondent feedback. Frequencies and chi-square

tests were conducted to compare the feedback of respon-
dents regarding their perceived difficulty in understand-
ing and answering the DCE and SW questions.

Comparing attribute importance ranking. Based on
the outcomes of the RPL of the DCE and the SW-ROC,
attribute ranking was compared. Ranking agreement
(based on individual-level estimates from the DCE and
SW-ROC) was evaluated with Cohen’s weighted kappa,
which measures interrater reliability while accounting for
chance similarities in rating.62,63 Differences in the rank-
ing based on DCE and SW-ROC were analyzed and
tested with an ordered logit model.64

Comparing attribute importance weighting. Based on
the outcomes of the RPL of the DCE and the SW-DR,
attribute weighting was compared. Differences in the
weighting based on DCE and SW-DR were analyzed
and tested using Dirichlet regression models.65 Dirichlet
regression models can be regarded as a generalization of
beta regression models for proportions and percentages
and are particularly suited for the analysis of composi-
tional data (i.e., for weights that add up to 1).66 In a
Dirichlet regression model, the aggregate attribute
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weights are assumed to be distributed with a Dirichlet
distribution with parameters mi, i = 1,., 5, mean attri-
bute weights that add up to 1, and a precision parameter
u (according to the so-called alternative parametriza-
tion).67 The mean attribute weights are modeled with a
logit link function similar to logistic regression:

logit mið Þ= hi = b0, i +b1, iDSW , i=1, . . . , 5

Here, the logit of m for individual i is equal to the linear
predictor h and is modeled with an intercept b0, i, repre-
senting the DCE, and with a dummy variable DSW for
the method as covariate. We defined the attribute 5-y sur-
vival as the base category, with b0, survival =b1, survival = 0.
In this way, the corresponding values of mi equal

mi =
ehi

P5
j= 1 ehi

andmsurvival =
1

P5
j= 1 ehi

:

The precision parameter is modelled with a log link func-
tion with method as covariate:

log uð Þ= a0 +a1DSW :

The parameter estimates b1,i can be interpreted as odds
ratios after exponentiation relative to survival as base
category.66 Maximum likelihood estimation is used for
obtaining the parameter estimates.68 Finally, covariates
were added to the models to correct for possible effects
of method, for educational level, health literacy, gender,
age, cancer stage, and treatment history.

Results

Demographics

A sample of n = 307 NSCLC patients was obtained
from N = 560 requests to patients (n = 159 declined
invite; n = 94 withdrew consent). No significant differ-
ences were found between the countries in respondents’
gender, age, cancer stage, or family history of cancer.
Respondents in both countries differed significantly in
family and relationship status, x2(3) = 8.1, P = 0.045;
education level, x2(2) = 7.248, P = 0.027; and health
literacy, t (305) = 26.591, P \ 0.001. Patient demo-
graphic information can be found in Table 2.

Respondent Feedback

Most respondents found the DCE and SW tasks very
easy or easy to understand and answer (74.6% and
64.5% for DCE and 73.0% and 69.7% for SW, respec-
tively, in Italy and Belgium). The ease of understanding

and answering the DCE and understanding the SW task
was associated with educational level, with those who
had higher levels of education reporting greater ease
(P \ 0.001).

Comparing Attribute Importance Ranking

Table 3 shows attribute ranks for the 2 methods sepa-
rately per country (Appendix Tables A1 and A2 show
the original attribute-level estimates of the DCE and the
ROC and DR estimates of the SW that were used for
these calculations). Five-year survival was the most
important attribute for most of the respondents, irre-
spective of the method. Agreement between the ranking
of the DCE and SW-ROC was moderate with weighted
Kappa correlation coefficients varying between 0.53 and
0.55. Despite the similar ranking of the 5-y survival and
tiredness attributes, the overall ranking of the attributes
differed significantly between DCE and SW-ROC tasks
for both countries (x2 = 2042.9, 4 df, P \ .0001 for
Italy; x2 = 1932.5, 4 df, P \ .0001 for Belgium; Table
4). For the Italian respondents, the attributes of mode
and hair swapped their rank (third or fifth) depending
on the method. For the Belgian respondents, the attri-
butes of mode, skin problems, and hair changed ranking
between being third, fourth, or fifth most important.

Comparing Attribute Importance Weighting

The weights of all the attributes differed substantially
between DCE and SW-DR (Table 3 and Figure 2). The
largest difference was found for the weight of ‘‘5-y sur-
vival,’’ which was much greater for the DCE (59%–63%
of total weight) than for the SW-DR methods (31%–
33%). The differences in the weights are evidenced in
their 95% confidence intervals, which minimally overlap
between methods (Table 3). The less important attributes
had different weights but were more comparable across
methods.

The outcomes of the Dirichlet regression models are
shown in Table 4. The odds ratio refers to the attribute
weights of all attributes relative to 5-y survival of the
SW-DR (with the DCE being considered the base case).
The aggregate attribute weights of the DCE and SW-DR
were significantly different (LL ratio = 466.4 for Italy, P
\ 0.0001; LL ratio = 435.0 for Belgium, P \ 0.0001).
Weights of the SW-DR were more equally divided over
the included attributes as compared with the DCE (in
the DCE, most of the weight was allocated to the 5-y sur-
vival attribute; Figure 3). Relative to survival, the attri-
bute importance weights calculated from the SW-DR for
skin problems, mode of administration, tiredness, and
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hair problems were significantly larger compared wit the
DCE weights (P \ 0.001). Moreover, for Italy, the
weights based on the SW-DR were significantly less dis-
persed (i.e., weighted more equally) compared with the
DCE (u = 0.75, CI: 0.64–0.87; P \ 0.001). These dif-
ferences remained highly significant even after correcting
for educational level, health literacy, gender, age, cancer
stage, and treatment experience.

Discussion

This study used empirical evidence to compare the rela-
tive importance of NSCLC treatment profile attribute
ranking and weighting when assessed using a DCE or

SW-DR task. Significant differences were found in the
relative ranking and weights of the attributes between
the SW-DR and the DCE. Similar results were found in
the 2 countries included in this study, supporting the the-
oretical validity of these study outcomes. In addition,
respondents generally indicated that both DCE and SW-
DR tasks were easy or very easy to understand and
answer.

The difference in relative attribute weights and rank-
ing is likely in part due to the differences in how the 2
methods assess patient preferences and how respondents
engage with the tasks. In an optimally designed DCE,
respondents are forced to weigh all attributes when
choosing and cannot directly state their individual

Table 2 Demographic Characteristics of the Sample

Italy (n = 158) Belgium (n = 149)

n % n %

Sex Male 88 55.7 89 59.7
Age at survey completion, y �71 56 35.4 45 30.2
Education No degree 0 0 6 4

Primary school 12 7.6 6 4
Middle school 37 23.4 30 20.1
Secondary school 51 32.3 51 34.2
Professional degree 19 12 26 17.4
Bachelor’s degree 4 2.5 0 0
Master’s degree 26 16.5 14 9.4
Postgraduate degree 5 3.2 2 1.3
Other 4 2.5 14 9.4

Family and relationship status Single no children 15 9.5 18 12.1
Single with children 12 7.6 17 11.4
Partner with children 64 40.5 38 25.5
Partner no children 67 42.4 76 51

Family history of lung cancer Yes 45 28.5 37 24.8
Cancer stage I, II 78 49.4 65 43.6

III, IV 80 50.6 84 56.4
Type of treatment No treatments 21 13.3 0 0

Surgery 94 59.5 78 52.3
Chemotherapy 55 34.8 88 59.1
Immunotherapy 35 22.2 78 52.3
Radiotherapy 35 22.2 46 30.9
Other 18 11.4 12 8.1
Don’t know 3 1.9 0 0

Lines of treatment No treatment 72 45.6 72 48.3
1 treatment 34 21.5 14 9.4
2 treatments 14 8.9 15 10.1
3 treatments 17 10.8 48 32.2
.3 treatments 21 13.3 0 0

Age when diagnosed, y \55 28 17.7 21 14.1
55–64 48 30.4 57 38.2
65–74 57 36.1 59 39.6
�75 25 15.8 12 8.1

Health literacy (newest vital sign) Very limited literacy 7 4.4 12 8.1
Limited literacy 40 25.3 32 21.5
Adequate literacy 111 70.3 105 70.5
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attribute valuations. In contrast to this multiattribute
nature of a DCE, in which the total utility of all attri-
butes guides choices, the SW-DR method is unrestricted,
allowing respondents to assign any number of points to

attributes (excluding the most important attribute, which
automatically receives 100 points).25 This may have
induced an equivalence bias, leading to a relative under-
valuing of the more important attributes and overvaluing

Figure 2 Relative attribute ranking and weights for Belgium (A) and Italy (B) calculated based on the discrete choice experiment

(DCE) data and the swing weighting (SW) data, using both direct ranking (DR) and rank-ordered centroid (ROC).

Figure 3 Comparison of the rankings derived from the ROC and DCE in Italy (A) and Belgium (B), and the attribute weighting
from the point task and the DCE in Italy (C) and Belgium (D).
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of the less important attributes.53 The potential presence
and impact of equivalence bias in SW experiments should
be tested in future research, as the current study was not
powered to test conclusions in this regard. Nevertheless,
a small explorative post hoc add-on study was conducted
(see Appendix B) to explore whether a restricted PA task
(forcing respondents to consider all attributes in assign-
ing points) results in more equivalent relative importance
weights to the DCE than the unrestricted DR task. In
this study, 14 (randomly selected) Italian patients who
previously completed the full survey were asked to com-
plete the SW-DR task from the original survey as well as
an additional restricted PA task. Respondents were asked
to divide a total of 100 points over 5 attributes rather
than simply rate each swing on a 100-point scale, thus
forcing respondents to account for all attributes when
allocating points.26 While small and underpowered due
to the explorative nature of this study, the results indicate
that weights based on this restricted PA task more closely
resemble the DCE study outcomes than those from the
unrestricted DR task, which replicate previous findings53

(see Appendix B). Further studies are needed to confirm
if findings from this exploratory analysis hold with larger
samples, different sample composition, and different
choice contexts to see whether differences remain and
compare the outcomes with DCE outcomes.

Surprisingly, respondents did not report the SW-DR
method being easier to understand and answer compared
with the DCE. While, on one hand, this supports the use
of SW-DR in future research on treatment preferences in
similar patient populations, it does not favor this method
over the DCE. Contrary, one could question whether
DCE choice tasks really are as difficult as previously has
been assumed. Respondents might be perfectly capable
to accurately complete such choice tasks, which would
‘‘call for a partial change in perspective toward this
method as being (too) complex and time consuming to
complete.’’37 In part, this might be affected by the steep
increase in the use of DCEs to elicit preferences,6 which
has undoubtfully led to increased familiarity among
researchers with accurate design and conduct of DCE
studies. Given that the SW method is relatively unex-
plored, this calls for further investigation into how best
to design such studies, with specific attention for the
validity and reliability of this method in studies aiming
to measure attribute relative importance ranking and
weights. While awaiting this evidence, the current study
outcomes support the use of DCE over SW-DR in pre-
ference assessment.

A primary strength of this study is that the empirical
evidence used to compare the 2 methods was generated
in a 1-time survey of NSCLC patients who completed

both methods, allowing for direct comparison of results.
The within-subjects design reduced the chance of con-
founding factors playing a role in different preference
outcomes. This survey was developed after an extensive
qualitative study in close collaboration with a multidisci-
plinary team of clinicians, patients, and researchers. The
tasks were explained using informational videos designed
for the study, and the online setting allowing respon-
dents to pause the educational material or the survey
and return to it at a later time in. The online setting also
allowed for multicountry, location-independent data col-
lection and access for those with more serious disease
complications or fatigue to participate, increasing the
generalizability of the findings to other NCSLC popula-
tions and reducing the chance of bias.

However, this study also had some limitations. First,
SW tasks were originally designed to be conducted in
person via a trained facilitator.26,31 The current study
was administered online, with respondents completing
the survey on their own. While online surveys are less
costly and time-consuming than interviewer-led studies
and SW surveys have previously been done online, the
presence of an interviewer allows for assistance and clari-
fication of questions or issues that could arise while the
participant is completing the choice task.69 This can be
especially helpful when attributes are complex or the tar-
get population experiences cognitive impairments.31 The
patient feedback questions indicated that the online set-
ting was not a problem for this study. Second, the sam-
ple was composed of relatively old and ‘‘fragile’’ NSCLC
patients, reducing generalizability to younger or less fra-
gile patient populations. Generalizability is also limited
by the fact that the digital format of the survey may have
discouraged those patients with lower digital literacy
from participating as well as those who lack access to
computer equipment or to the internet.70 Third, the cur-
rent study focused on medical decision making along the
medical product life cycle, which did not include clinical
or shared decision making. Because other outcome mea-
sures and potential methodological considerations might
be important when selecting a preference method, the
current findings might have limited generalizability
toward those situations. Finally, it is unclear whether
patients received support from relatives while completing
the survey. If this occurred, those supporting the patient
in completing the survey could have influenced the out-
comes of the survey such that the values measured did
not solely reflect the true values of the patient.

In conclusion, this study found significant differences
in attribute importance between DCE and SW-DR as
well as a greater spread in the DCE-derived relative
importance of the attributes. Respondents reported both

Veldwijk et al. 11



methods being relatively easy to understand and answer.
Further studies confirming these findings as well as SW
studies with restricted PA tasks are warranted to enable
the provision of accurate guidance for methods selection
when studying relative attribute importance across a
wide array of preference-relevant decisions. Such studies
will contribute to the knowledge base around the validity
and reliability of SW in health preference assessment,
support guidance for good research practices when using
this method, and help researchers decide which method
to use when assessing attribute relative importance rank-
ing and weights. While awaiting this evidence, the cur-
rent study outcomes support the use of DCE over SW-
DR in preference assessment.
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weighting methods used in multicriteria decision analysis

frameworks in healthcare with focus on low- and middle-

income countries. J Comp Eff Res. 2019;8:195–204.
28. von Neumann J, Morgenstern O. Theory of Games of Eco-

nomic Behavior. 2nd ed. Princeton (NJ): Princeton Univer-

sity Press; 1944.
29. Belton V, Stewart TJ. Multiple Criteria Decision Analysis.

Boston (MA): Springer; 2002. DOI: 10.1007/978-1-4615-

1495-4
30. Keeney RL, Raiffa H. Decisions with Multiple Objectives.

Cambridge (UK): Cambridge University Press; 1993. DOI:

10.1017/CBO9781139174084
31. Tervonen T, Gelhorn H, Sri Bhashyam S, et al. MCDA

swing weighting and discrete choice experiments for elicita-

tion of patient benefit-risk preferences: a critical assess-

ment. Pharmacoepidemiol Drug Saf. 2017;26:1483–91.
32. Whichello C, Smith I, Veldwijk J, de Wit GA, Rutten-van

Molken MPMH, de Bekker-Grob EW. Discrete

choice experiment versus swing-weighting: a head-to-head

comparison of diabetic patient preferences for glucose-

monitoring devices. PLoS One. 2023;18:e0283926.
33. Sadique Z, Cairns J, De Corte K, et al. A comparison of

ordered categorical versus discrete choices within a stated

preference survey of whole-blood donors. Med Decis Mak-

ing. 2023;43(3):362–73.
34. Soekhai V, Donkers B, Johansson JV, et al. Comparing

outcomes of a discrete choice experiment and case 2 best-

worst scaling: an application to neuromuscular disease

treatment. Patient. 2023;16(3):239–53. DOI: 10.1007/

s40271-023-00615-0
35. van Dijk JD, Groothuis-Oudshoorn CGM, Marshall DA,

IJzerman MJ. An empirical comparison of discrete choice

experiment and best-worst scaling to estimate stakeholders’

risk tolerance for hip replacement surgery. Value Health.

2016;19:316–22.
36. Rogers HJ, Marshman Z, Rodd H, Rowen D. Discrete

choice experiments or best-worst scaling? A qualitative

study to determine the suitability of preference elicitation

tasks in research with children and young people. J Patient

Rep Outcomes. 2021;5:26.
37. Veldwijk J, DiSantostefano RL, Janssen E, et al. Maximum

acceptable risk estimation based on a discrete choice experi-

ment and a probabilistic threshold technique. Patient.

2023;16:641–53.
38. Heidenreich S, Trapali M, Krucien N, Tervonen T,

Phillips-Beyer A. Two methods, one story? Comparing

results of a choice experiment and multidimensional

thresholding from a clinician preference study in aneurys-

mal subarachnoid hemorrhage. Value Health. Epub ahead

of print October 2023. DOI: 10.1016/j.jval.2023.10.002
39. Durosini I, Janssens R, Arnou R, et al. Patient preferences

for lung cancer treatment: a qualitative study protocol

among advanced lung cancer patients. Front Public Health.

2021;9:622154.
40. Monzani D, Petrocchi S, Oliveri S, et al. Patient preferences

for lung cancer treatments: a study protocol for a prefer-

ence survey using discrete choice experiment and swing

weighting. Front Med (Lausanne). 2021;8:689114.
41. Eggen AC, Richard NM, Bosma I, et al. Factors associ-

ated with cognitive impairment and cognitive concerns in

patients with metastatic non-small cell lung cancer. Neu-

rooncol Pract. 2022;9:50–58.
42. Whitney P, Rinehart CA, Hinson JM. Framing effects

under cognitive load: the role of working memory in risky

decisions. Psychon Bull Rev. 2008;15:1179–84.
43. Simo M, Root JC, Vaquero L, et al. Cognitive and brain

structural changes in a lung cancer population. J Thorac

Oncol. 2015;10:38–45.
44. Grosshans DR, Meyers CA, Allen PK, Davenport SD,

Komaki R. Neurocognitive function in patients with small

cell lung cancer: effect of prophylactic cranial irradiation.

Cancer. 2008;112:589–95.
45. Bridges JF, Hauber AB, Marshall D, et al. Conjoint analy-

sis applications in health—a checklist: a report of the

ISPOR Good Research Practices for Conjoint Analysis

Veldwijk et al. 13



Task Force. Value Health. 2011;14:403–13. DOI: 10.1016/j
.jval.2010.11.013

46. Hollin IL, Craig BM, Coast J, et al. Reporting formative
qualitative research to support the development of quanti-
tative preference study protocols and corresponding survey
instruments: guidelines for authors and reviewers. Patient.
2020;13:121–36.

47. Coast J, Horrocks S. Developing attributes and levels for
discrete choice experiments using qualitative methods. J

Health Serv Res Policy. 2007;12:25–30.
48. Hiligsmann M, van Durme C, Geusens P, et al. Nominal

group technique to select attributes for discrete choice
experiments: an example for drug treatment choice in
osteoporosis. Patient Prefer Adherence. 2013;7:133–139.

49. Janssens R, Lang T, Vallejo A, et al. Patient preferences for
multiple myeloma treatments: a multinational qualitative
study. Front Med (Lausanne). 2021;8:686165.

50. Johnson FR, Lancsar E, Marshall D, et al. Constructing
experimental designs for discrete-choice experiments:
report of the ISPOR Conjoint Analysis Experimental
Design Good Research Practices Task Force. Value Health.
2013;16:3–13. DOI: 10.1016/j.jval.2012.08.2223

51. Bliemer MCJ, Rose JM, Hensher DA. Efficient stated
choice experiments for estimating nested logit models.
Transp Res B Method 2009;43:19–35.

52. Bottomley PA, Doyle JR. A comparison of three weight
elicitation methods: good, better, and best. Omega (West-

port). 2001;29:553–60.
53. Doyle JR, Green RH, Bottomley PA. Judging relative

importance: direct rating and point allocation are not equiv-
alent. Organ Behav Hum Decis Process. 1997;70:65–72.

54. Bottomley PA, Doyle JR, Green RH. Testing the reliability
of weight elicitation methods: direct rating versus point
allocation. J Mark Res. 2018;37:508–13.

55. van Til JA, Dolan JG, Stiggelbout AM, Groothuis KC,
Ijzerman MJ. The use of multi-criteria decision analysis
weight elicitation techniques in patients with mild cognitive
impairment: a pilot study. Patient. 2008;1:127–35.

56. Brooks R. EuroQol: the current state of play. Health Pol-

icy. 1996;37:53–72.
57. Koide R, Kikuchi A, Miyajima M, et al. Quality assess-

ment using EQ-5D-5L after lung surgery for non-small cell

lung cancer (NSCLC) patients. Gen Thorac Cardiovasc

Surg. 2019;67:1056–61.
58. Chew LD, Bradley KA, Boyko EJ. Brief questions to iden-

tify patients with inadequate health literacy. Fam Med.
2004;36:588–94.

59. Powers BJ, Trinh J V, Bosworth HB. Can this patient read
and understand written health information? JAMA.
2010;304:76–84.

60. Hess S, Rose JM. Can scale and coefficient hetrogeneity be
seprated in random coefficient models? Transportation.
2012;39:1225–39. DOI: 10.1007/s11116-012-9394-9

61. Danielson M, Ekenberg L.Trade-offs for ordinal ranking
methods in multi-criteria decisions. In: International Con-
ference on Group Decision and Negotiation. Cham (UK):
Springer; 2016. p 16–27.

62. Cohen J. Statistical Power Analysis for the Behavioral

Sciences. Hillsdale (NJ): Erlbaum, 1988.

63. Landis JR, Koch GG. The measurement of observer agree-
ment for categorical data. Biometrics. 1977;33:159–74.

64. Fok D, Paap R, Van Dijk B. A rank-ordered logit model
with unobserved heterogeneity in ranking capabilities.
J Appl Econ. 2012;27:831–46.

65. Gueorguieva R, Rosenheck R, Zelterman D. Dirichlet
component regression and its applications to psychiatric
data. Comput Stat Data Anal. 2008;52:5344–55.

66. Ferrari S, Cribari-Neto F. Beta regression for modelling
rates and proportions. J Appl Stat. 2004;31:799–815.

67. Douma JC, Weedon JT, Warton D. Analysing continuous
proportions in ecology and evolution: a practical introduc-
tion to beta and Dirichlet regression. Methods Ecol Evol.

2019;10:1412–30.
68. Maier M. DirichletReg: Dirichlet Regression for Composi-

tional Data in R. Research Report Series/Department of
Statistics and Mathematics. Vienna: University of Econom-
ics and Business; 125.

69. Aubert AH, Esculier F, Lienert J. Recommendations for
online elicitation of swing weights from citizens in environ-
mental decision-making. Oper Res Perspect. 2020;7:100156.

70. Oliveri S, Lanzoni L, Petrocchi S, et al. Opportunities and
challenges of web-based and remotely administered surveys
for patient preference studies in a vulnerable population.
Patient Prefer Adherence. 2021;15:2509–17.

14 Medical Decision Making 00(0)


