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Abstract

Background Patient preference information is increasingly being used to inform decision making; however, further work is
required to support the collection of preference information in rare diseases. This study illustrates the use of direct prefer-
ence elicitation methods to collect preference data from small samples in the context of early decision making to inform the
development of a product for the treatment of immunoglobulin A nephropathy.

Method An interview-based swing weighting approach was used to elicit preferences from 40 patients in the US and China.
Attributes were identified through a background review, expert engagement and patient focus groups. Participants completed
a series of tasks that involved ranking, rating and scoring improvements in the attributes to obtain attribute swing weights
and partial value functions. The preference results were then incorporated into a benefit-risk assessment simulation tool.
Results Participants placed the greatest value on avoiding end-stage renal/kidney disease. Similar weight was given to short-
term quality-of-life improvements and avoiding infections. Treatment burden (number of vaccinations) received the least
weight. Heterogeneity in preferences was also observed. Consistency tests did not identify statistically significant variation
in preferences, and qualitative data suggested that the elicitation exercise was sensitive to participants’ interpretation of
attributes and that participants were able to express their preferences.

Conclusion Direct preference elicitation methods can be used to collect preference data from small samples. Further work
should continue to test the validity of the estimate generated by such methods.

1 Introduction

Key Points for Decision Makers

Patient preference information (PPI) elucidates how
Understanding patient preferences is important for health patients trade-off between, for instance, the benefit and

care decision making, but commonly used quantitative risks of treatments [1, 2]. With efforts to increase patient
methods require sample sizes that often prohibit their use centricity in healthcare, PPI is being used more by regu-
in rare diseases. latory and health technology assessment agencies [3-6].
This study illustrates the use of direct rating methods to As a consequence, many sponsors are now incorporating
collect preference data from a small sample of rare dis- preference data into benefit-risk assessments to support
ease patients (immunoglobulin A nephropathy) to inform both regulatory and reimbursement submissions and to
a benefit—risk analysis. inform internal decision making, such as product develop-

ment and evidence generation planning [7].

One of the challenges facing the collection of PPI is
how to do so with small sample sizes, which is often the
case with rare diseases. This is particularly important as
patients with rare diseases are often more willing to accept
" Evidera, London, UK treatment risks, given their limited treatment options and
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PPI can help inform decision makers of the risk tol-
erance of rare disease patients, but recruiting the sam-
ple sizes required for patient preference studies is often
thought to be prohibitively time-consuming and expen-
sive. For example, the most commonly employed method
for eliciting PPI is the discrete choice experiment (DCE)
[9-13], while precise sample size requirements for DCEs
will vary between studies [9]; as a rule of thumb, the mini-
mum sample size is often thought to be 100—150 partici-
pants. When such sample sizes are not feasible within the
scope of research studies in rare disease populations, other
methods such as thresholding or best—worst scaling (BWS)
have been proposed. By collecting more information per
attribute, BWS type 2 is thought to require smaller sample
sizes than DCEs, but because BWS type 2 asks partici-
pants to identify best and worst ranked attributes, there
are concerns that it only provides insight into attribute
ranking rather than benefit-risk trade-offs [14]. Thresh-
olding is less data-demanding and thus requires smaller
sample sizes; however, it is not designed to determine how
patients simultaneously trade-off across many attributes.

The objective of this study was to illustrate direct rat-
ing methods for eliciting preferences with small samples;
specifically, partial value function elicitation and swing
weighting. Direct rating methods were most notably
applied to support quantitative benefit-risk assessment
by the European Medicines Agency (EMA) [15], which
concluded that the method could support regulatory deci-
sion making where the benefit-risk balance was marginal.
DCE, BWS and thresholding all involve participants mak-
ing choices. These choices are then analysed to understand
the relative importance of the attributes that define the
choices. In contrast, direct rating methods elicit cardinal
estimates of the value of attributes from participants [16].
As a consequence, they collect more data from each par-
ticipant, facilitating its use with small samples, but at the
expense of greater cognitive burden for participants [17].
The greater complexity of the elicitation tasks requires
that direct rating is facilitated in an interview of focus
group setting. This requires a greater time commitment
from each participant and more research team resource
per participant, but offers the benefit of simultaneously
collecting qualitative and quantitative data. In studies with
large sample sizes, this approach would be very time and
resource costly, and likely impractical, but this is less of an
obstacle in rare diseases with small sample sizes.

Direct rating is demonstrated in the context of early
decision making to inform the development of a product
for the treatment of primary immunoglobulin A nephropa-
thy (IgAN), a rare chronic autoimmune kidney disease with
no approved treatments and poor prognosis that can lead to
end-stage renal/kidney disease (ESRD) [18]. An interview-
based direct rating approach was used to collect PPI, which
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was incorporated into a benefit-risk assessment to evaluate
alternative product profiles.

2 Methods
2.1 Study Population

To be eligible, participants had to be >18 years of age at the
time of consent, self-report having biopsy-verified primary
IgAN, currently receiving angiotensin-converting enzyme
inhibitors/angiotensin receptor blockers (ACEi/ARBs) for
at least 6 months, and be fluent in English (in the US) or
Mandarin (in China). Patients receiving dialysis or who had
received an organ transplant were excluded from the study
as they may have complex or differing treatment needs and
experiences that may influence their treatment preferences.

Patients were recruited via patient support groups, online
research panels, social media, physician referrals and recruit-
ers’ databases. All participants consented to participate prior
to the focus groups/interviews and were compensated at fair
market value for their participation in this study.

2.2 Attribute Selection

Preferences were elicited for the attributes and levels sum-
marized in Table 1. These were initially identified based
on discussions with subject matter experts, a review
of literature [19], social media listening [20], a patient
online bulletin board with IgAN patients [21], and from
observing the US FDA-led Patient-Focused Drug Devel-
opment (EL-PFDD) meeting on IgAN in August 2019.
These attributes were then evaluated with IgAN patients
in focus groups in the US and China [22]. As this study
was conducted early in the development of potential new
target treatments, precise data on the clinical performance
on target [gAN treatments were not available; therefore,
the attribute performance levels were based on published
studies of the current standard of care and discussion with
medical experts.

Most of the attributes and levels selected were based on
endpoints observed in clinical trials. The likelihood of devel-
oping ESRD is not captured in trials. Instead trials captured
a measure of kidney function that is predictive of ESRD—
estimated glomerular filtration rate (¢éGFR). As eGFR levels
are not well understood by patients, they were modelled into
the likelihood of developing ESRD at 10 years [23, 24].

2.3 Preference Elicitation Tasks

Three preference elicitation tasks were firstly piloted in two
focus groups (one in the US and one in China). Main data
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Table 1 Attribute definitions and performance ranges
Attribute domain Attribute Definition/measure Performance levels
Clinical efficacy (benefit) Likelihood of ESRD/dialysis The likelihood of developing Level 1 Level 2 Level 3
ESRD/needing dialysis in the 10 (g, 20% 30%
years following treatment
Adverse effects (risks) Risk of infections The likelihood of experienc- 0% 10% 20%
ing infections while receiving
treatment
Risk of other adverse effects The likelihood of experiencing 0% 20% 40%
other adverse effects, such as
weight gain and joint pain,
while receiving treatment
Quality of life Ability to perform usual activities The ability to perform usual Not at all Somewhat Very much
activities due to physical tired-
ness, exhaustion or weakness
associated with IgAN experi-
enced by patients
Emotional burden The level of emotional burden Not at all Somewhat Very much

associated with IgAN experi-
enced by patients

Treatment burden Number of vaccinations

The number of vaccinations

1 vaccination 2 vaccinations 3 vaccinations

required before commencing
treatment and at 5-year intervals
after treatment

ESRD end-stage renal/kidney disease, /lgAN immunoglobulin A nephropathy

collection was conducted as individual interviews (2 h in
duration) via computer-assisted phone interviews in the US
and face-to-face computer-assisted interviews in China.
The interviews in China were later conducted as computer-
assisted phone interviews due to the outbreak of coronavirus
disease 2019 (COVID-19).

The three preference elicitation tasks completed by par-
ticipants are described below (these are illustrated in elec-
tronic supplementary material [ESM] 1):

e Attribute ranking Participants were asked to rank
improvements in each attribute (from the worst to best
level — the ‘swing’) in the order of importance.

e Artribute weights Participants were then asked to com-
pare the attributes pairwise in the order in which they
were ranked. The first and second attributes were com-
pared, then the second and third, third and fourth, and
so on. In each case, the swing in the highest ranked
attribute in the pair was given a score of 100 points,
and the participant was asked to give a corresponding
score to the swing in the other attribute on a scale of
0-100. During the exercise, participants were shown
an ‘exchange rate’, the marginal rate of substitution
implied by their score. Participants could update
their responses until an exchange rate that accurately
reflected the trade-offs they were willing to make was
achieved. To check for consistency of the participants’
responses, an additional task was included where par-

ticipants were asked to directly compare between the
first- and third-ranked attribute (hereafter ‘validation
task’). The weights derived from the validation task
were compared with those derived from the results
from the original pairwise comparison.

e Partial value functions Participants were asked to value
improvements within each attribute. Participants were
told that levels 1 and 2 on the attribute had a score of 0
and 1, respectively, and were asked to score level 3 on a
scale of 0-10.

Participants were asked to provide a rationale for their
responses throughout the above exercises. The interviews
included an introduction to IgAN and patient preferences,
warm-up exercises (simple preference elicitation exercises
using a real-world example), introduction to the attributes
and levels, followed by three preference elicitation exercises.
During the warm-up exercises and introduction to attrib-
utes, participants were probed on their understanding and the
interviewer only proceeded to the main preference elicitation
tasks once they were confident participants understood the
tasks.

Prior to the focus group or interview, participants also
answered a brief online survey with questions about their
sociodemographic and clinical characteristics, as well as two
quality-of-life instruments (not reported in this methodologi-
cal paper).
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This study was reviewed and approved by an independent
Ethical and Independent (E&I) Institutional Review Board.

2.4 Data Analysis

Participant-specific weights for each attribute were calcu-
lated based on the following formula (Eq. 1):

R ATEranked n
Wzanked " —R ATEianked n—1 - (;co i (1
where era“ked” is the weight for attribute k ranked nth,
RATE;arlkeCl "1 s the rate for attribute k ranked (n—1)th as
reported by the participant, and RATEf‘“k‘”d " is the rate for
attribute k ranked nth as reported by the participant.

The weights were normalized to obtain the preference
weight for each attribute, w;, such that (Eq. 2):

K
Dowe=1. 2)

k=1

The partial value functions obtained from the scoring
exercise were normalized to constrain to a O—1 scale, where
the worst and best attribute levels were anchored at 0 and
1, respectively. Participant-level mid-points on the partial
value function (the ‘indifference point’) were summarized
using mean and standard deviation (SD). A Dirichlet regres-
sion was employed to model the distribution of the attrib-
ute weights. Dirichlet regression was particularly suited for
this study due to the compositional nature of the attribute
weights [25]. The weighting exercise elicits a set of weight
vectors (wy,..., w,), one for each participant. These weight
vectors were then used to fit a Dirichlet regression model
by maximum likelihood to obtain the distribution of the
weights, f,(w).

The effects of participants’ observable characteristics
(such as age and time since diagnosis) on the attribute
weights was assessed with a Dirichlet regression that con-
trolled for the effect of these characteristics one at a time.
The selection of observable characteristics to be tested was
guided by a priori hypotheses on characteristics likely to
impact the participants’ treatment preferences for [gAN.
All analyses were conducted for the whole sample, pooled
across the US and China and also on subgroups for country
and selected sociodemographic and clinical characteristics.

Qualitative data were analysed to understand the reasons
for participants’ preferences using semantic content analysis.
It is not in the scope of the paper to report the qualitative
findings in detail, but rather to illustrate the types of quali-
tative insights that were obtained. The results of the quali-
tative analysis of reasons for heterogeneity in preference
weights and for the shape of two value functions—Ilikelihood
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of ESRD and ability to undertake usual activities—are
reported.

The preference data were then incorporated into a ben-
efit-risk assessment as follows (the calculation is illustrated
in ESM 1) (Eq. 3):

U; = Zf wiv (%), 3

where U is the overall value generated by treatment j, w; is
the weight associated with attribute i, v; is the partial value
function for attribute i, and X is the performance of treat-
ment j on attribute i.

To support early development decisions, a simulation
tool was developed to apply the benefit-risk model to the
evaluation of hypothetical treatment profiles. To illustrate
the output from the simulation tool, this paper reports its
application to estimate the proportion of patients who would
prefer ‘treatment 1’ or ‘treatment 2’, which differ on some
but not all attributes described in Table 2.

The study results were also presented to one patient advo-
cate from the National Kidney Foundation and one patient
advocate professional from the IgA Nephropathy Founda-
tion America, and their feedback were incorporated in the
interpretation of the study results.

3 Results
3.1 Participant Characteristics

Forty patients consented and participated in the study (n
= 25 in the US, n = 15 in China) [see Table 3 for overall
participant characteristics; further detail on the sample is
provided in ESM 2]. No differences in the characteristics of
the samples from the US and China were observed, except
for age. Participants in China were younger (mean 35.7, SD
10.1 years) than those in the US (mean 45.2, SD 10.7 years).

Table 2 Scenarios applied in the benefit-risk assessment-based simu-
lation

Attribute Treatment 1 Treatment 2
Likelihood of ESRD/dialysis 30% 10-30%
Risk of infections 10% 10-30%
Risk of other adverse effects 10% 10%
Ability to perform usual activities Not able Somewhat
Emotional burden Very much Somewhat
emotionally emo-
burdened tionally
burdened
Number of vaccinations 1 3

ESRD end-stage renal disease
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3.2 Preference Results

3.2.1 Preference Weights for Improvements in Treatment
Attributes

Improving the likelihood of ESRD/dialysis (mean 0.314,
standard error [SE] 0.021) was assigned a greater prefer-
ence weight than improvements in all other attributes (p <
0.05). There was no difference in the preference weights
for reducing the risk of infection (mean 0.176, SE 0.016),
reducing the risk of other adverse effects (mean 0.172, SE
0.016), or improving the ability to perform usual activities
(mean 0.183, SE 0.016). Reducing the number of vaccina-
tions (mean 0.06, SD 0.06) was assigned a lower preference
weight than all other attributes (p < 0.05) [Fig. 1].

Figure 2 demonstrates the heterogeneity observed in the
attribute weights. Based on the ratio of SD to the mean, the
extent of heterogeneity was more evident for the number
of vaccinations (110.6%), emotional burden (63.8%) and
likelihood of ESRD/dialysis (50.6%) than for other attrib-
utes (42.4-50.3%). This heterogeneity was also observed in
the way that participants rank attribute swings. Reducing
the likelihood of ESRD/dialysis was ranked most important
by most participants, but 35% of participants ranked other

attribute swings first. Similarly, most participants ranked the
number of vaccinations as their lowest priority, but 37.5%
ranked other attributes as least important.

The relationship between participant characteristics and
preference weights was modelled using a Dirichlet regres-
sion. Relative to the importance they attached to the like-
lihood of ESRD/dialysis, participants from China placed
more importance on the risk of other adverse effects than
participants from the US (p < 0.05); those who were not in
employment placed more importance on the ability to per-
form usual activity than those who were in employment (p
< 0.05); those who did not have a college/university degree
placed more importance on the risk of other adverse effects
than those who did have a college/university degree (p <
0.05); and those with a kidney disease component summary
(KDCS) score > 60 placed less importance on the number of
vaccinations than those with a KDCS score < 60 (p < 0.05)
[see ESM 3 for full subgroup analyses].

Qualitative data provided insight into the rationale for
preference heterogeneity. Most participants for which
qualitative data were available were not concerned about
the number of vaccinations (n = 5), although others dis-
liked injections (n = 1) or associated injections with greater
adverse effects (n = 1). Participants who had lower weights

Table 3 Participant
characteristics

Overall sample [N = 40]

Sex

Female 27 (67.5)
Male 13 (32.5)
Age, years

Min, max 20, 63
Median (Q1, Q3) 41.0 (35.0,47.8)
Mean (SD) 41.6 (11.3)
Time since diagnosis

6—12 months 3(7.5)
1-2 years ago 8 (20.0)
2-5 years ago 8(20.0)
5-10 years ago 6 (15.0)
10-20 years ago 11 (27.5)
20+ years ago 4 (10.0)
Ability to perform usual activity

I am not at all able to perform my usual activities 0(0.0)

I am somewhat able to perform my usual activities 14 (35.0)
I am very much able to perform my usual activities 26 (65.0)
Level of emotional burden

I am not at all emotionally burdened by my disease 4(10.0)
I am somewhat emotionally burdened by my disease 30 (75.0)
I am very much emotionally burdened by my disease 4(10.0)

Data are expressed as n (%) unless otherwise specified

N sample size, Q1 interquartile range, first quartile, Q3 interquartile range, quartile 3, SD standard devia-

tion, Min minimum, Max maximum
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Fig. 1 Attribute preference 0.40-
weights. Error bars represent

the standard deviation. ESRD

end-stage renal/kidney disease
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Fig. 2 Heterogeneity in attribute weights. The blue line represents the density plot of the weight distribution. ESRD end-stage renal/kidney dis-

ease, SD standard deviation

for improving the level of emotional burden thought that
emotions could be controlled or self-regulated (n = 4), that
they had the support system to manage emotional burdens
(n = 1), and that emotional burden was a consequence of
other factors that needed to be addressed (n = 1). Those
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who weighted emotional burden highly perceived emotional
health to impact other aspects of their life and health/treat-
ment outcomes (n = 4), they did not want to burden others
(n = 1) or they perceived emotional burden as an ongoing
issue they had to manage (n = 1). Participants who placed
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high weights on improving the likelihood of ESRD/dialysis
cited its impact on life expectancy (n = 4) and fear of under-
going/not wanting to undergo dialysis (n = 2). Participants
who placed lower weights on ESRD did so as they did not
consider it worth improving the likelihood of ESRD/dialysis
at the expense of other treatment attributes (n = 2) or they
placed higher priority on short-term quality-of-life impacts
than longer-term ESRD risks (n = 2).

All attributes except the number of vaccinations were
ranked third by at least one participant and were thus
included in the consistency test. Paired #-tests showed that
the weights elicited from the original tasks and the valida-
tion tasks were not statistically significant at both the p <
0.05 and p < 0.1 levels (Fig. 3).

3.2.2 Partial Value Functions

Participants had a linear partial value function for reducing
the number of vaccinations, i.e. the marginal returns were
linear. For all other attributes, participants had a non-linear
partial value function, demonstrating increasing marginal
returns, i.e. for one unit of improvement for an attribute,
participants placed greater value on further improvements
on the attribute (e.g. participants placed greater weight
on reducing the likelihood of ESRD/dialysis from 20 to
10% than reducing it from 30% to 20%) [Fig. 4]. For the
number of vaccinations, participants valued every unit of

Likelihood of ESRD/dialysis

15 15
2 10 2 10
[2] [2])
C c
g\ 2
5 5
/\
0 0
0 2 4 6 8 1 0 2
Weights for attribute ranked 3rd
Ability to do usual activity
15 15
2 10 2 10 ﬂ
[2] [2]
C c
a a
5 5
0 0
0 2 4 6 8 1 0 2

Weights for attribute ranked 3rd

Risk of Infection

4
Weights for attribute ranked 3rd

4
Weights for attribute ranked 3rd

improvement similarly. There was little variation in the
shape of participant’s value functions for likelihood of
ESRD/dialysis, risk of infections and risk of other adverse
effects (indifference point: SD range 0.111-0.141). There
was more variation in value functions for the ability to
perform usual activity, the level of emotional burden and
the number of vaccinations (indifference point: SD range
0.260-0.323).

Qualitative data provided insights into the reasons for
the shape of participants’ value functions. For instance,
the greater variation in shape of the value functions for the
quality-of-life attributes may be due to variation in the inter-
pretation of the attribute levels. For instance, participants
who interpreted ‘somewhat able’ to perform usual activities
to include greater abilities, such as being able to take care of
themselves or being able to work, had a more linear partial
value function (n = 6, average indifferent point = 0.315),
while those who interpreted ‘somewhat able’ to still include
restrictions on their life had a less linear partial value func-
tion (n = 8, average indifferent point = 0.205).

The qualitative data also provided insight into the rea-
son participants had increasing returns to improvements
in attributes. Using the likelihood of ESRD/dialysis as an
example, some participants were unable to articulate a rea-
son for the shape of their value function. However, others
offered reasons that suggest the shape of the function may
be both due to substantive value concepts (value of hope,

Risk of Other Side Effect

6 8 1 0 2 4 6 8 1
Weights for attribute ranked 3rd

Emotional Burden

.6 .8 1

—— Swing weighting task
Validation task

Fig.3 Consistency test comparing the weights for the third-ranked attribute. ESRD end-stage renal/kidney disease
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Fig.4 Partial value functions. The dotted line represents the linear partial value function. ESRD end-stage renal/kidney disease

i.e. providing hope that technology can advance further (n
= 5); rewarding the technological difficulty associated with
achieving better performance (n = 4); reaching their expec-
tation of a ‘good treatment’ (n = 2) and artefacts of the study
design (an anchoring of 10 points at 0% risk (z = 6); and the
application of relative risk (for instance, 10% is half of 20%,
while 20% is two-thirds of 30%).

3.2.3 Benefit-Risk Assessment

Various scenarios were run to explore how treatments could
be assessed across the different attributes. As an example,
Fig. 5 shows the output generated by the ‘simulation tool’
for the illustrative scenario defined in Table 2, which out-
lines the attribute levels of two hypothetical treatments, i.e.
‘Treatment 1° and ‘Treatment 2’. It demonstrates how the
tool can inform the evaluation of alternative treatment pro-
files early in the product development process by estimating
the proportion of participants in the preference study who
would prefer a treatment profile (‘treatment 2°) and how
this proportion of participants changes as the performance
of ‘treatment 2’ varies; for example, if both the likelihood
of ESRD at 10 years and the risk of infection increase or
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decrease. Specifically, the uptake of ‘treatment 2’ is particu-
larly sensitive to the likelihood of ESRD at 10 years, varying
from 94% to 100% when the likelihood of ESRD at 10 years
is only 10%, to 15-30% when the likelihood of ESRD at 10
years increases to 30%.

4 Discussion

As health care decision makers are increasingly using patient
preference data to inform approval and reimbursement, it is
important that methods to capture such data for patients with
rare diseases are also explored. Commonly used preference
methods, such as DCE or thresholding, either require too
large a sample size to be applied in many rare diseases or
do not capture preferences for multiple attributes. As direct
rating methods, such as swing weighting, capture a complete
set of preference data from each participant, they require
fewer participants than choice-based methods, which capture
a partial set of preference data from each participant. How-
ever, the benefit of eliciting a complete set of preference data
from each participant is accompanied by the concern that the
cardinal value elicitation places a high cognitive burden on
participants, which needs to be considered carefully in the
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Fig.5 Using the simulation tool to understand the impact of treat-
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design of the study. One-to-one interaction with participants,
which can be conducted virtually, may help to guide them
through the exercise, and additionally allows for collection
of qualitative information to understand participants’ choices
and preferences.

This study illustrates the use of direct rating, specifi-
cally swing weighting and partial value functions, to elicit
patient preferences in the context of a small sample (n =
40) of patients with a rare disease. There are no existing
studies on the magnitude of patients’ preferences against
which the results of the study can be compared. Neverthe-
less, the consistent tests and qualitative data provide some
reassurance as to the validity of the elicited preferences, as
well as the rationale behind heterogeneity in the preference
weights placed on improvements in the different attrib-
utes. The consistency tests did not identify statistically
significant variation in preferences across elicitation tests,
although this may partly be a function of the small sample
sizes. The qualitative data suggested that the elicitation
exercise was sensitive to variations in the participants’
interpretation of the attributes and that patients were able
to use the exercise to share their preferences. However,
the study was not designed to formally test the validity of
direct rating methods. Further research could usefully test
the validity of the results of direct rating exercises, such
as by comparing the results from swing weighting and
choice-based methods, providing a sufficient sample size
could be reached.

As has been observed in previous studies [26, 27], the
swing weighting exercise identified substantial preference
heterogeneity, particularly for the reduction in the number
of vaccinations, improving the level of emotional burden and
improving the likelihood of ESRD/dialysis. This may sug-
gest that methods which elicit preferences at an individual
level, such as swing weighting, capture more heterogene-
ity than population-level methods, such as DCE. However,

further comparative work would be required to demonstrate
this, and to also test that the heterogeneity reflects substan-
tive variation in participants preferences and is not an arte-
fact of the study design. One published study identified a
comparable large amount of heterogeneity in both an adap-
tive swing weighting exercise and a thresholding exercise
[27]. This may suggest that large amounts of preference het-
erogeneity may be the result of the use of methods that elicit
individual-level patient-preference data, rather than being an
artefact of swing weighting specifically. However, further
research could usefully compare classic swing weighting and
population-level choice methods such as DCE.

The study provided insights into patient preferences that
are informative to the development of drugs in IgAN. It
was expected that patients placed a high value on avoid-
ing ESRD, which is consistent with findings from existing
research that have identified kidney function and avoiding
the need for dialysis or transplant as important outcomes for
patients with glomerular disease [28]. However, the study
generated two sets of valuable insight. First, it estimated the
rate at which patients are willing to trade such benefits to
avoid possible treatment adverse effects. Such data are being
increasingly relied on by regulators to inform approval deci-
sions [2]. Second, it demonstrated that patients were willing
to trade-off some of the longer-term reduction in the likeli-
hood of ESRD in exchange for short-term improvements in
quality of life, particularly improvements in their ability to
perform usual activities. This is consistent with the findings
of studies in other diseases [29].

These insights can support the prioritization of endpoints
for inclusion in clinical studies. Clinical trials in IgAN typi-
cally focus on surrogate endpoints [30-33] that physicians
and clinical researchers deem important, but may not neces-
sarily reflect outcomes or aspects of treatment that patients’
value. Understanding patient preferences can help to ensure
a patient-centric trial design and that new drugs are meas-
ured and evaluated against outcomes that are important to
patients.

The study also demonstrates how insights into patient
preferences can support the assessment of alternative prod-
uct profiles early in the development process. A simulation
tool was built that facilitated engagement with the preference
data to flexibly evaluate treatment profiles.

This study is subject to some limitations. While the objec-
tive of the study was to illustrate the use of swing weighting
with a small sample of patients, such small sample sizes
may also limit the ability to explore variation in preferences
between patients. This is of particular concern given the
heterogeneity in patient preferences. One implication of this
is that it might not be possible to prospectively identify the
subgroups of patients who would benefit from a treatment.
In such instances, it may be necessary to adopt shared deci-
sion making and individual patient preference elicitation at
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the point of prescribing drugs. Furthermore, given the chal-
lenges in recruiting patients with rare diseases, the resulting
sample may not be representative of the broader patient pop-
ulation, thereby limiting the generalizability of the results.

5 Conclusion

Direct rating methods can be used to collect preference data
from small sample groups of patients, such as in rare dis-
eases. Further work should continue to test the validity of
the preference data captured using direct rating methods.
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