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Abstract

Introduction There have been promising developments in technologies and associated algorithm-based prescribing (‘strati-
fied approach’) to target biologics to sub-groups of people with rheumatoid arthritis (RA). The acceptability of using an
algorithm-guided approach in practice is likely to depend on various factors.

Objective This study quantified preferences for an algorithm-guided approach to prescribing biologics (termed ‘biologic
calculator’).

Methods An online discrete choice experiment (DCE) was designed to elicit preferences from patients and the public for
using a ‘biologic calculator’ compared with conventional prescribing. Treatment approaches were described by five attributes:
delay to starting treatment; positive and negative predictive value (PPV/NPV); risk of infection; and cost saving to the UK
national health service. Each survey contained six choice sets asking respondents to select their preferred option from two
hypothetical biologic calculators or conventional prescribing. Background questions included sociodemographics, health
status and healthcare experiences. DCE data were analysed using mixed logit models.

Results Completed choice data were collected from 292 respondents (151 patients with RA and 142 members of the public).
PPV, NPV and risk of infection were the most highly valued attributes to respondents deciding between prescribing strategies.
Conclusion Respondents were generally receptive to personalised medicine in RA, but researchers developing personalised
approaches should pay close attention to generating evidence on both the PPV and the NPV of their technologies.

1 Introduction

Key Points for Decision Makers

Although there have been developments in the treatment
of rheumatoid arthritis (RA), significant heterogeneity in
the rates of response to both cheap and expensive therapies
remains [1]. Second-line treatment with biologics, includ-

A growing body of research is investigating how rheu-
matoid arthritis treatments such as biologics may be
targeted to those who would benefit the most.

ing abatacept, tocilizumab and rituximab as well as anti-
tumour necrosis factors such as etanercept, adalimumab,
golimumab, certolizumab-pegol and infliximab, may also
be associated with some common adverse drug reactions
(ADRs) affecting 10-20 of 100 people treated. Relevant
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Despite research and development being directed
towards prescribing algorithms to target medicines such
as biologics, whether patients or potential patients are
receptive to these new approaches and what drives their
preferences remain unknown.

On average, patients and members of the public pre-
ferred the stratified approach.

ADRs include injection-site reactions and infections [2];
whilst many reactions are minor, serious ADRs also occur
and include sepsis or pneumonia [3].

The risk of ADRs, the high non-response rates and
the associated delay to the start of an effective treatment
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means prescribing biologics can be harmful to some
individuals [4]. As a consequence, there is considerable
interest in trying to reduce these harms by developing
mechanisms to target treatments, such as biologics, for
RA. These targeting strategies require an understanding of
clinical and demographic variables in addition to biologic
factors (biomarkers) that drive the heterogeneity in treat-
ment response. There are ongoing research programmes
that aim to develop targeted (personalised medicine)
approaches to the use of biologics to select treatments
that improve the probability of response and minimise
the risk of an ADR and thereby improve the health of
people with RA, in addition to using healthcare resources
effectively [1, 5].

Current research suggests that no single biomarker
will predict a safe and effective response to a biologic [6].
Instead, targeting biologics in RA is likely to be achieved
through multiple genetic tests and/or other factors such
as proteins, transcriptomes or patient characteristics com-
bined in an algorithm to guide prescribing (a prescribing
algorithm) [7, 8]. Prescribing algorithms for targeting safe
and effective healthcare are characterised by their accu-
racy to predict who will and will not safely and effectively
respond (positive predictive value [PPV] and negative pre-
dictive value [NPV]). The predictive value of a prescribing
algorithm may be improved by incorporating more vari-
ables; however, this could involve additional tests (with an
associated financial cost), which could potentially delay
the start of treatment. Researchers must therefore decide
when a prescribing algorithm is ‘sufficient’ in terms of
whether the marginal benefit of adding additional informa-
tion is outweighed or equal to the marginal cost of collect-
ing and processing such information. Likewise, patients
(current and future) must compare the prescribing algo-
rithm (a personalised medicine approach) with conven-
tional approaches to selecting treatment and dosage and
balance the associated benefits and risks.

It is currently unknown how individuals feel about the
benefits and risks associated with a personalised approach
to treatment in RA. Discrete choice experiments (DCEs)
[9-11] have been used to quantify preferences for the benefit
and risk trade-offs [12] associated with biologics such as
the balance between frequency and mode of administration
[13-20] and for personalised (or stratified) approaches to
healthcare more generally [21, 22].

The primary aim of this study was to understand prefer-
ences for the benefit-risk trade-offs of a prescribing algo-
rithm-based personalised approach to the selection and dose
of biologic for the treatment of RA. A secondary aim was
to estimate the acceptability of the algorithm at different
predictive values to inform research into and development
of stratified approaches.
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2 Method

This study used an online DCE to elicit the preferences of
a sample of people with RA and members of the public
(potentially representing future patients) for a hypothetical
prescribing algorithm to target the selection and dose of a
biologic for RA (hereafter ‘biologic calculator’) or the con-
ventional approach. The biologic calculator was presented as
an option that provided additional information to the clini-
cian than usually available when making a prescribing deci-
sion. The study was designed and reported in line with pub-
lished recommendations for healthcare DCEs [23, 24]. In the
experiment, respondents were asked to choose between two
algorithm-based approaches (biologic calculator A and B)
and an opt-out alternative of ‘conventional prescribing’. The
term ‘biologic calculator’ was used as a more user-friendly
term than ‘prescribing algorithm’.

2.1 Survey Design

The survey was formatted and presented online using Saw-
tooth software [25]. The final survey comprised three sec-
tions containing training materials to explain the purpose
of the survey, including a description of a biologic calcula-
tor and relevant attributes and levels; the choice questions;
and questions about the respondent’s background. The final
survey can be found in electronic supplementary material
(ESM)-1. Approval for the study was obtained from The
University of Manchester’s Research Ethics Committee (pro-
jectID: 2576).

2.2 Attributes and Levels

A preliminary set of attributes was initially identified by a
literature review to understand the benefits and risks pre-
sented in other studies quantifying preferences in RA [13,
14, 16-19, 26], although none of the studies reviewed looked
at preferences for personalised approaches to prescribing
specifically. The final set of attributes was selected through
an iterative process of consultations with clinicians and
patients, including interviews with three clinical experts
and meetings at five patient support groups (attended by 51
individuals in total) in England and Scotland.

The patient groups were used to ensure that the prelimi-
nary attributes identified and confirmed as clinically rele-
vant by the experts were relevant to their treatment choices.
These patient group discussions also used materials from a
published qualitative study [4] exploring patient views about
predictive testing to guide treatment. The qualitative study
suggested patients were concerned about delays to starting
treatment, the benefits and risks of tests, and accuracy of
tests. These initial themes, including additional delay to
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starting treatment, the accuracy of the tests, the ability of
the tests to predict response and risk of infection, provided
a starting point to guide discussion with the patient groups
and were used to bring meaning to different terms (specifics
about ‘accuracy’) to develop these ideas into attributes for
use in the DCE.

While collecting views about the attributes with patients,
a suitable range of levels was also explored (and later veri-
fied through consultation with experts developing the strati-
fied approaches and an appraisal of published data to ensure
clinical meaningfulness).

The patient groups in this study were initially identified
through the MATURA (MAximizing Therapeutic Util-
ity in Rheumatoid Arthritis) network. The original patient
group comprised individuals with RA interested in research
seeking to personalise prescribing approaches. After ini-
tial discussions with this group, we contacted other patient
organisations, including the National Rheumatoid Arthritis
Society, and discussions were held with patients across Eng-
land and Scotland.

The meetings with patient groups occurred a few weeks
apart to allow for the materials to be developed based on
feedback from the previous group discussion. Formal
qualitative data collection did not occur, and no analy-
sis took place. Instead, field notes were discussed within
the research team to make changes to the DCE design.
Issues raised included changing the term ‘personalised
medicine’ as this seemed to imply that the approach was
precise or could ‘perfectly’ predict response. Some par-
ticipants expressed concerns about small issues not sali-
ent to the majority of patients, so these were explained
in the DCE training materials rather than as attributes
in the study. Examples of these included time to discuss
treatment choices with the doctor and also family and
what happens to data collected by the calculator (that it is
securely stored with medical records and not available to
other organisations). As the results were specific to patient

Table 1 Attributes, attribute definitions and levels

groups, additional pre-testing was undertaken to ensure
final attributes were generalisable to the DCE sample (see
Sect. 2.6).

Eventually, five attributes were selected: additional
delay to the start of treatment; PPV; NPV; risk of a seri-
ous infection; and cost saving to the UK National Health
Service (NHS). Each attribute was assigned four levels
(Table 1).

The levels for additional delay to starting treatment with
the biologic calculator were allowed to vary from zero (no
delay) to 30 additional days to reflect the variation in the
number of tests potentially required for the biologic calcu-
lator. For example, next-generation sequencing of four or
more genes takes around 30 days (the maximum) [27-29],
whereas smoking status or body mass index can be deter-
mined on the same day in the clinic (the minimum). The
opt-out (conventional approach) option assumed there was
no additional delay to starting treatment.

No biologic calculator currently exists, so the plausible
levels for PPV and NPV were assigned with the assistance
of three experts currently involved in research programmes
developing prescribing algorithms to target biologics. The
opt-out (conventional prescribing) option assumed that no
predictive information about the probability of a safe or
effective response was available to the prescriber. The
level assigned to the conventional approach was therefore
defined as equivalent to a 50% chance of a correct pre-
scribing decision.

The levels for risk of infection from a biologic were
determined from a literature review; we identified that the
risk of serious infection for patients with RA was between
2 and >7.5% (for combination biologics) depending on
the treatment [30]. The maximum risk of 10% was chosen
for the opt-out option to reflect the possibility that the bio-
logic calculator could predict those who were more likely
to experience an infection (e.g., by looking at their age or
immune profile). The attributes and levels for risk of an

Attribute Definition

Levels

Delay to the start of treatment (delay) Time spent without biologics whilst waiting for results

0 days, 7 days, 14 days, 30 days

PPV Ability to correctly predict who will respond to a certain dose of a 0%, 40%, 80%, 100%
biologic®
NPV Ability to correctly predict who will not respond to a certain dose of a ~ 80%, 90%, 95%, 100%

biologic®
Risk of a serious infection (risk)

Probability of developing a serious infection requiring antibiotics and/

0%, 3%, 1%, 10%

or hospitalisation as a result of taking the biologic

Annual cost saving to the NHS (cost) Net saving to the NHS of using the approach

£0, £300, £750, £1500

NHS UK National Health Service, NPV negative predictive value, PPV positive predictive value

*Defined as ‘no predictive ability’ in the alternative representing conventional prescribing
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ADR and PPV/NPV were explained using both percentages
and icon arrays.

Biologic therapies used to treat autoimmune conditions
are expensive (around £4000-10,000 per patient per year
[1]), so the levels would be very high if an individual had
to pay for their treatment. The attribute ‘cost saving to the
NHS’ allowed a monetary valuation of the prescribing
approaches without the use of individual willingness to
pay. The values for the cost attribute were developed after
consultation with three experts on the potential savings
minus the cost of the additional tests required for the bio-
logic calculator [31].

2.3 Experimental Design

Presenting all possible combinations of attributes and
levels (see Table 1) into two alternatives would result in
1,048,576 possible scenarios. A subset of these scenarios
(a fractional factorial) was identified using experimental
design methods (minimising the D-error) with Ngene soft-
ware [32]. A design was generated to allow the estima-
tion of ‘main effects’, which means the design allows the
analysis to focus on the direct effect of each attribute rather
than interactions between attribute levels. The experimen-
tal design incorporated conjectured priors to indicate the

expected direction of the attribute (i.e., that cost saving
would be positive, that infection risk would be negative).
Detailed priors from pilot work were not incorporated in
the study design to allow for replication of the study with
different patient samples without changing the experimen-
tal design. The optimum number of choice sets was guided
by the pilot work. The final design comprised five choice
sets (see Fig. 1), and an additional choice set was added to
use as a ‘dominance check’ to verify the respondents were
answering in line with economic theory. Each respondent
thus completed six choice sets in the survey.

2.4 Training Materials

Training materials are used to describe the background to the
choice questions and provide information for respondents
to enable them to make choices in the subsequent DCE. In
this study, all respondents needed to understand the poten-
tial role of a prescribing algorithm for biologics, for which
this study used the more layperson-friendly term ‘biologic
calculator’. The biologic calculator was described in the
training materials in terms of its component characteristics,
including the levels of predictive values (PPV and NPV)
and risk of an adverse reaction to a biologic and potential
cost saving to the NHS. Animated training materials were

Fig. 1 Example choice ques-
tion. NHS UK National Health

Biologic Calculator A

Conventional Approach

Biologic Calculator B (no Biologic Calculator)

Service
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developed after discussions with three clinical experts and
programmers who implemented the online animation based
at MindBytes© (https://mindbytesplatform.be/demos/strat
ified-biologics-RA-choices/).

The animation included a scripted storyline [33] where
an avatar (called ‘Alex’), presented as a gender-neutral stick
figure, described key concepts relevant to the choice task.
The setting of the story was dynamic, with different back-
grounds to indicate the location (‘in hospital’ or ‘at home’).
The story had a simplistic structure and is described in more
detail in Vass et al. [34]. Briefly, the central character (Alex)
is followed from having symptoms and receiving a diagnosis
of RA to visiting their doctor who explains how first-line
treatments may fail and that in these cases, biologics may be
tried. The story goes on to explain that the choice of biologic
and the starting dose will be made by a clinician who can
use a new technology (the biologic calculator) to guide their
decision. The biologic calculator provides the clinician with
additional information to that usually available when making
a prescribing decision. The final part of the story explains
the relevant attributes that describe the biologic calculator
and that choosing a prescribing approach requires trade-offs
of benefits and risks. The attributes were explained using
graphics and visuals such as risk grids to aid understanding
of probabilistic information [35].

2.5 Background Questions

Respondents were asked to complete the choice questions
and then a series of background questions about them-
selves, including a self-reported measure of health status
(EQ-5D-5L). The responses to the EQ-5D-5L were trans-
lated into a score representing current levels of health status
(where zero equates to death and one perfect health) using a
published tariff of preference weights for a population in the
UK [36]. Key sociodemographic characteristics (age, sex,
employment status, etc.) were also recorded. People with a
diagnosis of RA were asked specific questions about their
disease history, including time since diagnosis and experi-
ence of biologics.

2.6 Piloting

The DCE survey went through extensive piloting con-
ducted in two phases to refine questions and terminology.
In phase 1, a sample of respondents from a patient group
(n=7) involved in the identification of attributes and levels
completed the survey independently online and provided
feedback using free-text comments followed by a group
discussion at a subsequent patient meeting. In phase 2, a
quantitative pre-test was conducted with members of the
public (n=100) recruited via the internet panel.

2.7 Study Population and Sample

The link to the online survey was sent to a sample of the
public (potential future patients) and current patients both
recruited through an internet panel provider, ResearchNow®
(now called Dynata®). A ‘current patient’ was defined as
a person aged > 18 years reporting a diagnosis of RA and
residing in the UK. No restrictions were placed on date of
diagnosis, disease activity or treatment experiences. In the
public sample, respondents had to be aged > 18 years and
residing in the UK without a diagnosis of RA. Sample size
calculations are a challenge in DCE studies and typically
require estimates of the effect sizes that were unknown in
this study [37]. A sample of ~ 150 patients and ~ 150 mem-
bers of the public was chosen based on the results of another
comparable study [19].

2.8 Analysis of Data

The choice data were analysed within a random utility
framework [38] using a mixed logit model. The analysis
aimed to quantify the relative importance of each attribute
in the individual’s utility function, which was specified as
in Eq. 1:

Unj = ﬁconv + ﬂl Delaynj + ﬂZPPV”j + ‘B3NPV"j
+ ﬂ4R1Skn] + ﬁSCOStnj + Enj’ (])

where U represents an individual’s (n) indirect utility for an
alternative (j); f.,,, 1S an alternative-specific constant (ASC)
for the opt-out (conventional) option (this ASC captures dif-
ferences in the mean of the distribution of the unobserved
effects in the random component, Epjo between the opt-out
[conventional approach] and the other alternatives [biologic
calculators]); and f,_s are preference weights associated
with each of the five attributes in the DCE.

Mixed logit models are a type of discrete choice model
that account for the nature of the data including a binary
dependent variable (set to one where the respondent chose
the option in the choice set and to zero where the respond-
ent did not choose the option in the choice set). Mixed logit
models also recognise that the panel (the sample of respond-
ents) each made multiple choices (completing six choice
sets each) and can account for preference heterogeneity that
cannot be observed by estimating a distribution around the
estimated mean of each attribute (preference parameter). In
this study, the random parameters used in the mixed logit
model were assumed to be normally distributed. The attrib-
utes were assumed to be continuous and modelled as linear.
Models for the patient and public samples were estimated
separately to avoid issues of scale heterogeneity (see McFad-
den [38] and Vass et al. [39]).
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2.9 Balancing Benefits and Risks

The balance between benefits and risks, represented by dif-
ferent attributes describing the biologic calculator, were
quantified through estimating marginal rates of substitu-
tion (MRS), representing how much more of one attribute
respondents are ready to tolerate in exchange for higher lev-
els of another. Confidence intervals around the mean MRS
estimates were approximated using the Delta method [41].

3 Results

The final study sample comprised 142 members of the pub-
lic and 151 patients who completed the survey between 14
and 17 November 2017. Sociodemographic data for the
study sample are shown in Table 2. There were clinically

meaningful differences in self-reported health status because
patients with RA had a much lower level of health (mean
EQ-5D score 0.650; standard deviation 0.312) than those
in the public sample (mean EQ-5D score 0.902; standard
deviation 0.151) [36]. ESM 2 presents the distributions of
the health status scores, and ESM 3 provides additional sum-
mary statistics for the study sample.

3.1 Results of the Mixed Logit Models

The results of the mixed logit models estimated for each
sample (patient and public) are shown in Table 3. In the
public sample, the directions of all attributes aligned with
a priori expectations: delay and risk were seen as negative,
whereas PPV, NPV and cost saving to the NHS were viewed
as positive. All attributes were statistically significant at the
10% level except cost saving to the NHS. The large, negative
and statistically significant ASC indicates that the public

Table 2 Sample characteristics

Characteristics Public (n=142) Patients (n=151) All (n=293)
Sex
Male 80 (56.3) 99 (65.6) 179 (61.1)
Female 62 (43.7) 52 (34.4) 114 (38.9)
Age, years
18-24 1(0.7) 4(2.6) 5(1.7)
25-34 23 (16.2) 34 (22.5) 57 (19.5)
35-44 28 (19.7) 45 (29.8) 73 (24.9)
45-54 46 (32.4) 19 (12.6) 65 (22.2)
55-64 33(23.2) 39 (25.8) 72 (24.6)
>65 11(7.7) 10 (6.6) 21(7.2)
Religion
No religion 64 (45.1) 44 (29.1) 108 (36.9)
Christian 72 (50.7) 93 (61.6) 165 (56.3)
Buddhist 0(0.0) 4(2.6) 4(1.4)
Jewish 4(2.8) 1(0.7) 5(1.7)
Hindu 1(0.7) 1(0.7) 2(0.7)
Muslim 1(0.7) 2(1.3) 3(1.0)
Sikh 0(0.0) 2(1.3) 2(0.7)
Other 0(0.0) 4(2.6) 4(1.4)
Occupational status
Employed full-time 105 (74.5) 108 (71.5) 213 (72.9)
Employed part-time 22 (15.6) 24 (15.9) 46 (15.8)
Self-employed 3(2.1) 5(3.3) 8(2.7)
Unemployed 1(0.7) 3(2.0) 4(1.4)
Retired 9(6.4) 4(2.6) 13 (4.5)
Looking after home/family 1(0.7) 0(0.0) 1(0.3)
Student 0(0.0) 0(0.0) 0(0.0)
Freelance/temping 0 (0.0) 1(0.7) 1(0.3)
Long-term sickness 0(0.0) 6 (4.0) 6(2.1)
Temporarily laid off 0 (0.0) 0(0.0) 0(0.0)

Data are presented as n (%)
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sample would prefer personalised approaches over conven-
tional prescribing; however, the standard deviation suggests
statistically significant preference heterogeneity. There was
also statistically significant heterogeneity in preferences for
three specific attributes (PPV, risk and cost).

The direction of attributes in the patient sample also
aligned with a priori expectations. In the patient sample,
the attributes delay, NPV and cost were not statistically sig-
nificant. Similar to the public sample, the ASC indicated the
patient sample would prefer personalised approaches over
conventional prescribing, all else equal, and there was sig-
nificant heterogeneity for the attributes PPV, risk and cost.

3.2 Marginal Rates of Substitution

The coefficients for the patient and public sample estimated
from the mixed logit models (Table 3) may not be directly
comparable because of scale heterogeneity [39, 40]. The
ratios of the estimated coefficients, representing the mar-
ginal rate of substitution, can be directly compared across
the two samples [39]. Assuming a linear and continuous
specification for each attribute, marginal rates of substitution
are presented in Table 4. For the test accuracy, members of

the public were willing to accept the largest increase in risk
(2.1%) for a 10% increase in NPV, whereas an increase in
NPV was not statistically significant for patients who were
only willing to accept an increase in risk (of 0.65%) for a
10% increase in PPV. The overlapping confidence intervals
show little difference in the preferences of patients and the
public.

4 Discussion

The results of this DCE suggested the individuals who took
part in this study, representing current or potential future
patients, were influenced by the predictive value of the pre-
scribing algorithm (‘biologic calculator’). Although both
PPV and NPV were statistically significant in the public
sample, only PPV was statistically significant in the patient
sample. However, the large, negative and statistically sig-
nificant constant implies patients preferred the personalised
approach regardless of the level of NPV. The finding that
individuals would prefer personalised approaches (using a
prescribing algorithm) over conventional approaches, all
else held equal, indicates that there was nothing about the

Table 3 Results of the mixed

; Public Patients
logit models
Mean SE SD SE Mean SE SD SE

ASC (none) —2.044% 0.80  2.174%%*  0.57 —4.383%*%k (.83  3.634%F (.68
Delay —0.022%* 0.01  0.015 0.03 —0.005 0.01 0.015 0.02
PPV* 0.208*** 0.03  0.193*+*  0.04  0.030* 0.02  0.107***  0.03
NPV* 0.267* 0.11  0.024 0.17 -0.079 0.08 0.105 0.21
Risk —0.127*%%* 0.03  0.129***  0.04 —0.045*% 0.02  0.108%** 0.04
Cost® 0.004 0.02  0.172*%*  0.03 0.016 0.01  0.096%**  0.02
Observations (N) 2130 2265

All random parameters assumed to be normally distributed; 1000 Halton draws used to estimate the model

ASC alternative-specific constant, NPV negative predictive value, PPV positive predictive value, SD stand-

ard deviation, SE standard error

#p<0.1; #4p <0.01; **%p <0.001

4 Attribute rescaled so 1% = 10%
b Attribute rescaled so £1 = £100

Table 4 Marginal rates of

substitution accept risk

Willingness to For a 1-day reduction in delay

For a 10% increase in PPV~ For a 10% increase in NPV

Public
Patient

0.17 (0.06-0.29)
0.12* (-0.15-0.38)

1.64 (0.92-2.36)
0.65 (—=0.24-1.55)

2.10 (0.21-4.00)
—1.76" (- 5.44-1.93)

Data are presented as % (95% confidence interval)

NPV negative predictive value, PPV positive predictive value

“Numerator not statistically significant
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prescribing algorithm that the individuals sampled inher-
ently disliked, despite some concerns in the literature about
perceptions that the public and patients may have about ‘arti-
ficial intelligence’-driven decision making replacing clinical
decision making in healthcare [42].

The attribute ‘cost saving to the NHS’ was not statisti-
cally significant for either patients or the public sampled in
this study. The valuation elicited for the prescribing algo-
rithm in this study was not a traditional willingness to pay
from the individual’s perspective but instead a willingness
to save money for the healthcare system. We are not aware of
other studies eliciting willingness to save for the health sys-
tem; however, ‘traditional’ estimates of willingness to pay
for relief of RA symptoms has been valued at around £550
per month [43—45]. Framing cost as a willingness to save for
the healthcare system provides a valuation from a ‘socially
inclusive’ perspective rather than the individual’s ‘personal’
valuation acquired when cost is framed as a charge or out-
of-pocket expense [46]. The socially inclusive perspective is
relatively less common and limits the comparability of the
monetary valuations estimated in this research.

The results of this quantitative study mirror some of the
published qualitative investigations into patients’ views of
predictive testing to stratify RA treatments [4]. A focus
group-based qualitative study found that many patients wel-
comed a new personalised approach to prescribing. Reduc-
ing delays to an effective treatment was an important con-
sideration. Delay was an important attribute to the public in
this quantitative study, but it was not statistically significant
in the patient sample.

Some examples of studies considering stratifying tech-
nologies in other therapeutic areas exist [47]. For example,
Powell et al. [21] identified patterns of importance that
were similar to those observed for a biologic calculator in a
study eliciting preferences for pharmacogenetic testing in
epilepsy. Najafzadeh et al. [48] used a DCE administered
to the public and patients to elicit their preferences for a
genomic test to predict drug response for cancer treatment
and found that a delay in receiving treatment caused by the
test turnaround time was valued lowest ($650). Najafza-
deh et al. [48] found some statistically significant differ-
ences between the preferences of patients and the public
for a genetic test to guide cancer treatment. The preference
weight for the highest level of sensitivity was larger for
patients than for the public. Patients were also more likely
to opt out of testing.

Limitations of the study include the use of internet
recruitment for the final survey study, which may restrict
the generalisability of the results as the results may not nec-
essarily be representative of the general public or the aver-
age patients with RA. Although patient groups were utilised
in the survey development, internet panels were chosen to
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acquire a survey sample quickly and relatively inexpen-
sively; however, the respondents to internet panel DCEs are
likely to be computer literate. The patient sample also relied
on self-reported diagnoses of RA. The patient sample had
substantially lower EQ-5D scores than the public (see ESM
2), as expected for respondents with a chronic condition.
Although popular in healthcare DCEs [9], the advantages
and disadvantages of using internet panels for DCEs have
yet to be thoroughly explored. There is some emerging evi-
dence from the health stated-preference literature that sug-
gest internet panels generate preference data comparable to
those from mail-based surveys [49] but are superior in terms
of response rate [50]. Other health-valuation studies have
found they provide good-quality data compared with other
methods such as postal surveys and telephone interviews
[51].

Patient groups were used because we felt the mem-
bers would be confident to articulate views relevant to the
research as they were somewhat familiar with the content.
For example, we could talk about the personalised approach
to prescribing without first having to explain treatment with
biologics as even patients on methotrexate were familiar
with these medicines. However, patients engaged in research
and patient groups were not purposefully recruited for the
final study, and the views of the members could differ from
the views of respondents.

The study also relied on patients’ self-reported diagnosis
of RA. Members of the patient groups and those completing
the survey online may erroneously believe that they have RA
when they actually have another type of arthritis or inflam-
matory disorder. The survey materials were carefully devel-
oped to explain the disease area, and we hoped that those
who did not identify with the patient scenario presented
would exit the survey. Of course, this cannot be guaranteed
and is therefore a limitation of the study.

All attributes were continuous and were thus modelled as
linear in the utility functions. With the available sample size,
investigations into alternative specifications were not feasi-
ble. As with many survey studies, the findings from this sam-
ple may not be generalisable to the wider population. The
study focus was limited to preferences for stratifying treat-
ments with biologics in RA, but subsequent studies could
use a similar method in other disease areas such as psoriasis
or systemic lupus erythematosus. Furthermore, it remains
unclear whether patients are truly the actual demanders of
healthcare, particularly in stratified medicine where there are
many key stakeholders. For example, patients often rely on
their clinicians’ advice, and this may drive their healthcare
choices [52]. In addition, service commissioners deciding
whether to introduce new technology into clinic may not
believe patient or public preferences offer the most appropri-
ate viewpoint for their decisions [53].
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5 Conclusion

The results of this DCE suggest that individuals are open to
personalised approaches to treatment with biologics using a
prescribing algorithm. This study suggested that preferences
for the personalised approach, including PPV, risk and cost
saving, were heterogeneous in samples of patients and the
public. Researchers developing new approaches to person-
alised medicine should pay close attention to the predictive
value (both positive and negative) of the mechanism being
developed to target therapy.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s40271-021-00533-z.

Acknowledgements The authors thank the respondents for complet-
ing the survey and providing feedback. The authors would also like
to thank the Medical Research Council (MRC) and the Riksbanken
Jubileumsfond for funding this research.

Declarations

Funding Caroline Vass and Katherine Payne received financial sup-
port for the conduct of this study from ‘Mind the Risk’, a project
funded by Riksbanken Jubileumsfond. Anne Barton received financial
support for the conduct of this study from MATURA, a project funded
by the Medical Research Council (Grant Ref. MR/K015346/1). Anne
Barton also received support from the National Institute for Health
Research (NIHR) Manchester Biomedical Research Centre (BRC),
an NIHR Senior Investigator award and Versus Arthritis (Grant Ref.
21754).

Conflict of interest Caroline M Vass, Anne Barton and Katherine
Payne have no conflicts of interest that are directly relevant to the con-
tent of this article.

Availability of data and material The data used in this study are neither
the results of a clinical trial nor the secondary analysis of clinical trial
data. As these data are undergoing further analyses, they cannot be
shared. The animation used in the online survey is available via this
link: https://mindbytes.be/our-work/patient-preference-survey-rheum
atoid-arthritis/.

Ethics approval This study was approved by the University of Man-
chester’s University Research Ethics Committee.

Consent to participate Informed consent was obtained from the par-
ticipants involved.

Consent for publication Before consenting, participants were informed
that their data may be published in a journal article.

Author contributions CMV conducted the pilot study, generated the
experimental design, programmed the survey, analysed the data, and
produced a first draft of the manuscript. KP formulated the research
question, created the design for the overall study, and oversaw data
collection and analysis. AB was involved in formulating the research
question, providing expert advice on clinical descriptions, and recruit-
ing patients to piloting. All authors contributed to the drafting of this
manuscript.

Open Access This article is licensed under a Creative Commons Attri-
bution-NonCommercial 4.0 International License, which permits any
non-commercial use, sharing, adaptation, distribution and reproduction
in any medium or format, as long as you give appropriate credit to the
original author(s) and the source, provide a link to the Creative Com-
mons licence, and indicate if changes were made. The images or other
third party material in this article are included in the article’s Creative
Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons
licence and your intended use is not permitted by statutory regula-
tion or exceeds the permitted use, you will need to obtain permission
directly from the copyright holder. To view a copy of this licence, visit
http://creativecommons.org/licenses/by-nc/4.0/.

References

1. Gavan S, Harrison M, Iglesias C, et al. Economics of strati-
fied medicine in rheumatoid arthritis. Curr Rheumatol Rep.
2014;16(12):468.

2. Bongartz T, Sutton AJ, Sweeting MJ, et al. Anti-TNF antibody
therapy in rheumatoid arthritis and the risk of serious infections
and malignancies. JAMA. 2006;295:2275. https://doi.org/10.
1001/jama.295.19.2275.

3. Salliot C, Dougados M, Gossec L. Risk of serious infections dur-
ing rituximab, abatacept and anakinra treatments for rheumatoid
arthritis: meta-analyses of randomised placebo-controlled trials.
Ann Rheum Dis. 2009;68:25-32. https://doi.org/10.1136/ard.
2007.083188.

4. Kumar K, Peters S, Barton A. Rheumatoid arthritis patient percep-
tions on the value of predictive testing for treatments: a qualitative
study. BMC Musculoskelet Disord. 2016;17:460. https://doi.org/
10.1186/s12891-016-1319-x.

5. Isaacs JD, Ferraccioli G. The need for personalised medicine for
rheumatoid arthritis. Ann Rheum Dis. 2011;70:4-7.

6. Plenge R, Criswell LA. Genetic variants that predict response
to anti-tumor necrosis factor therapy in rheumatoid arthritis:
current challenges and future directions. Curr Opin Rheuma-
tol. 2008;20:145-52. https://doi.org/10.1097/BOR.0b013e3282
f5135b.

7. Nair SC, Welsing PMJ, Choi IYK, et al. A personalized approach
to biological therapy using prediction of clinical response based
on MRP8/14 serum complex levels in rheumatoid arthritis
patients. PLoS ONE. 2016;11:1-12. https://doi.org/10.1371/journ
al.pone.0152362.

8. Tak PP. Understanding drug resistance to biologic therapy A per-
sonalized medicine approach to biologic treatment of rheuma-
toid arthritis : a preliminary treatment algorithm. Rheumatology.
2012;51:600-9. https://doi.org/10.1093/rheumatology/ker300.

9. Soekhai V, de Bekker-Grob EW, Ellis AR, Vass CM. Discrete
choice experiments in health economics: past, present and future.
Pharmacoeconomics. 2019;37:201-26.

10. Lancsar E, Donaldson C. Discrete choice experiments in health
economics. Eur J Heal Econ. 2005;6:314—6. https://doi.org/10.
1007/510198-005-0304-3.

11. Lancaster K. A new approach to consumer theory author. J Polit
Econ. 1966;74:132-57. https://doi.org/10.1016/j.febslet.2008.12.
004.Reductive.

12. Harrison M, Rigby D, Vass CM, et al. Risk as an attribute in
discrete choice experiments: a systematic review of the lit-
erature. Patient. 2014;7:151-70. https://doi.org/10.1007/
s40271-014-0048-1.

13. Harrison M, Marra C, Shojania K, Bansback N. Societal pref-
erences for rheumatoid arthritis treatments: Evidence from a

A\ Adis


https://doi.org/10.1007/s40271-021-00533-z
https://mindbytes.be/our-work/patient-preference-survey-rheumatoid-arthritis/
https://mindbytes.be/our-work/patient-preference-survey-rheumatoid-arthritis/
http://creativecommons.org/licenses/by-nc/4.0/
https://doi.org/10.1001/jama.295.19.2275
https://doi.org/10.1001/jama.295.19.2275
https://doi.org/10.1136/ard.2007.083188
https://doi.org/10.1136/ard.2007.083188
https://doi.org/10.1186/s12891-016-1319-x
https://doi.org/10.1186/s12891-016-1319-x
https://doi.org/10.1097/BOR.0b013e3282f5135b
https://doi.org/10.1097/BOR.0b013e3282f5135b
https://doi.org/10.1371/journal.pone.0152362
https://doi.org/10.1371/journal.pone.0152362
https://doi.org/10.1093/rheumatology/ker300
https://doi.org/10.1007/s10198-005-0304-3
https://doi.org/10.1007/s10198-005-0304-3
https://doi.org/10.1016/j.febslet.2008.12.004.Reductive
https://doi.org/10.1016/j.febslet.2008.12.004.Reductive
https://doi.org/10.1007/s40271-014-0048-1
https://doi.org/10.1007/s40271-014-0048-1

118

C.M.Vass et al.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.
26.

217.

28.

29.

30.

31.

discrete choice experiment. Rheumatol (United Kingdom).
2015;54:1816-25. https://doi.org/10.1093/rheumatology/kev113.
Constantinescu F, Goucher S, Weinstein A, et al. Understanding
why rheumatoid arthritis patient treatment preferences differ by
race. Arthritis Rheum. 2009;61:413-8.

Kievit W, van Hulst L, van Riel P, Fraenkel L. Factors that influ-
ence rheumatologists’ decisions to escalate care in rheumatoid
arthritis: results from a choice-based conjoint analysis. Arthritis
Care Res (Hoboken). 2010;62:842-7.

Skjoldborg US, Lauridsen J, Junker P. Reliability of the discrete
choice experiment at the input and output level in patients with
rheumatoid arthritis. Value Health. 2009;12:153-8.

Poulos C, Hauber AB, Gonzalez JM, Turpcu A. Patients’ will-
ingness to trade off between the duration and frequency of
rheumatoid arthritis treatments. Arthritis Care Res (Hoboken).
2014;66:1008-15. https://doi.org/10.1002/acr.22265.
Augustovski F, Beratarrechea A, Irazola V, et al. Patient pref-
erences for biologic agents in rheumatoid arthritis: a discrete-
choice experiment. Value Health. 2013;16:385-93. https://doi.
org/10.1016/j.jval.2012.11.007.

Hazlewood GS, Bombardier C, Tomlinson G, et al. Treatment
preferences of patients with early rheumatoid arthritis: a dis-
crete-choice experiment. Rheumatology. 2016;55(11):1959-68.
https://doi.org/10.1093/rheumatology/kew280.

Bywall KS, Kihlbom U, Hansson M, et al. Patient preferences
on rheumatoid arthritis second-line treatment: a discrete choice
experiment of Swedish patients. Arthritis Res Ther. 2020.
https://doi.org/10.1186/s13075-020-02391-w.

Powell G, Holmes EAF, Plumpton CO, et al. Pharmacogenetic
testing prior to carbamazepine treatment of epilepsy: patients’
and physicians’ preferences for testing and service delivery. Br
J Clin Pharmacol. 2015;80:1149-59. https://doi.org/10.1111/
bep.12715.

Payne K, Fargher EA, Roberts SA, et al. Valuing pharmacogenetic
testing services: a comparison of patients’ and health care profes-
sionals’ preferences. Value Health. 2011;14:121-34. https://doi.
org/10.1016/j.jval.2010.10.007.

Lancsar E, Louviere J. Conducting discrete choice experiments
to inform healthcare decision making: a user’s guide. Pharmaco-
economics. 2008;26:661-77.

Bridges JF, Hauber AB, Marshall D, et al. Conjoint analysis
applications in health-a checklist: a report of the ISPOR Good
Research Practices for Conjoint Analysis Task Force. Value Heal.
2011;14:403-13. https://doi.org/10.1016/j.jval.2010.11.013.
Sawtooth (2012) Sawtooth Software SSI Web 8.3.8

Kievit W, van Hulst L, van Riel P, Fraenkel L. Factors that influ-
ence rheumatologists’ decisions to escalate care in rheumatoid
arthritis: results from a choice-based conjoint analysis. Arthritis
Care Res (Hoboken). 2010;62:842-7.

Abm Next generation sequencing services. http://bio-rev.com/wp-
content/uploads/2010/11/Next-Generation-Sequencing-Services-
Augl5-v2.pdf. Accessed 17 Aug 2017

Laboratories M MNG next generation sequencing. http://bio-rev.
com/wp-content/uploads/2010/11/Next-Generation-Sequencing-
Services-Augl5-v2.pdf. Accessed 17 Aug 2017

CTGT Connective tissue gene tests: turnaround time. http://ctgt.
net/turnaround-time. Accessed 22 Aug 2017

Singh JA, Cameron C, Noorbaloochi S, et al. Risk of serious infec-
tion in biological treatment of patients with rheumatoid arthritis:
a systematic review and meta-analysis. Lancet. 2015;386:258-65.
https://doi.org/10.1016/S0140-6736(14)61704-9.

Jani M, Gavan S, Chinoy H, et al. A microcosting study of immu-
nogenicity and tumour necrosis factor alpha inhibitor drug level
tests for therapeutic drug monitoring in clinical practice. Rheu-
matology. 2016;55:2131-7. https://doi.org/10.1093/rheumatolo
gy/kew292.

A\ Adis

32.
33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

Choice Metrics (2012) Ngene User Manual 1.1.1

Reeve C. Narrative-based serious games. In: Serious games on the
move. 2009. p. 73-89.

Vass CM, Davison NJ, Vander Stichele G, Payne K. A picture
is worth a thousand words: the role of survey training materials
in stated-preference studies. Patient. 2020;13:163—73. https://doi.
org/10.1007/s40271-019-00391-w.

Vass CM, Rigby D, Payne K. Investigating the heterogeneity in
women’s preferences for breast screening: does the communica-
tion of risk matter? Value Health. 2018;21:219-28. https://doi.
org/10.1016/j.jval.2017.07.010.

Devlin N, Shah K, Feng Y, et al. Valuing health-related quality
of life: an EQ-5D-5L value set for England. Health Econ. 2017.
https://doi.org/10.1002/hec.3564.

de Bekker-Grob EW, Donkers B, Jonker MF, Stolk E. Sample
size requirements for discrete-choice experiments in healthcare:
a practical guide. Patient Online only. 2015. https://doi.org/10.
1007/s40271-015-0118-z.

McFadden D. Conditional logit analysis of qualitative choice
behaviour. In: Front. Econ. 1974. p. 105-142.

Vass CM, Wright S, Burton M, Payne K. Scale heterogeneity in
healthcare discrete choice experiments: a primer. Patient. 2017.
https://doi.org/10.1007/s40271-017-0282-4.

Wright SJ, Vass CM, Sim G, et al. Accounting for scale hetero-
geneity in healthcare-related discrete choice experiments when
comparing stated preferences: a systematic review. Patient Patient
Centered Outcomes Res. 2018;11(5):475-88.

Hole AR. WTP: stata module to estimate confidence intervals for
willingness to pay measures. Stat Softw Components. 2007.
Verghese A, Shah NH, Harrington RA. What this computer needs
is a physician humanism and artificial intelligence. JAMA J Am
Med Assoc. 2018;319:19-20. https://doi.org/10.1001/jama.2017.
19198.

Tuominen R, Tuominen S, Mottonen T. How much is a reduction
in morning stiffness worth to patients with rheumatoid arthritis?
Scand J Rheumatol. 2011;40:12-6. https://doi.org/10.3109/03009
742.2011.566435.

Slothuus U. Willingness to pay for arthritis symptom alleviation.
Int J Technol Assess Health Care. 2000;1:60-72.

Fautrel B, Clarke AE, Guillemin F, et al. Costs of rheumatoid
arthritis: new estimates from the human capital method and
comparison to the willingness-to-pay method. Med Decis Mak.
2007;27:138-50. https://doi.org/10.1177/0272989X06297389.
Tsuchiya A, Watson V. Re-thinking ‘the different perspectives that
can be used when eliciting preferences in health.” Health Econ.
2017. https://doi.org/10.1002/HEC.3480.

Boeri M, McMichael AJ, Kane JPM, et al. Physician-specific
maximum acceptable risk in personalized medicine: implications
for medical decision making. Med Decis Mak. 2018;38:593-600.
https://doi.org/10.1177/0272989X18758279.

Najafzadeh M, Johnston KM, Peacock SJ, et al. Genomic test-
ing to determine drug response: measuring preferences of the
public and patients using discrete choice experiment (DCE).
BMC Health Serv Res. 2013;13:454. https://doi.org/10.1186/
1472-6963-13-454.

Determann D, Lambooij MS, Steyerberg EW, et al. Impact of sur-
vey administration mode on the results of a health-related discrete
choice experiment: online and paper comparison. Value Health.
2017;20:953-60. https://doi.org/10.1016/j.jval.2017.02.007.
Ryan M, Mentzakis E, Matheson C, Bond C. Survey modes com-
parison in contingent valuation: internet panels and mail surveys.
Heal Econ (United Kingdom). 2020;29:234-42. https://doi.org/
10.1002/hec.3983.

Mulhern B, Longworth L, Brazier J, et al. Binary choice health
state valuation and mode of administration: head-to-head


https://doi.org/10.1093/rheumatology/kev113
https://doi.org/10.1002/acr.22265
https://doi.org/10.1016/j.jval.2012.11.007
https://doi.org/10.1016/j.jval.2012.11.007
https://doi.org/10.1093/rheumatology/kew280
https://doi.org/10.1186/s13075-020-02391-w
https://doi.org/10.1111/bcp.12715
https://doi.org/10.1111/bcp.12715
https://doi.org/10.1016/j.jval.2010.10.007
https://doi.org/10.1016/j.jval.2010.10.007
https://doi.org/10.1016/j.jval.2010.11.013
http://bio-rev.com/wp-content/uploads/2010/11/Next-Generation-Sequencing-Services-Aug15-v2.pdf
http://bio-rev.com/wp-content/uploads/2010/11/Next-Generation-Sequencing-Services-Aug15-v2.pdf
http://bio-rev.com/wp-content/uploads/2010/11/Next-Generation-Sequencing-Services-Aug15-v2.pdf
http://bio-rev.com/wp-content/uploads/2010/11/Next-Generation-Sequencing-Services-Aug15-v2.pdf
http://bio-rev.com/wp-content/uploads/2010/11/Next-Generation-Sequencing-Services-Aug15-v2.pdf
http://bio-rev.com/wp-content/uploads/2010/11/Next-Generation-Sequencing-Services-Aug15-v2.pdf
http://ctgt.net/turnaround-time
http://ctgt.net/turnaround-time
https://doi.org/10.1016/S0140-6736(14)61704-9
https://doi.org/10.1093/rheumatology/kew292
https://doi.org/10.1093/rheumatology/kew292
https://doi.org/10.1007/s40271-019-00391-w
https://doi.org/10.1007/s40271-019-00391-w
https://doi.org/10.1016/j.jval.2017.07.010
https://doi.org/10.1016/j.jval.2017.07.010
https://doi.org/10.1002/hec.3564
https://doi.org/10.1007/s40271-015-0118-z
https://doi.org/10.1007/s40271-015-0118-z
https://doi.org/10.1007/s40271-017-0282-4
https://doi.org/10.1001/jama.2017.19198
https://doi.org/10.1001/jama.2017.19198
https://doi.org/10.3109/03009742.2011.566435
https://doi.org/10.3109/03009742.2011.566435
https://doi.org/10.1177/0272989X06297389
https://doi.org/10.1002/HEC.3480
https://doi.org/10.1177/0272989X18758279
https://doi.org/10.1186/1472-6963-13-454
https://doi.org/10.1186/1472-6963-13-454
https://doi.org/10.1016/j.jval.2017.02.007
https://doi.org/10.1002/hec.3983
https://doi.org/10.1002/hec.3983

Preferences for Personalised Medicine in RA

19

52.

53.

comparison of online and CAPI. Value Health. 2015;16:104-13.
https://doi.org/10.1016/j.jval.2012.09.001.

Bloom G, Standing H, Lloyd R. Markets, information asymme-
try and health care: towards new social contracts. Soc Sci Med.
2008;66:2076-87. https://doi.org/10.1016/j.socscimed.2008.01.
034.

Payne K, Annemans L. Reflections on market access for person-
alized medicine: Recommendations for Europe. Value Health.
2013;16:S32-S38. https://doi.org/10.1016/j.jval.2013.06.010.

http://limo.libis.be/resolver?&sid=EMBASE&issn=10983015&
id=doi:10.1016%2Fj.jval.2013.06.010&atitle=Reflections+
on+market+access+for+personalized+medicine%3A+Recom
mendations+for+Europe&stitle=Value+Health&title=Value+
in+Health&volume=16&issue=6+SUPPL.&spage=&epage=&
aulast=Payne&aufirst=Katherine&auinit=K.&aufull=Payne+K.
&coden=VIHLF&isbn=&pages=-&date=2013&auinit]=K&
auinitm=.

A\ Adis


https://doi.org/10.1016/j.jval.2012.09.001
https://doi.org/10.1016/j.socscimed.2008.01.034
https://doi.org/10.1016/j.socscimed.2008.01.034
https://doi.org/10.1016/j.jval.2013.06.010
http://limo.libis.be/resolver?&sid=EMBASE&issn=10983015&id=doi:10.1016%2Fj.jval.2013.06.010&atitle=Reflections+on+market+access+for+personalized+medicine%3A+Recommendations+for+Europe&stitle=Value+Health&title=Value+in+Health&volume=16&issue=6+SUPPL.&spage=&epage=&aulast=Payne&aufirst=Katherine&auinit=K.&aufull=Payne+K.&coden=VIHLF&isbn=&pages=-&date=2013&auinit1=K&auinitm=
http://limo.libis.be/resolver?&sid=EMBASE&issn=10983015&id=doi:10.1016%2Fj.jval.2013.06.010&atitle=Reflections+on+market+access+for+personalized+medicine%3A+Recommendations+for+Europe&stitle=Value+Health&title=Value+in+Health&volume=16&issue=6+SUPPL.&spage=&epage=&aulast=Payne&aufirst=Katherine&auinit=K.&aufull=Payne+K.&coden=VIHLF&isbn=&pages=-&date=2013&auinit1=K&auinitm=
http://limo.libis.be/resolver?&sid=EMBASE&issn=10983015&id=doi:10.1016%2Fj.jval.2013.06.010&atitle=Reflections+on+market+access+for+personalized+medicine%3A+Recommendations+for+Europe&stitle=Value+Health&title=Value+in+Health&volume=16&issue=6+SUPPL.&spage=&epage=&aulast=Payne&aufirst=Katherine&auinit=K.&aufull=Payne+K.&coden=VIHLF&isbn=&pages=-&date=2013&auinit1=K&auinitm=
http://limo.libis.be/resolver?&sid=EMBASE&issn=10983015&id=doi:10.1016%2Fj.jval.2013.06.010&atitle=Reflections+on+market+access+for+personalized+medicine%3A+Recommendations+for+Europe&stitle=Value+Health&title=Value+in+Health&volume=16&issue=6+SUPPL.&spage=&epage=&aulast=Payne&aufirst=Katherine&auinit=K.&aufull=Payne+K.&coden=VIHLF&isbn=&pages=-&date=2013&auinit1=K&auinitm=
http://limo.libis.be/resolver?&sid=EMBASE&issn=10983015&id=doi:10.1016%2Fj.jval.2013.06.010&atitle=Reflections+on+market+access+for+personalized+medicine%3A+Recommendations+for+Europe&stitle=Value+Health&title=Value+in+Health&volume=16&issue=6+SUPPL.&spage=&epage=&aulast=Payne&aufirst=Katherine&auinit=K.&aufull=Payne+K.&coden=VIHLF&isbn=&pages=-&date=2013&auinit1=K&auinitm=
http://limo.libis.be/resolver?&sid=EMBASE&issn=10983015&id=doi:10.1016%2Fj.jval.2013.06.010&atitle=Reflections+on+market+access+for+personalized+medicine%3A+Recommendations+for+Europe&stitle=Value+Health&title=Value+in+Health&volume=16&issue=6+SUPPL.&spage=&epage=&aulast=Payne&aufirst=Katherine&auinit=K.&aufull=Payne+K.&coden=VIHLF&isbn=&pages=-&date=2013&auinit1=K&auinitm=
http://limo.libis.be/resolver?&sid=EMBASE&issn=10983015&id=doi:10.1016%2Fj.jval.2013.06.010&atitle=Reflections+on+market+access+for+personalized+medicine%3A+Recommendations+for+Europe&stitle=Value+Health&title=Value+in+Health&volume=16&issue=6+SUPPL.&spage=&epage=&aulast=Payne&aufirst=Katherine&auinit=K.&aufull=Payne+K.&coden=VIHLF&isbn=&pages=-&date=2013&auinit1=K&auinitm=
http://limo.libis.be/resolver?&sid=EMBASE&issn=10983015&id=doi:10.1016%2Fj.jval.2013.06.010&atitle=Reflections+on+market+access+for+personalized+medicine%3A+Recommendations+for+Europe&stitle=Value+Health&title=Value+in+Health&volume=16&issue=6+SUPPL.&spage=&epage=&aulast=Payne&aufirst=Katherine&auinit=K.&aufull=Payne+K.&coden=VIHLF&isbn=&pages=-&date=2013&auinit1=K&auinitm=

	Towards Personalising the Use of Biologics in Rheumatoid Arthritis: A Discrete Choice Experiment
	Abstract
	Introduction 
	Objective 
	Methods 
	Results 
	Conclusion 

	1 Introduction
	2 Method
	2.1 Survey Design
	2.2 Attributes and Levels
	2.3 Experimental Design
	2.4 Training Materials
	2.5 Background Questions
	2.6 Piloting
	2.7 Study Population and Sample
	2.8 Analysis of Data
	2.9 Balancing Benefits and Risks

	3 Results
	3.1 Results of the Mixed Logit Models
	3.2 Marginal Rates of Substitution

	4 Discussion
	5 Conclusion
	Acknowledgements 
	References




