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Table 1: Attributes and Levels

Introduction and Aim of Study

Attribute Levels
Symptoms and Usual Activities The assessment asks about your symptoms
Wlthln the health economics literature, there 1S debate about the The assessment asks about how your symptoms impact on your usual activities
. . . . . Level of Detail The assessment will only pick up major nerve damage and large changes in your condition
approprlateness of using patlent vVersus general populatlon Samples 1n
: .. . ] ] ) The assessment will pick up minor and major nerve damage, including small changes in your condition
decisions about the allocation of health resources. An assumption behind this whietherdt S imporansormot
debate, is the existence of fundamental differences between a patient sample, Susetonnare ;‘°q”e:”°“:a"e
: A . : questions to answer
that may be familiar the health condition, and a general population sample, T Y ———
who may have limited knowledge or experience of the health condition and 20/questions to answer
_ Physical Test/s No physical test
aSSOClated treatments. Clinician administered test e.g. sharp and dull test, tuning fork test
In this study, potential differences between these two samples are explored Patient activity based test e.g. peg board test, sway test
. . . Technical test e.g. nerve conduction studies
through a discrete choice experiment (DCE) used to understand what features impasion Chalc Ting O i Enlathie
are important to include in an assessment for chemotherapy induced Usual clinic time plus 10 minutes extra
. . . Usual clinic time plus 30 minutes extra
peripheral neuropathy (CIPN). CIPN is a side effect to chemotherapy treatment T T o TR R S T e
that can affect up to 40% of cancer survivors. How will results influence care/treatment |The doctor will discuss the results with you, and together you can decide what they mean for you and
This study also investigated whether providing additional information to the YOUP A SR,
) o ] The doctor may change your general care (e.g. medications to help relieve symptoms, physiotherapy,
genel‘al pOpulatlon Sample could mltlgate any knOWledge or experience walking aids) if there are significant changes in your condition over time
differences between a general population and patient Sample. The doctor may change your chemotherapy/cancer treatment if there are significant changes in your
condition over time

Figure 1: Example Choice Set Methods

We would like you to imagine that you have been given a chemotherapy drug where peripheral neuropathy is a known side effect. Imagine that during the time you are Attrlb utes and levels are llsted ln Table 1 . Flgure 1 pI‘OVldeS an eXample Ch01ce
undergomg chemotherapy, you will also be assessed for perlpheral neuropathy. In addition to talklng with your clinician, you may be asked to Comp|ete a questionnaire
i o 4 e e e set seen by respondents. Attributes and levels were refined through consultation
If these were your only options, which peripheral neuropathy assessment tool would you prefer? A or B? Wlth CllnlCIanS’ 6 Cognltlve lnterVIeWS Wlth breaSt cancer patlents and thrOugh d
| - feedback session with a group experienced with DCEs. A patient and general
Assessment A Assessment B . . .
_[ e | population sample were recruited. The patient sample were all volunteers. To
Symptoms and usual activities ;:e"Zj?iZiZ'e:;{ajs:(:saDCUt hOow your sympioms impact The assessment asks about your symptoms p arti Cipate, th ey had tO have had a Cancer diagno SiS an d exp erience With
chemotherapy treatment. The general population sample were recruited through
Level of detail The assessment will pick up minor and major nerve The assessment will pick up minor and major nerve . . .
damage, including small changes in your condition damage, including small changes in your condition an online pane] with quotas for age and gender to be representative of the
whether it is important or not whether it is important or not

Australian population. The general population was split into two arms. Arm 1

cuestennae e b e b received the same introductory information as the patient sample. The Arm 2
Eyslce sts o Py sicat e fationt s:tivily baseq ies.co peglbomdie vy ko received extra information in the form of moving GIFs and a short video about
Impact on clinic time Usual clinic time plus 30 minutes extra Usual clinic time plus 10 minutes extra C IPN.
—— e dontor Wl Focoss o ronils whty vout e trntter 1 oot ey ks ks et sexoamost Scaled-multinomial logit (S-MNL) models were estimated to test for scale
e i ekl differences between Arms 1 and 2 and to compare Arms 1 and 2 to the patient
sample. Analyses were conducted in R Studio using the gmnl package.
Which would you choose? Assessment A Assessment B

Table 2: Testing for scale differences between the patient sample and general
population arms

Results SN

_ _ _ S&Q 2 (symptoms & usual activities) 0.011**
The general population sample consisted of 167 respondents in Arm 1 and Det 2 (minor and major changes) 0.000***
168 respondents in Arm 2. There were 117 respondents in the patient Q 2 (3 questions to answer) 0.254
sample. In order to investigate the aims of this study, this requires Q 3 (12 questions to answer) 0.031*
comparison of results across the arms of the general population sample and Q 4 (20 questions to answer) 0.183
results between the patient and general population arms. However, PhyT 2 (clinician administered test) 0.00 () *H
parameter estimates from any models estimated may not be directly . - ; ; tient activity based test 0'000***
comparable due to the presence of scale heterogeneity (Vass et. al., 2018). :_):3y;; :pa 1er.1 activity based test] BSOS
The S-MNL model can be used to detect the presence of scale differences ey r4 Ltechn.lc_al t_eSt) | 0.000
through the inclusion of a scale factor (o) in the utility function(Fiebig et al,, CT 2 (usual Cl?“}c tme + 10 m%ns) 0.397
2010; Sarrias & Daziano, 2017). The scale factor (o) can be influenced by CT 3 (usual clinic t1rr.1e + 30 mins) | 0.634
individual specific characteristics, e.g. arm assignment or population type. CT 4 (separate appointment, takes up to 60 mins) 0.004**
If the parameter, 9, associated with the individual specific characteristic is Res 2 (doctor may change your general care}) 0.000***
significant, this indicates that it is a significant contributor to scale Res 3 (doctor may change your chemo/cancer treatment) 0.000%**
heterogeneity. T 0.000***
A S-MNL model is estimated to test whether the two general population Oarm 1 0.000***
arms can be combined for analysis. Arm 1 was entered as the base case. The Ogrm 2 0.036%
O4rm Was not significant (p = 0.123) indicating that they can be combined *p-value < 0.05 **p-value < 0.01 *** p-value < 0.001

together. A MNL model was estimated with a dummy variable for arm Conclusions
interacted with each of the attribute parameters. No significant interaction

effects were found (p > 0.10) indicating no preference differences between [t was found that those in the general population sample that received extra
the two general population arms. However, when asked to rate on a 5 point information in the form of moving images, and extra video, had a better
Likert scale the ease of identifying differences between assessment options, understanding of the DCE. And this did not come at the expense of influencing
it was found that those in Arm 2 were significantly more likely to agree or preferences exhibited by the general population sample.
Strongly agree Compared to those in Arm 1. This was tested through an Flndlngs this StUdy also Support previous hterature, pI‘OVldlng evidence that
asymptotic linear by linear association test (p < 0.01). there are differences between patient and general population samples, in this
A S-MNL model was also estimated to test for scale differences between the case, in the form of scale heterogeneity.
patient sample and Arm 1 and Arm 2 of the general population arms, with References
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