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Abstract

Background: There isincreasing interest in the potential uses of mobile health (mHealth) technologies, such as wearable
biosensors, as supplements for the care of people with neurological conditions. However, adherence is low, especially over long
periods. If people are to benefit from these resources, we need a better long-term understanding of what influences patient
engagement. Previous research suggests that engagement is moderated by severa barriers and facilitators, but their relative
importance is unknown.

Objective: To determine preferencesand the relativeimportance of user-generated factorsinfluencing engagement with mHealth
technologies for 2 common neurological conditions with a relapsing-remitting course: multiple sclerosis (MS) and epilepsy.

Methods: In a discrete choice experiment, people with a diagnosis of MS (n=141) or epilepsy (n=175) were asked to select
their preferred technology from a series of 8 vignettes with 4 characteristics: privacy, clinical support, established benefit, and
device accuracy; each of these characteristics was greater or lower in each vignette. These characteristics had previously been
emphasi zed by peoplewith MSand or epilepsy asinfluencing engagement with technology. Mixed multinomial logistic regression
model swere used to establish which characteristics were most likely to affect engagement. Subgroup analyses explored the effects
of demographic factors (such as age, gender, and education), acceptance of and familiarity with mobile technology, neurological
diagnosis (MS or epilepsy), and symptoms that could influence motivation (such as depression).
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Results: Analysis of the responses to the discrete choice experiment validated previous qualitative findings that a higher level
of privacy, greater clinical support, increased perceived benefit, and better device accuracy are important to people with a
neurological condition. Accuracy was perceived as the most important factor, followed by privacy. Clinical support was the least
valued of the attributes. People were prepared to trade a modest amount of accuracy to achieve an improvement in privacy, but
lesslikely to make this compromise for other factors. The type of neurological condition (epilepsy or MS) did not influence these
preferences, nor did the age, gender, or mental health status of the participants. Those who were less accepting of technology
werethe most concerned about privacy and those with alower level of education were prepared to trade accuracy for moreclinical
support.

Conclusions: For people with neurological conditions such as epilepsy and M S, accuracy (ie, the ability to detect symptoms)

is of the greatest interest. However, there are individual differences, and people who are less accepting of technology may need
far greater reassurance about data privacy. People with lower levels of education value greater clinician involvement. These

patient preferences should be considered when designing mHealth technologies.

(IMIR Form Res 2022;6(5):€29509) doi: 10.2196/29509
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Introduction

Mobile heath (mHealth) technologies such as wearable
biosensors could supplement the care of people with
neurological conditions, as symptoms of disability can evolve
over time and are generally hard to capture through single
measurements. mHealth technologies can help to detect
variations in movement and physiological signals that indicate
changesin the underlying disease state, thereby allowing earlier
intervention or tailored therapy. While there is emerging
evidence to suggest that mHealth technologies are acceptable
to peoplewith neurological conditions, such as epilepsy, stroke,
multiple sclerosis, dementia, and Parkinson’'s disease [1-6],
adherence, especially over long periods, can below. In arecent
systematic review of engagement with remote measurement
technology (RMT) for health care support, we found that despite
studies being short (the longest study was 13 months) they had
variable, and in some cases relatively high, dropout rates
(0%-44%) [7]. If people with neurological conditions are to
benefit from these resources over the long term, we need abetter
understanding of what influences their engagement.

Theories of technology engagement emphasizetherole of beliefs
and perceptions[8]. In general, when there is motivation to use
mHealth technologies, and thesetool s are perceived to be useful,
accessible, and convenient, user engagement may be high[7,9].
Specifically, factors such as performance expectancy (how much
technology will help to achieve something); effort expectancy
(how easy technology is to use); and how well resourced and
supported the technology is, account for differences in
behavioral intentions and affect mHealth technology use (with
amedium effect size) [10]. However, there are additional factors
that are correlated with variability in mHealth technology use,
including demographic variables, such as gender and age
[11,12], prior experience with technology [13], and socid
influence (how important the technology isto others) [8]. People
with different diagnoses al so have different views of what might
attract or deter them from RMT use. In this study, we have
chosen to focus on 2 specific neurologica conditionsin which
people experience a relapsing-remitting course and for which

https://formative.jmir.org/2022/5/€29509

there is already some evidence that technology may be an
acceptable method for long-term symptom management:
multiple sclerosis (MS) and epilepsy. In our earlier work, we
identified barriers, facilitators, and moderators specific to people
with M S or epilepsy [4-6]. For both conditions, we highlighted
the need to balance costs against rewards when deciding on the
use of mHealth technologies. Better understanding these
trade-offs would provide a more sophisticated understanding
of which factors most influence engagement in these two
populations. This would enable us to develop technology that
is more acceptable to people with neurological conditions such
as M'S and epilepsy, encouraging long-term adherence.

One approach emerging from health care economicsis the use
of discrete choice experiment (DCE) surveys [14,15]. DCEs
have been used to break down health care interventions or
services into characteristics, known as attributes, and then to
quantify their relative value by asking individuals to choose
between services described according to varying attribute levels.
Analysis of these choices allows the identification of the most
important and preferred attributes[14,15]. Previous DCEs have
explored preferencesfor health care choices among people with
epilepsy or M S, and have investigated factors such asthe design
of interventions, (eg, whether people with MS prefer oral
treatment versus intravenous infusions) [16-19], methods of
diagnosis (eg, if people with epilepsy prefer long-term 24-hour
el ectroencephal ography or sleep-deprived
electroencephal ography) [20], the best targetsfor treatment (eg,
whether patients prefer to delay the progression of their
disability or improve their quality of life) [21,22], and the
acceptability of different medications (such as by comparing
different side effects) [23-27]. Meta-analyses have shown that
DCEs can produce reasonable predictions of rea-world
health-related behaviors [28]. Ryan et a [29] argue that the
strength of this approach lies in the integration of patients
values concerning all aspects of careinto asingle measure; this
could inform the efficient allocation of resources in a health
care system, particularly in relation to the introduction of new
technologies.
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Research on relative preferences for sharing health data, which
is integral to digital technology use, has discovered that
information on mental health ismore sensitive than information
on physical health, and that privacy-utility trade-offs are
important [30]. The present study extends these findings, to
exploretherelativeimportance of several other dimensionsthat
have been shown to affect mHealth technology engagement in
people with MS or epilepsy, and determined whether any of
these dimensions varied by subgroup. We chose to investigate
potential moderators identified in previous research on the
general public and specific patient populations. demographic
factors (such as age, gender, and education), acceptance of and
familiarity with mobile technologies, and symptoms that could
affect motivation (such as depression).

Methods

Study Design

This was an observational study of participants with MS or
epilepsy. The participants were asked to choose between
alternative mobile technologies that were described according
to a set of characteristics in a DCE survey. The survey was
administered online and was given ethical approval by the
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National Research Ethics Service Committee London—Socid
Care (19/1EC08/0013).

Development and | mplementation of the DCE

Service Users' Identification of Key Barriersand
Facilitators for mHealth Technology Engagement and
Assignment of Levels

A systematic review was used to generate 8 potential attributes
that could vary continuously [7]. This list of attributes was
checked against data from a qualitative analysis of 9 focus
groups, including 44 people who had received a diagnosis of
either MS[6] or epilepsy [5], and an analysis of afurther 5 focus
groups, including 25 people who reported symptoms of
depression (which are commonly comorbid with neurological
conditions) [31]. After thisreview, 7 more attributeswere added,
for atotal of 15. The final list of 15 attributes and levels was
sent to a patient advisory group, which included 5 people with
epilepsy, 3 peoplewith M S, and 6 people with depression. This
group independently ranked the list in order of importance.
Average ranked scores were used to generate the top 4 barriers
and facilitators for inclusion in the survey, so as not to
overburden participants. This group further advised on the
wording of the final set of items (see Textbox 1).

Textbox 1. Final attributes and their levels used in the discrete choice experiment.

1. Accuracy of detection
«  High: detects symptoms correctly 75% of the time.
o Moderate: detects symptoms correctly 50% of the time.
«  Low: detects symptoms correctly 25% of the time.

2. Privacy

« High: dl information is stored on the device; no information leaves the device unless authorized by the user.
«  Moderate: information that is hard to use to identify the user is automatically shared with the organization that makes the device or software.

« Low: information that can identify the user (eg, through digital identifiers or location) is automatically shared with the organization that

makes the device or software.

3. Benefit to user

«  High: clear, proven, practical benefit (ie, the device currently contributes to health management).

« Low: possible but unknown benefit (ie, the system is being tested as part of research and may contribute to health management now or in

the future).

4.  Scope for support

«  High: persona use only (eg, self-management of a health condition).

« Low: personal use and ability to share identifiable information with a clinician (eg, clinician-assisted management of a health condition).

Survey Format and Scenario Devel opment

The final 4 attributes and levels selected provide 2°x3°=36
unique combinations. We used NLOGIT software (NLOGIT)
to generate an 8-task fractional-factorial main effects design,
aiming to obtain near orthogonality, conducted in 1 block. We
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asked participants to choose between 2 different unlabeled
mobile technology descriptions and an opt-out option (“I don't
know™). The scenarios were balanced in terms of the number
of timesthat each level of the attribute appeared; Figure 1 shows
an example. The survey was created using the software Qualtrics
(Qualtrics Experience Management).
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Figure 1. Questionnaire example.

Simblett et al

You have been asked to use one of two mobile technologies that could help in the management of your health. They collect the same
information and are used in the same way but differ on a number of features detailed below.

Mobile technology 1

Accuracy 75% Detects symptoms correctly 75% of the time
Privacy High All information is stored on the device, no information leaves the device, unless authorised by the user
Benefit Possible Possible but unknown benefit (system being tested as pant of research, may contribute to health management
now or in the future)
Support Clinician | Perscnal use and ability to share identifiable information with a dinician (e.g., clinician assisted management of a
assisted health condition)

Mobile technology 2

use

Accuracy 25% Detects symptoms correctly 25% of the time

Privacy Medium | Information where it is hard to identify the useris automatically shared with an organisation that makes the
device or software

Benefit Clear Clear, proven, practical benefit (currently contributes to health management)

Support Personal | Personal use only (e.g., self-management of a health condition)

If you were offered one of these technologies, which would you prefer?
Mobile technology 1 I:I

Maobile technology 2 I:I

Idon't know I:I

Additional Data Collected

The use and acceptance of mobile technol ogy (eg, smartphones
and wearabl e devices) were assessed, the latter with amodified
version of the Unified Theory of Acceptance and Use of
Technology 2 (UTAUT?2) questionnaire, which provides ascore
from 0 to 28 [32] (details are described in Multimedia A ppendix
1). Information on age, gender, level of education, self-reported
diagnosis, and whether people had experienced an episode of
adepressive disorder within the past 2 yearswere a so collected.

Survey Administration and Data Collection

Participants were recruited from two sources to increase
participant variation and overcomethedigita divide: (1) through
charities such as the MS Society and Epilepsy Action, who
circulated an onlinelink to the survey and promoted it on social
media, and (2) through outpatient hospital clinics for people
with epilepsy and M S, with the researchers facilitating survey
access. No incentives were offered.

Sample Size and Data Analysis

Formal sample size calculations are challenging for DCES, but
their level of precisionincreases rapidly up to 150 participants,
[33] so we adopted this as our sampl e size guide for each group
(ie, MS and epilepsy). Analysis was undertaken using a mixed
multinomial logit model which alows for unobserved
heterogeneity of preferences across respondents. Thismodeling
approach aso accommodates multiple observations per
respondent and relaxes the assumption of independence of
irrelevant alternatives required in the commonly applied
multinomial logit model. Responses of “I don’'t know” were
treated as missing data rather than rejection of the device. It
was hypothesized that higher levels of privacy, greater levels
of support, increased accuracy of detection, and clearer benefit
to the user would influence respondents’ decisions. Coefficient
signs and significance were explored to investigate whether the
data supported these hypotheses. The attribute accuracy of
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detection was specified as a categorical variable with 3 levels
to alow for anonlinear relationship with utility. All categorical
variableswere effects coded to aid interpretation [34]. Marginal
rates of substitution were calculated to express the degree to
which respondents would trade off attribute levelsand accuracy.
It was assumed that the change in accuracy was linearly related
tothe changein utility for changesin accuracy withinthelevels
modeled.

Theeffects of 7 prespecified patient characteristics on response
datawereinvestigated. The characteristicswere health condition
(ie, MSor epilepsy), age, gender, education (categorized aslow,
medium, or high), depression within the past 2 years
(categorized as yes or no), current user of wearable technology
(categorized as yes or no), and score for acceptance of
technology. Each patient characteristic was investigated
separately by inclusion of interaction effects. Improvement in
the Akaike information criterion was used as a criterion for a
significant difference in preferences by subgroup. Interaction
termsfor all subgroupsidentified as having asignificant impact
on preferences were included in a single model. Backwards
elimination was undertaken to assess whether the identified
characteristicswere capturing different underlying distributions
of preferences across respondents. Characteristicswereretained
when inclusion of their interaction terms minimized the Akaike
information criterion. The impact of these characteristics on
preferences was quantified by recalculating the marginal rates
of substitution by patient subgroup, utilizing amixed logit model
including interaction terms for that patient characteristic.

Results

Respondent Char acteristics

A total of 318 respondents completed the survey. Of these, 141
(44%) of the respondentshad M S, 175 (55%) had epilepsy, and
2 (0.6%) had both M'S and epilepsy. All respondents answered
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at least one question. Table 1 reportsthe demographic and other
characteristics of these respondents.

The coefficients from the mixed logit model excluding
interactions with patient characteristics are shown in Table 2.
Improved accuracy, higher privacy, increased level of benefit
to the user, and the availability of clinical support were all
associated with an increased likelihood of selecting a maobile
technology device. Accuracy was the most important attribute,
with anonlinear effect; amove from low to moderate accuracy
was valued higher than amove from moderate to high accuracy.
The next most important attribute was privacy. Again, there
was a modest nonlinear effect, with a stronger preference for
moving from low to moderate privacy. Clinical support wasthe

Simblett et al

least valued of the attributes. The SDs reflect the impact of
unobserved heterogeneity of preferences. There was evidence
of unobserved heterogeneity in preferences for low versus
moderate accuracy and for clinical support.

Table 3 reports the marginal rates of subgtitution for each
attribute compared to accuracy. This is the percentage of
accuracy that respondents were prepared to trade to achieve an
improvement in the remaining attributes. Respondents were
prepared to trade a modest amount of accuracy to achieve an
improvement in privacy. Clinical support, in contrast, was not
valued; respondents were only prepared to accept small
reductions in accuracy in exchange for a high level of clinical
support.

Table 1. Characteristics of the respondents (N=318) divided by the 7 variables included in the model.

Characteristics Recruited through charitiesand  Recruited through hospital ~ Total
social media clinics
Health condition
Epilepsy, n (%) 159 (89.8) 18 (10.2) 177 (55.7)
MS, n (%) 24 (16.8) 119(83.2) 143 (45.0)
Age, median (range) 46 (17-77) 40 (18-76) 44 (17-77)
Female, n (%) 128 (69.9) 96 (65.2) 217 (67.9)
Education
“A” level® or equivalent, n (%) 50 (27.3) 37 (27.4) 87 (27.4)
Degreelevel, n (%) 81 (44.4) 66 (48.9) 147 (46.3)
Positive for symptoms of depression withinthe past 2 years, n (%) 63 (34.4) 44 (32.6) 107 (33.6)
Current user of wearable technology, n (%) 62 (33.9) 36 (26.7) 98 (30.8)
Acceptance of technology, median (range) 0.8 (0.15-1) 0.7 (0.16-1) 0.7 (0.15-1)

3A-Levels are qualifications usually undertaken in the 12th and 13th year of school (up to age 18).

Table 2. The mixed logit model (no interactions with respondent characteristics).

Attribute Coefficient (SE) P value 95% ClI

High accuracy 1.04 (0.06) <.001 0.92t0 1.17
Low accuracy -1.27 (0.07) <.001 -141t0-1.13
High privacy 0.53(0.05) <.001 0.42100.63
Low privacy —0.66 (0.06) <.001 -0.78t0-0.54
Benefit 0.37 (0.04) <.001 0.30t0 0.44
Clinical support 0.18 (0.03) <.001 0.11t00.24

Table 3. Percentage of accuracy respondents were willing to trade (mixed multinomial logit model, N=318).

Attribute Acceptable change in accuracy from high to moderate Acceptable change in accuracy from moderate to low
For high privacy 13% 10%
For moderate privacy 16% 13%

For high benefit 9%

For high clinical support 4%

%
4%
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Subgroup Analyses

The coefficients from the mixed logit model including
interactions with patient characteristics can be found in Table
4 and Table 5. Regression analyses indicated that health
condition (ie, MS or epilepsy), age, gender, and depression had
no significant effect on preferences. Current use of wearable
technology had a marginal impact on preferences. Technology
acceptance did have an impact, as did education level. After a
multivariate analysis that included wearable technology use,
education level, and technology acceptance score, wearable
technology use was no longer significant. Preferences varied
significantly for patients in the low education group but not
between those in the average or high education groups. Table
6 reports the marginal rates of substitution for each attribute
compared with accuracy for respondents with education beyond
age 18 compared to those without, and for patients with a high

Simblett et al

technology acceptance score (in the 75th percentile) compared
to those with alow score (in the 25th percentile).

Respondents with lower technology acceptance scores were
prepared to trade far more accuracy for an improvement in
privacy. The impact of technology acceptance on preferences
for clinical benefit and clinical support was more modest.
Respondents with high technology acceptance were prepared
to trade dlightly more in terms of loss of accuracy to improve
clinical benefit or clinical support. These data suggest privacy
isafar greater concern for respondents with alow technology
acceptance score. The impact of education was more modest.
Respondentswith low education appeared lessinclined to trade
accuracy for improvements in clinical benefit and privacy but
were more prepared to trade accuracy for improvements in
clinical support.

Table 4. Mixed logit model including interactions with technology acceptance.

Attribute Coefficient (SE) P value 95% ClI
High accuracy 1.10 (0.26) <.001 0.64 to 1.56
Low accuracy -1.71(0.26) <.001 —2.2210-1.20
High privacy 1.52(0.22) <.001 1.08t01.95
Low privacy —1.45(0.24) <.001 -1.91t0-0.99
Benefit 0.37(0.14) .007 0.10t0 0.63
Clinical support 0.19 (0.13) A3 -0.05t00.44
Tech acceptance* high accuracy 0.01 (0.32) .98 -0.611t00.62
Tech acceptance* low accuracy 0.52 (0.34) A3 -0.15t01.19
Tech acceptance* high privacy -1.32(0.28) <.001 -1.88t0-0.76
Tech acceptance* low privacy 1.07 (0.31) .001 0.46t0 1.68
Tech acceptance* benefit 0.03 (0.18) .88 -0.33t00.38
Tech acceptance* clinical support ~ 0.00 (0.17) .99 -0.34100.34
Table 5. Mixed logit model including interactions with technology acceptancea.
Attribute Coefficient (SE) P value 95% ClI
High accuracy 1.10 (0.07) <.001 0.96t0 1.25
Low accuracy -1.37(0.08) <.001 -1.53t0-1.20
High privacy 0.58 (0.07) <.001 0.451t00.71
Low privacy —-0.70 (0.07) <.001 -0.85t0-0.56
Benefit 0.41 (0.04) <.001 0.33t00.50
Clinical support 0.18 (0.04) <.001 0.11t0 0.26
Low education* high accuracy -0.21(0.13) .01 -0.47t00.04
Low education* low accuracy 0.30(0.14) .04 0.021t00.59
High education* high privacy -0.15(0.11) 19 -0.37t00.07
Low education*low privacy 0.13(0.13) .32 -0.13t00.39
L ow education* benefit -0.16 (0.08) .05 —0.31t0 0.00
Low education*clinical support -0.02 (0.08) .82 -0.17t00.13

#The IQR was used to define high and low technology acceptance scores.
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Table 6. Percentage of accuracy respondents were willing to trade, divided by education level and technology acceptance.

Attribute Education beyond age 18 No education beyond age 18  Low technology acceptance High technol ogy acceptance
score (0.554)2 score (0.875)°

Acceptable  Acceptable  Acceptable Acceptable  Acceptable Acceptable Acceptable  Acceptable
changeinac- changeinac- changeinaccu- changeinac- changeinaccu- changeinaccu- changeinac-  changeinac-
curacy from curacy from racy fromhigh curacy from racy fromhigh racy from curacy from  curacy from
hightomod- moderateto tomoderate moderateto to moderate  moderate to hightomod- moderate to
erate low low low erate low

For high privacy 13% 11% 12% 10% 18% 14% 8% 7%

For moderate privacy ~ 16% 13% 16% 13% 19% 15% 11% 10%

For high benefit 9% 8% 7% 6% 9% 7% 9% 8%

For highclinical sup- 4% 3% 5% 4% 4% 3% 4% 4%

port

#The value for low technology acceptance represents the 25th percentile.

B This value for high technology acceptance represents the 75th percentile.

Sensitivity Analysis

Including missing data as an active decision to regject both
technologies for the respective question (ie, an “opt-out”) had
aminimal impact on the magnitude of the model coefficients,
and their significance and direction were unchanged. These
results are available on request.

Discussion

Principal Findings

Our analyses revealed that people with epilepsy or MS value
higher levels of privacy, greater levels of support, increased
accuracy, and a clearer benefit to the user when selecting
mHealth technology devices. Thisisakey finding that isinline
with our hypotheses and validates feedback received from
people with epilepsy and MS in other studies [1,5,6]. Of all
these factors, people preferred a higher degree of accuracy,
regardless of their diagnosis. When asked to make compromises
between levelsof privacy, clinical support, accuracy, and benefit
to the user, people were willing to trade some accuracy for
greater privacy but were less influenced by the other factors.
This analysis reveals a hierarchy in the importance of factors
influencing engagement with mobile technologies (Figure 2).

Wewanted to exploreindividua variability in how peopletraded
off these attributes, because this should lead to a more tailored
or personalized approach to RMT development. We found no

https://formative.jmir.org/2022/5/€29509

evidence that age, gender, or experience of depression affected
preferences. Thisisin contrast to other studies, such as one that
found that age influences technology use in a different patient
population [11]. We did, however, discover the following: (1)
the people who were less accepting of technology placed greater
value on privacy and were willing to give up some degree of
accuracy for privacy, and (2) people with no qualifications
beyond those that might have been obtained before the age of
18 were willing to compromise some degree of accuracy to
receive greater clinical support. These moderating factors are
shown in Figure 2.

This model will help those designing mobile technologies to
prioritize features for development that can maximize
engagement. Accuracy is the key feature; individuas were
willing to make compromises on accuracy, but the reduction in
accuracy they were prepared to accept for improvements in
other characteristics was relatively small (<20%). We did not
find that people with M S and peopl e with epilepsy had different
preferences, however, accuracy may have a different meaning
for devices that detect seizures in epilepsy and devices that
measure Ssymptom recurrence or deterioration in MS. Issues to
do with privacy and the willingness to share information with
aclinician were more transdiagnostic, with subgroup differences
relating more to trust and familiarity with technology and
educational level. This indicates that some level of
personalization may be required in the design of devices.
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Figure 2. A hierarchy of factors to consider in the design of mobile technologies to influence engagement for people with a neurological condition,
with the size of each segment indicating the weight of the preference. The arrows indicate potential moderating factors: preferences for privacy and
clinical support increased for individuals with lower technology acceptance and lower education, respectively.

Most important

Accuracy

Privacy Lower technologyacceptance

Perceived benefit to the user

llezebgipa Lower education

Least important

with technology. However, there were few differences in the

Strengths and Limitations patterns of the data and in the makeup of the samples. An

Thisstudy isthefirst of itskind to try to understand the rel ative
value and influences of factors affecting engagement with
mobile technologies for people with neurological conditions.
It used a quantitative approach, which is novel in this area of
research, adopted from thefield of health economics. The study
size was large enough to explore some subgroups, selected for
their hypothesized relationship with technology use, but future
researchers may wish to focus on a greater number of
health-related variables, such asillness severity, which wewere
unable to discuss in this paper. Basing our study on the
completion of an online survey, abeit one that was supervised

additional limitation isthat we did not design the DCE in away
to allow validity checks on choice data, such as by including
repeated tasks or dominant alternatives.

Conclusions

We have shown that peoplewith epilepsy and M S areinfluenced
by factors such as the accuracy, privacy, benefit of the
technology, and the amount of clinical support received, but
that in some instances they are willing to make compromises.
These preferences should be factored into the design of mHealth
technologies, alongside the views of other stakeholders, in the

for participants who were recruited from clinics, may haveled future.

to asampling bias toward respondents who were more familiar

Acknowledgments

This paper was written as part of the development of useful mHealth and remote measurement technology systemsin the Remote
Assessment of Disease and Relapse in Central Nervous System Disorders (RADAR-CNS) project. The RADAR-CNS project
has received funding from the Innovative Medicines Initiative 2 Joint Undertaking (grant 115902). This Joint Undertaking receives
support from the European Union’s Horizon 2020 research and innovation program and the European Federation of Pharmaceutical
Industries and Associations [35]. A single pharmaceutical company supported the preparation of this manuscript as part of this
precompetitive public and private partnership. This communication reflects the views of the RADAR-CNS consortium; neither
the Innovative Medicines Initiative, the European Union, nor European Federation of Pharmaceutical |ndustries and Associations
are liable for any use that may be made of the information contained herein. This paper also represents independent research
funded in part by the National Institute for Health Research Biomedical Research Centre at South London, the Maudsley National
Health Service Foundation Trust, and King's College London. The views expressed are those of the authors and not necessarily
those of the National Health Service, the National Institute for Health Research, or the Department of Health and Social Care.
Author TW would specifically like to acknowledge support from the National Institute for Health Research for their Senior
Investigator Awards. Further acknowledgments go to the following charitable organizations: the MS Society, Epilepsy Action,
and the International Bureau of Epilepsy, as well as al the health care professionals at King’s College Hospital who supported
data collection through their epilepsy and MS clinics.

Conflictsof Interest
None declared.

https://formative.jmir.org/2022/5/€29509 JMIR Form Res 2022 | vol. 6 | iss. 5| €29509 | p. 8

(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR FORMATIVE RESEARCH Simblett et al

Multimedia Appendix 1

Modified UTAUTZ2 survey.
[DOCX File, 15 KB-Multimedia Appendix 1]

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

Bruno E, Simblett S, Lang A, Biondi A, Odoi C, Schulze-Bonhage A, RADAR-CNS Consortium. Wearabl e technol ogy
in epilepsy: The views of patients, caregivers, and healthcare professionals. Epilepsy Behav 2018 Aug;85:141-149. [doi:
10.1016/j.yebeh.2018.05.044] [Medline: 29940377]

Johansson D, Mamgren K, Alt Murphy M. Wearable sensorsfor clinical applicationsin epilepsy, Parkinson's disease, and
stroke: a mixed-methods systematic review. J Neurol 2018 Aug;265(8):1740-1752 [FREE Full text] [doi:
10.1007/s00415-018-8786-y] [Medline: 29427026]

Shek AC, Biondi A, Ballard D, Wykes T, Simblett SK. Technology-based interventions for mental health support after
stroke: A systematic review of their acceptability and feasibility. Neuropsychol Rehabil 2021 Apr;31(3):432-452. [doi:
10.1080/09602011.2019.1701501] [Medline: 31833819]

Simblett SK, Biondi A, Bruno E, Ballard D, Stoneman A, Lees S, RADAR-CNS consortium. Patients' experience of wearing
multimodal sensor devicesintended to detect epileptic seizures: A qualitative analysis. Epilepsy Behav 2020 Jan;102:106717.
[doi: 10.1016/j.yebeh.2019.106717] [Medline: 31785481]

Simblett SK, Bruno E, Siddi S, Matcham F, Giuliano L, Lépez JH, RADAR-CNS Consortium. Patient perspectives on the
acceptability of mHealth technol ogy for remote measurement and management of epilepsy: A qualitative analysis. Epilepsy
Behav 2019 Aug;97:123-129. [doi: 10.1016/j.yebeh.2019.05.035] [Medline: 31247523]

Simblett SK, Evans J, Greer B, CurtisH, Matcham F, Radaelli M, RADAR-CNS consortium. Engaging across dimensions
of diversity: A cross-national perspective on mHealth tools for managing relapsing remitting and progressive multiple
sclerosis. Mult Scler Relat Disord 2019 Jul;32:123-132. [doi: 10.1016/j.msard.2019.04.020] [Medline: 31125754]
Simblett S, Greer B, Matcham F, CurtisH, Polhemus A, Ferrdo J, et al. Barriersto and Facilitators of Engagement With
Remote Measurement Technology for Managing Health: Systematic Review and Content Analysis of Findings. JMed
Internet Res 2018 Jul 12;20(7):€10480 [FREE Full text] [doi: 10.2196/10480] [Medline: 30001997]

Venkatesh V, Morris MG, Davis GB, Davis FD. User Acceptance of Information Technology: Toward a Unified View.
MIS Quarterly 2003;27(3):425. [doi: 10.2307/30036540]

Kim YH, Kim DJ, Wachter K. A study of mobile user engagement (MoEN): Engagement motivations, perceived value,
satisfaction, and continued engagement intention. Decision Support Systems 2013 Dec;56:361-370. [doi:
10.1016/j.dss.2013.07.002]

Khechine H, Lakhal S, Ndjambou P. A meta-analysis of the UTAUT model: Eleven years later. Can JAdm Sci 2016 Jun
06;33(2):138-152. [doi: 10.1002/cjas.1381]

Arning K, Ziefle M. Different Perspectives on Technology Acceptance: The Role of Technology Typeand Age. In: Holzinger
A, Miesenberger K, editors. HCI and Usability for e-Inclusion. Berlin, Germany: Springer; 2009:20-41.

Venkatesh V, Morris MG. Why Don't Men Ever Stop to Ask for Directions? Gender, Social Influence, and Their Rolein
Technology Acceptance and Usage Behavior. MIS Quarterly 2000 Mar;24(1):115. [doi: 10.2307/3250981]

Scott JE, Walczak S. Cognitive engagement with a multimedia ERP training tool: Assessing computer self-efficacy and
technology acceptance. Inf Manag 2009 May;46(4):221-232. [doi: 10.1016/j.im.2008.10.003]

de Bekker-Grob EW, Ryan M, Gerard K. Discrete choice experimentsin health economics: areview of theliterature. Health
Econ 2012 Feb;21(2):145-172. [doi: 10.1002/hec.1697] [Medline: 22223558]

Ryan M, Farrar S. Using conjoint analysisto elicit preferences for health care. BMJ 2000 Jun 03;320(7248):1530-1533
[FREE Full text] [doi: 10.1136/bmj.320.7248.1530] [Medline: 10834905]

Atkinson-Clark E, Charokopou M, Van Osselaer N, Hiligsmann M. A discrete-choice experiment to €licit preferences of
patients with epilepsy for self-management programs. Epilepsy Behav 2018 Feb;79:58-67 [FREE Full text] [doi:
10.1016/j.yebeh.2017.11.015] [Medline: 29248866]

Bauer B, Brockmeier B, Devonshire V, Charbonne A, Wach D, Hendin B. An international discrete choice experiment
assessing patients' preferences for disease-modifying therapy attributesin multiple sclerosis. Neurodegener Dis Manag
2020 Dec;10(6):369-382 [FREE Full text] [doi: 10.2217/nmt-2020-0034] [Medline: 32873160]

Martinez E, Garcia JM, Mufioz D, Comellas M, Gozalbo I, Lizan L, et al. Patient preferences for treatment of multiple
sclerosis with disease-modifying therapies: a discrete choice experiment. PPA 2016 Sep;Volume 10:1945-1956. [doi:
10.2147/ppa.s114619]

Jonker MF, Donkers B, Goossens LM, Hoefman RJ, Jabbarian LJ, de Bekker-Grob EW, et al. Summarizing Patient
Preferences for the Competitive Landscape of Multiple Sclerosis Treatment Options. Med Decis Making 2020
Feb;40(2):198-211. [doi: 10.1177/0272989X 19897944] [Medline: 32065023]

Wijnen B, de Kinderen RJA, Colon AJ, Dirksen CD, Essers BAB, Hiligsmann M, et a. Eliciting patients preferences for
epilepsy diagnostics: adiscrete choice experiment. Epilepsy Behav 2014 Feb;31:102-109. [doi: 10.1016/j.yebeh.2013.11.029]
[Medline: 24389020]

https://formative.jmir.org/2022/5/€29509 JMIR Form Res 2022 | vol. 6 | iss. 5| €29509 | p. 9

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=formative_v6i5e29509_app1.docx&filename=36017b43cb2d64f1f185a53719e03e73.docx
https://jmir.org/api/download?alt_name=formative_v6i5e29509_app1.docx&filename=36017b43cb2d64f1f185a53719e03e73.docx
http://dx.doi.org/10.1016/j.yebeh.2018.05.044
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29940377&dopt=Abstract
http://europepmc.org/abstract/MED/29427026
http://dx.doi.org/10.1007/s00415-018-8786-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29427026&dopt=Abstract
http://dx.doi.org/10.1080/09602011.2019.1701501
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31833819&dopt=Abstract
http://dx.doi.org/10.1016/j.yebeh.2019.106717
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31785481&dopt=Abstract
http://dx.doi.org/10.1016/j.yebeh.2019.05.035
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31247523&dopt=Abstract
http://dx.doi.org/10.1016/j.msard.2019.04.020
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31125754&dopt=Abstract
https://www.jmir.org/2018/7/e10480/
http://dx.doi.org/10.2196/10480
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30001997&dopt=Abstract
http://dx.doi.org/10.2307/30036540
http://dx.doi.org/10.1016/j.dss.2013.07.002
http://dx.doi.org/10.1002/cjas.1381
http://dx.doi.org/10.2307/3250981
http://dx.doi.org/10.1016/j.im.2008.10.003
http://dx.doi.org/10.1002/hec.1697
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22223558&dopt=Abstract
http://europepmc.org/abstract/MED/10834905
http://dx.doi.org/10.1136/bmj.320.7248.1530
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=10834905&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1525-5050(17)30764-3
http://dx.doi.org/10.1016/j.yebeh.2017.11.015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29248866&dopt=Abstract
https://www.futuremedicine.com/doi/abs/10.2217/nmt-2020-0034?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub%3dpubmed
http://dx.doi.org/10.2217/nmt-2020-0034
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32873160&dopt=Abstract
http://dx.doi.org/10.2147/ppa.s114619
http://dx.doi.org/10.1177/0272989X19897944
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32065023&dopt=Abstract
http://dx.doi.org/10.1016/j.yebeh.2013.11.029
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24389020&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR FORMATIVE RESEARCH Simblett et al

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

Reed Johnson F, Van Houtven G, Ozdemir S, Hass S, White J, Francis G, et al. Multiple sclerosis patients' benefit-risk
preferences: serious adverse event risks versus treatment efficacy. J Neurol 2009 Apr;256(4):554-562. [doi:
10.1007/s00415-009-0084-2] [Medline: 19444531]

Rosato R, Testa S, Oggero A, Molinengo G, Bertolotto A. Quality of life and patient preferences: identification of subgroups
of multiple sclerosis patients. Qual Life Res 2015 Sep;24(9):2173-2182. [doi: 10.1007/s11136-015-0952-4] [Medline:
25715945]

Ettinger AB, Carter JA, Rajagopalan K. Patient versus neurologist preferences: A discrete choi ce experiment for antiepileptic
drug therapies. Epilepsy Behav 2018 Mar;80:247-253. [doi: 10.1016/j.yebeh.2018.01.025] [Medline: 29433949]

Holmes EA, Plumpton C, Baker GA, Jacoby A, Ring A, Williamson P, et al. Patient-Focused Drug Development Methods
for Benefit-Risk Assessments: A Case Study Using a Discrete Choice Experiment for Antiepileptic Drugs. Clin Pharmacol
Ther 2019 Mar;105(3):672-683 [FREE Full text] [doi: 10.1002/cpt.1231] [Medline: 30204252]

Lloyd A, MclIntosh E, Price M. The importance of drug adverse effects compared with seizure control for people with
epilepsy: a discrete choice experiment. Pharmacoeconomics 2005;23(11):1167-1181. [doi:
10.2165/00019053-200523110-00008] [Medline: 16277551]

Powell G, Holmes EAF, Plumpton CO, Ring A, Baker GA, Jacoby A, et al. Pharmacogenetic testing prior to carbamazepine
treatment of epilepsy: patients' and physicians preferences for testing and service delivery. Br J Clin Pharmacol 2015
Nov;80(5):1149-1159 [FREE Full text] [doi: 10.1111/bcp.12715] [Medline: 26138622]

Wicks P, Brandes D, Park J, Liakhovitski D, Koudinova T, Sasane R. Preferred features of oral treatments and predictors
of non-adherence: two web-based choice experimentsin multiple sclerosis patients. Interact JMed Res 2015 Mar 05;4(1):e6
[FREE Full text] [doi: 10.2196/ijmr.3776] [Medline: 25749630]

Quaife M, Terris-Prestholt F, Di TannaGL, Vickerman P. How well do discrete choi ce experiments predict health choices?
A systematic review and meta-analysis of external validity. Eur JHealth Econ 2018 Nov;19(8):1053-1066. [doi:
10.1007/s10198-018-0954-6] [Medline: 29380229]

Ryan M, Skatun D. Modelling non-demanders in choice experiments. Health Econ 2004 Apr;13(4):397-402. [doi:
10.1002/hec.821] [Medline: 15067675]

Calero Valdez A, Ziefle M. The users’ perspective on the privacy-utility trade-offs in health recommender systems. Int J
Hum Comput 2019 Jan;121:108-121. [doi: 10.1016/j.ijhcs.2018.04.003]

Simblett S, Greer B, Matcham F, Curtis H, Polhemus A, Ferrdo J, et al. Barriers to and Facilitators of Engagement With
Remote Measurement Technology for Managing Health: Systematic Review and Content Analysis of Findings. JMed
Internet Res 2018 Jul 12;20(7):€10480 [FREE Full text] [doi: 10.2196/10480] [Medline: 30001997]

Venkatesh V, Thong JY L, Xu X. Consumer Acceptance and Use of Information Technology: Extending the Unified Theory
of Acceptance and Use of Technology. MIS Quarterly 2012;36(1):157. [doi: 10.2307/41410412]

Reed Johnson F, Lancsar E, Marshall D, Kilambi V, Miihlbacher A, Regier DA, et al. Constructing experimental designs
for discrete-choice experiments: report of the ISPOR Conjoint Analysis Experimental Design Good Research Practices
Task Force. Value Health 2013;16(1):3-13 [FREE Full text] [doi: 10.1016/j.jval.2012.08.2223] [Medline: 23337210]
Bech M, Gyrd-Hansen D. Effects coding in discrete choice experiments. Health Econ 2005 Oct;14(10):1079-1083. [doi:
10.1002/hec.984] [Medline: 15852455]

Europe's partnership for health. Innovative Medicines Initiative. URL : https://www.imi.europa.eu [accessed 2022-05-01]

Abbreviations

DCE: discrete choice experiment
MS: multiple sclerosis
RMT: remote measurement technology

Edited by A Mavragani; submitted 09.04.21; peer-reviewed by X Cheng, M Rigatti; comments to author 10.05.21; revised version
received 21.05.21; accepted 04.01.22; published 23.05.22

Please cite as:

Smblett S Pennington M, Quaife M, Theochari E, Burke P, Brichetto G, Devonshire J, Lees S, Little A, Pullen A, Soneman A, Thorpe
S Weyer J, Polhemus A, Novak J, Dawe-Lane E, Morris D, Mutepua M, Odoi C, Wison E, Wykes T

Key Driversand Facilitators of the Choice to Use mHealth Technology in People With Neurological Conditions: Observational Study
JMIR Form Res 2022;6(5):€29509

URL: https://formative.jmir.org/2022/5/€29509

doi: 10.2196/29509

PMID:

https:/formative.jmir.org/2022/5/€29509 JMIR Form Res 2022 | vol. 6 | iss. 5 | €29509 | p. 10

(page number not for citation purposes)


http://dx.doi.org/10.1007/s00415-009-0084-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19444531&dopt=Abstract
http://dx.doi.org/10.1007/s11136-015-0952-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25715945&dopt=Abstract
http://dx.doi.org/10.1016/j.yebeh.2018.01.025
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29433949&dopt=Abstract
http://europepmc.org/abstract/MED/30204252
http://dx.doi.org/10.1002/cpt.1231
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30204252&dopt=Abstract
http://dx.doi.org/10.2165/00019053-200523110-00008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16277551&dopt=Abstract
https://doi.org/10.1111/bcp.12715
http://dx.doi.org/10.1111/bcp.12715
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26138622&dopt=Abstract
https://www.i-jmr.org/2015/1/e6/
http://dx.doi.org/10.2196/ijmr.3776
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25749630&dopt=Abstract
http://dx.doi.org/10.1007/s10198-018-0954-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29380229&dopt=Abstract
http://dx.doi.org/10.1002/hec.821
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15067675&dopt=Abstract
http://dx.doi.org/10.1016/j.ijhcs.2018.04.003
https://www.jmir.org/2018/7/e10480/
http://dx.doi.org/10.2196/10480
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30001997&dopt=Abstract
http://dx.doi.org/10.2307/41410412
https://linkinghub.elsevier.com/retrieve/pii/S1098-3015(12)04162-9
http://dx.doi.org/10.1016/j.jval.2012.08.2223
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23337210&dopt=Abstract
http://dx.doi.org/10.1002/hec.984
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15852455&dopt=Abstract
https://www.imi.europa.eu
https://formative.jmir.org/2022/5/e29509
http://dx.doi.org/10.2196/29509
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR FORMATIVE RESEARCH Simblett et al

©SaraSimblett, Mark Pennington, Matthew Quaife, Evangelia Theochari, Patrick Burke, Giampaol o Brichetto, Julie Devonshire,
Simon Lees, Ann Little, Angie Pullen, Amanda Stoneman, Sarah Thorpe, Janice Weyer, Ashley Polhemus, Jan Novak, Erin
Dawe-Lane, Daniel Morris, Magano Mutepua, Clarissa Odoi, EmmaWilson, Til Wykes. Originally published in IMIR Formative
Research (https://formative,jmir.org), 23.05.2022. This is an open-access article distributed under the terms of the Creative
Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and
reproduction in any medium, provided the original work, first published in IMIR Formative Research, is properly cited. The

complete bibliographic information, alink to the original publication on https://formative.jmir.org, as well as this copyright and
license information must be included.

https:/formative.jmir.org/2022/5/€29509 JMIR Form Res 2022 | vol. 6 | iss. 5| €29509 | p. 11

(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

