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on the lives of people living with epilepsy. In an effort to address this need, the Epilepsy Foundation has commit-
ted effort and resources to promote the development of seizure forecasting devices (SFD).
Objective: To promote user-centered design of future SFD, we sought to quantify patient and caregiver prefer-
ences for the potential benefits and risks of SFD.
Methods: A community-centered approach was used to develop a survey incorporating a novel best-worst scal-
ing (BWS) to assess preferences for SFD. A main-effect orthogonal array was used to design and generate 18 “pro-
totypes” that systematically varied across six attributes: seizure forecasting probability, seizure forecasting range,
inaccuracy of forecasting, amount of time required to use the device, how the device is worn, and cost. The de-
pendent variable was the attributes that respondents selected the best and worst in each profile, and a choice
model was estimated using conditional logistic regression, which was also stratified and compared across pa-
tients and caregivers. Respondents also indicated that they would accept each of the prototype SFDs if it were
real. These acceptance data and net monetary benefits (relative to the least preferred SFD) were explored.
Results: There were 633 eligible respondents; 493 (78%) completed at least one task. Responses indicated that
346 (68%) had epilepsy, and 147 (29%) were primary caregivers or family members of someone with epilepsy.
The data show that short forecasting range is the most favored among experimental attributes, followed by
mid forecasting range and notification of high chance of seizure. Having the device implanted is the least favor-
able attribute. Stated preferences differed between patients and caregivers (p < 0.001) for range of forecasting
and inaccuracy of device. Caregivers preferred any range of forecasting, regardless of length, more than patients.
Patients cared less about inaccuracy of the device compared to caregivers. The groups also differ in impact of fear
of having seizures (versus actually having seizures) (p = 0.034) and on device acceptance. The acceptance of de-
vices ranged from 42.3% to 95%, with caregivers being more likely to use a device (p < 0.05) for the majority of
device profiles. Acceptance of devices varied with net monetary benefit of the best device being $717.44 more
per month relative to the least preferred device.
Conclusion: Our finding extends previous calls for seizure forecasting devices by demonstrating the value that
they might provide to patients and caregivers affected by epilepsy and the feature that might be most and
least desirable. In addition to guiding device development, the data can help inform regulatory decisions makers.
© 2019 Elsevier Inc. All rights reserved.
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1. Introduction

Epilepsy is the 4th most common neurological condition in the

Abbreviations: SFD, Seizure Forecasting Device; PWE, People with epilepsy; BWS,
Best-worst scaling; NMB, Net Monetary Benefit.
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United States [ 1] and impacts more than 50 million people living world-
wide [2]. People affected by epilepsy have unprovoked episodes of ab-
normal brain activity called seizures. Seizures can manifest in a
number of ways (e.g., motor, sensory, cognitive) that involve the
whole body or be limited to one part [3]. Moreover, there is heterogene-
ity in the severity and frequency of the seizure event across the popula-
tion. Adding to this complexity are the many potential underlying
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causes for epilepsy from genetics, brain structure abnormalities, metab-
olism changes, immune system abnormalities, infectious disease, and
unknown causes [4]. A third of people living with epilepsy do not
have seizure control [5], and those whose seizures are controlled still re-
main at risk of breakthrough seizures. The Epilepsy Foundation Com-
munity Survey found that the unpredictability of seizures puts an
immense psychological burden on the individual and greatly impacts
quality of life.

The epilepsy community desires a seizure prediction device that can
accurately gauge the likelihood of impending seizure [6]. Technological
progress has made that more attainable, and led to the first human trial
for an implantable seizure warning system in Australia. Its goal was to
demonstrate the viability of seizure forecasting in long-term recordings
for people with uncontrolled seizures [7]. Seizure forecasting shifts
away from categorical seizure prediction assessments of whether a sei-
zure will or will not occur and instead focuses on identifying the brain
state wherein there is a high probability of a seizure occurrence. Al-
though the trial demonstrated that seizure forecasting algorithms
were possible [8], it also raised concerns over whether the potential
benefits justify the risks of the invasive device. The Food and Drug Ad-
ministration (FDA) has not approved a clinical trial solely for seizure
forecasting in the United States. An implantable system recently con-
firmed the feasibility of developing seizure forecasting algorithms
with intracranial electroencephalogram (EEG) [9] in conjunction with
therapeutic stimulation. With advances in neural engineering allowing
for less invasive EEG systems [10] and improvements in the robustness
of forecasting algorithms [9,11], minimally invasive or noninvasive sei-
zure forecasting technology may become an available tool in the fore-
seeable future.

The mission of the Epilepsy Foundation's Epilepsy Innovation Insti-
tute (Ei?) is to drive novel improvements in the diagnosis and treatment
of epilepsy. The Ei? launched the My Seizure Gauge Initiative in 2017.
The goal was to create a minimally invasive personalized seizure advi-
sory system to assess the likelihood of seizure on a timescale of hours
before possible occurrence. The desire was to leverage biosensors, elec-
trical recordings (EEG), and deep machine learning to improve upon
current concepts and create personalized algorithms for people living
with epilepsy [12]. As part of the initiative to foster the development
of a seizure forecasting device, a community-based approach was used
to develop and implement a survey instrument to quantify preferences.
It followed the patient preference framework outlined by the FDA and
other emerging best practices [13-15]. This study sought to engage
the community earlier in the research and development process to as-
sess the stated preferences of people with epilepsy (PWE) and care-
givers and to address future FDA concerns regarding the community's
acceptance of such a device.

2. Materials and methods
2.1. Experimental design

Best-worst scaling (BWS) case 2, which is called the profile case as it
shows one profile at a time, was used to measure preferences and study
what factors people impacted by epilepsy value most in a hypothetical
seizure forecasting device [16]. The BWS is a survey method for
assessing individuals' priorities that identifies the extremes — best and
worst items, most and least important factors, and biggest and smallest
influences — among sets of three or more items [17]. The BWS has been
previously employed to investigate preferences over a wide range of
healthcare topics [18], including preferences for medical devices [19].
In the BWS instrument, respondents were presented with 18 different
hypothetical device profiles and asked to judge which aspects they
thought were the best and the worst based on individual preference
(Fig. 1).

The 18-device profiles were generated based on attributes (different
aspects of the device) and levels (amount of impact of those attributes)

following the current international best practices to identify the values
of PWE and stakeholders [20]. The attributes and levels were generated
from qualitative interviews with Foundation leadership, healthcare pro-
fessionals (n = 3), and people impacted by epilepsy (n = 11), including
4 people living with epilepsy and 7 caregivers. These qualitative inter-
views focused on potential benefits and risks of having a seizure fore-
casting device and followed a reiterative process, with insights from
the last interview incorporated into the next. This approach, modeled
after a community-engagement process described in Hollins et al. [21],
resulted in six distinct attributes that generated our device combina-
tions. The six device features include seizure forecasting probability,
forecasting range, inaccuracy of forecasting, time burden, location
worn, and monthly cost — each defined across three relevant levels
(see Table 1).

A 3”6 main-effects orthogonal design, identified from the SAS data-
base of orthogonal arrays, was applied to the available attributes and
levels (Table 1) to generate the 18 hypothetical devices for the BWS
tasks in the survey [22]. Eighteen device profiles were the minimum
necessary to ensure no correlations existed between the attributes.
The design is balanced, i.e., all attribute levels appear the same number
of times, and orthogonal, i.e., all pairs of attribute levels appear the same
number of times, thus achieving optimal efficiency [23]. All respondents
were presented all 18 device profiles, but the attribute order was ran-
domized for each respondent. Immediately following each device pro-
file, we also asked respondents if they would use the device were it
available. The survey also included questions related to demographics,
seizure experience, risks and assessment of risk behavior, and personal-
ity characteristics. This study was approved and deemed IRB exempt by
the Western International Review Board (WIRB).

2.2. Survey distribution

The survey was generated using Qualtrics (Provo, Utah) and distrib-
uted online. Multiple channels were used to ensure as widespread of a
distribution as possible. The survey was conducted between November
2017 and June 2018. Participants were required to be at least 18 years of
age and be a person with epilepsy, a primary caregiver of someone with
epilepsy, or a family member of someone with epilepsy.

2.3. Analysis

Responses from participants that completed at least one BWS task
were included in the analyses. Descriptive statistics between PWE and
caregivers were compared using Fisher's exact test or a t-test, as appro-
priate. All tests of significance were two-sided and statistical signifi-
cance was established at p < 0.05.

Two methods were used to analyze the BWS data: best-minus-worst
scoring and conditional logistic regression. In best-minus-worst scoring,
how many times a level was chosen as worst is subtracted from how
many times it was chosen as best to calculate the best-minus-worst
(B-W) score. This number is then divided by the total times that the at-
tribute was offered to calculate the relative B-W score. Although this
technique has previously been shown to be highly (and often perfectly)
correlated with more advanced statistical techniques such as condi-
tional logit regression, analysis was also done via a conditional logit
model in order to allow for other more complex analyses, such as esti-
mating preference coefficients [24,25]. A conditional logit regression is
similar to a logistic regression model but also incorporates dependency
in the data. Here, the conditional logit approach was used to model both
aggregated and stratified device preferences for both populations of
participants (patients and caregivers/family members). For the condi-
tional logit regression analyses, preferences were estimated through
the use of a single anchored dummy coded variable. Here, the middle
time burden level was coded as the anchored dummy variable based
on the best-worst score. Survey responses for each choice task were
coded into two dichotomous variables, one for the best selection and
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the device.

Consider that you are talking to your doctor about getting a seizure gauge device. Out of
the options listed below, please choose the one best aspect and the one worst aspect of

Best

Attributes Worst

Forecasts moderate O
probability of seizure

Forecasts seizure
likelihood in next 1-6
hours

Gives inaccurate seizure
forecast 30% of the time

High time burden for data

185

uploading/ Dr. visits

Worn externally

O, o0]O0|0O|O0O

$50 in additional out-of-
pocket expenses

O|O0O | O 0|0

you use it?

O Yes
O No

If the seizure gauge device described by the six attributes above was available, would

Fig. 1. Example task from survey.

one for the worst. All attributes were checked for violations to mono-
tonicity. Preferences for the aggregated and stratified models were
estimated from the data using the clogit command in Stata version
15 (StatCorp, College Station, TX, USA) with robust standard errors
to account for clustering at the individual level. Preference differ-
ences between the respondent types were assessed via a Wald test
and the Swait-Louviere test was used to assess if identified differ-
ences were due to scale heterogeneity [26,27].

Differences in device acceptance between PWE and caregivers were
examined using respondents’ answers to the question “If the seizure
gauge device described by the six attributes above was available,
would you use it?”, which immediately followed each device profile
BWS task (Fig. 1). These differences were tested via a two-sample test
for equality of proportions.

Willingness to Pay (WTP) modeling can be applied when respondents
make trade-offs between attributes and cost [28]. As there was a cost as-
sociated with each hypothetical device profile, we could calculate the
WTP for individual attribute levels. The issue with simply calculating
WTP for each attribute level and then summing over the attributes for
each device is that the resulting value is without reference to anything,
making the interpretation difficult. Thus, we examined the net monetary
benefit (NMB) for each hypothetical device with respect to the least ac-
cepted device. The profile of the least accepted device (device R,
Table 4) was comprised of high seizure chance notification, long forecast-
ing range, 30% inaccuracy, high time burden, and device implanted in the
brain. Cost was recoded as a continuous variable, and the other attribute
levels were recoded using dummy coding from the reference device R
in order to calculate the net benefit for any given device. The levels of

Table 1
Attributes and levels.

Attribute Description Levels Levels (Choices)

Seizure chance Seizure forecasting probability Low Forecasts low probability of seizure (i.e., 1% chance)
Moderate Forecasts moderate probability of seizure (i.e., 60% chance)
High Forecasts high probability of seizure (i.e., 80% chance)

Forecasting range  Seizure forecasting range Short Forecasts seizure likelihood in the next 1-10 min
Mid Forecasts seizure likelihood in the next 1-6 h
Long Forecasts seizure likelihood in the next 12-24 h

Percent inaccuracy Inaccurate forecasting 10% Inaccurate seizure forecasting 10% of the time
20% Inaccurate seizure forecasting 20% of the time
30% Inaccurate seizure forecasting 30% of the time

Time burden Amount of time and work required to use the device Low Up to 5 min weekly uploads and a once a month doctor visit for the first 3 months
Moderate Up to 1 h weekly uploads and twice a month doctor visits for the first 3 months
High Up to 7 h weekly uploads and twice a month visit for the first 3 months

Location worn How the device is worn External Worn externally on your body (like a watch or jewelry)
Subcutaneous Inserted under the skin
Implant Implanted in the brain

Monthly cost Cost of the device $50 $50 a month in additional out-of-pocket expenses
$150 $50 a month in additional out-of-pocket expense
$200 $200 a month in additional out-of-pocket expenses
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Table 2
Patient and respondent characteristics.
Variable Person with epilepsy Primary caregiver or family member Total p-Value
(N = 346) (N =147) (N =493)
PWE characteristics
Age - mean (SD) 43.0 (13.7) 203 (13.2) 36.3 (17.0) <0.0001
Do the seizures come in clusters (i.e., three or more in a day)? - (%) 0.3515
No 57.8% 60.0% 58.5%
Yes 32.7% 34.5% 33.2%
Not sure 9.5% 5.5% 8.4%
Reside in the US - (%) 87.9% 84.5% 86.9% 0.4131
Female - (%) 74.8% 45.5% 66.1% <0.0001
Has had brain surgery - (%) 28.4% 16.0% 24.8% 0.0080
How often do seizures occur? - (%) 0.4318
Every day or at least once a week 28.3% 32.4% 29.5%
Between 1 and 3 times a month or every other month 31.5% 31.7% 31.6%
Between 1 and 5 times a year or less than once a year 28.6% 29.0% 28.7%
Not sure/other 11.6% 6.9% 10.2%
Currently has a device implanted in the body - (%) 21.1% 26.9% 22.8% 0.2413
Respondent characteristics
Optimistic - (%) 54.7% 65.8% 57.9% 0.0552
Self-control - (%) 65.7% 64.6% 65.4% 0.9067
Improving health - (%) 79.9% 76.1% 78.8% 0.4157
Risk taker - (%) 33.7% 25.7% 31.4% 0.1491
Good with numbers - (%) 46.8% 49.1% 47.4% 0.7369

device R were chosen as the reference categories for each attribute. After
estimation via a conditional logit model, the individual WTP values for
each attribute level k were calculated with respect to the reference level
by dividing the coefficient for that attribute level, 3, by the coefficient
for the cost attribute, 3. This is generally estimated using Eq. (1).

—Bx
WIP,, = 1
k=73 # 1)

Cc

The individual WTP values for each attribute level represented in a
hypothetical device were summed and the monthly out-of-pocket cost
associated with that device was subtracted in order to calculate the
net benefit for each device, d.

Net benefity = ~ WIP,—Cost # 2)

The NMB for a particular device, d, was then calculated by taking the
difference between the net benefit value and the cost associated with
device R.

NMBy = Net benefit,—Costp# 3)

This value can then be interpreted as the additional monthly cost
that respondents were willing to pay for this device over the least pre-
ferred device.

3. Results

A total of 637 respondents completed the survey. Four respon-
dents were excluded because they did not meet the inclusion
criteria, leaving a total of 633 eligible respondents, of which 493
(78%) completed at least one task. The majority of respondents
were people who self-reported having epilepsy (70.2%) and reside
in the United States (86.9%). The average age of affected individuals
was 36.3 years old (standard deviation [SD] = 17.0), with the major-
ity being female (66.1%). Patient and respondent characteristics can
be seen in Table 2.

3.1. Aggregate preferences

Results of the BWS experiment using best-minus-worst scoring and
conditional logit analysis are displayed in Table 3. A positive best-

minus-worst score indicates that the attribute level was chosen as
best more often than it was chosen as worst, and a negative score indi-
cates the opposite. The coefficients in the conditional logit analysis
highly correlated with the best-minus-worst maximum difference
score with a correlation coefficient of 0.992 (p < 0.0001, see Fig. 2).
This indicates that the two models are concordant. The attributes that
were chosen the most often as best features of a device were short fore-
casting range (2.06, standard error [SE] = 0.09), followed by mid fore-
casting range (1.79, SE = 0.08) and notification of high chance of
seizure (1.87, SE = 0.08). The features selected as least favorable were
device being implanted (—2.32, SE = 0.09), followed by the highest
level of cost (—1.99, SE = 0.07) and 30% inaccuracy (—1.69, SE = 0.08).

Table 3
Aggregate preference scores and results.

Attribute Best minus worst Conditional logit
Best Worst B— W Relative BW Coefficient Robust
score SE

Chance

Low 194 170 24 0.8 0.06 0.07

Moderate 320 43 277 9.4 0.62 0.07

High 1091 17 1074 363 1.87 0.08
Range

Short 1482 53 1429 483 2.06 0.09

Mid 1330 38 1292 43.7 1.79 0.08

Long 961 116 845 28.6 1.24 0.09
Inaccuracy

10% 341 347 -6 —0.2 0.14 0.11

20% 63 601 —538 —18.2 —1.00 0.07

30% 38 1041 —1003 —33.9 —1.69 0.08
Time

Low 472 43 429 14.5 1.00 0.07

Moderate 113 102 11 0.4 0.00 0.00

High 48 478 —430 —145 —0.89 0.06
Worn

Externally 750 81 669 226 1.37 0.08

Subcutaneous 205 538 —333 —113 —0.68 0.11

Implanted 91 1483 —1392 —47.1 —2.32 0.09
Cost

$50 232 346 —114 -39 —0.05 0.09

$150 15 1018 —1003 —33.9 —1.53 0.07

$200 19 1309 —1290 —43.6 —1.99 0.07

Relative BW Score is calculated as (B — W)/N where N is the total number of times that
attribute level was seen across all participants.
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Fig. 2. Comparison of conditional logit and BWS methods.

3.2. Stratified preferences: comparing patients and caregivers

As the conditional logit model allows for more complex analysis,
we used this approach to stratify results by relationship to epilepsy
to explore if patient and caregiver preferences differ. Caregivers
and family members were grouped together because of the small
number of family members (n = 15). We hypothesized that people
living with epilepsy were impacted by the fear of having seizures
more than caregivers, which could change their benefit-harm as-
sessment for a device. In our survey, 44.2% of patients selected fear
of having seizures as impacting them more than actually having sei-
zures, while only 33.6% of caregivers and family members were more
impacted by fear of the patient having a seizure. This difference was
statistically significant (p = 0.034).

Characteristics of the respondent stratified by relationship to epi-
lepsy can be seen in Table 2. There were two striking differences be-
tween populations. Caregivers were responding for people impacted
by epilepsy at younger ages (average age 20.3 years) compared to
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those who self-reported as persons with epilepsy (average age
43 years) (p <0.001). The second difference was in the gender of the
person impacted by epilepsy as reported by patients (74.8% female)
compared to caregivers (45.5% female) (p < 0.0001). This could poten-
tially account for the differences in responding to whether the fear of
having seizures or actually having the seizures would impact them
more.

When modeling preference results stratified by relationship to epi-
lepsy (patient or caregiver) the direction remained similar to that of
the aggregated conditional logit model. However, the patient model
was statistically different from the caregiver model (p < 0.001, Wald
test) [26]. Differences in the two models were not attributable to scale
(p <0.001), as determined by the Swait-Louviere test [27]. Patient and
caregiver preferences were statistically different on the following device
attributes: notification of high chance of seizure (p = 0.0062), all three
levels of forecasting range: short (p = 0.0008), moderate (p = 0.0019),
long (p = 0.0308), and both 20% inaccuracy (p = 0.0047) and 30% inac-
curacy (p = 0.0034). Preferences did not differ across notification of low
or moderate chance of seizure, 10% inaccuracy, time burden, how the
device is worn, or cost. Results of the conditional logit model stratifica-
tion are presented in Fig. 3.

As respondents also had to select whether they would use the device
if it were available, we could also examine the difference in acceptance
rates of the devices between PWE and caregivers (Fig. 4 and Table 4).
Caregivers had higher acceptance of devices for every treatment profile,
with statistically different rates for 10 of the 18 treatment profiles. The
largest difference in acceptance occurred for the hypothetical device
with the following attributes: moderate seizure chance notification,
long forecasting range, 20% inaccuracy, low time burden, worn exter-
nally, and costing $200 a month, with about 67% of caregivers accepting
the device and only about 48% of PWE accepting the device. The device
with highest acceptance rate between both PWE and caregivers had the
following profile: low chance of seizures notification, short forecasting
range, 10% inaccuracy, low time burden, worn externally, and costs
$50 a month, with acceptance rates of 83% for PWE and about 95% for
caregivers.
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Fig. 3. Patient and caregiver preference estimates from the conditional logit model. * indicates significant at the 0.05 level.
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Fig. 4. Device acceptance among patients and caregivers and net monetary benefit (NMB).
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Table 4
Device acceptance and net monetary benefit.
Task Seizure chance Forecasting range Percent inaccuracy Time burden Location worn Monthly cost ($) % that would use the NMB
device
Patients Caregivers

A Low Short 10% Low External $50 82.6% 95.0% $717.44
B Moderate Mid 30% High External $50 75.1% 81.0% $581.02
C High Mid 10% Moderate External $200 64.6% 80.5% $444.36
D High Short 20% High External $150 64.4% 77.8% $392.02
E High Short 30% Moderate Subcutaneous $50 63.9% 74.8% $420.59
F High Long 10% Low Subcutaneous $150 60.1% 68.3% $215.92
G Low Long 20% High Subcutaneous $50 57.6% 65.8% $200.06
H Moderate Mid 20% Moderate Subcutaneous $150 56.3% 63.4% $393.90
1 High Mid 20% Low Implanted $50 52.0% 57.3% $440.16
] Moderate Short 10% High Subcutaneous $200 52.0% 68.5% $366.56
K Low Long 30% Moderate External $150 51.6% 63.4% $304.62
L Moderate Long 10% Moderate Implanted $50 50.0% 51.7% $363.42
M Moderate Long 20% Low External $200 48.3% 67.1% $341.46
N Low Mid 10% High Implanted $150 43.8% 47.8% $349.30
0 Moderate Short 30% Low Implanted $150 42.3% 46.7% $466.93
P Low Mid 30% Low Subcutaneous $200 40.9% 55.8% $355.90
Q Low Short 20% Moderate Implanted $200 38.7% 48.9% $314.40
R High Long 30% High Implanted $200 32.4% 45.8% -

3.3. Net monetary benefit

As there was a cost associated with each hypothetical device profile,
we could calculate the NMB for each hypothetical device with respect to
the least accepted device (device R, Table 4). The device that respon-
dents are most willing to pay for was the device with the highest accep-
tance rate described above (low seizure chance notification, short
forecasting range, 10% inaccuracy, low time burden, worn externally,
and costs $50 a month). The NMB for this device, relative to the refer-
ence device (least accepted device), is $717.44 per month. The next de-
vice that participants were most willing to pay for constituted a device
of moderate seizure chance notification, mid forecasting range, 30% in-
accuracy, high time burden, worn externally, and cost $50 a month. Re-
spondents were willing to pay an additional $581.02 more a month for
this device than the reference device. The NMB for each of the devices
relative to the reference device can be seen along with device accep-
tance in Fig. 4 and Table 4.

4. Discussion

Recent advances in neural engineering, minimally invasive
biosignaling devices, and deep machine learning algorithms suggest
that seizure forecasting technology may become an available tool in the
foreseeable future. A clinical trial of an implantable seizure advisory sys-
tem as well as subsequent machine learning competitions demonstrated
that seizure forecasting may be possible [7,8,11,29]. Intensive efforts
continue toward making seizure forecasting a clinically accessible
tool by developing devices capable of computing forecasting algo-
rithms, improving the accuracy of forecasting algorithms, and ex-
ploring less invasive monitoring devices for seizure forecasting
such as subscalp EEG, wearables and diaries [9,10,30,31]. In 2017,
the Epilepsy Foundation selected seizure forecasting as a strategic
priority for development [12]. As interest in this area continues to
grow, it is imperative that the patient voice is incorporated in the de-
velopment of seizure forecasting devices and design solutions, as
these users will be the most impacted by these breakthroughs.

Our results echo previous studies that have found great interest in a
seizure forecasting device to address the unmet need of seizure predic-
tion [12]. We demonstrate what attributes are most important to re-
spondents in a seizure forecasting device and which show favorable
acceptance rates for the 18 hypothetical devices presented. The infor-
mation presented here by the attributes of our devices and correspond-
ing acceptance rates can inform prototype development, so that device

manufacturers develop seizure forecasting devices that are likely to be
accepted by the epilepsy community.

Although high seizure forecasting probability was preferred to low
or moderate forecasting probability, the results indicate that seizure
forecasting is favorable regardless of whether the device gives a short-
, mid-, or long-term range warning in advance. This is in contrast to a
previous survey suggested that individuals only cared about short-
term range predictions [32]. The earlier survey had fewer respondents
(n = 89) and administered the question about best length of warning
time as a multiple-choice question with 10 possible answers. They
found that participants thought the best length of warning time is 3 to
5 min and reasoned from a follow-up question that longer lengths of
time would be more stressful. In our conjoint-analysis approach, we
found that longer forecasting times still provide a benefit to users.

Perhaps not surprisingly, cost was one of the worst aspects of the de-
vice. This is an important consideration for future reimbursement issues
if we want these devices to be used at scale by the community. This is in
alignment with previous research on user-centered design consider-
ations of seizure detection devices, which suggested that individuals
would only be willing to pay between $200 to $300 for a device plus
an additional $50 per month [6]. The NMB analysis in our study demon-
strates that user's willingness to pay depends on the device attributes.
Therefore, the cost for a device that the community would be willing
to pay for could be higher than previously reported. This may be due
to the fact that the previous research was focused on a seizure detection
device while we are considering a seizure forecasting device.

Although the community has predominantly focused on assessing
when an individual is at high risk of seizure in their forecasting algo-
rithms, the most favorable device in our survey gave notification of
low seizure chance. This suggests that there is also value to the individ-
ual in knowing when there is a “safe-zone,” a period of low seizure like-
lihood. This could be critical to design considerations, as algorithms
indicate better specificity and sensitivity to detecting when someone
is at a low risk of having a seizure rather than a high risk [11].

Differences in PWE and caregivers' responses were explored to as-
sess whether PWE would take on more risk for a seizure forecasting de-
vice. We formulated this hypothesis based on the finding that PWE are
more impacted by the fear of having seizures (versus the actual seizure
event) than caregivers. Consistent with our hypothesis, caregivers find
inaccuracies of the device a worse feature overall than those living
with epilepsy. This difference could be attributed to respondent type
but could also be due to the personality characteristics or demographic
differences across the two categories. For example, caregivers were
responding for those at younger ages (Table 2). Interestingly, caregivers
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had a higher acceptance of devices for every hypothetical description.
We did not explore reasons for differences in PWE and caregiver prefer-
ences or acceptance rates. These differences could be due to reasons
such as clinical differences, socioeconomic differences, or other explana-
tions not evaluated here. Specifically, previous work has discussed that
caregivers, who are often parents, are more likely to participate in ‘yea-
saying’ as they prefer some option over no option [33]. Caregivers may
also have a better capacity to pay than PWE, a phenomenon that has
also been discussed previously and applies to the current research
[34]. We will explore this further by tailoring to specific disease types
in future studies through the use of inclusion and exclusion criteria.

Another way to survey user preferences is through discrete choice
experiments (DCE); DCE are more common and admired by some re-
searchers because of their explicit tradeoffs, yet their experimental de-
signs can be prohibitively complicated and potentially cause bias in
preference estimation [35]. We utilize a catalog-based main effects or-
thogonal array that presents an advantage over DCE.

We demonstrate the value of using BWS as a tool to study prefer-
ences for seizure forecasting, but our study has some limitations. The
survey included theoretical devices, and so our study is susceptible to
hypothetical bias, as a respondent’s stated values may differ from their
real values [36]. The study is also limited in specificity of the attribute
levels. There are currently no seizure gauge devices on the market,
and thus there is no prior information on what realistic levels of some
of the attributes included in the study should be. Appropriate levels
were discussed among both the stakeholders committee comprised of
Foundation leadership and healthcare professionals as well as with
the people living with epilepsy action committee comprised of individ-
uals impacted by epilepsy to elicit plausible, yet hypothetical levels of
attributes. This approach demonstrates a blend between technical and
patient-centered methods to study hypothetical devices.

The study may also be susceptible to selection bias as the survey was
web-based and certain populations may be under-represented because
they have limited access to Internet. Recruitment was based on self-
selection and participants were not prescreened by epilepsy type. This
resulted in a heterogeneous sample, but as a community-based ap-
proach was used to design and implement the survey, it was better to
be inclusionary with our sampling. Another limitation is that there
was no opt-out included as a holistic model. We are unaware of models
that can incorporate this in BWS. Hollin et al. demonstrated that there is
consistency between BWS profile case and conjoint analysis where an
opt-out is allowed [13].

User preferences are important to consider despite these limitations.
Consensus continues to build throughout the healthcare system that pa-
tient and stakeholder input is necessary from research and develop-
ment to delivery [37-42]. This study illustrates patient and caregiver
preferences around factors related to potential seizure forecasting de-
vices. Patient-centered approaches are increasingly accepted, and we
demonstrate the usefulness of this approach in prototype development.
The process we used can be a model for facilitating user-centered device
progress through an exploration of the priorities and preferences of
PWE and families.

5. Conclusion

As seizure forecasting devices move closer to clinical reality, it is cru-
cial to incorporate user-design considerations. This study incorporates
conjoint-analysis modeling to assess community preferences of a sei-
zure forecasting device to better inform device developers early in the
research and development process. Results suggest that there may be
different preferences and willingness to pay between caregivers and
those impacted by epilepsy when considering a seizure forecasting de-
vice. Future studies will dive deeper into understanding the different
user profiles and design considerations to ensure better adoption of
such devices in the future.

References

[1] England M], Liverman CT, Schultz AM, Strawbridge LM. Epilepsy across the spec-
trum: promoting health and understanding. A summary of the Institute of Medicine
report. Epilepsy Behav 2012;25:266-76.

[2] Epilepsy. World Health Organization; 2018.

[3] Fisher RS, Cross JH, French JA, Higurashi N, Hirsch E, Jansen FE, et al. Operational clas-
sification of seizure types by the International League Against Epilepsy: position
paper of the ILAE Commission for Classification and Terminology. Epilepsia 2017;
58:522-30.

[4] Berg AT, Millichap JJ. The 2010 revised classification of seizures and epilepsy. Contin-
uum 2013;19:571-97.

[5] Brodie M, Barry S, Bamagous G, Norrie J, Kwan P. Patterns of treatment response in
newly diagnosed epilepsy. Neurology 2012. https://doi.org/10.1212/WNL.
0b013e3182563b19.

[6] Patel AD, Moss R, Rust SW, Patterson ], Strouse R, Gedela S, et al. Patient-centered
design criteria for wearable seizure detection devices. Epilepsy Behav 2016;64:
116-21.

[7] Cook MJ, O'Brien TJ, Berkovic SF, Murphy M, Morokoff A, Fabinyi G, et al. Prediction
of seizure likelihood with a long-term, implanted seizure advisory system in pa-
tients with drug-resistant epilepsy: a first-in-man study. Lancet Neurol 2013;12:
563-71.

[8] Freestone DR, Karoly PJ, Peterson AD, Kuhlmann L, Lai A, Goodarzy F, et al. Seizure
prediction: science fiction or soon to become reality? Curr Neurol Neurosci Rep
2015;15:73.

[9] Baud MO, Rao VR. Gauging seizure risk. Neurology 2018;91:967-73.

[10] Weisdorf S, Gangstad SW, Duun-Henriksen J, Mosholt KSS, Kjeer TW. High similarity
between EEG from subcutaneous and proximate scalp electrodes in patients with
temporal lobe epilepsy. ] Neurophysiol 2018;120(3):1451-60.

[11] Kuhlmann L, Karoly P, Freestone DR, Brinkmann BH, Temko A, Barachant A, et al.
Epilepsyecosystem.org: crowd-sourcing reproducible seizure prediction with long-
term human intracranial EEG. Brain 2018;141:2619-30.

[12] Dumanis SB, French JA, Bernard C, Worrell GA, Fureman BE. Seizure forecasting from
idea to reality. Outcomes of the my seizure gauge epilepsy innovation institute
workshop. eNeuro 2017;4.

[13] Hollin IL, Peay HL, Bridges JF. Caregiver preferences for emerging Duchenne muscu-
lar dystrophy treatments: a comparison of best-worst scaling and conjoint analysis.
Patient 2015;8:19-27.

[14] CDRH F. Patient preference information-voluntary submission, review in premarket
approval applications, humanitarian device exemption applications, and de novo re-
quests, and inclusion in decision summaries and device labeling. Food and Drug Ad-
ministration Staff, and Other Stakeholders; 2016.

[15] Bridges JF, Janssen EM, Ferris A, Dy SM. Project transform: engaging patient advo-
cates to share their perspectives on improving research, treatment and policy.
Curr Med Res Opin 2018;34:1755-62.

[16] Flynn TN. Valuing citizen and patient preferences in health: recent developments in
three types of best-worst scaling. Expert Rev Pharmacoecon Outcomes Res 2010;10:
259-67.

[17] Flynn TN, Louviere Jj, Peters TJ, Coast J. Best-worst scaling: what it can do for health
care research and how to do it. ] Health Econ 2007;26:171-89.

[18] Cheung KL, Wijnen BF, Hollin IL, Janssen EM, Bridges JF, Evers SM, et al. Using best—
worst scaling to investigate preferences in health care. Pharmacoeconomics 2016;
34:1195-209.

[19] Beusterien K, Kennelly M], Bridges JF, Amos K, Williams M], Vasavada S. Use of best-
worst scaling to assess patient perceptions of treatments for refractory overactive
bladder. NeurourolUrodyn 2016;35:1028-33.

[20] Bridges JF, Hauber AB, Marshall D, Lloyd A, Prosser LA, Regier DA, et al. Conjoint anal-
ysis applications in health—a checklist: a report of the ISPOR good research practices
for conjoint analysis task force. Value Health 2011;14:403-13.

[21] Hollin IL, Young Caroline, Hanson C, Bridges JFP, Peay H. Developing a patient-cen-
tered benefit-risk survey: a community-engaged process. Value Health 2016;19:
751-7.

[22] Kuhfeld W. Orthogonal arrays. TS-723. http://support.sas.com/techsup/technote/
ts723.html; 2006.

[23] Johnson FR, Lancsar E, Marshall D, Kilambi V, Miihlbacher A, Regier DA, et al. Con-
structing experimental designs for discrete-choice experiments: report of the
ISPOR conjoint analysis experimental design good research practices task force.
Value Health 2013;16:3-13.

[24] Gallego G, Bridges JF, Flynn T, Blauvelt BM, Niessen LW. Using best-worst scaling in
horizon scanning for hepatocellular carcinoma technologies. Int ] Technol Assess
Health Care 2012;28:339-46.

[25] McFadden D. Conditional logit analysis of qualitative choice behavior; 1973.

[26] Hausman ], McFadden D. Specification tests for the multinomial logit model.
Econometrica 1984:1219-40.

[27] Swait ], Louviere J. The role of the scale parameter in the estimation and comparison
of multinomial logit models. ] Market Res 1993:305-14.

[28] Lancsar E, Louviere ], Flynn T. Several methods to investigate relative attribute im-
pact in stated preference experiments. Soc Sci Med 2007;64:1738-53.

[29] Brinkmann BH, Wagenaar ], Abbot D, Adkins P, Bosshard SC, Chen M, et al.
Crowdsourcing reproducible seizure forecasting in human and canine epilepsy.
Brain 2016;139:1713-22.

[30] Kiral-Kornek I, Roy S, Nurse E, Mashford B, Karoly P, Carroll T, et al. Epileptic seizure
prediction using big data and deep learning: toward a mobile system. EBioMedicine
2018;27:103-11.

[31] Haut SR, Hall CB, Borkowski T, Tennen H, Lipton RB. Modeling seizure self-
prediction: an e-diary study. Epilepsia 2013;54:1960-7.


http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0005
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0005
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0005
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0010
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0015
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0015
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0015
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0015
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0020
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0020
https://doi.org/10.1212/WNL.0b013e3182563b19
https://doi.org/10.1212/WNL.0b013e3182563b19
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0030
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0030
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0030
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0035
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0035
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0035
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0035
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0040
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0040
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0040
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0045
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0050
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0050
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0050
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0055
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0055
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0055
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0060
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0060
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0060
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0065
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0065
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0065
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0070
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0070
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0070
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0070
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0075
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0075
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0075
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0080
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0080
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0080
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0085
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0085
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0090
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0090
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0090
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0095
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0095
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0095
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0100
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0100
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0100
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0105
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0105
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0105
http://support.sas.com/techsup/technote/ts723.html
http://support.sas.com/techsup/technote/ts723.html
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0115
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0115
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0115
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0115
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0120
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0120
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0120
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0125
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0130
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0130
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0135
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0135
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0140
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0140
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0145
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0145
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0145
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0155
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0155
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0155
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0160
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0160

S.A. Janse et al. / Epilepsy & Behavior 96 (2019) 183-191 191

[32] Arthurs S, Zaveri HP, Frei MG, Osorio L. Patient and caregiver perspectives on seizure
prediction. Epilepsy Behav 2010;19:474-7.

[33] Yeung RY, Smith RD, Ho LM, Johnston JM, Leung GM. Empirical implications of re-
sponse acquiescence in discrete-choice contingent valuation. Health Econ 2006;15:
1077-89.

[34] Palanca-Tan R. The demand for a dengue vaccine: a contingent valuation survey in
Metro Manila. Vaccine 2008;26:914-23.

[35] Marshall D, Bridges JF, Hauber B, Cameron R, Donnalley L, Fyie K, et al. Conjoint anal-
ysis applications in health—how are studies being designed and reported? Patient
2010;3:249-56.

[36] Rakotonarivo OS, Schaafsma M, Hockley N. A systematic review of the reliability and
validity of discrete choice experiments in valuing non-market environmental goods.
J Environ Manage 2016;183:98-1009.

[37] Hauber AB, Fairchild AO, Johnson FR. Quantifying benefit-risk preferences for med-
ical interventions: an overview of a growing empirical literature. Appl Health Econ
Health Policy 2013;11:319-29.

[38] Ho MP, Gonzalez JM, Lerner HP, Neuland CY, Whang JM, McMurry-Heath M, et al.
Incorporating patient-preference evidence into regulatory decision making. Surg
Endosc 2015;29:2984-93.

[39] Hunter NL, O'Callaghan KM, Califf RM. Engaging patients across the spectrum of
medical product development: view from the US Food and Drug Administration.
JAMA 2015;314:2499-500.

[40] (MDIC) MDIC. Patient centered benefit-risk project report: a framework for incor-
porating information on patient preferences regarding benefit and risk into regula-
tory assessments of new medical technology. Arlington, VA 22209: Medical Device
Innovation Consortium (MDIC); 2015 [p. Executive Summary].

[41] van Til JA, [Jzerman M]. Why should regulators consider using patient preferences in
benefit-risk assessment? PharmacoEconomics 2014;32:1-4.

[42] Bridges JF. Future challenges for the economic evaluation of healthcare.
PharmacoEconomics 2005;23:317-21.


http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0165
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0165
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0170
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0170
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0170
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0175
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0175
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0180
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0180
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0180
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0185
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0185
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0185
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0190
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0190
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0190
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0195
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0195
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0195
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0200
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0200
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0200
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0205
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0205
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0205
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0205
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0210
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0210
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0215
http://refhub.elsevier.com/S1525-5050(19)30268-9/rf0215

	Patient and caregiver preferences for the potential benefits and risks of a seizure forecasting device: A best–worst scaling
	1. Introduction
	2. Materials and methods
	2.1. Experimental design
	2.2. Survey distribution
	2.3. Analysis

	3. Results
	3.1. Aggregate preferences
	3.2. Stratified preferences: comparing patients and caregivers
	3.3. Net monetary benefit

	4. Discussion
	5. Conclusion
	References


