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Abstract

Objectives:Wearable digital health technologies (DHTs) have the potential to improve chronic
kidney disease (CKD) management through patient engagement. This study aimed to investi-
gate and elicit preferences of individuals with CKD toward wearable DHTs designed to support
self-management of their condition.
Methods: Using the results of our review of the published literature and after conducting
qualitative patient interviews, five-choice attributes were identified and included in a discrete-
choice experiment. The design consisted of 10-choice tasks, each comprising two hypothetical
technologies and one opt-out scenario. We collected data from 113 adult patients with CKD
stages 3–5 not on dialysis and analyzed their responses via a latent class model to explore
preference heterogeneity.
Results: Two patient segments were identified. In all preference segments, the most important
attributes were the device appearance, format, and type of information provided. Patients within
the largest preference class (70 percent) favored information provided in any format except the
audio, while individuals in the other class preferred information in text format. In terms of the
style of engagement with the device, both classes wanted a device that provides options rather
than telling them what to do.
Conclusions: Our analysis indicates that user preferences differ between patient subgroups,
supporting the case for offering a different design of the device for different patients’ strata, thus
moving away from a one-size-fits-all service provision. Furthermore, we showed how to leverage
the information from user preferences early in the R&D process to inform and support the
provision of nuanced person-centered wearable DHTs.

Introduction

The prevalence of chronic conditions and multimorbidity is increasing, imposing an enormous
burden on patients and the healthcare system. Living with multimorbidity can affect patients’
quality of life in significant ways (1). It is argued that investing in self-management interventions
has the potential to improve health outcomes and ease the pressure on healthcare systems (2;3).
Self-management requires patients to engage in a collaborative partnership with their families or
carer and their health professionals, with a view to learn (and commit) to look after themselves
while managing their condition (4). Patient’s knowledge, confidence, and skills to self-manage
their own health and care refereed as “patient activation” (5) play important role in managing
their health and has better health outcomes.

The emerging use of (innovative) digital technologies in healthcare offers a potentially
effective option for delivering self-management support strategies to some individuals. Examples
include education, support, and self-management in diabetes, chronic obstructive pulmonary
disease (6;7), and epilepsy (8). Despite their rapid diffusion, important scientific and practical
challenges need to be overcome to ensure that digital health technologies (DHTs) are adopted by
healthcare systems and, just as importantly, by patients (9).

Chronic kidney disease (CKD) is a slow, progressive, and irreversible decline in renal function,
leading to end-stage renal disease and cardiovascular morbidity, with significant health and
healthcare cost implications (10;11). The management of CKD includes: slowing down the
disease progression to kidney failure; and reducing cardiovascular disease risk by managing
kidney functions and CKD progression risk factors, such as hypertension and diabetes. As CKD
progresses toward end-stage, long-term CKD management requires a high-level patient
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involvement to reduce the overwhelming impact of CKD. Self-
management of CKD incurs a high burden of implementation for
patients, who are expected to manage aspects ranging from: atten-
tion to dietary and medical management to recognizing early
warning signs, regulation of fluid intake, blood pressure, and elec-
trolytes (12). The increasing use of self-management interventions
for CKD in recent years demonstrates the growing importance of
such interventions in managing this condition to improve health
outcomes (13). Hypertension management is a key outcome of
CKD self-management, and technology-enabled interventions
can control blood pressure in CKD (14).

Clinically and cost-effective DHTs that can transform health
and social care deliverymust also be patient-centered. Research and
Development (R&D) effort to support the creation of DHTs, par-
ticularly those used by patients, should be informed by strong
clinical evidence and patients’ values, priorities, and preferences
(15;16). If an R&D team, the target patients, and their (informal)
carers do not co-produce the design of an innovative DHT from the
earliest stages of development, the potential benefits of these tech-
nologies may never come to realize (17;18). Thus, it is important to
invest in co-designing any new form of collaborative care to help
individuals manage health in their daily lives, respondmore quickly
to changes in symptoms, and prevent relapse.

This study is a part of the UK Engineering and Physical Sciences
Research Council-funded “Wearable Clinic” aimed to create a set of
software tools for wearable technology to support patient self-
managing their long-term conditions. In this exploratory study,
we aimed to investigate and elicit the preferences of individuals with
CKD toward wearable DHTs to support self-management of their
condition. This is the first effort in the context of using early health
technology assessmentmethods to support the development of new
wearable DHT.

Methods

Discrete-choice experiments (DCEs) are survey-based methods
commonly used to explore preferences for services or products
(19). They involve presenting individuals with hypothetical choices
which differ in attributes and their magnitude or levels and ask
participants to choose the alternative they prefer in each choice set.
This enables researchers to understand the value that individuals
place on various levels of the attributes that characterize the tech-
nology under development. The studywas designed and reported in
line with published recommendations (20–22). We describe below
the process involved in identifying the important aspects of wear-
able DHT used in the DCE.

Phase 1: identification of the characteristics of a wearable DHT
to support self-management of chronic conditions

A literature review was conducted to identify published studies that
(i) investigated reasons why individuals with CKD may choose
(or refuse) to use wearable DHTs to support their self-management
activities, as well as any study that (ii) attempted to understand
people’s preferences for, and perceptions of technology-based
interventions (e.g., wearables, mHealth, telehealth, smartphone
apps). The search terms used are provided in Supplementary
Material S1. Two researchers independently screened the titles
and abstracts of all the articles identified through the electronic
search, and one reviewer extracted data for all included studies. An

initial set of generalizable characteristics of wearable DHTs
(i.e., attributes) was compiled for further use in Phase 2.

It included their appearance, choice of settings, the format in
which feedback information is provided to users, degree, and extent
of data entry, capabilities/functionalities, style of engagement with
the user (frequency and type of information the device provides),
and the time required by the user to interact with it. A brief
description of these features is provided in Supplementary Material
S2. Furthermore, we conducted qualitative interviews with tech-
nology developers to identify the potential purposes of the tech-
nology under development. This resulted in a list of nine purposes
of DHT which was used in Phase 2.

Phase 2: qualitative interviews

The findings from Phase 1 were used to define a topic guide for a
semi-structured focus groupmeeting (SupplementaryMaterial S3).
Focus groups involve organized discussions with individuals to gain
information about their views and experiences of a topic. In con-
trast to individual interviews, focus groups capitalize on stimulating
interaction between participants, often yielding additional insights
(23). In this study, the focus group was used for two purposes: (i) to
identify DCE attributes and attribute levels; and (ii) to shed light on
individuals’ views of the role and potential uses of wearable DHTs
to support collaborative management of their condition.

We usedmultiple platforms to recruit people with CKD into our
focus groups, such as patient/consumer groups, charities, social
media, existing patient and public involvement networks, and
online research recruitment platforms. As a result, 10 volunteers
who initially expressed an interest in contributing to our research
were invited to participate in the focus group, and four were
subsequently accepted (based on scheduling and availability).

Data from the focus group were transcribed verbatim and
qualitatively analyzed using the framework approach (24). To
provide context, participants were asked about what strategies they
used to manage their health and prior experiences of using DHTs
and/or wearable devices (e.g., wearable blood glucose monitoring
devices). When asked about the features that would persuade them
to use a wearable device to support their self-management efforts,
respondents preferred a small, multifunctional device. Individuals
indicated they were willing to compromise on aspects such as the
portability, aesthetic, and appearance (how discreet it is) of the
device as long as this was able to help them with more than just one
task of their self-management routine. Participants valued features
that allow them to (i) monitor symptoms, (ii) pick up any warning
signs, (iii) track progress and alert themwhen extra support may be
needed, (iv) provide flexibility in interacting with a care team, and
(v) help manage the time and frequency of appointments with the
care team (for detailed results, see Supplementary Material S4).

Phase 3: designing, piloting, and fielding the online DCE

The outcomes of Phases 1 and 2 provided us with a list of attributes
and attribute levels to use in DCE, based onwhichwe have designed
the pilot survey. InDCE, participants were asked to choose between
two hypothetical wearable DHTs presented to them and a “none of
them” option to mimic the real-world scenario where individuals
are free not to choose a device for whatever reason. Responses to
these choice-based questions enabled us to analyze trade-offs
people made. In turn, this allowed us to inform the design of
technologies that have the greatest potential to maximize adoption,
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adherence, patient satisfaction, health outcome, and possibly
reduce costs for the healthcare system.

DCE experimental set-up
We adopted a full profile balanced-overlap, nearly orthogonal
experimental design (25) using Sawtooth Software Lighthouse
Studio v9.6 to create alternative profiles of a hypothetical wearable
DHT from different combinations of its attributes and associated
levels (reported in Table 1). The final set of attributes and their
levels were determined by the investigative team based on the
feedback received from the patients during piloting. The experi-
mental design included ten choice tasks, each having two alterna-
tives described by five attributes with a number of levels (see Table 1
for the full list). As it was not feasible for a participant to respond to
the full factorial design (i.e., sixty-four combinations of attribute
levels), we blocked the full factorial design into ten blocks (ver-
sions). Each participant was then randomly assigned to each block
when they clicked on the survey link.

The experimental design ensured one-way and two-way fre-
quency balance such that each attribute level appeared an almost
equal number of times in the survey and paired with other levels of
the attribute in choice tasks as an equal number of times as possible
(two-way frequencies). The balanced overlap between choice tasks
in the experimental design allowed us to measure marginal utilities
put on attribute levels when controlling for any cases where certain
level(s) might appear all the time. An example choice task can be
found in Figure 1.

Pretesting and piloting the online choice survey
The online survey was piloted via four in-depth face-to-face inter-
views using the think-aloud method (26) before deploying the final
survey. The purpose of this exercise was to: investigate the face
validity, test the understanding and relevance of the wording used
to characterize attributes of the wearable DHT, as well as, assess the
overall presentation and interpretation of the DCE survey. In this
pilot, we recruited individuals with CKD purposively based on
technology use experience, demographics, and disease stage. Par-
ticipants were presented with choice tasks and asked to complete
them using a think-aloud approach while responding to survey
questions. In addition to any issues raised by participants while
reading and completing the questionnaire, we looked at visual hints
(e.g., body language, facial gestures, pauses) that may reveal the

need to clarify and discuss specific aspects of the survey. Three
researchers facilitated the process, clarified any issues that partici-
pants had, and documented issues related to the presentation and
description of any of our online survey items, for example, wording,
display of the survey.

Overall, pre-testing participants completed the choice tasks
without difficulty. They suggested changing some of the wordings
to add clarity and maintain consistency. For example, one of the
suggestions was to rename option 3 “none of them” to “neither
option 1 nor option 2.” In addition, there was confusion on the
levels of two attributes, that is, information it provides (medical and
non-medical) and the format of information it provides (number,
text, image, audio). In the revised version, we provided examples of
medical and non-medical information and images, and audio.
Following the think-aloud interviews, the wording and display of
the survey introduction and the choice tasks were revised and
simplified. Altogether, the final design included ten choice tasks,
each comprising two hypothetical technologies and one opt-out
scenario, which were randomly allocated to participants.

Survey participants, measures, and procedures
We recruited patients with CKD using online advertisements cir-
culated to patient/consumer organizations (e.g., HealthWatch),
charities (e.g., Kidney Care UK), social media (e.g., Facebook
groups, Twitter), patient and public involvement networks, and
online recruitment platforms between July and October 2019. The
eligibility criteria for the participants were being aged≥18 years and
diagnosed with stage 3 CKD and onwards, but not on dialysis. As a
token of appreciation, participants were given a £20 Amazon gift
voucher.

There is no formal basis for sample size calculation for choice
surveys in healthcare, and estimation methods are currently devel-
oping (27). Therefore, the sample required for this study was
estimated based on pragmatic considerations, and these included
taking into account likely participation rates based on prior experi-
ence recruiting individuals with long-term conditions. The
required minimum sample size to estimate preferences was
100 respondents. However, a larger sample was targeted to allow
for the analysis of preferences heterogeneity.

The online survey began with a patient information sheet,
followed by screening questions to identify eligible respondents.
Participants were provided with a consent form, information on the

Table 1. Final attributes and levels used in the experiment

Attributes Levels Description

Its appearance Discreet (e.g., unnoticeable)
Noticeable (e.g., obvious, eye-catching)

The appearance of the device

Format of the information it provides Numbers
Text
Images (e.g., graphs or pictures)
Audio (e.g., reading information for you, signaling with sound)

Format of the information devices provides

How it engages with me Explains my options and tells me what to do
Offers me options and allows me to make a choice

Engagement style of the device

Type of information it provides Non-medical information, such as what I do and how I do things that
influence my condition (e.g., lifestyle, diet)

Medical information related to the progression of my condition (e.g.,
GFR results, blood pressure, trends)

Type of information device communicates

How much time I need to spend Up to 30 min/day
Between 30 min and 1 hr/day

Time investment for the use and
maintenance of the device

GFR, glomerular filtration rate.
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study, and instructions on how to complete the choice task.
Respondents were asked to select the top five purposes from a list
of nine non-mutually exclusive potential purposes of a wearable
health technology that emerged from Phase 2. The survey con-
cluded with questions about their health, prior experience of using
any digital wearable devices tomonitor and control their condition,
socio-demographics, and views on the survey.

The study was approved by the University of Manchester’s
Research Ethics Committee (reference no. 2019–3263-10408) and
was conducted in accordance with the General Data Protection
Regulation.

Statistical analyses

The analysis of data from the choice task in our online survey was
based on the random utility maximization theory (28;29). As
individuals might have different preferences, we used a latent
class modeling approach (30;31). The underlying theory for the
latent class model (LCM) posits that participants’ preferences
can be segmented into Q latent segments (classes). Preferences
within each class are assumed to be the same (i.e., homogeneous)
but differ across classes. The model allows us to explain individ-
uals’ preferences from their choice data and simultaneously show
how respondents’ characteristics, such as gender and age, influ-
ence class membership. The optimal number of classes
(i.e., segments) is identified using model fit criteria such as
Bayesian Information Criterion (BIC), Akaike Information Cri-
terion (AIC), log-likelihood values, and the principle of model
parsimony. Socio-demographics and other data collected as part
of the online survey were analyzed using descriptive statistics. All

statistical analyses were undertaken using Apollo package in R
(32). We also fit mixed logit and multinomial logit regression
models but they performed worse than latent class model
(Supplementary Material S5).

Furthermore, we performed scenario analyses for a number of
policy-relevant scenarios to demonstrate the implications of our
findings. We assume that there are three scenario options for
wearable digital devices:

• Scenario 1: Device which has a discreet appearance, presents
non-medical information with numbers and images, offers
options to patients, and takes up a maximum of 30 min per
day for an individual.

• Scenario 2: Device which has a noticeable appearance, presents
medical informationwith numbers and texts, tells patients what
to do, and takes up between 30 and 60 min per day for an
individual.

• Scenario 3: No device

Using the LC model estimates, we calculate the predicted choice
probabilities of these scenarios at an aggregate level (Table 2). We
used Krinsky and Robb (33) technique to calculate confidence
intervals (CIs) for the predicted update probabilities for given
scenarios. This technique is based on taking a large number of
draws (in our case r= 10,000) from amultivariate distribution with
mean probabilities calculated using the estimated coefficients and
covariances from their covariance matrix of the estimated coeffi-
cients. So, based on this r number of draws, we produced r simu-
lated values of predicted probabilities. These values are then used to
calculate the 95 percent CI. More detail on the calculator can be
found in Supplementary Material S6.

Figure 1. Example of choice sets used in the discrete-choice experiment.
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Results

The survey weblink was shared on multiple online platforms. In
total, 233 unique hits on the survey website led to 142 (61 percent)
completed surveys. We excluded twenty-nine responses that were
completed in <5 min or were duplicates, and the final sample
included 113 respondents.

Socio-demographic and health responses

Among the 113 respondents (Table 3), the sample included a
slightly higher proportion of women (67 percent). Respondents
were predominantly white, and over three-quarters of them were
aged ≥45 years. The majority were not in full-time employment,
and 51 percent of the respondents had a degree-level qualification
or higher. Almost two-thirds of the participants (63 percent) had
CKD stage III disease, and 61 percent of the sample received their
CKD diagnosis more than 5 years ago. Only 6 percent of the
respondents had previously used any digital wearable devices to
self-manage their condition. Over four-fifth (81 percent) agreed
that “they have the knowledge, skills, and confidence to take an
active role in managing their own care.”

Latent class model results

We analyzed the choice data using LCMs with up to four latent
classes. Comparing the information criteria, log-likelihood meas-
ures, and model parsimony of these models, we decided on the
model with two classes (Table 4).We also note that due to the small
sample size, we also considered the size and composition of the
latent classes when deciding on the final model. For example, a
latent class as small as 5 percent of the sample (i.e., around eight
people) would not give much reliable information; thus, it is useful

Table 2. Scenario analyses

Scenario

Choice
probability
(95% CI)

Choice
probability for
Latent Class 1

(95% CI)
Choice probability for
Latent Class 2 (95% CI)

1 0.50 (0.40, 0.59) 0.54 (0.43, 0.64) 0.41 (0.23, 0.60)

2 0.35 (0.26, 0.44) 0.43 (0.32, 0.54) 0.16 (0.07, 0.32)

3 0.15 (0.10, 0.24) 0.03 (0.02, 0.06) 0.43 (0.26, 0.61)

Table 3. Sample characteristics

All Percent

Sample (n) 113

Gender

Male 36 (32.9%)

Female 76 (67.3%)

Prefer not to reveal 1 (0.9%)

Age groups

18—24 yr 2 (1.8%)

(Continued)

Table 3. (Continued)

All Percent

25—34 yr 10 (8.8%)

35—44 yr 15 (13.3%)

45—54 yr 32 (28.3%)

55—64 yr 34 (30.1%)

65—74 yr 19 (16.8%)

75þyr 1 (0.9%)

Ethnicity

White 107 (94.7%)

Mixed 1 (0.9%)

Black 4 (3.5%)

Other 1 (0.9%)

Employment status

Full-time student 3 (2.7%)

Full-time employment 37 (32.7%)

Part-time or self-employed 22 (19.5%)

Unemployed 22 (19.5%)

Retired 29 (25.7%)

Level of education

Secondary school 14 (12.4%)

Vocational/Trade /college qualification 29 (25.7%)

“A” level / “AS” levels 12 (10.6%)

Degree level qualification(s) or higher 58 (51.3%)

Mean EQ-5D-5L score (SD) 0.655 (0.264)

CKD stage

Stage IIIa/IIIb 71 (62.8%)

Stage IV 21 (18.9%)

Stage V 21 (18.9%)

Time since CKD diagnosis

<1 yr 9 (8.0%)

1–2 yr 14 (12.4%)

2–5 yr 21 (18.6%)

>5 yr 69 (61.1%)

Used any digital wearable devices to self-manage their condition

Yes 7 (6.2%)

No 106 (93.8%)

Confidence in managing own care

Strongly agree 43 (38.05%)

Agree 48 (42.48%)

Neither agree nor disagree 8 (7.08%)

Disagree 10 (8.85%)

Strongly disagree 4 (3.54%)

CKD, chronic kidney disease; SD, standard deviation.
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to consider the sample size along with other measures when choos-
ing the final model.

Class 1 accounted for 70 percent of the sample, and Class
2 accounted for 30 percent of the sample. The socio-demographic

characteristics used in the class membership function were not
statistically significant, indicating that none of the gender, age,
employment status or CKD stage significantly determined the
preference-class membership.

Focusing on the estimates for each attribute and their relative
magnitude in both latent classes, we see that appearance and format
are perceived to be themost important features of the digitalwearable
devices, as compared to engagement and information type a device
can offer, as well as the time requirement from patients.

The majority (Class-1) preferred to have a wearable digital
device, the minority (Class-2) preferred not to have it, as evident
from significant and negative coefficients on alternative specific
constants (asc). Despite this difference, both patient groups pre-
ferred a discreet wearable device, which uses numbers or texts and
presents only medical information. While the use of images was
favorable to the largest latent class, the smallest latent class did not
prefer them. As for the engagement style, both groups did not
indicate significant preferences, but looking at the coefficients, we
can say that all patients were leaning toward wearable devices
offering them options rather than telling them what to
do. Another difference between the two patient classes was about
the time they were prepared to spend. Whilst the large class was
indifferent, the small class was more favorable toward a device
requiring less than 30 min per day.

Overall, themajority of the patients preferred to have a wearable
device, which has a discreet appearance, non-audio features when
sharing information with users, and shares only medical informa-
tion. The remaining small group did not prefer to have a wearable
device. However, if they were using one, they preferred to have a
device with discreet appearance, utilizing only numbers and texts,
sharing only medical information, and requiring only up to 30 min
per day.

What are the most relevant purposes of wearable health
technology?

The survey asked participants to choose the top five potential
purposes of wearable health technology from a list of nine. The
most frequently selected relevant purposes were (i) help monitor or
track symptoms of condition between follow-up appointments,
(ii) help track their own progress and alert them at times when
they may need extra support, (iii) educate them with new know-
ledge or skills relevant to their condition, (iv) prevent relapse by
detecting warning signs that theymay havemissed, and (v)monitor
(and remind when necessary) whether or not they have done
specific tasks including following routines as part of care plan such
as taking medications. Managing the time and frequency of
appointments with people in the care team, sharing progress with
others, and alerting when extra support is needed were the lowest-
ranked relevant purpose of the wearable DHT.

Scenario analysis

We found that Scenario 1 had, on average, a 50 percent chance of
being selected and Scenario 2 has a 35 percent chance of being
chosen by patients. No-device option (Scenario 3) has a 15 percent
chance of being chosen by patient groups. This demonstration
highlights that the choice and adoption of a wearable digital device
is highly dependent on the weights patients put on the attributes of
these devices.

Considering the observed and unobserved heterogeneity, we
can further explain the choice predictions using the LC estimates,

Table 4. Results of the latent class model

Preference Class 1 Preference Class 2

Attribute level Coefficients (SE) Coefficients (SE)

Preference class proportions 70% 30%

Constants

Asc(left) 1.88 (0.27)*** �2.56 (0.44)***

Asc(right) 1.92 (0.28)*** �2.55 (0.45)***

Asc(sq) Reference

Appearance

Discreet 0.57 (0.13)*** 1.96 (0.35)***

Noticeable Reference

Format of the information it provides

Numbers 0.41 (0.16)** 0.69 (0.39)*

Text 0.34 (0.15)** 0.94 (0.37)**

Images/graphic 0.63 (0.16)*** 0.43 (0.40)

Audio Reference

How it engages with me

Tells me what to do �0.09 (0.10) �0.10 (0.23)

Offers me options Reference

Type of information it provides

Non-medical information �0.91 (0.10)*** �0.97 (0.24)***

Medical information Reference

How much time I need to spend

Up to 30 min/day 0.17 (0.11) 0.38 (0.22)*

30–60 min/day Reference

Class membership

Intercept 1.83 (0.60)*** Reference

Age (18–34 yr) (=1, yes) �0.27 (0.83)

Age (35–54 yr) (=1, yes) �0.64 (0.53)

Male (=1, yes) 0.04 (0.53)

Employed (=1, yes) �0.37 (0.50)

CKD stage (=1, stage 3) �0.71 (0.50)

Log-likelihood �930

R2 0.23

AIC 1,910

BIC 2,057

N(parameters) 24

N(observation) 1,130

***p < .01;
**p < .05;
*p < .10.
AIC, Akaike information criterion; ASC, alternative specific constant; BIC, Bayesian information
Criterion; SE, standard error.

6 Vijay S Gc et al.

https://doi.org/10.1017/S0266462322003233 Published online by Cambridge University Press

https://doi.org/10.1017/S0266462322003233


including the class membership covariates. According to these
choice probabilities, on average, we see that the largest latent class
(class-1, 70 percent) chooses scenario 1 with 54 percent probabil-
ity, scenario 2 with 43 percent probability, and a minimal likeli-
hood of choosing no device option. However, the latent class-2
seems to favor having a no-device (43 percent), followed by
scenarios 1 and 2.

Discussion

Over the past decade, there have been advances in technological
innovations of wearable DHT and the rise of consumer health
wearables (34;35). However, while these technologies can improve
the quality of care, can be adapted on a large scale and at a low cost
(36), their wider adoption remains hindered by acceptability,
usability, and cost-effectiveness (37). This research investigated
patients’ preferences for wearable DHTs that aim to help individ-
uals manage CKD.

The results provide insights into what generalizable character-
istics of wearable digital devices are more likely to be valued or
accepted by target users (in this study, people with CKD) and how
these preferences might differ for different patient groups. More
specifically, we found that, on average, participants preferred a
wearable DHT that is discreet, interacts with the user by providing
options, provides medical information related to the monitoring of
the condition and provides information in text, image or graphic
formats.

However, our econometric analysis showed preference hetero-
geneity, indicating the need for considering different versions of
wearable DHTs for different CKD patient groups. These initial
results indicate users’ preferences toward wearable DHTs, how
these differ between patient subgroups, and support the case for
designing the device functionalities to meet the requirements of
different subgroups of patients. The findings also provide insights
to technology developers in the healthcare technology sector on
how best to meet the needs of different CKD patients regarding
their conditions. Incorporating user preferences early in the
development pathway of DHT could help design targeted,
person-centered technologies and improve adherence and disease
management, facilitate shared decision-making, and lead health
innovations. With the recent global growth in mobile/digital
technology, involving patients earlier in adopting such technolo-
gies in healthcare can promote both clinical control and patient
self-management.

There is an emerging consensus that users (e.g., patients and
healthcare providers) should be involved at crucial decision points
in developing the medical product life cycle (38). Previous studies
mainly looked at the use and effectiveness of technology-enabled
interventions to support self-management of CKD (14;39), and
indicated a positive effect of such interventions on clinical out-
comes but did not consider patients’ perceptions and preferences
which are crucial aspects for improving adherence and uptake of
the resulting interventions. In their review, Jeddi et al. (14)
described the features of technology-based interventions to
improve CKD self-management but did not indicate what features
mattered the most to individuals with CKD. Moreover, patients’
preferences, perspectives, and values are often not included in
formal health technology assessment processes (40).

Our findings showed that CKD patients’ preferences toward
wearable DHTs differ between patient groups. In line with these
findings, a recent review by Lin and Hwang (41) showed that

different levels of engagement and eagerness are required for a
patient-centered approach to self-management support in CKD.
In other chronic conditions, such as chronic obstructive pulmonary
disease (COPD), a qualitative study on the use of wearables and
self-management apps in patients with COPD found that people
wanted tomaintain control of the information and connect with the
data (42). Involving patients (and informal carers) in the co-design
of wearable technology will be crucial to overcome potential bar-
riers for use and ensure that technology design and development
incorporates key components and/or features that may aid the self-
management of chronic conditions.

In our study, patients with CKD preferred a wearable DHT that
provides medical information as opposed to non-medical informa-
tion, such as lifestyle advice. It is possible that they preferred the
wearable DHT that provides disease-specific information in order
to be alerted when a possible exacerbation occurs and that they can
get non-medical information from other sources. In this regard,
Vosbergen et al. (43) used mixed methods (qualitative interviews
and online survey) using members of the general public to develop
tailored health education messages and elicited chronic heart dis-
ease patients’ preferences formultiplemessage features. They found
that patient-centered tailored messages using individual-based
methods produced a manageable set of tailored messages, leading
to increased patient engagement and improved processing of the
message’s content.

Furthermore, the majority (80 percent) of the respondents
agreed with the statement “I have the knowledge, skills, and con-
fidence to take an active role in managing my own care”, indicating
a certain degree of patient activation (44) and identifying the
patient as a good target for self-management support. An import-
ant question that emerges, as the self-management tasks become
more demanding, is the relationship between health literacy
(including digital health literacy), health awareness, and self-care
behaviors is complex (45). It has been found that limited health
literacy disproportionally affects people with CKD with low socio-
economic status and of non-white ethnicity (46); thus, healthcare
providers must be aware of the potential equity implications asso-
ciated with implementing a digital health-driven self-management
support intervention in this patient population.

To the best of our knowledge, this is the first study that looked at
CKD patients’ preferences to inform the development of a wearable
DHT, which has the main function of supporting people with
CKD to self-manage their condition. Inclusion of preference
exploration (qualitative) and elicitation (quantitative) methods
provide useful information for decision-making at different stages
of the medical product development lifecycle. We used a patient-
oriented approach to develop the DCE by involving patients and
members of the public. This approach contributes to greater trans-
parency, acceptability, and appropriateness of methods; and
increases participation in research (47).

Conducting choice surveys in the design phase of DHT raised a
number of methodological considerations. Given the early phase of
technology development, we used a pragmatic approach to estimate
the sample size for our online choice survey. The fact that we were
in an early stage of technology development meant that the attri-
butes included in the choice task scenarios had to be kept broad.
The list of attributes and levels can be refined further in the next
phase of developing our wearable DHT.

The survey was administered online, and data were collected
electronically. As it is typical with all online and offline surveys, it is
possible that participants self-selected themselves into the study,
whichmight cause the study results to be skewed toward this group.
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We see, for instance, that white female respondents were over-
represented compared to the distribution of the general population
of people with CKD in the UK. Increasing our sample’s size and
diversity would help us further investigate preference heterogen-
eity; and the association between class membership, individual’
socio-economic characteristics (e.g., age, gender, and employment
status), and disease severity.

Conclusion

The development of wearable DHTs to support people’s self-
management of their condition must take into account their pref-
erences to facilitate a move away from one-size-fits-all provisions.
This will likely result in population health gains. Although this
study focuses on designing and developing a specific technology in
self-management for CKD, our research methodology is general-
izable to inform and support the provision of nuanced person-
centered products and services across a range of different health
technologies and chronic conditions.

Supplementary material. To view supplementary material for this article,
please visit https://doi.org/10.1017/S0266462322003233.
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