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Abstract

Digital health technologies such as smartphones and wearable devices promise to revolutionize disease prevention, detection, and
treatment. Recently, there has been a surge of digital health studies where data is collected through a Bring-Your-Own-Device
(BYOD) approach, in which participants who already own a specific technology may voluntarily sign up for the study and
provide their digital health data. BYOD study design accelerates the collection of data on a larger number of participants than
cohort design because researchers are not limited in the study population size based on the number of devices afforded by their
budget. However, the BYOD study design may not support collecting data from a representative random sample of the target
population where digital health technologies are intended to be deployed. This may result in biased study results and biased
downstream technology development. In this viewpoint, we describe demographic imbalances discovered in existing BYOD
studies, including our own, and we propose a Demographic Improvement Guideline to offset these imbalances.
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Demographic Imbalances Resulting from Bring-Your-Own-Device Study
Design 

Abstract

Digital  health  technologies  such  as  smartphones  and  wearable  devices  promise  to  revolutionize
disease prevention, detection, and treatment. Recently, there has been a surge of digital health studies
where data is collected through a Bring-Your-Own-Device (BYOD) approach, in which participants
who already own a specific technology may voluntarily sign up for the study and provide their digital
health data. BYOD study design accelerates the collection of data on a larger number of participants
than cohort design because researchers are not limited in the study population size based on the
number of devices afforded by their budget or the number of people familiar with the technology.
However, the BYOD study design  may not support collecting data from a representative random
sample of the target population where digital health technologies are intended to be deployed. This
may result in biased study results and biased downstream technology development, as has occurred
in other fields. In this viewpoint, we describe demographic imbalances discovered in existing BYOD
studies, including our own, and we propose a Demographic Improvement Guideline to address these
imbalances. 
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bring-your-own-device; wearable device; mHealth

Introduction

Digital  health  tools,  including  mobile  health  (mHealth)  and  wearable  devices,  can  provide
researchers with high-frequency data that is more representative of a person’s health state during
their daily life than what can be collected in a clinical setting  [1], [2]. The enormous benefits of
acquiring data outside of the clinic have led researchers to adopt new study designs to incorporate
digital health data collection tools. Digital biomarkers are a type of biomarker that is developed from
digitally  collected  data,  such  as  wearable  devices  and  smartphones,  to  evaluate  functions  and
processes  in  the  body  and  that  can  typically  be  recorded  outside  of  a  lab  setting  to  provide
continuous and more holistic information [3]. In particular, the “Bring-Your-Own Device” (BYOD)
study design has become increasingly popular because it gives researchers the ability to collect large
scale  data  at  a  low cost from participants  who already own personal  electronic devices such as
smartphones and wearable devices. During the SARS-CoV-2 (COVID-19) pandemic, there has been
a growing interest in using digital health data to track illness, either for COVID-19 detection or to
support telemedicine [4]–[6]. To process all this data, artificial intelligence (AI) or machine learning
(ML)  algorithms are developed to detect health conditions by learning from previously collected
data. 

ML algorithms  rely  on  data  to  train  models  and  are  susceptible  to  biases  that  result  in  poor
predictions for segments of the population if the training data are not representative of the population
where the model is intended to be used [7]. Therefore, one key aspect of ML is the data collection
process,  whereby  researchers  identify  the  target  population  and  select  a  representative,  random
sample of the population from which to collect unbiased data  [8]. BYOD studies are particularly
susceptible to bias in the data collection process because the recruitment pool is limited to people
who already own a device, and this population is generally not the only population where the tools
are  ultimately  intended  to  be  used  in  practice.  In  BYOD  studies,  a  non-representative  study
population excludes key socioeconomic and physiologic circumstances that can co-vary with race
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and/or  ethnicity.  For  example,  disease  prevalence  and  pathophysiology  often  vary  by  race  and
ethnicity (e.g., COVID-19 infection and mortality rates [9]–[11], manifestation of metabolic disease
[12]–[14], cardiovascular disease[15], [16], and sleep irregularities  [17], [18]) which can result in
differences in how the newly developed technologies will perform. As a specific example, optical
sensors to measure blood oxygen saturation may fail in people with more melanin and for people
with  sickle  cell  trait  [19]–[21],  both  characteristics  common  in  Black  populations,  for  two
completely separate reasons. To address such problems, representative digital health data are needed
for building generalizable ML models that are as accurate under deployment as they are in the initial
testing phase. Like other fields which have discovered that bias in data used to train models has led
to biased models, we fear that digital health will face similar challenges if the bias inherent in BYOD
studies is left unaddressed [22], [23]. In this viewpoint, we seek to raise awareness of demographic
imbalances in several BYOD studies and propose a guideline based on our own BYOD case study to
directly improve the demographic balance of BYOD digital health studies. 

Demographic Imbalances in Existing BYOD Studies

BYOD is a  term used to describe studies in which participants contribute data from self-owned
personal electronic devices. We collected a sample of BYOD studies using multiple search terms on
PubMed and Web of  Science,  including “bring your  own device”,  “(consumer)  wearable device
study”, “remote mobile study”, and “mHealth”, and performed manual review and filtering which
generated 15 relevant studies. Although we note that this is not a systematic approach to compiling
all  published  BYOD  studies,  and  we  acknowledge  the  potential  to  overlook  studies  that  have
successfully  recruited a representative study population,  here we demonstrate that many existing
BYOD studies have gender and race imbalances when compared to the broader U.S. demographic.
Of the 15 studies identified, four did not report any demographics on ethnicity or race, and none of
the remaining 11 studies achieved participant demographic proportions representative of the overall
US demographics (Supplementary Table 1).

One of the most preeminent BYOD studies is a sub-study of the US National Institute of Health’s All
of Us research initiative [24]. In this sub-study, wearable device data was collected from participants
owning Fitbit devices between 2008 and 2019 who consented to share their data. More than 80% of
participants  in  the overarching All  of Us study are from historically  underrepresented groups in
biomedical  research.  As  a  strong  juxtaposition,  70% of  the  participants  identify  as  white  non-
Hispanic in the All of Us BYOD sub-study, while only 4% and 3% identify as Black and Asian,
respectively (Figure 1). The ethnicity distribution tells a similar story with over 90% identifying as
not Hispanic or Latino and only 6% as Hispanic or Latino. Even in this diverse, large-scale study that
had  specifically  targeted  recruitment  toward  underrepresented  groups,  equitable  demographic
representation was limited by the BYOD study design. 

Similar to other BYOD studies, we discovered demographic imbalances in our own CovIdentify
study. The unique circumstances of the evolving COVID-19 pandemic led to a rapid launch of our
study, where we aimed to develop an intelligent testing strategy using digital biomarkers extracted
from personally owned commercial wearable devices under resource-constrained conditions (limited
testing, rural areas, etc.). However, after our rapid study launch, we found that the communities most
vulnerable to COVID-19 [9], [25] were not well-represented in our study. 

To mitigate this demographic imbalance and to ensure the inclusion of participants from underserved
communities, we developed a Demographic Improvement Guideline and correspondingly altered our
recruitment  process.  Although we developed this  guideline retrospectively after  the discovery of
demographic imbalances in our study, we are calling for future research to take proactive measures
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during the BYOD study design as well as responsive measures during participant recruitment and
retention efforts. Many BYOD studies acknowledge demographic imbalance as a limitation, and we
believe a concerted effort is needed to enact change to reduce bias in digital health data used in
research. 

Demographic Improvement Guideline

The goal of BYOD studies is to develop new device-based technologies and interventions to improve
the health or well-being of populations. In order for these interventions to be fit-for-purpose, the
research and development should include the populations where the technologies will ultimately be
used or their exclusion should be well-justified and not introduce bias or harm. There may be cases
where demographic imbalances (i.e., sampling bias) would not be problematic in a BYOD study, for
example, if both 1) the manifestation of the disease as measured by the wearable device does not
differ across race, ethnicity, or age, and 2) the technology works the same for all people across the
entire population. In such cases, the researcher would not need to focus efforts and resources on
obtaining a representative demographic distribution in the study population.

However,  it  is  known that  1)  most  diseases  do  not  manifest  in  the  same  way  across  different
demographics, and 2) smart devices do not work equally well or are not equally accessible across all
demographics.  As  such,  we  cannot  conclude  that  a  biased  sampling  strategy  is  generally  an
appropriate choice. There will certainly be exceptions where the study population is appropriately
focused on a certain group (e.g., only including females in pregnancy-related studies), which can be
achieved by applying inclusion and exclusion criteria for study participation. In this case, before a
biased sampling strategy is chosen, the researcher is obligated to prove the null for differences in
disease manifestation and device function between the biased sample and the population where the
technology is intended to be used.  We purport  that this step is often an even larger barrier  than
designing an equitably sampled study population. Next, we describe two concrete examples of times
when equitable sampling was not prioritized and resulted in incorrect study conclusions.

The first condition for considering sampling bias is when domain knowledge from a field gives  a
priori indication that disease prevalence and pathophysiology may vary by race and/or ethnicity, e.g.,
COVID-19  infection  and  mortality  rates,  metabolic  disease,  cardiovascular  disease,  sleep
disturbances, etc.,[9]–[18]. Coronary artery disease (CAD) is a historical example of the unintended
and harmful effects that biased study populations can have on study conclusions: most early CAD
studies consisted of homogenous male populations, and as a result, differences in symptoms for men
and women were not  discovered until  follow-up studies  included female  populations  [26],  [27].
Often there is insufficient  a priori knowledge of differences in disease manifestation across age,
gender,  race,  ethnicity,  etc.  As  a  result,  the  effect  of  biased  sampling  on  study  conclusions  is
frequently  unknown.  Furthermore,  data  quality  and  sampling  often  vary  across  demographics,
particularly in mobile and wearable device studies, which further complicates determining the most
appropriate sampling method. For example, adults over aged 50 have lower use of wearable devices,
which range from commercial wearable devices to more sophisticated health monitoring devices,
than adults aged 18 and 34. Young, healthy, and more educated individuals are more likely to own
wearable devices [28].
 
The second condition for considering sampling bias is when the technology used for data collection
has not been validated systematically, i.e., it has either not reported demographic distributions of the
test population or has uncertainty in its measurements. For example, a study published last year in
the New England Journal of Medicine compared values of blood oxygen saturation in occult hypoxia
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measured  via  pulse  oximetry  versus  arterial  oxygen  saturation  in  arterial  blood  gas,  the  gold
standard, to determine the validity of the pulse oximetry measurements  [19]. The study obtained
nearly 50,000 pairs of measurements from more than 8,000 white patients and 1,000 Black patients.
The frequency of  occult  hypoxia  detection  via  pulse oximetry  was three  times  lower for  Black
patients than white patients. Given the prevalent use of pulse oximetry in medical decision making,
the implication of sensors reporting varying results based on an individual's skin tone is concerning.
The study points to the need for manufacturers of optical heart rate and blood oxygen saturation
sensors to disclose the demographic distribution of the populations that were used to test the sensors.
Since the primary sensor on most of the wrist-worn commercial wearable devices (e.g., Apple Watch,
Fitbit, Garmin, etc.) relies on a similar optical sensor, ensuring that the measurements are accurate
for  anyone  who  wears  the  device  is  crucial.  Because  the  performance  of  technology  across
demographic  characteristics  is  not  systematically  evaluated  and  published  for  most  commercial
wearable  devices,  the  technology  and  models  derived  from  it  may  fail  to  generalize  across
demographic characteristics [29], [30]. 
 
This guideline is  relevant to studies in which sampling bias resulting in demographic imbalance
could challenge the validity and generalizability of a BYOD study’s conclusions. The method can be
implemented iteratively in the study design and execution process, and includes the following steps:

(1) Identify the population(s) at risk of being omitted from the study for whom the technology
may ultimately be used and determine if BYOD study design is appropriate for the research
question

(2) If the BYOD study design is insufficient for addressing issues associated with demographic
imbalance,  modify  the  study  design  using  internal  and  external  resources  to  improve
dissemination of information and improve engagement with the target population(s) 

(3) Launch study and monitor  study demographics in  real  time to adjust  downstream efforts
accordingly

Identify Populations of Interest 

 
To identify the populations that are at risk of being omitted, a literature review can reveal a baseline
expectation of demographic distributions from prior studies using similar devices and advertisement
strategies. To support this, it is necessary for publication venues and funding agencies to require
detailed demographic reporting of BYOD studies. In addition to the proactive measures mentioned
above,  researchers  should  conduct  early  and  ongoing  systematic  analyses  of  their  study
demographics and iteratively adapt their strategies accordingly. 

Modify Study Design

Capabilities to disseminate information, provide physical resources, and improve engagement with
the target population can be assessed and developed internally and externally. Internal resources may
involve organizations within the research institution that have experience recruiting underrepresented
populations  or  have  ties  with  the  underrepresented  groups.  Another  internal  approach  may  be
choosing the devices to be included in the study, considering whether these devices have widespread
use in the underrepresented groups, and augmenting/utilizing capabilities of available devices (e.g.,
utilizing  sensors  of  more  widely  available  smartphones  to  capture  physiology  and  activity
characteristics  instead  of  consumer  wearables)  [31].  External  resources  may include  community
groups  that  are  representative  of  the  target  population,  government and  non-governmental
organizations that work with the underrepresented communities, or donors who can donate devices
that  can  be  distributed  to  the  target  population.  Other  external  resources  may  include  clinician
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referral,  which can help establish trust with the target population and improve retention of study
participants [32].

For national or international studies, researchers can partner with nation-wide organizations and/or
launch social media advertising campaigns [33]–[35]. For regional studies, researchers can connect
with  institutional  and  local  resources  to  learn  about  and  connect  with  community  groups.
Researchers may recruit a liaison to aid in establishing partnerships with external organizations and
establish a community advisory board to interact directly with community groups to contribute to the
study design and advocate for participation in the study. 

One  existing  challenge  is  a  dearth  of  funding  to  support  equitable  digital  health  study  design,
including the purchase of personal electronic devices such as wearables and smartphones. Funders
should be aware of this challenge and develop funding opportunities to support equitable digital
health research. Given that acquiring funding is a well-known challenge, there are methods by which
researchers can alter study design to reduce costs. This can include altering the study to follow a
subset  of  the  study  population  based  on  specific  cases  and  controls.  One  method  is  the
implementation  of  a  randomized  withdrawal  design  where  participants  who  are  inactive  at  the
beginning of the study are excluded so that participants who are active are presented in the actual
randomized study [36]. This could limit the number of participants researchers need to follow up on
and provide a more robust dataset but may also skew demographics. Another challenge is to ensure
that the distributed devices are used as intended, given that they require a certain level of digital
literacy and need to be consistently worn and charged over time. As such, participant compensation
amount and timing, and wear tracking should be included as considerations in the study design and
should be supported by funding agencies [37].

Launch and Reassess Study Population 

After study modifications, the study is ready for deployment. Depending on the funding received and
study design changes, the resulting study may be a hybrid study where devices are provided for the
target population. During this launch phase, researchers should regularly assess their demographic
distributions  to  determine  whether  their  strategy  is  effective.  If  the  strategy  is  not  effective,
researchers can re-strategize with their internal and external community partners and identify aspects
of the study that may be deterring participant engagement or recruitment. Finally, study teams should
continue to engage with the study population after the end of the study to convey findings and future
opportunities for participation in research.

A  Case  Study  on  Practically  Implementing  the  Demographic  Improvement
Guideline

The following subsections provide details about the responsive implementation of the Demographic
Improvement Guideline after the launch of the CovIdentify study (Institutional Review Board# 2020-
0412). The study aimed to develop machine learning algorithms to detect COVID-19 and influenza
from wearable device data, with a long-term vision of developing an intelligent diagnostic testing
strategy using digital  biomarkers  extracted from personally owned commercial  wearable devices
under resource-constrained conditions (limited testing, rural areas, etc.). In April 2020 CovIdentify
began enrolling participants.  Following informed consent,  participants contributed their  wearable
device data (e.g., Fitbit, Garmin, and Apple Watch) and reported daily symptoms for 12 months via a
downloadable app, e-mail, or text message. 
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Identify

Following  the  rapid  launch,  exploratory  data  analysis  revealed  major  differences  between
CovIdentify demographics and the demographics of COVID-19 positive cases and deaths in the U.S.
[31], as well as overall U.S. demographics based on the 2020 U.S. Census. The communities hardest
hit  by  the  COVID-19  pandemic,  including  Black/African  American  and  Hispanic/Latinx
communities, also had the lowest representation (Figure 2) [9], [38], [39].

Modify

To address this imbalance, we designed the demographic improvement guideline mitigation strategy
in partnership with Duke’s Clinical and Translational Science Institute (CTSI), an NIH-funded center
that connects researchers with local community partners and improves the reach and efficacy of
research [40]. We piloted this method in the Durham, NC community from June through October of
2020. The CTSI facilitated connections between our research team and local community and faith
leaders, including groups to address COVID-19-related health disparities affecting the Latinx and
African  American  communities.  This  engagement  enabled  our  team  to  learn  directly  from
community members, researchers, and healthcare professionals to improve our advertisement and
recruitment strategies to 1) increase awareness about the study, and 2) distribute wearables devices
donated to our study and purchased through research funding. To expand awareness of the study, our
team presented to community groups on the advantages of continuous health monitoring, the uses of
participant information in this study, and imbalances in our current study population that would make
it difficult for our team to develop generalizable study findings. We also recruited a liaison to the
Latinx community, translated our website to four additional languages, ran multilingual social media
advertisements featuring diverse images and videos, and posted messages about the study on various
social media platforms. 

Launch and Reassess Study Population

To support the purchase of devices and social media advertising campaigns, we applied to nearly 30
funding opportunities from government, non-profit, and industry sources. We were awarded a Duke
Bass  Connections  Fellowship,  a  North  Carolina  Biotechnology  Institute  grant,  and  a  Duke
MEDx/CTSI  award  that  enabled  us  to  purchase  65  wearable  devices  for  distribution.  We  also
received a donation of 300 additional devices from a previously completed study. We attended 12
community events, including food and medication distribution events for low-income members of
the Durham community, and distributed 250 free wearable devices in a socially distant manner to
ensure safety during the COVID-19 pandemic.  It  should be noted that this was a hybrid BYOD
design because participants were still required to own a smart phone to connect their wearable to the
study. We also worked with wearables companies to set up reduced device pricing with a direct link
from our study’s main webpage to improve accessibility. Together, these efforts resulted in a 250%
increase in the representation of Black/African American participants and a 49% increase in the
Latinx/Hispanic population within 4 months of the implementation of the guideline (Figure 2). 

Discussion

In  this  viewpoint,  we  discuss  the  need  for  digital  health  studies  to  sample  from  populations
representative of the target population to ensure equitable performance of predictive or machine-
learning models. We explore demographic imbalances in BYOD studies and propose a Demographic
Improvement  Guideline  to  address  these  imbalances  with  an  implementation  example from the
CovIdentify study.  We believe  that  future efforts  and funding in  this  space  can further  improve
equitable digital health study design and data collection. Further, we recommend that researchers
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carefully consider the financial incentives and personal motivations provided to the participant by the
study to identify driving factors for participation and engagement. 

By developing the Demographic Improvement Guideline, we aim to facilitate improvement of future
BYOD study design through fostering relationships and trust with local community groups. These
methods are not limited to BYOD studies only. We can translate these methods to non-BYOD studies
as well. In addition, we believe that implementing existing community-based engagement methods,
such  as  training  recruiters  and  providing  face-to-face  screening,  can  improve  both  recruitment
methods and adherence to  studies  [41]–[44].  We also emphasize the need for  increased funding
opportunities in this area to enable the development of equitable algorithms and models that are
representative of all individuals. 

One limitation of the Demographic Improvement Guideline was the condition under which it was
developed. While the guideline is a proactive recommendation, the implementation within our case
study was retrospective  to  our  findings.  Therefore,  shifts  in  our  study design,  such as  donating
commercial  wearable devices to underrepresented groups have resulted in a non-BYOD (hybrid)
study. Furthermore, due to the evolving nature of the pandemic and the resulting rapid launch of the
CovIdentify study, factors mentioned in the guideline may not be applicable to all study designs.
Here,  we intend to  present  the  guideline  as  one  unique  potential  solution  of  the  many possible
solutions  to address demographic imbalances in BYOD studies.  This  experience underscores the
importance of addressing potential demographic inequities prior to BYOD study launch. 

Acknowledgements

This research was supported by the Bass Connections Fellowship, the Duke-Robert J. Margolis, MD,
Center  for  Health  Policy  at  Duke  University,  MEDx,  NC  Biotech  awards,  and  Duke  Clinical
Translational  Science  Institute  Community  Engaged  Research  Initiative.  We  would  like  to
acknowledge  Rosa Gonzalez-Guarda,  Leonor Corsino, Sabrena Mervin-Blake,  Nicholas Eberlein,
Jamie  Roberts,  and Kelly  Keefe.  Support  was  also  provided,  in  part,  by  the  Duke Clinical  and
Translational  Science  Institute  by  a  US National  Institutes  of  Health  Clinical  and  Translational
Science Award (grant number UL1TR002553).

Abbreviations

AI: artificial intelligence
BYOD: Bring-Your-Own-Device
mHealth: mobile health
ML: machine learning

Multimedia Appendix 1

Supplementary Table 1. Race and Ethnicity Breakdown from BYOD studies

Multimedia Appendix 2

Supplementary Table 2. Sex and Race/Ethnicity Reported by Various BYOD Studies, Census, and
National Vital Statistics System

Multimedia Appendix 3

Supplementary Table 3.  Wearable Device Ownership by Race or Ethnicity for CovIdentify Case
Study

https://preprints.jmir.org/preprint/29510 [unpublished, peer-reviewed preprint]



JMIR Preprints Cho et al

Multimedia Appendix 4

Supplementary Table 4. Wearable Device Ownership of iPhone (iOS) Users by Race or Ethnicity for
CovIdentify Case Study

References:

[1] B. W. Nelson, C. A. Low, N. Jacobson, P. Areán, J. Torous, and N. B. Allen, “Guidelines for
wrist-worn consumer wearable assessment of heart rate in biobehavioral research,” npj Digital
Medicine, vol. 3, no. 1, Art. no. 1, Jun. 2020, doi: 10.1038/s41746-020-0297-4.

[2] J.  Dunn  et  al.,  “Wearable  sensors  enable  personalized  predictions  of  clinical  laboratory
measurements,” Nat Med, vol. 27, no. 6, pp. 1105–1112, Jun. 2021, doi: 10.1038/s41591-021-
01339-0.

[3] A. Coravos, S. Khozin, and K. D. Mandl, “Developing and adopting safe and effective digital
biomarkers  to  improve  patient  outcomes,”  NPJ  Digit  Med,  vol.  2,  Mar.  2019,  doi:
10.1038/s41746-019-0090-4.

[4] D. C. Baumgart,  “Digital  advantage in the COVID-19 response: perspective from Canada’s
largest integrated digitalized healthcare system,” npj Digital Medicine, vol. 3, no. 1, Art. no. 1,
Aug. 2020, doi: 10.1038/s41746-020-00326-y.

[5] X.  Li  et  al.,  “Digital  Health:  Tracking Physiomes and Activity  Using Wearable  Biosensors
Reveals Useful Health-Related Information,”  PLOS Biology, vol. 15, no. 1, p. e2001402, Jan.
2017, doi: 10.1371/journal.pbio.2001402.

[6] J. M. Radin, N. E. Wineinger, E. J. Topol, and S. R. Steinhubl, “Harnessing wearable device
data  to  improve  state-level  real-time  surveillance  of  influenza-like  illness  in  the  USA:  a
population-based study,” The Lancet Digital Health, vol. 2, no. 2, pp. e85–e93, Feb. 2020, doi:
10.1016/S2589-7500(19)30222-5.

[7] T. Panch, H. Mattie, and R. Atun, “Artificial intelligence and algorithmic bias: implications for
health systems,” J Glob Health, vol. 9, no. 2, doi: 10.7189/jogh.09.020318.

[8] J. K. Paulus and D. M. Kent, “Predictably unequal: understanding and addressing concerns that
algorithmic clinical prediction may increase health disparities,” npj Digital Medicine, vol. 3, no.
1, Art. no. 1, Jul. 2020, doi: 10.1038/s41746-020-0304-9.

[9] CDC, “Coronavirus Disease 2019 (COVID-19),” Centers for Disease Control and Prevention,
Feb.  11,  2020.  https://www.cdc.gov/coronavirus/2019-ncov/index.html  (accessed  Jun.  14,
2020).

[10] D. M. Gray, A. Anyane-Yeboa, S. Balzora, R. B. Issaka, and F. P. May, “COVID-19 and the
other  pandemic:  populations  made  vulnerable  by  systemic  inequity,”  Nature  Reviews
Gastroenterology & Hepatology, vol. 17, no. 9, Art. no. 9, Sep. 2020, doi: 10.1038/s41575-020-
0330-8.

[11] M. Shah, M. Sachdeva, and R. P. Dodiuk-Gad, “COVID-19 and racial disparities,” J Am Acad
Dermatol, vol. 83, no. 1, p. e35, Jul. 2020, doi: 10.1016/j.jaad.2020.04.046.

[12] M.  E.  Lacy  et  al.,  “Association  of  Sickle  Cell  Trait  With  Hemoglobin  A1c  in  African
Americans,” JAMA, vol. 317, no. 5, pp. 507–515, Feb. 2017, doi: 10.1001/jama.2016.21035.

[13] D. C. Ziemer et al., “Glucose-independent, black-white differences in hemoglobin A1c levels: a
cross-sectional analysis of 2 studies,” Ann Intern Med, vol. 152, no. 12, pp. 770–777, Jun. 2010,
doi: 10.7326/0003-4819-152-12-201006150-00004.

[14] E. Wheeler  et al.,  “Impact of common genetic determinants of Hemoglobin A1c on type 2
diabetes risk and diagnosis in ancestrally diverse populations: A transethnic genome-wide meta-
analysis,”  PLoS  Med,  vol.  14,  no.  9,  p.  e1002383,  Sep.  2017,  doi:
10.1371/journal.pmed.1002383.

[15] A. Gu, Y. Yue, R. P. Desai, and E. Argulian, “Racial and Ethnic Differences in Antihypertensive

https://preprints.jmir.org/preprint/29510 [unpublished, peer-reviewed preprint]



JMIR Preprints Cho et al

Medication  Use  and  Blood  Pressure  Control  Among  US  Adults  With  Hypertension,”
Circulation: Cardiovascular Quality and Outcomes, vol. 10, no. 1, p. e003166, Jan. 2017, doi:
10.1161/CIRCOUTCOMES.116.003166.

[16] S. S.  Virani  et  al.,  “Heart  Disease and Stroke Statistics—2020 Update:  A Report  From the
American Heart  Association,”  Circulation,  vol.  141,  no.  9,  pp.  e139–e596,  Mar.  2020, doi:
10.1161/CIR.0000000000000757.

[17] V. K. Chattu, S. K. Chattu, D. W. Spence, M. D. Manzar, D. Burman, and S. R. Pandi-Perumal,
“Do  Disparities  in  Sleep  Duration  Among  Racial  and  Ethnic  Minorities  Contribute  to
Differences in Disease Prevalence?,” J Racial Ethn Health Disparities, vol. 6, no. 6, pp. 1053–
1061, Dec. 2019, doi: 10.1007/s40615-019-00607-7.

[18] X. Chen  et al., “Racial/Ethnic Differences in Sleep Disturbances: The Multi-Ethnic Study of
Atherosclerosis  (MESA),”  Sleep,  vol.  38,  no.  6,  pp.  877–888,  Jun.  2015,  doi:
10.5665/sleep.4732.

[19] M. W. Sjoding, R. P. Dickson, T. J. Iwashyna, S. E. Gay, and T. S. Valley, “Racial Bias in Pulse
Oximetry Measurement,” New England Journal of Medicine, vol. 383, no. 25, pp. 2477–2478,
Dec. 2020, doi: 10.1056/NEJMc2029240.

[20] B. Bent, B. A. Goldstein, W. A. Kibbe, and J. P. Dunn, “Investigating sources of inaccuracy in
wearable optical heart rate sensors,” npj Digital Medicine, vol. 3, no. 1, Art. no. 1, Feb. 2020,
doi: 10.1038/s41746-020-0226-6.

[21] C. J. Blaisdell, S. Goodman, K. Clark, J. F. Casella, and G. M. Loughlin, “Pulse Oximetry Is a
Poor  Predictor  of  Hypoxemia  in  Stable  Children  With  Sickle  Cell  Disease,”  Arch  Pediatr
Adolesc Med, vol. 154, no. 9, p. 900, Sep. 2000, doi: 10.1001/archpedi.154.9.900.

[22] T.  Panch,  P.  Szolovits,  and  R.  Atun,  “Artificial  intelligence,  machine  learning  and  health
systems,”  Journal  of  Global  Health,  vol.  8,  no.  2,  p.  020303,  Dec.  2018,  doi:
10.7189/jogh.08.020303.

[23] I. Sim, “Mobile Devices and Health,” New England Journal of Medicine, vol. 381, no. 10, pp.
956–968, Sep. 2019, doi: 10.1056/NEJMra1806949.

[24] “All of Us Research Program Expands Data Collection Efforts with Fitbit,” National Institutes
of  Health  (NIH)  —  All  of  Us,  Aug.  20,  2020.
https://allofus.nih.gov/news-events-and-media/announcements/all-us-research-program-
expands-data-collection-efforts-fitbit (accessed Mar. 23, 2021).

[25] CDC, “COVID-19 in Racial and Ethnic Minority Groups,”  Centers for Disease Control and
Prevention, Feb. 11, 2020. https://www.cdc.gov/coronavirus/2019-ncov/need-extra-precautions/
racial-ethnic-minorities.html (accessed Jun. 14, 2020).

[26] A. H. E. M. Maas and Y. E. A. Appelman, “Gender differences in coronary heart disease,” Neth
Heart J, vol. 18, no. 12, pp. 598–602, Dec. 2010.

[27] “Gender differences in the presentation and symptoms of coronary artery disease - PubMed.”
https://pubmed.ncbi.nlm.nih.gov/12116600/ (accessed Oct. 21, 2021).

[28] R. Chandrasekaran, V. Katthula, and E. Moustakas, “Patterns of Use and Key Predictors for the
Use of Wearable Health Care Devices by US Adults: Insights from a National Survey,” J Med
Internet Res, vol. 22, no. 10, p. e22443, Oct. 2020, doi: 10.2196/22443.

[29] J.  C.  Goldsack  et  al.,  “Verification,  analytical  validation,  and  clinical  validation  (V3):  the
foundation of determining fit-for-purpose for Biometric Monitoring Technologies (BioMeTs),”
npj Digital Medicine, vol. 3, no. 1, Art. no. 1, Apr. 2020, doi: 10.1038/s41746-020-0260-4.

[30] B. Bent, B. A. Goldstein, W. A. Kibbe, and J. P. Dunn, “Investigating sources of inaccuracy in
wearable optical heart rate sensors,” npj Digital Medicine, vol. 3, no. 1, Art. no. 1, Feb. 2020,
doi: 10.1038/s41746-020-0226-6.

[31] T. Althoff, R. Sosič, J. L. Hicks, A. C. King, S. L. Delp, and J. Leskovec, “Large-scale physical
activity data reveal worldwide activity inequality,” Nature, vol. 547, no. 7663, pp. 336–339, Jul.
2017, doi: 10.1038/nature23018.

https://preprints.jmir.org/preprint/29510 [unpublished, peer-reviewed preprint]



JMIR Preprints Cho et al

[32] C. Funk, C. Johnson, and M. Hefferon, “5 key findings about public trust in scientists in the
U.S.,”  Pew  Research  Center.  https://www.pewresearch.org/fact-tank/2019/08/05/5-key-
findings-about-public-trust-in-scientists-in-the-u-s/ (accessed Oct. 21, 2021).

[33] B. Watson, D. H. Z. Robinson, L. Harker, and K. R. J. Arriola,  “The Inclusion of African-
American Study Participants in Web-Based Research Studies: Viewpoint,” J Med Internet Res,
vol. 18, no. 6, p. e168, Jun. 2016, doi: 10.2196/jmir.5486.

[34] B.  Lohse,  “Facebook  Is  an  Effective  Strategy  to  Recruit  Low-income  Women  to  Online
Nutrition Education,” Journal of Nutrition Education and Behavior, vol. 45, no. 1, pp. 69–76,
Jan. 2013, doi: 10.1016/j.jneb.2012.06.006.

[35] “NHANES  -  Participants  -  Why  I  was  selected,”  Jun.  07,  2021.
https://www.cdc.gov/nchs/nhanes/participant/participant-selected.htm (accessed Jul. 12, 2021).

[36] A. Pablos-Méndez, R. G. Barr, and S. Shea, “Run-in Periods in Randomized TrialsImplications
for the Application of Results in Clinical Practice,”  JAMA, vol. 279, no. 3, pp. 222–225, Jan.
1998, doi: 10.1001/jama.279.3.222.

[37] N. Dickert and C. Grady, “What’s the Price of a Research Subject? Approaches to Payment for
Research  Participation,”  http://dx.doi.org/10.1056/NEJM199907153410312,  Oct.  21,  2008.
https://www.nejm.org/doi/10.1056/NEJM199907153410312 (accessed Oct. 21, 2021).

[38] “Deaths involving coronavirus disease 2019 (COVID-19) by race and Hispanic origin group
and  age,  by  state  |  Data  |  Centers  for  Disease  Control  and  Prevention.”
https://data.cdc.gov/w/ks3g-spdg/tdwk-ruhb?cur=i5ViW9i5uLW&from=iTBz4AXWaWh
(accessed Mar. 23, 2021).

[39] “U.S. Census Bureau QuickFacts: United States.” https://www.census.gov/quickfacts/fact/table/
US/RHI125219 (accessed Jul. 15, 2020).

[40] “Duke  Clinical  &  Translational  Science  Institute.”
https://ctsi.duke.edu/what-we-do/community-engagement (accessed Feb. 25, 2021).

[41] K.  Baca-Motes  et  al.,  “Digital  recruitment  and  enrollment  in  a  remote  nationwide  trial  of
screening for undiagnosed atrial fibrillation: Lessons from the randomized, controlled mSToPS
trial,” Contemp Clin Trials Commun, vol. 14, Jan. 2019, doi: 10.1016/j.conctc.2019.100318.

[42] Y. Liu, E. Pencheon, R. M. Hunter, J. Moncrieff, and N. Freemantle, “Recruitment and retention
strategies in mental health trials – A systematic review,” PLoS One, vol. 13, no. 8, p. e0203127,
Aug. 2018, doi: 10.1371/journal.pone.0203127.

[43] J. Topolovec-Vranic and K. Natarajan, “The Use of Social Media in Recruitment for Medical
Research Studies: A Scoping Review,” J Med Internet Res, vol. 18, no. 11, p. e286, Nov. 2016,
doi: 10.2196/jmir.5698.

[44] S. Treweek et al., “Strategies to improve recruitment to randomised trials,” Cochrane Database
Syst Rev, vol. 2018, no. 2, p. MR000013, Feb. 2018, doi: 10.1002/14651858.MR000013.pub6.

[45] N. L. Spartano  et al., “Comparison of On-Site Versus Remote Mobile Device Support in the
Framingham Heart Study Using the Health eHeart Study for Digital Follow-up: Randomized
Pilot Study Set Within an Observational Study Design,” JMIR Mhealth Uhealth, vol. 7, no. 9,
Sep. 2019, doi: 10.2196/13238.

[46] B.  L.  Smarr  et  al.,  “Feasibility  of  continuous  fever  monitoring  using  wearable  devices,”
Scientific Reports, vol. 10, no. 1, Art. no. 1, Dec. 2020, doi: 10.1038/s41598-020-78355-6.

[47] R. Robbins, M. Affouf, A. Seixas, L. Beaugris, G. Avirappattu, and G. Jean-Louis, “Four-Year
Trends in Sleep Duration and Quality: A Longitudinal Study Using Data from a Commercially
Available Sleep Tracker,” J Med Internet Res, vol. 22, no. 2, Feb. 2020, doi: 10.2196/14735.

[48] S.  G.  Hershman  et  al.,  “Physical  activity,  sleep  and cardiovascular  health  data  for  50,000
individuals from the MyHeart Counts Study,” Sci Data, vol. 6, Apr. 2019, doi: 10.1038/s41597-
019-0016-7.

[49] T.  Mishra  et  al.,  “Pre-symptomatic  detection of COVID-19 from smartwatch data,”  Nature
Biomedical Engineering, pp. 1–13, Nov. 2020, doi: 10.1038/s41551-020-00640-6.

https://preprints.jmir.org/preprint/29510 [unpublished, peer-reviewed preprint]



JMIR Preprints Cho et al

[50] S. Deering  et al.,  “Real-world longitudinal data collected from the SleepHealth mobile app
study,” Sci Data, vol. 7, Nov. 2020, doi: 10.1038/s41597-020-00753-2.

[51] A. Pratap et al., “The accuracy of passive phone sensors in predicting daily mood,” Depression
and Anxiety, vol. 36, no. 1, pp. 72–81, 2019, doi: https://doi.org/10.1002/da.22822.

[52] Y.-F.  Y.  Chan  et  al.,  “The  asthma  mobile  health  study,  smartphone  data  collected  using
ResearchKit,” Sci Data, vol. 5, May 2018, doi: 10.1038/sdata.2018.96.

[53] B.  M.  Bot  et  al.,  “The  mPower  study,  Parkinson  disease  mobile  data  collected  using
ResearchKit,” Scientific Data, vol. 3, no. 1, Art. no. 1, Mar. 2016, doi: 10.1038/sdata.2016.11.

[54] G. Quer  et al., “Wearable sensor data and self-reported symptoms for COVID-19 detection,”
Nature Medicine, pp. 1–5, Oct. 2020, doi: 10.1038/s41591-020-1123-x.

[55] M. Crouthamel et al., “Using a ResearchKit Smartphone App to Collect Rheumatoid Arthritis
Symptoms From Real-World Participants: Feasibility Study,”  JMIR Mhealth Uhealth, vol. 6,
no. 9, Sep. 2018, doi: 10.2196/mhealth.9656.

[56] A. Pratap  et al., “Using Mobile Apps to Assess and Treat Depression in Hispanic and Latino
Populations: Fully Remote Randomized Clinical Trial,”  J Med Internet Res, vol. 20, no. 8, p.
e10130, Aug. 2018, doi: 10.2196/10130.

[57] I. Urteaga, M. McKillop, and N. Elhadad, “Learning endometriosis phenotypes from patient-
generated data,” npj Digit. Med., vol. 3, no. 1, pp. 1–14, Jun. 2020, doi: 10.1038/s41746-020-
0292-9.

[58] A. Pratap  et al., “Evaluating the Utility of Smartphone-Based Sensor Assessments in Persons
With  Multiple  Sclerosis  in  the  Real-World  Using  an  App  (elevateMS):  Observational,
Prospective Pilot Digital Health Study,” JMIR mHealth and uHealth, vol. 8, no. 10, p. e22108,
Oct. 2020, doi: 10.2196/22108.

[59] “Provisional Death Counts for Coronavirus Disease 2019 (COVID-19),” Dec. 08, 2021. https://
www.cdc.gov/nchs/nvss/vsrr/covid19/index.htm (accessed Dec. 08, 2021).

https://preprints.jmir.org/preprint/29510 [unpublished, peer-reviewed preprint]



JMIR Preprints Cho et al

Supplementary Files

https://preprints.jmir.org/preprint/29510 [unpublished, peer-reviewed preprint]



JMIR Preprints Cho et al

Figures

https://preprints.jmir.org/preprint/29510 [unpublished, peer-reviewed preprint]



JMIR Preprints Cho et al

Comparing demographic distributions from various BYOD studies, the national census, and the National Vital Statistics
System. Studies with an asterisk did not separate ethnicity and race and therefore have percentages that sum up to be greater
than 100. Other studies did not report a breakdown for all the ethnicity and race groups and therefore resulted in an aggregated
percentage less than 100. (Further details are provided in Supplementary Table 2).
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Visualization of Demographic Improvement Guideline: (1) Identify the population(s) at risk of being omitted from the study
and for whom the technology may ultimately be used. (2) Modify study design based on internal and external resources to
disseminate information and improve engagement with the target population(s). (3) Launch study and monitor study
demographics in real-time and adjust downstream efforts accordingly. Researchers should reassess their study population
demographics to ensure that target distributions are achieved and re-strategize accordingly. (The red dashed line in the bar
charts are visual representations of the acceptable threshold for each subgroup population).
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Percent Change Increase in CovIdentify Study Population Compared to June 21, 2020.
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Supplementary Table 1. Race and Ethnicity Breakdown from BYOD studies.
URL: http://asset.jmir.pub/assets/112d42f9e247eedb82bb1d205f19f3d4.docx

Supplementary Table 2. Sex and Race/Ethnicity Reported by Various BYOD Studies, Census, and National Vital Statistics
System.
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Supplementary Table 3. Wearable Device Ownership by Race or Ethnicity for CovIdentify Case Study.
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