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Abstract

Background: The ubiquity of mobile phones and increasing use of wearable fitness trackers offer a wide-ranging window into
people’s health and well-being. There are clear advantages in using remote monitoring technologies to gain an insight into health,
particularly under the shadow of the COVID-19 pandemic.

Objective: Covid Collab is a crowdsourced study that was set up to investigate the feasibility of identifying, monitoring, and
understanding the stratification of SARS-CoV-2 infection and recovery through remote monitoring technologies. Additionally,
we will assess the impacts of the COVID-19 pandemic and associated social measures on people’s behavior, physical health, and
mental well-being.

Methods: Participants will remotely enroll in the study through the Mass Science app to donate historic and prospective mobile
phone data, fitness tracking wearable data, and regular COVID-19–related and mental health–related survey data. The data
collection period will cover a continuous period (ie, both before and after any reported infections), so that comparisons to a
participant’s own baseline can be made. We plan to carry out analyses in several areas, which will cover symptomatology; risk
factors; the machine learning–based classification of illness; and trajectories of recovery, mental well-being, and activity.

Results: As of June 2021, there are over 17,000 participants—largely from the United Kingdom—and enrollment is ongoing.

Conclusions: This paper introduces a crowdsourced study that will include remotely enrolled participants to record mobile
health data throughout the COVID-19 pandemic. The data collected may help researchers investigate a variety of areas, including
COVID-19 progression; mental well-being during the pandemic; and the adherence of remote, digitally enrolled participants.
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Introduction

Background
The COVID-19 pandemic has brought about widespread and
drastic changes to people’s lives, work, and health resulting
from infection by SARS-CoV-2 as well as the public health and
social measures (PHSMs) that were introduced to limit the
disease. It is important to not only understand how and under
what circumstances the disease itself spreads but also understand
the holistic impact of the pandemic.

Although many people are resilient to the conditions imposed
by the pandemic, previous instances of disease outbreaks [1]
and quarantines [2] have been associated with negative
psychological outcomes. Postinfection conditions that followed
previous coronavirus outbreaks include posttraumatic stress
disorder, depression, anxiety, and confusion, among others.
Similarly, quarantine has been associated with several
conditions, including stress [3], posttraumatic stress disorder
[4,5], and depression [4,6]. A longer duration of quarantine is
associated with worse psychological outcomes [2]—a potentially
pertinent fact given the protracted period of the COVID-19
pandemic. Additionally, the stigma of disease and the hazards
that many face may differ among different people in different
occupations or sociodemographic groups [7].

More recently, the presence of persistent symptoms following
acute COVID-19 illness has received increased attention.
Around 20% of people in an Office for National Statistics survey
from the United Kingdom who had a positive COVID-19 test
result reported symptoms lasting at least 5 weeks, and 10%
reported symptoms lasting at least 12 weeks [8]. The
symptomatologic groups, which are formed by people with
persistent illness following SARS-CoV-2 infection, have not
been fully determined. Preliminary studies show a multitude of
symptoms with various levels of co-occurrence, including
persistent respiratory issues, fatigue, psychological and
neurological symptoms, and fever [9-11]. The presence of these
long-term symptoms is often referred to as long COVID.

Mobile health (mHealth) as a field is well suited to the unique
problems that have been encountered during the COVID-19
pandemic [12,13]. The need for social distancing and wide-scale
quarantines precludes many studies that require direct physical
contact with participants. Apart from the ability to continue
where other study and data collection methods have been
limited, mHealth technologies also offer various advantages.
The pervasive nature of mobile phones and wearable fitness
devices allows for a fine-grain, second-by-second level of detail
as well as prolonged periods of continuous monitoring, which
are useful because although the pandemic has been long in
duration, it has often been punctuated by acute events, such as
infection or the introduction of public health measures.
Moreover, the fine resolution of such data provides a more
comprehensive view of a person’s health and behavior. Historic
fitness, health, and activity records are often connected to a
person’s web-based accounts. Participants are able to donate
such data, which can be used to better understand changes
related to participants’ prepandemic activities and health, their
preinfection status, and the duration required to recover to

preinfection baseline. Finally, passive data sets collected in this
manner have the benefit of being in a standardized format,
regardless of their country or institution of origin, and larger
numbers of potential participants can be quickly reached through
digital methods compared to those reached through more
traditional recruitment strategies.

Various previous and ongoing studies have demonstrated the
ability to monitor long-term mental well-being [14,15] and track
the prevalence of flu-like disease [16] through the use of remote
monitoring technologies (RMTs). Such technologies therefore
appear to be a useful lens through which to investigate the
COVID-19 pandemic, and multiple initiatives have been set up
by several groups [17-19].

Objectives
To investigate some aspects of the COVID-19 pandemic, we
launched the Covid Collab study in April 2020. The study is a
crowdsourced initiative [20] that will involve remote enrollment.
It will use a cross-platform phone app to deliver surveys; allow
for the input of COVID-19–related data; and allow participants
to connect to third-party sources of wearable data, such as Fitbit
LLC. By prospectively collecting regular mental well-being
and COVID-19 survey data alongside historic and ongoing
health-related wearable device data, we hope to address the
following objectives.

We will determine whether remote monitoring can provide data
on COVID-19 states with objective, measurable differences.
Wearable device data have previously been used to predict the
prevalence of influenza-like illnesses [16] and can therefore
potentially be used to better understand levels of infection and
persistent postsequelae symptoms. We aim to assess the
feasibility of detecting acute infections, wellness, and long
COVID symptoms at a personal and population level.

We will also stratify and define patterns of symptoms of
COVID-19 and any postacute infection illness. Self-reported
symptoms and objective measures of activity from wearables
will be used to identify any groups or patterns of symptoms,
especially those among the nonhospitalized population, which
has been less visible and easy to recruit in many studies.

We also aim to identify risk factors and causes of COVID-19,
long COVID, and the severity of illness. The incidence of
COVID-19 and the likelihood of a person developing persistent
symptoms following infection will be investigated with respect
to a person’s state prior to enrollment, which will be based on
sociodemographic information; participants’ prior medical
histories; and wearable- and phone-derived information, such
as activity levels, heart rates, and sleeping patterns.

Finally, we will investigate mental well-being throughout the
pandemic. Alongside measures of SARS-CoV-2 infection, we
will also collect regular responses to mental well-being surveys.
We will describe trajectories of mental well-being in response
to illness and PHSMs during the pandemic as well as identify
risk and protective factors.
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Methods

Study Design
The Covid Collab study is a crowdsourced observational study
that will involve remote enrollment. Covid Collab aims to collect
wearable device data, phone data, and survey responses from a
large number of self-enrolled participants. This is an
observational population study with several structures available
for particular objectives. Cross-sectional comparisons will
involve drawing cases and controls from participants who have
and have not reported illness during the course of the study. By
conducting individual longitudinal comparisons and
participant-specific models, baseline measurements will be
compared against measurements from different stages of
COVID-19 (ie, acute infection and postinfection) or from
periods of interest (eg, vaccination periods and lockdowns).

Recruitment
Recruitment started in April 2020 on a small scale, and
large-scale recruitment began in June 2020. Given the
crowdsourced nature of the study, participants will be able to
enroll from anywhere. However, because of the location of our
research group, the majority of the promotional activities that
have been carried out have targeted people within the United
Kingdom. The study is open to enrollment for any person over
the age of 18 years who uses a smartphone and, optionally, a

wearable fitness device. Participants without a fitness device
will still be able to complete COVID-19 and mental health
surveys.

Participants will enroll within the Mass Science app—the study
app for Covid Collab. During enrollment, the participants will
be provided with in-app study information, an in-app consent
form, and a basic demographics survey. Directly following
enrollment, the participants will go through an onboarding
procedure. First, participants will complete a more in-depth
demographic survey for collecting information on age, gender,
ethnicity, height, weight, previous and existing medical
conditions, employment status and whether there has been a
change in employment status during the pandemic, and marital
status. Second, participants will receive prompts for optionally
turning on the location data sharing function in the background
of their smartphones throughout their involvement in the study.
They will also receive prompts for connecting their wearable
device accounts to facilitate wearable device data collection.

Platform and Mass Science App
To facilitate the study, we used pieces of the Remote Assessment
of Disease and Relapse (RADAR)–base mHealth data [21]
collection platform, alongside services from Google Cloud
Platform, as the data collection back end and a custom-built
app for remote enrollment and participant interaction (Figure
1).

Figure 1. An overview of the data collection platform that will be used in the Covid Collab study. API: application programming interface; IAM:
Identity and Access Management; KCL: King’s College London; OAuth: Open Authorization; PCFS: Post–COVID-19 Functional Status; REST:
Representational State Transfer.
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The Mass Science app is a cross-platform smartphone app that
was developed for the Covid Collab study using Flutter. Its key
functionalities include providing prospective participants with
the ability to enroll in the study; delivering scheduled surveys;
allowing participants to input information related to
SARS-CoV-2 infection and vaccination; collecting wearable
device data either directly from phones or by requesting access
to participants’ data through third-party application
programming interfaces (APIs); and collecting phone data,
including location information. The collection of each data type
(eg, location) will be optional. This will allow people to provide
data that they are comfortable to share.

Google Cloud Platform [22] comprises the majority of the back
end. User authentication will be managed through Firebase
Authentication (Google LLC), survey scheduling will be
managed through Cloud Functions and Firebase Cloud
Messaging (Google LLC), and the initial collection of phone
data and surveys will be conducted through Firestore (Google
LLC).

RADAR-base is a general mHealth data collection platform
that has been used in several RMT studies [14,23,24]. It
comprises several modular applications. Some wearable device
companies provide access to their customers’ data through an
API (a set of definitions and protocols that ease programmatic
access to services). We will use the RADAR-base

Representational State Transfer Connector to retrieve wearable
device data from the Fitbit Web API (Fitbit LLC) and Garmin
Health API (Garmin Ltd).

Procedures and Data Collection

Surveys
A number of baseline, on-demand, and scheduled surveys (Table
1) will be included in the study and completed by participants
through the Mass Science app. Sociodemographic and medical
information will be collected at baseline. Mental health
questionnaires—the Patient Health Questionnaire-8 (PHQ-8)
scale [25] for symptoms of depression and the General Anxiety
Disorder-7 (GAD-7) scale [26] for symptoms of anxiety—will
be made available, and participants will be prompted to complete
these questionnaires every 2 weeks. A questionnaire on
COVID-19 and long COVID symptoms and a visual analog
happiness and energy scale will also be made available. These
can be completed on demand, but participants will also be
prompted biweekly to complete them. COVID-19 diagnosis
and vaccination information can be submitted at any time.
Following a reported COVID-19 diagnosis, participants will be
prompted to fill in the Post–Covid-19 Functional Status scale
[27]. Prompts regarding when a scheduled survey is available
will be delivered through Firebase Cloud Messaging push
notifications, which will appear as notifications on participants’
phones.

Table 1. The surveys that will be collected during the study.

FrequencyPurposeQuestionnaires

Baseline questionnaires

BaselineTo collect demographic dataCovid Collab demographics (Multimedia Appendix 1)

BaselineTo collect data on disorders and comorbiditiesCovid Collab comorbidities (Multimedia Appendix 1)

Scheduled questionnaires

Fortnightly following
diagnosis

A fast ordinal scale for the evaluation of post–COVID-19
functional status

Post–COVID-19 Functional Status scale [27]

Twice weekly and on
demand

To catalog acute-phase and lingering COVID-19 symptoms
and long COVID symptoms

COVID-19 symptoms (Multimedia Appendix 1)

FortnightlyTo identify probable cases of anxiety and to determine the
severity of symptoms

General Anxiety Disorder-7 [26]

FortnightlyTo assess the severity and presence of symptoms of depressionPatient Health Questionnaire-8 [25]

On-demand questionnaires

On demandSelf-report diagnosis questionnaireDiagnosis (Multimedia Appendix 1)

On demandVaccination surveyVaccination (Multimedia Appendix 1)

Wearables
Wearable device data will be collected through 2 methods. First,
participants can connect their web-based accounts, thereby
allowing us to collect data from the wearable vendors’ HTTP
API. Both Fitbit LLC and Garmin Ltd will provide data access
through this method by allowing users to authorize Covid Collab
to access their data through the companies’ respective APIs. In
this case, data can be retrieved directly from a server. Second,
we can retrieve data via users’ smartphones by using Apple
HealthKit (Apple Inc) [28] and Google Fit (Google LLC) [29].

In this case, data will be uploaded to Firestore alongside other
phone data.

The exact data types that will be available will depend on the
devices that the participants use, what the wearable device
manufacturers make available, and what the users choose to
authorize when allowing access to their wearable data. Where
available, we will collect intraday and summary heart rate, step
count, and activity data; sleep data; and other physical and health
information, such as height and weight. If a participant does
not own a wearable device, they will still be able to provide
survey responses and phone data through the Mass Science app.
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We expect that some participants will have existing data for the
periods of time preceding enrollment and the pandemic. After
they connect their wearable device accounts, we will
retrospectively collect wearable device data from January 2019,
where available. Prospective data will be retrieved as they
become available.

Location
Geographic position data will be collected from consenting
participants’ phones. To reduce battery use, a location point
will be recorded only when movement is detected and not when
participants are stationary. Raw location data are highly
sensitive. As such, they will be stored separately, and only
deidentified features and summary statistics will be accessible
to researchers. Following a change in stance by the Google Play
Store (Google LLC) in January 2021, location collection was
discontinued in subsequent updates of the Android app.

Data Enrichment
Analyses will require the enrichment of the data through the
incorporation of publicly available data sets. Primarily, this will
be performed via the contextualization of location data by using
the CORINE (Coordination of Information on the Environment)
Land Cover data set [30] and OpenStreetMap (OpenStreetMap
Foundation) and via the incorporation of public and social
measures from the World Health Organization PHSM database
[31].

Data Management
All data will be stored and encrypted, and personal information
will be stored in a separate database. Location data will be
deidentified via the aggregation of raw geographic coordinates
into features. Access to personal information will be limited
strictly to study administrators for administration purposes (eg,
to delete data at the request of a participant). Researchers’access
to the anonymized data set will be limited through access control
lists. Participants can choose to allow us to share anonymized
versions of their data in a larger public data set, which will be
made available at a later date.

Statistical Analysis

Data Exclusion and Absence
As a crowdsourced study involving the optional sharing of
different modalities of data, we expect that there may be greater
data missingness and participant attrition than those in studies
that involve more direct patient contact and engagement.
Different objectives may require different exclusion criteria.
For example, determining wearable biomarkers for COVID-19
may only require a connected device and a single COVID-19
diagnosis survey, while characterizing trajectories of mental
well-being would require multiple PHQ-8 and GAD-7 responses
from a single participant.

Rates of participation, adherence, and dropout will be examined
with respect to sociodemographics, time points during the
pandemic, and participants’ concurrent health. Additionally,
patterns of user engagement will be characterized to show how
participants may interact in similar studies and what drives
engagement. User engagement will be determined based on
completion rates for the prompted surveys.

Characterizing COVID-19 and Long COVID
Symptomology
We will describe and define subgroups for symptoms of
COVID-19 and long COVID through the clustering of
self-reported symptoms. This will include a time-independent
view of all symptoms throughout the illness as well as
time-dependent clustering to investigate how the disease
progresses. A latent class analysis will be used to group
time-independent symptoms. A cluster analysis will be
conducted on symptom severity data (4-point Likert scale). The
optimal number of latent classes will be selected based on the
Bayesian information criterion. Time-dependent symptom
clustering will be carried out by using mixture latent Markov
models. The classes will be described with respect to the
frequency of symptoms and their prevalence in different
sociodemographic groups.

Risk Factors for Severe COVID-19 and Long COVID
Risk factors will be assessed by conducting a logistic regression
between participants with long COVID symptoms and
participants who had COVID-19 but did not experience
persistent symptoms. A logistic regression between participants
with COVID-19 who self-report severe symptoms (based on a
4-point Likert scale) and those who self-report mild symptoms
or are asymptomatic will also be conducted. Predictors will
include sociodemographics, smoking status, medical history,
and measures of health and behavior derived from the RMT
passive data streams (eg, historic and contemporary activity
levels and heart rates).

Disease State Classification
By using the identified clusters of symptoms, we will explore
RMT parameters that can be used to classify COVID-19. This
analysis will involve using conventional machine learning
methods, including support vector machines and random forests,
in combination with feature selection and fusion approaches,
as well as more contemporary deep learning methods.

Trajectories and Classification of Mental Well-being
The primary mental health outcome measures will be the PHQ-8
and GAD-7 for depression and anxiety, respectively, which
participants will be prompted to complete every 2 weeks.
Additionally, a visual analogue scale for happiness and for
energy will be included alongside the biweekly symptoms
questionnaire.

Mental well-being will be investigated from several viewpoints.
First, we will analyze how mood changes in response to and
following a SARS-CoV-2 infection. Second, we will determine
how mental well-being has been affected throughout the
pandemic for the entire cohort in relation to public health
measures and by taking into account levels of activity and
information on location (eg, time spent outside, home stay
duration, or local population density). Finally, we will assess
the feasibility of using machine learning approaches to predict
low mood on the basis of passive wearable and phone data.
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Results

The Covid Collab study began in April 2020, and large-scale
recruitment began in earnest in June 2020. As of June 2021,
there are over 17,000 participants. Of those, 11,350 have a
connected wearable device, and 16,350 have completed at least
1 survey. An interim analysis is expected to be complete by
July 2021. The publication of the final analyses is expected to
occur by December 2022 but may depend on the evolution of
the COVID-19 pandemic.

Discussion

Remote monitoring is a promising avenue for understanding
COVID-19 and the effects of the pandemic. Our study has
multiple advantages, including the availability of historic
wearable device data, the ability to reach a wide range and large
number of people, and the high resolution of data. However,
there are also a number of limitations to the study.

Although crowdsourced recruitment is technically open to all,
it is likely that there will be bias. The study is only reachable
by those who own a smartphone, and a person who already
owns a wearable device may be more likely to take part in the
study. Both of these populations may be skewed, in some
respect, relative to the general population. Moreover, different
segments of the population may be more likely to seek out and
engage with scientific studies of this kind. For example, within
our currently enrolled cohort, 68.6% (11,840/17,255) of
participants are female. It will be important to quantify the
composition of the cohort and determine how the composition
relates to the known COVID-19 incidence rates among different
groups, study adherence rates, and data completion rates within
the study.

Participant attrition is present in many internet-based studies
[32]. As previously mentioned, due to the nature of a study
involving remote enrollment and little to no personal interaction,
we may expect higher attrition rates than those in studies with
different enrollment strategies or methods for promoting

participant interaction and engagement [33]. A “history view”
screen was implemented in the app. It shows previous mood
responses to allow for the direct return of results to participants.
However, other studies have used other methods for promoting
participant engagement that are not present in our study largely
due to development time limitations. Such methods include
different notification strategies [34,35] and gamification [36,37].

Another limitation is imposed by the evolving nature of the
pandemic and our knowledge of COVID-19; in response to new
information, we may be required to change aspects of or add to
the protocol. For example, long COVID symptoms and the
Post–COVID-19 Functional Status scale were added recently,
as more evidence of persistent impairment following
SARS-CoV-2 infection has emerged. Time constraints also
require us to balance the introduction of features with the need
to recruit participants at an earlier stage. For example, the use
of the Garmin Health API was recently included in the protocol.
This may have limited the prior recruitment of users of Garmin
devices. However, current and prospective participants with
Garmin devices will still be able to donate historic data
connected to their accounts.

There are several similar ongoing studies throughout the world.
Although our participants may overlap with those of other
studies, each study is fairly well geographically separated.
Although we are recruiting participants from throughout the
world, as a UK-based group, our outreach and ability to connect
with potential participants are greatest in the United Kingdom.
Given the similarity of the collected data and the loose alignment
of questionnaires, there is potential for collaboration or
meta-analysis.

Overall, the introduced study ought to provide an angle through
which to view the mental and physical health of a population
throughout the COVID-19 pandemic. Using historic and ongoing
wearable and mHealth data should allow for more thorough
precision health models to be built and enable us to understand
how prior lifestyles have affected the risk of developing
COVID-19, long COVID symptoms, and mental health issues.

Acknowledgments
The views expressed are those of the authors and not necessarily those of the National Health Service (NHS), National Institute
for Health Research (NIHR), or Department of Health and Social Care. This study was supported by (1) the NIHR Maudsley
Biomedical Research Centre at South London and Maudsley NHS Foundation Trust and King’s College London; (2) Health Data
Research UK, which is funded by the UK Medical Research Council, Engineering and Physical Sciences Research Council,
Economic and Social Research Council, Department of Health and Social Care (England), Chief Scientist Office of the Scottish
Government Health and Social Care Directorates, Health and Social Care Research and Development Division (Welsh Government),
Public Health Agency (Northern Ireland), British Heart Foundation, and Wellcome Trust; (3) the BigData@Heart Consortium,
funded by the Innovative Medicines Initiative-2 Joint Undertaking under grant agreement No. 116074. This Joint Undertaking
receives support from the European Union’s Horizon 2020 research and innovation programme and European Federation of
Pharmaceutical Industries and Associations (EFPIA); it is chaired by DE Grobbee and SD Anker, partnering with 20 academic
and industry partners and the European Society of Cardiology (ESC); (4) the National Institute for Health Research University
College London Hospitals Biomedical Research Centre; (5) the UK Research and Innovation London Medical Imaging & Artificial
Intelligence Centre for Value Based Healthcare; (6) the NIHR Applied Research Collaboration South London (NIHR ARC South
London) at King’s College Hospital NHS Foundation Trust; and (7) the research computing facility at King’s College London,
Rosalind [38]

JMIR Res Protoc 2021 | vol. 10 | iss. 12 | e32587 | p. 6https://www.researchprotocols.org/2021/12/e32587
(page number not for citation purposes)

Stewart et alJMIR RESEARCH PROTOCOLS

XSL•FO
RenderX

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


Conflicts of Interest
None declared.

Multimedia Appendix 1
Definitions for the unpublished questionnaires that will be used in the Covid Collab study.
[DOCX File , 11 KB-Multimedia Appendix 1]

References

1. Rogers JP, Chesney E, Oliver D, Pollak TA, McGuire P, Fusar-Poli P, et al. Psychiatric and neuropsychiatric presentations
associated with severe coronavirus infections: a systematic review and meta-analysis with comparison to the COVID-19
pandemic. Lancet Psychiatry 2020 Jul;7(7):611-627 [FREE Full text] [doi: 10.1016/S2215-0366(20)30203-0] [Medline:
32437679]

2. Brooks SK, Webster RK, Smith LE, Woodland L, Wessely S, Greenberg N, et al. The psychological impact of quarantine
and how to reduce it: rapid review of the evidence. Lancet 2020 Mar 14;395(10227):912-920 [FREE Full text] [doi:
10.1016/S0140-6736(20)30460-8] [Medline: 32112714]

3. DiGiovanni C, Conley J, Chiu D, Zaborski J. Factors influencing compliance with quarantine in Toronto during the 2003
SARS outbreak. Biosecur Bioterror 2004;2(4):265-272. [doi: 10.1089/bsp.2004.2.265] [Medline: 15650436]

4. Hawryluck L, Gold WL, Robinson S, Pogorski S, Galea S, Styra R. SARS control and psychological effects of quarantine,
Toronto, Canada. Emerg Infect Dis 2004 Jul;10(7):1206-1212 [FREE Full text] [doi: 10.3201/eid1007.030703] [Medline:
15324539]

5. Reynolds DL, Garay JR, Deamond SL, Moran MK, Gold W, Styra R. Understanding, compliance and psychological impact
of the SARS quarantine experience. Epidemiol Infect 2008 Jul;136(7):997-1007. [doi: 10.1017/S0950268807009156]
[Medline: 17662167]

6. Guo Y, Cheng C, Zeng Y, Li Y, Zhu M, Yang W, et al. Mental health disorders and associated risk factors in quarantined
adults during the COVID-19 outbreak in China: Cross-sectional study. J Med Internet Res 2020 Aug 06;22(8):e20328
[FREE Full text] [doi: 10.2196/20328] [Medline: 32716899]

7. Pfefferbaum B, North CS. Mental health and the Covid-19 pandemic. N Engl J Med 2020 Aug 06;383(6):510-512. [doi:
10.1056/NEJMp2008017] [Medline: 32283003]

8. Venkatesan P. NICE guideline on long COVID. Lancet Respir Med 2021 Feb;9(2):129 [FREE Full text] [doi:
10.1016/S2213-2600(21)00031-X] [Medline: 33453162]

9. Sykes DL, Holdsworth L, Jawad N, Gunasekera P, Morice AH, Crooks MG. Post-COVID-19 symptom burden: What is
long-COVID and how should we manage it? Lung 2021 Apr;199(2):113-119 [FREE Full text] [doi:
10.1007/s00408-021-00423-z] [Medline: 33569660]

10. Sudre CH, Murray B, Varsavsky T, Graham MS, Penfold RS, Bowyer RC, et al. Attributes and predictors of Long-COVID:
analysis of COVID cases and their symptoms collected by the Covid Symptoms Study App. medRxiv. Preprint posted
online on December 19, 2020 [FREE Full text] [doi: 10.1101/2020.10.19.20214494]

11. Lopez-Leon S, Wegman-Ostrosky T, Perelman C, Sepulveda R, Rebolledo PA, Cuapio A, et al. More than 50 long-term
effects of COVID-19: a systematic review and meta-analysis. medRxiv. Preprint posted online on January 30, 2021 [FREE
Full text] [doi: 10.1101/2021.01.27.21250617]

12. Amft O, Favela J, Intille S, Musolesi M, Kostakos V. Personalized pervasive health. IEEE Pervasive Comput 2020 Jul
16;19(3):11-13 [FREE Full text] [doi: 10.1109/mprv.2020.3003142]

13. Amft O, Gonzalez LIL, Lukowicz P, Bian S, Burggraf P. Wearables to fight COVID-19: From symptom tracking to contact
tracing. IEEE Pervasive Comput 2020 Nov 25;19(4):53-60 [FREE Full text] [doi: 10.1109/mprv.2020.3021321]

14. Matcham F, di San Pietro CB, Bulgari V, de Girolamo G, Dobson R, Eriksson H, RADAR-CNS consortium. Remote
assessment of disease and relapse in major depressive disorder (RADAR-MDD): a multi-centre prospective cohort study
protocol. BMC Psychiatry 2019 Feb 18;19(1):72 [FREE Full text] [doi: 10.1186/s12888-019-2049-z] [Medline: 30777041]

15. Sun S, Folarin AA, Ranjan Y, Rashid Z, Conde P, Stewart C, RADAR-CNS Consortium. Using smartphones and wearable
devices to monitor behavioral changes during COVID-19. J Med Internet Res 2020 Sep 25;22(9):e19992 [FREE Full text]
[doi: 10.2196/19992] [Medline: 32877352]

16. Radin JM, Wineinger NE, Topol EJ, Steinhubl SR. Harnessing wearable device data to improve state-level real-time
surveillance of influenza-like illness in the USA: a population-based study. Lancet Digit Health 2020 Feb;2(2):e85-e93
[FREE Full text] [doi: 10.1016/S2589-7500(19)30222-5] [Medline: 33334565]

17. Mishra T, Wang M, Metwally AA, Bogu GK, Brooks AW, Bahmani A, et al. Pre-symptomatic detection of COVID-19
from smartwatch data. Nat Biomed Eng 2020 Dec;4(12):1208-1220. [doi: 10.1038/s41551-020-00640-6] [Medline: 33208926]

18. Quer G, Radin JM, Gadaleta M, Baca-Motes K, Ariniello L, Ramos E, et al. Wearable sensor data and self-reported symptoms
for COVID-19 detection. Nat Med 2021 Jan;27(1):73-77. [doi: 10.1038/s41591-020-1123-x] [Medline: 33122860]

19. Corona-Datenspende. Robert Koch-Institut. URL: https://corona-datenspende.de/ [accessed 2021-08-02]

JMIR Res Protoc 2021 | vol. 10 | iss. 12 | e32587 | p. 7https://www.researchprotocols.org/2021/12/e32587
(page number not for citation purposes)

Stewart et alJMIR RESEARCH PROTOCOLS

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=resprot_v10i12e32587_app1.docx&filename=4d5f3aa2cc5f184ec2b810acefa3e6a1.docx
https://jmir.org/api/download?alt_name=resprot_v10i12e32587_app1.docx&filename=4d5f3aa2cc5f184ec2b810acefa3e6a1.docx
https://linkinghub.elsevier.com/retrieve/pii/S2215-0366(20)30203-0
http://dx.doi.org/10.1016/S2215-0366(20)30203-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32437679&dopt=Abstract
http://europepmc.org/abstract/MED/32112714
http://dx.doi.org/10.1016/S0140-6736(20)30460-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32112714&dopt=Abstract
http://dx.doi.org/10.1089/bsp.2004.2.265
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15650436&dopt=Abstract
http://europepmc.org/abstract/MED/15324539
http://dx.doi.org/10.3201/eid1007.030703
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15324539&dopt=Abstract
http://dx.doi.org/10.1017/S0950268807009156
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17662167&dopt=Abstract
https://www.jmir.org/2020/8/e20328/
http://dx.doi.org/10.2196/20328
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32716899&dopt=Abstract
http://dx.doi.org/10.1056/NEJMp2008017
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32283003&dopt=Abstract
http://europepmc.org/abstract/MED/33453162
http://dx.doi.org/10.1016/S2213-2600(21)00031-X
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33453162&dopt=Abstract
http://europepmc.org/abstract/MED/33569660
http://dx.doi.org/10.1007/s00408-021-00423-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33569660&dopt=Abstract
https://www.medrxiv.org/content/10.1101/2020.10.19.20214494v2.full
http://dx.doi.org/10.1101/2020.10.19.20214494
https://www.medrxiv.org/content/10.1101/2021.01.27.21250617v2.full-text
https://www.medrxiv.org/content/10.1101/2021.01.27.21250617v2.full-text
http://dx.doi.org/10.1101/2021.01.27.21250617
https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=9142312
http://dx.doi.org/10.1109/mprv.2020.3003142
https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=9270632
http://dx.doi.org/10.1109/mprv.2020.3021321
https://bmcpsychiatry.biomedcentral.com/articles/10.1186/s12888-019-2049-z
http://dx.doi.org/10.1186/s12888-019-2049-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30777041&dopt=Abstract
https://www.jmir.org/2020/9/e19992/
http://dx.doi.org/10.2196/19992
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32877352&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2589-7500(19)30222-5
http://dx.doi.org/10.1016/S2589-7500(19)30222-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33334565&dopt=Abstract
http://dx.doi.org/10.1038/s41551-020-00640-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33208926&dopt=Abstract
http://dx.doi.org/10.1038/s41591-020-1123-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33122860&dopt=Abstract
https://corona-datenspende.de/
http://www.w3.org/Style/XSL
http://www.renderx.com/


20. Swan M. Crowdsourced health research studies: an important emerging complement to clinical trials in the public health
research ecosystem. J Med Internet Res 2012 Mar 07;14(2):e46 [FREE Full text] [doi: 10.2196/jmir.1988] [Medline:
22397809]

21. Ranjan Y, Rashid Z, Stewart C, Conde P, Begale M, Verbeeck D, Hyve, RADAR-CNS Consortium. RADAR-Base: Open
source mobile health platform for collecting, monitoring, and analyzing data using sensors, wearables, and mobile devices.
JMIR Mhealth Uhealth 2019 Aug 01;7(8):e11734 [FREE Full text] [doi: 10.2196/11734] [Medline: 31373275]

22. Cloud Computing Services. Google Cloud. URL: https://cloud.google.com/ [accessed 2021-09-10]
23. Bruno E, Biondi A, Böttcher S, Vértes G, Dobson R, Folarin A, et al. Remote assessment of disease and relapse in epilepsy:

Protocol for a multicenter prospective cohort study. JMIR Res Protoc 2020 Dec 16;9(12):e21840 [FREE Full text] [doi:
10.2196/21840] [Medline: 33325373]

24. Muurling M, de Boer C, Kozak R, Religa D, Koychev I, Verheij H, RADAR-AD Consortium. Remote monitoring
technologies in Alzheimer's disease: design of the RADAR-AD study. Alzheimers Res Ther 2021 Apr 23;13(1):89 [FREE
Full text] [doi: 10.1186/s13195-021-00825-4] [Medline: 33892789]

25. Kroenke K, Strine TW, Spitzer RL, Williams JBW, Berry JT, Mokdad AH. The PHQ-8 as a measure of current depression
in the general population. J Affect Disord 2009 Apr;114(1-3):163-173. [doi: 10.1016/j.jad.2008.06.026] [Medline: 18752852]

26. Spitzer RL, Kroenke K, Williams JBW, Löwe B. A brief measure for assessing generalized anxiety disorder: the GAD-7.
Arch Intern Med 2006 May 22;166(10):1092-1097. [doi: 10.1001/archinte.166.10.1092] [Medline: 16717171]

27. Klok FA, Boon GJAM, Barco S, Endres M, Geelhoed JJM, Knauss S, et al. The Post-COVID-19 Functional Status scale:
a tool to measure functional status over time after COVID-19. Eur Respir J 2020 Jul 02;56(1):2001494 [FREE Full text]
[doi: 10.1183/13993003.01494-2020] [Medline: 32398306]

28. HealthKit. Apple Developer Documentation. URL: https://developer.apple.com/documentation/healthkit [accessed
2021-09-13]

29. Google Fit. Google Developers. URL: https://developers.google.com/fit [accessed 2021-09-13]
30. CLC 2018. Copernicus Land Monitoring Service. URL: https://land.copernicus.eu/pan-european/corine-land-cover/clc2018

[accessed 2021-08-02]
31. Tracking public health and social measures. World Health Organization. URL: https://www.who.int/emergencies/diseases/

novel-coronavirus-2019/phsm [accessed 2021-08-02]
32. Eysenbach G. The law of attrition. J Med Internet Res 2005 Mar 31;7(1):e11 [FREE Full text] [doi: 10.2196/jmir.7.1.e11]

[Medline: 15829473]
33. Meyerowitz-Katz G, Ravi S, Arnolda L, Feng X, Maberly G, Astell-Burt T. Rates of attrition and dropout in app-based

interventions for chronic disease: Systematic review and meta-analysis. J Med Internet Res 2020 Sep 29;22(9):e20283
[FREE Full text] [doi: 10.2196/20283] [Medline: 32990635]

34. Bidargaddi N, Almirall D, Murphy S, Nahum-Shani I, Kovalcik M, Pituch T, et al. To prompt or not to prompt? A
microrandomized trial of time-varying push notifications to increase proximal engagement with a mobile health app. JMIR
Mhealth Uhealth 2018 Nov 29;6(11):e10123 [FREE Full text] [doi: 10.2196/10123] [Medline: 30497999]

35. Mehrotra A, Pejovic V, Vermeulen J, Hendley R, Musolesi M. My phone and me: Understanding people's receptivity to
mobile notifications. 2016 May Presented at: CHI'16: CHI Conference on Human Factors in Computing Systems; May
7-12, 2016; San Jose, California, USA p. 1021-1032. [doi: 10.1145/2858036.2858566]

36. Floryan M, Chow PI, Schueller SM, Ritterband LM. The model of gamification principles for digital health interventions:
Evaluation of validity and potential utility. J Med Internet Res 2020 Jun 10;22(6):e16506 [FREE Full text] [doi:
10.2196/16506] [Medline: 32519965]

37. Edney S, Ryan JC, Olds T, Monroe C, Fraysse F, Vandelanotte C, et al. User engagement and attrition in an app-based
physical activity intervention: Secondary analysis of a randomized controlled trial. J Med Internet Res 2019 Nov
27;21(11):e14645 [FREE Full text] [doi: 10.2196/14645] [Medline: 31774402]

38. Rosalind: Research computing infrastructure. King’s College London. URL: https://rosalind.kcl.ac.uk [accessed 2021-11-23]

Abbreviations
API: application programming interface
CORINE: Coordination of Information on the Environment
GAD-7: General Anxiety Disorder-7
mHealth: mobile health
NHS: National Health Service
NIHR: National Institute for Health Research
PHQ-8: Patient Health Questionnaire-8
PHSM: public health and social measure
RADAR: Remote Assessment of Disease and Relapse
RMT: remote monitoring technology

JMIR Res Protoc 2021 | vol. 10 | iss. 12 | e32587 | p. 8https://www.researchprotocols.org/2021/12/e32587
(page number not for citation purposes)

Stewart et alJMIR RESEARCH PROTOCOLS

XSL•FO
RenderX

https://www.jmir.org/2012/2/e46/
http://dx.doi.org/10.2196/jmir.1988
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22397809&dopt=Abstract
https://mhealth.jmir.org/2019/8/e11734/
http://dx.doi.org/10.2196/11734
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31373275&dopt=Abstract
https://cloud.google.com/
https://www.researchprotocols.org/2020/12/e21840/
http://dx.doi.org/10.2196/21840
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33325373&dopt=Abstract
https://alzres.biomedcentral.com/articles/10.1186/s13195-021-00825-4
https://alzres.biomedcentral.com/articles/10.1186/s13195-021-00825-4
http://dx.doi.org/10.1186/s13195-021-00825-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33892789&dopt=Abstract
http://dx.doi.org/10.1016/j.jad.2008.06.026
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18752852&dopt=Abstract
http://dx.doi.org/10.1001/archinte.166.10.1092
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16717171&dopt=Abstract
http://erj.ersjournals.com/lookup/pmidlookup?view=long&pmid=32398306
http://dx.doi.org/10.1183/13993003.01494-2020
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32398306&dopt=Abstract
https://developer.apple.com/documentation/healthkit
https://developers.google.com/fit
https://land.copernicus.eu/pan-european/corine-land-cover/clc2018
https://www.who.int/emergencies/diseases/novel-coronavirus-2019/phsm
https://www.who.int/emergencies/diseases/novel-coronavirus-2019/phsm
https://www.jmir.org/2005/1/e11/
http://dx.doi.org/10.2196/jmir.7.1.e11
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15829473&dopt=Abstract
https://www.jmir.org/2020/9/e20283/
http://dx.doi.org/10.2196/20283
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32990635&dopt=Abstract
https://mhealth.jmir.org/2018/11/e10123/
http://dx.doi.org/10.2196/10123
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30497999&dopt=Abstract
http://dx.doi.org/10.1145/2858036.2858566
https://www.jmir.org/2020/6/e16506/
http://dx.doi.org/10.2196/16506
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32519965&dopt=Abstract
https://www.jmir.org/2019/11/e14645/
http://dx.doi.org/10.2196/14645
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31774402&dopt=Abstract
https://rosalind.kcl.ac.uk
http://www.w3.org/Style/XSL
http://www.renderx.com/


Edited by G Eysenbach; submitted 03.08.21; peer-reviewed by I Clay, T Ntalindwa, F Lanfranchi, A Tannoubi; comments to author
03.09.21; revised version received 24.09.21; accepted 29.09.21; published 08.12.21

Please cite as:
Stewart C, Ranjan Y, Conde P, Rashid Z, Sankesara H, Bai X, Dobson RJB, Folarin AA
Investigating the Use of Digital Health Technology to Monitor COVID-19 and Its Effects: Protocol for an Observational Study (Covid
Collab Study)
JMIR Res Protoc 2021;10(12):e32587
URL: https://www.researchprotocols.org/2021/12/e32587
doi: 10.2196/32587
PMID: 34784292

©Callum Stewart, Yatharth Ranjan, Pauline Conde, Zulqarnain Rashid, Heet Sankesara, Xi Bai, Richard J B Dobson, Amos A
Folarin. Originally published in JMIR Research Protocols (https://www.researchprotocols.org), 08.12.2021. This is an open-access
article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/),
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work, first published in JMIR
Research Protocols, is properly cited. The complete bibliographic information, a link to the original publication on
https://www.researchprotocols.org, as well as this copyright and license information must be included.

JMIR Res Protoc 2021 | vol. 10 | iss. 12 | e32587 | p. 9https://www.researchprotocols.org/2021/12/e32587
(page number not for citation purposes)

Stewart et alJMIR RESEARCH PROTOCOLS

XSL•FO
RenderX

https://www.researchprotocols.org/2021/12/e32587
http://dx.doi.org/10.2196/32587
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34784292&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

