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The utility of personal wearable data in long
COVID and personalized patient care

Check for updates

Radin et al.’s recent study on
patients with long COVID
demonstrates that personal
wearable data can provide critical
insight into complex conditions. This
editorial argues that research
insights gained through personal
wearables support the integration of
personal wearables into healthcare.
Challenges in incorporating
wearable data in the clinic point
towards AI data sorting, data
sharing, device interoperability, FDA
oversight, and expanded insurance
coverage as first steps towards
addressing these challenges.

I
n March 2020, as the World Health Orga-
nization declared the outbreak of COVID-19
a pandemic, reports were already beginning
to emerge of patients suffering from persis-

tent symptoms following acute SARS-CoV-2
infection1,2. The phrase “long COVID” was
coined by patients to describe both these per-
sistent symptoms and the development of new
conditions linked to SARS-CoV-2 infection1.
Electronic health records and register data have
been used to link risk factors3,4 associated with
the development of long COVID. Similarly,
personal wearable device data has been used to
predict the diagnosis of acute COVID-195 and
monitor recovery6. Nonetheless, longitudinal
information on physiological changes in indi-
viduals before and after a diagnosis of long
COVID is lacking. A recent prospective study
by Radin et al.7 fills this gap in research by using
data frompersonal wearable devices tomeasure
objective physiologic derangements prior to
infection in individuals experiencing long
COVID. This study highlights the potential of
personal wearables to provide longitudinal
insight into patients’ health for research
and clinical purposes and sparks consideration
of the changes required to incorporate wearable
data into clinical healthcare.

Wearable data provides insight into
physiological changes associated
with long COVID
Using data from participants’ personal fitness
trackers and smartwatches, Radin et al.7 com-
pared heart rate, activity level, and sleep quantity
measurements in individuals before and after
SARS-CoV-2 infection, and between individuals
with and without long COVID. Among indivi-
duals experiencing long COVID, resting heart
rate did not return to pre-infection baseline until
an average of 133 days following symptom onset,
compared to 71 days post symptom onset for
those without long COVID. Increased resting
heart rate is associated with major vascular
events8, and all-cause mortality9 and supports
“prolonged physiologic derangement” in indivi-
dualswith longCOVID7.Nodifferences in return
to baseline activity level or sleep quantity were
noted between those with and without long
COVID. Taken together, these personal wearable
data clarify persistent derangements in long
COVID and inspire consideration of how such
data could be employed to provide similar
insights in clinical healthcare.

The promises of smart-watch data in
research and patient care
Radin et al.’s7 findings highlight the potential to
use personal wearable data for longitudinal
quantification of health. While one in five
Americans wears a fitness tracker or smart-
watch, the use of personal wearable data in clin-
ical research has yet to reach its full potential, and
use in patient care remains limited10. Incorpor-
ating personal wearable data in research enables
easier determination of causality by allowing for
data comparison before and after infection,
malignancy, or administrationof an intervention,
and suggests the potential of wearables to provide
temporal information about changes in indivi-
dual patients’ health in the clinical setting. Simi-
larly, as proven by studies on the clinical
effectiveness of continuous glucose monitoring
for diabetes management, personal biometric
data measured by wearable devices captures a
larger number of datapoints over a longer time

period, offering insight into patients’ long-term,
consistent behaviors and health patterns that
isolated clinic data risks missing11–13.

Addressing potential pitfalls of utiliz-
ing smart-watch data in patient care
Access to the expanded dataset of personal
wearable data comes with limitations, including
time constraints for providers who already feel
overwhelmed by the amount of data available for
each patient14, concerns over the quality and
consistency of data produced across smart
devices15, and uncertainties on how these data
should influence patient care16. Furthermore,
inequities persist in who can access and pay for
fitness trackers and smart devices, raising con-
cerns about how differences in access could lead
to differences in the quality of care between
patients with and without personal wearable
data17. The decision of which biomarkers to
prioritize in clinical healthcare of all those col-
lected by personal wearables also brings chal-
lenges, as certain digitalmarkersmay capture risk
patterns for somediseases better than for others18.
Clearly, the incorporation of personal wearable
data into research and clinical spaces will require
adaptations. As a start, challenges with imple-
mentation and inequities could be addressed by:

i. Use of artificial intelligence (AI) models to
streamline wearable data analysis. AI mod-
els can rapidly sort and analyze vast
amounts of patient information19, and could
be employed to decrease provider burden in
the analysis of data collected by personal
wearable devices. Already,machine learning
models have proven capable of analyzing
large amounts of patient data to stratify
disease risk20, and personal wearable data
could enhance such AI prediction tools
without imposing additional requirements
on providers.

ii. Increased collaboration, compatibility, and
data sharing among technology companies
in the personal wearable sector. Despite the
high prevalence of personal wearable devi-
ces, the wearable industry remains
fragmented21. Data sharing across
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companies could validate the reliability of
models and improve the consistency and
quality of data across devices. Furthermore,
interoperability of differentwearableswould
allow for easier integration of wearable
technology into the healthcare system and
easier interpretation of wearable data gen-
erated by difference devices17.

iii. Increased regulation of data quality and
collection techniques for smart-watch and
fitness tracker companies. Should physi-
cians use personal wearable data to guide
patient care, FDA oversight must be
extended, requiring additional regulatory
guidance and quality standards currently
lacking in the field. This oversight would
presumably produce mandated standards,
thereby further increasing interoperability
across wearable devices, as well.

iv. A push for insurance companies to cover
smartwatches and fitness trackers as they do
other medical devices. While the FDA clas-
sification of personal wearables as medical
devices would make such coverage more
likely, a policy shift of this scope seems likely
to require further evidence of improved
patient outcomes and reduced insurance
costs associated with the use of personal
wearable data.More research into the health
and cost effects of incorporating personal
wearable data into the clinic is needed to
propel such potential coverage forward.

v. Identification of digital biomarkers most
sensitive to change and appropriate for dif-
ferent patient populations. Digital bio-
markers that measure resilience (i.e., heart
rate variability) have been proposed as
markers to assess a variety of distinct con-
ditions, including vascular homeostasis,
glucose regulation, and chronic
inflammation18. Similarly, markers that
capturemovement data have been proposed
as prediction tools to determine mood dis-
order status22 and disease progression in
neuromuscular disorders23. Given patients’
unique histories and baseline risk profiles, it
is likely that different digital biomarkers will
prove most useful in different clinical con-
texts. Further research is again required to
identify which markers prove most uni-
versally important, and which will serve as
critical tools in risk stratification for specific
patient populations.

The challenges of incorporating personal
wearable data are certainly formidable.

Nonetheless, as Radin et al.’s7 work reveals, per-
sonal wearable data provides temporal insight
that isolated clinical and researchdata threaten to
miss. The potential for wearables to provide
increasingly comprehensive and personalized
care necessitates conversation within the
healthcare industry about how personal device
data can be incorporated into healthcare, and the
above adjustments offer initial guidance on the
changes that must be considered to realize the
potential of these data in personalizing care.
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