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Abstract

Background: Digital clinical measures collected via various digital sensing technologies such as smartphones, smartwatches,
wearables, ingestibles, and implantables areincreasingly used by individual s and cliniciansto capture health outcomes or behavioral
and physiological characteristics of individuals. Although academiaistaking an activerolein evaluating digital sensing products,
academic contributions to advancing the safe, effective, ethical, and equitable use of digital clinica measures are poorly
characterized.

Objective: We performed a systematic review to characterize the nature of academic research on digital clinical measures and
to compare and contrast the types of sensors used and the sources of funding support for specific subareas of this research.

Methods: We conducted a PubMed search using a range of search terms to retrieve peer-reviewed articles reporting US-led
academic research on digital clinical measures between January 2019 and February 2021. We screened each publication against
specific inclusion and exclusion criteria. We then identified and categorized research studies based on the types of academic
research, sensors used, and funding sources. Finally, we compared and contrasted the funding support for these specific subareas
of research and sensor types.

Results: The search retrieved 4240 articles of interest. Following the screening, 295 articles remained for data extraction and
categorization. Thetop five research subareas included operations research (research analysis; n=225, 76%), analytical validation
(n=173, 59%), usability and utility (data visualization; n=123, 42%), verification (n=93, 32%), and clinical validation (n=83,
28%). The three most underrepresented areas of research into digital clinical measures were ethics (n=0, 0%), security (n=1,
0.5%), and data rights and governance (n=1, 0.5%). Movement and activity trackers were the most commonly studied sensor
type, and physiological (mechanical) sensorswere the least frequently studied. We found that government agencies are providing
the most funding for research on digital clinical measures (n=192, 65%), followed by independent foundations (n=109, 37%) and
industries (n=56, 19%), with the remaining 12% (n=36) of these studies completely unfunded.

Conclusions:  Specific subareas of academic research related to digital clinical measures are not keeping pace with the rapid
expansion and adoption of digital sensing products. An integrated and coordinated effort is required across academia, academic
partners, and academic fundersto establish the field of digital clinical measures as an evidence-based field worthy of our trust.
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Introduction

Digital clinical measures are health outcomes or physiological
characteristics of an individual’s health, wellness, or condition
that are collected digitally with a sensor [1]. Digital sensing
products enabl e rapid assessment of health outcomes and support
remote and longitudina monitoring of patients with chronic
diseases under daily living conditions [2-5]. During the
COVID-19 pandemic, the utility of digital sensor technologies
inclinical research [6], clinical care[7], and public health [8,9]
have become even more apparent.

Inrecent years, digital clinical measures have drawn substantial
interest from industry, government agencies, academia, and
nonprofit institutions, as digital sensing tools, including
consumer products and medical devices, are becoming
increasingly popular. Consumer products such as smartwatches
and smartphones have become part of daily life for many
Americans. These have emerged as popular and multipurpose
real-time physiological monitoring products capable of
measuring sleep and stress in addition to the more traditional
actigraphy and heart rate monitoring. In 2020, 26% of
Americans owned a smartwatch [10] and 72% of Americans
owned a smartphone [11], with annual sales of over US $70
billion [12]. Apart from consumer products, digital sensing
products have demonstrated their efficacy as medical devices,
both in clinical and remote home monitoring settings to
continuously assess vital signs [13], pulmonary congestion in
patientswith heart failure[14,15], blood and interstitial glucose
in patients with diabetes [3], and more.

To support the devel opment and assessment of digital consumer
products and medical devices, the volume of academic research
hasincreased acrossthetota product life cycleof digital clinical
measures [ 16]. However, academic contributions to advancing
the safe, effective, ethical, and equitable use of digital clinical
measures are poorly characterized and, we hypothesize,

underfunded. Trust in digital clinical measuresis limited, and
engaging the academic community is essential to ensure that
the field evolves to be worthy of public trust.

For these reasons, a multi-stakeholder group of experts
collaborating on The Playbook [1], a precompetitive
collaborative of expertsin digital health convened by the Digital
Medicine Society (DiMe), set out to investigate the nature of
academic research related to digital clinical measures. DiMeis
anonprofit professional society dedicated to advancing digital
medicine to optimize health [17]. In this systematic review, we
explore the representation of subtypes of academic research on
digital clinical measures and compare and contrast the funding
support for these subareas of research. This systematic review
aims to describe the nature of academic research into digital
clinical measures, identify areas of focus and gaps, and explore
how and whether funding plays arole. With these findings, we
hope to establish an integrated and coordinated effort across
academia, academic partners, and academic funders to ensure
that the expertise within thefield is harnessed to ensure that the
rapidly expanding domain of digital clinical measures is
established as an evidence-based field worthy of our trust.

Methods

Screening

We conducted a systematic search of peer-reviewed literature
indexed in PubMed and published between January 1, 2019,
and February 24, 2021. For the purposes of this review, we did
not restrict the scope of our search to any single digital clinical
measure or areaof academic research. A multi-stakeholder team
of clinical, academic, technical, and operational experts
developed the search terms (Multimedia Appendix 1), inclusion
criteria (Textbox 1), and selection of data to be extracted from
thefinal publications (Table 1). A biomedical librarian supported
the development of the search terms.

Textbox 1. Inclusion criteria adopted to enable the identification of clearly defined academic research related to digital clinical measures.

Research lead
US-led research (ie, 250% US-based authors)

Academic research

Articletypes

were excluded)

Sensing modality

Publication date

Papers published between January 1, 2019, and February 24, 2021

Academic research with at least one US-based academic researcher (industry-only research articles were excluded)

Peer-reviewed journals and full-length conference articles (systematic reviews, meta-analyses, editorials, opinion pieces, case reports, and case studies

All portable biometric monitoring technologies (BioMeTs) that rely upon a biometric sensor, such as microphones and accelerometers[16]. BioMeTs
are connected digital medicine productsthat process data captured by mobile sensors using a gorithmsto generate measures of behavioral or physiological
function. (Note: smartphone apps are excluded if they do not rely upon a biometric sensor.)
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Table 1. Datafields extracted from identified academic research.

Shandhi et al

Field Definition Allowed values
Title N/A2 Free text
Authors Last name, first name Free text

Author affiliation N/A Free text

Journal Name Free text

Year N/A 2019, 2020, 2021
DOI Digital object identifier: a unique alphanumeric stringusedto  Freetext

identify content and provide a persistent link to the manuscript’s

online location.
Nature of academic
research

stitute and society or nonprofit foundation.

Digital clinical mea-
sure
asensor [1]

Funding sources Funding information

Academic research measured here by the publication of peer-re-
viewed journals and full-length conference articles by study teams
that include researchers from either a university or academic in-

Health outcomes or physiological characteristics of an individu-
a’shealth, wellness, or condition that are collected digitally with

Verification, analytical validation, measure identification,
clinical validation, security, ethics, data rights and gover-
nance, usability and utility (human factors/behaviora eco-
nomics), standards, usability and utility (datavisualization),
economic feasibility, operations (care), operations (research
design), operations (research analysis), and operations (data)

Biochemical, movement and activity, physiological (electri-
cal, mechanical, optics and imaging)

Government, industry, independent foundation, and unfunded

3N/A: not applicable.

Following the PubMed search, we conducted amultistep review
process to screen articles for inclusion following the PRISMA
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) guidelines[18]. First, we used natural language
processing (ie, a custom built Python script; provided in
Multimedia Appendix 2 and available on the digital biomarker
discovery pipeline[19]) to select papers based on the “ Research
Lead” and “Academic Research” criteria (Textbox 1). We also
excluded articleswith “Review” inthetitlein this step. Second,
two of our threetrained analysts (authorsMMHS, KR, and AB)
independently reviewed each publication title against the
inclusion criteria. Third, each remaining abstract was reviewed
by two of thethree analysts (MMHS, KR, and AB) to determine
whether the article met our inclusion criteria (Textbox 1). When
there was disagreement between two reviewers during either
the title or abstract review phase, the decision whether to
advance a publication was resolved by the third analyst. Finaly,
two of three analysts (MMHS, KR, and AB) reviewed the fulll
text of each of the publicationsthat passed the abstract screening
stage, with theinvolvement of athird analyst to settleinterrater
disagreements (approximately 15% of papers reviewed), to
establish the final list of publications for inclusion. The list of
articles excluded from the full-text screening process is given
in Multimedia Appendix 3.

https://www.jmir.org/2021/9/e29875

Data Extraction and Categorization

Following the screening phase, seven analysts (authorsMMHS,
KR, AB, AVK, AF, YJ, and WKW) extracted data from the
articles included in the data extraction phase and categorized
each publication as described in Table 1. The articles were
categorized according to the following three criteria: nature of
academic research, category of digital clinica measures, and
source of funding.

The categories to subgroup the “nature of academic research”
included verification, analytical validation, measure
identification, clinical validation, security, ethics, data rights
and governance, usability and utility (human factors and
behavioral economics), standards, usability and utility (data
visualization), economic feasibility, operations (care), operations
(research design), operations (research analysis), and operations
(data).

The categoriesto subgroup “ digital clinical measures’ included
biochemical, movement and activity, and physiological
(electrical, mechanical, and optics and imaging).

“Funding sources’ were subgrouped by government, industry,
independent foundation, and unfunded. Articles with missing
funding information were categorized as unfunded. The details
of these categories are given in Table 2.
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Table 2. Categories for data extraction.
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Category Definitions Reference
Nature of academic research
Verification Evaluates and demonstrates the performance of asensor technology within aBioMeT?, and the sample- [16]

level datait generates, against a prespecified set of criteria

Analytical validation Evaluates the performance of the algorithm, and the ability of this component of the BioM€eT to measure, [16]
detect, or predict physiological or behavioral metrics

Clinical validation Evaluateswhether aBioM€eT acceptably identifies, measures, or predictsameaningful clinical, biolog- [16]
ica, physical, functiona state, or experience in the stated context of use (which includes a specified
population)

Measure identification Research studiesto identify key variablesfrom theinformation extracted from digital sensors, to support  [20]

decision-making

Security Research studies to assess the risks associated with digital clinical measures and taking necessary [21]

measures for information security

Datarights and governance  Research studiesto assessthe dataaccess, privacy, and sharing (following the FAIR® guiding principle)  [22]

Ethics Research studies to ensure equity and justice during every step of the development and deployment of  [23]
digital clinical measures (eg, reduce health disparities or racial injustice)

Usability and utility (human Research studiesto investigate human factors associated with digital clinical measures (eg, how usable, [24]

factors/behavioral eco- useful, or unobtrusive a digital clinical measure can be for an end user). It involves surveys from the
nomics) participants on user experience.

Standards Involves standardization of the data extracted from digital clinical measures for interoperability [25]
Usability and utility (data  Involves data visualization/result presentation for all end uses [24]
visualization)

Economic feasibility Research studies to investigate economic feasibility of adigital clinical measure [26]
Operations (care) Involves clinicians and economists to design clinical workflow and corresponding evaluation thatis ~ [27]

typically donefor aclinical tria

Operations (researchdesign)  Involvescliniciansand biostatisticiansto design aresearch study and execution plan, whichistypicaly [28]
donefor aclinical trial via power analysis and statistical analysis plan

Operations (research analy-  Involves analyzing data from digital clinical measures (eg, data analyst or data scientists) [29]
sis)
Operations (data) Involves monitoring data and metadata from digital clinical measures (eg, bioinformatics) [30]

Digital clinical measures

Biochemical Senses biochemicals (eg, sweat sensor or continuous glucose monitors) [31]

Movement and activity Tracks movement and activity (eg, step count or actigraph) [31]

Physiological (electrical) Senseselectrica signalsrelated to physiological phenomena (eg, electrocardiography, electroencephaog-  [32-34]
raphy, electromyography, bioimpedance, electrodermal activity, or electrooocul ography)

Physiological (mechanical) Senses mechanical signals related to physiological phenomena (eg, phonocardiography, speech, lung  [35,36]
sounds, joint acoustic emission, seismocardiography, or ballistocardiography)

Physiological (optics and Senses optical signals related to physiological phenomena (eg, photoplethysmography, camerafor [37]

imaging) blood volume pulse, or bioradar)

Funding sources

Government US Government funding agencies [38]
Industry Pharma, tech, and medical device industry [38]
Independent foundation Universities, private nonprofits, societies, and independent associations [38]
Unfunded Investigator initiated with no funding sources explicitly stated

@BioMeT: biometric monitoring technology.
BFAIR: Findable, Accessible, Interoperable, and Reusable.

For the data extraction process, each publication was reviewed
by at least three of the seven analysts (MMHS, KR, AB, AVK,
AF, WKW, and Y J). Each publication was assigned to one or
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more categories of a particular criterion as a result of two or
more votes for a particular category for each publication. This
method of subgrouping was used to reduce the impact of
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individual analyst subjectivity at thisstage. Following theinitial
categorization, articles falling into the government funding
subgroup were further categorized by US government agency
(ie, National Institutes of Health [NIH], National Science
Foundation [NSF], Department of Defense [DOD], Veteran
Affairs[VA], National Aeronautics and Space Administration
[NASA], Department of Energy [DOE], and “Other”). The
“Other” category constitutes government funding sources that
were listed for just one article in our pool. Articles with NIH
funding were further subgrouped by NIH institutes and centers
[39]. Datawas standardized after extraction by the five analysts
(MMHS, KR, AVK, AF, and AB), and the detail s of this process
are presented in Multimedia Appendix 4.

Following the data extraction process, we performed Pearson
chi-square tests with one categorical variable to determine
whether the representation of academic research studies varies
significantly within thefollowing categories: academic research,
digital sensors, and funding sources. We assumed equal
representation for all categories as the null hypothesis. In this
work, we considered P values less than .05 to be statistically
significant. The statistical tests and data visualization were

Shandhi et al

performed using Python 3.8.5 (Python Software Foundation)
on the Spyder-integrated development environment 4.1.5.

Results

Screening

Our initial search on PubMed retrieved 4240 articles (Figure
1). With our custom built Python script, we excluded 843 articles
from this initia list based on research lead, publication year,
and publication type. Of the 3397 identified articles for
subsequent screening, we excluded over 75% (n=2736) after
title screening and a further 30% (n=196) after abstract
screening, based on our inclusion criteria. The majority of the
excluded articles were not related to biosensing, were review
articles, or explored nonhealth applications. Following the
abstract screening, atotal of 465 articles were included in the
full-text review, during which we further excluded 170 (37%)
articles on the basis of our inclusion criteria. At this stage,
articleswere mainly excluded because the sensors being studied
were nonportable biosensors or because they covered topics
unrelated to biosensing; Multimedia Appendix 3 liststhe articles
excluded in this phase. Data for further analysis was extracted
from the remaining 295 articles.

Figurel. Articlescreening processand diagram following the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) review

methodol ogy.

Articles identified through PubMed
Search 1/1/2019 - 02/24/2021

(n=4240)

Titles Screened

(n=3397)
+

Abstracts Screened
(n=661)

IDENTIFICATION

SCREENING

Full-text articles assessed for
eligibility
(n=465)

ELIGIBILLITY

Articles included in data extraction
(n=295)

INCLUDED

https://www.jmir.org/2021/9/e29875

_bo

—p -

Out of scope articles excluded (n=843)
Non-US lead research articles

* Published in 2018

* Review papers

) Duplicates or irrelevant titles excluded

(n=2736)

N Abstracts excluded (n=196)

+ 52 were review articles

+ 1 was Case-study

« 27 were non-health applications

+ 104 were not related to biosensing
* 12 were smartphone app only

Full-text articles excluded (n=170)

5 were review articles

* 6 were non-health applications

* 64 were not related to biosensing
+ 95 were non-portable biosensors
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Data Categorization

The 295 articles used for analysis were categorized by research
study type, sensor type, and funding source, including broad
US government funding sources and specific NIH funding
sources (Figure 2). The list of the 295 articles included in the
data extraction process with their corresponding categories is
located in Multimedia Appendix 4. We observed statistically
significant differences (Pearson one-sample chi-sgquare test
P<.001), indicating unequal distribution of research studies
across subcategories for all three overarching categories:
academic research, digital sensors, and funding sources. Nearly
76% (n=225) of the studies evaluated were conducted in
operations research analysis (Figure 2a). Analytical validation
(n=173, 59%), usahility and utilities (data visualization; n=123,
42%), verification (n=93, 32%), and clinical validation (n=83,

Shandhi et al

28%) were other commonly represented study types. On the
contrary, ethics (n=0), security (n=1), and data rights and
governance (n=1) were uncommon study types. Research on
standards (n=6), economic feasibility (n=7), and operationscare
(n=8) were also uncommon in this pool of articles.

Categorization by sensor types (Figure 2b) revealed that
movement and activity werethe most commonly studied sensors
in the article pool (n=123, 42%), followed by physiological
(electrical) sensors (n=90, 31%), physiological (optics and
imaging) sensors (n=71, 24%), biochemica sensors (n=62,
21%), and physiological (mechanical) sensors (n=33, 11%).
For those studies evaluating movement and activity sensors,
actigraphy and activity monitors with wearabl e accel erometers
were the most commonly studied sensors.

Figure 2. Distribution of articles across (a) research study types, (b) different sensing modalities, (c) different funding sources, and (d) different
government funding agencies. The bars are showing the percentage of studies, with 100% equivalent to 295 papers included in the data extraction
process for (a-c) and 100% equivalent to 192 papers with government funding for (d). The text on top of the barsin al the plots showing the actual
number of articles per category. Othersin (d): state governments, National Institute of Justice, US Department of Agriculture, National Institute of Food
and Agriculture. One article can be grouped into multiple categories for (a-d). DOD: Department of Defense; DOE: Department of Energy; Gov:
governance; NASA: National Aeronautics and Space Administration; NIH: National Institutes of Health; NSF: National Science Foundation; Ops:

operations; Phys: physiological; U& U: usability and utility; Visual: visuaization; VA: Veteran Affairs.
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Studies categorized by funding source (Figure 2c) indicated
that government agencies are funding the majority (n=192, 65%)
of academic research on digital clinical measures, followed by
independent foundations (n=109, 37%) and industry (n=56,
19%). Interestingly, morethan 1in 10 digital clinical measures
studies (n=36, 12%) was unfunded. Of these unfunded studies,
22 articlesexplicitly stated that the research team did not receive
any external funding, and 14 did not include a statement on
funding.

For studies receiving government funding, the NIH was the
most frequent contributor in terms of the number of articles
funded—66% (N=126) of the studies with government funding
were funded by the NIH (Figure 2d). The NSF was the second
most frequent government funder of research on digital clinical
measures (n=55, 29%), followed by DOD (n=16, 8%), VA (n=6,
3%), NASA (n=3, 2%), DOE (n=3, 2%), and others (the 5
remaining studies were funded by state governments, National
Ingtitute of Justice, US Department of Agriculture, or National
Ingtitute of Food and Agriculture). Of the 27 institutes and
centers at the NIH [39], 24 ingtitutes funded studies on digital
clinical measures (Figure 3), indicating widespread interest and
applications in this field. The majority of studies were funded
by the National Institute of Neurological Disorders and Stroke
(n=18, 14% of the studies with NIH funding); the National
Ingtitute of Biomedical Imaging and Bioengineering (n=18,
14%); the National Heart, Lung, and Blood Institute (n=17,
13%); and the National Center for Advancing Trandational
Sciences (n=14, 11%).

Of the articlesthat reported receiving funding from independent
foundations (n=109), 75 (69%) studies received funding from

Shandhi et al

ingtitutional funds at universities, 46 (42%) studies received
funding from private nonprofits (eg, Bill and Melinda Gates
Foundation or Chan Zuckerberg Initiative), and 6 (6%) received
funding from societies and associations (eg, American Heart
Association).

To understand whether specific funding types may be driving
specific sectorsof digital clinical measuresresearch, and where
alack of funding may be contributing to low research output,
we explored the distribution of funding across different research
study types (Figure 4). Subdividing the research topics by
funding type, we found that the proportion of research support
from each of the four funding categories was fairly consistent
across research areas. The most frequent research and funding
combination out of the 295 articles was operations research
analysis supported by government funding (n=148, 50%). The
second most common combination was analytical validation
studies supported by government funding (n=105, 36% of
overal studies). Operations research analysis and analytical
validation also represent the first- and second-largest sectors of
overal digital clinical measures research, respectively (Figure
2a). Interestingly, the third most frequent research and funding
combination was not another research category but rather an
operations research analysis funded by foundations (n=80, 27%
of overall studies), indicating the large overall footprint that
operations research analysis occupies in the academic digital
clinical measures research space. By contrast, even given the
large proportion of government funding, research categorized
asanalytical validation was also the most likely to be unfunded,
with 30 out of the 173 (17%) studies reported as unfunded.

Figure 3. Distribution of articles across different NIH institutes and centers. The bars are showing the percentage of studies, with 100% equivalent to
126 papers with NIH funding. The text on top of the bars showing the actual number of articles per category. One article can be grouped into multiple
categories. FIC: Fogarty International Center; NBIB: National Institute of Biomedical Imaging and Bioengineering; NCATS: National Center for
Advancing Translational Sciences; NCCIH: National Center for Complementary and I ntegrative Health; NEI: National Eye Institute; NHLBI: National
Heart, Lung, and Blood Institute; NIA: National Institute on Aging; NIAAA: Nationa Institute on Alcohol Abuse and Alcoholism; NICHD: National
Ingtitute of Child Health and Human Development; NIDA: National Institute on Drug Abuse; NIDCD: National Institute on Deafness and Other
Communication Disorders, NIDCR: National Institute of Dental and Craniofacial Research; NIDDK: National Institute of Diabetes and Digestive and
Kidney Diseases; NIEHS: National Institute of Environmental Health Sciences; NIGMS: National Institute of General Medical Sciences; NIH: National
Institutes of Health; NIMH: National Institute of Mental Health; NIMHD: National Institute on Minority Health and Health Disparities; NINDS: National
Institute of Neurological Disordersand Stroke; NLM: National Library of Medicine; OAR: Office of AIDS Research; OD: Office of Dietary Supplements.
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Figure 4. Distribution of funding sources across different research study types, with the heat map color showing the percentage of studies (100%
equivalent to 295 papers included in the data extraction process) and the text in each cell showing the actual number of articles per category. One article
can be grouped into multiple categories. Gov: governance; Ops. operations; U& U: usability and utility; Visual: visualization.
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Similar to the previous analysis subdividing research topics by
funding type, we sought to understand whether the volume of
literature surrounding particular types of digital sensorsisrelated
to funding. Therefore, we subdivided the articlesin the different
digital sensor categories from Figure 2b by funding type. We
found that the most frequent digital sensor and funding
combination was movement and activity sensors funded by
government agencies (n=67, 23% of overall studies; Figure 5).
Government funding also supported the majority of research
into physiological (electrical) sensors (n=61, 21%),
physiological (optics and imaging) sensors (n=50, 17%), and
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biochemical sensors (n=48, 16%). By contrast, even given the
large proportion of government funding, digital sensors
categorized as movement and activity were the second most
likely to be unfunded, with 15% (n=19) of the 123 studies on
movement and activity sensors being unfunded. Biochemical
sensorsweretheleast likely to be studied without funding (n=1,
1% of studies that used biochemical sensors), whereas studies
into physiological (mechanical) sensors were most the
commonly unfunded, with 8 of 33 (24%) studies reported as
unfunded.
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Figure 5. Distribution of funding sources across different digital sensor types, with the heat map color showing the percentage of studies (100%
equivalent to 295 papers included in the data extraction process) and the text in each cell showing the actual number of articles per category. One article

can be grouped into multiple categories. Phys: physiological.
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Discussion

Principal Findings

In this systematic review, we describe the nature of academic
research related to digital clinical measures and the distribution
of funding across different types of academic research and
sensing modalities.

Verification, analytical validation, and clinical validation studies
[16] are, together, the most frequently published study typesin
this review. As verification, analytical validation, and clinical
validation is foundational to establishing whether a digital
clinical measure isfit-for-purpose [16], these findings indicate
that academic research supporting the development and
evaluation of digital clinical measures is appropriate for a
nascent field. However, the paucity of published studies
examining the security, data rights and governance, ethics,
standards, and economic feasibility of digital sensing products
are alarming given the rapid growth and adoption of digital
clinical measures [40]. The risks of harm to individuals from
unauthorized access to data arising from inadequate security,
misuse of data due to poor data rights and governance, and
inequities arising from the development and deployment of
digital clinical measureswithout sufficient consideration of the
ethical implicationsare substantial [21,23,41,42]. It isimperative
that academic investigators skilled in these areas are motivated
and funded to pursue a systematic evaluation of the current state
of affairs and to propose best practices to ensure that digital
clinical measures fulfill their promise without causing harm to
individuals or populations.

Research studies examining the usability and utility of digital
sensing products are relatively common compared to
publications reporting research into security, data rights and
governance, and economic feasibility, which ought to trend
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together [24]. This is not to say that usability and utility of
digital clinical measuresisoverstudied, but rather suggeststhat
research into these other characteristics of digital sensing
products is lagging. Similarly, the number of publications
reporting measure identification is relatively low compared to
research into the development and deployment of these same
mesasures. Thismay be causefor concernif we cannot be certain
that digital clinical measuresbeing devel oped have already been
determined to be clinically relevant and grounded in aspects of
health that patients and clinicians care most about [20]. Aswe
striveto increase the patient focus and efficiency of health care,
it is critical that we are separating signals from noise and not
advancing digital clinical measures that offer little value to
individual patients and the health care system.

Research into the operational aspects of deploying digital
clinical measures is the largest single study type identified by
our review. Although digital clinical measures cannot add value
unless they are successfully operationalized during routine
clinical care and in clinical trials, focusing academic research
on deployment without first ensuring that the digital clinical
measures are fit-for-purpose and trustworthy leaves the entire
field of digital health at risk of collecting vast swaths of data
that, at best, are of no value and, at worst, could cause harm.
During the rapid acceleration of digital clinical measurements,
research into the selection and development of high-quality
measures and tools must be a primary focus of academic
research in this new field.

Research related to movement and activity sensors are most
common when we parse the article pool by sensor type. This
finding is consistent with other literature where digital measures
of activity have been found to be most commonly used to answer
clinical questions [43]. Movement and activity sensors also
inform the majority of digital end points used by the industry
in medical product development [40]. Physiological (electrical),
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physiological (optical and imaging), and biochemical sensors
arewell represented in thisreview, which is consistent with the
recent growth in the use of portable electrocardiograms,
photopl ethysmography, and continuous glucose monitoring,
respectively.

Our review indicatesthat government agencies and independent
foundations are funding most of the academic research studies
related to digital clinical measures. Industry funding was
relatively low, and this is likely due to our definition of
academic studies that excludes studies that only have
industry-affiliated authors without academic research
partnerships. Of the government agencies, the NIH is funding
most of the academic research studies, which is consistent with
previous research examining funding of US biomedical research
[38]. Thedistribution of funding across different NIH institutes
and centers demonstrates that certain therapeutic areas might
be getting more funds compared to others. However, we have
not extracted information on funding distribution across different
therapeutic areas, as it was out of scope for this systematic
review. Futurework should explore which therapeutic areasare
more likely to receive funding and which areas are least funded.
Of the independent foundation—-funded research studies,
institutional funds at universities are funding the majority on
digital clinical measures as compared with private nonprofits
and public charities, which is also consistent with the literature
[38].

After operational research, analytical validation is the most
common government-funded study type in digital clinical
measurement. Thisiscritically important asanalytical validation
includes examination of algorithmic bias [16], which must be
an area of focus given research findings that digital sensing
products may not perform equally well across different skin
tones, among other factors[44,45]. However, although the total
number of government-funded analytical validation publications
ishigh, analytical validation studies are also the most likely to
be unfunded (n=30, 17%), suggesting that academic researchers
are pursuing analytical validation studies even when funding
may not exist. This work is to be applauded but is not
sustainable. Additional funding for analytical validation must
be made available to ensure that digital clinical measures are
developed equitably.

Although movement and activity sensors are the most used
sensors in academic research, these sensors are still the second
most likely to be unfunded (n=19, 15%), suggesting that
academic researchers are pursuing research into movement and
activity sensors even when funding may not exist. Thisisagain
prai seworthy but not sustainable, considering the rapid adoption
of these sensors in our daily life [10,11] and clinical studies
[43]. Sufficient funding is required to ensure the development

Shandhi et al

and deployment of these movement and activity sensorsreliably
and equitably.

Our review has several limitations. First, we have focused only
on academic research led by US-based academic researchers.
Future research should expand beyond the United States to
examine trends in academic research into digital clinical
measures globally. Second, we searched only one database
(PubMed) to retrieve articles for this review. PubMed only
indexes research related to life sciences and biomedicine [46].
As digital medicine is a highly interdisciplinary field, many
relevant studies may not have been captured in our review. For
example, sensor verification studies may be published in
traditional engineering journalsthat are not indexed by PubMed.
Future studieswill be enhanced by the use of multiple databases
across disciplines. In addition, as an emerging interdisciplinary
field, we must strive to reference the compl ete corpus of relevant
literature, not only those publications familiar to us in our
individual disciplines. Finally, the subjective nature of the
review and data extraction process may hinder repeatability,
and we attempted to mitigate thisrisk using innovative methods
such as using a majority voting system and using natural
language processing to automate the initial screening phase.

This review reports the current state of academic research on
the rapidly expanding and highly promising field of digital
clinical measures. Substantial work is being done in areas such
asvalidation and operations, with apaucity of research in other
areas like security and ethics. Future studies should investigate
why critical research into the safe, effective, ethical, and
equitable advancement of digital clinical measures is largely
absent from the published literature. Both academic researchers
and funding agencies should focus on the subareas of academic
research on digital clinical measures that are underrepresented
and relatively underfunded to ensure that funding priorities
adequately reflect the evidentiary needs of the field.

Conclusion

Academic research related to digital clinical measures is not
keeping pace with the rapid expansion and adoption of digital
sensing products. Although substantial foundational research
validating the performance of digital clinical measuresisbeing
conducted, academic studies of security, data rights and
governance, economic feasibility, ethics, and standards
necessary to advance thefield are lagging. These areas must be
bol stered to minimize the growing chasm between the promised
benefits of digital clinical measures and their potential risks.
As expected, research funding appears to be associated with
increased research publications. Anintegrated and coordinated
effort is required across academia, academic partners, and
academic funders to establish the field of digital clinical
measures as an evidence-based field worthy of our trust.

Acknowledgments

The authors would like to thank Sarah Park, librarian for engineering and computer science at Duke University, for her support
in the development of the search terms. This study was funded, in part, by the Digital Medicine Society. This project has been
made possible, in part, by grant 2020-218599 from the Chan Zuckerberg Initiative Doner-Advised Fund, an advised fund of

Silicon Valley Community Foundation.

https://www.jmir.org/2021/9/e29875

JMed Internet Res 2021 | vol. 23 | iss. 9 | €29875 | p. 10
(page number not for citation purposes)


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

JOURNAL OF MEDICAL INTERNET RESEARCH Shandhi et &

Authors Contributions

JCG and JD conceived the study. MMHS, JCG, TH, JP, SC, JC, and JD participated in the study’s design and coordination, and
drafted the search terms and inclusion criteria. MMHS ran the search on PubMed. MMHS, KR, and AB participated in the
screening phase. MMHS, KR, AB, AVK, AF, YJ, and WKW participated in the data extraction phase. MMHS, KR, AB, AVK,
and AF standardized the extracted data. MMHS carried out the data analysis and created visual representations. MMHS, JCG,
and JD drafted the manuscript. All authors read and approved the final manuscript.

Conflicts of Interest
TH isemployed by Activinsights Ltd. The other authors declare no conflicts of interest.

Multimedia Appendix 1

PubMed search terms.
[DOCX File, 18 KB-Multimedia Appendix 1]

Multimedia Appendix 2

Python code.
[DOCX File, 17 KB-Multimedia Appendix 2]

Multimedia Appendix 3

List of articles excluded after full-text review.
[XLSX File (Microsoft Excel File), 45 KB-Multimedia Appendix 3]

Multimedia Appendix 4

List of included papers with categories.
[XLSX File (Microsoft Excel File), 186 KB-Multimedia Appendix 4]

References

1. ThePlaybook From Digital Medicine Society (DiMe). URL.: https.//playbook.dimesociety.org/ [accessed 2021-04-19]

2. Singha A, Cowie MR. The role of wearables in heart failure. Curr Heart Fail Rep 2020 Aug;17(4):125-132 [FREE Full
text] [doi: 10.1007/s11897-020-00467-X] [Medline: 32494944]

3.  BruenD, Delaney C, FloreaL, Diamond D. Glucose sensing for diabetes monitoring: recent developments. Sensors (Basel)
2017 Aug 12;17(8):1866 [ FREE Full text] [doi: 10.3390/s17081866] [Medline: 28805693]

4.  LiX,DunnJ, SalinsD, Zhou G, Zhou W, Schiissler-FiorenzaRose SM, et a. Digital health: tracking physiomes and activity
using wearabl e biosensors reveal s useful health-related information. PLoS Biol 2017 Jan;15(1):e2001402 [ FREE Full text]
[doi: 10.1371/journal.pbio.2001402] [Medline: 28081144]

5. Igba F, LamK, Joshi M, Khan S, Ashrafian H, Darzi A. Clinical outcomes of digital sensor aerting systemsin remote
monitoring: asystematic review and meta-analysis. NPJIDigit Med 2021 Jan 08;4(1):7. [doi: 10.1038/s41746-020-00378-0]
[Medline: 33420338]

6. Hirten RR, Danieletto M, Tomalin L, Choi KH, Zweig M, Golden E, et al. Use of physiological datafrom awearable device
to identify SARS-CoV-2 infection and symptoms and predict COVID-19 diagnosis: observational study. JMed Internet
Res 2021 Feb 22;23(2):e26107 [FREE Full text] [doi: 10.2196/26107] [Medline: 33529156]

7.  Eisenkraft A, Maor Y, Constantini K, Goldstein N, Nachman N, Levy R, et a. Trajectories of key physiological parameters
in COVD-19 patients using continuous remote monitoring and health Al. Res Square. Preprint posted online on December
15, 2020. [doi: 10.21203/rs.3.rs-122775/v1]

8.  Quer G, Radin M, GadaletaM, Baca-MotesK, Ariniello L, RamosE, et al. Wearable sensor dataand self-reported symptoms
for COVID-19 detection. Nat Med 2021 Jan;27(1):73-77. [doi: 10.1038/s41591-020-1123-x] [Medline: 33122860]

9. MishraT, Wang M, Metwally AA, Bogu GK, Brooks AW, Bahmani A, et a. 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]

10. Smartwatch penetration 2020. Statista. URL : https.//www.stati sta.com/statistics/1107874/access-to-smartwatch-in-
households-worldwide/ [accessed 2021-04-21]

11. Smartphone penetration in the US 2021. Statista. URL : https.//www.stati sta.com/statistics/201183/forecast-of -
smartphone-penetration-in-the-us/ [accessed 2021-04-21]

12. Statista. URL: https.//www.stati sta.com/topics/2711/us-smartphone-market/ [accessed 2021-04-21]

13. DiasD, Paulo Silva Cunha J. Wearable health devices-vital sign monitoring, systems and technologies. Sensors (Basel)
2018 Jul 25;18(8):2414 [FREE Full text] [doi: 10.3390/s18082414] [Medline: 30044415]

https://www.jmir.org/2021/9/e29875 JMed Internet Res 2021 | vol. 23 | iss. 9 | €29875 | p. 11
(page number not for citation purposes)

RenderX


https://jmir.org/api/download?alt_name=jmir_v23i9e29875_app1.docx&filename=4dcfadf62b6312f69b819475e5547dfd.docx
https://jmir.org/api/download?alt_name=jmir_v23i9e29875_app1.docx&filename=4dcfadf62b6312f69b819475e5547dfd.docx
https://jmir.org/api/download?alt_name=jmir_v23i9e29875_app2.docx&filename=d9a493f077c57c4068687cc09393a46b.docx
https://jmir.org/api/download?alt_name=jmir_v23i9e29875_app2.docx&filename=d9a493f077c57c4068687cc09393a46b.docx
https://jmir.org/api/download?alt_name=jmir_v23i9e29875_app3.xlsx&filename=bf40f204951a024dd86443954bb4bbf6.xlsx
https://jmir.org/api/download?alt_name=jmir_v23i9e29875_app3.xlsx&filename=bf40f204951a024dd86443954bb4bbf6.xlsx
https://jmir.org/api/download?alt_name=jmir_v23i9e29875_app4.xlsx&filename=e515b9492f2d8f27675cbc31ebfb4c2b.xlsx
https://jmir.org/api/download?alt_name=jmir_v23i9e29875_app4.xlsx&filename=e515b9492f2d8f27675cbc31ebfb4c2b.xlsx
https://playbook.dimesociety.org/
http://europepmc.org/abstract/MED/32494944
http://europepmc.org/abstract/MED/32494944
http://dx.doi.org/10.1007/s11897-020-00467-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32494944&dopt=Abstract
https://www.mdpi.com/resolver?pii=s17081866
http://dx.doi.org/10.3390/s17081866
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28805693&dopt=Abstract
https://dx.plos.org/10.1371/journal.pbio.2001402
http://dx.doi.org/10.1371/journal.pbio.2001402
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28081144&dopt=Abstract
http://dx.doi.org/10.1038/s41746-020-00378-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33420338&dopt=Abstract
https://www.jmir.org/2021/2/e26107/
http://dx.doi.org/10.2196/26107
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33529156&dopt=Abstract
http://dx.doi.org/10.21203/rs.3.rs-122775/v1
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
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
https://www.statista.com/statistics/1107874/access-to-smartwatch-in-households-worldwide/
https://www.statista.com/statistics/1107874/access-to-smartwatch-in-households-worldwide/
https://www.statista.com/statistics/201183/forecast-of-smartphone-penetration-in-the-us/
https://www.statista.com/statistics/201183/forecast-of-smartphone-penetration-in-the-us/
https://www.statista.com/topics/2711/us-smartphone-market/
https://www.mdpi.com/resolver?pii=s18082414
http://dx.doi.org/10.3390/s18082414
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30044415&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Shandhi et &

14.

15.

16.

17.
18.

19.

20.

21

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

35.

36.

Abraham WT, Adamson PB, Bourge RC, Aaron MF, Costanzo MR, Stevenson LW, CHAMPION Trial Study Group.
Wireless pulmonary artery haemodynamic monitoring in chronic heart failure: arandomised controlled trial. Lancet 2011
Feb 19;377(9766):658-666. [doi: 10.1016/S0140-6736(11)60101-3] [Medline: 21315441]

Amir O, Ben-Gal T, Weinstein JM, Schliamser J, Burkhoff D, Abbo A, et al. Evaluation of remote dielectric sensing (ReDS)
technology-guided therapy for decreasing heart failure re-hospitalizations. Int J Cardiol 2017 Aug 01;240:279-284 [FREE
Full text] [doi: 10.1016/j.ijcard.2017.02.120] [Medline: 28341372]

Goldsack J, Coravos A, Bakker J, Bent B, Dowling A, Fitzer-Attas C, et a. Verification, analytical validation, and clinical
validation (V3): the foundation of determining fit-for-purpose for Biometric Monitoring Technologies (BioMeTs). NPJ
Digit Med 2020;3:55. [doi: 10.1038/s41746-020-0260-4] [Medline: 32337371]

Digital Medicine Society (DiMe). URL : https.//www.dimesociety.org/ [accessed 2021-04-21]

Moher D, Liberati A, Tetzlaff J, Altman DG, PRISMA Group. Preferred Reporting Items for Systematic Reviews and
Meta-Analyses: the PRISMA statement. PLoS Med 2009 Jul 21;6(7):€1000097 [EREE Full text] [doi:
10.1371/journal.pmed.1000097] [Medline: 19621072]

Bent B, Wang K, Grzesiak E, Jiang C, Qi Y, Jiang Y, et al. The digital biomarker discovery pipeline: an open-source
software platform for the development of digital biomarkers using mHealth and wearables data. J Clin Trand Sci 2020 Jul
14;5(1):€19 [FREE Full text] [doi: 10.1017/cts.2020.511] [Medline: 33948242]

Manta C, Patrick-Lake B, Goldsack JC. Digital measures that matter to patients: a framework to guide the selection and
development of digital measures of health. Digit Biomark 2020;4(3):69-77 [FREE Full text] [doi: 10.1159/000509725]
[Medline: 33083687]

Carmody S, Coravos A, Fahs G, Hatch A, Medina J, Woods B, et a. Building resilient medical technology supply chains
with a software bill of materials. NPJ Digit Med 2021 Feb 23;4(1):34. [doi: 10.1038/s41746-021-00403-w] [Medline:
33623135]

McGraw D, Mandl KD. Privacy protections to encourage use of health-relevant digital datain alearning health system.
NPJ Digit Med 2021 Jan 04;4(1):2. [doi: 10.1038/s41746-020-00362-8] [Medline: 33398052]

Sieck CJ, Sheon A, Ancker JS, Castek J, Callahan B, Siefer A. Digital inclusion asa socia determinant of health. NPJ
Digit Med 2021 Mar 17;4(1):52. [doi: 10.1038/s41746-021-00413-8] [Medline: 33731887]

Coravos A, Doerr M, Goldsack J, MantaC, Shervey M, Woods B, et a. Modernizing and designing eval uation frameworks
for connected sensor technologiesin medicine. NPJ Digit Med 2020;3:37. [doi: 10.1038/s41746-020-0237-3] [Medline:
32195372]

Interoperability in healthcare. Healthcare Information and M anagement Systems Society. 2020. URL: https://www.himss.org/
resources/interoperability-healthcare [accessed 2021-04-21]

McNamee P, Murray E, Kelly MP, Bojke L, Chilcott J, Fischer A, et al. Designing and undertaking a health economics
study of digital health interventions. Am JPrev Med 2016 Nov;51(5):852-860. [doi: 10.1016/j.amepre.2016.05.007]
[Medline: 27745685]

Shaw J, Agarwal P, Desveaux L, Palma DC, Stamenova V, Jamieson T, et al. Beyond "implementation": digital health
innovation and service design. NPJ Digit Med 2018;1:48. [doi: 10.1038/s41746-018-0059-8] [Medline: 31304327]

Finelli L, Narasimhan V. Leading a digital transformation in the pharmaceutical industry: reimagining the way we work
in global drug development. Clin Pharmacol Ther 2020 Oct;108(4):756-761 [FREE Full text] [doi: 10.1002/cpt.1850]
[Medline: 32294230]

Doherty A, Jackson D, HammerlaN, Pi6tz T, Olivier B, Granat MH, et a. Large scale population assessment of physical
activity using wrist worn accelerometers. The UK Biobank Study. PLoS One 2017;12(2):e0169649 [ FREE Full text] [doi:
10.1371/journal .pone.0169649] [Medline: 28146576]

Badawy R, Hameed F, Bataille L, Little MA, ClaesK, Saria S, et al. Metadata concepts for advancing the use of digital
health technologiesin clinical research. Digit Biomark 2019;3(3):116-132 [FREE Full text] [doi: 10.1159/000502951]
[Medline: 32175520]

Dunn J, Runge R, Snyder M. Wearables and the medical revolution. Per Med 2018 Sep;15(5):429-448 [EREE Full text]
[doi: 10.2217/pme-2018-0044] [Medline: 30259801]

Mirvis D, Goldberger A. Chapter 13: Electrocardiography. In: Heart Disease. A Textbook of Cardiovascular Medicine.
Philadel phia, PA: WB Saunders; 2001:82-128.

Cybulski G, Strasz A, Niewiadomski W, Gasiorowska A. Impedance cardiography: recent advancements. Cardiol J
2012;19(5):550-556. [doi: 10.5603/cj.2012.0104] [Medline: 23042327]

Jackson A, Bolger D. The neurophysiological bases of EEG and EEG measurement: areview for the rest of us.
Psychophysiology 2014 Nov;51(11):1061-1071. [doi: 10.1111/psyp.12283] [Medline: 25039563]

Kovacs F, Horvath C, Balogh AT, Hosszl G. Fetal phonocardiography--past and future possibilities. Comput Methods
Programs Biomed 2011 Oct;104(1):19-25. [doi: 10.1016/j.cmpb.2010.10.006] [Medline: 21146247]

Inan OT, Migeotte P, Park K, Etemadi M, Tavakolian K, CasanellaR, et a. Ballistocardiography and seismocardiography:
areview of recent advances. |EEE J Biomed Health Inform 2015 Jul;19(4):1414-1427. [doi: 10.1109/JBHI.2014.2361732]
[Medline: 25312966]

https://www.jmir.org/2021/9/e29875 JMed Internet Res 2021 | vol. 23 | iss. 9 | €29875 | p. 12

(page number not for citation purposes)


http://dx.doi.org/10.1016/S0140-6736(11)60101-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21315441&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0167-5273(16)32225-2
https://linkinghub.elsevier.com/retrieve/pii/S0167-5273(16)32225-2
http://dx.doi.org/10.1016/j.ijcard.2017.02.120
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28341372&dopt=Abstract
http://dx.doi.org/10.1038/s41746-020-0260-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32337371&dopt=Abstract
https://www.dimesociety.org/
https://dx.plos.org/10.1371/journal.pmed.1000097
http://dx.doi.org/10.1371/journal.pmed.1000097
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19621072&dopt=Abstract
http://europepmc.org/abstract/MED/33948242
http://dx.doi.org/10.1017/cts.2020.511
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33948242&dopt=Abstract
https://www.karger.com?DOI=10.1159/000509725
http://dx.doi.org/10.1159/000509725
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33083687&dopt=Abstract
http://dx.doi.org/10.1038/s41746-021-00403-w
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33623135&dopt=Abstract
http://dx.doi.org/10.1038/s41746-020-00362-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33398052&dopt=Abstract
http://dx.doi.org/10.1038/s41746-021-00413-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33731887&dopt=Abstract
http://dx.doi.org/10.1038/s41746-020-0237-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32195372&dopt=Abstract
https://www.himss.org/resources/interoperability-healthcare
https://www.himss.org/resources/interoperability-healthcare
http://dx.doi.org/10.1016/j.amepre.2016.05.007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27745685&dopt=Abstract
http://dx.doi.org/10.1038/s41746-018-0059-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31304327&dopt=Abstract
http://europepmc.org/abstract/MED/32294230
http://dx.doi.org/10.1002/cpt.1850
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32294230&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0169649
http://dx.doi.org/10.1371/journal.pone.0169649
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28146576&dopt=Abstract
http://europepmc.org/abstract/MED/32175520
http://dx.doi.org/10.1159/000502951
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32175520&dopt=Abstract
https://www.futuremedicine.com/doi/abs/10.2217/pme-2018-0044?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub%3dpubmed
http://dx.doi.org/10.2217/pme-2018-0044
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30259801&dopt=Abstract
http://dx.doi.org/10.5603/cj.2012.0104
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23042327&dopt=Abstract
http://dx.doi.org/10.1111/psyp.12283
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25039563&dopt=Abstract
http://dx.doi.org/10.1016/j.cmpb.2010.10.006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21146247&dopt=Abstract
http://dx.doi.org/10.1109/JBHI.2014.2361732
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25312966&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Shandhi et &

37. Kamshilin AA, Nippolainen E, Sidorov IS, Vasilev PV, Erofeev NP, Podolian NP, et al. A new look at the essence of the
imaging photoplethysmography. Sci Rep 2015 May 21;5:10494. [doi: 10.1038/srep10494] [Medline: 25994481]

38. Dorsey ER, de Roulet J, Thompson JP, Reminick JI, Thai A, White-Stellato Z, et al. Funding of US biomedical research,
2003-2008. JAMA 2010 Jan 13;303(2):137-143 [FREE Full text] [doi: 10.1001/jama.2009.1987] [Medline: 20068207]

39. Listof NIH ingtitutes, centers, and offices. National Institutes of Health. 2015. URL: https://www.nih.gov/institutes-nih/
list-nih-institutes-centers-offices [accessed 2021-04-21]

40. DiMesLibrary of Digital Endpoints. Digital Medicine Society (DiMe). URL: https://www.dimesociety.org/
communi cation-education/library-of-digital -endpoints/ [accessed 2021-04-20]

41. Sdfety first: the nuances of health technology that can hurt your patients. Digit Med Society (DiMe). URL: https.//www.
dimesoci ety.org/saf ety-first-the-nuances-of -heal th-technol ogy-that-can-hurt-your-patients/ [accessed 2021-04-22]

42. Foschini L, Goldsack J, Continella A, Wang Y X. When fitness data becomes research data, your privacy may be at risk.
MobiHealthNews. URL : https.//www.mobiheal thnews.com/author/luca-foschini-jennifer-gol dsack-andrea-continel la-
and-yu-xiang-wang [accessed 2021-04-22]

43. Perry B, Herrington W, Goldsack JC, Grandinetti CA, Vasisht KB, Landray MJ, et a. Use of maobile devices to measure
outcomesin clinical research, 2010-2016: a systematic literature review. Digit Biomark 2018;2(1):11-30 [FREE Full text]
[doi: 10.1159/000486347] [Medline: 29938250]

44. Bent B, Goldstein BA, Kibbe WA, Dunn JP. Investigating sources of inaccuracy in wearable optical heart rate sensors.
NPJ Digit Med 2020;3:18. [doi: 10.1038/s41746-020-0226-6] [Medline: 32047863]

45. Sjoding MW, Dickson RP, lwashyna TJ, Gay SE, Valley TS. Racial bias in pulse oximetry measurement. N Engl JMed
2020 Dec 17;383(25):2477-2478 [FREE Full text] [doi: 10.1056/NEJM c2029240] [Medline: 33326721]

46. PubMed. URL: https://pubmed.ncbi.nim.nih.gov/ [accessed 2021-04-21]

Abbreviations
DiMe: Digital Medicine Society
DOD: Department of Defence
DOE: Department of Energy
NASA: National Aeronautics and Space Administration
NIH: National Institutes of Health
NSF: National Science Foundation
PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses
VA: Veteran Affairs

Edited by R Kukafka; submitted 23.04.21; peer-reviewed by C Manta, Y Man; comments to author 28.06.21; revised version received
02.07.21; accepted 12.08.21; published 15.09.21

Please cite as:

Shandhi MMH, Goldsack JC, Ryan K, Bennion A, Kotla AV, Feng A, Jiang Y, Wang WK, Hurst T, Patena J, Carini S, Chung J, Dunn
J

Recent Academic Research on Clinically Relevant Digital Measures: Systematic Review

J Med Internet Res 2021;23(9):€29875

URL: https://mww.jmir.org/2021/9/e29875

doi: 10.2196/29875

PMID:

©Md Mabashir Hasan Shandhi, Jennifer C Goldsack, Kyle Ryan, AlexandraBennion, AdityaV Kotla, AlinaFeng, Yihang Jiang,
Will Ke Wang, Tina Hurst, John Patena, Simona Carini, Jeanne Chung, Jessilyn Dunn. Originally published in the Journal of
Medical Internet Research (https://www.jmir.org), 15.09.2021. 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 the Journal of Medical Internet Research, is
properly cited. The complete bibliographic information, a link to the original publication on https.//www.jmir.org/, as well as
this copyright and license information must be included.

https://www.jmir.org/2021/9/e29875 JMed Internet Res 2021 | vol. 23 | iss. 9 | €29875 | p. 13
(page number not for citation purposes)

RenderX


http://dx.doi.org/10.1038/srep10494
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25994481&dopt=Abstract
http://europepmc.org/abstract/MED/20068207
http://dx.doi.org/10.1001/jama.2009.1987
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20068207&dopt=Abstract
https://www.nih.gov/institutes-nih/list-nih-institutes-centers-offices
https://www.nih.gov/institutes-nih/list-nih-institutes-centers-offices
https://www.dimesociety.org/communication-education/library-of-digital-endpoints/
https://www.dimesociety.org/communication-education/library-of-digital-endpoints/
https://www.dimesociety.org/safety-first-the-nuances-of-health-technology-that-can-hurt-your-patients/
https://www.dimesociety.org/safety-first-the-nuances-of-health-technology-that-can-hurt-your-patients/
https://www.mobihealthnews.com/author/luca-foschini-jennifer-goldsack-andrea-continella-and-yu-xiang-wang
https://www.mobihealthnews.com/author/luca-foschini-jennifer-goldsack-andrea-continella-and-yu-xiang-wang
https://www.karger.com?DOI=10.1159/000486347
http://dx.doi.org/10.1159/000486347
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29938250&dopt=Abstract
http://dx.doi.org/10.1038/s41746-020-0226-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32047863&dopt=Abstract
http://europepmc.org/abstract/MED/33326721
http://dx.doi.org/10.1056/NEJMc2029240
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33326721&dopt=Abstract
https://pubmed.ncbi.nlm.nih.gov/
https://www.jmir.org/2021/9/e29875
http://dx.doi.org/10.2196/29875
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

