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Key Points

• A common, unifying lexicon, including key terminology relevant to evaluation and regulatory accep-
tance and/or qualification, is necessary for the successful development of digital measures for use in 
medical product development.

• Early and continuous patient and stakeholder engagement is critical to defining a concept of interest 
that will remain relevant throughout the digital measure development process.

• Establishing proof of concept is a key step in de-risking further investment into developing a digital 
measure.

• Where regulatory acceptance and/or qualification is required, early engagement with regulators is 
critical.

• The evidence and approach required for digital measure evaluation mirror those required for regula-
tory acceptance and/or qualification of an endpoint.

• Evaluation in the absence of a high-quality comparator measure is highly challenging but also highly 
impactful, essential for innovating medicinal products in these indications and populations.
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Abstract
To support the successful adoption of digital measures into 
internal decision making and evidence generation for medi-
cal product development, we present a unified lexicon to aid 
communication throughout this process, and highlight key 
concepts including the critical role of participant engage-

ment in development of digital measures. We detail the 
steps of bringing a successful proof of concept to scale, fo-
cusing on key decisions in the development of a new digital 
measure: asking the right question, optimized approaches 
to evaluating new measures, and whether and how to pur-
sue qualification or acceptance. Building on the V3 frame-
work for establishing verification and analytical and clinical 
validation, we discuss strategic and practical considerations 
for collecting this evidence, illustrated with concrete exam-
ples of trailblazing digital measures in the field.
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Introduction

Maturation of the digital health field, and digital mea-
sures in particular, requires that successful proof of con-
cepts evolve into tools that can be the basis for decision 
making in clinical development. Frameworks have been 
proposed for the overall digital measure development and 
evaluation process [1], and specifically for the way in 
which a digital measure is evaluated as fit for purpose [2]. 
We build on those works to provide current examples of 
digital health measurement tools and extend those frame-
works by presenting key decisions and challenges at dif-
ferent stages of this journey, as well as practical consider-
ations at each step. Our motivation is to help those frame-
works to be applied and to support more highly relevant 
and high-quality digital measures to make the transition 
from proof of concept to scale. Here, we use examples to 
support the development of digital clinical endpoints for 
medical product development through collaboration and 
shared industry best practices and make recommenda-
tions for how to accelerate the process. Previously, adding 
novel digital measures to a trial was often perceived by 
industry as too risky. Given the COVID crisis, we argue 
that it is now too risky not to [3]. As our reliance on dig-
ital drug development tools increases, so too must the rig-
or and consistency of their evaluation.

The Digital Measurement Lexicon

A lack of a common, broadly accepted lexicon describ-
ing digital measures often leads to confusion when devel-
oping digital measures of health. In particular, the confla-
tion of measure, outcome, and endpoint tends to confuse 
discussion [4, 5], as well as overlap between development, 
evaluation, acceptance, and qualification of a new mea-
sure.

For the purpose of this article, we refer to digital mea-
sure as an all-inclusive term, encompassing all stages of 
maturity, settings, and technologies [4]. We will, howev-
er, restrict ourselves in referring to digital measures as 
those arising from “connected digital products” [6] and 
specifically focus on sensor-derived measures, i.e., we in-
clude active tests captured via a mobile platform and con-
tinuous, passive data collected from a wearable technol-
ogy but exclude electronic patient-reported outcomes 
and other subjective measures collected from mobile 
platforms.

Depending on the level of maturity, measures differ in 
terms of what they enable us to infer and state about an 

individual’s health. Put simply, getting from a simple 
measurement collected from a technology to a robust de-
cision-making tool for clinical care or research requires 
multiple stages of longitudinal validation alongside exist-
ing clinical practice [1]. Figure 1 summarizes how these 
different stages relate to each other as we move from de-
fining an initial concept through initial implementation 
and finally to the endpoint.

Development refers to the earliest phases of maturity 
starting with participant engagement and establishing ba-
sic feasibility and proof of concept. A key early result is 
defining meaningful aspects of health (MAH) and map-
ping these to concepts of interest (COI) which the new 
digital measure should address [7]. Evaluation is the 
structured assessment of the suitability of the proposed 
digital measure to address a specific COI. A successfully 
evaluated, robust digital measure can be used as an ex-
ploratory measure in clinical development or as a basis 
for internal decision making. We reference the V3 evalu-
ation framework of verification, analytical validation, and 
clinical validation as best practice for digital measure 
evaluation [2]. Note that our definition of evaluation fo-
cuses on the measure itself and not on the ability of a tech-
nology to capture a measure. This “technical” evaluation 
has been covered in depth elsewhere [1]. Use of a digital 
measure for decision making in clinical development re-
quires regulatory interaction and either acceptance or 
qualification [8, 9]. In line with US Food and Drug Ad-
ministration (FDA) guidance [8], we distinguish accep-
tance as being tied to an individual drug or biologic ap-
plication, from qualification which is a separate and gen-
eral process which allows use of the measure across 
applications, potentially without further justification. 
Qualified and accepted examples are contained in the 
FDA compendium (note that this compendium is not re-
stricted to digital measures) [10].

Choosing to pursue acceptance or qualification, a dig-
ital measure will be classified as either a biomarker or a 
clinical outcome assessment (COA). A biomarker is a de-
fined measure of normal or pathogenic processes, or re-
sponse to therapy, while a COA reflects how a given pa-
tient feels, functions, or survives. This choice is highly 
dependent on the context of use (COU) and the COI, and 
indeed a given measure can be classified as either, de-
pending on the COU. For example, gait speed as a mea-
sure of function and independence would be a COA, but 
as a predictor of later mortality it would be a biomarker.

Table 1 defines and gives examples of different mea-
surement development stages and types, and it gives ca-
nonical, non-digital examples as a comparison. In this 
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Digital measure

Digital biomarker

Clinical
endpointSensor

Developing variables from raw
sensor data may require

collection of PROs/clinical
data (“labels”) to train

algorithms

Biomarkers require
running studies to

demonstrate strong
correlation with known

measurements of disease

Studies to demonstrate that the
measure is a well-defined and

reliable assessment of a
specified concept of interest are

required to become a COA

Patient
engagement and
journey mapping

Symptom sensor
mapping

Digital COA

A surrogate endpoint is a
marker – such as a biomarker

or other measure – that
predicts, but is not itself a

measure of clinical benefit, and
can thus be substituted for a

clinical endpoint

Acceptance or qualificationDevelopment and evaluation

Table 1. Phases of digital measurement, definition, and examples

Phase Definition Canonical example Digital example

Proof of concept Development Measurement from a digital device that has not yet 
begun formal evaluation

N/A Passive monitoring of Parkinson patients [11] 
or individuals with mild cognitive impairment 
[12], smartphone-based eye tracking in autism 
spectrum disorders [13], movement patterns 
correlating with mood disorder classification 
[14]

Digital measure Evaluation Measurement from a digital device that has been 
assessed as verifiable and analytically and clinically 
validated

N/A Gait speed during active minutes [15]
Corridor gait speed in older adults at home  
[16]

Clinical outcome 
assessment

Acceptance or 
qualification

A well-defined and reliable assessment of a concept 
of interest that describes or reflects how a patient 
feels, functions, or survives

Self-reported 36-Item Short Form 
Survey physical function index [17]

FLOODLIGHT [18] mPOWER [19]
Cognition Kit [20]
PARADE [21]

Biomarker Acceptance or 
qualification

A defined characteristic that is measured as an 
indicator of normal biological processes, pathogenic 
processes, or a response to an exposure or 
intervention, including therapeutic interventions

Thalamic cholinergic innervation and 
postural sensory integration function  
and gait speed reduction in Parkinson 
disease [22, 23]

Median gait speed in conditions where the 
metric has been shown to predict other 
outcomes in sarcopenia [24, 25], GPS mobility 
in schizophrenia [26]

Surrogate endpoint Acceptance or 
qualification

A statistically defined n event or outcome that can  
be measured objectively to determine whether the 
intervention being studied is beneficial

40-m improvement on the 6-min walk 
test in pulmonary hypertension 
[27, 28]

Submaximal real-world gait speed in DMD is 
shown be sensitive to treatment response and  
to correlate with mobility COA [29, 30]

Fig. 1. From sensor to endpoint: the process of developing digital 
measures. Key phases of patient and stakeholder engagement, dig-
ital measure development and evaluation, and acceptance and 
qualification are outlined. Key practical differences are highlight-
ed. Left: development and evaluation; participant engagement de-
fines the key COI, sensor mapping defines how the COI might be 
captured, and this initial proof of concept is evaluated as a robust 
digital measure. This is typically done in a separate observational/
cross-sectional study or directly as an exploratory aim in a clinical 

trial (or substudy). Right: acceptance and/or qualification: the de-
veloped measure is assessed to be fit for purpose, enabling it to be 
used as a basis for clinical decision making, e.g., for inclusion deci-
sions, or promotion from exploratory to secondary endpoint. This 
process typically involves longitudinal clinical studies where the 
novel measure can be directly compared to the existing standard 
practice and/or gold standard measures. https://www.fda.gov/
drugs/development-approval-process-drugs/drug-development-
tools-ddts.
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rapidly moving field, it should be noted that a truly ac-
cepted lexicon is not yet established and many of these 
terms should be expected to further evolve in the future.

Now that we have established our lexicon, we will ad-
dress practical issues arising in the development and eval-
uation, and acceptance or qualification, of a new digital 
measurement.

Continuous Patient and Stakeholder Engagement

Evaluating a new measure and gaining acceptance or 
qualification is a long journey, which, depending on the de-
gree of novelty, can take as long as the time for drug discov-
ery itself [3, 29, 30]. We define measure development suc-
cess as creating a measure that: (1) matters to patients, re-
flecting aspects of their health and condition that are 
meaningful to them, and (2) is ultimately successful in sup-
porting the clinical development of new interventions that 
address the needs of patients. Measure development suc-
cess is dependent on getting the first steps of the process 
right; patient engagement in defining the COI and in the 
implementation of the digital measure is critical [31, 32]. 

Recent work has detailed the process of collecting par-
ticipant experience and converting that information into 
specific COI [5]. In Table 2, we recap the key concept 
definitions and reconcile with the framework for digital 
measures outlined above.

Patient and stakeholder engagement is inclusive of all 
people with direct experience of the disease in question 
and should involve all relevant groups including patients, 

caregivers, and healthcare practitioners. These individual 
groups should themselves be inclusive of all relevant de-
mographics in order to reveal whether those demograph-
ics are differentially impacted by the disease or otherwise 
have differing needs. For example, a recent qualitative 
study showed that technology adoption in older, low-in-
come, immigrant adults was heavily influenced by their 
cultural background [33].

There is an active body of research seeking to improve 
the science of patient engagement in biomedical research 
[7]. We cannot hope to summarize that work here, but 
medical product manufacturers seeking to follow European 
Medicines Agency (EMA) [9] and FDA Center for Drug 
Evaluation and Research (CDER) [34] guidance on partici-
pant involvement should invest in qualitative and quantita-
tive research around patient needs, in addition to the wide-
spread Key Opinion Leader interviews. However, non-su-
perficial implementation of patient and stakeholder 
engagement remains rare in biomedical research [35], and 
it extends to the development of digital measures [36, 37].

Poor patient and stakeholder engagement in the selec-
tion and development of new digital measures of health is 
particularly disappointing as highly engaged patient advo-
cacy groups already exist in many therapeutic areas, repre-
senting a broad range of patient needs. In addition to self-
organizing, many of these patient organizations have al-
ready taken large strides in articulating the needs of their 
community, as well as encouraging and enabling research 
to meet those needs. Excellent examples include: the Mi-
chael J. Fox Foundation [38], who have actively guided in-
vestigators toward key topics and played a major role in 

Table 2. Key concepts in mapping participant experience to digital measures

Concept Definition Patient input Considerations

MAH Aspect of a disease that a patient: (1) does not  
want to become worse, (2) wants to improve,  
or (3) wants to prevent

What do you wish that you could do, but your  
condition prevents you from doing it?
What part of your life is most frustratingly  
impacted by your condition?

May be shared across some conditions and  
diseases

COI Simplified or narrowed element that can be  
practically measured

What are the symptoms that most impact your  
ability to do these activities?

Patients may have different symptoms.
Symptoms may vary over time.
Symptom relevance may vary over time.

Measure Specific measurable characteristics Do these measures make sense to you? Measures may be relevant to multiple symptoms.
Assess technical specifications of sensor and  
whether it is suitable for measuring this outcome in 
this population.

Endpoint Precisely defined, statistically analyzed  
variables with demonstrated relevance to  
clinical benefit

How much change do we need to see in this  
symptom before it really starts to make a positive 
difference in your life?

Sensors may support multiple measures & end-
points

Reproduced and extended with permission from Manta et al. [5]

https://paperpile.com/c/nw1Fsg/OOOa
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putting Parkinson disease and related neurodegenerative 
conditions at the forefront of digital health research; the 
work of the Parent Project Muscular Dystrophy [39] helped 
bring focus to the research on this rare condition, ultimate-
ly shaping regulatory policy [40] and directly contributing 
to digital measure development [29, 30], and the American 
Association of Heart Failure Nurses have clearly articulated 
unmet needs from the patient perspective, including symp-
tom recognition and coordination of care [41].

Identifying unmet patient needs is critical because it 
defines the question you are trying to solve. Patient and 
stakeholder engagement may highlight needs unmet by 
current standard practice in several ways: by improving 
our basic understanding of the disease (e.g., a subpopula-
tion of patients may have a distinct set of needs not ad-
dressed by standard practice), by defining a new COI 
(e.g., a symptom underrepresented in clinical develop-
ment decision making), or by identifying COI which exist 
but are implemented in a burdensome or otherwise non-
face-valid way [32, 35, 42]. Equally, as for trial inclusion, 
it is important that diverse and representative cohorts be 
consulted to ensure that specific demographics are not 
under- or misrepresented [34]. 

Patient engagement will often identify MAH that are 
not currently addressed by available interventions or 
measures. These situations provide high-impact oppor-
tunities to develop new digital measures that are more 
clearly targeted at MAH versus traditional and potential-
ly less meaningful endpoints. Next, measure developers 
will map MAH to COI which, in turn, will provide the 
basis for developing a measure [7]. Many COI are rela-
tively easily converted into simple measures, but others 
tend toward higher-level concepts related to health-relat-
ed quality of life. In the former case, COI related to re-
strictions in activities of daily living [43] or upper limb 
mobility limitations can be directly measured in perfor-
mance tests [44]. In the latter case, the anxiety arising 
from being a patient cannot simply be reduced to a single 
measurement concept.

Working in partnership with patients and their care-
givers is critical to defining a COI that will remain rele-
vant throughout the long journey ahead [45].

Establishing Proof of Concept

Once a guiding COI has been established, initial inves-
tigations typically seek to de-risk further investment by 
demonstrating, on a smaller scale, that the proposed ap-
proach and the expected benefits are more than just hy-

pothetical in a proof of concept [46]. At this stage it may 
not be immediately obvious which data streams are most 
informative, requiring a head-to-head design comparing 
data from several sensors [47], or it may not even be clear 
that person-generated health data (PGHD) can even ad-
dress the question at all [48, 49]. The available technolo-
gies may not be sufficiently mature to deploy into clinical 
development (e.g., they may lack sufficient security pro-
visions or not meet General Data Protection Regulations 
(GDPR) which would exclude use in European sites, etc.) 
[50], or the protocol may otherwise require establishment 
[51]. Lastly, these smaller studies can demonstrate that 
the proposed approach is feasible, and has face validity 
with patients, and that we can reasonably expect patients, 
sites, and caregivers to shoulder the additional burden of 
contributing PGHD [52]. All trials are ultimately depen-
dent on patients contributing data and adhering to pro-
tocols, and thus early engagement of patients and their 
representative groups will minimize the chance that the 
proposed approach is not acceptable or otherwise lacks 
support of intended trial participants.

Note that we refer to person-generated health data 
[53], which is an updated definition of the original pa-
tient-generated health data [54]. This seemingly small 
change highlights that digital health, in particular through 
consumer health devices, has the potential to capture data 
from before a person becomes a patient and offer insights, 
for example, into early risk signals.

One way to establish proof of concept is in cross-sec-
tional, observational studies or substudy [51], or as an 
exploratory variable in a smaller (phase 2a or 2b) longi-
tudinal, investigational study [25]. Timelines and re-
sources tend to dictate which approach is taken. Separate 
studies are by definition independent and offer the chance 
to deploy a protocol focused only on the aim of beginning 
a deeper evaluation of the measure, but this can only be 
done with sufficient planning and time. Integrating the 
measure into a bigger study risks failure if the timelines 
or budget of the “main” study are threatened, but if suc-
cessful it offers a faster path to developing the evidence 
package required for the V3 evaluation framework [2] by 
collecting data for exploring clinical validation and even 
analytical validation and verification [55].

Evidence Generation for Evaluation

A successful proof of concept is a key step, yet several 
hurdles lie ahead when establishing a more complete 
evaluation of a new digital measure. The burden of evalu-
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ation has been conceptualized as a 2-dimensional matrix 
which groups strategies according to whether or not the 
COI/setting is novel and whether or not the measurement 
is novel [3]. In practice, these categories offer different 
availabilities of tools for evidence generation, which in 
turn strongly influence how straightforward it will be to 
establish analytical and clinical validation of your new 
measure.

Does a High-Quality Measure that Assesses the COI 
Already Exist?
This is the “simplest” situation, and it means your 

measure is an attempt to improve on an established mea-
sure, in the same setting. Analytical validation can be es-
tablished through a study design that allows simultaneous 
capture of both the established measure and new mea-
sure. Clinical validation is established by demonstrating 
equivalence to the established measure, which has been 
itself shown to be clinically valid. Examples in this case 
often seek to lower the burden (e.g., the new measure is 
easier to capture) [13, 56] or increase statistical perfor-
mance (e.g., the new measure demonstrates a lower inter-
test variability) [29].

A related concept is to capture PGHD during an estab-
lished performance assessment. Typically, such perfor-
mance outcomes are carried out as part of a battery of re-
lated tests (e.g., the Short Physical Performance Battery) 
[57] which require a lot of time and effort from patients and 
sites. Digital measures can reduce this burden in several 
ways, i.e., digital measures can enable subscores to be de-
rived and additional insights to be extracted from the as-
sessment (e.g., deriving gait parameters from a Timed-Up-
and-Go test) [29, 58]. Similarly, data from one measure can 
be used to predict or recapitulate the results of another, for 
example, by deriving results from physical performance 
tests, which contain sit-to-stand transitions and walking, by 
combining sit-to-stand data captured in a 5-times-sit-to-
stand test with walking data from a gait test [59].

It may also occur that a COI and established measure 
exists but in a different indication. Again, using the estab-
lished measure as a reference can quickly establish ana-
lytical validity, allowing the protocol to otherwise focus 
on collecting evidence to demonstrate clinical validity. 
This is similar to an established outcome measure gaining 
traction in other indications over time and becoming a 
generally accepted measure of a COI or MAH [60].

Does Standard Clinical Practice Address Your MAH?
In some cases, there is no directly comparable measure 

with the same COI, but the higher level MAH is assessed, 

for example, by clinician- or patient-reported scales. This 
means that, although head-to-head study designs are not 
possible, indirect comparison is possible (e.g., compari-
son of a monthly COA with a digital measure derived 
from continuously collected passive PGHD during the 2 
weeks prior to the COA) [25, 30]. In this situation estab-
lishing clinical validity (meaningfulness) may be more 
straightforward than for analytical validity (algorithm 
performance), which may require additional observa-
tional studies or otherwise specialist protocols that are 
difficult to implement within a bigger study. Most com-
monly this pertains to establishing a continuous, real-
world version of a clinical assessment, i.e., transitioning 
from a controlled environment to an uncontrolled envi-
ronment for data capture [51].

Such indirect comparison designs are common in the 
development of digital measures, because many of the 
MAH that participant engagement will introduce into de-
fining the COI lend themselves towards COA rather than 
biomarkers [7]. Thus many digital measures, especially 
actively performed tests, take a similar structure to COA, 
consisting of several subtests which together can be used 
to produce an overall picture of a patient’s disease state. 
Some examples, generally combining subjective and ob-
jective assessments, include the PARADE [21] and the 
Cognition Kit [20].

The potential to combine participant-reported symp-
toms and rating scales with PGHD from sensor technolo-
gies is a further extension of this concept [48]; indeed sev-
eral platforms add passive assessment capabilities as an 
extension, using the original active measure as the refer-
ence (e.g., FLOODLIGHT [18] and mPOWER [19] plat-
forms). One possible next step is to replace, prompt, or 
augment COA items and subscales with digital measures 
derived from PGHD. It has been shown that PGHD can 
be used to accurately predict subjective mobility [47], 
stress [61, 62], and fatigue [63] outcomes, demonstrating 
the potential of this idea.

Does an Effective Intervention Exist in Your 
Indication?
If the COI and the setting in which the new measure is 

deployed are novel, establishing analytical and clinical va-
lidity will be highly challenging as no reference measure 
exists. Viewed from a slightly different perspective, this 
also means that in these cases no tools to meet particular 
patient needs exist, indicating use cases where digital 
measures can have the greatest impact. 

A critically important tool to aid measure develop-
ment and evaluation for truly novel digital measures is the 
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presence of an existing treatment which supports genera-
tion of evidence to support clinical validity by showing 
that the new measure captures positive responses to in-
tervention. Examples include the mPOWER platform 
capturing improvement after Parkinson disease patients 
reporting taking medication (typically levodopa and do-
pamine agonists) [64], or improvements in submaximal 
gait speed in Duchenne muscular dystrophy patients fol-
lowing steroid treatment [29].

Such self-reported taking of medication can be used as 
“soft” annotations (as opposed to binary, “hard” annota-
tions like mortality) to develop new composite digital 
measures. In this case, soft annotations (or “labels” in ma-
chine learning terminology) indicate points in a PGHD 
time course with a statistical likelihood of seeing a signal 
change, which can be used to train an algorithm based on 
the assumption that symptom severity will change imme-
diately following treatment. This approach was used to 
develop the mobile Parkinson disease score [65].

An existing, effective intervention is also often a key 
component in demonstrating that a new measure is sensi-
tive to change, which is required in pursuing acceptance 
and qualification [9].

Evaluation without Robust References

In underserved indications and populations, the an-
swer can be negative to all of the above questions. Evalu-
ation in the absence of a high-quality comparator measure 
and effective intervention is highly challenging yet, as stat-
ed previously, highly impactful; the development, evalua-
tion and validation of novel digital measures is essential 
for innovating medicinal products for these populations. 
Examples might include work focusing on an orphan or 
rare condition, or where data generation is otherwise chal-
lenging and previous work is sparse. A worked example 
focusing on Alzheimer disease is provided below.

One option for developing digital measures to address 
the MAH of these patients may require a ground-up ap-
proach utilizing psychometric methods to establish util-
ity and clinical validity [45, 66, 67].

Alternatively, new measures can be established through 
natural history studies [68, 69]. Digital health approaches 
have the benefit of enabling highly dispersed patients to 
connect to each other and to participate in research [70] 
by giving researchers the tools to run the kind of remote 
and emerging trial designs required to monitor patients 
in their home environment over long periods of time 
[71]. Digital health tools can rapidly establish baseline 

measurements and the natural history course for these 
patients, which can both be used to establish the MAH in 
an underserved population.

A concrete example is Alzheimer disease, a condition 
with no curative or preventative therapies and only very 
few options to manage symptoms [72]. Diagnosis of Al-
zheimer disease is particularly challenging, and many 
emerging digital tools are not yet ready for use in trials, 
especially noncontrolled data capture [50]. Natural his-
tory studies, in particular “living laboratory” studies 
which allow for unobtrusive, continuous remote data 
capture in this vulnerable population [73, 74], are starting 
to make progress. Proof-of-concept and evaluated digital 
measures that are predictive of early cognitive decline 
have been found in PGHD describing computer use [75] 
and mouse movements [76], as well as gait speed captured 
in corridors [16] and mediolateral sway captured from 
sensorized weighing scales [49]. Developing digital mea-
sures in this setting has required significant investments, 
yet it addresses a significant need.

Pursuing Acceptance and/or Qualification

A thorough approach to evaluation of a new digital 
measure already lays much of the foundation for accep-
tance and/or qualification. A measure that meets the eval-
uation criteria outlined in V3 [2] is fit for purpose [4] and 
should be accepted for a given COU. As we stated earlier, 
use of the digital measure for regulatory decision making 
in clinical development requires regulatory interaction 
and either acceptance or qualification [8, 9]. 

When a new digital measure has been evaluated and 
proven successful as a meaningful assessment of health, 
this may mean that the measure already fulfils its purpose, 
for example, for internal decision making, or as a robust 
exploratory outcome, generating supporting information 
for market approval of an intervention, or substantiating 
marketing claims. Collecting evidence that supports mar-
keting prior to market authorization has been identified 
as having a potentially huge impact on the efficiency of 
clinical development [77].

However, the initial motivation of the measure devel-
oper, especially pharmaceutical or sensor technology 
companies, is often rooted in unsatisfactory tools for de-
cision making in phase 3. This can mean that monitoring 
adverse events or relevant MAH is unsatisfactory, or di-
agnosis or inclusion of patients is challenging.

Thus, although exploratory digital outcomes are rap-
idly gaining traction across clinical development, and es-
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pecially in phase 2 and 4 studies [6], the ultimate aim of-
ten remains that the measure can be used in decision 
making for market approval. Reaching this aim requires 
that health authorities agree that the measure can be a 
basis for evidence generation, either accepting a measure 
for use in a specific drug or biologic application or quali-
fying a measure for general use in addressing a specific 
COI and COU [8].

Health authority guidelines highlight the importance 
of early engagement to refine potential applications and 
highlight potential legal and regulatory issues. Both the 
EMA Innovation Task Force (ITF [78, 79]) and the FDA 
CDER Drug Development Tool (DDT [80]) guidelines 
provide paths to initiating this conversation by submit-
ting a letter of intent [81]. Typically discussions will focus 
on the intended use and early data covering verification 
and analytical validation. Ideally this is an iterative dis-
cussion, starting before evidence generation pertaining to 
clinical validation, as stated in guidance from the FDA [8] 
and the EMA [9]. Examples can also be found in publicly 
available briefing books [82].

Though pursuing acceptance and qualification re-
quires additional effort from the researcher, becoming a 
basis for decision making in clinical development is the 
only true way to ensure that the unmet needs defined in 
the earliest stage of measure development are met by 
those studies.

The Importance of Collaboration

Finally, it is important to emphasize the critical role of 
collaboration in digital measure development. Digital 
health is a highly multifaceted field, necessitating collabo-
ration across and between many different roles and even 
creating new ones [83]. Digital health bridges communi-
ties and should involve all stakeholders, especially those 
most directly impacted, i.e., the patients themselves, as we 
outlined above.

Taken from the perspective of clinical development, 
digital measures can be seen as tools to enable product 
development and other assets rather than as assets them-
selves. The view of digital measures as precompetitive 
tools is increasingly accepted and advocated for [37, 74, 
84, 85].

The impact and acceptance of measures is not just en-
hanced when all stakeholders collaborate in their devel-
opment, but the path from proof of concept to endpoint 
is only navigable when we come together to face chal-
lenges.

Conclusion

Digital health has come far in recent years. From 
schools of engineering to medical schools, many faculties 
are now offering graduate courses with a specific focus on 
digital health, and many more postgraduates are pursuing 
research in the field. In addition to academia, industry has 
contributed to a groundswell of proof of concepts, and it 
is increasingly incorporating digital measures into clinical 
development [6]. These examples demonstrate the poten-
tial of digital measures to impact many MAH, and we start 
to see the first proof of concepts which have transitioned 
into being a basis for decision making in clinical develop-
ment [30]. Contributing to decision making remains crit-
ical in making sure that the needs defined through patient 
and stakeholder engagement are met by clinical develop-
ment and raise the chances that new treatments address-
ing those needs will be brought to those patients.

To help accelerate this process, we clarify some of the 
digital health lexicon relevant to digital measures and 
build on the V3 framework [2], discussing key strategic 
and practical considerations when developing, evaluat-
ing, and seeking acceptance or qualification of new digital 
measures. Developing a new digital measure is a serious 
undertaking, often taking similar effort and time to bring-
ing a new therapy through clinical development; thus we 
highlight the importance of participant engagement and 
of early regulatory engagement if acceptance or qualifica-
tion is deemed necessary for achieving key milestones. 
Evaluation can also be made more efficient by commit-
ment to incorporate digital measures into earlier phases 
of clinical trials, publication of validation studies and data 
sets, and improved collaboration across and between in-
dustry and vendors.

The majority of examples provided here pertain to digi-
tal measures deployed as efficacy endpoints. Additional op-
portunities for digital health to improve care lie in the ex-
tension of the measures for deployment as diagnostics and 
for identification and inclusion [86]. Delayed diagnosis and 
insufficiently precise inclusion criteria have been cited as 
possible causes of the low and slow approval rates in neu-
rological and psychiatric disorders, as well as in chronic, 
high-prevalence cardiovascular conditions [87, 88].

To maintain and advance momentum in digital mea-
sure development and deployment, patient groups, re-
searchers, and companies must collaborate in intentional 
measure selection and robust evaluation in pursuit of ac-
ceptance or qualification of these novel tools. Digital 
measure development, for most pharmaceutical compa-
nies, is a precompetitive endeavor and the utility and ac-
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ceptance of measures is enhanced by multistakeholder 
collaboration. Indeed, the skills required for successful 
measure selection, development, and deployment rarely 
reside in one organization, necessitating a collaborative 
approach [3, 8, 24, 30, 85, 89]. Recent progress in digital 
measures for Parkinson disease highlights this point [84]. 
If we work together, digital health measurement can be-
come a mainstay of clinical development, maximally ben-
efiting patients and speeding and reducing the costs of 
developing therapies.

Search Strategy and Selection Criteria

References for this Review were identified through searches of 
PubMed and Google Scholar, prioritizing recent and original ar-
ticles. Articles were also identified through searches of publicly 
available material from the FDA and EMA. The final reference list 
was generated on the basis of novelty, originality and relevance to 
the broad scope of this Review.
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