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Abstract

As clinical trials evolve with technological advancements, wearable sensors 
and digital health technologies (DHTs) have significantly enhanced data collec-
tion by providing continuous, near real-time measurements. Traditional methods, 
constrained by infrequent site visits and subjective measures, often result in sparse, 
low-resolution data that limits understanding of patient outcomes. The adoption of 
wearables in drug development has led to the growth of novel digital endpoints across 
multiple therapeutic areas, such as stride velocity in Duchenne Muscular Dystrophy 
and physical activity in heart failure. Regulatory bodies have issued guidance sup-
porting the integration of DHTs, emphasizing objective endpoints. The US Food 
and Drug Administration’s Digital Health Center of Excellence and guidelines on 
remote data acquisition exemplify this support. Additionally, frameworks such as 
the Digital Medicine Society’s “V3+” standardize the validation of fit-for-purpose 
digital endpoints. Emerging analytical approaches for wearable sensor data, includ-
ing functional data analysis and handling missing data, further bolster the utility of 
digital endpoints in clinical trials. Collectively, these advancements allow for a more 
comprehensive and nuanced understanding of patient health, improving both the 
precision and applicability of clinical trial outcomes. Ultimately, the integration of 
digital endpoints revolutionizes patient monitoring, enhancing drug development 
and regulatory decision-making.

Keywords: digital endpoints, digital health technologies, verification and validation, 
clinical meaningfulness, data integration, functional data analysis, regulatory 
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1. �Introduction

As technology improves, clinical trials have broadened the range and types of data 
collected. Traditionally, data collection has been limited to specific time points during 
the trial when patients are required to visit the site. During these visits, various types 
of data are collected, including medical history, laboratory results, blood tests, gen-
eral wet biomarker data, clinical outcome assessments (COAs), and patient-reported 
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outcomes (PROs). Given the nature of certain assessments, such as wet biomarker 
data, patients must physically be present at the site for testing in many cases. One lim-
iting factor of such trials is that these visits are often infrequent throughout the course 
of the trial, thus leading to relatively sparse data points for each patient. This low 
resolution of data can pose further analytical challenges, limiting the understanding 
of changes happening within a patient when data is not collected. Another common 
issue inherent to data such as patient-reported outcomes is the increased variability 
due to a subjective measure, which can lead to difficulties in interpretation of data. 
The application of sensors and wearables provide a unique opportunity to address 
some of these limitations.

The general development of sensor technologies and their applications in the 
pharmaceutical industry have greatly expanded over the last decades, enhancing our 
ability to objectively monitor the health and safety of patients enrolled in clinical 
trials. From accelerometers measuring physical activity in patients with cardiovascu-
lar disease, continuous glucose monitors (CGM) measuring glucose in patients with 
diabetes, to electroencephalograms (EEGs) measuring electrical activity in patients 
with epilepsy, applications of sensors within the pharmaceutical industry have 
become a vital component of elucidating the underpinnings of disease and under-
standing the patient journey for a specific disease. Specifically, sensors have a unique 
utility in that they are often able to continuously monitor a patient and provide 
measurements in near real-time which is a departure from traditional data collected 
as part of a clinical trial [1].

Several regulatory agencies have recently provided feedback and guidance on the 
use of sensors and wearables in the pharmaceutical industry. A main utility of sensors 
is that they provide objective measurements and endpoints. For example, as stated 
by the European Medicines Agency (EMA) in its guideline on medicinal products 
for the treatment of insomnia, two complimentary types of trial data are necessary 
to demonstrate efficacy in a clinical development program: 1) subjective endpoints, 
such as self-reported outcomes and surveys, and 2) objective endpoints such as those 
coming from polysomnography sensor data. As further stated in the guidelines, while 
individual criteria for improvement may be important for clusters of patients, clear 
clinical improvement based on data from objective measurements such as multichan-
nel polysomnography is necessary to demonstrate clinical relevance and efficacy [2]. 
In the heart failure space, the U.S. Food and Drug Administration (FDA), has provided 
guidance that the effectiveness of a heart failure drug can be demonstrated based on 
improvements in clinical symptoms such as edema and fatigue, and/or also in func-
tioning, such as activities of daily living, exercising, etc. FDA further states that it will 
consider trials that utilize novel endpoints such as measures of functional capacity and 
daily activity, e.g. accelerometry data, as acceptable endpoints to a clinical trial [3].

In summary, traditional measures such as examining physical limitation through a 
six-minute walking test (6MWT) are important to identify such things as maximum 
physical capacity, however, data from sensors and wearables can provide a compli-
mentary data stream that gives insight to a patient’s physical functioning on a day-to-
day level. As noted by many regulatory bodies, sponsors, and payers, it is important 
to capture these functional capacity measurements to better understand some of the 
factors that patients feel are most reflective of their everyday life. Taken collectively 
with traditional data, data from sensors and wearables can provide a more cohesive 
understanding of a patient, the patient journey, and improve our understanding of 
important changes that are happening to the patient throughout the course of a  
clinical trial.
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2. �Current landscapes of novel digital endpoints

With the wide adoption of wearables devices in drug development, we have 
witnessed the rapid growth of digital endpoints to quantify treatment effects. In this 
section, we list examples of such novel digital endpoints across various indications.

2.1 �Stride velocity 95th centile for in ambulatory functions in Duchenne muscular 
dystrophy

Duchenne muscular dystrophy (DMD) is a rare, genetic-mutation-induced, 
neuromuscular disorder that causes skeletal and cardiac muscle to degenerate and 
leads to progressive muscle weakness and declining motor function in the pediatric 
population [4]. Assessments of motor functions in patients with DMD convention-
ally heavily rely on COAs such as 6MWT and the North Star Ambulatory Assessment 
(NSAA) [5, 6], which have been shown to be strongly impacted by factors such as 
patients’ motive, capability to understand instructions, and level of fatigue, etc. [7]

DMD patients typically have compromised walking capability, and thus they take 
significantly fewer steps and spend less time at moderate and high step rates [8]. 
Therefore, it is of great interest to quantify walking gaits using wearable sensors, 
which is an active area of research. Specifically, Stride Velocity 95th Centile (SV95C) 
is a digital measure of peak ambulation performance that represents the gait speed of 
the top 5% most rapid strides taken during a day in a real-world setting [7].

In 2019, SV95C measured by an ankle-worn wearable inertial sensor (ActiMyo®) 
was qualified by the EMA for use as a secondary endpoint in pivotal studies for DMD 
[9]. Furthermore, in 2023, it was qualified by EMA as the first approved primary 
endpoints for DMD in patients who are 4 years and older [10, 11]. It is currently being 
reviewed by FDA as a validated COA for DMD [12].

EMA particularly highlighted the advantages of using wearable-measured SV95C, 
such as, a continuous monitoring over relatively long periods in a home-setting, lower 
sensitivity to timing of the assessment (e.g. day and time of test), and less depen-
dence on patient motivation or subjective assessment as compared to established tests. 
Other advantages demonstrated in the SPITFIRE/WN40227 trial of taldefgrobep alfa 
include sensitivity to ambulatory decline over short intervals, low variability, and 
correlation with established COAs [7].

2.2 Cardiovascular disease and heart failure

An example of a therapeutic area where sensors and wearable devices have had a 
strong impact in the drug development process is cardiovascular disease and heart 
failure. Traditionally, the 6MWT has been considered the gold standard clinical end-
point for assessing physical limitation in these patients. For the assessment, patients 
are tasked with walking as far of a distance as they can within six-minutes and the 
value is recorded. While assessing a patient’s physical capability in a clinical setting 
provides valuable insights into their abilities, it only offers a limited view of their 
overall functioning. For instance, the 6MWT is conducted in a controlled environ-
ment, which may not accurately reflect the patient’s real-life physical capabilities. In 
contrast, data collected from wearables and biosensors allows researchers to gain a 
deeper understanding of a patient’s daily activity patterns in their natural surround-
ings. This type of data can help answer important questions, such as: 1) Over time, 
does the patient show an increase or decrease in daily physical activity levels? 2) Is the 
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patient able to sustain activity for longer durations? 3) What level of physical activity 
does the patient feel comfortable engaging in outside of the clinic? [13].

2.3 Wearable-measure nocturnal scratch for atopic dermatitis

Pruitus (itch) is the most common symptom for dermatological disorder such as 
atopic dermatitis (AtD), which notably is more severe during sleep and can impact 
sleep quality [14, 15]. Conventional clinical endpoints for AtD include clinician-
administered COAs such investigator static global assessment (ISGA) [16] which 
examines the body surface area of lesion, and patient reported outcomes (PROs) such 
as peak pruitus numeric rating scale (PPNRS) [17]. COAs cannot provide a holistic 
picture of how a patients’ life is impacted by skin conditions outside clinic, while 
PROs are subjective and may have recall biases [18].

Since the common reaction to the pruritus is scratching the affected area, which 
leads to additional inflammation and may further perpetuate the itch–scratch cycle, 
wearable sensors can be used to objectively quantify the scratching behavior [19]. 
In 2020, Yang et al. conducted a comprehensive literature review and identified 24 
objective scratch measurements approaches using different types of sensors [20].

Most of these studies predominantly use accelerometers to capture specific wrist 
and finger movement patterns during scratching. A notable example is by Mahadevan 
et al. who developed the first accelerometer data-based solution to detect nocturnal 
sleep window and then predict scratch counts and durations within these windows, 
using a combination of heuristic signal processing algorithms and machine learning 
[21]. This method has been refined to incorporate more advanced signal features and 
machine learning models [22].

Other sensors that have been explored include acoustic, vibratory, strain gauge and 
pressure sensors. Though, research on such sensors is still limited and remains to be 
further evaluated in a larger setting. However, there are more user-friendly form fac-
tors of devices that have a multi-modal sensor built in which shows good potential. For 
example, a ring equipped with an accelerometer and a contact microphone has been 
shown to not only detect scratching episodes but also assess scratch intensity [23].

Another recent literature review took a further step to address the gap in terms of 
lacking standardization of the measure’s definition and contextualization of noctur-
nal sleeping in order to bring forth a unified measurement definition for nocturnal 
scratch. Due to high prevalence of AtD and large market for its treatment, there 
has been cross-industry efforts to work in task forces to bring objectively measured 
nocturnal scratch to regulatory approval [24].

2.4 �Polysomnography-derived measures of sleep and daytime sleepiness for 
narcolepsy

Narcolepsy type 1 (NT1) is a rare condition caused by a deficiency in orexin 
peptide. This deficiency disrupts the normal stimulation of brain regions responsible 
for wakefulness. Excessive daytime sleepiness (EDS) is a hallmark symptom of NT1, 
causing significant impairment in daily functioning and activities of patients [25–27].

Contemporary clinical trials of wake-promoting agents in NT1 primarily use the 
Maintenance of Wakefulness Test (MWT) and a self-reported Epworth Sleepiness 
Scale (ESS) to assess treatment efficacy for EDS [28–30]. The MWT is an in-lab 
test that evaluates sleep onset latency (SOL) under sleep-inducing conditions dur-
ing patient’s usual awake time. It typically consists of four 40-minute wake trials, 
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recorded with standard polysomnography (PSG) that includes electrooculography 
(EOG), chin electromyography (EMG), EEG, and electrocardiogram (EKG). The 
SOL is determined based on a sleep technician’s assessment of PSG data, and a mean 
SOL across four wake trials is often used as an efficacy endpoint.

The rich PSG data from the MWT offers opportunities to derive and explore 
new objectively measured outcomes to characterize the agent’s therapeutic effect on 
daytime wakefulness. A notable example is Tracey et al. [31] who examined “micro-
sleeps” (sleep episodes lasting 3 to 15 seconds), sleep probability measures derived 
from automated sleep scoring, and EEG power band measures guided by previously 
reported correlations with subjective sleepiness [32]. These outcomes were evaluated 
in a phase 1B trial in NT1 and narcolepsy type 2, demonstrating response to treat-
ment. Authors hypothesized that the novel EEG-based biomarkers allowed to capture 
an individual’s ability to stay “truly awake and alert” (as opposed to “awake but 
drowsy”), complementing the traditionally used MWT outcome, SOL.

Characterizing the NT1 phenotype through nocturnal PSG (nPSG) is an active 
research area. Several sleep characteristics that distinguish narcolepsy patients from 
healthy controls have been identified, such as decreased sleep latency, REM sleep 
latency, and sleep efficiency [33–37]. While existing works have primarily focused on 
whole-night nPSG features, Vilela et al. [38] recently analyzed sleep in per quarter-
night segments and found that the differences between NT1 and clinical controls were 
most pronounced in the first quarter of the night. nPSG-derived features could poten-
tially be used as exploratory endpoints in clinical trials to assess the restoration of a 
healthy sleep phenotype in NT1. Additionally, a growing body of research explores 
the possibility of diagnosing narcolepsy using nPSG data alone [34, 39].

Finally, emerging wearable technologies for at-home EEG monitoring, [40] 
coupled with automated sleep staging software, may enable a scalable collection of 
longitudinal sleep measures in a naturalistic environment. These data may better 
reflect the daily burden of living with narcolepsy and other sleep-wake disorders 
than an episodical in-lab PSG visit. First examples of collaborations between at-
home EEG biotech and pharmaceutical companies to support clinical trials have been 
announced [41].

2.5 �Beyond efficacy endpoints: Other uses of digital wearable sensors in drug 
development

The examples above illustrate how wearable sensor data can be used to develop 
novel efficacy endpoints. Additionally, wearable sensors contribute to other drug 
development aspects, such as safety endpoints and patient diagnosis at screening, as 
shown below.

An ambulatory blood pressure monitor (ABPM) is a portable device for continu-
ous blood pressure and heart rate measurement over 24 hours or more. It consists of 
a small monitor, worn in a pouch on a belt or under a pillow at night, and an arm cuff 
that inflates during measurements [42]. ABPM is commonly used in clinical practice 
to diagnose hypertensive disorders [42]. In hypertension treatment development, 
blood pressure outcomes assessed through ABPM may serve as a primary endpoint 
(NCT00591578). ABPM may also be used for trial screening (e.g., to rule in/out a 
hypertensive disorder) and in other indications for safety evaluations. Specifically, 
in 2022, the FDA issued a revised draft guidance, “Assessment of Pressor Effects of 
Drugs Guidance for Industry” [43]. This guidance advises sponsors on assessing 
unintended blood pressure effects in the context of all drugs in development. The 
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Figure 1. 
Digital endpoints library.

FDA recommends including in a trial a thorough blood pressure assessment for any 
drug intended for chronic use, and recommends using ABPM for this purpose, as it 
can detect small but potentially relevant changes in blood pressure.

The Home Sleep Apnea Test (HSAT) device is a portable tool used to diagnose 
obstructive sleep apnea (OSA), a condition characterized by pauses in breathing 
during sleep. It is designed to enable unsupervised use at home. The HSAT device 
typically consists of a small recorder worn on a belt around the chest, a nasal cannula 
with sensor prongs to be placed inside nostrils, and a finger sensor to measure oxygen 
saturation. These sensors connect to the recorder, which tracks various measures, 
including breathing effort, body position, air pressure during inhalation and exha-
lation, snoring, pulse rate, and oxygen saturation [44]. In clinical trials in people 
with moderate to severe OSA, the HSAT device has been used as an alternative to 
in-lab PSG for moderate or severe OSA diagnosis during screening (NCT05814016). 
Notably, in the “Clinical Use of a Home Sleep Apnea Test: An Updated American 
Academy of Sleep Medicine Position Statement” in 2018, [45] the American Academy 
of Sleep Medicine (AASM) recommends that HSATs may be used as an alternative 
to PSG for diagnosing OSA in uncomplicated adults with signs of moderate to severe 
OSA, but only after a face-to-face examination by a medical provider (in person or via 
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telemedicine). The diagnosis “must not be based solely on automatically scored HSAT 
data” and the raw data from HSAT devices must be reviewed by a sleep medicine 
specialist.

2.6 Digital medicine society (DiME)‘s digital endpoints library

Digital Medicine Society (DiME) was founded in 2020 as a professional society for 
the advancement of the digital medicine community. It has since inspired multiple 
pre-competitive communities and consortiums and moreover established multiple 
cross-industry frameworks to ensure the proper development and application of 
digital endpoints.

As a rapidly growing field, there have been continuous efforts to deploy wearable 
sensors and use them to collect clinical endpoints for trials. In order to keep up with 
the pace, DiME maintains a live resource, i.e. the digital endpoints library, bench-
marks progress in the field and highlights the work we must continue to do to advance 
the use of digital endpoints to speed medical product development. As of mid 2024, 
the link to the library is https://dimesociety.org/library-of-digital-endpoints/. The 
library is organized as a dashboard displaying trial-related information such as 
1) sponsors/times/NCT registration number, 2) endpoints used and whether it is 
primary or secondary, 3) clinical indication, 4) phase of the study, 5) symptoms of 
interest, etc. This library serves as a resource for industry sponsors to leverage what 
has been done in the field. A screenshot of the library can be seen in Figure 1.

3. �Regulatory and industry-wise guidance and framework on fit-for-
purpose use of wearable sensors

The successful adoption of wearable sensors in drug development requires joint 
efforts from across the industry, including sponsors, device companies, research 
institutes, and regulators etc. In order to summarize the lessons learned and avoid 
reinventing the wheel, there has been cross-industry efforts in developing generaliz-
able guidance and framework for the development and application of fit-for-purpose 
digital endpoints.

3.1 Regulatory efforts and guidance

The FDA has publicly stated the potential benefits digital health technologies 
(DHTs) such as wearables bring to the drug development process and is committed to 
supporting the use of DHTs in clinical drug development. Meanwhile, FDA has devel-
oped a comprehensive program to collaborate with relevant parties in this space. In 
September 2020, FDA launched the Digital Health Center of Excellence to empower 
stakeholders and advance health care by fostering responsible and high-quality digital 
health innovation [46]. This center created a diverse series of programs and frame-
works to promote the wide use of DHTs.

Internally, FDA has established the DHT Steering Committee which consists of 
senior staff from several of their internal divisions, and other branches to oversee 
activities to assist organizational units with consistent approaches to the review of 
drug submissions that contain DHT-derived data [47, 48]. The new group provided 
technical expertise and trainings in key aspects such as endpoint verification and 
validation, device updates, and the use of a participant’s own DHT [47].
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FDA is also proactively engaged with external stakeholders through various 
programs such as the Drug Development Tool (DDT) Qualification Program [49] 
which aims to support the development of tools for use in assessing medical products. 
The program focuses on developing tools that may be relied upon in multiple clinical 
investigations to support premarket submissions for drugs where the context of use is 
the same.

The other major effort from FDA is the release of the final guidance on “Digital 
Health Technologies for Remote Data Acquisition in Clinical Investigations” which 
provides recommendations on the appropriate use of DHTs in clinical trials [1]. As 
the first of its kind official regulatory guidance, it provides consensus and expecta-
tion on a couple of key aspects as illustrated in Figure 2. For study design, operation, 
and submission with DHTs, the sponsor has to ensure and document the device is 
fit-for-purpose. For device verification and validation, the document sets up expecta-
tions, such as type of validations against reference measurements. It also specifies 
the potential difference between remote and site-based clinical data collection, and 
that certain validation studies and usability evaluations can be conducted in healthy 
volunteers and individuals with varying degrees of disease severity. The guidance 
also describes what defines and constitutes a novel digital endpoint that captures the 
concept of interest. Furthermore, it states the importance of considering events that 
may impact data collection and interpretation, and missing data under the estimand 
framework. Last but not least, it emphasizes the specific risk associated with clini-
cal events and device-related privacy and how informed consent should be used to 
appropriately inform the patients on how their device data will be collected and used 
to ensure protection of data and trust.

The EMA has also released several pieces of guidance related to wearables and 
sensors [50–52]. The “Regulatory Science Strategy to 2025”, developed by the EMA 
outlines strategic goals directly relevant to DHTs [53]. Additionally, the EMA has 
actively explored the use of digital measures in specific drug development contexts, 
such as the SV95C for DMD discussed earlier.

3.2 Digital medicine society (DiME)‘s efforts and guidance

DiME’s hallmark contribution to the field is the so-called “V3” framework released 
in 2020, as the first of its kind cross-industry framework to evaluate the develop-
ments of fit-for-purpose digital endpoints using digital health technologies [54]. This 
framework was further enhanced to “V3+” which defines the scopes and responsible 

Figure 2. 
FDA’s DHT guidance.
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parties for 1) verification, 2) usability validation, 3) analytical validation, and 4) 
clinical validation before any clinical utility, as illustrated in Figure 3 [55]. The 
framework clarifies core terminology and best practices for the evaluation of novel 
digital endpoints and the device they are collected from. The “who, what, when, 
where, why”, together with the expected documentations and clinical rational for 
each component has been defined. Specifically, the added “usability validation” aims 
to ensure user-centricity and scalability of high-quality digital measurement tools, 
and pre-identified potential user-related risks. Since its establishment, “V3” (and 
inherently “V3+”) have been widely utilized for deploying a new digital endpoint 
in clinical trials. However, it is important to note that the framework has not been 
formally endorsed by regulators.

Another of DiME’s contribution is the release of ‘The Playbook – Digital Clinical 
Measures” to guide remote monitoring across clinical research, clinical care, and 
public health [56]. The Playbook defined a foundation for developing and deploying 
digital clinical measures based on three components, namely, 1) measure, i.e. what do 
you want to measure and why; 2) technology, i.e. what are the right tools for the job, 
and 3) operation, i.e. what’s needed to deploy remotely at scale. For example, as for the 
measure component, the Playbook proposes the 3-step procedure to develop meaning-
ful digital measures: determine the meaningful aspect of health (e.g. “I want to be 
more physical active”), identify the concept of interest (e.g. “physical activity”), and 
identify outcomes to be measured (e.g. “daily step counts”). Additionally, the “V3+” 
framework provides a validation procedure to choose the “right technology”. At last, 
key operational considerations may include, device distribution, site training, and 
compliance monitoring etc. In summary, the framework offers a checklist that covers 
several aspects of clinical studies with wearable sensors and other digital health 
technologies.

3.3 Clinical validity and clinical meaningfulness

As suggested by the FDA’s guidance and DiME’s “V3+” framework, clinical valida-
tion is a key step to ensure the use of device-measured digital endpoints which can be 
clinically utilized to develop new medical product in patients with a specific indica-
tion and can answer the clinical question of interest. It evaluates whether the device 
acceptably identifies, measures, or predicts a meaningful clinical, biological, physical, 
functional state, or experience in the specified context of use [54].

Figure 3. 
DiME’s V3+ framework.
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The recent EMA opinion document of SV95C for DMD as the primary end-
points specifies a framework and the associated analytical considerations to 
evaluate the clinical validity of digital endpoints for a specific indication [11]. It 
is worth noticing that such a framework was adopted from psychometric analyses 
for the validation of PROs, which covers the psychometric properties of PROs 
such as content validity, construct validity, and responsiveness (or the ability to 
detect change) [57]. The key components in such framework and the commonly 
used analytical tools are summarized in Figure 4. The evaluation of “known group 
difference” and “convergent criteria”, together define the construct validity which 
means the degree to which the measurement of interest are consistent with inter-
nal relationships, relationships with scores of other instruments, or differences 
between relevant groups [58].

Such framework will also set up the foundation for the next step to determine 
within-patient meaningful change (WPMC, i.e. improvement and deterioration from 
the patients’ perspective) using either anchor-based methods or distribution-based 
methods, or both [59]. The FDA’s Patient Focus Drug Development Guidance 4 
specifically laid the foundation for the anchor-based and distribution-based methods, 
such as how sponsors should select the recall periods and anchors used, and the fact 
that how one should supplement anchor-based methods with empirical distribution-
based methods [60].

4. �Emerging analytical approaches for clinical trials with wearable sensors

Many wearable sensors such as accelerometers and CGM, collect data passively 
and frequently, leading to rich streams of complex time-series signals from which 
outcome measures are derived using algorithms. Careful consideration for analyti-
cal approaches is needed when deriving clinical endpoints in drug development 
programs to ensure that they are robust and reliable to enable regulatory decision 
making. In this section, we review emerging statistical analysis methods for wearable 
sensor-based data.

Figure 4. 
Conceptual and analytical framework for clinical validation. PGIS: patient global impression of severity. PGIC: 
patient global impression of change. MMRM: mixed models with repeated measurement. CFB: change from 
baseline. PRO: patient reported outcomes.
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4.1 Integration of wearable-measured data from multiple domains or modalities

Nowadays, a number of sensors (e.g. heart rate monitor, thermometer, pulse 
oximeter (SpO2), continuous glucose monitoring) can be packaged together in one 
integrated wearable device (e.g. Apple Watch). In the meantime, even the same device 
can simultaneously measure a wide variety of different physiological domains. For 
instance, a single accelerometer can measure day-time physical activity, night time 
sleep quantity/quality, and 24-hour circadian rest/activity rhythms, each has its own 
clinical implication [61]. With features derived from multiple domains or modalities, 
one can directly combine those features in linear or nonlinear fashions using statisti-
cal and machine learning models [62].

However, another innovative way to evaluate data from multiple modalities is to 
separate the joint effects that are homogenous across different modalities from the 
modal-specific effects. The Joint and Individual Variation Explained (JIVE) approach 
was developed to serve this purpose, and can decompose multi-modal data into a low-
rank approximation capturing joint variation across data types, low-rank approxima-
tions for structured variation individual to each data modal [63]. JIVE was applied to 
integrate accelerometry-derived features quantifying three physiological domains of 
activity, sleep, and circadian rhythm to quantify and separate between- and within-
domain variation [64]. More recently, JIVE has been applied to evaluate the associa-
tions between joint and individual components from activity, sleep, and circadian 
rhythm with current and remitted major depression disorder [65]. The same concept 
can be directly implemented to study features derived from multi-modal sensors and 
such an approach can be further evaluated for clinical use.

4.2 Functional data analysis

Modern sensors can measure various physiological variables in a near-continuous 
manner. This provides an opportunity to have a granular assessment of individual’s 
and population’s trends. For example, trends across time of a day can be studied in 
physical activity data recorded at minute-level across a day(s). Such analyses can be 
handled with functional data (FD) analysis, a relatively new field of statistics that 
deals with data where an ideal unit of observation is a function defined on some 
continuous domain (as opposed to a scalar value), and the observed data is a function 
recorded on a discrete grid [66].

On the technical side, many FD analysis methods approximate a vector of observa-
tions through a basis of functions, offering several advantages over traditional mul-
tivariate techniques that could be alternatively considered. FD analysis allows for the 
representation of information in low-dimensional spaces, possibly leading to more 
powerful hypothesis testing and better predictive models. Additionally, FD analysis 
methods may reduce noise and outliers’ effect, improve computational efficiency, 
and enable evaluation of the underlying function at any point in a continuous domain 
(as opposed to being restricted to a set of points of data collection), offering better 
interpretability [67, 68].

Several FD analysis techniques and models have been proposed in recent years. 
Functional principal component analysis, [69] an extension of multivariate principal 
components analysis, describes the variability of a sample of curves by decompos-
ing the space of curves into principal directions of variation. Functional regression 
models incorporate functional outcomes and/or functional predictors into the model 
[70–72]. For instance, in function-on-scalar regression, a functional coefficient 
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represents a varying nonlinear effect of a covariate on the functional outcome. Recent 
advancements have extended generalized linear models and other frameworks to 
include functional components and address multilevel functional data structures 
[73–76].

On the application side, FD analysis has been widely used to quantify physical 
activity from wearable accelerometer data, [77–79] glucose profiles from continuous 
glucose monitors, [80] white-matter tract profiles from diffusion tensor imaging, 
[81] cellular organization in tumor microenvironment studies, [82] and changes in 
sleep-related arousal after ketamine treatment in people with depression [83]. In drug 
development, FD regression has been applied to model dose–response curves [84]. As 
FD techniques advance in both theory and availability of methods implementation, 
[85, 86] they are expected to play a growing role in developing digital biomarkers, 
enabling a more detailed quantification of patterns in wearable sensor data.

4.3 Composite endpoints

Composite endpoints combine multiple clinically relevant outcomes into a single 
measure that may be used in clinical trials to assess treatment efficacy, particularly 
when diseases have complex, multidimensional presentations. They may help 
improve the statistical power of the tests, allowing for smaller sample sizes and 
shorter follow-up periods, but they require careful interpretation to avoid misinform-
ing clinicians and policymakers [87, 88]. Since wearable sensors can simultaneously 
measure multiple physiological variables, it is natural to consider creating composite 
endpoints by combining several digital measures into a single outcome.

Notable examples come from monitoring disease progression in amyotrophic 
lateral sclerosis (ALS), a neurodegenerative disease characterized by a gradual 
loss of motor neurons, leading to progressive muscle weakness and eventually 
death [89]. To date, a few works have demonstrated the use of individual measures 
derived from wearable accelerometers, step-counters, and smartphone sensors 
to quantify ALS progression [90–93]. In Gupta and colleagues, [94] a composite 
endpoint was created by combining measures derived from accelerometer data col-
lected continuously at home to produce severity scores for each limb via machine-
learning. The authors showed that the obtained severity scores demonstrated faster 
progression (larger estimated decline per year with smaller standard deviation) 
than ALS Functional Rating Scale-Revised (ALSFRS-R), a commonly used scale to 
track ALS progression in contemporary clinical trials. Neumann and colleagues [95] 
developed a composite endpoint by creating optimal linear combination of multiple 
speech biomarkers to enhance discrimination between bulbar and non-bulbar onset 
in ALS and disease progression monitoring. The authors emphasized the clinical 
interpretability of their composite endpoint due to the understanding of relative 
contributions of each feature, making their approach potentially valuable for ALS 
pharmaceutical trials.

4.4 Address missing data from wearables

While conventionally much work has been reported on the evidence to support 
device selection and reliability of digital measures, in recent years, there has been 
consensus on the importance of how to deal with missing data in wearable sensor-
collected time-series data.
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In 2022, Di et al. provided discussion on handling missing data from the perspec-
tive of study design, operation, and analytic approaches [96]. The work reviewed 
characteristics of wearable sensor data that cause issues related to missing device data. 
For those researchers who are considering analyzing wearable sensor-based data, this 
work provided a reference for statistically sound approaches to address missingness, 
and can inspire further methodological innovation and applications to correctly 
handle DHT missing data, enabling the derivation of reliable and clinically meaning-
ful digital endpoints for use in clinical trials. This paper presented some techniques 
such as sparse functional data analysis to analyze continuous time-series signals with 
a chunk of missing data in specific time windows, and treating partially observed 
days (i.e. days with shorter than enough wearing time) as right-censored data.

4.5 Artificial intelligence (AI) and machine learning

The vast variety, large volumes, and immense potential of data collected by 
wearable devices make this domain an ideal candidate for leveraging advanced AI/ML 
methods. In turn, the continuous, high-dimensional data from wearables helps fuel 
AI/ML techniques to create novel DHT-based data products.

One example of an ML-powered product is the development of nocturnal scratch 
detection discussed above, which demonstrates an ideal use case for supervised ML 
methods. The continuous nature of device signals is perfectly suited to deep learning 
models like convolutional neural networks (CNNs) and recurrent neural networks 
(RNNs). For instance, Acharya and Basu developed a hybrid CNN-RNN model 
to classify breathing sound anomalies (e.g., wheezes, crackles) for the automated 
diagnosis of respiratory and pulmonary diseases using various recording devices [97]. 
Similarly, Hssayeni et al. applied a long short-term memory (LSTM) model to detect 
tremor severity (both resting and action tremors) in Parkinson’s disease (PD) patients 
using accelerometer and gyroscope data [98].

However, labeling large amounts of data is both costly and time-consuming. As 
a result, methods that efficiently exploit unlabeled data while minimizing labeling 
efforts are highly desirable. Semi-supervised learning approaches are particularly 
promising in this context, as they can utilize a combination of limited labeled data 
and large volumes of unlabeled data. For example, Yang et al. developed a semi-
supervised learning algorithm that identifies near-miss falls among ironworkers 
without disrupting jobsite activities, potentially preventing fall accidents through the 
use of wearable inertial measurement units [99].

5. �Concluding remark

The integration of novel digital wearable sensors into drug development holds 
significant promise for transforming how pharmaceutical companies measure clinical 
endpoints across a range of indications. As discussed, wearables offer a unique ability 
to capture continuous, real-world data, providing deeper insights into patient health 
and treatment efficacy. The FDA’s guidance on DHT and frameworks like DiME’s “V3” 
are crucial in standardizing the use of these technologies, ensuring their adoption is 
both scientifically rigorous and clinically meaningful.

While the potential is vast, several challenges remain. The primary hurdles 
include ensuring data accuracy and reliability, addressing privacy concerns, increas-
ing patients’ compliance, and overcoming the complexities of data integration 
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into existing regulatory pathways. Moreover, the need for innovative analytical 
approaches to make sense of the vast amounts of data generated by wearables cannot 
be overstated. As the industry continues to navigate these challenges, collaboration 
between technology developers, regulatory bodies, and pharmaceutical companies 
will be essential.

Ultimately, the future of drug development may well hinge on how effectively 
these challenges are addressed. Wearable sensors represent not just a technological 
advancement but a paradigm shift in how we approach patient monitoring and treat-
ment development, promising a more personalized and precise era of medicine.
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