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Abstract

Background: Personalized medicine requires an understanding of health conditions in real-world settings, but traditional
clinical tools are often poorly suited for longitudinal tracking due to logistical hurdles, high participant burden, and data quality
issues. While consumer wearables offer a scalable alternative, decentralized clinical trials introduce new challenges in patient
recruitment, sustained engagement, and data management. Insomnia serves as a suitable use case for this protocol due to
its global prevalence, frequent underdiagnosis, and the well-documented discrepancy between subjective patient reports and
objective physiological metrics.

Objective: We present a research protocol for large-scale decentralized clinical trials and report its recruitment performance,
applied to a longitudinal study on insomnia, called the SLEEPI (Smart Devices—Based Longitudinal Assessment of Patterns
of Insomnia) study, using an established base of commercial devices with limited additional manual intervention. This study
aims to develop a machine learning model classifying subjective insomnia presence at the participant level against DSM-5-TR
(Diagnostic and Statistical Manual of Mental Disorders, Fifth Edition, Text Revision) criteria.

Methods: Two data streams are collected: subjective, clinically anchored patient reports and objective physiological metrics
(eg, heart and respiratory rates) captured via unobtrusive wearable and nearable sensors. This study is executed through a
digital protocol designed to conduct a large-scale, longitudinal clinical trial. This protocol replaces the manual interventions
of site-based studies with digital tools that manage the full participation process. We detail this protocol from initial recruit-
ment through engagement, adherence, study monitoring, and data management to study completion or withdrawal. The data
collected are intended to train and evaluate a machine learning model for subjective insomnia classification. The recruitment
objectives were determined by using simulations to determine the minimal sample size for that purpose and by applying a
prospective attrition model to calculate the initial contact volume needed to reach that targeted sample.

Results: This protocol enables the continuous monitoring of over 10,000 individuals for 26 weeks. Enrollment metrics
exceeded projections: initial survey response rates reached 16% (vs 10% projected), the consent rate was 96% (vs 77%
projected), and the final inclusion rate was 90% (vs 81% projected). Recruitment opened in February 2025, and the initial wave
closed 6 weeks later with 10,823 individuals included. Data collection is projected to end in June 2027. Preliminary analyses
have been conducted, and the first results are expected in the summer of 2027.
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Conclusions: This protocol uses preexisting user bases of connected devices to conduct the trial with limited additional
manual intervention. Beyond insomnia, the protocol is intended as a model for generating large-scale, real-world clinical
datasets, presenting new opportunities for research in other complex areas such as immunology, mental health, and cardiovas-

cular diseases.

Trial Registration: ClinicalTrials.gov NCT07430878; https://clinicaltrials.gov/study/NCT07430878

International Registered Report Identifier IRRID): DERR1-10.2196/92341

JMIR Res Protoc 2026;15:€92341; doi: 10.2196/92341

Keywords: decentralized trials; large-scale clinical trials; insomnia; digital protocol; longitudinal data collection; wearables;

nearable devices; continuous monitoring; digital questionnaires

Introduction

Insomnia is a prevalent chronic sleep disorder characterized
by difficulties in initiating or maintaining sleep, leading
to significant daytime impairments such as fatigue and
concentration difficulties [1,2]. The disorder affects approx-
imately 30% of the world population [3-5], yet it remains
frequently underdiagnosed, with fewer than 15% of affected
individuals seeking medical intervention [6]. One challenge
in its characterization is the notable discrepancy between
patients’ subjective reports and objective metrics obtained
using standard assessment tools [7,8]. Although diagnosis
currently relies on clinical evaluation of subjective patient
reports, it could be augmented and refined by objective,
longitudinal data analysis [6,9].

Traditional data collection devices have well-documen-
ted limitations that impede the application of data science
techniques to clinical research on insomnia: actigraphy can
erroneously interpret prolonged wakeful immobility as sleep
[10], while polysomnography is resource-intensive, obtrusive,
and is generally limited to 1 or 2 nights, which is an
inadequate time frame for capturing the natural variability
of sleep patterns over time [11,12]. The datasets collected
with these instruments are not only inadequate for training
machine learning (ML) models but also present methodo-
logical issues. Despite European guidelines recommending
large sample sizes [1], studies frequently include only up to
100 participants [13,14], which is insufficient to train ML
models that can generalize across diverse demographic and
clinical subgroups within the study sample, such as sex, age,
BMI, race, and socioeconomic status [15]. Moreover, data
collection periods are often too brief, typically lasting 1 to
8 nights [16-21], which falls short of the 14 nights to 2
months recommended to capture the disorder’s variability
[22]. Furthermore, these datasets usually lack demographic
diversity (eg, cohorts consisting only of male participants
[23]) and rely on data from artificial laboratory settings [24,
25] that fail to reflect real-world patient conditions.

Our central hypothesis is that ML models, when trained on
high-dimensional and longitudinal sensor data, can identify
objective physiological signatures predictive of a patient’s
subjective experience of insomnia, thereby elucidating
complex, nonlinear relationships that traditional methods such
as actigraphy fail to capture.

https://www researchprotocols.org/2026/1/e92341

Testing this hypothesis requires longitudinal data from a
population large and diverse enough to train such models,
which prior insomnia studies have not produced. Conducting
large-scale, decentralized, and longitudinal clinical studies
in real-world settings is essential for a better understanding
of health conditions [26], yet such research faces signif-
icant logistical and methodological challenges, including
recruitment bottlenecks, participant burden, and data quality
assurance [27]. Building on previous decentralized trial
models [28-30], we propose a scalable protocol that uses
an established base of commercial smart devices. The
protocol reduces operational demands through 5 compo-
nents: recruitment from a preexisting user base, passive
data collection, automated data management, a structured
withdrawal process, and a model forecasting participant
dropout at each stage of the study, which supports resource
planning. We developed this new methodology for a
decentralized clinical trial (DCT) on insomnia, a field in
which decentralized methods remain uncommon.

To address these clinical and research gaps, we designed
the SLEEPI (Smart Devices—Based Longitudinal Assessment
of Patterns of Insomnia) study. This large-scale, DCT
captures real-world data by monitoring each participant in
their homes with connected wearable and nearable sensors
for a 26-week period in order to overcome the limitations of
prior research by capturing the episodic nature and variabil-
ity of insomnia characteristics, such as initial vs terminal
insomnia. While this type of dataset has biases, it has the
benefit of capturing the demographic and clinical heterogene-
ity characteristic of real-world populations, which is often
absent in the highly-selected cohorts of traditional laboratory
studies.

To test our hypothesis that ML models can identify
new physiological signatures of subjective insomnia, our
methodology captures 2 synchronized data streams: first,
subjective data in the form of clinically-anchored patient-
reported outcomes (PROs) from a mobile app, which serve
as the ground truth; and second, objective data from the
wearable and nearable devices described below. Previous
DCTs have demonstrated the feasibility of using consumer-
grade devices to create extensive datasets [28,29,31] from
which phenotyping of complex disorders into homogeneous
subgroups is possible [12,32-35]. In our study, the devices’
embedded sensors, photoplethysmography, accelerometers,
microphones, and pressure and temperature sensors enable
the passive, unobtrusive, and continuous collection of vital

JMIR Res Protoc 2026 | vol. 15 1e92341 | p.2
(page number not for citation purposes)


https://clinicaltrials.gov/study/NCT07430878
https://doi.org/10.2196/92341
https://www.researchprotocols.org/2026/1/e92341

JMIR RESEARCH PROTOCOLS

parameters such as heart rate, respiratory rate, and variables
related to activity and sleep [22,36]. Together, these 2 streams
provide the labeled dataset required to train and evaluate a
model classifying the presence of subjective insomnia.

Methods

Ethical Considerations

The SLEEPI study was approved by CPP (Comités de
Protection des Personnes) Ouest III, an independent French
ethics committee, on July 25, 2024, under ID number
2024-A01028-39. Informed consent was obtained from
all participants involved in the study. Participants could
withdraw their consent at any time. All data are pseudony-
mized and processed in compliance with the General Data
Protection Regulation (GDPR) [37] and applicable French
data protection laws [38], as detailed in the Data Security and
Regulatory Compliance section. The participant compensa-
tion structure was approved by the same committee.

Study Design

The primary end point of the SLEEPI study is the perform-
ance of a ML model in classifying the presence of insom-
nia at the participant level, against the subjective criteria
for insomnia diagnosis of the DSM-5-TR (Diagnostic and
Statistical Manual of Mental Disorders, Fifth Edition, Text
Revision), reported as accuracy, sensitivity, and specificity
on the analysis set defined in Multimedia Appendix 1. The
secondary end point is participant adherence, measured as
the proportion of participants meeting both data-contribution
criteria.

The identification of physiological signatures follows from
interpreting models trained for the primary end point and
is not a separate end point. The classification of insomnia
severity, derived from the Insomnia Severity Index (ISI), and
the analysis of the data’s temporal structure are exploratory.
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To achieve these goals, the SLEEPI study involves 3
Withings sleep-related devices: the nearable Withings Sleep
Analyzer (WSA) and the wearable smartwatches ScanWatch
(SW) and ScanWatch 2 (SW2). Together, these devices
continuously record objective data to capture physiologi-
cal and behavioral parameters: detailed sleep architecture,
activity intensity, temperature variations, and a range of
cardiorespiratory variables such as heart rate, heart rate
variability, oxygen saturation, and snoring duration [36,39-
44]. The dataset used to train the ML models exclusively
contains physiological metrics computed from raw sensor
data. The unprocessed source signals, such as acceleration
and photoplethysmograph, are not included. Complementing
these objective measurements, subjective data are gathered
through digital questionnaires administered via the With-
ings mobile app (WMA). These surveys include questions
for insomnia diagnosis based on DSM-5-TR criteria and
clinically validated scales to quantify symptom severity:
the ISI [45], the Patient Health Questionnaire-9 (PHQ-9)
[46], and the Generalized Anxiety Disorder-7 (GAD-7) [47].
The questionnaires also collect demographic, clinical, and
environmental data for the following purposes: (1) imple-
menting screening procedures to limit low-quality data,
(2) allowing for subgroup analyses, (3) identifying at-risk
populations, and (4) adjusting for confounding variables.

Following the collection of informed consent and
verification that all inclusion criteria are met, each partici-
pant begins a 26-week monitoring period under free-living
conditions, during which they are required to use at least
one of the study devices (WSA, SW, or SW2) and com-
plete several questionnaires sent via the WMA. The question-
naire timeline is shown in Figure 1. Once the monitoring
period ends, compensation is provided 8 weeks thereafter
to participants who have met predefined criteria for data
contribution, while individual results are shared with all
participants 16 weeks later.

Figure 1. Timing and sequence of study questionnaire administrations during the monitoring phase. GAD-7: Generalized Anxiety Disorder-7 [47];
ISI: Insomnia Severity Index [45]; PHQ-9: Patient Health Questionnaire-9 [46].

AtoH H H H H H EtwH H

H H H H H Etol

| questionnaire ID

0 2 4 6 8 10 12 14

»
| I
week index

16 18 20 22 24 26

from inclusion

Legend: Questionnaire IDs

A: Eligibility criteria
B: Informed consent form
C: Device-based screening

E: Labeling
F: Comorbidities

PRO-Derived Reference Labels for
Physiological Signature Identification

The dataset created has several challenging characteristics: it
is large-scale, multidimensional, longitudinal, and inherently

sparse due to highly irregular sampling frequencies that
vary at multiple levels—between individuals, across different
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data dimensions, and even over time for a single variable.
This overall complexity renders simple signal processing
and rule-based approaches ineffective for reliably identify-
ing subjective insomnia. Therefore, we will adopt a super-
vised ML approach to automatically discover predictive
patterns within the data. This approach addresses a binary
classification task that differentiates individuals with and
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without subjective insomnia and, as an exploratory extension,
classifies insomnia severity into classes derived from the ISI.
The inputs for these models are passively collected sensor
data recorded over each participant’s monitoring period.

For each of these tasks, a supervised ML model requires
reference labels for each individual—that is, the subjective
insomnia status assigned to that individual —which the model
learns to predict from the input data. These labels will be
derived from PROs obtained through the questionnaires, and
therefore record the participant’s own report; no clinical
assessment contributes to the label. The items implementing
the diagnostic criteria from the DSM-5-TR were written for
this study so that they can be self-administered at scale,
whereas the severity questionnaire (ISI) is used as pub-
lished. To distinguish between individuals with and with-
out subjective insomnia, the label is built on the subjective
criteria for the diagnosis of insomnia from the DSM-5-TR
[2]. To evaluate insomnia severity, the severity levels are
determined using the ISI questionnaire [45].

Digital Study

This study is executed through a digital protocol designed to
conduct a large-scale, longitudinal clinical trial with minimal
staff resources. This protocol replaces the manual interven-
tions of site-based studies with digital tools that manage the
full participation process. The following sections detail each
component, from initial recruitment to ongoing engagement
and data management.

Recruitment

Participation in the study is contingent upon self-verification
of several inclusion criteria. Participants must be individ-
uals aged 18 years or older, be eligible for the French
social security system, and must not be classified as vulner-
able according to the French regulations in force [48]. The
collection of informed consent is mandatory. Ownership of
at least one Withings sleep-monitoring device compatible
with the study, SW, SW2, or WSA, is also required, as is
the installation of the WMA (version 5.12 or a more recent
version) for the delivery of study questionnaires.

Individuals are excluded if they fail to meet any of these
inclusion requirements. Further exclusion criteria, assessed
through self-reported data, address potential threats to data
integrity. These include sharing the device with another
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person, device use below a specified minimum frequency, or
the presence of any known device malfunctions as detailed in
Multimedia Appendix 1.

Engagement and Adherence Strategy

Sustaining participation in long-term decentralized trials
presents a 2-fold challenge: ensuring not only high participant
adherence (the consistent use of devices and the completion
of surveys) but also deep engagement (the commitment to
providing high-quality data). While traditional studies foster
this commitment through personal contact, digital trials must
use different strategies [49,50]. Our study uses a 3-pronged
digital strategy to address both challenges. To cultivate the
engagement necessary for thoughtful survey responses and
proper device use, we educate participants on the impor-
tance of data integrity and apply gamification techniques.
In addition, adherence is directly rewarded through financial
incentives.

The initial participant onboarding process through the
WMA is designed to mitigate the occurrence of low-qual-
ity data. To this end, the communications first establish the
importance of valid research outcomes before detailing the
2 central requirements for participants: correct and regular
device usage and the timely and accurate completion of
questionnaires.

Additionally, scheduled nudges concerning the partici-
pants’ tasks (such as questionnaire completion, proper device
usage, and device synchronization) are disseminated. The
channels and timing of the nudges have been designed to
address the trade-off between securing timely, high-quality
data and minimizing disruption to participants’ daily lives.
The schedule is shown in Figure 2. When a task is detected
as incomplete, a sequenced notification strategy is initiated,
beginning with subtle in-app reminders and escalating to
more direct channels such as push notifications or emails if
the task remains incomplete. More precisely, this sequence is
triggered only after a set delay period of 8 days following
the task’s original due date and commences with an in-app
notification within the WMA. If the task remains outstanding
after a predetermined fixed temporal interval of O, days,
a mobile device push notification is subsequently issued.
Should the task still be incomplete after &3 days, an email
communication is sent.

Figure 2. Schedule for the sequence of nudges for incomplete participant tasks. All parameters presented in the accompanying table for this figure are
expressed in days. Not applicable (N/A) indicates that no such reminder is scheduled for the specified task. d is the delay before scheduled nudges
when a task has not been completed by the participant. SW: ScanWatch; SW2: ScanWatch 2; WSA: Withings Sleep Analyzer.
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As gamification demonstrated to enhance adherence in health
studies [51], the notification content integrated the partici-
pant progression, using the following metrics: the percent-
age completion of the individual’s participation duration,
the cumulative number of questionnaire invitations sent to
the participant, and the achievement of specific temporal
milestones, such as reaching 50% or 75% completion of their
total study involvement.

Since previous studies encourage the concomitant use
of gamification and financial incentives to foster over-
all adherence [51], compensation has been incorporated.
Eligibility for this financial benefit requires participants
to meet 2 conjunctive criteria assessed over the partici-
pant’s entire 26-week involvement: first, at least one of
the designated study devices must be used and successfully
upload data on more than 60% of the nights (and 60%
of the days for the watches), and second, more than 60%
of all requested questionnaires must be completed. Eligible
participants will be offered a choice between 2 forms of
compensation: a €100 (€1=US $1.12 as of October 15,
2026) Withings discount coupon or a 6-month subscription
to the Withings+service. The protocol uses a simple, all-or-
nothing reward model: participants receive the full compen-
sation if they meet predefined data submission thresholds
and nothing otherwise. This structure was deliberately chosen
over more complex systems because it offers 2 advantages: it
is simpler to implement for the research team, and its rules are
unambiguous for participants [52].

Withdrawal

To alleviate potential concerns regarding the long-lasting
participation period and its substantial data collection
demands, participants are informed of their unconditional
right to withdraw consent at any time. The straightforward
withdrawal process is detailed in the information notice and
is consistently reiterated as a reminder at the end of each
questionnaire.

To withdraw, participants contact Withings customer
support via the designated email address or online help
center, promptly receiving acknowledgment of their request’s
receipt and initiation of processing. The maximum with-
drawal processing period of 7 business days is outlined in
the information notice and reiterated upon request.

For effective execution that is compliant with partici-
pant wishes and GDPR, participant withdrawals trigger
a coordinated process. An automated participant identifi-
cation system is used to prioritize communications from
study participants over general customer inquiries. Customer
support immediately relays requests to the data protection
officer and the clinical study manager. The data protection
officer ensures timely, compliant handling of the request,
while the clinical study manager instructs the data manage-
ment team to freeze or delete data per the participant’s
request and to halt all study communications in the customer
relationship management (CRM) database. The clinical study
manager also provides final oversight, confirming all tasks
are completed for formal closure.

https://www researchprotocols.org/2026/1/e92341
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Data Management

Given the scale and complexity of such a digital study, a
robust data management plan is fundamental to yielding a
reliable dataset. This plan is designed to ensure the collec-
tion of high-quality and reliable data while also upholding
standards for data integrity, security, privacy, and availabil-
ity across the entire data life cycle, from acquisition to
final dataset preparation. This section outlines the automa-
ted procedures established to proactively address potential
sources of data degradation or loss.

Data Security and Regulatory Compliance

To ensure rigorous data protection in this study, all data
undergo pseudonymization and adhere to data minimization
principles. Data storage occurs within secure, ISO 27001—
certified environments, using robust encryption and strict
access controls, with all activities logged and monitored.
Regular security audits and risk assessments are conducted to
verify ongoing compliance. All data handling practices fully
comply with the GDPR and applicable French data protection
laws. Furthermore, Withings maintains ISO 27701 certifica-
tion for its Privacy Information Management System.

Data Acquisition and Quality Assurance

Following informed consent, specific device functionalities
identified as insightful for sleep assessment are remotely
activated: these include, for the WSA, features enabling
the detection of snoring and sleep apnea and for the SW
and SW2, the measurement of nocturnal peripheral oxygen
saturation (SpO2). However, recognizing that these advanced
features can cause inconvenience, such as increased battery
consumption or concerns regarding microphone activation,
the study prioritizes long-term participant retention over
obtaining the richest possible dataset from every individual.
Participants are therefore explicitly informed of their right to
disable these specific functions, a choice that provides a less
granular dataset but ensures their continued participation with
core data collection intact.

The management of device firmware versions affects
data quality throughout the study. This involves continu-
ously ensuring firmware compatibility and consistency for
all participants over the entire study duration. One concern
is to mitigate potential risks to data uniformity that may
arise from subsequent mandatory device updates, as these
updates could alter the outputs of embedded data process-
ing algorithms, thereby affecting the collected objective
data. Instead of forcing participants onto a single, static
firmware version that would compromise user security and
experience, our primary mitigation strategy is to record the
firmware version associated with every data point. This
logged version information is essential for careful subsequent
analysis, allowing for stratification or adjustment based on
any firmware variations. This approach is supplemented by
strategically timing the launch of new study cohorts relative
to anticipated software update schedules.

JMIR Res Protoc 2026 | vol. 151e92341 | p. 5
(page number not for citation purposes)


https://www.researchprotocols.org/2026/1/e92341

JMIR RESEARCH PROTOCOLS

To mitigate risks to data quality, a screening question-
naire is administered before final enrollment. This ques-
tionnaire is designed to exclude individuals when there is
a high likelihood that they will generate unreliable data,
a risk identified from two potential sources: (1) problem-
atic anticipated usage patterns, such as device sharing or
Bluetooth misconfiguration, and (2) device malfunctions
identified using criteria derived from historical customer
support data.

Because the recurring biweekly questionnaires assess the
preceding 2-week period (Figures 1 and 2), prompt submis-
sion is essential to minimize recall bias. Therefore, partici-
pants are given a strict 6-day response window to ensure
their answers accurately reflect this recent time frame. These
windows also establish temporal consistency by standardiz-
ing data collection at regular, predefined intervals, which is
required for longitudinal analysis. This structured approach
also minimizes participant confusion by preventing multiple,
potentially conflicting versions of a questionnaire within a
brief time frame. Questionnaires not completed within this
6-day time frame are recorded as missed. This system also
supports the criteria for equitably rewarding timely and
consistent data provision.

To address potential data loss from device connectiv-
ity interruptions (eg, Bluetooth between SW/SW2 devices
and smartphones, or Wi-Fi for WSA), which may still
occur despite the participant-screening measures previously
described, an automated monitoring system detects exten-
ded periods of absent data transmission. Upon such detec-
tion, scheduled reminders are dispatched to participants. The
frequency of these reminders is calibrated based on each
device’s internal storage capacity, aiming to prompt data
synchronization before older, unsynced data is potentially
overwritten by more recent recordings. These notifications
also serve as general device-usage reminders when recent
activity is lacking.

To ensure critical data transmission integrity within
this study’s decentralized architecture, the reliability of the
automated data upload system is continuously verified using
dedicated monitoring tools. Transmission quality metrics
have been established and tracked, including the volume
of consecutive data points received, total data volume per
participant, and the frequency and magnitude of data loss
incidents.

Data Organization and Dataset Preparation

Previous studies [49] highlight the challenges associated
with managing diverse data sources, such as questionnaire
responses, device data, and withdrawal information. These
challenges were addressed by implementing robust automa-
ted procedures. A primary function of these procedures is to
ensure that all collected data are accurately linked to a unique,
pseudonymized participant identifier. These procedures also
establish unambiguous temporal ordering for every data point,
irrespective of its source.

https://www researchprotocols.org/2026/1/e92341
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To ensure timely data availability, minimize data loss
risk, and facilitate ongoing quality control, the study dataset
is constructed progressively throughout the research period.
This iterative method necessitates detailed upfront plan-
ning, including a detailed inventory of all data variables,
their sources, retrieval mechanisms, and the defined dataset
architecture. Every 3 days, an automated pipeline fetches
new data from the user database, structures it according to
this predefined architecture, and commits the output to a
dedicated repository, managed by the open-source Git Large
File Storage (LFS) extension [53], which serves as the study
database. This process ensures version control and secure,
incremental data aggregation.

Multimedia Appendix 2 states the prospective analysis
plan for the participant-level classification of subjective
insomnia presence, together with the anticipated forms of data
incompleteness.

Study Monitoring

Ongoing study monitoring sustains research integrity, data
quality, and participant engagement and supports early
pipeline and dashboard debugging. A primary aspect of this
process is the active management of recruitment bias. While
the study’s sampling population (Withings users) is distinct
from the general population, thus creating a known selection
bias, an objective of our monitoring is to minimize additional
participation bias introduced by the recruitment protocol
itself. To this end, we continuously benchmark the enrolled
cohort’s characteristics, including demographic, clinical, and
device-usage data, against the broader user database to detect
imbalances, to enable timely investigation of protocol-related
barriers, and to adjust recruitment strategies, ensuring the
sample is representative of its source. This focus on the
cohort’s internal validity will be complemented by a final
characterization of its composition and biases (eg, insomnia
prevalence), a prerequisite for valid subgroup comparisons
and for training and evaluating ML models. This separate and
broader challenge of generalizability to the general popula-
tion will be addressed during the analysis phase. Multimedia
Appendix 2 describes available adjustment methods.

Monitoring also guides other proactive and corrective
measures, such as targeted recruitment of underrepresen-
ted subgroups, addressing high rates of participants disa-
bling some device functionalities, and proactively managing
participant adherence through trend analysis and revision of
motivational content. Daily data updates are first structured
by a model running on the open-source Data Book Tool
(dbt Labs [54]). The resulting structured data is then fed into
automatically updated dashboards on Metabase [55], another
open-source platform. This data pipeline facilitates both
data aggregation and visualization to enable data tracking
every other day. This monitoring covers metrics systemati-
cally tracked across distinct domains of study execution and
participant engagement.

Recruitment monitoring assesses the number of enroll-
ments against predefined estimates (as detailed in the Sample
Size Estimation: Determining Necessary and Achievable
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Cohort Size section) shown in Figure 3, the estimated number
of the remaining potential participants, the proportion of
participants who have been excluded by the study’s screening
criteria, and the yield from different recruitment communi-
cation channels. These criteria, developed from user issues
reported via customer support, are specifically monitored
to ensure they are not unduly restrictive. Participant cohort
characteristics are monitored to identify and address potential
cohort imbalances, with ongoing monitoring assessing the
distribution of enrolled participants across demographic and
clinical profiles, as well as 2 nonmutually exclusive device-
usage groups—specifically, individuals using at least one
smartwatch (SW or SW2) and those using at least one

Stefanos et al

WSA. These distributions are then benchmarked against
a predefined target population profile derived from the
Withings CRM database. Illustrations are shown in Figure
4 and in Figure B1 of Multimedia Appendix 2. Question-
naire engagement is tracked through completion rates and
intraquestionnaire drop-off points (see the example in Figure
5). Adherence to device functionalities is tracked through
the rates at which participants maintain active use of or
choose to disable the device functionalities automatically
enabled at consent, as explained in the Data Acquisition
and Quality Assurance section. Compensation eligibility is
tracked through the number of participants achieving it.

Figure 3. Comparison of actual and projected participant inclusions. Cumulative participant enrollment (solid blue line) is shown against the initial
projection of approximately 3400 (dashed red line). The increases correspond to 3 recruitment waves targeting cohorts of approximately 2000,
10,000, and 50,000 users, as detailed in the Methodological Validation and Phased Implementation section.
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Figure 5. SLEEPI initial survey: participant completion funnel. Illustration of participants’ drop-off points. A total of 62,000 users were contacted.
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Sample Size Estimation: Determining the
Necessary and Achievable Cohort Size

The primary aim of this exploratory study is to generate
a large-scale, longitudinal dataset of sufficient diversity to
train ML models for insomnia assessment from the ground
up. Because the objective is the discovery of generaliza-
ble patterns rather than the testing of a single, prespeci-
fied hypothesis, conventional sample size calculations are
methodologically inappropriate for this data-driven research
paradigm. To estimate the dataset size required to train

a model, we conducted an a priori power analysis using
Monte Carlo simulations, whose data-generating process,
model specifications, and success criteria are detailed in
Multimedia Appendix 2. The analysis determined, for several
performance targets, the sample size at which statistical
power reaches at least 80%, as shown in Figure 6. Based
on these results, we concluded that about 1000 participants
are sufficient to train a standard ML model such as a support
vector machine and achieve satisfactory performance for this
task.

Figure 6. Power curves obtained through simulation for subjective insomnia classification using different area under the curve (AUC) success
criteria. NN: neural network; RF: random forest; SVM: support vector machine; XGBoost: extreme gradient boosting.
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Having established a target for the necessary sample size,
we developed a prospective attrition model to determine
whether this target is achievable and to calculate the required
number of initial contacts. Its stages, retention rates, and

https://www researchprotocols.org/2026/1/€92341

sequential calculation are detailed in Multimedia Appendix 1.
The model projects that about 83,662 users must be contacted
to include 3175 participants and eventually yield 1000 usable
datasets for the analyses, as illustrated in Figure 7.
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Figure 7. Illustration of the prospective attrition model.
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Data loss risks | Engaged | | Adhered

Included | | Accepted | | Answered

Received Sent

Estimated number

of users

90% 35%

The figure of 1000 participants represents the minimum
usable analysis set, not the enrollment target. The simulation
assumed complete data on every participant, whereas the
collected data are sparse and subject to attrition across the
26-week monitoring period, so enrollment is sized above that
floor to preserve both the size and the demographic diversity
of the analysis set. Planned recruitment comprises the initial
wave, closed with 10,823 participants, and a single deferred
SW2 wave detailed in the Methodological Validation and
Phased Implementation section. Roughly a quarter of the
25,000 SW2 users to be contacted are expected to consent,
an approximation resting on the fact that this device is the
most recently commercialized of those included in the study;
thus that wave is expected to add about 6000 participants for

Table 1. Summary of study validation and phased implementation.

|| || || |
| 1000 {L/ 1111 {L/ 3175 {[/ 4123 {[/ 5354 {[/ 53,544 {[/ 83,662 |

77% 77% 10% 64%

a planned total of approximately 17,000. The protocol was
amended accordingly. No further wave is planned. Recruit-
ment ends with the close of the inclusion window, which is
capped at 26 weeks in total; the initial wave used 6 of them,
leaving 20 weeks.

Methodological Validation and Phased
Implementation

To ensure the robustness of the study procedures prior to
and during full-scale operation, a sequence of validation steps
and a phased implementation approach were adopted. The
different phases are summarized in Table 1.

Number of targeted Time to
Phase name Sampling population  participants respond Objectives
Technical validation Withings employees 18 1 month « Identify and resolve bugs in automated systems
(questionnaires and data pipeline)
* Validate device feature activation
* Finalize study monitoring dashboards
Protocol refinement Withings employees 80 1 month * Assess and refine the clarity of all participant-facing
materials
¢ Generate preliminary attrition estimates
¢ Evaluate initial engagement, adherence, and
questionnaire burden
Initial study rollout and Withings users 2000 1 week * Verify the accuracy of CRM%based participant
?E:I_rta?/(;)lal validation targeting at scale
* Assess system performance, stability, and
scalability under real-world load
¢ Refine the withdrawal process based on user
feedback
Initial study rollout and Withings users 10,000 1 week * Verify the accuracy of CRM-based participant
operational validation targeting at scale
(part 2/2) .
* Assess system performance, stability, and
scalability under real-world load
¢ Refine the withdrawal process based on user
feedback
Main study launch Withings users 50,000 6 weeks » Execute the main phase of long-term data collection
with the initial device cohorts (SWb and WSAS)
Final study launch Withings users 25,000 N/AY

* Execute the main phase of long-term data collection

with remaining device cohort (SW2°)

4CRM: customer relationship management.
PSW: ScanWatch.

“WSA: Withings Sleep Analyzer.

dN/A: not applicable.

°SW2: ScanWatch 2.
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Testing Phases

The value of pilot testing in large-scale digital health
research, particularly for validating data systems including
data flow, integration, and integrity, is well-established [49].
Informed by such findings and to prepare for the main trial,
2 distinct phases of testing and protocol refinement were
conducted exclusively among Withings employees.

The first phase of technical validation included 18
participants over 1 month. Its objectives were to iden-
tify and resolve significant bugs within automated study
processes. Testing encompassed the questionnaire and
reminder deployment system, detailing its scheduling and
conditional logic; the data management pipeline, specifying
its functions for data acquisition, integrity checks, linkage,
and initial dataset-building routines; and device feature
activation protocols. This initial phase also finalized the
development and initial validation of the study monitoring
dashboards.

Subsequently, a larger refinement phase was conducted
with 80 participants, also for 1 month. An essential charac-
teristic of this cohort was that the majority of individuals
had no prior knowledge of the study’s existence, goals, or
design, making them ideally suited for this phase’s pri-
mary focus: assessing and refining the clarity of all par-
ticipant-facing materials. Particular attention was given to
ensuring that study criteria, device usage guidelines, and
compensation information were unambiguous for individuals
new to the study’s specific requirements. Further objectives
included generating preliminary attrition estimates, evaluat-
ing initial engagement with the long baseline questionnaire,
and assessing early adherence patterns and the associ-
ated questionnaire burden arising from the first recurring
questionnaires.

Initial Study Rollout and Operational Validation

Following the testing phases, large-scale recruitment was
initiated, rolling out to 12,000 targeted individuals in 2
successive waves: an initial 2000 followed by 10,000. While
this phase marked the formal start of data collection for the
primary study objectives, it concurrently served as a period of
real-world operational validation and refinement at scale.

The objectives during this initial scaled implementation
were to verify the accuracy of participant targeting achieved
through the internal CRM tool’s population segmentation;
assess the performance, stability, and scalability of all study
systems under increased load, including recruitment pipelines,
participant engagement throughout the initial long question-
naire, and adherence to recurring questionnaire schedules;
further refine the participant withdrawal process based on
real-world usage and feedback; and identify and promptly
resolve any residual technical issues or bugs specific to the
production environment before extending recruitment to the
remainder of the target population.

https://www researchprotocols.org/2026/1/e92341
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The study’s recruitment is deliberately structured in
distinct phases to manage firmware updates across devices.
For instance, a group of 25,000 SW2 users is reached out
to in a later recruitment wave because of the need to release
new device firmware and to give enough time for the users to
make the update.

The study procedures were fixed in the protocol approved
before enrollment opened. The 2 testing phases were
operational tests conducted outside the trial. The refinements
made during the initial rollout concerned automated processes
and data storage; they altered neither the information notice
nor the consent materials, and had no effect on participants.
Changes affecting the protocol were submitted as amend-
ments and approved by the Ethics Committee, and none were
applied before that approval.

Results

The SLEEPI study was initiated on February 18, 2025.
During the initial phase of participant recruitment, 62,000
Withings users were contacted, resulting in 10,823 unique
individuals included within the first 6 weeks. This rep-
resents a contact-to-inclusion conversion rate of approxi-
mately 17%, with only 4 participants having withdrawn. No
further inclusions occurred after this 6-week period. A later
recruitment wave of 25,000 SW2 users is scheduled to open
during winter 2026 to 2027, and data collection is projected to
end in June 2027. No deviations from the approved protocol
have occurred.

Recruitment proceeded in 3 successive waves, contacting
2000 users, then 10,000, then 50,000, which together made up
the 62,000 users contacted during the initial phase (Table 1).

These inclusion figures surpassed the study’s original
projections. This initial projection, formulated at the time of
protocol design, anticipated a total of 3354 inclusions over
a 26-week period. Individuals who owned multiple devices
were counted more than once. The projection was based on an
estimated total pool of approximately 84,000 contacted users,
which included the SW2 cohort, who were excluded from the
initial recruitment wave. For the detailed calculations about
the projections, please refer to Multimedia Appendix 1.

This higher-than-projected enrollment (Figure 3) stemmed
from 3 stages where the initial attrition model proved overly
conservative. The response rate to the initial outreach was
higher than anticipated (16% vs a projected 10%), likely
driven by user interest in sleep research and the provided
financial incentive. Among those who responded, the rate
of consent to participate was greater than expected (96%
vs a projected 77%). Following consent, the rate of individu-
als meeting the final inclusion criteria was also higher than
expected (90% vs a projected 81%).

Recruitment during the initial phase surpassed its
projections at all 3 stages and prompted a temporary pause to
revise the study budget. The pause was a budgetary decision,
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and the recruitment and data collection systems absorbed the
observed inclusions over 6 weeks without operational failure.
Preliminary analyses of the first recruitment wave have been
conducted. Analysis of the complete dataset will follow the
end of data collection. The first results are expected to be
published in the summer of 2027, and the analysis of the
entire dataset in the summer of 2028.

Discussion

Clinical Implications

The implementation of the SLEEPI study at scale provides
a foundational step toward integrating these digital health
technologies into clinical practice. Such integration could
enhance multiple facets of patient care, from enabling
large-scale screening and improving diagnostic accuracy
to facilitating longitudinal monitoring and refining patient
phenotyping for more personalized treatment. The continu-
ous collection of objective data allows for the assessment
of intraindividual variability in physiological and behavioral
metrics, while the concomitant collection of subjective data
offers insights into symptom fluctuations [12].

Limitations of the Study Design

Challenges of Datasets Derived From
Consumer Devices

The use of consumer-grade devices in free-living condi-
tions is a deliberate methodological choice that prioritizes
scalability, user experience, cost-effectiveness, and longitu-
dinal data collection over the precision attained in a clini-
cally controlled environment. To enable passive, automatic,
long-term collection of data, consumer-grade smart devices
sometimes use proxies (eg, pressure variations in a blad-
der caused by chest movements in place of impedance
belts) and fewer sensors than some gold-standard techniques
such as polysomnography. Furthermore, variable participant
adherence to device-use instructions leads to more noise
and missing values in decentralized trials than in centralized
studies. Consequently, occurrences of data loss or intermittent
gaps are anticipated.

Furthermore, the study cohort, composed primarily of
existing Withings device users, may not fully mirror the
broader general population. This sampling approach can
introduce selection biases; for example, the cohort might
differ in terms of socioeconomic status, technological
proficiency, or baseline health awareness. Such biases could
limit the generalizability of observed patterns and outcomes
to more diverse demographic groups. At the analysis stage,
as detailed in Multimedia Appendix 2, generalizability to
the general population will be assessed and, where appro-
priate, the cohort reweighted to published population totals
by poststratification or raking, with model performance
reported both with and without this adjustment; because
such reweighting accounts only for measured characteristics,
residual bias from unmeasured differences remains possible.

https://www researchprotocols.org/2026/1/e92341
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A further constraint concerns the reference labels. They
are collected without a clinical interview; for example, a
comorbid sleep or mental disorder that has never been
diagnosed can neither be identified nor ruled out as a better
explanation of the complaint, and any discrepancy between
a participant’s perception of their sleep and its physiological
measurement is carried over into the label. Model perform-
ance will therefore be measured as agreement with partic-
ipant-reported insomnia; it is not a measure of diagnostic
accuracy against clinical evaluation.

Trial Digitalization: A Foundational, Resource-
Intensive Infrastructure

Maintaining long-term participant adherence and engagement
in this decentralized study presents significant challenges
to personalized, proactive interventions, in contrast to more
traditional site-based study designs that rely on direct contact
with health care professionals for support and assessment.
Consequently, the study relied on clear materials, precise
instructions, and automated reminders to guide participants
while strategically balancing information provision to avoid
overwhelming them.

Implementing this decentralized study necessitated a
substantial initial investment to develop and adapt existing
Withings tools and resources into reusable foundational
infrastructure that includes robust data management systems,
adaptable study design protocols, and defined workflows
covering recruitment, participant withdrawal, and phased
implementation strategies. Although the initial setup was
resource-intensive, these core developments are reusable
across other health domains.

Future Work

The methodology for decentralized trials could be advanced
through subsequent research in several areas identified by
this study. First, developing an in-app participant inter-
face for real-time progress tracking could improve clarity
and support more advanced gamification strategies. Sec-
ond, systematic A/B testing is recommended to empirically
optimize engagement approaches, such as CRM content
and reminder protocols [56,57]. Third, the rich longitudinal
dataset collected warrants in-depth analysis to characterize
long-term patterns of participant adherence and engagement
with both devices and questionnaires, thereby identifying
predictors of sustained participation. Finally, future proto-
cols could incorporate methods to characterize and statisti-
cally adjust for the selection biases affecting commercial
user populations, thereby enhancing the generalizability of
findings to the broader public.

Conclusions

This study presents a protocol for a large-scale, decentralized
trial using consumer smart devices to identify physiological
signatures of subjective insomnia. This protocol addresses the
increasing need for large, longitudinal datasets essential for
advanced analytics, such as ML approaches, a requirement
that is often challenging for traditional research paradigms
and sample size methodologies.
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Methodological contributions include a 2-part sample size
strategy that first uses simulation to define the minimum
sample size required for the ML objective and then uses a
prospective attrition model, based on clinical trial forecast-
ing [58], to calculate the number of initial contacts needed
to achieve that target. Furthermore, the overall design for
this large-scale, digital, longitudinal, and decentralized trial
is described in sufficient detail to be replicated or adapted,
covering recruitment from an existing user base, data quality
assurance, participant engagement, and robust data manage-
ment.

While decentralized studies of this scale face the chal-
lenges detailed in the Limitations section, this work reports
the practical decisions and procedures used for study
management and monitoring. While this trial benefited from
an established digital infrastructure, its core methodologies
are intended for adaptation by other organizations conducting

Stefanos et al

large-scale real-world data studies. However, such adaptation
would necessitate a careful assessment of the distinct resource
requirements, particularly for participant recruitment, device
provisioning, and ongoing support, especially for entities
lacking a comparable preexisting infrastructure.

Ultimately, this methodological development is driven
by the clinical need for more nuanced, objective tools
to support specialists in insomnia diagnosis and care. By
seeking physiological signatures grounded in data that can
be correlated with clinically validated subjective assessments
[2,/45-47], the aim is to develop technologies that comple-
ment existing clinical pathways. Thus, this study contrib-
utes to insomnia research and sets out a methodological
approach intended to translate real-world digital health data
into clinically relevant insights, with potential applicability to
other health domains.

Acknowledgments

The authors wish to express their gratitude to the following individuals for their valuable contributions to this study. We
acknowledge Debora Lia for her expert guidance concerning the regulatory aspects of the protocol. Appreciation is extended
to Paul Jouhaud for his contributions and expertise in questionnaire implementation. The authors are also grateful to Vincent
Houlbreque for his work on establishing the data management pipeline. Finally, the authors recognize Paul-Matthieu Riolacci
and Mahot Descelliers for their collaborative efforts in the development and implementation of the data visualization dash-
boards and underlying models. All of the above are employees of Withings.

Generative Al Use

The authors declare the use of generative Al in the writing process; according to the GAIDeT (Generative Al Delegation
Taxonomy; 2025), proofreading was delegated to the Gemini Pro 2.5 tool under full human supervision.

Funding
This study is funded by Withings.

Data Availability

The data for this study were collected during a clinical study (approval reference number: 2024-A01028-39, French Institu-
tional Review Board) conducted by Withings. The dataset associated with this study is stored in a proprietary repository
maintained by Withings and cannot be shared publicly due to privacy, ethical, and legal concerns. Queries regarding data
access can be directed to Withings (privacy @withings.com), with a response time frame of 4 weeks.

Conflicts of Interest

MAS is a PhD student at Université Paris Cité and Reykjavik University, employed by Withings under a doctoral research
contract. Withings is the manufacturer of the devices used in this study. GdL is an employee of Withings. MdG and DC were
employees of Withings at the time the study was designed. The 2 testing phases were conducted with Withings employees as
participants. Withings sponsors the study, provides its funding and operational infrastructure, and owns and administers the
repository in which the study dataset is stored, as described in the Data Availability section. Access to the pseudonymization
key is restricted to a small number of Withings personnel who have no role in the design, conduct, or analysis of this study.
The principal investigator (PAG), an external clinician and sleep research specialist affiliated with French public institutions
including Inserm, Université Paris Cité, and the Paris Public Hospital Network (AP-HP) at Hopital Bichat, has autonomy over
the clinical analysis and interpretation of the study’s findings, as the study protocol specifies. All authors share responsibility
for the integrity of the study’s design, conduct, analysis, and interpretation. PAG and ASI declare no conflicts of interest.

Multimedia Appendix 1

Identification and assessment of data loss sources and prospective attrition model.
[XLSX File (Microsoft Excel File), 108 KB-Multimedia Appendix 1]

Multimedia Appendix 2
Methods for the a priori power analysis conducted to determine the necessary sample size for the study’s machine learning

objectives.
[DOCX File (Microsoft Word File), 1805 KB-Multimedia Appendix 2]

https://www researchprotocols.org/2026/1/e92341 JMIR Res Protoc 2026 | vol. 15 1€92341 | p. 12

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=resprot_v15i1e92341_app1.xlsx
https://jmir.org/api/download?alt_name=resprot_v15i1e92341_app1.xlsx
https://jmir.org/api/download?alt_name=resprot_v15i1e92341_app2.docx
https://jmir.org/api/download?alt_name=resprot_v15i1e92341_app2.docx
https://www.researchprotocols.org/2026/1/e92341

JMIR RESEARCH PROTOCOLS Stefanos et al

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

Riemann D, Espie CA, Altena E, et al. The European insomnia guideline: an update on the diagnosis and treatment of
insomnia 2023. J Sleep Res. Dec 2023;32(6):e14035. [doi: 10.1111/jsr.14035]

Diagnostic and Statistical Manual of Mental Disorders, Fifth Edition, Text Revision (DSM-5-TR). American Psychiatric
Association; 2022. [doi: 10.1176/appi.books.9780890425787]

Leger D, Guilleminault C, Dreyfus JP, Delahaye C, Paillard M. Prevalence of insomnia in a survey of 12,778 adults in
France. J Sleep Res. Mar 2000;9(1):35-42. [doi: 10.1046/j.1365-2869.2000.00178 .x] [Medline: 10733687]

Okajima I, Miyamoto T, Ubara A, et al. Evaluation of severity levels of the Athens insomnia scale based on the criterion
of insomnia severity index. Int J Environ Res Public Health. Nov 26, 2020;17(23):8789. [doi: 10.3390/ijerph17238789]
[Medline: 33256097]

Morin CM, Jarrin DC. Epidemiology of insomnia: prevalence, course, risk factors, and public health burden. Sleep Med
Clin. Jun 2022;17(2):173-191. [doi: 10.1016/j.jsmc.2022.03.003] [Medline: 35659072]

Leger D, Poursain B. An international survey of insomnia: under-recognition and under-treatment of a polysymptomatic
condition. Curr Med Res Opin. Nov 2005;21(11):1785-1792. [doi: 10.1185/030079905X65637] [Medline: 16307699]
Biedebach L. Two sides of the same pillow: unfolding the relationship between objective and subjective sleep quality
with unsupervised learning. Presented at: International Conference on Information Systems (ICIS 2023); Dec 10-13,
2023; Hyderabad, India. URL: https://aisel.aisnet.org/icis2023/ishealthcare/ishealthcare/20/ [Accessed 2026-10-09]
Castro LS, Poyares D, Leger D, Bittencourt L, Tufik S. Objective prevalence of insomnia in the Sdo Paulo, Brazil
epidemiologic sleep study. Ann Neurol. Oct 2013;74(4):537-546. [doi: 10.1002/ana.23945] [Medline: 23720241]

Reed DL, Sacco WP. Measuring sleep efficiency: what should the denominator be? J Clin Sleep Med. Feb
2016;12(2):263-266. [doi: 10.5664/jcsm.5498] [Medline: 26194727]

Geoffroy PA, Boudebesse C, Bellivier F, et al. Sleep in remitted bipolar disorder: a naturalistic case-control study using
actigraphy. J Affect Disord. Apr 2014;158:1-7. [doi: 10.1016/j.jad.2014.01.012] [Medline: 24655758]

Rundo JV, Downey RI. Polysomnography. Handb Clin Neurol. 2019;160:381-392. [doi: 10.1016/B978-0-444-64032-1.
00025-4] [Medline: 31277862]

Kang SG, Kang JM, Ko KP, Park SC, Mariani S, Weng J. Validity of a commercial wearable sleep tracker in adult
insomnia disorder patients and good sleepers. J Psychosom Res. Jun 2017;97:38-44. [doi: 10.1016/j.jpsychores.2017.03.
009] [Medline: 28606497]

Cheng YH, Lech M, Wilkinson RH. Simultaneous sleep stage and sleep disorder detection from multimodal sensors
using deep learning. Sensors (Basel). Mar 26, 2023;23(7):3468. [doi: 10.3390/523073468] [Medline: 37050528]
Hamida STB, Ahmed B, Penzel T. A novel insomnia identification method based on Hjorth parameters. Presented at:
2015 IEEE International Symposium on SIGNAL Processing and Information Technology (ISSPIT); Dec 7-10, 2015;
Abu Dhabi, United Arab Emirates. [doi: 10.1109/ISSPIT.2015.7394397]

Zhou L, Pan S, Wang J, Vasilakos AV. Machine learning on big data: opportunities and challenges. Neurocomputing.
May 2017;237:350-361. [doi: 10.1016/j.neucom.2017.01.026]

Vallieres A, Morin CM. Actigraphy in the assessment of insomnia. Sleep. Nov 1, 2003;26(7):902-906. [doi: 10.1093/
sleep/26.7.902] [Medline: 14655927]

Natale V, Plazzi G, Martoni M. Actigraphy in the assessment of insomnia: a quantitative approach. Sleep. Jun
2009;32(6):767-771. [doi: 10.1093/sleep/32.6.767] [Medline: 19544753]

Natale V, Léger D, Martoni M, Bayon V, Erbacci A. The role of actigraphy in the assessment of primary insomnia: a
retrospective study. Sleep Med. Jan 2014;15(1):111-115. [doi: 10.1016/j.sleep.2013.08.792] [Medline: 24325809]
Lichstein KL, Stone KC, Donaldson J, et al. Actigraphy validation with insomnia. Sleep. Feb 2006;29(2):232-239.
[Medline: 16494091]

Afshani M, Mahmoudi-Aznaveh A, Noori K, et al. Discriminating paradoxical and psychophysiological insomnia based
on structural and functional brain images: a preliminary machine learning study. Brain Sci. Apr 17,2023;13(4):672. [doi:
10.3390/brainscil3040672] [Medline: 37190637]

Kusmakar S, Karmakar C, Zhu Y, et al. A machine learning model for multi-night actigraphic detection of chronic
insomnia: development and validation of a pre-screening tool. R Soc Open Sci. Jun 16, 2021;8(6):202264. [doi: 10.1098/
150s.202264] [Medline: 34150313]

Oskarsdéttir M, Islind AS, August E, Arnardéttir ES, Patou F, Maier AM. Importance of getting enough sleep and daily
activity data to assess variability: longitudinal observational study. JMIR Form Res. Feb 22, 2022;6(2):e31807. [doi: 10.
2196/31807] [Medline: 35191850]

Bitkina OV, Park J, Kim J. Modeling sleep quality depending on objective actigraphic indicators based on machine
learning methods. Int J Environ Res Public Health. Aug 11, 2022;19(16):9890. [doi: 10.3390/ijerph19169890] [Medline:
36011524]

https://www researchprotocols.org/2026/1/e92341 JMIR Res Protoc 2026 | vol. 15 1€92341 | p. 13

(page number not for citation purposes)


https://doi.org/10.1111/jsr.14035
https://doi.org/10.1176/appi.books.9780890425787
https://doi.org/10.1046/j.1365-2869.2000.00178.x
http://www.ncbi.nlm.nih.gov/pubmed/10733687
https://doi.org/10.3390/ijerph17238789
http://www.ncbi.nlm.nih.gov/pubmed/33256097
https://doi.org/10.1016/j.jsmc.2022.03.003
http://www.ncbi.nlm.nih.gov/pubmed/35659072
https://doi.org/10.1185/030079905X65637
http://www.ncbi.nlm.nih.gov/pubmed/16307699
https://aisel.aisnet.org/icis2023/ishealthcare/ishealthcare/20/
https://doi.org/10.1002/ana.23945
http://www.ncbi.nlm.nih.gov/pubmed/23720241
https://doi.org/10.5664/jcsm.5498
http://www.ncbi.nlm.nih.gov/pubmed/26194727
https://doi.org/10.1016/j.jad.2014.01.012
http://www.ncbi.nlm.nih.gov/pubmed/24655758
https://doi.org/10.1016/B978-0-444-64032-1.00025-4
https://doi.org/10.1016/B978-0-444-64032-1.00025-4
http://www.ncbi.nlm.nih.gov/pubmed/31277862
https://doi.org/10.1016/j.jpsychores.2017.03.009
https://doi.org/10.1016/j.jpsychores.2017.03.009
http://www.ncbi.nlm.nih.gov/pubmed/28606497
https://doi.org/10.3390/s23073468
http://www.ncbi.nlm.nih.gov/pubmed/37050528
https://doi.org/10.1109/ISSPIT.2015.7394397
https://doi.org/10.1016/j.neucom.2017.01.026
https://doi.org/10.1093/sleep/26.7.902
https://doi.org/10.1093/sleep/26.7.902
http://www.ncbi.nlm.nih.gov/pubmed/14655927
https://doi.org/10.1093/sleep/32.6.767
http://www.ncbi.nlm.nih.gov/pubmed/19544753
https://doi.org/10.1016/j.sleep.2013.08.792
http://www.ncbi.nlm.nih.gov/pubmed/24325809
http://www.ncbi.nlm.nih.gov/pubmed/16494091
https://doi.org/10.3390/brainsci13040672
http://www.ncbi.nlm.nih.gov/pubmed/37190637
https://doi.org/10.1098/rsos.202264
https://doi.org/10.1098/rsos.202264
http://www.ncbi.nlm.nih.gov/pubmed/34150313
https://doi.org/10.2196/31807
https://doi.org/10.2196/31807
http://www.ncbi.nlm.nih.gov/pubmed/35191850
https://doi.org/10.3390/ijerph19169890
http://www.ncbi.nlm.nih.gov/pubmed/36011524
https://www.researchprotocols.org/2026/1/e92341

JMIR RESEARCH PROTOCOLS Stefanos et al

24.

25.

26.

217.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.
38.

39.

40.

41.

42.

43.

44,

Shahin M, Ahmed B, Hamida STB, Mulaffer FL., Glos M, Penzel T. Deep learning and insomnia: assisting clinicians
with their diagnosis. IEEE J Biomed Health Inform. Nov 2017;21(6):1546-1553. [doi: 10.1109/JBHI.2017.2650199]
[Medline: 28092583]

Sharma M, Dhiman HS, Acharya UR. Automatic identification of insomnia using optimal antisymmetric biorthogonal
wavelet filter bank with ECG signals. Comput Biol Med. Apr 2021;131:104246. [doi: 10.1016/j.compbiomed.2021.
104246] [Medline: 33631498]

Khozin S, Coravos A. Decentralized trials in the age of real-world evidence and inclusivity in clinical investigations.
Clin Pharmacol Ther. Jul 2019;106(1):25-27. [doi: 10.1002/cpt.1441] [Medline: 31013350]

Decentralized clinical trials for drugs, biological products, and devices; draft guidance for industry, investigators, and
other stakeholders; availability. Federal Register; 2023. URL: https://www .federalregister.gov/documents/2023/05/03/
2023-09399/decentralized-clinical-trials-for-drugs-biological-products-and-devices-draft-guidance-for-industry
[Accessed 2026-10-09]

Turakhia MP, Desai M, Hedlin H, et al. Rationale and design of a large-scale, app-based study to identify cardiac
arrhythmias using a smartwatch: the Apple Heart Study. Am Heart J. Jan 2019;207:66-75. [doi: 10.1016/j.ahj.2018.09.
002] [Medline: 30392584]

Lubitz SA, Faranesh AZ, Selvaggi C, et al. Detection of atrial fibrillation in a large population using wearable devices:
the fitbit heart study. Circulation. Nov 8, 2022;146(19):1415-1424. [doi: 10.1161/CIRCULATIONAHA.122.060291]
[Medline: 36148649]

Perez MV, Mahaffey KW, Hedlin H, et al. Large-scale assessment of a smartwatch to identify atrial fibrillation. N Engl J
Med. Nov 14, 2019;381(20):1909-1917. [doi: 10.1056/NEJMo0al1901183] [Medline: 31722151]

Mayfield JJ, Chatterjee NA, Noseworthy PA, et al. Implementation of a fully remote randomized clinical trial with
cardiac monitoring. Commun Med (Lond). 2021;1:62. [doi: 10.1038/s43856-021-00052-w] [Medline: 35604806]
Digital health technologies for remote data acquisition in clinical investigations: guidance for industry, investigators, and
other stakeholders. US Food and Drug Administration; 2023. URL: https://www fda.gov/regulatory-information/search-
fda-guidance-documents/digital-health-technologies-remote-data-acquisition-clinical-investigations [Accessed
2026-10-09]

Spina MA, Andrillon T, Wiley JF, Rajaratnam SMW, Bei B. Does changing perceptions of sleep by incorporating sleep
wearables improve insomnia? Protocol for a randomized study (the Novel Insomnia Treatment Experiment). Sleep Adv.
2023;4(1):zpad012. [doi: 10.1093/sleepadvances/zpad012] [Medline: 37193273]

Stern E, Micoulaud Franchi JA, Dumas G, et al. How can digital mental health enhance psychiatry? Neuroscientist. Dec
2023;29(6):681-693. [doi: 10.1177/10738584221098603] [Medline: 35658666]

YinJ, XuJ, Ren TL. Recent progress in long-term sleep monitoring technology. Biosensors (Basel). Mar 17,
2023;13(3):395. [doi: 10.3390/bios13030395] [Medline: 36979607]

Lechat B, Naik G, Reynolds A, et al. Multinight prevalence, variability, and diagnostic misclassification of obstructive
sleep apnea. Am J Respir Crit Care Med. Mar 1, 2022;205(5):563-569. [doi: 10.1164/rccm.202107-17610C] [Medline:
34904935]

General Data Protection Regulation (GDPR). Intersoft consulting. URL: https://gdpr-info.eu/ [Accessed 2026-10-16]
LOI n° 2018-493 du 20 juin 2018 relative a la protection des données personnelles (1) [Article in French]. Légifrance.
URL: https://www.legifrance.gouv fr/jort/id/JORFTEXT000037085952 [Accessed 2026-10-16]

Edouard P, Campo D, Bartet P, et al. Validation of the Withings Sleep Analyzer, an under-the-mattress device for the
detection of moderate-severe sleep apnea syndrome. J Clin Sleep Med. Jun 1,2021;17(6):1217-1227. [doi: 10.5664/jcsm.
9168] [Medline: 33590821]

Jagielski JT, Bibi N, Gay PC, et al. Evaluating an under-mattress sleep monitor compared to a peripheral arterial
tonometry home sleep apnea test device in the diagnosis of obstructive sleep apnea. Sleep Breath. Aug
2023;27(4):1433-1441. [doi: 10.1007/s11325-022-02751-7] [Medline: 36441446]

Huyett P, Yu PK, Kent D, et al. Comparison of home sleep devices and sleep study testing in hypoglossal nerve
stimulation patients. Laryngoscope. Jan 2025;135(1):469-477. [doi: 10.1002/lary.31710] [Medline: 39162306]
Ravindran KKG, Della Monica C, Atzori G, et al. Reliable contactless monitoring of heart rate, breathing rate, and
breathing disturbance during sleep in aging: digital health technology evaluation study. JMIR Mhealth Uhealth. Aug 27,
2024;12:e53643. [doi: 10.2196/53643] [Medline: 39190477]

Ravindran KKG, Della Monica C, Atzori G, et al. Contactless and longitudinal monitoring of nocturnal sleep and
daytime naps in older men and women: a digital health technology evaluation study. Sleep. Oct 11,
2023;46(10):zsad194. [doi: 10.1093/sleep/zsad194] [Medline: 37471049]

Stefanos MA, de Laboulaye G, Campo D, et al. Evaluation of a contactless sleep monitoring device for sleep stage

detection at home in a healthy population: prospective study in free-living conditions. JMIR Hum Factors. Apr 2,
2026;13:e77033. [doi: 10.2196/77033] [Medline: 41926681]

https://www researchprotocols.org/2026/1/e92341 JMIR Res Protoc 2026 | vol. 15 1€92341 | p. 14

(page number not for citation purposes)


https://doi.org/10.1109/JBHI.2017.2650199
http://www.ncbi.nlm.nih.gov/pubmed/28092583
https://doi.org/10.1016/j.compbiomed.2021.104246
https://doi.org/10.1016/j.compbiomed.2021.104246
http://www.ncbi.nlm.nih.gov/pubmed/33631498
https://doi.org/10.1002/cpt.1441
http://www.ncbi.nlm.nih.gov/pubmed/31013350
https://www.federalregister.gov/documents/2023/05/03/2023-09399/decentralized-clinical-trials-for-drugs-biological-products-and-devices-draft-guidance-for-industry
https://www.federalregister.gov/documents/2023/05/03/2023-09399/decentralized-clinical-trials-for-drugs-biological-products-and-devices-draft-guidance-for-industry
https://doi.org/10.1016/j.ahj.2018.09.002
https://doi.org/10.1016/j.ahj.2018.09.002
http://www.ncbi.nlm.nih.gov/pubmed/30392584
https://doi.org/10.1161/CIRCULATIONAHA.122.060291
http://www.ncbi.nlm.nih.gov/pubmed/36148649
https://doi.org/10.1056/NEJMoa1901183
http://www.ncbi.nlm.nih.gov/pubmed/31722151
https://doi.org/10.1038/s43856-021-00052-w
http://www.ncbi.nlm.nih.gov/pubmed/35604806
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/digital-health-technologies-remote-data-acquisition-clinical-investigations
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/digital-health-technologies-remote-data-acquisition-clinical-investigations
https://doi.org/10.1093/sleepadvances/zpad012
http://www.ncbi.nlm.nih.gov/pubmed/37193273
https://doi.org/10.1177/10738584221098603
http://www.ncbi.nlm.nih.gov/pubmed/35658666
https://doi.org/10.3390/bios13030395
http://www.ncbi.nlm.nih.gov/pubmed/36979607
https://doi.org/10.1164/rccm.202107-1761OC
http://www.ncbi.nlm.nih.gov/pubmed/34904935
https://gdpr-info.eu/
https://www.legifrance.gouv.fr/jorf/id/JORFTEXT000037085952
https://doi.org/10.5664/jcsm.9168
https://doi.org/10.5664/jcsm.9168
http://www.ncbi.nlm.nih.gov/pubmed/33590821
https://doi.org/10.1007/s11325-022-02751-7
http://www.ncbi.nlm.nih.gov/pubmed/36441446
https://doi.org/10.1002/lary.31710
http://www.ncbi.nlm.nih.gov/pubmed/39162306
https://doi.org/10.2196/53643
http://www.ncbi.nlm.nih.gov/pubmed/39190477
https://doi.org/10.1093/sleep/zsad194
http://www.ncbi.nlm.nih.gov/pubmed/37471049
https://doi.org/10.2196/77033
http://www.ncbi.nlm.nih.gov/pubmed/41926681
https://www.researchprotocols.org/2026/1/e92341

JMIR RESEARCH PROTOCOLS Stefanos et al

45.

46.

47.

48.

49.

50.

51.

52.

53.
54.
55.
56.

57.

58.

Bastien CH, Vallieres A, Morin CM. Validation of the Insomnia Severity Index as an outcome measure for insomnia
research. Sleep Med. Jul 2001;2(4):297-307. [doi: 10.1016/s1389-9457(00)00065-4] [Medline: 11438246]

Patient Health Questionnaire-9. APA PsycTests. URL: https://psycnet.apa.org/doilanding?doi=10.1037%2Ft06165-000
[Accessed 2025-05-27]

Spitzer RL, Kroenke K, Williams JBW, Lowe B. Generalized Anxiety Disorder 7. APA PsycTests. 2011. URL: https://
psycnet.apa.org/doilanding ?doi=10.1037%2Ft02591-000 [Accessed 2026-10-09]

Public health code [Article in French]. Légifrance. URL: https://www legifrance.gouv fr/codes/article lc/
LEGIARTI000025457547/2025-07-16/ [Accessed 2025-07-16]

Garcia A, Balasubramanian V, Lee J, et al. Lessons learned in the Apple Heart Study and implications for the data
management of future digital clinical trials. ] Biopharm Stat. May 4, 2022;32(3):496-510. [doi: 10.1080/10543406.2022.
2080698] [Medline: 35695137]

Robbins R, Weaver MD, Quan SF, et al. A clinical trial to evaluate the dayzz smartphone app on employee sleep, health,
and productivity at a large US employer. PLoS One. 2022;17(1):e0260828. [doi: 10.1371/journal.pone.0260828]
[Medline: 34986183]

Tran S, Smith L, El-Den S, Carter S. The use of gamification and incentives in mobile health apps to improve medication
adherence: scoping review. JMIR Mhealth Uhealth. Feb 21, 2022;10(2):e30671. [doi: 10.2196/30671] [Medline:
35188475]

Whiteley L, Brown LK, Mena L, Craker L, Arnold T. Enhancing health among youth living with HIV using an iPhone
game. AIDS Care. 2018;30(sup4):21-33. [doi: 10.1080/09540121.2018.1503224] [Medline: 30626196]

Git Large File Storage. URL: https://git-1fs.com/ [Accessed 2025-05-12]

dbt Labs. URL: https://www.getdbt.com/index [Accessed 2025-05-13]

Metabase. URL: https://www.metabase.com/ [Accessed 2025-05-13]

Austrian J, Mendoza F, Szerencsy A, et al. Applying A/B testing to clinical decision support: rapid randomized
controlled trials. J Med Internet Res. Apr 9, 2021;23(4):e16651. [doi: 10.2196/16651] [Medline: 33835035]

Lee H, Choi EH, Shin JU, et al. The impact of intervention design on user engagement in digital therapeutics research:
factorial experiment with a mixed methods study. JMIR Form Res. Feb 9, 2024;8:e51225. [doi: 10.2196/51225]
[Medline: 38335015]

Bogin V. Lasagna’s law: a dish best served early. Contemp Clin Trials Commun. Apr 2022;26:100900. [doi: 10.1016/j.
conctc.2022.100900] [Medline: 35198795]

Abbreviations

CPP: Comités de Protection des Personnes

CRM: customer relationship management

DCT: decentralized clinical trial

DSM-5-TR: Diagnostic and Statistical Manual of Mental Disorders, Fifth Edition, Text Revision
GAD-7: Generalized Anxiety Disorder-7

GDPR: General Data Protection Regulation

ISI: Insomnia Severity Index

LFS: Large File Storage

ML: machine learning

PHQ-9: Patient Health Questionnaire-9

PRO: patient-reported outcome

SLEEPI: Smart Devices-Based Longitudinal Assessment of Patterns of Insomnia
SpO2: peripheral oxygen saturation

SW: ScanWatch

SW2: ScanWatch 2

WMA: Withings mobile app

WSA: Withings Sleep Analyzer

https://www researchprotocols.org/2026/1/e92341 JMIR Res Protoc 2026 | vol. 15 1€92341 | p. 15

(page number not for citation purposes)


https://doi.org/10.1016/s1389-9457(00)00065-4
http://www.ncbi.nlm.nih.gov/pubmed/11438246
https://psycnet.apa.org/doiLanding?doi=10.1037%2Ft06165-000
https://psycnet.apa.org/doiLanding?doi=10.1037%2Ft02591-000
https://psycnet.apa.org/doiLanding?doi=10.1037%2Ft02591-000
https://www.legifrance.gouv.fr/codes/article_lc/LEGIARTI000025457547/2025-07-16/
https://www.legifrance.gouv.fr/codes/article_lc/LEGIARTI000025457547/2025-07-16/
https://doi.org/10.1080/10543406.2022.2080698
https://doi.org/10.1080/10543406.2022.2080698
http://www.ncbi.nlm.nih.gov/pubmed/35695137
https://doi.org/10.1371/journal.pone.0260828
http://www.ncbi.nlm.nih.gov/pubmed/34986183
https://doi.org/10.2196/30671
http://www.ncbi.nlm.nih.gov/pubmed/35188475
https://doi.org/10.1080/09540121.2018.1503224
http://www.ncbi.nlm.nih.gov/pubmed/30626196
https://git-lfs.com/
https://www.getdbt.com/index
https://www.metabase.com/
https://doi.org/10.2196/16651
http://www.ncbi.nlm.nih.gov/pubmed/33835035
https://doi.org/10.2196/51225
http://www.ncbi.nlm.nih.gov/pubmed/38335015
https://doi.org/10.1016/j.conctc.2022.100900
https://doi.org/10.1016/j.conctc.2022.100900
http://www.ncbi.nlm.nih.gov/pubmed/35198795
https://www.researchprotocols.org/2026/1/e92341

JMIR RESEARCH PROTOCOLS Stefanos et al

Edited by Javad Sarvestan; peer-reviewed by Heber Anandan, Takashi Hosono; submitted 28.Jan.2026; final revised
version received 18.Sep.2026; accepted 25 .Sep.2026,; published 02.Nov.2026

Please cite as:

Stefanos MA, de Gourcuff M, de Laboulaye G, Campo D, Geoffroy PA, Islind AS

Smart Devices—Based Longitudinal Assessment of Patterns of Insomnia (SLEEPI): Protocol for Large-Scale, Digital,
Longitudinal, and Decentralized Clinical Trials

JMIR Res Protoc 2026;15:e92341

URL: hitps://www.researchprotocols.org/2026/1/e92341

doi: 10.2196/92341

© Marie-Ange Stefanos, Martin de Gourcuff, Guillaume de Laboulaye, David Campo, Pierre Alexis Geoffroy, Anna
Sigridur Islind. Originally published in JMIR Research Protocols (https://www.researchprotocols.org), 02.Nov.2026. This
is an open-access article distributed under the terms of the Creative Commons Attribution License (https://creativecom-
mons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium, provided the original
work, first published in JMIR Research Protocols, is properly cited. The complete bibliographic information, a link to the
original publication on https://www .researchprotocols.org, as well as this copyright and license information must be included.

https://www researchprotocols.org/2026/1/e92341 JMIR Res Protoc 2026 | vol. 15 192341 | p. 16
(page number not for citation purposes)


https://www.researchprotocols.org/2026/1/e92341
https://doi.org/10.2196/92341
https://www.researchprotocols.org
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.researchprotocols.org
https://www.researchprotocols.org/2026/1/e92341

	Smart Devices–Based Longitudinal Assessment of Patterns of Insomnia (SLEEPI): Protocol for Large-Scale, Digital, Longitudinal, and Decentralized Clinical Trials
	Introduction
	Methods
	Ethical Considerations
	Study Design
	PRO-Derived Reference Labels for Physiological Signature Identification
	Digital Study
	Study Monitoring
	Sample Size Estimation: Determining the Necessary and Achievable Cohort Size
	Methodological Validation and Phased Implementation

	Results
	Discussion
	Clinical Implications
	Limitations of the Study Design
	Future Work
	Conclusions



