Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

Utilizing Wearable Technology to Characterize and
Predict Post-Exertional Malaise Crashes across
Post-COVID Syndrome and Chronic Inflammatory
Conditions: Study Protocol of the prospective
observational study ‘U-WaTCH’

Viktoria Lampe

viktoria.lampe@med.uni—goettingen.de

University Medical Center Gottingen
Tim Riester

University Medical Center Gottingen
Lena-Marie Theil

University Medical Center Gottingen
Priyanka Dey

University Medical Center Gottingen
Philipp Wieder

Gesellschaft fiir wissenschaftliche Datenverarbeitung mbH Goéttingen (GWDG)
Frank Miiller

University Medical Center Gottingen
Dominik Schroder

University Medical Center Gottingen
Tim Schmachtenberg

University Medical Center Gottingen
Eva Hummers

University Medical Center Gottingen
Eva Maria Noack

University Medical Center Gottingen
Sigrun May

Ostfalia University of Applied Science
Frank Klawonn

Ostfalia University of Applied Science

Georg Martin Behrens
Hannover Medical School


https://doi.org/10.21203/rs.3.rs-7138872/v1
https://doi.org/10.21203/rs.3.rs-7138872/v1

Rebecca Rubin
Hannover Medical School

Alexandra Dopfer-Jablonka
Hannover Medical School

Sandra Steffens
Hannover Medical School

Christine Happle
Hannover Medical School

Study protocol

Keywords: Post-COVID-Syndrome, inflammatory diseases, Post-Exertional Malaise, fatigue, crash,
machine learning

Posted Date: April 24th, 2026
DOI: https://doi.org/10.21203/rs.3.rs-7138872/v1

License: €© @ This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Additional Declarations: No competing interests reported.


https://doi.org/10.21203/rs.3.rs-7138872/v1
https://creativecommons.org/licenses/by/4.0/

14

15

16
17

18

19

20

21

22

23
24

25

26
27
28
29
30
31
32

Utilizing Wearable Technology to Characterize and
Predict Post-Exertional Malaise Crashes across
Post-COVID Syndrome and Chronic Inflammatory
Conditions: Study Protocol of the prospective
observational study ‘U-WaTCH’

Viktoria Lampe?’, Tim Riester", Lena-Marie Theil', Priyanka Dey'?, Philipp Wieder?, Frank Miiller*3,
Dominik Schréder!, Tim Schmachtenberg?, Eva Hummers?, Eva Maria Noack?, Sigrun May* Frank
Klawonn*°, Georg Martin Behrens®’, Rebecca Rubin®, Alexandra Dopfer-Jablonka®’, Sandra Steffensg,
Christine Happle®*°

! Department of General Practice, University Medical Center Géttingen, Goéttingen, Germany
2Gesellschaft fir wissenschaftliche Datenverarbeitung mbH Gottingen (GWDG), Gottingen, Germany

3 Department of Family Medicine, College of Human Medicine, Michigan State University, Grand
Rapids, MI, USA

4Department of Computer Science, Ostfalia University of Applied Science, Wolfenbiittel, Germany
>Biostatistics Research Group, Helmholtz Centre for Infection Research, Braunschweig, Germany
6 Department of Rheumatology and Immunology, Hannover Medical School, Hannover, Germany
7German Center for Infection Research (DZIF), partner site Hannover-Braunschweig, Germany

8 Deans' office, Curriculum Development, Hannover Medical School, Hannover, Germany

9 Department of Pediatric Pulmonology, Allergology, and Neonatology, Hannover Medical School,
Hannover, Germany

10 Center for Individualized Infection Medicine (CiiM), Hannover, Germany

* Shared first authorship.

Corresponding Author: Viktoria Lampe

Department of General Practice, University Medical Center Gottingen, Humboldtallee 38, 37073
Gottingen, Germany

E-mail address: viktoria.lampe@med.uni-goettingen.de



33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

Abstract

Background: Fatigue and post-exertional malaise (PEM) are defining symptoms of Post-COVID
Syndrome (PCS) but are also common among rheumatic conditions. PEM is a severe symptom
exacerbation following minimal physical or cognitive exertion, often described by affected people as
“crashes" with rapid increase of fatigue and reduced physical resilience lasting hours to weeks. Current
approaches to PEM management rely on subjective self-monitoring, but objective, real-time PEM
prediction does not exist. This study aims to develop and validate machine learning algorithms using
continuous wearable sensor data to predict individual PEM crashes, enabling personalized PEM

intervention strategies.

Methods: We will conduct a prospective observational study recruiting 300 participants across three
groups (n=100 each): 1) PCS patients with PEM, 2) patients with inflammatory rheumatic conditions
experiencing PEM, and 3) healthy controls. Participants will use the Apple Watch SE or other
compatible wearable devices for continuous monitoring over up to 180 days. The initial data recording
period for all groups is 90 days and, whereas for PEM patients, a second period of 90 days is added to
allow testing of the detection algorithm. We will collect multi-modal data including heart rate
variability, activity patterns, sleep metrics, environmental exposure, and patient-reported outcomes.
Advanced machine learning algorithms (Cox regression, survival random forests, neural networks) will
be trained to predict crash occurrence. A proof-of-concept "PEM-protection mode" will be integrated

into an established no-Code mHealth application.

Discussion: This study represents the first systematic attempt to leverage continuous wearable
monitoring and machine learning for PEM prediction in PCS and rheumatic diseases. U-WaTCH is
planned to lead to digital interventions, that could transform PEM management from reactive
symptom reporting to proactive crash prevention, ultimately improving quality of life for people

affected by Long COVID and other conditions.

Trial Registration: DRKS00036301 (German Clinical Trials Register, registered on March 27, 2025).
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Background

The Post-COVID-Syndrome (PCS) is characterized by a variety of symptoms that persist after the acute
infection — depending on the definition for several weeks or months after the initial infection [1]. PCS
significantly affects the quality of life and presents a challenge to healthcare systems globally [2-5].
According to the World Health Organization (WHO) and other studies, approximately six percent of
people continue to experience symptoms four weeks after an acute COVID-19 infection, with 80-90%
of these individuals reporting symptoms of post-exertional malaise (PEM) [6-8]. The enduring
symptoms characteristic of PCS include persistent fatigue, dyspnea, and cognitive dysfunction [9],
which can worsen following physical or cognitive activity, an indicator of PEM [10-12]. PEM occurs in
PCS and other diseases with chronic fatigue such as the myeloid encephalitis/ chronic fatigue
syndrome (ME/CFS) of unknown origin [13] and other chronic inflammatory conditions, such as
rheumatoid arthritis or Sjogren's Syndrome [14]. PEM significantly impacts the quality of life and

treatment demand of affected individuals [15].

People with PEM are at risk of over-exertion, even during everyday activities such as shopping or social
activities, which can trigger "crashes" characterized by a rapid increase of fatigue and reduced physical
resilience [13]. Such crashes can occur within a few hours to a day following a triggering activity and
may last from hours to weeks [13]. Crashes in PCS patients are typically triggered by physical activities,
cognitive tasks, social interactions, self-care activities, and insufficient sleep [15, 16]. Interestingly, in
people with inflammatory rheumatic diseases, research indicates that crashes often originate from
different mechanisms, with mental rather than physical exertion being the predominant trigger [17].
Interestingly, in people with inflammatory rheumatic diseases, research indicates that crashes often
originate from different mechanisms, with mental rather than physical exertion being the predominant

trigger [15].

Although many triggers for PEM are known, they largely differ between individuals and PEM episodes

cannot be reliably predicted [18]. Consequently, patients limit themselves in their daily activities and
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responsibilities, often relying on the support of others. This situation imposes a significant burden not

only on the affected individuals but also on families and society as a whole.

Despite distinct clinical presentations, comparative analyses of PEM in PCS vs. rheumatic conditions
have been notably absent from current research. Most existing studies examine these conditions in

isolation, without addressing shared symptoms or triggers.

To reduce the enormous burden of PEM for affected individuals, predicting crashes and identifying
PEM triggers and exertion thresholds can be a crucial step toward developing personalized
management strategies. PEM prediction could empower patients to navigate daily activities while
minimizing symptom exacerbation, ultimately improving their activity, social participation, and quality

of life.

Thus far, there has been a lack of real-time data collection that could elucidate temporal dynamics of
crash development and recovery. This represents a significant research gap limiting our ability to

develop tailored interventions for different patient populations experiencing PEM.

The here presented study aims at collecting wearable data on parameters such as heart rate, physical
activity, and sleep in people with and without PEM and to identify patterns that can be used to predict
PEM episodes. The specific objectives of the U-WaTCH study (Utilizing WearAble TeCHnology for
Enhanced Monitoring and Management of Long COVID) are to (a) identify trigger factors for crashes in
PEM, (b) develop machine learning algorithms to predict individual or group-specific exertion
thresholds, (c) conceive a pilot intervention of a wearable-based “PEM-protection-mode” that can be

used to warn participants if they exceed exertion thresholds.
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Methods

Study design and Setting

The U-WaTCH study is conducted as an observational study at Hannover Medical School (MHH) and
the University Medical Center Gottingen (UMG) and enrolls individuals diagnosed with PCS associated
PEM, patients with a chronic inflammatory condition associated PEM, and healthy controls. We plan
to start including participants consecutively starting from summer 2025. The study region located in
Northern Germany encompasses the greater Hannover area (approximately 1.1 million residents [19]
and southern Lower Saxony including Gottingen (approximately 330,000 [19] residents, representing

both urban and rural populations.

A key element of this study is a prospective observational cohort study that aims to use, among other
things, the established no-code mHealth platform CIAS-EU (cias-app.eu) [20] and Apple watches (Apple
Inc., Cupertino, CA) to continuously collect health and activity data and patient-reported outcomes
from three observational groups with the sample size ratio 1:1:1 (1) PEM in patients with PCS, (2) PEM
in patients with inflammatory rheumatic conditions, and (3) healthy controls. Figure 1 indicates the

study’s timeline.

Year1 Year 2 Year 3

Task 1 2 3 4 5 6 7 8 91011 12|13 14 15 16 17 18 19 20 21 22 23 24|25 26 27 28 29 30 31 32 33 34 35 36
Study preparation

Qualitative interview study
Initializing technicalinfrastructure
Recruitment

Data collection

Data cleaning & analyses
Development/validation ML model

Development PEM protection mode

Figure 1: U-WaTCH Study Overview.
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Study consortium and roles

The study is conducted by a multidisciplinary consortium: the Department of Rheumatology and
Immunology at Hannover Medical School (MHH) serves as coordinator, leading project management
and recruitment center for PCS patients and rheumatological patients. The Department of General
Practice at University Medical Center Géttingen (UMG) oversees recruitment activities, manages the
Citizen's Advisory Board, and contributes expertise in patient-centered digital health interventions.
The Gesellschaft fir wissenschaftliche Datenverarbeitung (GWDG) provides essential technical
infrastructure, maintains the CIAS-EU platform, and ensures data security with their ISO 27001:2013
certified servers. The Ostfalia University of Applied Sciences Department of Computer Science
contributes expertise in machine learning and biostatistics, developing and refining the predictive

models for PEM crash identification and analysis.

Recruitment

We employ a convenience sampling strategy with consecutive enrolment over a 12-month period.

Different recruitment strategies for the respective groups are applied:

Persons in the PCS associated PEM group (1) are recruited through the DEFEAT-Corona observational
study platform with approximately 3,000 registered PCS patients [21], specialist PCS outpatient clinics
at both university hospitals UMG and MHH, the regional primary care research practice network

(Forschungspraxennetzwerk), institutional websites, and social media platforms.

Participants with chronic inflammatory condition associated PEM (2) are recruited through the

Cooperative Regional Rheumatology Center Lower Saxony and its network of affiliated practices.

Healthy controls (3) are recruited using a participant referral approach, where enrolled participants
from groups 1 and 2 suggest friends, siblings, or work colleagues who might serve as controls. This

strategy typically results in lower dropout rates and higher study motivation due to personal
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connections. While not formally matched, this approach naturally yields controls with similar
demographic characteristics to the patient groups, improving comparability without explicit sampling

constraints.

The study targets n=100 participants per group (total n=300). Monthly monitoring of recruitment
progress allows for strategic adjustments. If enrolment falls below projected targets, recruitment will
be expanded to include additional channels such as patient organizations, self-help groups, and
regional media channels and social media. All participants must be able to attend a visit at an inclusion

facility for enrolment and device setup.

Potential participants are asked to complete a digital pre-screening survey to assess compliance with
initial eligibility criteria. Individuals meeting the pre-screening criteria can schedule a telephone
interview with the study personnel. During this call, appointments for enrollment are scheduled. At
enrollment, study staff will conduct a final eligibility assessment, obtain written informed consent, and

provide comprehensive training on Apple Watch usage and study procedures.

The study provides Apple watch SE (Series 2) devices equipped with eSIM cards and data plans free if
charge to participants, ensuring that they incur no additional expenses for taking part in the study.
Participants who own an iPhone can pair the study-provided Apple watch with their device and
participate by installing the study app, which handles secure data collection and transmission to the
study database. For participants without personal iPhone, the study provides a loan device for the

duration of their participation. All participants receive 100€ in compensation for their participation.

Eligibility Criteria
Group 1: PCS with PEM

Inclusion criteria are (1) Participants aged 18 years or older, (2) diagnosed PCS (ICD-10 U09.9) or
persistent symptoms following a confirmed COVID-19 infection (as determined by PCR or antigen test)

lasting more than three months that cannot be explained by other conditions and have first appeared
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in association with a COVID-19 infection (following the WHO PCS definition [22]), (3) PEM indicated by
the DePaul Symptom Questionnaire-PEM (DSQ-PEM) [23, 24], with thresholds following the National
Institute of Neurological Disorders and Stroke Common Data Elements PEM Working Group (at least
one of the items 1-5 with 22 on both the severity and frequency scales) [25], and (4) Bell Chronic

Fatigue Immune Dysfunction Syndrome (CFIDS) disability scale [26] score in the range of 30 to 70.

Exclusion criteria are (1) fatigue due to other conditions (including active cancer or ongoing cancer
treatment, chronic inflammatory or autoimmune diseases such as rheumatoid arthritis, systemic lupus
erythematosus, inflammatory bowel disease, or multiple sclerosis, severe or symptomatic anemia
requiring treatment, chronic infections including Human immunodeficiency virus (HIV), hepatitis B/C,
or tuberculosis, primary adrenal insufficiency including Addison's disease, severe organ dysfunction
such as heart failure NYHA class IlI-1V, chronic kidney disease stage 4-5, or end stage liver cirrhosis,
neurological conditions associated with significant fatigue including Parkinson's disease or myasthenia
gravis), (2) other poorly controlled chronic conditions where fatigue is a predominant symptom
(including uncontrolled depression with the Patient Health Questionnaire-9 (PHQ-9) scores 215,
untreated or poorly controlled hypothyroidism with TSH >10 mIU/L, diabetes with HbAlc >10%, or
fatigue attributed to poor glycemic control, untreated obstructive sleep apnea syndrome (OSAS)], and
severe nutritional deficiencies, drug abuse, use of medications causing significant fatigue as a primary
side effect), (3) lack of capacity to consent, (4) limited German language proficiency, and (5) insufficient

technical skills regarding wearable or mobile phone handling.

Group 2: Chronic Inflammatory Diseases + PEM

Inclusion criteria are (1) participants age 18 years or older, (2) PEM indicated by the DSQ-PEM with
thresholds following the National Institute of Neurological Disorders and Stroke Common Data
Elements PEM Working Group (at least one of the items 1-5 with >2 on both the severity and frequency
scale) [25], (3) Bell CFIDS disability scale [26] score in the range of 30 to 70, (4) diagnosed chronic
inflammatory condition such as rheumatoid arthritis or Sjogren's syndrome. Exclusion criteria are (1)

diagnosed PCS, (2) other diagnosed conditions associated with fatigue and symptoms that are not
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classified as chronic inflammatory conditions (ICD-10 codes D89.9, M30-M36, K50-K52, K75.4) such as
ME/CFS and those mentioned above for group 1, (3) COVID-19 post-vaccination syndrome, (4) poorly
controlled chronic conditions with predominant fatigue symptoms (see detailed criteria as described
for group 1), (5) inability to provide informed consent, (6) limited German language proficiency, and

(7) insufficient technical regarding wearable or mobile phone handling.

Group 3: Healthy Controls

In the third group, we intend to include control probands (1) aged 18 years or older, and (2) Bell CFIDS
disability scale 80 or higher. Exclusion criteria are (1) PEM indicated through DSQ-PEM with thresholds
following the National Institute of Neurological Disorders and Stroke Common Data Elements PEM
Working Group (none of the items 1-5 are rated with a frequency and severity 2 or higher in intensity
and frequency), as well as (2) conditions that are also associated with considerable fatigue and PEM
(including PCS, post-vaccination syndrome, and those defined above), as well as (3) inability to provide
informed consent, (4) limited German language proficiency, and (5) insufficient technical regarding

wearable or mobile phone handling.

Sample Size

Due to the exploratory nature of this observational study and the absence of established effect sizes
for PEM triggers in literature, formal power calculations are not feasible. While previous studies
analyzed several PEM triggers [18], key questions regarding exact triggers, their effect magnitude, and
temporal relationships (lag times) remain largely unanswered. Therefore, we chose a pragmatic

approach to sample size determination.

A target of 100 participants per group was chosen based on several considerations: First, this sample
size provides sufficient data points for machine learning algorithms to identify patterns and develop
predictive models, accounting for the expected variability in trigger types and individual responses.

Second, with continuous monitoring over up to six months, we anticipate capturing multiple crash
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events per participant, yielding a robust dataset for analysis. Third, this sample size allows for subgroup
analyses while maintaining reasonable precision for exploratory findings. Finally, recruitment of n=100

participants per group is feasible within the planned timeframe and given available study resources.

Measures

Measures include (a) sociodemographic and disease-related information at baseline, (b) sampling of
biomaterials at baseline, (c) patient-reported outcome measures (PROMs) at multiple timepoints, (d)

continuous activity monitoring through wearables, and (e) daily PEM symptom monitoring.

(a) Sociodemographic and clinical baseline data

Following informed consent (baseline time point, T0), participants complete a questionnaire
administered through evasys (evasys GmbH, Liineburg, Germany). Sociodemographic data collected
include age, gender, characterization of place of residence, educational level, employment status,

occupation, living situation, and history of migration.

Clinical baseline data encompasses medical history including current comorbidities and medications.
For PCS patients, detailed COVID-19 infection history is collected including date of initial infection,
severity of acute illness, number of infections, and vaccination status. All participants report current
symptom severity over the past seven days for 33 different symptoms on a scale from 0 (no symptoms)
to 10 (most severe symptoms), covering respiratory, cardiovascular, neurological, gastrointestinal, and
other organ systems. The selection of symptoms was based on the WHO definition and the UK NICE

guidelines on PCS [9, 27]. Anthropometric measurements including height and weight are recorded.

(b) Biomaterial sampling at baseline
At baseline visits, blood samples are collected from participants. The blood collection includes

oneserum separator and one Ethylenediaminetetraacetic acid (EDTA) tube. Collected samples undergo
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laboratory analysis for a panel of inflammatory markers including interleukin-6 (IL-6), C-reactive
protein (CRP), macrophage inflammatory proteins (MIP), and additional chemokines and cytokines
relevant to inflammatory processes in both PCS and rheumatic conditions. The further laboratory
includes a differential blood count and a basic metabolic panel. To characterize immune responses

following infection, SARS-CoV-2 antibody levels will be determined.

Following completion of the planned analyses, any remaining biomaterial is processed and stored in a
central biobank according to standardized biobanking protocols. All sample collection and processing
procedures follow standardized protocols to ensure consistency across both study sites and sample

integrity for downstream analyses.

(c) Patient-reported outcome measures (PROMs)

As shown in Figure 2, standardized instruments are administered at baseline (T0), 3 months (T1), and
6 months (T2). Fatigue and post-exertional malaise are assessed through multiple instruments. The
Fatigue Assessment Scale (FAS) comprises 10 items measuring physical and mental fatigue with
responses ranging from "never" to "always". The FAS is a reliable and valid instrument for measuring
fatigue with good internal consistency and a Cronbach's alpha of 0.82 [28] and has been used in several
studies in PCS patients, including studies conducted in Germany [29, 30]. The DSQ-PEM evaluates both
frequency and severity of five core PEM symptoms over the past six months, with additional questions
about recovery time and activity avoidance [31]. The Bell Disability Scale provides a single score from
0 to 100 indicating functional capacity, while the Canadian Consensus Criteria for ME/CFS assesses
symptom clusters across seven domains including post-exertional neuroimmune exhaustion, sleep

dysfunction, pain, and neurological/cognitive manifestations [26].

Mental health and quality of life assessments include the (PHQ-9 for depression screening [32], with
nine items rated on frequency over the past two weeks, and the Generalized Anxiety Disorder-7 (GAD-

7) scale measuring anxiety symptoms. The PHQ-9 is a widely used screening tool for depressive
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symptoms and demonstrates a strong reliability and external validity. The internal consistency of the
scale is reflected by Cronbach's alpha of 0.82 [32]. Similarly, the commonly used GAD-7 has an internal
consistency with Cronbach's alpha of 0.92 [33]. Health-related quality of life is captured through the
EuroQol 5-Dimension 5-Level (EQ-5D-5L), assessing mobility, self-care, usual activities,
pain/discomfort, and anxiety/depression, plus a visual analog scale for overall health status. The EQ-
5D-5L is often used in long COVID research and measures health related quality of life and
demonstrates a strong reliability and validity with a good internal consistency and a Cronbach's alpha
of 0.75 [34]. The Perceived Stress Scale (PSS-10) evaluates perceived stress over the past month
through 10 items measuring feelings of control and coping ability. It also is a reliable and valid tool for
measuring perceived stress, demonstrating good internal consistency with a Cronbach's alpha of 0.78

[35].

Functional capacity and social factors are assessed through several instruments. The IMET (Index zur
Messung von Einschrankungen der Teilhabe/ Participation Restriction Measurement Index) measures
participation restrictions across nine life domains on a scale from 0 (no impairment) to 10 (no activity
possible). It has been used by various authors to evaluate social impairment during the COVID-19
pandemic [36—39]. The Work Ability Index short version evaluates current work capacity compared to
lifetime best, incorporating both physical and mental work demands and is a validated and frequently
used instrument for assessing work ability in PCS patients [29, 40]. Social support is measured through
the ENRICHD Social Support Inventory (ESSI) with five items assessing emotional and instrumental
support availability. It is also used in post COVID research [9, 41] and has a good internal consistency
with a Cronbach's alpha of 0.88 [42]. The Resilience Scale-13 (RS-13) captures psychological resilience
through 13 items rated from 1 (disagree) to 7 (agree) and is a reliable and valid tool to measure
resilience with a Cronbach's alpha of 0.92 [43]. The UCLA-Loneliness-Scale in the 3-item short form

(UCLA-LS) measures the loneliness of the participants [44].

Disease-specific assessments include the EFK (Essener Fragebogen zur Krankheitsverarbeitung/ Essen

questionnaire on coping with illness), a 45-item questionnaire measuring various coping strategies
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from problem-focused to emotion-focused approaches [45]. The Qualtiy of Life in Neurological
Disorders (Neuro-Qol) scales assess sleep disturbances (8 items), stigma (7 items), and cognitive
function (8 items) specific to neurological conditions. Internal consistency (Cronbach's a) ranges from
0.85 to 0.97 [46]. The MYMOP-2 (Measure Yourself Medical Outcome Profile) allows participants to
identify and rate their most bothersome symptoms and activity limitations on a scale from 0 to 6 [47].
Participants who identify as female are also asked about their menstrual cycle. The Period QoL assesses
the quality of life during the period, while the Premenstrual Syndrome (PMS) questionnaire aims to

assess the physical and mental complaints during the entire cycle [48, 49].

Additional assessments include the Freiburg Physical Activity Questionnaire documenting various
physical activities over the past four weeks, including occupational, transportation, household, and
sports activities [50]. Substance use is screened using an adapted version of the WHO ASSIST (Alcohol,
Smoking and Substance Involvement Screening Test), covering lifetime use and recent consumption

patterns of various substances including alcohol, tobacco, cannabis, and other drugs [51, 52].

Insights into the participants' lifestyle are obtained through the Simple Lifestyle Indicator
Questionnaire (SLIQ). This instrument collects data on diet, daily physical activity, alcohol

consumption, and everyday stress [53].

(d) Continuous wearable monitoring

Continuous physiological and activity monitoring is conducted using Apple watch SE or another
compatible Apple Watch (Apple Inc., Cupertino, CA). Probands can use their own Apple watches or
iPhones (iPhone 11 and higher) in case they own such devices and these are compatible with study
procedures, otherwise they will be provided with technical devices upon enrollment. The watches will
be worn for 90 (non-PEM controls) or 180 (PEM groups) days. Participants are instructed to wear the
device for at least 18 hours a day, removing it only for recharging or activities that might damage the

device or when there is a risk of injury, such as contact sports.
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Apple watches SE or comparable Apple watch models continuously capture health metrics including
cardiovascular parameters, like heart rate with maximum, minimum, and resting values in beats per
minute, heart rate variability, walking heart rate average, and respiratory rate in breaths per minute.
Physical activity and energy expenditure data encompass step count, activity energy and basal energy
in kilocalories, distance in meters, flights climbed, exercise minutes, stand hours, and specific activity
types (walking, cycling, stationary, or movable activities) measured through motion sensors with speed
in meters. Sleep patterns are analyzed through time-based assessment of different sleep phases
including REM sleep, deep sleep, core sleep, and awake time, with durations recorded in hours and
minutes. For female participants, the Apple watch cycle tracking may request information on

menstruation days, flow levels (light, medium, heavy), and associated symptom:s.

For this study no actual GPS coordinates or specific location data are collected or stored, ensuring
participant privacy while still gathering relevant environmental context. Environmental data is
approximated using derived metrics to characterize environmental exposures including location
categories (crowded areas, green spaces, urban environments, shopping centers), weather conditions
(temperature in degrees Celsius, sky conditions), humidity percentage, and continuous monitoring of

noise exposure in decibels to assess potential PEM triggers.

All wearable data is synchronized using a native iOS application.

(e) Daily PEM symptom monitoring

Daily symptom monitoring is conducted through an ultra-short questionnaire assessing two key
parameters: whether they experienced a crash in the past 24 hours and their current energy level.
Each day, participants receive an automated text message to their mobile phones prompting them to
respond to these two questions. This minimally burdensome approach ensures high response rates

while capturing essential daily fluctuations in PEM symptomes.
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If participants report a crash or significant decline in energy levels, they are automatically directed to
an extended survey. This adaptive assessment captures detailed information about the crash event,
including timing of onset, severity rating, duration, and specific symptoms experienced. Participants

are also asked to identify potential triggers.

The specific instruments for both the daily screening questions and extended crash assessments are
developed through an exploratory qualitative interview study with PEM patients. This formative
research phase involves qualitative interviews with individuals experiencing PEM across different
conditions to ensure the assessment tools capture the most relevant aspects of crash experiences, use
appropriate terminology that resonates with patients' lived experiences, and maintain feasibility for
completion during periods of severe symptoms. The qualitative findings will be incorporated into the
final questionnaire design, including response scales, symptom descriptors, and trigger categories. The

interview guide is provided as supplementary material.
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Figure 2: Schedule enrollment, interventions, and assessments.

Monitoring

Our monitoring strategy aims to ensure consistently high data quality and encompasses pre-study
feasibility testing, continuous data quality assessment, and proactive participant engagement. Prior to
launch, we conduct backend system testing, verify data synchronization between Apple Watch SE or
another compatible Apple Watch devices and the corresponding platform, and validate user interfaces

to ensure reliable performance.



371

372

373

374

375

376

377

378

379

380

381

382

383

384

385

386

387

388

389

390

391

392

393

394

395

Other studies using Apple Watches have shown acceptable validity for our measurements. For
example, heart rate monitoring showed clinically acceptable accuracy during rest and exercise [54] and
activity tracking yielded reasonable validity with mean absolute percentage errors of 18% and
intraclass correlation coefficients of 0.69-0.95 for step counting [55]. Sleep tracking achieves 50-86%
sensitivity for sleep stage discrimination and 88% agreement for basic sleep-wake categorization [56,

57].

Automated data quality checks identify missing data, irregular wear patterns, and technical anomalies.
Participants showing >12 hours of non-wear time or >48 hours without device synchronization receive
proactive outreach for troubleshooting and support. Daily PEM symptom assessment response rates
are monitored in real-time, with automated reminders sent to non-responders after 12 hours. Weekly
data completeness reports enable early identification of participants requiring additional support. All
monitoring activities are documented to inform protocol modifications and establish best practices for

future digital health studies in PEM populations.

Patient involvement

The study was designed and is continuously supervised by our established Citizen's Advisory Board
("Blirger*innenbeirat") at the Department of General Practice at UMG, which consists of 10-15
individuals with diverse sociodemographic backgrounds, the majority being affected by PCS or other
chronic conditions. This board, founded in 2021, provides input on study materials, recruitment
strategies, selection of patient-reported outcome measures, and reviews the corresponding data

recording application. Throughout the study, preliminary results are discussed with the board.

Research Ethics and Data Safety

This study is conducted in accordance with the ethical principles of the Declaration of Helsinki and has

been approved by the ethics committee of Hannover Medical School (11475_BO_S 2024,
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13/03/2025). The observational nature of the study presents minimal risk to participants, with data
security being the primary consideration. All participant data are managed in pseudonymized form,
with direct identifiers replaced by study-specific identification numbers (ID) immediately after
enrollment. The key linking these codes to participant identities is stored in encrypted, password-
protected files accessible only to authorized study personnel at respective enrollment sites, with strict
access controls and audit trails implemented. Following the privacy by design principle, unique device
identifiers such as International Mobile Equipment Identity (IMEI) numbers of smartwatches or phones
are deliberately excluded from research databases to prevent potential re-identification of
participants. All data access is governed by role-based permission systems, ensuring that investigators
only have access to the minimum data set necessary for their specific research tasks. Participants
receive comprehensive information regarding data protection measures during the informed consent
process, including transparent explanation of data handling procedures, potential risks, and their rights
regarding data withdrawal. All procedures comply with the General Data Protection Regulation (GDPR)

and applicable national data protection laws.

Data Processing and Storage

The data collection streams include paper-based questionnaires at baseline (T0), after 3 (T1) and 6 (T2)
months, and specimen sampling completed at enrollment, daily monitoring of PEM symptoms via a
dedicated app, and continuous wearable metrics from the Apple watch SE or another compatible Apple

watch.

Baseline questionnaires are digitized through optical character recognition (OCR) technology following
completion at enrollment visits using evasys (evasys GmbH, Lineburg, Germany). The scanned
documents undergo manual verification by study personnel to ensure accuracy of the digitized data
prior to integration into the central database. Completed paper questionnaires are archived for 10

years.
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Blood samples collected at baseline are processed at a centralized, certified laboratory facility at
Hannover, Germany (Laboratory Stille/Jablonka Hannover and MHH). Upon arrival in the laboratory,
samples are centrifuged, and plasma is isolated and frozen to -20°C until batch analysis. All samples
are analyzed using a COBAS ® system (Roche Diagnostics International AG, Rotkreuz, Switzerland)
according to the manufacturer's recommendations, with surplus material biobanked for future

research use following participant consent.

Electronic check-ins for specific events are recorded via the study app. The application operates on ISO
27001:2013 certified servers located at GWDG in Germany. Security measures include end-to-end

secure sockets layer (SSL) encryption for all data transmission and storage.

We collect data from Apple smartwatches through a native iOS application developed specifically for
this study. Study smartwatches are equipped with an eSIM providing independent connectivity,
enabling continuous data collection without requiring a connected iPhone nearby. This autonomous
connectivity ensures uninterrupted data capture even when participants are not carrying their phones.
All wearable data is transmitted via secure virtual private network (VPN) connections to a protected
PostgreSQL database at GWDG, with personal identifiers encrypted and linked only to pseudonymized

user IDs to maintain participant privacy while enabling data integration across sources.

Temporal alignment algorithms synchronize time-stamped wearable measurements with participant-
reported crash events, enabling precise analysis of physiological changes preceding, during, and
following PEM episodes. All details regarding data collection, processing, storage, access control, and
long-term preservation are comprehensively documented in the Data Management Plan (DMP), which

is available as an appendix to this protocol.
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Data Analysis

The primary objective is to identify triggers for PEM episodes and to develop algorithms for wearable
based, real time prediction of PEM crashes. We will model time to event using both semi-parametric
and machine learning survival approaches that handle repeated events and irregular observation

intervals.

Data preparation

The dataset includes mainly ordinal or numerical variables derived from various sources (see Data
Processing and Storage). All timestamps will be synchronized and converted to the "Europe/Berlin"
time zone. Depending on the original sampling resolution and clinical relevance, time-dependent
variables will be resampled into non-overlapping time windows. As no prior information about the
signal quality or temporal dynamics of the incoming data is available at the time of protocol
development, final resolution choices will be based on visual inspection, data completeness, clinical
relevance and preliminary analyses. Within each fixed window, we will store summary statistics such
as mean, median, standard deviation, minimum, and maximum. For hypothesized delayed effects, lag-
features (e.g. 24h, 48h, 72h) will be generated. Change-point detection using the PELT algorithm [58]
will be applied to selected physiological features and encoded as binary indicators (change occurred

vs. not) or as time since last change.

If necessary to reduce multicollinearity, only one representative variable from a cluster of highly
correlated variables (| p| > 0.9) will be retained in the final dataset. This representative variable will be
selected based on clinical interpretability, temporal relevance (e.g., shorter lags preferred), or signal
stability across participants. The correlation threshold p may be adjusted based on the overall
correlation structure and its impact on model robustness. Additionally, variables with near-zero
variance, excessive missingness (>50%), poor signal stability across individuals, or extremely

unbalanced categories may be excluded. Accordingly, samples with >50% missingness may be
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removed, with reasons documented. The 50% threshold may be refined based on exploratory
missingness analysis, including missingness patterns, clinical relevance, and imputation feasibility.
Missing values with minimal missingness (<5%) in static baseline variables and low-frequency
questionnaire items will be imputed applying median or mode. For time-varying covariates and
longitudinal measurements multivariate imputation by chained equations (20 imputations) will
address sporadic missingness (<15 %). Variables with 15-50% missingness will generally be included in
multivariate imputation, unless excluded due to poor imputation quality or low clinical relevance.
Physiologically implausible values will be winsorized at the 0.5th/99.5th percentiles. Continuous

features will be z-standardized, and categorical variables will be one-hot encoded.

Pre-processing sensitivity checks

To evaluate robustness, all modelling steps will be repeated under three alternative preprocessing
schemes: (1) single imputation of missing longitudinal values using last-observation-carried-forward
(LOCF), (2) omitting winsorization and using raw values, and (3) applying min—max scaling instead of z-
score standardization. Significant discrepancies in key performance metrics will be reported to assess

the impact of preprocessing choices on model robustness.

Group Comparisons

We will perform predefined exploratory group comparisons to assess whether the collected data
contain actionable early-warning signals for PEM events. First, each predefined subgroup (PCS-
associated PEM, chronic inflammatory disease-associated PEM) will be analyzed separately. Within
each subgroup, we will compare exposure windows preceding events to control windows without
events, evaluating whether the algorithm’s predictions significantly exceed chance-level performance

and yield clinically relevant lead-times.
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Survival modelling

The principal model will be the Cox proportional hazards model [59, 60], using time since study entry
(i.e. time-on-study) as the analysis time scale. If necessary, time-dependent covariates will be
incorporated by structuring the data in start—stop format. To reduce overfitting and improve model
generalizability, penalized regression methods such as elastic-net regularization (o = 0.5) may be
considered. The necessity and type of penalization will be decided upon preliminary analyses. For
unpenalized Cox models with multiple observations per subject, robust sandwich variance estimators
will be applied to account for intra-subject correlation. Model assumptions will be evaluated using
residual diagnostics (e.g. Schoenfeld and Martingale plots). Non-linear relationships will be addressed
using restricted cubic splines with three knots where appropriate. Additionally, an additive hazards
model [61, 62] will be fitted as a robustness check, providing an alternative framework that does not

rely on proportional hazards assumptions.

To further explore non-linear effects and assess the robustness of findings, conditional inference
survival trees (ctree) [63] and random survival forests (RSF) [64] will be implemented as
complementary approaches. Key RSF hyperparameters will be tuned, including the number of trees,
the number of candidate variables considered at each split, and the minimum terminal node size. For
additional benchmark analyses, strongly regularized neural network-based survival models (e.g.
DeepSurv [65], DeepHit [66]) will be explored. Neural networks will be evaluated cautiously as non-
primary, exploratory methods. Model complexity will be minimized by strongly restricting hidden
layers and neurons per layer and dropout regularization. Hyperparameters such as learning rate,
dropout rate, and batch size will be optimized via Optuna [67] with early stopping, limiting the search
to a maximum of 50 trials. Search ranges will be constrained based on prior benchmarks and pilot

analyses to mitigate overfitting.
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Model validation and performance metrics

Internal model validation will follow a two-tiered strategy. First, nested cross-validation will be used
for hyperparameter tuning. For models that handle temporally ordered data (e.g. penalized Cox, RSF),
each inner and outer loop adopts a rolling-origin, grouped-fold resampling scheme to preserve
temporal dependencies and prevent information leakage. Neural networks will rely on early stopping
against a temporally held-out validation fold within each training split. Second, a temporal hold-out
will be used to retrain every final model on the first 90 days of follow-up and evaluated on the
subsequent 90 days to quantify generalizability. Model performance will be evaluated using time-
dependent discrimination metrics (Harrell's C-index and area under the curve (AUC) at clinically
relevant time points) and calibration metrics (integrated Brier score, calibration plots). Uncertainty will
be quantified as follows: 1,000 bootstrap resamples of the temporal test set for Cox and additive
models, out-of-bag predictions repeated with 20 different random seeds for RSF (reporting median +
interquartile range (IQR) of metrics) and 200 bootstraps for penalized Cox. For explorative neural

networks mean + standard deviation across five rolling-origin folds will be calculated.

Feature selection and stability assessment

Feature selection in penalized models will be based on non-zero coefficients after regularization. In
unpenalized models, selection will rely on effect sizes, p-values, and model selection criteria such as
the Akaike Information Criterion (AIC) [68]. In the random survival forest (RSF), variable importance
will be estimated via permutation. For neural network models, feature contributions will be assessed
using SHAP (SHapley Additive exPlanations) values [69]. To evaluate feature selection stability, we will
count how frequently each feature is selected or ranks among the top predictors across repeated

resampling. Features retained in 250% of resamples will be considered robust.

Subgroup Analysis
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Models will be re-estimated in the predefined subgroups (PCS associated PEM, chronic inflammatory
disease associated PEM) to explore potential heterogeneity in associations and outcomes. Where
appropriate, analyses may also be stratified by additional clinically relevant characteristics such as age,
sex, or disease type or severity. Interaction terms may also be included in the main models to formally

test for heterogeneity. These analyses are considered exploratory and hypothesis-generating.

Case-crossover analysis

To complement between-subject models, we will perform a bidirectional case-crossover analysis in
which each participant serves as his or her own control. For each event, we will define exposure
windows and compare them to control windows free of events within +7 days, using conditional
logistic regression [70]. This design inherently adjusts for stable, unmeasured confounders and will

help to distinguish acute triggers from baseline risk factors.

Sensitivity analyses
Sensitivity analyses will explore: (1) different lag-window definitions (e.g. 3 h, 12 h), (2) alternative
imputation methods (missForest [71]), (3) exclusion of outliers instead of winsorisation, and (iv)

altered RSF hyperparameter settings. Results will be tabulated alongside primary estimates.

Software

Data preparation and analysis will be performed in various programs, such as SPSS Version 30 (IBM
Corp., Armonk NY, USA) as well as up-to-date versions of Python and R, depending on the research
context. Core R packages include survival [60, 72], timereg [62], mIr3proba [73], mice [74], partykit
[75], and randomForestSRC [64]. Preprocessing relies on lubridate [76], slider [77], changepoint [58],

and DescTools [78]. Neural networks (DeepSurv, DeepHit) will be implemented in Python via pycox
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[79], interpreted with SHAP [69] and tuned with Optuna [67]. Final software versions, code and

workflow will be archived (e.g. GitHub/Zenodo) to ensure reproducibility.

Discussion

The U-WaTCH study represents an exploratory observational investigation designed to identify crash
triggers in participants experiencing PEM. While our current focus is on PCS and rheumatic diseases,
the methodological approach may have future applications for other conditions exhibiting PEM

symptoms, such as depression and multiple sclerosis.

Strengths and Limitations

A hurdle for interested people may be that only participants with sufficient technical skills and internet
access can be included. To address this barrier, we provide clear instructions and ongoing technical to
all participants. As devices are provided for study participations, people do not have to own a
smartphone and an Apple Watch. Despite these measures, technical challenges remain significant
barriers across all age groups.. Key challenges in smartwatch studies include frequent charging
requirements, connectivity problems, app synchronization failures, and data quality concerns [80]. Our
monitoring strategy specifically addresses these challenges through proactive technical support and
automated data quality checks. Beukenhorst et al. [81] reported good engagement over a 3-month
period with participants wearing devices on 75% of days or more, though participation declined in the
final weeks. This pattern informed our decision to implement different observation periods for control
participants (3 months) versus PEM groups (6 months), balancing data collection needs with expected

adherence patterns.
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In spite of possible technical challenges, the largely digital nature of the U-WaTCH study design is also
a strength, as it makes our approach easily accessible to persons that are less mobile (e.g. those

affected by PCS, rheumatoid diseases, and fatigue) and scalable.

Including PCS patients, rheumatoid disease patients, and healthy controls allows a precise
identification of cross-group differences und distinguishes physiological changes between PCS
associated PEM and PEM in patients with rheumatoid disease. This comparison enables identification

of disease-specific patterns, potentially disclosing targeted treatment options.

Another strength of our study design is the comprehensive and structured data collection, creating a
benchmark for categorized PCS patient data combining wearable data, biomarkers, and PROMs. In this
context, a possible limitation is that wearables may produce inaccurate data due to technical issues or
irregular wearing. Our study design addresses these challenges common to wearable-based
longitudinal research by immediate feedback to those study participants with gaps in data submission
over a specific time threshold. This may be particularly important in older study participants, as
Chandrasekaran et al. [82] found that approximately 30% of US adults use wearable healthcare

devices, but that utilization decreases among higher age groups.

Loss to follow-up represents a particular concern for longer observation periods. Mahalingaiah et al.
[83] reported only 35% response rates to follow-up surveys at 6 months in the Apple Women's Health
Study. Our multi-modal engagement strategy combines automated reminders, personalized outreach
and ultra-short questionnaires to mitigate dropout risks. Given the daily impact of PEM on participants'
lives, we anticipate that the potential insights gained from participation may provide intrinsic
motivation beyond what is typically seen in healthy population studies, though this remains to be

empirically tested.
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