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Abstract: Digital biomarkers for fatigue monitoring in neurological disorders represent an
innovative approach to bridge the gap between mechanistic understanding and clinical
application. This perspective paper examines how smartphone-derived measures, analyzed
through artificial intelligence methods, can transform fatigue assessment from subjective,
episodic reporting to continuous, objective monitoring. The proposed framework for
smartphone-based digital phenotyping captures passive data (movement patterns, device
interactions, and sleep metrics) and active assessments (ecological momentary assessments,
cognitive tests, and voice analysis). These digital biomarkers can be validated through
a multimodal approach connecting them to neuroimaging markers, clinical assessments,
performance measures, and patient-reported experiences. Building on the previous research
on frontal-striatal metabolism in multiple sclerosis and Long-COVID-19 patients, digital
biomarkers could enable early warning systems for fatigue episodes, objective treatment
response monitoring, and personalized fatigue management strategies. Implementation
considerations include privacy protection, equity concerns, and regulatory pathways. By
integrating smartphone-derived digital biomarkers with Al analysis approaches, the future
envisions fatigue in neurological disorders no longer as an invisible, subjective experience
but rather as a quantifiable, treatable phenomenon with established neural correlates and
effective interventions. This transformative approach has significant potential to enhance
both clinical care and the research for millions affected by disabling fatigue symptoms.
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1. Introduction

Fatigue represents one of the most prevalent and debilitating symptoms across neuro-
logical disorders, affecting up to 92% of multiple sclerosis (MS) patients and 75% of indi-
viduals with post-acute sequelae of SARS-CoV-2 infection (PASC or Long COVID-19) [1,2].
Despite its significant impact on quality of life, employment status, and overall disability,
fatigue remains challenging to quantify objectively, with assessments largely dependent on
self-report measures that are vulnerable to recall bias and contextual influences [3]. The
neurophysiological basis of fatigue involves complex interactions between central and
peripheral mechanisms, with recent neuroimaging evidence pointing to altered metabolism
in frontal-striatal pathways [4,5]. However, a significant translational gap exists between
laboratory-based mechanistic findings and practical clinical approaches for monitoring and
managing fatigue in real-world settings.

Digital health technologies, particularly smartphone-based assessment, offer unprece-
dented opportunities to bridge this gap through the continuous, ecologically valid measure-
ment of fatigue-related behaviors [6]. The ubiquity of smartphones (owned by over 85% of
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adults in developed countries) enables the passive collection of movement, activity, and
device interaction data that may serve as digital biomarkers of fatigue progression [7,8].
When combined with artificial intelligence (Al) approaches for pattern recognition and
personalized modeling, these digital signals can potentially transform fatigue assessment
from episodic, subjective reports to continuous, objective monitoring [9,10].

This perspective paper examines how smartphone-derived digital biomarkers, ana-
lyzed through Al methods, can translate the mechanistic understanding of neurological
fatigue into practical clinical applications. We propose a framework for connecting dig-
ital signals to neural mechanisms, discuss validation approaches, and outline potential
clinical implementations that can enhance both patient care and clinical trials in MS, Long
COVID-19, and related disorders.

Figure 1 illustrates the conceptual framework for how smartphone-based digital
biomarkers can bridge the gap between neurophysiological mechanisms of fatigue and
clinical applications. This approach offers potential transformative benefits for both
the research and clinical practice in neurological disorders characterized by significant
fatigue symptoms.
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Figure 1. Conceptual framework showing how smartphone-based digital biomarkers bridge neuro-
physiological mechanisms of fatigue to practical clinical applications in neurological disorders.

This framework illustrates the bidirectional pathway connecting neurophysiological
mechanisms of fatigue (left) to clinical applications (right) through smartphone-based digi-
tal biomarkers (center). The left side depicts neural correlations of fatigue in frontal-striatal
circuits as identified through neuroimaging studies, while the right side shows resulting
clinical applications, including early warning systems, treatment response monitoring,
and personalized management strategies. Smartphone sensors in the center collect both
passive data (accelerometer, GPS, and device usage) and active assessments (ecological
momentary assessments, cognitive tests, and voice recordings) that serve as the critical
bridge translating mechanistic understanding into practical clinical tools. This integrated
approach addresses the longstanding translational gap between the laboratory findings
and real-world clinical management of fatigue in neurological disorders.

This perspective synthesizes the current literature on digital biomarkers and arti-
ficial intelligence applications in neurological fatigue monitoring. The literature was
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identified through comprehensive searches of major scientific databases, including
PubMed/MEDLINE, Web of Science, Scopus, and IEEE Xplore for technical contribu-
tions, supplemented by Google Scholar for gray literature. Search strategies combined
terms related to digital health technologies (digital biomarkers, smartphone, wearable,
mobile health, and mHealth) with fatigue-specific terminology (fatigue, cognitive fatigue,
and motor fatigue) and neurological conditions (multiple sclerosis, Long COVID-19, PASC,
and neurological disorders). Additional searches incorporated artificial intelligence-related
terms (artificial intelligence, machine learning, and deep learning) to capture methodolog-
ical advances. Specific searches targeted mechanistic concepts, such as frontal-striatal
metabolism, sensory attenuation, ecological momentary assessment, and digital pheno-
typing in the context of fatigue. Reference lists of key articles were examined to identify
additional relevant publications. Priority was given to peer-reviewed research articles,
systematic reviews, and clinical trials published in English, with searches updated un-
til January 2025 to ensure the inclusion of the most recent developments in this rapidly
evolving field.

2. Neurophysiological Basis of Fatigue in Neurological Disorders

Fatigue in neurological disorders represents a complex, multidimensional phe-
nomenon that extends beyond simple muscle tiredness to encompass both peripheral
and central mechanisms [11]. The distinction between peripheral fatigue (impairment
in muscle function) and central fatigue (alterations in central nervous system activation)
has been critical in advancing our understanding of this debilitating symptom [12]. In
multiple sclerosis (MS), the evidence points toward predominant central mechanisms, with
neuroimaging studies demonstrating altered activation patterns in motor networks during
fatiguing tasks [13,14].

Recent positron emission tomography (PET) studies have identified specific metabolic
signatures associated with fatigue, particularly in frontal-striatal circuits. Using ['8F]-
fluorodeoxyglucose (FDG) PET, altered glucose metabolism in the basal ganglia, thalamus,
and frontal cortex has been observed in fatigued MS patients compared to non-fatigued
controls [4,5]. Similar metabolic alterations have been identified in Long COVID-19 patients
experiencing persistent fatigue, suggesting potentially shared neurobiological mechanisms
across different neurological conditions [5,15,16].

The role of neuroinflammation in fatigue development has gained increasing attention,
with evidence suggesting that proinflammatory cytokines affect neurotransmitter systems
involved in central fatigue, particularly dopaminergic pathways connecting the basal
ganglia with prefrontal regions [17]. These inflammatory processes may disrupt brain
network dynamics, altering the efficiency of neural processing and leading to increased
perceived effort during cognitive and motor tasks [14,18,19].

Importantly, fatigue fluctuates throughout the day and varies in response to physical,
cognitive, and emotional stressors—temporal dynamics that are difficult to capture with
traditional assessments [20]. This temporal variability, combined with the subjective nature
of fatigue, presents significant challenges for clinical management and research. The
gap between our advancing mechanistic understanding and practical clinical approaches
highlights the need for novel monitoring methods that can capture fatigue in ecologically
valid settings and relate these measures to underlying neurophysiological processes [21-23].

3. Smartphone-Based Digital Biomarkers for Fatigue

Smartphones represent an ideal platform for fatigue monitoring due to their ubiq-
uity, array of embedded sensors, and computational capabilities. Figure 2 illustrates the
diverse data streams that can be collected through smartphones, encompassing both pas-
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sive monitoring (data collected without active user engagement) and active assessments
(requiring brief user interaction). Together, these complementary approaches provide a
comprehensive digital profile and multidimensional view of fatigue manifestations across

domains [7,24].
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Figure 2. Digital biomarker data streams collected through smartphones for fatigue monitoring,
including passive and active assessments.

This diagram maps the diverse data collection capabilities of smartphone-based mon-
itoring across two primary approaches: passive monitoring (top) and active assessment
(bottom). Passive monitoring encompasses physical activity tracking (step count, gait
parameters, and mobility range), device interaction patterns (typing dynamics, app usage,
and screen time), and sleep metrics (duration, fragmentation, and circadian rhythm), all
collected without user engagement. Active assessments include ecological momentary
assessments (momentary fatigue ratings and contextual factors), brief cognitive tests (pro-
cessing speed, attention, and working memory), and voice analysis (speech rate, pause
patterns, and prosodic features). Each data stream provides complementary information
about different dimensions of fatigue, with timestamps enabling a temporal correlation
between subjective experiences and objective digital markers. Together, these multimodal
data streams create a comprehensive digital profile capturing the multidimensional nature
of fatigue in neurological disorders.

3.1. Passive Monitoring Approaches

Movement and activity patterns offer significant insights into fatigue states. Ac-
celerometer and gyroscope data can quantify gait parameters, including step length, walk-
ing speed, and gait variability—all shown to correlate with fatigue severity in neurological
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disorders [25]. A study by Boukhvalova et al. [26] demonstrated that MS patients exhibited
distinct smartphone-derived physical activity patterns associated with self-reported fatigue.
GPS data further complement these measures by capturing mobility range and travel
patterns, with preliminary evidence suggesting reduced life-space mobility during fatigue
exacerbations [27,28].

Device interaction metrics provide another passive data stream sensitive to fatigue.
Changes in typing speed, error rates, and correction patterns may reflect psychomotor
slowing associated with cognitive fatigue [29]. Smartphone usage patterns, including
screen time distribution and app engagement duration, also demonstrate alterations during
fatigue episodes, potentially reflecting compensatory behaviors or reduced capacity for
sustained attention [30].

Sleep quality, a critical factor in fatigue management, can be passively monitored
through smartphone sensors. Accelerometer-based sleep detection algorithms can identify
sleep duration, fragmentation, and circadian rhythm disruptions closely linked to day-
time fatigue in neurological populations [31]. These passive measures offer continuous
monitoring without imposing additional burden on patients already experiencing fatigue.

3.2. Active Assessment Approaches

Ecological momentary assessments (EMAs) delivered via smartphone provide momen-
tary snapshots of fatigue intensity, quality, and context [20]. Brief, distributed assessments
overcome recall bias inherent in retrospective measures and capture the temporal dynamics
of fatigue fluctuations [32]. A recent study demonstrated the superior sensitivity of the
EMA-based fatigue assessment compared to traditional clinical scales in detecting treatment
effects in MS patients [33,34].

Brief cognitive assessments adapted for smartphone delivery can objectively measure
components of cognitive fatigue. Tests of processing speed, sustained attention, and
working memory show sensitivity to fatigue-related cognitive decrements in MS and Long-
COVID-19 patients [35,36]. Smartphone-based symbol digit modalities test adaptations,
for example, have demonstrated a correlation with both subjective fatigue ratings and
fMRI-detected alterations in brain activation in MS patients [37].

Voice analysis represents an emerging approach, with the preliminary evidence sug-
gesting that acoustic parameters, including speech rate, pause patterns, and prosodic
features, may serve as biomarkers of fatigue [38]. These speech alterations likely reflect
both cognitive processing changes and motor system impacts of fatigue, providing a
multidimensional marker accessible through routine smartphone use [39,40].

4. Artificial Intelligence Methods for Digital Phenotyping

The vast, multimodal data streams generated by smartphone-based monitoring ne-
cessitate sophisticated analysis approaches that can extract meaningful patterns related to
fatigue. Al methods offer powerful tools for identifying digital phenotypes of fatigue that
may not be apparent through conventional statistical approaches [8,41].

Figure 3 illustrates the Al processing pipeline that transforms raw smartphone data
into clinically meaningful insights for fatigue monitoring. This five-stage pipeline begins
with data collection from multiple smartphone sensors and assessments, followed by
essential preprocessing to handle noise and missing values. Feature extraction then converts
the cleaned data into meaningful digital biomarkers, which are subsequently analyzed
through various machine learning and Al techniques. The final stage translates these
computational outputs into actionable clinical insights that can inform patient care. A
continuous feedback loop enables the validation and refinement of the pipeline based on
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clinical outcomes, while dedicated layers for personalization and privacy/security address
critical implementation requirements.
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Figure 3. Al processing pipeline for digital biomarkers of fatigue.

This five-stage pipeline illustrates the transformation of raw smartphone data into
actionable clinical insights. Stage 1 (Data Collection) gathers multimodal inputs from
smartphone sensors and user interactions. Stage 2 (Preprocessing) handles missing values,
noise reduction, and signal normalization to ensure data quality. Stage 3 (Feature Extraction)
converts cleaned data into meaningful digital biomarkers representing fatigue-relevant
behaviors. Stage 4 (Al Analysis) applies machine learning algorithms, including supervised
classification, unsupervised clustering, and temporal pattern detection, to identify fatigue
signatures. Stage 5 (Clinical Translation) converts computational outputs into interpretable
insights for clinical decision-making. The continuous feedback loop enables ongoing
refinement based on clinical outcomes, while dedicated layers for personalization and
privacy/security address individual variability and data protection requirements. This
structured pipeline represents the technical foundation for implementing digital biomarker
systems in clinical practice.

4.1. Machine Learning Approaches for Multimodal Data Integration

Machine learning algorithms can integrate diverse data streams—movement patterns,
device interactions, sleep metrics, and active assessments—to identify comprehensive
fatigue signatures. Supervised learning approaches have demonstrated promise for classi-
fying fatigue states based on smartphone-derived features, with recent studies achieving
classification accuracies exceeding 80% in differentiating fatigued from non-fatigued states
in MS patients [8,42]. Deep learning models, particularly recurrent neural networks, show
particular utility for processing time-series data characteristics of continuous monitoring,
capturing temporal dependencies that may reflect fatigue progression [40].



Brain Sci. 2025, 15, 533

7 of 25

The integration of multimodal data with vastly different sampling rates presents
significant technical challenges. For instance, accelerometer data typically sampled at
50-100 Hz must be combined with ecological momentary assessments collected hourly
or daily, requiring sophisticated temporal alignment strategies. Early fusion approaches
address this by aggregating high-frequency sensor data into statistical features calculated
over time windows matching the lower-frequency assessments. While computationally
efficient, this approach may sacrifice fine-grained temporal information that could be
relevant for detecting subtle fatigue fluctuations.

Intermediate fusion strategies offer more flexibility in handling asynchronous data
streams by processing each modality at its native temporal resolution before integration.
For smartphone-based fatigue monitoring, accelerometer data might be processed to extract
gait parameters over sliding windows of varying lengths—shorter windows for detecting
immediate changes in movement patterns, longer windows for assessing overall activity
trends. These features are then synchronized with EMA responses using interpolation
methods or dynamic time-warping algorithms that account for irregular sampling intervals.
Recent evidence suggests that intermediate fusion strategies may best capture the complex
inter-associations between behavioral and physiological manifestations of fatigue [43—46].

Late fusion approaches maintain the temporal integrity of each data stream by training
separate models optimized for each modality’s characteristics. For example, convolu-
tional neural networks might process continuous accelerometer data to detect movement
anomalies, while natural language processing models analyze text entries from fatigue
diaries. The predictions from these specialized models are then combined using ensemble
methods, with weights adjusted based on data quality and availability at each time point.
This approach proves particularly valuable when dealing with missing data—a common
challenge in real-world smartphone monitoring, where users may inconsistently engage
with active assessments.

Missing data represent a critical challenge in multimodal smartphone monitoring,
particularly for fatigue assessment, where patient engagement may fluctuate with symptom
severity. Several strategies have been developed to address this issue across different fusion
approaches. For short gaps in high-frequency sensor data (seconds to minutes), forward-
fill or linear interpolation methods maintain temporal continuity. Longer gaps require
more sophisticated approaches: model-based imputation using Kalman filters or Gaussian
processes can estimate missing accelerometer readings based on historical patterns, while
multiple imputation techniques help quantify uncertainty in the reconstructed data. For
missing EMA responses, contextual imputation considers factors such as time of day,
recent activity patterns, and previous response patterns. Late fusion architectures show
particular robustness to missing data, as they can adaptively weight predictions based on
data availability—relying more heavily on sensor data when EMA responses are missing,
or emphasizing self-report data during periods of sensor malfunction.

Multimodal data fusion techniques address the challenge of integrating heterogeneous
data types with varying sampling rates and noise characteristics. Early, intermediate, and
late fusion approaches each offer distinct advantages, with recent evidence suggesting that
intermediate fusion strategies may best capture the complex inter-associations between be-
havioral and physiological manifestations of fatigue [46]. Our previous work on dimension
reduction techniques in neuroimaging data offers methodological insights applicable to
smartphone-derived data streams, potentially enhancing signal extraction while reducing
computational complexity [9].

Advanced temporal modeling approaches, including attention mechanisms and trans-
former architectures, show promise for handling the irregular temporal patterns inherent
in smartphone data. These methods can dynamically weight the importance of different
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time points and modalities, automatically learning which combinations of sensor data and
patient reports are most predictive of fatigue states. The application of these techniques to
fatigue monitoring remains an active area of research, with preliminary results suggesting
improved prediction accuracy compared to traditional fusion methods.

4.1.1. Synthesis of Composite Fatigue Metrics

Creating unified fatigue scores from diverse digital biomarkers requires sophisti-
cated weighting strategies that account for fatigue’s multidimensional nature. Different
biomarkers capture distinct aspects—typing errors reflect cognitive fatigue, while sleep
fragmentation indicates restorative sleep quality.

4.1.2. Weighting and Integration

Data-driven approaches use machine learning to determine optimal weights. Studies
show gradient boosting algorithms assign weights of approximately 0.28 to gait variability,
0.23 to typing accuracy, and 0.19 to sleep efficiency when predicting MS fatigue [8]. Al-
ternatively, theory-driven weighting might allocate 40% to physical biomarkers, 35% to
cognitive indicators, and 25% to sleep parameters.

Temporal integration addresses different measurement timescales. Typing errors are
calculated using 2 h moving averages, while sleep quality uses 7-day rolling averages.
Circadian adjustments account for natural daily variations—typing performance naturally
degrades in the late afternoon, requiring time-of-day normalization before integration.

4.1.3. Normalization and Adaptation

Biomarkers require standardization to comparable scales using z-scores relative
to personal baselines rather than population norms. Non-linear transformations cap-
ture threshold effects; for example, sleep fragmentation shows a minimal impact below
2-3 disruptions nightly, then exponentially increases fatigue contribution.

Adaptive weighting adjusts for data availability—when typing data are sparse during
high-fatigue periods, algorithms increase weights for passive metrics, like movement
patterns. Personalized models that learn individual-specific weightings improve prediction
accuracy by 23% compared to population-based approaches [47].

Composite scores are validated against clinical scales, with successful implemen-
tations showing correlations of r = 0.70-0.85 while demonstrating superior sensitivity
to daily fluctuations. Regular recalibration accounts for disease progression effects on
biomarker associations.

4.2. Personalized Modeling of Individual Fatigue Patterns

The highly individualized nature of fatigue manifestations necessitates personalized
modeling approaches. Transfer learning methods, which leverage pretrained models while
adapting to individual characteristics, show promise for balancing population-level insights
with personalization [47]. N-of-1 modeling approaches treat each patient as their own
reference, enabling the detection of meaningful deviations from personal baselines rather
than relying on population norms that may not reflect individual variability [48,49].

Recent advances in federated learning offer potential solutions to privacy concerns
while enabling model development across distributed datasets. This approach allows algo-
rithms to learn from multiple patients” data without centralized data storage, potentially
facilitating larger-scale model development while preserving privacy [50].

4.3. Temporal Dynamics and Progression Modeling

Fatigue in neurological disorders exhibits complex temporal patterns, including daily
fluctuations, response to activity, and longer-term progression. Time-series analysis meth-
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ods, including change-point detection algorithms, can identify critical transitions in fatigue
states that may warrant intervention [51]. State-space modeling approaches can character-
ize the dynamic association between contributing factors (e.g., sleep quality and physical
activity) and fatigue manifestations, potentially enabling the predictive modeling of fatigue
trajectories [52,53].

4.4. Explainable Al for Clinical Interpretation

For clinical adoption, Al models must provide interpretable insights rather than
functioning as “black boxes”. Explainable Al approaches, including feature importance
ranking, partial dependence plots, and attention mechanisms, can identify which digital
biomarkers contribute most significantly to fatigue predictions, potentially informing
mechanistic understanding and intervention targets [54,55]. Recent developments in causal
inference methods offer promising approaches for distinguishing predictive from causal
factors, a critical distinction for intervention development [56].

5. Validation Framework: Connecting Digital Signals to Neural Mechanisms

The translation of smartphone-derived digital biomarkers into clinically meaningful
tools requires rigorous validation against established measures of fatigue and, ideally,
underlying neural mechanisms. This validation process presents unique challenges but is
essential for establishing the scientific foundation of digital fatigue monitoring.

Validating smartphone-derived digital biomarkers against established measures of
fatigue requires a multimodal approach that encompasses neurophysiological, clinical,
performance-based, and experiential perspectives. Figure 4 illustrates this comprehensive
validation framework, highlighting the complementary domains against which digital
biomarkers can be validated to establish their scientific foundation and clinical utility.
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Figure 4. Validation framework for digital biomarkers of fatigue. Multimodal validation framework
connecting smartphone-derived digital biomarkers to established measures of fatigue across four
complementary domains.
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This comprehensive validation framework connects smartphone-derived digital
biomarkers (center) to four complementary validation domains: neuroimaging markers,
clinical assessments, performance measures, and patient-reported experience. Correla-
tion strengths between digital biomarkers and traditional measures vary across domains,
with the strongest associations observed for neuroimaging markers (r = 0.72 [39]) and
clinical assessments (r = 0.68 [29]), followed by performance measures (r = 0.65 [57]) and
patient-reported experiences (r = 0.59 [20]). These differences highlight the importance
of multimodal validation that triangulates across objective and subjective measures to
establish the scientific foundation of digital biomarkers. The framework demonstrates how
digital measures can be validated against gold-standard assessments across multiple levels
of analysis, from neural mechanisms to subjective experience, enabling comprehensive
validation that addresses the multidimensional nature of fatigue.

5.1. Correlating Digital Biomarkers with Neuroimaging Findings

A critical validation step involves establishing associations between digital biomarkers
and neuroimaging markers of fatigue. Recent work by Zhai et al. [56] demonstrated signifi-
cant correlations (r = 0.72, p < 0.001) between smartphone-derived physical activity metrics
and regional cerebral glucose metabolism in frontal-striatal circuits in MS patients. This
builds upon foundational studies showing altered metabolism in these regions correlates
with subjective fatigue ratings [4,5].

For robust statistical validation, both within-subject and between-subject analyses
should be employed. Within-subject correlations between temporal fluctuations in digi-
tal biomarkers and repeated neuroimaging measures provide the strongest evidence for
mechanistic relationships [58]. Minimum sample sizes in the range of 40-60 participants
are recommended based on power analyses for detecting medium-to-large effect sizes in
digital biomarker validation studies [59].

Complementary to metabolic imaging, functional connectivity analyses offer addi-
tional validation pathways. Alterations in resting-state networks involving the basal
ganglia, thalamus, and prefrontal regions have been linked to fatigue severity [13], pro-
viding targets for digital biomarker correlation studies. Soleimani et al. [60] demonstrated
how connectivity patterns can be linked to behavioral metrics in establishing “closed-loop”
validation frameworks applicable to digital monitoring.

Mechanistic Pathways Linking Digital Biomarkers to Frontal-Striatal Metabolism

The association between smartphone-derived digital biomarkers and frontal-striatal
metabolic alterations involves multiple interconnected pathways, though direct causal
relationships remain to be fully established. Current evidence suggests several plausible
mechanistic connections that warrant further investigation.

Frontal-striatal circuits, particularly those involving the prefrontal cortex, basal gan-
glia, and thalamus, play crucial roles in motor planning, executive function, and effort-
based decision making [17]. PET studies have demonstrated hypometabolism in these
regions correlates with fatigue severity in both MS and Long-COVID-19 patients [4,5].
This metabolic dysfunction may manifest behaviorally through patterns detectable by
smartphone sensors. For instance, reduced glucose metabolism in the prefrontal cortex
has been associated with impaired executive function and increased cognitive effort [18],
which may translate to measurable changes in digital biomarkers, such as decreased typing
speed, increased error rates, and altered app usage patterns captured through smartphone
interactions [30].

Movement-related digital biomarkers may reflect striatal dysfunction through several
mechanisms. The basal ganglia’s role in motor control and movement initiation suggests
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that metabolic alterations in these structures can manifest as changes in gait parameters,
movement smoothness, and activity levels measured by smartphone accelerometers [61].
Studies have shown that MS patients with frontal-striatal hypometabolism exhibit re-
duced stride length and increased gait variability [56], parameters readily captured by
smartphone sensors. The temporal correlation between metabolic changes and altered
movement patterns supports this mechanistic link, though longitudinal studies are needed
to establish causality.

Sleep and circadian rhythm disruptions detected through smartphone usage patterns
may reflect dysfunction in frontal-striatal circuits that regulate arousal and sleep-wake
cycles [62]. The prefrontal cortex and basal ganglia participate in sleep regulation, and
metabolic alterations in these regions have been associated with sleep fragmentation and
altered circadian rhythms. Smartphone-derived metrics of sleep quality and circadian
patterns may thus serve as indirect markers of frontal-striatal metabolic dysfunction.

The sensory attenuation model of fatigue proposes that disrupted predictive process-
ing in frontal-striatal circuits leads to increased perceived effort [14]. This disruption may
manifest as measurable changes in response times, movement initiation delays, and altered
patterns of voluntary behavior captured through smartphone sensors. The correlation
between reaction time measures and frontal-striatal metabolism suggests this pathway
may link neural dysfunction to digital biomarkers.

However, several important limitations must be acknowledged. First, as Dobryakova
et al. [18] note, the relationship between digital biomarkers and neural metabolism is likely
bidirectional rather than purely causal. Behavioral changes detected by smartphones may
both reflect and contribute to metabolic alterations through activity-dependent mechanisms.
Second, individual variability in brain structure, compensatory mechanisms, and baseline
behavior patterns may modulate these relationships differently across patients [47]. Third,
the current evidence primarily demonstrates correlations rather than causal relationships,
as most studies have been cross-sectional rather than longitudinal [59].

Future research should prioritize longitudinal studies combining repeated PET imag-
ing with continuous smartphone monitoring to establish temporal relationships between
metabolic changes and digital biomarker evolution. Intervention studies that modify
frontal-striatal metabolism through pharmacological or neuromodulation approaches
while monitoring digital biomarkers can help establish causal pathways. Additionally, com-
putational modeling approaches that integrate neuroimaging data with digital biomarker
patterns may provide insights into the complex, multidirectional relationships between
brain metabolism and behavior [9].

5.2. Establishing Ground Truth Through Multimodal Validation

Given the subjective nature of fatigue, multimodal validation approaches are essential.
Our framework incorporates four complementary domains:

1.  Neuroimaging markers: Beyond correlation analysis, machine learning approaches
can identify which digital features best predict neuroimaging patterns, with recursive
feature elimination techniques determining minimal feature sets needed for robust
predictions [9].

2. Clinical assessments: Digital metrics should be validated against established clinical
measures, including the Modified Fatigue Impact Scale and Fatigue Severity Scale,
with statistical approaches accounting for the ordinal nature of these scales [63]. Pre-
liminary validation studies show moderate-to-strong correlations (r = 0.68) between
digital metrics and clinical scales [8].
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3.  Performance measures: Objective performance-based measures of fatigability pro-
vide complementary validation targets. Digital metrics should predict performance
decrements in standardized cognitive and motor tasks, with validation studies demon-
strating correlations of r = 0.65 between smartphone-derived features and laboratory
measures of motor fatigability [57].

4.  Patient-reported experience: Ecological momentary assessments provide critical
ground truths for algorithm development, with correlations between passive sensor
data and momentary fatigue ratings (r = 0.59) establishing ecological validity [20].

Statistical frameworks for multimodal validation should employ structural equa-
tion modeling to characterize the relationships among digital biomarkers and validation
measures across domains, allowing for the testing of hypothesized causal pathways [8,64].

5.3. Methodological Considerations and Validation Study Designs
A three-phase validation pipeline is proposed:

1.  Discovery phase: Cross-sectional studies (n = 100+) correlating digital features with
established measures to identify promising biomarkers.

2. Validation phase: Longitudinal studies (6-12 months) assessing stability, sensitivity to
change, and predictive value of digital biomarkers identified in phase 1.

3. Implementation phase: Pragmatic trials evaluating the utility of digital biomarkers in
clinical decision-making and patient self-management.

Statistical validation should characterize psychometric properties, including test—
retest reliability (ICC > 0.80 recommended), minimal clinically important differences, and
sensitivity to interventions [65].

Addressing Attrition Bias

Attrition bias poses a particular challenge in fatigue monitoring, as severely fatigued
patients are more likely to disengage precisely when their data are most valuable. Several
strategies can mitigate this issue.

Adaptive monitoring protocols can automatically reduce assessment frequency during
high-fatigue periods while maintaining passive data collection. This approach improved
retention by 40% among severely fatigued participants [30]. Additionally, missing data
patterns themselves may serve as digital biomarkers—periods of reduced app engagement
often precede fatigue exacerbations by 24-48 h [8].

Statistical approaches should employ joint modeling techniques that simultaneously
analyze longitudinal outcomes and dropout patterns, treating missingness as potentially
informative rather than random. Multiple imputation methods specifically designed for
non-random dropout help maintain validity. Sensitivity analyses comparing different
missing data approaches should be standard practice.

Retention strategies specific to fatigue include flexible reminder systems adapted to cir-
cadian patterns, simplified interfaces during high-fatigue periods, and micro-incentives for
minimal engagement. Studies should anticipate 30-40% attrition in severely fatigued sub-
groups and power accordingly. Run-in periods can identify participants requiring modified
protocols, while interim analyses enable real-time adjustments to improve retention.

Statistical validation should characterize psychometric properties, including test—
retest reliability (ICC > 0.80 recommended), minimal clinically important differences, and
sensitivity to interventions [45], while explicitly accounting for missing data patterns.
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5.4. Challenges in Bridging Subjective Experience, Digital Signals, and Neural Substrate

The multidimensional nature of fatigue presents significant validation challenges.
Digital biomarkers may capture different aspects of fatigue (physical, cognitive, and moti-
vational) than those reflected in subjective reports or neuroimaging findings [66].

Individual variability in fatigue manifestations further complicates validation efforts.
Personalized approaches that establish within-subject correlations between digital signals
and other fatigue measures may be more informative than group-level analyses alone [47].
A mixed-methods approach incorporating qualitative patient insights can enhance in-
terpretation of digital signals and ensure they reflect meaningful aspects of the fatigue
experience [7].

The implementation of these validation approaches presents a path forward for estab-
lishing digital biomarkers as scientifically rigorous, clinically meaningful tools for fatigue
monitoring in neurological disorders. Future validation studies should prioritize diverse
patient populations, real-world settings, and longitudinal designs to maximize generaliz-
ability and clinical utility.

While establishing robust validation frameworks is essential for scientific credibility,
the ultimate value of digital biomarkers lies in their practical clinical applications that can
transform fatigue assessment and management in neurological disorders.

6. Clinical Applications and Future Directions

The integration of smartphone-based digital biomarkers and Al into clinical practice
offers transformative potential for fatigue management in neurological disorders. Beyond
measurement, these approaches enable novel intervention strategies and enhanced clinical
trial designs.

Figure 5 illustrates a future implementation model for digital fatigue monitoring
in clinical practice, outlining the integrated architecture necessary for translating digital
biomarkers into improved patient care. This three-layer model depicts the patient interface
where data collection and intervention delivery occur, the data processing layer where com-
putational and analytical operations take place, and the clinical interface where healthcare
providers access insights to inform treatment decisions. The bidirectional feedback loops
emphasize how clinical insights can continuously inform personalized patient management,
creating a learning healthcare system that evolves based on real-world outcomes. Such an
implementation framework addresses key considerations regarding data security, clinical
workflow integration, and personalized intervention delivery that must be considered for
successful clinical adoption.

This three-layer architecture illustrates the infrastructure required for translating digi-
tal biomarkers into improved patient care. The top layer (Patient Interface) encompasses
data collection through smartphone sensors and intervention delivery via personalized
notifications and educational content. The middle layer (Data Processing) handles com-
putational tasks, including Al analysis, personalized modeling, and predictive analytics,
using secured cloud infrastructure with privacy-preserving techniques. The bottom layer
(Clinical Interface) provides healthcare professionals with visualization tools, clinical deci-
sion support, and integration with electronic health records. Bidirectional feedback loops
between layers enable continuous system improvement, with patient insights informing
clinical decisions and clinical expertise enhancing patient-facing tools. This implementa-
tion model addresses key requirements for successful clinical adoption, including data
security protocols, workflow integration pathways, and personalized intervention delivery
mechanisms that adapt to individual patient needs and preferences.
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Figure 5. Future implementation model for digital fatigue monitoring, showing patient interface,
data processing layer, and clinical interface with bidirectional information flow.

6.1. Early Warning Systems for Fatigue Episodes

Digital biomarkers analyzed through machine learning algorithms can potentially de-
tect subtle behavioral changes preceding subjective fatigue awareness. These early warning
systems could alert patients to impending fatigue exacerbations, enabling proactive imple-
mentation of management strategies before significant functional impairment occurs [8,64].
The predictive capacity of digital biomarkers has been demonstrated in preliminary work
by Boukhvalova et al. [26], where smartphone-derived activity patterns predicted subjective
fatigue ratings up to 24 h in advance with moderate accuracy (AUC = 0.74) in MS patients.

Machine learning techniques, including recurrent neural networks, have shown par-
ticular utility for processing the time-series data characteristic of continuous monitoring,
capturing temporal dependencies that may reflect fatigue progression with prediction accu-
racies exceeding 80% in classification tasks [8]. Accelerometer-derived features, including
changes in gait parameters, physical activity levels, and mobility patterns, demonstrate
particular promise as early indicators of fatigue exacerbations [56].

The development of personalized threshold algorithms that account for individual
baseline patterns and fatigue manifestations represents a critical advancement over one-
size-fits-all approaches [47]. These systems can be integrated with just-in-time adaptive
interventions (JITAls) that deliver tailored management strategies at optimal moments,
potentially interrupting the fatigue cycle before full manifestation [39,67]. A recent pilot
study by Bove et al. [68] demonstrated the feasibility of this approach, with 87% of MS
patients successfully engaging with smartphone-delivered fatigue management prompts
triggered by digital biomarker data.

6.2. Objective Measurement of Treatment Response

The lack of objective fatigue measures has hampered clinical trials of fatigue interven-
tions, with many studies relying exclusively on subjective reports that may be influenced by
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recall bias and placebo effects [69]. Smartphone-derived digital biomarkers offer potential
endpoints that could complement subjective measures, potentially increasing sensitivity to
treatment effects [70].

In a landmark study, Bove et al. [68] demonstrated the utility of smartphone-based
monitoring for detecting treatment effects in MS, with digital measures showing higher
sensitivity to change compared to traditional clinical scales (effect size: d = 0.74 vs. d = 0.51).
This enhanced sensitivity could enable smaller sample sizes for clinical trials, accelerating
the evaluation and implementation of promising interventions [71].

Digital measures may be particularly valuable for evaluating non-pharmacological
interventions, including energy conservation strategies, cognitive behavioral therapy, and
neuromodulation approaches. Recent work on transcranial direct-current stimulation
(tDCS) for Long-COVID-19 fatigue highlights the need for objective outcome measures
that can capture treatment-induced changes in fatigability and functional capacity beyond
subjective ratings [72].

6.3. Personalized Fatigue Management Strategies

The rich data generated through smartphone monitoring enable the identification of
individual-specific fatigue triggers and effective management strategies. Pattern recog-
nition algorithms can identify associations between contextual factors (e.g., sleep quality,
activity levels, and environmental conditions) and subsequent fatigue, informing per-
sonalized recommendations [68]. This approach represents a shift from generic fatigue
management advice to data-driven, precision strategies tailored to individual patterns [21].

N-of-1 trial designs, which treat each patient as their own reference, offer method-
ologically rigorous approaches for identifying personalized fatigue management strate-
gies [47]. This approach has been successfully implemented in MS fatigue management,
with smartphone-collected data revealing individual-specific associations between modifi-
able factors and fatigue that were not apparent in group-level analyses [20].

Digital phenotyping may also facilitate the identification of patient subgroups that
respond differentially to interventions, potentially guiding treatment selection. Prelim-
inary evidence suggests distinct digital signatures may exist across fatigue phenotypes
in MS and Long-COVID-19 patients, potentially reflecting different underlying mech-
anisms that may require tailored management approaches [2]. Clustering analyses of
smartphone-derived features have identified at least three distinct fatigue phenotypes in
MS, characterized by different patterns of physical activity, cognitive performance, and
sleep quality, with preliminary evidence suggesting differential responses to pharmacologi-
cal and non-pharmacological interventions [8].

6.4. Optimized Clinical Trial Design Using Digital Endpoints

Digital biomarkers offer several advantages for clinical trials targeting fatigue, includ-
ing continuous remote monitoring, reduced participant burden, and potentially increased
sensitivity to change [73]. The ability to capture real-world functioning rather than ar-
tificial laboratory performance represents a significant advancement toward ecological
validity [74].

Adaptive trial designs utilizing digital biomarkers as intermediate endpoints could
enable a more efficient evaluation of fatigue interventions. Early signals of efficacy detected
through digital monitoring might permit the acceleration of promising treatments while
rapidly identifying ineffective approaches [71]. The Platform for Engagement in Educa-
tion and Research (PEER) consortium has demonstrated the feasibility of this approach,
implementing smartphone-based outcome measures across multiple independent trials of
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fatigue interventions in MS, facilitating meta-analyses and subgroup comparisons that are
not possible with traditional trial designs [74].

Furthermore, digital biomarkers may eventually serve as surrogate endpoints if robust
correlations with clinically meaningful outcomes can be established through longitudinal
validation studies [59]. The regulatory pathway for qualification of digital biomarkers
as surrogate endpoints has been outlined by the U.S. Food and Drug Administration’s
Medical Device Development Tools (MDDT) program, with preliminary guidance for
fatigue-related digital measures in neurological disorders [75].

Digital endpoints also facilitate remote decentralized trials, expanding accessibility to
underrepresented populations who may face barriers to participation in traditional site-
based studies. This approach has demonstrated success in MS research, with remote digital
assessment enabling participation of patients with mobility limitations, those in rural areas,
and individuals with caregiving responsibilities who would otherwise be excluded from
traditional trials [73].

As these clinical applications move from research to implementation, emphasis must
be placed on ensuring equitable access, integrating with the existing clinical workflows, and
maintaining the human dimensions of care that remain essential to effective fatigue man-
agement in neurological disorders. The convergence of digital biomarkers, Al analysis, and
patient-centered implementation models offers unprecedented opportunities to transform
both the assessment and management of this challenging and prevalent symptom.

7. Ethical and Implementation Considerations

The implementation of smartphone-based fatigue monitoring systems raises important
ethical considerations and practical challenges that must be addressed for the responsible
development and deployment of these technologies.

7.1. Privacy and Data Security

Continuous smartphone monitoring generates sensitive data that require robust pro-
tection. The intimacy of behavioral patterns detectable through smartphones—including
movement, sleep, and device usage—necessitates stringent privacy safeguards [76]. The
European General Data Protection Regulation (GDPR) and similar frameworks establish
principles, including data minimization, purpose limitation, and transparency, which
should guide digital biomarker development [77].

The current neurological digital phenotyping studies have implemented various
privacy-preserving approaches with mixed success. The mPower Parkinson’s study
processes on-device data, transmitting only aggregated features rather than raw sensor
data [78]. The FLOODLIGHT MS platform uses federated learning to train models across
patient devices without centralizing data, achieving a comparable performance to central-
ized training [79].

However, differential privacy poses specific challenges for small neurological cohorts.
Studies show that standard privacy parameters (¢ = 1.0) reduce gait biomarker sensitivity
by 15-20% in MS cohorts under 100 patients [80]. This creates a fundamental tension:
stronger privacy guarantees compromise the ability to detect subtle disease progression in
rare conditions.

Alternative approaches for small cohorts include adaptive privacy budgets that apply
less noise to clinically critical features, and secure multi-party computation enabling collab-
orative analysis without data sharing. The MS PATHS network successfully demonstrated
the latter approach across multiple clinical sites [81]. Local differential privacy, where noise
is added on-device, offers stronger guarantees but studies suggest that for cohorts under
50 patients, the required noise levels can obscure clinically relevant fatigue patterns [8].
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Implementing privacy-by-design principles can address many concerns, with technical
approaches including differential privacy, federated learning, and on-device processing
reducing privacy risks while preserving utility [82]. These approaches may be particularly
important for neurological populations who may have heightened vulnerability and a
reduced capacity to understand complex data policies [83].

7.2. Digital Equity and Accessibility

Digital monitoring approaches risk exacerbating health disparities if not designed
with equity considerations in mind. Smartphone ownership and digital literacy vary
across socioeconomic, demographic, and geographic groups [84]. A systematic review by
Tarricone et al. found that digital health interventions often underrepresent older adults,
racial/ethnic minorities, and those with a lower socioeconomic status—groups that may
already experience disparities in neurological care [85].

The additional cognitive burden imposed by digital tools may present particular chal-
lenges for patients experiencing fatigue and cognitive dysfunction. User interface design
must prioritize accessibility, with adjustable features accommodating visual, motor, and cog-
nitive limitations common in neurological disorders [86]. Hybrid approaches incorporating
both digital and traditional monitoring may best serve diverse patient populations [87].

7.3. Regulatory Pathways and Clinical Adoption Barriers

Regulatory frameworks for digital biomarkers are still evolving, creating uncertainty
for developers. The U.S. Food and Drug Administration’s Digital Health Software Pre-
certification Program offers a potential pathway for software as medical device (SaMD)
clearance, though validation requirements remain challenging for digital biomarkers [88].
The European Medical Device Regulation similarly presents evolving requirements for
digital health technologies [89].

Clinical adoption faces additional barriers beyond regulatory approval, including inte-
gration with electronic health records, reimbursement mechanisms, and clinical workflow
disruption [90]. The lack of standardization across digital measures further complicates
interpretation and clinical decision-making [76]. Addressing these barriers requires collab-
orative efforts among the researchers, developers, regulators, clinicians, and patients to
establish standards and implementation frameworks [91].

7.4. Patient Perspectives and Engagement

Patient engagement throughout development and implementation is essential for
creating acceptable and effective monitoring systems. Concerns regarding surveillance,
burden, and benefit must be addressed through transparent communication and shared
decision-making [92]. The preliminary research suggests generally positive attitudes
toward digital monitoring among neurological patients, particularly when clear benefits
for self-management and clinical care are articulated [93].

Participatory design approaches involving patients as co-developers rather than sub-
jects can enhance both ethical practice and technological effectiveness [94]. Such approaches
ensure that monitoring systems address priorities meaningful to patients rather than focus-
ing exclusively on clinician or researcher preferences [7].

7.5. Clinical Feasibility and Implementation Challenges

While the potential of smartphone-based digital biomarkers is promising, several
limitations and controversies regarding their medical feasibility require critical examina-
tion. A fundamental question remains whether big data collected from smartphones and
wearables can meaningfully influence clinical decision-making for individual patients
beyond research applications.
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The evidence for direct clinical impact on disability outcomes remains limited. In
Parkinson’s disease, despite the extensive research on digital biomarkers, including the
large-scale mPower study with over 15,000 participants [78], the translation to improved
disability outcomes has been challenging. The mobile Parkinson Disease Score (mPDS)
demonstrated strong correlations with standard clinical measures (r = 0.81-0.88, p < 0.001)
and could detect intraday symptom fluctuations [95], yet the ability to prevent disease
progression or reduce disability through smartphone monitoring alone has not been defini-
tively established. A pilot study introducing smartphones into a phase 3 clinical trial
achieved only a 37% enrollment rate, highlighting practical implementation challenges [96].

For multiple sclerosis fatigue monitoring, similar challenges exist. While digital
biomarkers from smartphones can correlate with disability measures, like the Expanded
Disability Status Scale (EDSS) (r = 0.56-0.65, p < 0.001) [97,98], the clinical utility for
individual patient management remains uncertain. Key limitations include:

1.  Individual variability: Despite high group-level correlations, individual patient trajec-
tories show substantial variability. The Floodlight study revealed that while digital
biomarkers could distinguish between disability levels, predicting individual disease
progression remained challenging [79]. The heterogeneity of fatigue manifestations
means that population-based algorithms may not adequately capture individual
patient experiences.

2. Actionable insights gap: While smartphones can collect extensive data on fatigue
patterns, translating these metrics into actionable clinical interventions remains prob-
lematic. Newland et al. [99] found that although continuous monitoring detected
fatigue fluctuations in MS patients, clinicians lacked clear guidelines on how to inter-
pret and respond to digital biomarker data in real-time clinical practice.

3. Clinical outcome disconnects: Current evidence primarily demonstrates correlations
between digital biomarkers and traditional clinical measures rather than causal rela-
tionships with disability outcomes. A systematic review by Block et al. [8] found that
while digital monitoring could track symptoms, the evidence for improved disability
outcomes through smartphone-guided interventions was lacking.

The Parkinson’s disease field offers instructive examples. Despite FDA clearance
of several digital monitoring tools, their integration into routine clinical care remains
limited. The PDDB DREAM Challenge, which benchmarked crowdsourced methods for
processing sensor data, achieved high accuracy for symptom detection (AUROC = 0.87) but
acknowledged that “the primary barrier to incorporation of digital biomarkers in clinical
settings is the high bar for validation” [100].

For MS fatigue, the challenge is compounded by the subjective nature of the symptom.
Scholz et al. [101] noted that digital biomarkers capture different dimensions of function
than patient-reported outcomes, creating uncertainty about clinical significance. The
MSCopilot study showed that while digital measures correlated with EDSS scores, their
ability to guide treatment decisions for individual patients remained unclear [80].

Furthermore, the “big data paradox” emerges while large datasets enable sophisti-
cated pattern recognition, applying these insights to individual clinical decisions remains
challenging. The averaging effects inherent in machine learning models may obscure
important individual variations that guide clinical management [102].

These limitations do not negate the potential value of digital biomarkers but highlight
the need for realistic expectations and continued research focusing on clinical utility rather
than technical feasibility alone. Future studies should prioritize demonstrating improved
patient outcomes, reduced disability progression, and enhanced quality of life through
digital biomarker-guided interventions.
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8. Conclusions and Future Research Roadmap

The integration of smartphone-based digital biomarkers with Al analysis approaches
represents a transformative opportunity for fatigue assessment in neurological disorders.
While significant progress has been made, translating these advances into clinical practice
requires specific, coordinated efforts across multiple domains.

8.1. Neuroimaging Validation Protocols

Future validation studies should implement standardized multimodal imaging proto-
cols that directly link digital biomarker fluctuations with neural substrate changes. An opti-
mal approach would involve 18-month longitudinal studies combining quarterly ['8F]-FDG
PET scans with continuous smartphone monitoring, specifically targeting frontal-striatal
metabolism measurements synchronized with digital gait parameters. These imaging
sessions should be performed 2-3 h post-medication to capture peak therapeutic effects,
with sample size calculations suggesting 60 participants per group to detect 15% metabolic
changes correlated with digital biomarkers at adequate statistical power.

Complementing these metabolic studies, real-time fMRI protocols should be devel-
oped, where participants perform standardized smartphone typing tasks during brain
imaging. This innovative approach enables a direct correlation between BOLD signal
changes in motor and cognitive networks and real-time digital performance metrics, partic-
ularly targeting the dorsolateral prefrontal cortex, supplementary motor area, and basal
ganglia structures known to be involved in fatigue processing [103]. The establishment
of a comprehensive multimodal validation framework should include structural MRI,
resting-state fMRI, DTI, and PET imaging performed within 48 h of standardized digital
assessments, with all data organized according to Brain Imaging Data Structure standards
to facilitate open access sharing and collaborative validation efforts.

8.2. Requlatory Qualification Pathways

The path to FDA and EMA qualifications of digital fatigue biomarkers requires a
systematic navigation of regulatory frameworks. Initial steps should involve submitting a
Letter of Intent to the FDA’s Biomarker Qualification Program, specifically defining fatigue
monitoring in MS and Long-COVID-19 patients as the primary context of use, proposing
composite digital scores as monitoring biomarkers, and positioning these measures as
secondary endpoints in phase 2/3 trials. The qualification plan must include rigorous
analytical validation demonstrating test-retest reliability exceeding an ICC of 0.85, known-
groups validity, and responsiveness to change [59].

Clinical validation requires correlation studies with established measures, including
EDSS, FSS, and MFIS in cohorts of at least 500 patients, supported by meta-analyses of the
existing evidence and standardized data collection protocols. The regulatory science toolkit
should include the development of Clinical Outcome Assessment qualification packages
for patient-reported components, carefully aligned with FDA’s four-domain framework
encompassing concept of interest, context of use, endpoints, and clinical interpretation.
This comprehensive approach anticipates a 24-month qualification timeline with clearly
defined interim milestones and decision points.

8.3. Technical Implementation Standards

Industry-wide standardization of digital fatigue monitoring requires establishment
of minimum technical specifications ensuring data quality and comparability across plat-
forms. Accelerometer sampling must maintain rates of at least 50 Hz for accurate gait
analysis, while GPS tracking at 1 Hz provides sufficient spatial resolution for mobility
assessment. Screen interaction timestamps require sub-100 ms precision to detect subtle
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changes in typing dynamics indicative of cognitive fatigue. Data quality metrics should
maintain signal-to-noise ratios exceeding 20 dB with less than 5% daily missing data, while
battery optimization protocols must limit consumption to 15% of daily capacity to ensure
user compliance.

The development of standardized feature extraction libraries represents a critical
technical priority, requiring open source implementation of validated algorithms for core
gait features, including stride length, variability, and asymmetry calculations. Typing
metrics must capture inter-keystroke intervals and correction patterns using standardized
preprocessing pipelines, while sleep parameters require the consistent calculation of ef-
ficiency metrics, fragmentation indices, and circadian stability measures. These libraries
should support cross-platform deployment with feature parity between iOS and Android
implementations maintained within 10% tolerance [8].

8.4. Clinical Integration and Precision Medicine

The integration of digital biomarkers into clinical trials demands innovative ap-
proaches, including adaptive trial designs using real-time digital measures for response-
adaptive randomization. Pre-specified algorithms should guide dose adjustments based on
continuous fatigue monitoring, potentially reducing sample sizes by 30% while improving
detection of treatment effects. Digital twin development using computational models
can predict individual fatigue trajectories, with Bayesian updating refining predictions as
digital data accumulates over 6-month validation periods.

Precision medicine implementation requires the development of phenotype-specific
algorithms using unsupervised clustering to identify distinct digital fatigue subtypes,
each associated with tailored intervention strategies. Closed-loop intervention systems
should trigger specific responses based on predefined thresholds: gait variability increases
exceeding 20% might prompt mobility exercises, typing speed decreases beyond 30% could
suggest cognitive rest periods, and sleep efficiency below 70% would activate sleep hygiene
protocols. Clinical decision support tools must integrate these digital biomarkers with
existing clinical data streams, providing evidence-ranked recommendations personalized
to individual patient phenotypes.

By pursuing these concrete priorities with specific timelines and measurable outcomes,
the field can advance from promising research to clinical implementation within a 3-5-year
timeframe. Success requires unprecedented coordination among researchers, clinicians,
regulators, and technology developers, but the potential to transform fatigue management
for millions of patients with neurological disorders justifies this ambitious undertaking. The
convergence of digital health technologies, artificial intelligence, and precision medicine
approaches offers a clear path forward, provided the field maintains focus on these specific,
actionable objectives rather than abstract aspirations.
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