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Digital physiological biomarkers predict
within-person symptom changes in
complex chronic illness

Check for updates
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Altered heart‑rate variability (HRV) and resting heart rate (HR) are common in many complex chronic
conditions.Mobile andwearable technologies nowprovide real-time, validmeasurements of HRV and
HR, advancing symptom monitoring and management. The current study integrates a 60-s morning
PPG assessment with evening symptom severity reports, yielding a high-density mobile health
dataset (n = 4244) with an average of 125 biometric observations per participant. We examined
whether within-person fluctuations in HR, HRV, and respiratory rate predicted daily changes in crash,
fatigue, and brain fog symptoms and secondarily evaluated model predictive performance. Model fit
and variance explained were highest in models that included morning biometrics in addition to prior-
day symptom reports and covariates. Within-person increases in HR and decreases in HRV in the
morning were associated with worsening symptom reports in the evening. Walk-forward cross-
validation showed a statistically significant improvement in model performance when morning
biometricswere added to prior-day symptom reports (AUC = 0.82–0.85 vs. 0.73–0.83). These findings
represent the prospective utility of mobile health tools for precision monitoring and prediction of real-
time symptom exacerbations in complex chronic illness.

Complex chronic illnesses such as Long COVID (LC) and Myalgic
Encephalomyelitis/Chronic Fatigue Syndrome (ME/CFS) can sig-
nificantly impact an individual’s quality of life1,2. The fluctuating and often
unpredictable nature of symptoms in these conditions further contributes
to this decline. For example, approximately 85% of those affected by LC
experience episodic symptoms that can rapidly fluctuate from periods of
symptom stability to severe exacerbations, resulting in significant func-
tional declines3–5. These periods of severe worsening symptoms are often
colloquially called “crashing” or “flare-ups” by those living with complex
chronic illnesses. However, biological drivers of these symptom exacer-
bations have not been fully elucidated, and often, people with complex
chronic illnesses are unable to link a change in symptoms to a particular
event. Overall, the inability of people with complex chronic illnesses to
have measurable ways to predict periods of symptom exacerbation can
lead to less effective disease management and, subsequently, reduced
quality of life5.

Recent work suggests that heart rate variability (HRV) and resting
heart rate (HR)metricsmay hold utility as potential biomarkers of complex
chronic illness symptoms, such as LC, ME/CFS, or other energy-limiting
conditions6,7. Resting HR, or the number of successive heartbeats per
minute, and HRV, the variability of R to R intervals measured linearly or in
time/frequency domains, have been identified as key metrics of overall
health in healthy cohorts8–10. Further, HRV is shown to be a strong indicator
of cardiovascular health, physiological responsiveness to stress, and auto-
nomic function9,11,12. HRV, though generally non-specific, is influenced by
multiple organ systems, including the cardiovascular, autonomic nervous,
respiratory, and immune systems, making it a robust indicator of overall
health. Given the diversity of organ systems and pathobiology implicated in
the pathogenesis of complex chronic illnesses, serial evaluation of HRV and
HRmay represent a novel approach to identifying and predicting symptom
exacerbations. For instance, it is theorized that LC involves disruption of
autonomic nervous system balance. This autonomic disruption is thought
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to result from systemic inflammation and immune activation, including the
release of pro-inflammatory cytokines that heighten sympathetic activity
and suppress parasympathetic tone13,14. Indeed, researchers have found that
individuals with LC exhibit atypical diurnal HRV patterns relative to
controls15, including reduced HRV and elevated resting HR16,17.

In laboratory environments, HRV, HR, and respiratory rate (RR) are
typically measured using electrocardiograms (ECG) and respiration belts.
These tools have been clinically validated to provided research-reliable
estimates of sympathetic (SNS) and parasympathetic nervous system (PNS)
activity, but are generally limited to controlled lab or clinical settings18–20.
Using ECG and respiration belts for managing health conditions is less
practical in real-world settings due to their cumbersomenature and reliance
on specialized equipment, making them difficult to implement. However,
recent advances in mobile technologies have enabled naturalistic and user-
friendly collection of cardiac and respiratory biomarkers of autonomic
nervous system(ANS) control via photoplethysmography (PPG) sensors on
smartphone cameras or wearable devices21,22. These advances in digital
health allow for the acquisition of self-reported daily fluctuations in
symptoms alongside biometric proxies of physiological fluctuation.

For example, biometrics and longitudinal symptom reporting have
been pivotal in predicting symptom exacerbation in people with chronic
diseases. One example is in people with chronic obstructive pulmonary
disease (COPD). Using the myCOPD app, daily self-report data used in
machine learning models could predict respiratory exacerbation in the
subsequent dayswithmoderate accuracy23. Other digital health applications
for people with COPD such as COPDPredict™ accurately predicted
respiratory exacerbations with a high degree of accuracy using both self-
report and biometric inputs24. These models have the potential to influence
early treatment of respiratory exacerbations, which is associated with
improved clinical outcomes, including exacerbation recovery time. Similar
platforms developed for cystic fibrosis have determined that the use of
simple self-reporting platforms can lead to earlier detection of respiratory
exacerbations and treatment in the form of oral antibiotics in adults25 and
pediatrics26. Finally, researchers have demonstrated that in individuals with
Type 1 Diabetes, glucose fluctuations measured with continuous glucose
monitors dynamically covary with changes in processing speed27. Similarly,
the commercially availableAccu-Chek® SmartGuidePredict apphas shown
utility in forecasting glucose levels in real time to reduce duration of
hypoglycemia and hyperglycemia28. While the pathophysiology differs
substantially, these studies raise questions about whether digital health tools
could impact the course of complex chronic illnesses.

TheVisible application is one suchmobile application that has recently
been developed that provides people with LC, ME/CFS, and other complex
chronic conditions the ability to self-monitor symptoms and potentially
relevant biometrics. The present study aims to conduct a high-level
descriptive analysis of retrospective intensive longitudinal data from the
Visible application. Using a hierarchical, stepwise multilevel modeling
approach, we examined both within-person and between-person variation
in daily biometric measures - specifically heart rate (HR), heart rate varia-
bility (HRV), and respiration rate (RR) - in relation to subsequent evening
reports of crash, fatigue, and brain fog. In addition, we conducted an
exploratory predictive modeling analysis to test whether models trained on
past data could accurately generalize to future observations for the same
individuals (within-person temporal generalization). Across these analyses,
our primary goal was to quantify the incremental predictive value that
biometric variables provide beyond that of prior-day symptom reports.

Results
Descriptive statistics
Data fromn = 4244Visible application users are presented. Table 1 presents
descriptive statistics on the Visible dataset to reflect the breadth of the data
used in the subsequent analyses. Descriptive graphics of the biometrics are
presented in Fig. 1.Of the full sample, 3514 users tracked crashes, 3915 users
tracked fatigue, and 3525 users tracked brain fog.

Multilevel model regressions
We used hierarchical model building to evaluate the incremental con-
tribution of lagged symptom reports and morning biometric indicators to
the prediction of crash, fatigue, and brain fog outcomes (see Table 2). For all
three outcomes, the inclusion of autoregressive lag terms (prior day
symptom report) on top of covariates significantly improved model fit, as
evidenced by increases in marginal R², substantial reductions in Akaike
Information Criterion (AIC), and significant chi-squared model compar-
isons (Δχ² = 27,037.98 for crash;Δχ² = 45,462.08 for fatigue;Δχ² = 74,716.15
for brain fog; all p < 0.001). Adding morning biometrics led to further
improvements in model performance across all outcomes, supporting their
added predictive value beyond covariates and autoregressive effects (Δχ² =
587.93 for crash; Δχ² = 1259.07 for fatigue; Δχ² = 402.50 for brain fog; all
p < 0.001). Full incremental model results are provided in the SI Tables 1–3.

We first used a logistic GLMER with random participant intercepts to
model how fluctuation in dailymorning biometrics predicted the likelihood
of a reported crash that evening (Fig. 2a). On the within-person level,
decreases in HRV, increases in HR, and increases in both 7-day HRVCoV,
7-day HR CoV, and 7-day breath rate CoV were significantly associated
with increased likelihood of a reported crash. On the between-person level,
lower averageHRVandhigherHRVCoVwere significantly associatedwith
crash likelihood. Additionally, individuals who identify as female or non-
binary had a higher likelihood of crashes. Therewas a statistically significant
main effect of time, such that crash reports decreased slightly over the course
of app usage. However, the odds ratio was effectively 1, indicating a negli-
gible effect size. Finally, the prior-day crash fixed effect was a strong and
significant predictor. Full MLM results for crashes are available in Table 3.

Next, we usedMLMwith randomparticipant intercepts tomodel how
daily morning biometric fluctuation predicted fatigue levels that evening
(Fig. 2b). On the within-person level, decreases in HRV, increases in HR,
and increases in 7-day HR CoV, HRV CoV, and breath rate CoV were
associated with higher fatigue that evening. On the between-person level,
higher average HR, HR CoV, and HRV CoV were significantly associated
with elevated fatigue. Additionally, individuals who identify as female or
non-binary reported higher average fatigue. There was a statistically sig-
nificantmain effect of time, such that fatigue reports decreased slightly over
the course of app usage but, again. Finally, the prior-day fatigue fixed effect
was a significant predictor. The full MLM model results for fatigue are
available in Table 4.

Table 1 | Dataset information per-user

Characteristic Per User Median (IQR)

Number of Biometric Readings Provided 125 (55, 257)

Length of Longest Consecutive Biometric
Reporting Streak (days)

20 (10, 44)

Number of Crash Episodes 15 (5, 42)

Number of Fatigue Episodes (Dichotomized) 76 (32, 171)

Number of Brain Fog Episodes (Dichotomized) 27 (6, 83)

Duration of Crash Episodes (days) 4 (2, 10)

Duration of Fatigue Episodes (days) 18 (8, 49)

Duration of Brain Fog Episodes (days) 6 (2, 19)

Days between Crash Episodes 5 (3, 11)

Days between Fatigue Episodes 1.68 (1.17, 2.78)

Days between Brain Fog Episodes 3 (1, 6)

Summary of User-Reported and Sensor-Derived Data Characteristics (per User; n = 4244). All
values are presented as median (interquartile range). “Biometric readings” refer to the number of
days on which each user contributed at least one biometric data point (e.g., heart rate, HRV, etc.).
“Episodes” for fatigue and brain fog are defined using dichotomized variables used in predictive
modeling. The longest streak is calculated based on consecutive days without missing biometric
data. Days between episodes represent the average number of days between occurrences of a
reported episode type.
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Finally, we used MLM with random participant intercepts to model
howdailymorning biometric fluctuation predicted brain fog levels reported
that evening (Fig. 2c). On the within-person level, decreases in HRV, and
increases in HR and both 7-day HR CoV and 7-day HRV CoV were sig-
nificantly associated with increased brain fog. On the between-person level,
higher average HR and average breath rate, and higher HR CoV were
significantly associatedwith increased brain fog. Therewas also a significant
main effect of time, such that brain fog reports decreased across app usage.
Individuals who identified as non-binary reported significantly higher
average brain fog. The lag-1 brain fog fixed effect was also a strong and
significant predictor. Full model results are presented in Table 5.

Predictive model performance
Given the small, statistically significant effect sizesobserved in the regression
models, we implemented an exploratory walk-forward cross-validation
(CV) approach to more thoroughly evaluate their predictive performance
and practical utility. Specifically, we used a 5-fold walk-forward CV pro-
cedure to assess within-person temporal generalization and to compare the
predictive performance of multilevel models across incremental specifica-
tions. In the walk-forward CV procedure, each participant’s data was par-
titioned chronologically, such that training always preceded testing,
allowing us to evaluate predictive accuracy on future observations from the
same individuals. We focused on two primary model types that excluded

Fig. 1 | Summary statistics and agreement between physiological measures.
a Scatterplot showing the distribution of heart rate (HR), heart rate variability
(HRV), and respiration rate (RR) values collected across participants. Higher values
are darker blue and lower values are lighter blue. b Stacked bar plot showing the
distribution of response categories for three outcomes: crash (binary), and brain fog
and fatigue (ordinal). Each bar represents the percentage of participants reporting
distinct levels of symptom severity or presence. For the Brain Fog and Fatigue,
response categories are displayed in teal (None), pale teal (Mild), pale rose (Mod-
erate), and rose (Severe). For the binary outcome (crash), responses are shown in

dark teal (No) and dark rose (Yes). c Correlation matrix heatmap among HR, HRV,
and RR values. Color scale indicates direction and strength of Pearson correlations,
with red indicating positive associations and blue indicating negative associations.
d Bland–Altman–style plot comparing within-individual average HR estimates
across devices for participants who contributed data from both the smartphone and
Polar armband. Each point represents the difference between the device-specific
mean HR values plotted against their average. The blue dashed line indicates the
mean difference (bias), and red dashed lines show ±1.96 standard deviations.
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random effects in prediction (for subject-specific random intercepts and
biometrics-only models see SI 6): (1) models including only lag-1 prior-day
symptom reports, and (2) models that additionally incorporated morning
biometric predictors. For this classification analysis, we used dichotomized
fatigue and brain fog variables alongside the crash variable as outcomes (see
SI Tables 4–5 for MLM results using dichotomized outcomes).

When only prior-day symptom predictors (i.e., lag-1 symptom
reports) were included, models achieved AUC values were 0.78 for crash,
0.73 for fatigue, and 0.83 for brain fog. When morning biometric features
were added to the prior-day symptom model, AUCs increased modestly
across all outcomes, reaching 0.81 for crash, 0.74 for fatigue, and 0.85 for
brain fog. These findings suggest that recent symptom history is a strong
predictor of next-day symptom outcomes, with morning biometric data
consistently offering incremental, and statistically significant (per DeLong’s
tests) improvements in model discrimination (See Table 6). Detection
performancevariedbyoutcomeandgenerally didnotdiffer betweenmodels
with and without biometrics (see SI 4 for full metrics). For crash and brain
fog, F1 scores were moderately higher for the prior-day symptom-only
models and specificity was slightly higher for biometrics + prior-day
symptom models. For fatigue, F1 score and specificity was equivalent for
across both models. See SI Fig. 1 and SI Tables 9–12 for full classification
metrics.

Discussion
This study analyzed a large (n = 4244), longitudinal, high-frequency dataset
of with LC, ME/CFS, or other energy-limiting chronic conditions. Partici-
pants provided 60-second morning biometric readings and self-reported
evening symptom severity levels over time. Our findings revealed within-
person level associations between morning biometric fluctuations and
evening symptom reports, with model AUCs ranging from 73 to 85,
depending on the inclusion of individual intercepts and previous-day
symptomdata. These results underscore thepotential for improving care for
individuals with complex chronic conditions through the targeted devel-
opment of personalized, evidence-based remote physiological and beha-
vioral monitoring systems.

Across all outcomes, within-person predictors of symptom changes
were the strongest. We calculated daily fluctuations from baseline averages
for morning heart rate variability (HRV), heart rate (HR), and respiration
rate (RR), along with weekly changes in stability (CoV) for each biometric.

RR was less predictive, contributing minimally to symptom prediction.
Daily HRV and HR changes, along with 7-day biometric stability, emerged
as key predictors, with higherHRVand lowerHR associatedwith decreased
risk of crashes, fatigue, and brain fog. These findings are in line with past
research that has found that individuals with chronic illness, including LC
and ME/CFS, show alterations in HRV and HR compared with normative
populations18,29–33. More short-term variability in HRV and HR was linked
to a higher probability of experiencing worsening symptoms, suggesting
that fluctuations in cardiovascular dynamics over several days may desta-
bilize daily symptom patterns. These results suggest that short-term fluc-
tuations inHRVandHRdynamics, not just one-timemetrics, are crucial for
predicting symptom exacerbations. Furthermore, the intraclass correlation
coefficients (ICCs) reported for each model ranged from 0.30 to 0.41,
indicating a moderate degree of within-person variability. This level of
variability is consistent with expectations for chronic conditions char-
acterized by episodic or fluctuating symptomatology, and it supports the
validity ofmodeling individual-level temporal changes in symptomseverity.

To a lesser extent than within-person predictors, between-person
baseline biometric patterns also demonstrated predictive value for symptom
outcomes. Among these, the most consistent predictor was long-term
variability inmorningHR, where individuals withmore stablemorningHR
patterns experienced fewer symptomsonaverage, including crashes, fatigue,
and brain fog. Thisfindingmay reflect the role ofHR stability as amarker of
overall physiological resilience for people with complex chronic illnesses34,
where greater consistency in autonomic functioning reduces vulnerability to
stressors that can trigger symptoms. Lower average morning HRV scores
were linked to an increased likelihood of crashes but not fatigue or brain fog,
suggesting that while HRV may be critical for predicting periods of acute
stress (such as crashes), its influence onmore chronic symptoms like fatigue
and brain fogmay be less pronounced. Conversely, higher averagemorning
HR was associated with increased fatigue and brain fog, indicating that
sustained elevations inHR could be a sign of prolonged physiological stress,
contributing to chronic symptom experiences. Interestingly, individuals
who identified as female or non-binary reported higher levels of fatigue,
which could possibly reflect hormonal fluctuations related to themenstrual
cycle35–37.

In our exploratory predictivemodeling analysis, we found that models
combining morning biometric features from 60-second PPG assessments
with prior-day symptom reports achieved AUC values of 0.74–0.85, which
were significantly higher than those from models with prior-day symptom
reports alone. This pattern underscores the strong predictive value of self-
report data and the autocorrelative nature of symptom flare-ups, while also
demonstrating that biometrics can provide incremental, statistically sig-
nificant gains in predictive accuracy. However, the magnitude of
improvement in overall AUCwasmodest. Prediction performance patterns
varied across outcomes andwere not uniformly enhanced by the addition of
biometrics. F1 scores - the harmonicmean of recall and precision - for crash
and brain fog were higher when using lag-only predictors, but sensitivity,
which reflects the proportion of true symptom onsets correctly identified
(and is inversely related to the false negative rate), was better when bio-
metrics were included. For fatigue, detection scores did not significantly
differ or benefit from the inclusion of biometrics. Thus, while the MLM
models and AUC values in the predictive models showed superior perfor-
mance when biometrics were included, the balance between correctly
detecting onsets and avoiding false alarms, as reflected in the F1 score, did
not improve with biometrics. This aligns with prior literature showing
mixed results when using wearable-derived biometric data for symptom
detection or health monitoring, where performance often varies depending
on PPG recording variability, sensor quality, and individual differences
(Roos and Slavich, 2023).

Although overallmodel discriminationwas good, themodels’ ability to
accurately detect symptomatic days was more limited. Detection perfor-
mance was poor when models relied solely on biometric features without
accounting for individual baselines, underscoring the need for personalized
when using biometrics for real-world symptom prediction38,39.

Table 2 | Model statistics for predictors of crash, fatigue, and
brain fog

MLM Model Comparison

Model Marginal
R²

Conditional
R²

AIC Δχ² p

Crash

1. Covariates 0.003 0.571 259471.6 NA NA

2. + Lag 0.110 0.463 232435.6 27037.98 <0.001

3.+Biometrics 0.129 0.467 231871.7 587.93 <0.001

Fatigue

1. Covariates 0.005 0.463 853929.5 NA NA

2. + Lag 0.127 0.395 808469.4 45462.08 <0.001

3.+Biometrics 0.155 0.404 807234.4 1259.07 <0.001

Brain Fog

1. Covariates 0.003 0.594 727133.8 NA NA

2. + Lag 0.249 0.528 652419.6 74716.15 <0.001

3.+Biometrics 0.279 0.538 652041.1 402.50 <0.001

Hierarchical multilevel model results showing marginal and conditional R² values (variance
explained), AIC values (model fit), and χ² statistics with p-values from likelihood ratio tests. Step 1
includes covariates only. Step 2 adds the prior-day symptom report (lag) variable. Step 3 adds
biometric variables on top of covariates and lagged symptoms.
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Incorporating random effects improved detection performance across all
outcomes, further supporting the use of individualized models that capture
baseline symptom variation. False detection of symptomatic days was low
for crash and fatigue, and relatively low for brain fog, suggesting models
were generally specific, even when sensitivity was suboptimal. However, an
important caveat in interpreting these findings is the presence of class
imbalance, as non-symptomatic days were more prevalent in the dataset.
This imbalance may have constrained model learning and impacted sen-
sitivity in detecting symptom onset40.

Mechanistic inferences are difficult given the uncontrolled nature of
the dataset and the multisystem nature of illnesses such as LC andME/CFS
but exploring potential mechanisms behind the observed associations
between low HRV, high HR, and symptom crashes remains important.
HRV and HR are commonly recognized as proxy measures of autonomic
nervous system function: increased SNS activity raises HR and reduces
HRV, while PNS activity lowers HR and increases HRV41. One plausible
mechanism involves the vagus nerve, which plays a key role in regulating
inflammation andmodulating central nervous system responses42. Ameta-

analysis found a consistent negative relationship betweenHRVandmarkers
of inflammation43, thought to be mediated through the cholinergic anti-
inflammatory pathway44.

Chronic inflammation is interrelated with the autonomic nervous
system via this same cholinergic pathway and has been shown to decrease
HRV and elevate resting HR43,45,46. In conditions such as LC and ME/CFS,
persistent pathogens, reactivation of latent viruses, onset of autoimmunity,
dysregulation of cortisol and other hormones, mitochondrial dysfunction
and endothelial dysfunction have all been reported and can all lead to
chronic pro-inflammatory responses with the potential to cause significant
daily fluctuations in HR and HRV47–51. An important open question is the
extent to which these autonomic signals can be disentangled from other
concurrent physiological stressors, such as acute illness or infection, that
may independently perturb HR and HRV. The potential for these
mechanisms tonotonly cause chronic activationof inflammatorypathways,
but also daily fluctuations in these activations could indeed explain how
subsequent fluctuations in HRV and HR could be used to predict the
emergence of crashes and other debilitating symptoms. Further research

Fig. 2 | Predictors of symptom severity across multilevel models. Forest plots
showing standardized effect estimates frommultilevel regression models predicting
three outcomes: A Standardized odds ratios for crash; B Standardized beta coeffi-
cients for fatigue severity; C Standardized beta coefficients for brain fog severity.
Each point represents the effect size estimate with 95% confidence intervals. Pre-
dictors are categorized as: (1) Within-person (WP): person-mean centered values
representing daily fluctuations around an individual’s average (i.e., within-subject
change); (2) Between-person (BP): grand-mean centered values representing each

participant’s overall average biometrics relative to the sample; (3) Covariates:
demographic and contextual predictors (e.g., age, gender, device type). Variables
include daily and 7-day coefficients of variation (CoV) forHR,HRV, and breath rate.
SensorModality is coded as 1 for smartphone PPG sensor and 0 for Polar PPG. Pink
circles indicate statistically significant predictors (CIs exclude 0); black circles
indicate non-significance. Abbreviations: HR heart rate, HRV heart rate variability,
WPwithin-person, BP between-person, CoV coefficient of variation,NBnon-binary
gender identity, F female.
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aimed at clarifying how these biological pathways interact over time may
help refine the use of daily HRV and HR monitoring strategies to better
manage symptom burden in conditions such as LC and ME/CFS.

This study has several notable limitations, whichoffer valuable insights
for future research directions. Due to the retrospective study design, limited
information was collected on demographics, making the generalizability of
the findings uncertain. Future studies should aim to gather more detailed
demographic information to assess the applicability of findings across dif-
ferent populations. Similarly, participants in this study reported that they
met the WHO criteria for LC, but there were no standardized criteria for
reportingME/CFS. Additionally, this study included individuals with other
energy-limiting conditions, which introduces variability and challenges in
defining the sample population. This led us to refer to the dataset as
representing individuals with complex chronic illnesses rather than a spe-
cific condition.

Participants measured biometrics using either smartphone cameras or
armbands, which could introduce inconsistencies. Biometric indicators
were derived from daily 60-s PPG assessments taken in themorning.While
short heart-rate measurements via smartphone PPG recordings have been

found reliable52–54, future researchusing continuousday-longbiometric data
collectionmethods is likely needed to optimize the validity and reliability of
physiological readings and thus potentially improve predictive model per-
formance. Factors like time of day, temperature, skin tone, device type,
software version, and recording length may have affected data accuracy.
Participants were instructed to take measurements upon waking and while
at rest, but the study’s uncontrolled, real-world nature introduces potential
variability. Although we assume compliance with these instructions, we
cannot verify that all measurements were taken under true resting condi-
tions, which may influence the interpretation of our findings. Along these
lines, PPG-derived HR and HRV estimates may be less accurate than
research-grade ECG or respiration belt measurements. Future work should
further evaluate the validity and reliability of these biometric features
compared to gold-standard physiological monitoring methods. Addition-
ally, users who opted to use a dedicated wearable device rather than
smartphone-based measurements may differ systematically in symptom
burden or monitoring behavior, introducing potential selection bias.
Although sensor modality was included as a covariate and analyses
emphasized within-person changes, future studies should more directly

Table 3 | Autoregressive logistic MLMmodel predicting Crash

Crash

Predictors Odds
Ratios

std.
Beta

Standardized CI p

(Intercept) 30.26 50.24 6.04–417.77 0.006

HR (WP) 1.01 1.07 1.06–1.08 <0.001

HRV (WP) 0.99 0.94 0.93–0.95 <0.001

BreathRate (WP) 1.00 1.00 0.99–1.01 0.468

7 Day HR
CoV (WP)

2.75 1.03 1.02–1.04 <0.001

7 Day HRV
CoV (WP)

2.07 1.03 1.02–1.04 <0.001

7 Day BreathRate
CoV (WP)

1.23 1.01 1.00–1.03 0.009

HR (BP) 1.00 1.04 0.97–1.11 0.286

HRV (BP) 0.98 0.87 0.81–0.94 <0.001

BreathRate (BP) 0.99 0.98 0.92–1.04 0.514

HR CoV (BP) 1135.64 1.20 1.13–1.27 <0.001

HRV CoV (BP) 11.12 1.09 1.02–1.17 0.013

BreathRate
CoV (BP)

0.83 0.99 0.93–1.05 0.766

Crash Prior Day 6.43 2.24 2.21–2.26 <0.001

Observation Date 1.00 1.00 1.00–1.00 <0.001

Number of Obs 1.00 0.97 0.92–1.02 0.224

Age 1.00 0.98 0.92–1.05 0.584

Gender (M) 1.26 1.10 1.04–1.17 0.001

Sensor Modality 2.23 1.01 1.00–1.02 0.186

Random effects

σ2 3.29

τ00 user_id_pk 2.09

ICC 0.39

N user_id_pk 3295

Observations 325,656

Marginal R2 /
Conditional R2

0.129/0.467

Final generalized multilevel model regression results for the crash outcome, reporting point
estimates (odds ratios) alongside standardized effect sizes. WP = within-person; BP = between-
person. Sensor modality is coded as 1 for smartphone PPG sensor and 0 for Polar PPG sensor.

Table 4 | Autoregressive MLM model predicting Fatigue

Fatigue

Predictors Estimates std.
Beta

Standardized CI p

(Intercept) 0.64 0.13 −0.26–0.51 0.003

HR (WP) 0.00 0.02 0.02–0.02 <0.001

HRV (WP) −0.00 −0.02 −0.02 to -0.02 <0.001

BreathRate (WP) −0.00 −0.00 −0.00–0.00 0.491

7 Day HR
CoV (WP)

0.31 0.01 0.01–0.01 <0.001

7 Day HRV
CoV (WP)

0.12 0.01 0.00–0.01 <0.001

7 Day BreathRate
CoV (WP)

0.04 0.00 0.00–0.01 0.003

HR (BP) 0.01 0.05 0.03–0.07 <0.001

HRV (BP) −0.00 −0.02 −0.03–0.00 0.096

BreathRate (BP) 0.01 0.02 0.00–0.04 0.011

HR CoV (BP) 1.39 0.05 0.03–0.06 <0.001

HRV CoV (BP) 0.86 0.04 0.02–0.06 <0.001

BreathRate
CoV (BP)

0.10 0.01 −0.01–0.02 0.457

Fatigue Prior Day 0.31 0.31 0.31–0.31 <0.001

Observation Date −0.00 −0.00 −0.00–0.00 0.536

Number of Obs 0.00 0.01 −0.00–0.03 0.140

Age 0.00 0.01 −0.01–0.02 0.512

Gender (M) 0.07 0.04 0.02–0.05 <0.001

Sensor Modality 0.02 0.00 −0.00–0.00 0.893

Random effects

σ2 0.33

τ00 user_id_pk 0.14

ICC 0.29

N user_id_pk 3767

Observations 459,609

Marginal R2 /
Conditional R2

0.155/0.404

Final multilevel model regression results for the fatigue outcome, reporting point estimates
alongside standardized effect sizes. Sensormodality is coded as 1 for smartphonePPG sensor and
0 for Polar PPG sensor.
WP within-person, BP between-person.
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assess how device choice influences predictive performance and general-
izability. Similarly, future work is needed to employ alternative sensor
methods to better differentiate between fluctuations in specific symptoms.
Incorporating additional signals, such as sleep patterns, temperature
monitoring, and activity levels contextualized by individual baselines, may

enhance the precision and specificity of symptom prediction. Despite these
limitations, this study is the first to leverage data-driven, large-scale
assessments of common symptoms among individuals with complex
chronic illnesses.

Leveraging a natural intensive longitudinal data design from mobile
health technologies, this study highlighted the potential of daily biometric
monitoring to predict symptom fluctuations in individuals with complex
chronic conditions.Within-person deviations in daily HRV andHR from a
person’s baseline and changes in their biometricweekly stabilitywere robust
predictors of crash, fatigue, andbrain fog.While thesemodels demonstrated
promising predictive performance among existing users, further work is
needed to enhance applicability to new populations. These findings suggest
that digital health tools may support real-time symptom tracking and
prediction, though further validation in prospective samples is needed to
confirm generalizability.

Methods
No personal identifiable information was collected from this dataset. Thus,
the dataset was determined to be exempt from human subject research by
the Mount Sinai Program for the Protection of Human Subjects. However,
all data presented here was derived from individuals who consented to
provide their data for research purposes on the Visible application.

Participants
People aged ≥18 years with self-identified complex chronic illnesses such as
LC, ME/CFS, or people experiencing other causes of energy limitation who
were using the Visible application and opted to share their data anon-
ymously were eligible for inclusion. Participants ranged in age from 13 to
83 years (M = 46.3, SD = 12.4). The gender distribution was 80% female,
14% male, and 6% non-binary. Visible is a commercially available appli-
cation that can be downloaded from major smartphone app stores,
including both iOS and Android platforms. People self-identifying with LC
were asked to confirm that they met the World Health Organization
(WHO) definition of LC. Participants were included if they provided a
minimum 14 biometric readings (see Fig. 3). Data used in this analysis was
collected between August 2022 and April 2024.

Biometrics
Resting heart rate (HR), heart rate variability (HRV), and respiration rate
(RR) were measured using 60-s daily photoplethysmography (PPG)
assessments collected in themorning.HRVfollows a circadian rhythm,with
higher parasympathetic tone and greater stability in the morning, making
morningmeasurements particularly sensitive to physiologicallymeaningful
deviations (Shaffer and Ginsberg, 2017).

In the unpaid version of the Visible application, users provided PPG
readings using their smartphone camera. Camera-based PPG detects
changes in blood volume in the skin by capturing light reflected from the
fingertip placed over the camera lens. Thesemeasurements were processed
by Spren, a commercial digital health company, which applies proprietary
algorithms to derive HR, HRV, and RR from the camera-based optical
signal. Raw PPG signals, intermediate image data, and signal-processing

Table 5 | Autoregressive MLM model predicting Brain Fog

Brain Fog

Predictors Estimates std.
Beta

Standardized CI p

(Intercept) 1.04 1.04 0.69–1.39 <0.001

HR (WP) 0.00 0.01 0.01–0.01 <0.001

HRV (WP) −0.00 −0.01 −0.01 to −0.00 <0.001

BreathRate (WP) 0.00 0.00 −0.00–0.00 0.081

7 Day HR
CoV (WP)

0.11 0.00 0.00–0.01 <0.001

7 Day HRV
CoV (WP)

0.07 0.00 0.00–0.01 0.002

7 Day BreathRate
CoV (WP)

0.00 0.00 −0.00–0.00 0.917

HR (BP) 0.00 0.04 0.02–0.06 <0.001

HRV (BP) −0.00 −0.02 −0.03–0.00 0.103

BreathRate (BP) 0.02 0.02 0.01–0.04 0.005

HR CoV (BP) 2.04 0.06 0.04–0.08 <0.001

HRV CoV (BP) 0.52 0.02 0.00–0.04 0.032

BreathRate
CoV (BP)

0.09 0.00 −0.01–0.02 0.555

Brain Fog
Prior Day

0.41 0.41 0.41–0.42 <0.001

Observation Date −0.00 −0.00 −0.00 to −0.00 <0.001

Number of Obs 0.00 0.01 −0.01–0.02 0.452

Age −0.00 −0.00 −0.02–0.01 0.609

Gender (M) 0.05 0.02 0.01–0.04 0.003

Sensor Modality 0.04 0.00 −0.00–0.00 0.726

Random effects

σ2 0.29

τ00 user_id_pk 0.16

ICC 0.36

N user_id_pk 3379

Observations 402858

Marginal R2 /
Conditional R2

0.279/0.538

Final multilevel model regression results for the brain fog outcome, reporting point estimates
alongside standardized effect sizes. Sensormodality is coded as 1 for smartphonePPG sensor and
0 for Polar PPG sensor.
WP within-person, BP between-person.

Table 6 | Mean ROC-AUC for crash, fatigue, and brain fog using walk-forward CV

Mean ROC-AUC (Fixed Effects Only)

Outcome Prior Day Symptom Only Biometrics + Prior Day Symptom Model Comparison with DeLong’s Significance Test ([test statistic range], p-value
maximum)

Crash 0.78 0.81 [12.9–14.6]; p < 0.0001

Fatigue 0.73 0.75 [14.2–18.6]; p < 0.0001

Brain Fog 0.83 0.85 [12.9–15.7]; p < 0.0001

ROC-AUC scores frommodels using fixed-effect predictors only (excluding random effects) for prior-day symptom–only models and biometrics+ prior-day symptommodels. DeLong’s significance test
was used to assess whether including biometrics resulted in a statistically significant improvement in model accuracy.
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parameters were not accessible to the study team. Participants using the
subscription version of the Visible application had the option to measure
HR and HRV using a Polar Verity Sense™ armband (Polar Electro, Inc.,
Kempele, Finland), a PPG-based optical heart rate sensor worn on the
upper arm. The device was positioned with the sensor placed on the inner
side of the armband to ensure firm skin contact. HR andHRV values from
the Polar device were generated using Polar’s proprietary optical proces-
sing algorithms, and raw PPG waveforms were not available for analysis.
For both modalities, all preprocessing, including signal extraction, artifact
handling, beat detection, and biometric computation, was performed
internally by the respective platforms. At the study level, quality control
was limited to excluding observations flagged as invalid by the device/
application.

Users are instructed to complete the biometric recording in the
morning, sitting or lying down and in the same position for each
recording.HRV scorewas derived from calculating the rootmean square
of successive differences between heartbeats and scaling the score to
receive an interpretable value between 0 and 100. Resting HR was cal-
culated by measuring the number of heartbeats per minute. RR is cal-
culated by detecting changes in heart rate related to breathing, where the
heart rate increases during inhalation and decreases during exhalation.
By leveraging these heart rate variations, the respiration rate is esti-
mated. Additionally, the coefficient of variation (CoV) of an individual’s
biometric values over the previous seven days to assess physiological
stability and variability.

To preserve the temporal integrity of the time series, we did not
interpolate, impute, or otherwise stitch together non-consecutive days of
biometric or symptom data. To ensure data quality, we applied adherence
criteria for variables incorporating 7-day calculations, excluding rolling
7-day periods with more than two days of missing data. This approach
preserved data integrity while maximizing the inclusion of usable data
across participants.

Symptom outcomes
Participants self-select which symptoms to track when creating an account
with Visible and can enable additional symptoms at any time during app
usage. Each evening, users receive a prompt to report their symptoms for
that day (See Fig. 4).

A crash was defined within the app as periods of time when an indi-
vidual’s illness is significantly worse. The following explanation was pro-
vided to users: “Crashes usually occur as a part of post-exertional symptom
exacerbation and affect your ability to carry out your usual activities.
They normally last a few days. People use different words to describe
these, such as flare-ups”. Each evening, users are prompted to
respond with either a “✓” or an “X” to the item labeled “Crash”
under the question “What else happened today?” This prompt allows
users to indicate whether they experienced a crash that day. Check-
marks were coded as 1 and Xs were coded as 0.

Each evening, users were prompted to log the severity of fatigue
symptoms on a 0 to 3 scale (0 = no impairment; 1 = mild; 2 = moderate;
3 = severe). For the purposes of predictive classification, fatigue was
dichotomized such that scores of 0 to 1 (no to mild symptoms) were
coded as “0,” and scores of 2 to 3 (moderate to severe symptoms) coded
as “1.” This dichotomization reflects the high prevalence of moderate
fatigue symptoms in the sample, which necessitated grouping moderate
responses with lower severity levels to ensure sufficient contrast in the
outcome variable.

Each evening, users were prompted to log the severity of brain fog.
Brain fog was self-reported by participants on a 0 to 3 scale (0 = no
impairment; 1 =mild; 2 =moderate; 3 = severe). For predictive classifica-
tion, brain fogwasdichotomizedwith scores of 0 to1 (no tomild symptoms)
coded as “0,” and scores of 2 to 3 (moderate to severe symptoms)
coded as “1.”This approachwas chosen because moderate and severe brain
fog symptoms were less common and grouping them helped balance the
distribution across the dichotomous outcome. The difference in

Fig. 3 | CONSORT diagram. A consort diagram
detailing participant flow from total users to con-
sented users, users tracking a primary outcome
symptom, and users with the minimum amount of
data required for inclusion.
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dichotomization between fatigue and brain fog reflects the distinct under-
lying distributions of symptom severity in the dataset.

Analysis
Analyses were performed in R version 4.3.055 using the lme4 package56 for
multilevel modeling and tidymodels57 for data preprocessing for predictive
modeling.

We conducted a generalized linear mixed-effects model analysis to
predict same-day associations between morning biometrics and evening
symptomreports (see equations 1 and2).Wedisaggregatedbetween-person
(across participants) and within-person (within each participant) estimates
of tonic and dynamic associations between biometrics and symptoms by
partitioning predictor variances into between-person (grand-mean cen-
tered) and within-person (person-mean centered). Between-person pre-
dictors were time-invariant, while within-person predictors were time-
varying. At the between-person level, we included all time-invariant pre-
dictors such as grand-mean biometric levels, stability scores, age, gender,
and sensor modality.

To address the central question of whether biometrics provide incre-
mental predictive value beyondprior-day symptomreports,we restructured
our MLMs to follow a hierarchical, stepwise framework. Separate models
were fit for each outcome, sequentially comparing: (1) Covariates-only
models; (2) Models adding lag-1 symptom predictors; (3) Models further
incorporating biometric features. Model comparisons were performed
using likelihood ratio tests (ANOVA), with changes in model fit evaluated
viamarginal R², AIC, and χ² statistics.Marginal R² reflects the proportion of
variance explained by fixed effects alone, whereas conditional R² reflects the
variance explained by both fixed and random effects, including between-
person differences. This stepwise approach allowed us to directly quantify
the added contribution of biometrics over and above both covariates and
lagged symptom history.

On the within-person level, we included all time-varying predictors,
including the group-mean centered morning biometric level and stability
scores, observation date, and autoregressive lag-1 symptom value of the day
prior. The lag-1 symptom variable is included in the models to control for
serial correlation effects when an individual experiences multiple days of
elevated or diminished symptomology.

Since we tested three primary outcomes (crash, fatigue, brain fog), we
applied a Bonferroni correction to control the family-wise error rate. This
yielded a corrected significance threshold of p < 0.0167. To remain even
more conservative, we primarily interpret only those results meeting the
more stringent p < 0.01 threshold.

Equation 1: Final Model (Binary generalized linear mixed effects
model):

PðYij ¼ 1Þ
1� PðYij ¼ 1Þ

 !

¼ γ00 þ u0j þ γ10 � HRij þ γ1j �HRij þ γ20 �HRVij þ γ2j �HRVij

þγ30 � RRij þ γ3j � RRij

þγ40�HR CoVijþγ4j�HR CoVijþγ50�HRV CoVijþγ5j�HRV CoVij

þγ90�RR CoVijþγ6j�RR CoVij

þγ7j�dateijþγ80�ageijþγ90�genderijþγ10j�Yi�1;jþγ110�source deviceijþεij

Equation 2: Final Model (Continuous linear mixed effects model):

Yi;j¼γ00þu0jþγ10�HRijþγ1j�HRijþγ20�HRVij

þγ2j�HRVijþγ30�RRijþγ3j�RRij

þγ40�HR CoVijþγ4j�HR CoVijþγ50�HRV CoVij

þγ5j�HRV CoVijþγ90�RR CoVijþγ6j�RR CoVij

þγ7j�dateijþγ80�ageijþγ90�genderijþγ10j�Yi�1;jþγ110�source deviceijþεij

In thismultilevelmodel,Y represents the outcome variable (e.g., crash,
fatigue, brain fog) for observation i within participant j. The group-level
intercept, denoted as γ00, represents the average outcome across all parti-
cipants when all predictors are at their average values. The term u0j is the
random intercept for participant j, capturing deviations in baseline out-
comes for each participant compared to the overall average. This accounts
for individual differences that are not explained by the fixed effects.

The model includes both within-person and between-person compo-
nents. The within-person effects are captured by the linear terms γ10 - γ110.
These terms represent the relationship between the fluctuations in each
participant’s biometrics and corresponding changes in symptom outcomes.

The between-person effects, represented by γ1j- γ10j, denote the rela-
tionships betweeneachparticipant’s overall (between-person) average levels
of time-invariant variables and their average symptom outcomes. These
terms capture how individual differences in long-term average biometric
states relate to average symptom reporting.

In addition to the morning biometric variables, the model adjusts for
other factors, including the observation date, age, gender, previous day’s
symptom reporting (Yi�1;j), and the device used to collect biometric data.
Finally, the residual error term εij accounts for unobserved variability in
symptom outcomes at the individual level that is not explained by the
model’s predictors.

Apotential concern is that, evenwith the inclusion of a lagged outcome
term representing the prior day’s symptom report to account for temporal
dependencies, repeated occurrences of symptomsmight bias ourmodel. To
address this, we conducted a sensitivity analysis that included only the first
instanceof a symptomreport, coding subsequent consecutive reports asNA.
The effects of the biometrics remained substantively unchanged. See SI
Table 6–8.

Predictive model evaluation
To evaluate within-person temporal generalization, we applied a stratified
walk-forward 5-fold cross-validation (CV) procedure. Within each

Fig. 4 | Conceptual diagram of study design.
Adults with complex chronic illnesses completed a
biometric assessment (heart rate, HR; heart rate
variability, HRV; respiratory rate, RR) each morn-
ing, followed by a self-report symptom survey in the
evening. The diagram illustrates the model struc-
ture, where morning biometric scores (e.g., HRV)
predict same-day evening symptom severity. This
approach allows for within-day analysis of the
relationship between physiological measures and
symptom changes.
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participant, observationswere ordered chronologically and divided intofive
approximately equally sized, sequential folds, ensuring that training data
always preceded validation data in time. This walk-forwardCV strategywas
stratified by participant (Table 6), such that each participant contributed
data to all training folds, enabling individualizedmodeling while preserving
independence between training and validation observations. Additional
details of the CV procedure are provided in Fig. 5. Visualization of miss-
ingness and biometric variability over time are provided in SI Figs. 2 and 3.
On average, symptomatic days per user occurred at the following rates:
26% for crash reports, 64% for fatigue, and 44% for brain fog. To reduce
class imbalance bias, we set a filter to exclude individuals who reported
less than 5% of total logged days as a crash and those who logged more
than 95% of days as fatigue. Classification was the primary objective,
so the Fatigue and Brain Fog variables were dichotomized based on
thresholds described above. Models were evaluated using ROC-AUC as the
primary performance metric, alongside F1 Scores. ROC–AUC quantifies a
model’s ability to discriminate between symptom presence and absence,
with higher values indicating better predictive performance and F1 scores
summarize a model’s ability to correctly identify symptom events by bal-
ancing precision.

Models were trained using a linearmixed-effects frameworkwith lag-1
symptom variables alone or with morning biometric feature variables
added. To evaluate the impact of individual-level variance on predictive
performance, we generated predicted probabilities from the same fitted
multilevel models in two ways: (1) excluding random effects, by setting
re.form =NA, which yields population-level predictions based solely on
fixed effects; and (2) including random effects, by specifying re.form = ~(1 |
user_id), which incorporates subject-specific random intercepts to produce
individualized predictions. Random-effects predictions are provided in SI 5
and are not shown in the main manuscript.

Finally, model performance within each fold was compared by gen-
erating 95% confidence intervals for AUC values using DeLong’s method58

with bootstrapping, implemented via the pROC package in R.

Data availability
The data analyzed in this study were originally collected for use within a
mobile application. To protect participant privacy, the data remain securely
stored and are not publicly available. De-identified data may be made
available upon reasonable request, provided that appropriate institutional
and ethical approvals are obtained.

Code availability
Data analysis was completed in R. The analysis code is available at upon
reasonable request.
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