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Abstract

A patient’s resting heart rate returns to 72 bpm after surgery. Blood pressure normalizes.
Lab values fall within reference ranges. Three months later, they present with heart failure.
The problem is not the measurements — it is what they fail to measure. Threshold-
based clinical assessment treats recovery as return to baseline values, but a system can
recover its resting statistics while its capacity for coherent recovery — the ability to respond
to perturbation consistently, efficiently, and adaptively — has degraded. We propose a
translational framework that brings validated engineering coherence operators into biological
measurement through six operationally defined recovery signatures: baseline deviation, post-
perturbation persistence, recovery half-life, variability stabilization, episode repeatability, and
adaptive response quality. Each signature is formalized using operators from the Coherence
Engine [Thorarinson and Hensgen, 2026a], adapted to the specific characteristics of biological
data: high noise, individual variation, compensatory dynamics, and non-stationarity. We
ground the framework in experimental biophoton literature demonstrating that coherence
transitions are directly measurable in living systems [Benfatto et al., 2021, Wang et al.,
2023], and apply it to five domains — cardiac, metabolic, neurological, immune, and sleep
— with one testable prediction per domain. We describe a practical pipeline for computing
recovery signatures from consumer wearable data and publicly available PhysioNet datasets
(MIT-BIH Arrhythmia Database, CHB-MIT Scalp EEG Database). The central distinction
is between true recovery and compensation: two systems with identical resting values can
have measurably different recovery dynamics, and this difference is where early warning of
functional decline lives.

Keywords: biological coherence; recovery signatures; critical slowing down; wearable data;
heart rate variability; continuous glucose monitoring; early warning; adaptive response

1 Introduction

A patient recovers from surgery. Their resting heart rate returns to pre-operative levels within a
week. Their blood pressure normalizes. Their laboratory values fall within reference ranges. By
every conventional metric, they have recovered. Yet three months later, they present with heart
failure.

This scenario is not hypothetical. It reflects a fundamental limitation of threshold-based
clinical assessment: the assumption that return to baseline statistics constitutes recovery. A
system can return to its baseline values while its baseline dynamics have degraded. The resting
heart rate may be 72 bpm, but the beat-to-beat variability — the signature of a healthy, adaptable
autonomic nervous system [Task Force of the European Society of Cardiology and the North
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American Society of Pacing and Electrophysiology, 1996, Shaffer and Ginsberg, 2017] — may
have collapsed. The mean is the same; the coherence is not.

This loss of physiological complexity in the presence of apparently normal mean values was
first identified by Lipsitz and Goldberger [1992] and has since been documented across organ
systems [Goldberger et al., 2002, West, 2006]. Subsequent work has quantified specific aspects
of this degradation: Costa et al. [2002, 2005] demonstrated through multiscale entropy (MSE)
analysis that healthy physiological dynamics exhibit higher complexity than pathological ones at
coarse time scales; Peng et al. [1995] showed through detrended fluctuation analysis (DFA) that
healthy heart rate time series exhibit long-range correlations (α ≈ 1.0) that are destroyed by
disease; and Scheffer et al. [2009] identified critical slowing down — increasing recovery time
before a transition — as a universal early warning signal.

1.1 What This Paper Adds

These existing measures each capture one dimension of physiological degradation: MSE measures
complexity loss, DFA measures correlation structure change, and critical slowing down measures
recovery speed. Our framework makes three contributions beyond this prior work:

1. Unified operator formalism. Rather than treating complexity loss, correlation change,
and recovery slowing as separate phenomena requiring separate analyses, we formalize six
recovery signatures through a common mathematical framework — the Coherence Engine
operators [Thorarinson and Hensgen, 2026a] — enabling joint analysis and cross-domain
comparison.

2. The recovery–compensation distinction. We formalize the difference between true
recovery (all six signatures return to baseline) and compensation (output values normalize
while recovery dynamics remain degraded). Existing measures can detect degradation but
do not provide a principled criterion for distinguishing these two states.

3. Translational bridge. The Coherence Engine operators have been validated on engineered
systems where ground truth is available (turbofan degradation, industrial process drift).
We propose and motivate their adaptation to biological measurement, where the same
mathematical structure applies but the interpretation changes: a degrading engine cannot
compensate, but a degrading biological system can — and does.

1.2 Biological Grounding: Biophoton Evidence

The framework requires that coherence transitions be measurable in living systems. Recent
experimental work on biophoton emission provides direct evidence that they are. Benfatto et al.
[2021] applied Diffusion Entropy Analysis (DEA) to photon time series from germinating lentil
seeds and demonstrated anomalous scaling — a departure from the ordinary scaling index η = 0.5
— throughout the germination process. Early germination is dominated by non-ergodic crucial
events (criticality-driven intermittence), while later stages transition to fractional Brownian
motion with stationary infinite memory. This transition from critical to coherent dynamics is the
kind of biological recovery signature our framework is designed to detect. Follow-up experiments
comparing lentil and bean germination confirmed similar coherence signatures across organisms
[Benfatto et al., 2023]. Brouder and Cifra [2015] provide a comprehensive review of ultra-weak
photon emission (UPE) statistical properties, covering both quantum and classical coherence
models and establishing measurement foundations for coherence-based biological assessment.

These biophoton studies demonstrate the measurability of biological coherence transitions.
Our framework provides the operational definitions needed to turn such measurements into
clinically interpretable recovery signatures.

2



1.3 The Biological Challenge

Applying coherence operators to biology is non-trivial because biological systems differ from
engineered systems in four respects. They are noisier. They exhibit greater individual variation.
They compensate for dysfunction through redundant pathways. And they are non-stationary —
a healthy biological system should change over time in response to circadian rhythms, seasonal
variation, aging, and adaptation. Distinguishing pathological drift from healthy adaptation
requires a framework that measures not just change, but the quality of change. The allostatic
load framework of McEwen [1998] provides the physiological basis: stress mediators are protective
in the short term but damaging when the system’s capacity for recovery degrades. The concept
of allostatic overload [McEwen, 2004] formalizes the transition from adaptive to maladaptive
responses that manifests as measurable changes in recovery dynamics.

We propose biological recovery signatures as the measurable targets for coherence-based
health assessment. The framework does not replace clinical diagnosis; it provides a continuous,
quantitative layer beneath the binary thresholds of conventional assessment — a layer that
measures the system’s capacity for coherent function, not just its current output values.

1.4 Paper Organization

Section 2 defines the six recovery signatures with mathematical formulations. Section 3 formalizes
the recovery–compensation distinction. Section 4 applies the framework to five biological domains,
each with a specific testable prediction. Section 5 describes a practical wearable data pipeline.
Section 6 proposes perturbation study designs. Section 7 addresses limitations.

2 Biological Recovery Signatures

We define six recovery signatures that characterize how a biological system responds to pertur-
bation and returns to coherent function. Each signature is a continuous measure, not a binary
threshold, and each is computable from time-series data available from standard physiological
monitoring.

2.1 Baseline Deviation

Baseline deviation measures the distance between the system’s current operating point and its
historical baseline, accounting for the natural manifold of healthy variation.

Definition 1 (Baseline Deviation). For a physiological time series x(t) ∈ Rn with historical
baseline distribution p0, the baseline deviation is:

BD(t) = dFR(p0, pt) =

√∫
gij(θ) dθi dθj (1)

where dFR is the Fisher-Rao geodesic distance [Rao, 1945, Amari, 2016] between the baseline
distribution p0 and the current window distribution pt, and gij is the Fisher information metric.

The Fisher-Rao distance is preferred over simpler measures (Euclidean distance between
means, KL divergence) because it respects the geometry of the statistical manifold. A shift in
mean heart rate from 70 to 75 bpm is statistically different from a shift from 70 to 75 bpm
with doubled variance; Fisher-Rao captures both. This is the biological adaptation of the
Drift operator D(t) from the Coherence Engine [Thorarinson and Hensgen, 2026a]. Detrended
fluctuation analysis [Peng et al., 1995] provides a complementary baseline deviation measure:
deviation of scaling exponents from their baseline values is itself informative. For short or noisy
biological time series, the fractional Brownian bridge methods of Dlask et al. [2019] provide
robust Hurst exponent estimation applicable to baseline deviation computation.
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2.2 Post-Perturbation Persistence

Persistence measures how long the effects of a perturbation remain detectable in the system’s
dynamics after the perturbation ends.

Definition 2 (Post-Perturbation Persistence). After a perturbation ending at time tend, the
persistence is:

PP(tend) = min {τ : BD(tend + τ) ≤ α · BD(tend)} (2)

where α ∈ (0, 1) is a resolution threshold (typically α = 0.1, requiring 90% return toward baseline).
If the system never returns within the observation window, PP = ∞.

Increasing persistence across successive perturbation episodes is a hallmark of degrading
recovery capacity. A healthy runner’s heart rate variability returns to baseline within 2 hours of
exercise; an overtrained runner’s HRV may take 12 hours or longer. The perturbation (exercise)
is the same; the persistence has changed.

2.3 Recovery Half-Life

Recovery half-life measures the timescale on which the system returns halfway to its baseline
state — the biological analog of critical slowing down [Scheffer et al., 2009, Dakos et al., 2012,
Lenton, 2011]. The Coherence Engine defines a Windowed Recovery operator W (t) that measures
whether perturbations contract or grow over a fixed time horizon [Thorarinson and Hensgen,
2026a, Definition 3]. We adapt this for biological measurement by instead tracking the time
required to reach the half-recovery point:

Definition 3 (Recovery Half-Life). τ1/2(t) is the minimum elapsed time after perturbation onset
tpert at which the system’s distance from the estimated attractor center x∗ has decreased to half
its post-perturbation value.

In the biological context, increasing τ1/2 over successive episodes signals that the system is
approaching a critical transition — it takes progressively longer to recover because its basin of
attraction is shrinking [Scheffer et al., 2012]. This has been documented in cardiac systems, where
increasing recovery times after exercise predict subsequent cardiac events [Scheffer et al., 2009].
At the cellular level, Benfatto et al. [2019] identified crucial events — abrupt, criticality-generated
transitions — in biophoton emission from germinating seeds, showing that biological systems
spontaneously generate the self-organized temporal criticality that our recovery half-life operator
is designed to detect.

2.4 Variability Stabilization

Variability stabilization measures how quickly the system’s variability structure (not just its
mean) returns to baseline after perturbation.

Definition 4 (Variability Stabilization).

VS(t) =
∥Σ(t)− Σ0∥F

∥Σ(tpert)− Σ0∥F
(3)

where Σ(t) is the covariance matrix estimated over a window centered at t, Σ0 is the baseline
covariance, and ∥ · ∥F is the Frobenius norm.

This signature captures a subtlety that mean-based recovery measures miss. A system can
recover its mean values while its variability structure remains disturbed. In cardiac physiology, this
manifests as normal mean heart rate with reduced HRV — a well-documented predictor of adverse
outcomes [Task Force of the European Society of Cardiology and the North American Society of
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Pacing and Electrophysiology, 1996, Buchman et al., 2002]. Multiscale entropy analysis [Costa
et al., 2002, 2005] provides a rigorous framework for quantifying such variability structure across
temporal scales, demonstrating that healthy physiological dynamics exhibit higher complexity
than pathological ones at coarse time scales — precisely the kind of variability stabilization
our VS signature measures. The Bounded Distortion operator B(t) from the Coherence Engine
measures a related quantity: whether the system’s distortion (eigenvalue spread) remains within
historical bounds.

2.5 Repeatability Across Episodes

Repeatability measures whether the system responds consistently to similar perturbations across
episodes.

Definition 5 (Episode Repeatability). For K perturbation episodes with similar magnitude, the
repeatability is:

ER(t) = 1− CV
(
{τ (k)1/2}

K
k=1

)
= 1−

σ(τ1/2)

µ(τ1/2)
(4)

where CV is the coefficient of variation of recovery half-lives across episodes.

High repeatability (ER → 1) indicates a system with stable recovery dynamics. Declining
repeatability indicates that the system’s response to perturbation is becoming erratic — a
qualitatively different degradation mode from simple slowing. A heart that sometimes recovers
in 5 minutes and sometimes in 45 minutes after identical exercise bouts has lost repeatability
even if its mean recovery time is unchanged.

2.6 Adaptive Response Quality

Adaptive response quality measures whether the system improves its recovery dynamics in
response to repeated perturbations — the hallmark of healthy biological adaptation.

Definition 6 (Adaptive Response Quality).

AQ(t) = − d

dt

[
E[τ1/2(t)]

]
· 1

τ1/2(t0)
(5)

where the expectation is over recent perturbation episodes. AQ > 0 indicates the system is adapting
(recovery is speeding up); AQ = 0 indicates stasis; AQ < 0 indicates maladaptation (recovery is
slowing despite repeated exposure).

This is the signature most specific to biology. Engineered systems do not improve through
use; biological systems should. A training program that improves cardiovascular fitness produces
measurably faster recovery dynamics over weeks. A system that fails to adapt — or that
maladapts, showing worsening recovery despite continued training — has lost a fundamental
property of biological coherence. Figure 4 illustrates this divergence: over four perturbation
episodes, a healthy system shows decreasing BD peaks and improving τ1/2, while a degrading
system shows the opposite trajectory.

3 Distinguishing True Recovery from Compensation

The central insight of coherence-based biological assessment is that return to baseline statistics does
not imply recovery. Two systems can exhibit identical resting values while having fundamentally
different recovery dynamics. We formalize this distinction.
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Signature Measures Operator Healthy

Baseline deviation (BD) Distance from baseline Drift D(t) Low, stable
Post-perturbation persistence (PP) Duration of effects Memory M(t) Short, consistent
Recovery half-life (τ1/2) Recovery speed Recovery W (t) Fast, stable
Variability stabilization (VS) Covariance recovery Distortion B(t) Fast return to Σ0

Episode repeatability (ER) Cross-episode consistency Pattern P (t) High (→ 1)
Adaptive response quality (AQ) Improvement over time (Biological) Positive

Table 1: Six biological recovery signatures, their measurement targets, corresponding Coherence
Engine operators from [Thorarinson and Hensgen, 2026a], and healthy reference values.

Definition 7 (True Recovery). A system has truly recovered from a perturbation at time t if all
six recovery signatures return to within one standard deviation of their baseline values:

Recovered(t) ⇐⇒ ∀ s ∈ {BD,PP, τ1/2,VS,ER,AQ} :
|s(t)− s(t0)|

σs
≤ 1 (6)

Definition 8 (Compensation). A system is compensating if its output values have returned to
baseline but its recovery signatures have not:

Compensating(t) ⇐⇒ ∥x(t)− x∗∥ ≤ ϵ ∧ ∃ s : |s(t)− s(t0)|
σs

> 1 (7)

Consider two hearts, both resting at 72 bpm:
Heart A (recovered): After a 30-minute run, heart rate peaks at 160 bpm, then returns to

72 bpm in 8 minutes. HRV returns to baseline within 15 minutes. The recovery trajectory is
smooth, monotonic, and consistent with previous exercise episodes. All six recovery signatures
are within baseline range.

Heart B (compensating): After an identical run, heart rate also returns to 72 bpm — but it
takes 22 minutes. HRV does not return to baseline for 4 hours. The recovery trajectory shows
oscillations and overshoots. The mean endpoint is the same; the dynamics are different. BD is
elevated, τ1/2 has doubled, VS shows persistent covariance disturbance, and ER is low because
each exercise episode produces a different recovery pattern.

A threshold-based clinical system sees two identical hearts at 72 bpm. A coherence-based
system sees one recovered heart and one compensating heart (Figure 1). This is the same
distinction that the Coherence Engine detects in engines [Thorarinson and Hensgen, 2026a]: two
engines can show similar mean sensor values while one has maintained its internal coordination
and the other has lost it.

Scheffer et al. [2009] identified critical slowing down — increasing recovery time before a
transition — as a universal early warning signal. Our framework extends this observation: critical
slowing down is one of six signatures. A system can also lose coherence through decreased
repeatability (ER), persistent post-perturbation effects (PP), or failure to adapt (AQ), each
representing a different mode of recovery degradation.

Biophoton research provides supporting evidence for this multi-signature perspective. Wang
et al. [2023] demonstrated that biophotonic activity induced by glutamate is significantly reduced
and spectrally blue-shifted in both Alzheimer’s disease and vascular dementia animal models,
with these changes partially reversible through NMDAR antagonism — coherence degradation
measured at the photon level, not merely at a clinical threshold. Racine et al. [2013] showed
through Fano factor analysis and second-order correlation g(2)(0) measurements that biophoton
signals from human hands exhibit quantum characteristics, suggesting that biological coherence
may be measurable at the single-photon level. These findings support, though do not yet confirm,
the proposition that coherence degradation is a fundamental feature of biological dysfunction
detectable across measurement scales.
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Figure 1: True recovery versus compensation. Both hearts return to 72 bpm, but Heart A
recovers in 6 minutes with rapid HRV restoration, while Heart B takes 17 minutes with persistent
HRV suppression lasting over an hour. The endpoint is identical; the recovery signatures are not.
Simulated data with physiologically realistic parameters.

4 Application Domains

For each domain, we describe the perturbation protocol, recovery signature computation, data
sources, and a specific testable prediction that could be validated with existing public datasets
or standard clinical protocols.

4.1 Cardiac Recovery: Heart Rate Variability Post-Exercise

Heart rate variability (HRV) is the gold standard for autonomic nervous system assessment
[Task Force of the European Society of Cardiology and the North American Society of Pacing
and Electrophysiology, 1996, Shaffer and Ginsberg, 2017]. Post-exercise HRV recovery has been
shown to predict cardiovascular events, training adaptation, and overtraining syndrome [Halson,
2014]. The fractal scaling properties of heart rate time series, quantified by detrended fluctuation
analysis [Peng et al., 1995], provide a natural baseline against which recovery dynamics can be
measured: healthy hearts exhibit long-range correlations with a scaling exponent α ≈ 1.0, while
pathological states produce either random (α ≈ 0.5) or overly correlated (α > 1.0) dynamics
[Goldberger et al., 2002, Stanley et al., 1999].

Perturbation protocol: Standardized exercise bout (e.g., 20 minutes at 70% maximum
heart rate).
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Recovery signatures: (i) BD: Fisher-Rao distance of RR-interval distribution from resting
baseline. (ii) PP: Time until HRV spectral features return to within 10% of baseline. (iii) τ1/2:
Time for heart rate to return halfway from peak to resting. (iv) VS: Time for the HF/LF power
ratio to stabilize. (v) ER: Coefficient of variation of τ1/2 across exercise sessions over a 4-week
period. (vi) AQ: Trend in τ1/2 over the training program (should decrease with fitness gains).

Data sources: Optical PPG from Apple Watch (sampling at 1 Hz during recovery), chest-
strap heart rate monitors (sampling at beat-to-beat resolution), clinical Holter monitors. Figure 2
demonstrates the full six-operator decomposition applied to a simulated 24-hour RR-interval
series with three exercise perturbations, showing how each signature captures a different aspect
of the recovery dynamics.

Clinical relevance: Declining ER and increasing τ1/2 over a training cycle are early indicators
of overtraining syndrome, detectable before performance metrics decline or subjective fatigue is
reported [Halson, 2014]. In critical care settings, loss of HRV complexity is among the earliest
indicators of physiological decompensation [Buchman et al., 2002].

Testable prediction: In the MIT-BIH Arrhythmia Database [Moody and Mark, 2001]
(PhysioNet ID: mitdb, 48 half-hour recordings, 360 Hz), patients with documented arrhythmias
will exhibit lower episode repeatability (ER) in post-ectopic-beat recovery dynamics than normal
sinus rhythm segments from the same recordings, even when mean RR-interval statistics are
matched.

4.2 Metabolic Recovery: Glucose Response Curves

Continuous glucose monitors (CGMs) provide 5-minute resolution glucose data that captures the
full dynamics of metabolic response and recovery [Rodbard, 2016].

Perturbation protocol: Standardized meal (e.g., 75g oral glucose tolerance test) or natural
meals with estimated glycemic load.

Recovery signatures: (i) BD: Deviation of the 2-hour post-meal glucose curve from the
individual’s established response profile. (ii) PP: Time until glucose returns to within 10 mg/dL
of pre-meal baseline. (iii) τ1/2: Time from glucose peak to half-return. (iv) VS: Variability of the
recovery trajectory (smooth return vs. oscillatory “roller-coaster” pattern). (v) ER: Consistency
of response to similar meals across days. (vi) AQ: Does repeated exposure to a food improve the
glucose response? (Healthy adaptation: yes.)

Clinical relevance: Increasing PP and declining ER in glucose response curves may precede
clinical pre-diabetes diagnosis by months to years. The trajectory shape contains information
that fasting glucose and HbA1c miss.

Testable prediction: Among individuals with normal fasting glucose (<100 mg/dL) and
normal HbA1c (<5.7%), those who subsequently develop pre-diabetes within 2 years will show
measurably lower ER and longer PP in response to standardized oral glucose tolerance tests at
baseline, compared to matched individuals who remain normoglycemic.

4.3 Neurological Recovery: EEG Post-Seizure Dynamics

Post-ictal EEG dynamics contain information about seizure severity, brain recovery capacity,
and the risk of subsequent seizures.

Dataset: CHB-MIT Scalp EEG Database [Shoeb, 2010], available through PhysioNet
[Goldberger et al., 2000] (PhysioNet ID: chbmit, 24 subjects, 198 seizures, 256 Hz sampling
across 23 channels). EEG coherence and spectral analysis methods are well-established [Nunez
and Srinivasan, 2006], and evidence of broadband criticality in brain network synchronization
[Kitzbichler et al., 2009] suggests that recovery signatures should capture transitions between
critical and subcritical dynamical regimes.

Recovery signatures: (i) BD: Fisher-Rao distance of post-ictal spectral distribution from
inter-ictal baseline. (ii) PP: Duration of post-ictal suppression or abnormal spectral features.
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Figure 2: Coherence operator decomposition of a simulated 24-hour RR-interval time series with
three exercise perturbations (shaded red). All six recovery signatures are computed over 30-minute
rolling windows. BD and VS spike during exercise; PP captures persistence of perturbation
effects; τ1/2 shows progressively slower recovery across episodes; ER drops during perturbations;
AQ reflects the derivative of recovery dynamics. Simulated data with physiologically realistic
parameters (n = 86,400 samples at 1 Hz).
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(iii) τ1/2: Time for spectral coherence (measured as mean phase alignment A(t) across channels)
to return halfway to baseline. (iv) VS: Time for cross-channel correlation structure to stabilize.
(v) ER: Consistency of post-ictal recovery across seizure episodes within the same patient. (vi)
AQ: Do successive seizures produce worsening or improving recovery trajectories?

Clinical relevance: The Coherence Engine detected pre-seizure EEG desynchronization
687 seconds (∼11 minutes) before clinical onset [Thorarinson and Hensgen, 2026a]. Post-seizure
recovery signatures may predict inter-seizure interval and medication response.

Testable prediction: Within the CHB-MIT dataset, patients with shorter inter-seizure
intervals (<4 hours) will exhibit longer post-ictal τ1/2 and lower VS (slower return of cross-channel
covariance to baseline) than patients with longer inter-seizure intervals (>24 hours), consistent
with reduced recovery capacity preceding seizure recurrence.

4.4 Immune Response: Inflammatory Marker Trajectories

The immune system’s response to infection or vaccination follows a perturbation–recovery arc
that can be characterized by coherence signatures.

Perturbation protocol: Vaccination (standardized, controlled immune challenge) or tracked
infection episodes.

Recovery signatures: (i) BD: Magnitude of inflammatory response (CRP, IL-6, TNF-α)
relative to individual baseline [Pepys and Hirschfield, 2003]. (ii) PP: Duration of elevated
inflammatory markers. (iii) τ1/2: Time for inflammatory markers to return halfway to baseline.
(iv) VS: Whether inflammatory marker correlations return to baseline structure. (v) ER:
Consistency of immune response across vaccinations or infections. (vi) AQ: Does the immune
system “learn” to produce a faster, more targeted response? (This is the definition of immunological
memory.)

Data sources: Serial blood draws (research context), or proxy measures from wearables
(resting heart rate elevation as an inflammation proxy, skin temperature from Oura ring).

Testable prediction: Following influenza vaccination, individuals with positive AQ (faster
CRP normalization after dose 2 than dose 1) will show higher seroconversion titers at 28 days
than individuals with zero or negative AQ, independent of baseline antibody levels.

4.5 Sleep Architecture: Recovery After Disruption

Sleep architecture — the proportion and sequencing of sleep stages [Rechtschaffen and Kales,
1968] — is itself a recovery signature, representing the brain’s overnight recovery process.

Perturbation protocol: Sleep deprivation (one night of restricted sleep), jet lag (timezone
shift), or acute stress.

Recovery signatures: (i) BD: Deviation of sleep stage proportions from individual baseline
(REM%, deep%, light%). (ii) PP: Number of nights until sleep architecture returns to baseline.
(iii) τ1/2: Number of nights to reach halfway recovery. (iv) VS: Variability of sleep metrics across
recovery nights. (v) ER: Consistency of recovery pattern across disruption episodes. (vi) AQ:
Does repeated exposure to disruption (e.g., shift work) produce adaptation or maladaptation?

Data sources: Consumer sleep trackers (Oura, Apple Watch), clinical polysomnography,
actigraphy.

Testable prediction: After a standardized 4-hour sleep restriction night, individuals with
high ER (consistent recovery pattern across disruption episodes) will show faster restoration of
slow-wave sleep percentage on the first recovery night than individuals with low ER, even when
matched on total sleep time and subjective sleepiness scores.
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Domain Sampling Primary
Signatures Data Source

Cardiac Beat-to-beat
(1 Hz) 1/2, ER, VS PPG, ECG

Metabolic 5 min BD, PP, ER CGM

Neurological 256 Hz BD, VS, PP EEG

Immune Hours-days PP, AQ, ER Blood draws

Sleep 30 sec
epochs BD, ER, AQ PSG, Oura

(d) Domain-specific recovery assessment

Figure 3: Cross-domain recovery signature comparison. (a) Normalized recovery trajectories
show domain-specific dynamics: cardiac recovery is fastest, immune response shows a delayed
peak, and metabolic response exhibits characteristic oscillations. (b) Radar plots of signature
profiles reveal that each domain emphasizes different aspects of recovery. (c) Characteristic
timescales span four orders of magnitude. (d) Summary of domain-specific sampling requirements
and primary signatures. Simulated data based on characteristic timescales from the literature;
no experimental data are shown.

5 Wearable Data Pipeline

A practical pipeline for computing recovery signatures from consumer wearable data must address
four challenges: sampling rate limitations, missing data, individual baseline estimation, and
perturbation identification. Li et al. [2017] demonstrated that wearable biosensors can detect
clinically meaningful physiological changes using continuous multi-modal monitoring, and the
V3 validation framework [Goldsack et al., 2020] establishes standards for biometric monitoring
technologies directly applicable to recovery signature computation.

5.1 Sampling Requirements

5.2 Pipeline Architecture

The pipeline operates in five stages:

1. Baseline estimation: Compute individual baseline statistics from a 14-day baseline
period with no known perturbations. Estimate p0, Σ0, and τ

(0)
1/2 from this period. Update

baseline using exponential moving average with α = 0.01 to account for healthy drift (aging,
seasonal variation).
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Domain Device Sampling Rate Minimum Window

Cardiac HRV Apple Watch / chest strap 1 Hz / beat-to-beat 5 min (short-term HRV)
Glucose CGM (Libre, Dexcom) 1/300 Hz (5 min) 2 hr (meal response)
Sleep Oura / Apple Watch 1/30 Hz (30 sec epochs) 1 night (full architecture)
Activity Accelerometer 50 Hz (raw) / 1 min (processed) 30 min (exercise bout)
Temperature Oura / continuous 1/60 Hz (1 min) 24 hr (circadian)

Table 2: Sampling rates and minimum window durations for recovery signature computation
from consumer wearable devices.

2. Perturbation detection: Identify perturbation events automatically (exercise bouts from
heart rate and accelerometry, meals from glucose spikes, sleep disruptions from actigraphy)
or from user annotations.

3. Recovery window extraction: For each perturbation, extract the recovery window from
perturbation end to either baseline return or the next perturbation, whichever comes first.

4. Signature computation: Compute all six recovery signatures for each recovery window.
Store as a time-indexed record: (perturbation type, magnitude, BD, PP, τ1/2, VS, ER,
AQ).

5. Trend analysis: Fit trends to each signature over rolling 28-day windows. Alert when any
signature shows statistically significant degradation (two-sided t-test, p < 0.01, Bonferroni-
corrected for six comparisons).

5.3 Individual Variation and Normalization

Biological recovery signatures vary enormously between individuals. A resting heart rate of
50 bpm is healthy for an athlete and concerning for a sedentary individual. The framework
addresses this by measuring within-individual change rather than population-referenced thresholds.
Each individual serves as their own baseline, and the signatures measure deviation from that
individual’s established recovery dynamics.

This is mathematically analogous to the Coherence Engine’s use of a baseline period for each
engine [Thorarinson and Hensgen, 2026a]: the question is not “is this engine’s coherence score
high or low?” but “is this engine’s coherence score declining relative to its own baseline?”

6 Experimental Framework

We propose a framework for designing perturbation studies that directly measure biological
coherence, rather than inferring it from observational data.

6.1 Controlled Perturbation Design

A coherence-measuring perturbation study has three phases:

1. Baseline phase (14–28 days): Continuous monitoring with no deliberate perturbations.
Establish individual baselines for all six recovery signatures.

2. Perturbation phase (28–56 days): Administer standardized perturbations at regular
intervals (e.g., exercise tests every 3 days, standardized meals daily). Compute recovery
signatures after each perturbation. Monitor for trends.
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3. Intervention phase (28–56 days): Introduce an intervention (medication change, training
program modification, dietary change) and continue perturbation testing. Compare recovery
signatures pre- and post-intervention.

The key design principle is that the perturbation is the measurement instrument, not the
intervention. The perturbation reveals the system’s recovery capacity; the intervention changes
it. This is analogous to stress testing in cardiology (exercise reveals cardiac reserve) and in
engineering (load testing reveals structural capacity).

6.2 Power Analysis

Recovery signatures are inherently higher-variance than static biomarkers because they measure
dynamic processes. Power analysis for coherence studies must account for:

• Within-individual variation across perturbation episodes (ER provides a direct estimate)

• The minimum number of perturbation episodes needed to estimate τ1/2 with acceptable
precision (typically K ≥ 5 episodes)

• The effect size expected from the intervention on each signature

As a heuristic, detecting a 20% change in τ1/2 with power 0.80 and α = 0.05 requires
approximately 10 perturbation episodes per phase (baseline and intervention), given typical
within-individual CVs of 15–25% for cardiac recovery metrics.

7 Limitations

Biological coherence measurement faces challenges that do not arise in engineered systems:
Noise and confounders: Biological time series are affected by circadian rhythms, meals,

stress, sleep quality, hydration, medication timing, and dozens of other factors. Isolating the signal
of recovery dynamics from these confounders requires either controlled laboratory conditions
(limiting ecological validity) or sophisticated deconfounding methods (limiting certainty).

Individual variation: The normal range of recovery dynamics spans an order of magnitude
across individuals. Population-level benchmarks are therefore limited; the framework’s strength
is within-individual tracking, which requires a longitudinal baseline period.

Non-stationarity: Healthy biological systems change over time (aging, training adaptation,
seasonal variation). Distinguishing pathological drift from healthy non-stationarity is the funda-
mental challenge. The framework addresses this through slow baseline updating (α = 0.01), but
edge cases (rapid healthy adaptation, such as during early training) may produce false alarms.

Wearable data quality: Consumer wearable devices have lower sampling rates, more
missing data, and less accuracy than clinical instruments [Goldsack et al., 2020]. Recovery
signatures computed from wearable data will have wider confidence intervals than those from
clinical-grade monitoring. The framework is designed to be robust to this by operating on
distributional features (Fisher-Rao distance, covariance structure) rather than point estimates.

No experimental validation yet: This paper proposes and motivates a framework; it does
not validate it empirically. The recovery signatures are formalized mathematically and grounded
in existing physiological and biophoton literature, but their predictive value in each application
domain remains to be tested. The testable predictions in Section 4 are designed to enable such
validation using publicly available datasets and standard clinical protocols.

Ethical considerations: Continuous health monitoring raises concerns about data privacy,
anxiety induction (false alarms about health status), and the medicalization of everyday variation.
A coherence-based system that alerts a user to “declining recovery dynamics” must be carefully
calibrated to avoid producing harmful anxiety from clinically meaningless fluctuations.
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Figure 4: Recovery signature evolution over four perturbation episodes, comparing a healthy
system (blue) that adapts over time with a degrading system (red) that maladapts. The healthy
system shows decreasing BD peaks, shortening τ1/2, stable ER, and positive AQ. The degrading
system shows increasing BD peaks, lengthening τ1/2, declining ER, and negative AQ. Gray
shading marks perturbation periods. Simulated data.

8 Conclusion

Recovery is not return to baseline. Recovery is return to coherent function — the capacity to
respond to perturbation, return to equilibrium, and do so consistently and adaptively across
episodes. A system that returns to the same resting values but takes twice as long, does so
inconsistently, and fails to improve over time has not recovered, regardless of what its static
biomarkers say.

The six biological recovery signatures defined here — baseline deviation, post-perturbation
persistence, recovery half-life, variability stabilization, episode repeatability, and adaptive response
quality — provide a continuous, quantitative framework for assessing this capacity. Grounded in
the Coherence Engine operators [Thorarinson and Hensgen, 2026a] and adapted to biological
data, these signatures target the dimension of health that threshold-based clinical assessment
misses: the quality of the system’s dynamic response, not just its resting state.

The framework is translational in nature: it takes operators validated on engineered systems
(where ground truth failure data exist) and proposes their adaptation to biological measurement
(where the same mathematical structure applies but compensation dynamics add complexity).
The embedding coherence work of Thorarinson and Hensgen [2026b] established this principle
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in information spaces; here we propose and motivate it in physiological spaces. As De Paolis
et al. [2024] note, the fundamental question of whether biophotonic emission arises from random
radiative decay or from a coherent electromagnetic field remains unresolved. Our framework does
not require resolving this question — it measures coherence in the emitted signal regardless of
the underlying mechanism.

The practical implication, pending empirical validation of the testable predictions in Section 4,
is a new layer of health assessment: beneath the binary thresholds of clinical practice, a continuous
measurement of the system’s recovery integrity. Not “is your heart rate normal?” but “is your
heart’s capacity for coherent recovery intact?” The first question has a binary answer. The
second has a trajectory — and the trajectory is where the early warning lives.
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